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 A B S T R A C T

As Artificial Intelligence (AI) becomes more widespread, concerns about its environmental impact, particularly 
its energy demand, are growing. At the same time, AI is often regarded as a key driver of industrial optimisation 
and efficiency. This paper examines this tension by analysing the impact of AI adoption on regional industrial 
energy consumption in Germany between 2012 and 2023. To do so, we combine a novel web-based machine 
learning approach that identifies AI and sustainability adoption based on company websites with regional data 
on energy consumption, technological knowledge, and economic structures. Using a system GMM approach, our 
results show that regions with a higher rate of AI adoption have significantly lower levels of industrial energy 
consumption. However, this energy-saving effect has weakened over time, being more pronounced in the period 
2012–2017 than in the period 2018–2023. The energy-saving effects are also more pronounced in regions 
where a higher proportion of firms, both large and small, adopt AI. Furthermore, although interaction terms 
between AI adoption and knowledge relatedness to AI and green technologies are not statistically significant 
on average, marginal effects analysis uncovers substantial heterogeneity. The energy-reducing impact of AI 
adoption becomes stronger and statistically significant only at higher levels of relatedness to AI and green 
technologies, with effects emerging earlier for green-related knowledge bases. Our findings offer a novel 
perspective on the role of AI in promoting sustainable industrial development. They also emphasise the 
importance of capturing both the usage and creation of digital technologies within regional innovation systems.
1. Introduction

Although Artificial Intelligence (AI) has been around for more than 
60 years, it has received considerable attention in recent years and 
has emerged as a general-purpose technology with cross-industry ap-
plications (Crafts, 2021). Advances in generative AI, particularly with 
regard to Large Language Models (LLMs), and the launch of intuitive 
AI chatbots such as ChatGPT have even brought AI into the main-
stream. As a result, the technology has become an integral part of 
digitising and transforming entire industries, improving the efficiency 
of current production processes and addressing diverse challenges by 
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creating innovative solutions. Applications can be found in the man-
ufacturing and automotive industries, but also in healthcare, finance, 
and government (Ahmed et al., 2022; Alhosani and Alhashmi, 2024; 
Das et al., 2015; Javaid et al., 2022; Lee and Yoon, 2021). Policy-
makers, academics, and industry alike are recognising AI’s ability to 
drive technological and economic growth. Yet, as with many general-
purpose technologies, its rapid diffusion also generates debate about 
its broader socio-economic consequences, including potential job losses 
(Berg et al., 2018; Bloom et al., 2018; Korinek and Stiglitz, 2018), 
productivity gains and innovation potential (Czarnitzki et al., 2023; 
Grashof and Kopka, 2023).
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Nevertheless, environmental sustainability has received compara-
tively less attention in this discourse. This is surprising given AI’s 
potential to both advance and undermine sustainability goals – in 
particular with regard to energy consumption (Khakurel et al., 2018; 
Kopka and Grashof, 2022). On the one hand, AI applications can enable 
smarter energy management, support renewable energy integration, 
and contribute to more resource-efficient industrial processes (Fisher, 
2017; Li et al., 2025; Vinuesa et al., 2020). On the other hand, the 
development, hosting, and deployment of AI systems require significant 
computational resources, leading to substantial energy consumption 
and a considerable ecological footprint (Hao, 2019; Jones et al., 2018). 
As AI diffusion continues to proceed, these energy demands are ex-
pected to rise, prompting the question of whether AI is part of the 
solution or part of the environmental problem. To mitigate this tension, 
this study examines the impact of AI on regional energy consumption 
in Germany, focusing on energy consumption in the industrial sector. 
This includes the manufacture of chemical products, metal production 
and processing, coking and petroleum refining, and the production of 
paper, cardboard, glass, ceramics, and food and feed products, among 
many other applications.

To accomplish this, we create a unique database at the NUTS-3 level 
in Germany from 2012 to 2023, integrating data on the (industrial) 
energy consumption, patent data, and web-based indicators for the 
regional adoption of AI and environmental sustainability. This database 
enables us to empirically investigate the extent to which, and under 
what conditions, the use of AI reduces (industrial) energy consumption 
in different regions.

We contribute to the recently emerging stream of literature inves-
tigating the relationship between AI and energy (e.g. Gao et al., 2025; 
Guo et al., 2025; Kopka and Grashof, 2022; Li et al., 2025) in three 
crucial ways. First, we introduce a new measurement of AI adoption 
that moves beyond previously used indicators such as robot density 
(e.g. Gao et al., 2025; Zhao et al., 2024) and digital or AI patents (e.g. 
Kopka and Grashof, 2022). Although both indicators can be consid-
ered rough proxies for AI adoption, they are severely constrained. For 
example, AI patents, being a frequently used measure in this context 
(Guo et al., 2025), are characterised by temporal discrepancies between 
the advent of invention and its subsequent implementation, as well as 
the challenge of gauging the extent to which organisations are merely 
adopting a technology without developing or offering products based 
on it. In recent years, web-based approaches have been proposed for 
the analysis of numerous economic topics. The basic assumption is 
the representativeness of company websites in terms of their activi-
ties, products and profiles (Dahlke et al., 2025). As the majority of 
companies operate their own website, this enables large-scale analyses, 
which is generally not possible with traditional approaches such as 
patent analyses or surveys (Kinne and Axenbeck, 2020). Such web-
based analyses fall under the big data domain, as large amounts of 
textual data can be extracted. In the existing literature, these texts 
are then analysed using fine-tuned machine learning models. In this 
context, topics such as 3D printing (Schwierzy et al., 2026), corporate 
sustainability engagement (Kinne et al., 2024; Schmidt et al., 2022; 
Wang et al., 2023), bioeconomy-related activities (Kriesch and Lo-
sacker, 2024) and blockchain knowledge (Gschnaidtner et al., 2024) 
have been investigated. Similar to these previous studies and in line 
with Dahlke et al. (2024), we use a web-based approach to measure 
the AI adoption of German companies on a yearly basis. Second, 
since regional circumstances, such as technological differences, may 
determine whether AI has a decreasing or increasing effect on energy 
consumption (Kopka and Grashof, 2022), we also consider the techno-
logical knowledge within regions. Hence, we differentiate between AI 
creation, in terms of new technological knowledge, and usage. Third, 
the few recent empirical studies that deal with AI and energy are mainly 
concentrated on China (e.g. Gao et al., 2025; Guo et al., 2025). While 
China is certainly an interesting case, it may be unique to a certain 
extent and not generalisable to European economies. To the best of 
2 
our knowledge, we are one of the first studies that investigate the 
relationship between AI adoption and industrial energy consumption 
for such a long time period (i.e. more than a decade) in a highly 
industrialised and regionalised economy such as Germany.

Therefore, our study enhances comprehension of the impact of AI 
on regional energy consumption. It also provides policymakers with 
insights into the influence of local circumstances, such as technological 
and sustainability spillovers. By doing so, this study seeks to contribute 
to a more balanced approach between economic gains and the negative 
impact of AI deployment on the environment.

The remainder of the paper is structured as follows. Section 2 
provides the theoretical background, thereby differentiating between 
the adoption and knowledge generation perspective and deriving our 
hypotheses. Section 3 provides an overview of the data collection, our 
methodological approach, and the variables used. Section 4 presents 
and discusses the descriptive and econometric results. Section 5 offers 
conclusions including policy implications and limitations of the paper.

2. Theoretical background: AI and industrial energy consumption

The integration of AI into industrial processes can have a significant 
impact on the energy consumed by companies, potentially resulting in 
both reductions and increases in local energy consumption (Li et al., 
2025). The rather limited previous literature on the opposing directions 
of the relationship between AI and industrial energy consumption 
can be differentiated into two (interrelated) perspectives: adoption 
and knowledge. In the following, we elaborate further on these two 
perspectives.

2.1. Adoption perspective

Improved optimisation and enhanced efficiency are typically the 
first connotations of the adoption of AI in the business context, re-
sulting in reduced energy consumption. Applications such as predictive 
maintenance help companies to reduce energy-intensive downtimes 
and forecast equipment failures accordingly, thus reducing resources 
needed and ultimately also extending the lifespan of the used equip-
ment (Carvalho et al., 2019; Zhu et al., 2019). AI can also help to 
forecast energy demand by predicting and managing fluctuations (Das 
et al., 2020; Rolnick et al., 2022), which results in a more balanced grid 
that utilises renewable energy sources more effectively and diminishes 
the need for fossil fuels as emergency backup.

In contrast to the aforementioned gains in efficiency and energy 
savings, AI is also associated with increased energy consumption. Ad-
vances in machine learning, such as the introduction of large-scale 
generative AI models (e.g. ChatGPT) that require a lot of computing 
power both for model training and for application and thus have a very 
high energy demand, are increasingly replacing traditional machine 
learning methods that are energy-efficient but also limited in their 
applications to narrow and specific tasks (Lacoste et al., 2019; Strubell 
et al., 2020). As those more complex and sophisticated models become 
easily accessible to the public, costs for implementation decrease, and 
their application spectrum broadens, companies might start to replace 
their traditional machine learning models even though the capabilities 
of the pre-existing solution would have been sufficient. Therefore, these 
firms are using more computing power than necessary, which increases 
the region’s energy consumption, and potentially offsets any efficiency 
gains (Henderson et al., 2020). This effect is also referred to as ’rebound 
effects’ or ’Jevons paradox’ (Alcott, 2005; Shumskaia, 2022; York and 
McGee, 2016), an economic growth theory from a century and a half 
ago that has recently received substantial attention in the context of the 
launch of more cost- and resource-efficient AI models, such as DeepSeek 
(Greenstein, 2025). The effect is even stronger in regions where the 
additional energy demand for data centres is met by energy generated 
from fossil-based sources (Henderson et al., 2020).
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Despite these two contradictory assessments in previous literature 
about the effect of AI on energy consumption, we assume that the 
efficiency and optimisation gains through AI implementation outweigh 
the energy consumption increases. This assumption is in line with 
recent empirical findings in the context of China indicating that AI 
significantly reduces the regional energy consumption (e.g. Gao et al., 
2025; Guo et al., 2025; Li et al., 2025). Therefore, we derive the 
following hypothesis:

Hypothesis 1. The use of AI leads to a reduction in regional (industrial) 
energy consumption

While our first hypothesis suggests that AI adoption has a generally 
energy-reducing effect at the regional level, we expect this effect to 
vary in magnitude depending on firm characteristics, particularly firm 
size. To help explain these differences, we draw on two complementary 
theoretical perspectives: the Diffusion of Innovation Theory (Rogers 
et al., 2014) and the Resource-Based View (Barney, 1991). According 
to the Diffusion of Innovation Theory, introduced by Rogers in 1962 
(Rogers et al., 2014), organisations adopt innovations — in our case, AI 
— at different stages, depending on their structure, risk tolerance and 
strategic orientation. According to the Resource-Based View (Barney, 
1991), access to new technology is not the only important factor; the 
availability of internal resources and capabilities to effectively integrate 
the new technology is critical. Therefore, a firm’s performance and suc-
cess depend on how it leverages valuable, rare and inimitable resources 
in an organisationally embedded way. Large firms, on the one hand, 
have a greater institutional readiness and access to resources such as 
financial capital, IT and innovation departments, and well-established 
organisational routines. Small firms, on the other hand, are highly 
agile and flexible. They have a lean structure and low organisational 
complexity, enabling them to integrate innovations quickly despite 
their resource constraints (Frambach and Schillewaert, 2002; Zhu et al., 
2006). Both small and large firms thus tend to be early adopters of 
innovation, which can also result in disproportionately large efficiency 
gains. Unlike small and large firms, medium-sized firms tend to lack 
the resources of large firms and the agility of smaller firms. As a result, 
they may struggle to adopt emerging technologies successfully. This 
pattern is conceptually in line with the ‘‘adoption chasm’’ described by 
Moore Geoffrey (1991), as medium-sized firms often find themselves 
in a position between early, exploratory and later, more resource-rich 
adopters. Therefore, we derive the following two hypotheses: 

Hypothesis 2a.  The reduction in regional industrial energy consump-
tion through AI adoption is stronger in regions with a higher share of 
large firms adopting AI.

Hypothesis 2b.  The reduction in regional industrial energy consump-
tion through AI adoption is stronger in regions with a higher share of 
small firms adopting AI.

In addition, it is likely that regions differ in terms of their capa-
bilities of creating and adopting green technologies and innovations 
(Grashof and Basilico, 2025; Losacker et al., 2023). In particular, the 
latter perspective has largely been ignored due to data limitations, 
despite being assumed to be highly relevant for the green transition 
of regions (Fichter and Clausen, 2021; Losacker et al., 2025). In light 
of recent empirical findings showing that the adoption of green innova-
tions is crucial for the green transition, for instance in terms of reducing 
CO2 emissions (Bilgili et al., 2025; Tangato, 2024), it is likely that 
the regional heterogeneity in the adoption of these green innovations 
also moderates the relationship between AI and energy consumption. 
Consequently, we propose the following hypothesis: 

Hypothesis 3. The energy-reducing influence of using AI is more 
pronounced in regions with higher adoption of green innovations
3 
2.2. Knowledge perspective

As already indicated in the previous section, regions differ in terms 
of their knowledge structure. Similar to the research of Kopka and 
Grashof (2022), we are therefore also interested in further analysing 
the influence of the regional knowledge base on energy consumption. 
Based on the concept of relatedness (Balland et al., 2019; Hidalgo et al., 
2018), it is clear that regions differ in their ability to adopt AI or 
green technologies. The impact of relatedness on regional innovation 
and economic growth is widely discussed in the literature, where it 
is argued that geographical location plays an important role in the 
process of invention, but also in the adoption and diffusion of new 
technologies, due to regional characteristics such as tacit knowledge, 
local technological trajectories, and knowledge spillovers (Audretsch 
and Feldman, 1996; Balland et al., 2019; Frenken and Boschma, 2007; 
Howells, 2002; Kopka and Grashof, 2022; Storper, 1993). Regions are 
more likely to diversify into technologies that are related to their ex-
isting competencies than into those that are unrelated (Boschma et al., 
2015; Neffke et al., 2011). The ease with which related technologies 
are adopted also indicates that the positive effects of these technologies 
may be realised more quickly and efficiently.

Based on this argumentation, we assume that regions that are 
already more exposed to digital technologies, in our case specifically to 
AI, tend to have fewer difficulties in broadly adopting a new technology 
such as AI. In accordance with Hypothesis  1, this ultimately also leads 
to a lower energy consumption in that region. Therefore, we formulate 
the following hypothesis:

Hypothesis 4. The energy-reducing influence of using AI is more 
pronounced in regions with higher knowledge relatedness to AI tech-
nologies

In addition to the knowledge relatedness to AI technologies, we 
assume that the relatedness to green technologies is also likely to 
moderate the impact of AI on energy consumption. In line with the 
underlying relatedness concept (e.g. Balland et al., 2019), regions that 
already have a knowledge base closely related to green technologies 
are also better capable of implementing and diversifying into new envi-
ronmentally friendly technologies and industries (Grashof and Basilico, 
2025; Santoalha and Boschma, 2021). Given their knowledge and skills 
in green technologies, it is conceivable that these regions can also better 
handle the potential negative impacts of AI usage, such as high energy 
demand Kopka and Grashof (2022). This is due not only to the direct 
relatedness to green technologies itself, but also due to an easier spread 
of the adoption within the region. Examples of green technologies that 
could reduce or even offset the increased energy consumption resulting 
from greater AI usage include more efficient cooling systems for data 
centres and renewable energy sources (Böhringer et al., 2020; Jones 
et al., 2018; Vinuesa et al., 2020). Therefore, we propose the following 
hypothesis:

Hypothesis 5. The energy-reducing influence of using AI is more 
pronounced in regions with higher knowledge relatedness to green 
technologies

3. Data, variables and methodology

To analyse the proposed hypotheses, we combined three distinct 
datasets in our study and aggregated them at the NUTS-3 level in 
Germany. In particular, we used data from the statistical office in 
Germany (Destatis) on (industrial) energy consumption, patent data 
(from PATSTAT 2024), and web-based indicators (from ISTARI.AI) 
representing firm-level AI knowledge and ecological sustainability en-
gagement. Since energy data was only available for 378 NUTS-3 regions 
in Germany with some missing values, our final dataset used for our 
regressions (see Section 4.2) was a panel of 363 NUTS-3 regions (90.8% 
of all NUTS-3 regions) in Germany from 2012 to 2023. In the following, 
these three data sources and the operationalisation of the corresponding 
variables are explained in detail.
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3.1. Dependent variable

In line with previous studies (e.g. Herrerias et al., 2017; Kopka 
and Grashof, 2022), we used the industrial energy consumption in 
regions as our dependent variable based on regional data from the 
German statistical office Destatis. Since the underlying distribution of 
this variable was skewed, we followed previous studies (e.g. Kopka 
and Grashof, 2022) and used the logarithm of the industrial energy 
consumption in regions (LogEnergy). We focused on industrial energy 
consumption because companies are likely to adopt AI technologies 
and applications on a larger scale more quickly than private house-
holds (Kopka and Grashof, 2022). Moreover, in Germany the economic 
activities traditionally account for more primary energy consumption 
than private households. In 2022, all sectors of the economy together 
accounted for approximately 65%, with the manufacturing industry 
(including mining industry) alone accounting for approximately 38% 
of total primary energy consumption in Germany (Destatis, 2024).

3.2. Independent variables

3.2.1. Patent-based variables
To identify the variables for the knowledge perspective, we used 

patent data, provided by the patent database PATSTAT 2024. In a first 
step, AI patents were identified using a search string provided by the 
(World Intellectual Property Organization, 2019) that assesses the title 
and abstract of a patent based on a list of keywords. Further, the CPC 
and IPC codes of patents were used as well. The WIPO approach iden-
tifies AI patents based on the used techniques (e.g. machine learning) 
and their functional applications (e.g. robotics). An overview of other 
possible ways of identifying AI patents is given by Giczy et al. (2022). 
We used the WIPO search strategy over the proposed approach by Giczy 
et al. (2022) because of three arguments: (i) its high precision, (ii) the 
fact that their proposed strategy only encapsulates technologies that are 
‘‘techniques’’ based on the WIPO search strategy, (iii) its better align-
ment with our research case focussing on Germany, as the database 
by Giczy et al. (2022) is solely based on US office patents, while 
PATSTAT encapsulates national offices as well as the EPO (European 
Patent Office). To assess green technologies, the IPC green inventory 
(WIPO, 2021) was used, which lists IPCs that consist of ‘‘green’’ or 
‘‘eco-friendly’’ technologies. To geolocate the patents, applicant-based 
NUTS-3 region provided by PATSTAT 2024 was utilised.

To assess the relatedness of a region to AI or green technologies, the 
relatedness density was applied, following (Balland et al., 2019). For 
this, the relatedness of all technological classes on the 4-digit CPC level 
was calculated based on the co-occurrence of patent classes within a 
three-year moving window (e.g. counting the number of patents for the 
years 2016, 2017 and 2018 and assigning the total to the year 2018). 
In this instance, the relatedness function of the EconGeo R package was 
applied (Balland, 2017). The relatedness between two technologies can 
be described as the minimum conditional probability that a region has a 
comparative advantage in these two technologies at the same time. The 
comparative advantage in this case was calculated using the following 
formula, where 𝑋𝑟𝑡 is a rectangular matrix containing the number of 
patents per CPC in the region within the three-year moving window 𝑡: 

𝑅𝑇𝐴𝑟 = (
𝑋𝑟𝑡

∑

𝑡′ 𝑋𝑟𝑡′
)∕(

∑

𝑟′ 𝑋𝑟′𝑡
∑

𝑟′𝑡′ 𝑋𝑟′𝑡′
) > 1 (1)

To assess the relatedness measure on the regional and not on the tech-
nological level, we calculated the relatedness density. The relatedness 
density is described as the relatedness 𝜙 of the technology 𝑖 with all 
other technologies 𝑗 in which the region 𝑟 has a comparative advantage 
divided by the sum of the technological relatedness of the technology 
to all other technologies in the reference region. 

𝑅𝑒𝑙𝑎𝑡𝑒𝑑𝑛𝑒𝑠𝑠𝐷𝑒𝑛𝑠𝑖𝑡𝑦𝑖𝑟𝑡 =
∑

𝑗∈𝑟,𝑗≠𝑖 𝜙𝑖𝑗
∑ ∗ 100 (2)
𝑗≠𝑖 𝜙𝑖𝑗
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Since the underlying distribution of both technologies was skewed, 
we used the logarithm for the relatedness density of AI (AI RelDens_ln) 
and green (Green RelDens_ln) technologies.

3.2.2. Web-based variables
In certain instances, novel digital technologies are often only par-

tially or not at all eligible for patent protection. This is particularly true 
in the European Union, as ‘‘programs for computers’’ or software, are 
excluded from the scope of patentable inventions (see Article 52 of the 
European Patent Convention (EPC)). This makes it more difficult to use 
patents as a means of tracking the adoption and diffusion of technology, 
which is a common practice in innovation economics. A further issue 
is that not all companies elect to pursue patent protection for their 
innovations, even in instances where patenting is feasible, e.g. due to 
the lack of resources or strategic decisions, which introduces an element 
of incompleteness (Archibugi and Planta, 1996; Arundel and Kabla, 
1998; Hall et al., 2000; Shepherd and Shepherd, 2003). In addition, 
the examination of patents frequently fails to mirror the comprehensive 
state of technology adoption and diffusion as it mainly focuses on the 
identification of companies patenting their own innovations in terms 
of products based on the technology compared to companies utilis-
ing the technology. As an alternative to the shortcomings of patents, 
surveys could be employed as a methodological approach. However, 
they are also constrained by several limitations such as a small sample 
size, incomplete information, and biases, including self-selection, social 
desirability/acquiescence and ambiguity (Kinne and Axenbeck, 2020; 
Kleinknecht et al., 2002; Podsakoff et al., 2003; Squicciarini et al., 
2013).

In response to these issues, recent studies have employed web-based 
indicators and machine learning methods to study technology-related 
topics based on corporate website texts (Dahlke et al., 2025). Kinne 
and Lenz (2021) introduce a methodology to predict the degree of 
innovativeness of a company by combining website texts with an 
Artificial Neural Network (ANN)-based analysis. Their results confirm 
a high compliance with patent analyses. Dahlke et al. (2024) de-
velop a web-based indicator to measure AI adoption among firms in 
German-speaking countries by analysing website text from 1.1 million 
companies. By constructing a hyperlink network, they integrate social 
capital and network embeddedness into AI diffusion models, identifying 
three key adoption drivers: proximity to AI hubs, exposure to deep AI 
knowledge, and integration within the AI knowledge network. Pastor-
Merino et al. (2026) propose using a LLM-based approach to describe 
firm-level AI adoption for Spanish firms and then link these predictions 
to productivity data, showing that AI usage considerably strengthens 
firm performance. Using a fine-tuned deep learning model, Gschnaidt-
ner et al. (2024) examine blockchain adoption from corporate website 
texts of German firms, while Kinne et al. (2024) extend this approach 
by incorporating sustainability engagement into their analysis on US 
firms.

Following the previously mentioned studies, we identified compa-
nies that use AI, hereinafter referred to as AI adoption, by analysing 
organisational websites. The underlying assumption for this is that 
companies present their AI products and services on their websites, as 
distribution via digital channels is very widespread and often represents 
the main form of distribution (Dahlke et al., 2024; Rammer et al., 
2024). To construct our adoption measures, we first accessed texts from 
websites of 2.47 million companies based in Germany for different 
timestamps from Common Crawl, a publicly available repository for 
web data that contains the raw HTML content and metadata of billions 
of web pages from different points in time, starting in 2008 (Patel, 
2020). It has gained significant attention in the age of Large Language 
Models (LLM) as a source for training data (Baack, 2024). To identify 
a representative subset of subpages for each corporate website, we 
developed a heuristic-based selection procedure to identify 25 Uniform 
Resource Locators (URLs) per website from the Common Crawl archive 
closest to July of each year. It preferred URLs containing the ISO code
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’de’ for German and short domains, based on the assumption that top 
pages represent the most important information (Kinne and Axenbeck, 
2020).

All of the extracted texts were then classified by a deep learning 
model developed by Dahlke et al. (2024). Based on the appearance 
of at least one keyword from an extensive, multilingual keyword list, 
paragraphs, i.e. HTML tags with text content, were identified that could 
potentially be related to AI topics. The model then classified each 
of these paragraphs into either ‘deep AI knowledge’ (i.e. AI-related 
products, services, internal processes, or personnel) or ’superficial AI 
knowledge’, which is essentially an informational content category, 
meaning that the company simply provides information about AI (e.g. a 
blog article), rather than creating or using the technology itself. As 
we were solely interested in identifying the companies that create or 
use the technology, we normalised the number of ‘deep AI knowledge’ 
paragraphs over the length of the website, in order to reflect the topic’s 
relative importance to the company, i.e. create an AI intensity. By 
repeating this semantic analysis for various timestamps between 2012 
and 2023, we were able to generate a time series of AI intensity at the 
firm level. To create variables for our regression analysis, we calculated 
the average AI intensity per NUTS-3 region for each year (AI Adoption).

Based on the same texts, we also applied the model described in 
Schmidt et al. (2022), Kinne et al. (2024) and Wildnerova et al. (2024) 
to identify sustainability engagement. This model works according to 
the same technical principle as the described AI classifier, but was 
fine-tuned to a thematic focus on ecological sustainability. For our re-
gressions, we again created an aggregated indicator at the NUTS-3 level 
(Green Adoption).

3.3. Control variables

To control for potential confounders and minimise endogeneity 
issues caused by omitted variables, we additionally included eight 
control variables. In line with previous studies (e.g. Kopka and Grashof, 
2022; Li et al., 2025), we used data from Destatis to control for the 
influence of the regional economic development level, measured as 
GDP per capita (GDPpc), on industrial energy consumption. Although 
economic development levels have been widely considered in empir-
ical analyses of energy consumption, the literature has yet to reach 
a consensus on the direction of impact and causation (Narayan and 
Smyth, 2008). Furthermore, we accounted for the industrial structure of 
regions by including the share of manufacturing companies in a region 
relative to all manufacturing companies in Germany (ShareManufact). 
In addition, based on the INKAR database, we also calculated the 
regional share of large subsidiaries (with more than 250 full-time 
employees) in total subsidiaries (ShareLargefirms), which considers the 
firm-related heterogeneity with respect to resource availability, mon-
itoring activities and better-trained human capital (Bodas-Freitas and 
Corrocher, 2019; Caporale et al., 2023; Kesidou and Demirel, 2012). 
Similar to previous studies (e.g. Li et al., 2025), we also considered 
the degree of urbanisation by including the logarithm of population 
density (PopDens_ln). Moreover, we accounted for the regional energy 
supply by including the logarithm of net rated electrical active power 
in megawatt (MW) based on data from the National Grid Agency 
in Germany (EnergySupply_ln).1 Given the relevance of technological 
capabilities for realising energy savings (Li et al., 2025; Popp, 2001), 
we considered the number of EPO patent applications in regions. To 
smooth out the yearly fluctuations inherent to patents, we followed 
previous studies (e.g. Grashof and Basilico, 2025) and calculated the 
number of patent applications in a three-year rolling window and 
scaled it by 10,000 (Pat). In accordance with the findings of preceding 

1 The underlying data from the National Grid Agency can be found under: 
https://www.bundesnetzagentur.de/DE/Fachthemen/ElektrizitaetundGas/
Versorgungssicherheit/Erzeugungskapazitaeten/Kraftwerksliste/start.html.
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studies (e.g. Basilico and Grashof, 2024), we have also considered the 
regional age structure, as younger demographics have been observed to 
demonstrate a heightened concern regarding climate change (Milfont 
et al., 2021). Finally, the number of regional public data centres listed 
on the Data Center Map was also taken into consideration (Public data 
centres).2

Table  1 presents an overview of all used variables and their descrip-
tive statistics. As indicated by the pairwise correlation matrix (see Table 
5 in the Appendix), the correlation between the variables used in the 
regression models was generally rather low. Thus, multicollinearity did 
not appear to be a problem for our empirical analysis. However, in 
selected cases, some of our variables listed in Table  1 had relatively 
high correlations, e.g. AI Adoption and Green Adoption. To prevent mul-
ticollinearity and thereby increase the stability of the model coefficient 
estimates even further, we included these specific variables in our 
regression models separately.

3.4. Methodological approach: Two-step system GMM

To empirically investigate the assumed relationships presented in 
Section 2, the econometric approach must address endogeneity con-
cerns adequately. For instance, given that the current level of industrial 
energy consumption depends on previous levels, autocorrelation may 
be an issue. To account for endogeneity, we therefore applied dynamic 
panel models using the generalised method of moments (GMM). In 
line with previous studies (Damioli et al., 2021; Grashof, 2025), we 
used a system GMM approach (Blundell and Bond, 1998) with two-
step robust standard errors (Arellano and Bond, 1991; Windmeijer, 
2005).3 This method is especially effective for panel data covering a 
relatively short time span and where the independent variables are 
not strictly exogenous. Compared with other estimation techniques, 
it has been argued to offer more efficient and consistent coefficient 
estimates (Grashof, 2025; Ullah et al., 2018). Our baseline model can 
be expressed in the following stylised way: 

𝐿𝑜𝑔𝐸𝑛𝑒𝑟𝑔𝑦 = 𝛼+𝛽1𝐿𝑜𝑔𝐸𝑛𝑒𝑟𝑔𝑦𝑖𝑡−1+𝛽2𝐴𝐼 𝐴𝑑𝑜𝑝𝑡𝑖𝑜𝑛𝑖𝑡−1+𝛽𝑗𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡−1+𝑢𝑖+𝛾𝑡+𝜖𝑖𝑡,

(3)

where 𝐿𝑜𝑔𝐸𝑛𝑒𝑟𝑔𝑦 is the industrial energy consumption in a NUTS-3 
region 𝑖 at year 𝑡. 𝐴𝐼 𝐴𝑑𝑜𝑝𝑡𝑖𝑜𝑛 is the mean AI intensity of all firms 
in the respective region and year. The 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 included the share of 
regional manufacturing companies in all manufacturing companies in 
Germany, the log-transformed population density, the regional share 
of large subsidiaries in total subsidiaries, the average age of regional 
population, the log-transformed net rated electrical active power in 
regions, the number of patent applications, the number of public data 
centres and GDP per capita. We lagged all our explanatory and control 
variables by one year in order to mitigate the potential problem of 
reverse causality by ensuring that the explanatory variables temporally 
preceded the outcome variable.4 𝛼 is the intercept, 𝑢𝑖 denotes the region 
fixed effects, 𝛾𝑡 represents year fixed effects and 𝜖𝑖𝑡 reflects the error 
term. In our system GMM approach, we treated the average age of the 
regional population, the (logged) population density, the (logged) net 
rated electrical active power, the share of large subsidiaries in total 
subsidiaries, the number of public data centres, and year dummies as 
strictly exogenous.

As described in Section 2, we were additionally interested in po-
tential moderating influences of sustainability engagement, as well as 

2 The underlying data from the Data Center Map can be found under: 
https://www.datacentermap.com/germany/.

3 For the implementation, we used the Stata command xtabond2 (Roodman, 
2009a).

4 Since the influence of the patent-based variables may need more time to 
unfold, as a robustness check we also increased the time lag to three years. 
The corresponding results remained stable and are presented in Table  12.

https://www.bundesnetzagentur.de/DE/Fachthemen/ElektrizitaetundGas/Versorgungssicherheit/Erzeugungskapazitaeten/Kraftwerksliste/start.html
https://www.bundesnetzagentur.de/DE/Fachthemen/ElektrizitaetundGas/Versorgungssicherheit/Erzeugungskapazitaeten/Kraftwerksliste/start.html
https://www.datacentermap.com/germany/
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Table 1
Descriptive variable statistics.
 Variable Description Obs Mean Std. Dev. Min Max Source  
 Dependent variable:
 Logarithm of industrial energy consumption (LogEnergy) 3302 14.987 1.208 10.555 19.245 Destatis  
 Explanatory variables:
 Mean AI intensity of all firms in a region (AI Adoption)∗∗ 3302 0.005 0.005 0 0.032 ISTARI WebAI  
 Mean ecological sustainability engagement intensity of all firms in a region (Green Adoption)∗∗ 3302 0.044 0.028 0 0.14 ISTARI WebAI  
 Share of large AI companies in all large companies in a region (AI_share_firm_large)∗∗ 3302 0.023 0.029 0 0.25 ISTARI WebAI  
 Share of medium-sized AI companies in all medium-sized companies in a region 
(AI_share_firm_medium)∗∗

3302 0.01 0.012 0 0.079 ISTARI WebAI  

 Share of small AI companies in all small companies in a region (AI_share_firm_small)∗∗ 3302 0.006 0.007 0 0.042 ISTARI WebAI  
 Logarithm of relatedness density to AI technologies (AI RelDens_ln)∗ 3302 2.124 0.784 0.03 3.889 PATSTAT  
 Logarithm of relatedness density to green technologies (Green RelDens_ln)∗ 3302 2.000 0.657 0.020 3.737 PATSTAT  
 Dummy variable for regions equal to or higher than the 75th percentile for green adoption (Green 
adopter dummy)∗∗

3302 0.275 0.447 0 1 ISTARI WebAI  

 Control variables:
 GDP per capita in 1,000e (GDPpc) 3302 36.647 14.507 14.316 130.374 Destatis  
 Share of regional manufacturing companies in all manufacturing companies in Germany in % 
(ShareManufact)

3302 0.271 0.206 0.022 1.728 Destatis  

 Logarithm of population density (PopDens_ln) 3302 5.632 1.084 3.600 8.491 INKAR  
 Share of large subsidiaries (with more than 250 employees) in total subsidiaries in % (ShareLargefirms) 3302 0.384 0.158 0.03 1.05 INKAR  
 Average age of regional population (AgePop) 3302 44.45 1.898 39.73 50.71 INKAR  
 Logarithm of net rated electrical active power in MW in a region (EnergySupply_ln) 3302 0.756 1.509 0 6.772 Grid Agency  
 Number of EPO patent applications scaled by 10,000 (Pat)∗ 3302 0.018 0.064 0.0002 1.107 PATSTAT  
 Number of public data centres (Public data centres)∗∗∗ 3302 0.575 3.660 0 67 Data Center Map 
Note: All variables are annual, except those based on patents which are calculated based on three-year moving windows (marked with ∗). Authors’ calculations based on web-based 
data analysed using a machine learning method (marked with ∗∗). Data gaps are interpolated if marked with ∗∗∗.
relatedness to AI and green technologies. Our moderated-effect models 
can thereby be formulated in the following stylised way:
𝐿𝑜𝑔𝐸𝑛𝑒𝑟𝑔𝑦 = 𝛼 + 𝛽1𝐿𝑜𝑔𝐸𝑛𝑒𝑟𝑔𝑦𝑖𝑡−1 + 𝛽2𝐴𝐼 𝐴𝑑𝑜𝑝𝑡𝑖𝑜𝑛𝑖𝑡−1

+ 𝛽3𝑀𝑜𝑑𝑒𝑟𝑎𝑡𝑒𝑖𝑡−1
+ 𝛽4𝑀𝑜𝑑𝑒𝑟𝑎𝑡𝑒𝑖𝑡−1 ∗ 𝐴𝐼 𝐴𝑑𝑜𝑝𝑡𝑖𝑜𝑛𝑖𝑡−1
+ 𝛽𝑗𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡−1 + 𝑢𝑖 + 𝛾𝑡 + 𝜖𝑖𝑡, (4)

where we added 𝑀𝑜𝑑𝑒𝑟𝑎𝑡𝑒𝑖𝑡−1 to Eq.  (3), which either stands for the 
green adoption measured by the mean ecological sustainability inten-
sity of all firms in the respective region and year, relatedness density 
to AI or green technologies, and the interaction term 𝑀𝑜𝑑𝑒𝑟𝑎𝑡𝑒𝑖𝑡−1 ∗
𝐴𝐼 𝐴𝑑𝑜𝑝𝑡𝑖𝑜𝑛𝑖𝑡−1, capturing the moderating influences of these newly 
introduced variables on the relationship between 𝐿𝑜𝑔𝐸𝑛𝑒𝑟𝑔𝑦 and 𝐴𝐼
𝐴𝑑𝑜𝑝𝑡𝑖𝑜𝑛.

4. Results and discussion

In the following section, we present our main findings. Firstly, we 
demonstrate descriptive statistics and the geographical distribution of 
AI companies in Germany. Secondly, we present the econometric results 
of our regression analysis, followed by robustness tests.

4.1. Descriptive results

Fig.  1 shows the time series of the spatial distribution of AI en-
gagement between 2016 and 2023, based on the spatial aggregation 
of the described web indicator. The same class boundaries were used 
for all maps to ensure comparability. The figure shows that in 2016, all 
NUTS-3 regions in Germany were still in the lowest category.5 In 2018, 
AI development begins in some regions, especially Berlin, Munich, and 
the Rhine-Neckar region (south of Frankfurt). In 2020, AI engagement 
increases in northern Bavaria and North Rhine-Westphalia, with Mu-
nich establishing itself as a hotspot. This trend continues until 2023, 
when the widespread use of AI has become established in the German 

5 We have decided not to include the years 2012–2015 in the maps, as the 
results are identical to those for 2016.
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corporate landscape, although there is still a clear north-south gradient. 
In particular, the rural regions in the east and north of Germany, e.g. in 
Mecklenburg-Western Pomerania, in the west of Lower Saxony or in 
the south of Saxony-Anhalt, continue to stand out with very low mean 
AI intensities. In contrast, urban regions such as Munich, Frankfurt, 
Heidelberg and Aachen have developed into important centres of AI 
activity. These findings are in line with Fig.  4 in the Appendix, which 
shows the Global Moran’s I for each year. This metric represents spatial 
autocorrelation, i.e. the tendency for similar values to appear in spatial 
proximity, and was calculated based on the AI intensity of each region 
and a Queen contiguity spatial weights matrix. It shows a growing but 
still low tendency of spatial clustering of AI knowledge. Nevertheless, as 
indicated in Section 4.3, we conducted an additional robustness check 
by including a spatially lagged measure of AI intensity to account for 
potential spatial spillovers in regional AI adoption.

Fig.  2 provides an overview of the adoption of AI in Germany over 
time. The relative number of AI companies is visualised for all NUTS-3 
regions, as well as the national mean and median values. In general, a 
clear upward trend can be seen, which is relatively linear from 2016 
onward. The maximum value increased from below 0.5% to over 3.0%. 
However, there has been an increase in variance between the regions 
over time, which aligns with our findings regarding the geographical 
distribution.

4.2. Econometric results

4.2.1. Adoption perspective
The main results of our regressions regarding the adoption of AI and 

ecological sustainability are presented in Table  2. Throughout almost 
all models, we found evidence of a statistically significant negative 
influence of the adoption of AI on regional industrial energy consump-
tion. The effect was rather moderate in size (based on Model 1). A 
one-unit increase in AI Adoption was associated with a decrease of 
1.832 in the logarithm of industrial energy consumption, holding all 
other factors constant. In other words, a 0.1 percentage point increase 
in AI Adoption was associated with a 0.183% decrease in industrial 
energy consumption. Therefore, we can conclude that AI contributes 
to reducing regional (industrial) energy consumption in Germany, as 
outlined in Hypothesis  1.
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Fig. 1. Mean AI intensity per NUTS-3 region in 2016, 2018, 2020, 2022, and 2023. Categorisation inspired by natural breaks.
Fig. 2. Relative number of AI firms at the NUTS-3 level over time (2013–2023). Each line represents a NUTS-3 region.
Regarding the second explanatory variable, Green Adoption, we also 
observed a statistically significant negative impact on industrial energy 
consumption (see Model 2 in Table  2). This effect was also rather 
moderate and even smaller than the effect of AI Adoption. A one-unit 
increase in Green Adoption was associated with a decrease of 0.616 units 
in the logarithm of industrial energy consumption (when other factors 
7 
were held constant). In other words, a 0.1 percentage point increase 
in Green Adoption was associated with a 0.062% decrease in industrial 
energy consumption.

In Model 3, we tested for a potential interaction effect between AI 
adoption and Green adoption. As described in Section 3, we included a 
dummy for the Green adoption (Green adopter dummy) to ensure better 
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Table 2
Regression results: Adoption.
 (1) (2) (3) (4) (5) (6)  
 LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy  
 AI Adoption −1.832** −1.346 −1.940** −13.130** −2.289**  
 (0.760) (0.938) (0.775) (6.280) (0.932)  
 Green Adoption −0.616*  
 (0.339)  
 Green adopter dummy 0.008  
 (0.016)  
 Green adopter dummy × AI Adoption −1.183  
 (1.785)  
 PreAI Period 0.013*  
 (0.007)  
 PreAI Period × AI Adoption −7.802*  
 (4.417)  
 LogEnergy 0.985*** 0.988*** 0.985*** 0.984*** 0.991*** 0.986***  
 (0.007) (0.006) (0.006) (0.007) (0.014) (0.008)  
 GDPpc 0.001** 0.001* 0.001** 0.001** 0.0004 0.001**  
 (0.0003) (0.0003) (0.0003) (0.0003) (0.001) (0.0004)  
 ShareManufact 0.043** 0.051** 0.045** 0.046** 0.039 0.039  
 (0.021) (0.022) (0.021) (0.021) (0.052) (0.026)  
 PopDens_ln −0.011*** −0.012*** −0.012*** −0.011*** −0.008* −0.012***  
 (0.003) (0.002) (0.002) (0.003) (0.004) (0.003)  
 ShareLargefirms 0.040** 0.036** 0.036** 0.041** 0.016 0.042  
 (0.018) (0.018) (0.018) (0.018) (0.034) (0.026)  
 AgePop 0.001 0.0003 0.001 0.0007 0.0001 0.001  
 (0.001) (0.001) (0.001) (0.001) (0.002) (0.001)  
 EnergySupply_ln 0.003* 0.002 0.003* 0.003* 0.003 0.002*  
 (0.002) (0.001) (0.002) (0.002) (0.003) (0.002)  
 Pat 0.004 −0.009 0.003 0.006 0.075 0.010  
 (0.019) (0.023) (0.020) (0.019) (0.114) (0.027)  
 Public data centres −0.0002 −0.0002 −0.0001 −0.0002 −0.001 0.0003  
 (0.0003) (0.0003) (0.0003) (0.0003) (0.001) (0.0003)  
 Time-fixed effects Yes Yes Yes Yes Yes Yes  
 Region-fixed effects Yes Yes Yes Yes Yes Yes  
 Sample Full Full Full Full Period (2012–2017) Period (2018–2023) 
 Observations 3302 3302 3302 3302 1320 1982  
 No. of instruments 315 315 346 315 66 255  
 AR1 (𝑝-value) 0.000 0.000 0.000 0.000 0.000 0.005  
 AR2 (𝑝-value) 0.622 0.627 0.632 0.620 0.541 0.439  
 Hansen-J (𝑝-value) 0.240 0.136 0.378 0.235 0.719 0.242  
Note: Two-step robust standard errors (GMM) in parentheses. A one-year time lag is applied for all independent variables. * p<0.10, ** p<0.05, *** p<0.01.
interpretability and also avoid problems of multicollinearity. In this 
context, we also tested alternative thresholds.6 The results indicated 
that there was no significant interaction between AI and Green adop-
tion. Hence, we found no evidence that the energy-reducing influence 
of AI use was more pronounced in regions with higher ecological 
sustainability usage (see Hypothesis  3).

In the remaining models, we were interested in how the relationship 
between AI adoption and industrial energy consumption in regions has 
evolved over time. In Model 4, we interacted our AI Adoption variable 
with a dummy variable for the pre-2018 time period (PreAI Period) 
in order to capture potential temporal variation in the relationship 
under consideration. We chose the year 2018 in accordance with 
previous literature indicating that AI technologies, particularly those 
based on deep learning and transformer models, began widespread 
diffusion across industries around this year (Maslej et al., 2025; OECD, 
2019). The corresponding results showed that AI adoption significantly 
reduced industrial energy consumption in regions, with an estimated 
coefficient of −1.940 for the post-2018 period (PreAI Period = 0). 
As indicated by the significant negative interaction term, this effect 
was stronger before 2018. Specifically, before 2018, a 0.1 percentage 
point increase in AI adoption was associated with an approximate 
0.974% decrease in industrial energy consumption, while after 2018, 
the effect decreased to about 0.194%. In regions with zero AI adoption, 

6 In addition to the 75th percentile, we also used the mean as a threshold 
for green adoption. The corresponding results remained robust (see Table  11).
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industrial energy consumption was on average 1.3% higher before 2018 
compared to after. To investigate the varying impact of AI adoption 
on energy consumption further, Models 5 and 6 were introduced. 
These models provided a robustness check by splitting the sample 
into two sub-periods: 2012–2017 and 2018–2023. Consistent with our 
previous findings, the AI Adoption coefficient in the pre-2018 period 
(Model 5) was larger in magnitude (−13.130), indicating a stronger 
energy-saving effect during this earlier phase. In contrast, the post-
2018 period (Model 6) showed a smaller but still significant negative 
coefficient (−2.289).

Taken together, the results of our various models suggest that the 
marginal energy savings from AI adoption diminished over time. This 
may reflect initial efficiency gains by early adopters, who often focus 
on easily identifiable inefficiencies, as well as the tapering effect of 
AI diffusion, where further improvements only yield marginal returns 
(Gillingham et al., 2009; Jaffe and Stavins, 1994). Another explanation 
can be found in the potential shift from an efficiency-oriented approach 
to AI applications (e.g. cost reduction and energy saving) to a value-
creating approach (e.g. revenue generation, quality improvement, and 
product innovation) (Bresnahan and Trajtenberg, 1995; Brynjolfsson 
et al., 2021; Cockburn et al., 2018). This shift would in turn result 
in higher computational intensity and lower energy-saving effects. 
With the maturing of AI, a similar argument can be found in the 
potential shift of AI applications from more energy-intensive industries 
(e.g. manufacturing) to more digital and service-oriented industries 
(e.g. finance and consulting), as described by Agrawal et al. (2019), 
who argue that the early adoption of AI is most likely to occur in sectors 
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with high data availability and standardised decision-making processes. 
Another potential explanation for these results could be the ’Jevons 
paradox’ or ’rebound effects’, whereby more sophisticated, energy-
intensive machine learning models (e.g. LLMs) replace traditional, more 
energy-efficient models as development and implementation costs de-
crease, thereby negating initial energy efficiency gains (Madlener and 
Alcott, 2009; Sorrell, 2009; Strubell et al., 2020). This means that there 
is also a potential fallacy in pursuing LLMs as the panacea for AI.

For our control variables, we found the following consistent and 
statistically significant associations with industrial energy consump-
tion. As expected, across all specifications, the coefficient of the lagged
LogEnergy was highly significant and close to one, indicating that 
past energy consumption levels were strongly associated with cur-
rent consumption, reflecting the potential inertia in industrial energy 
consumption patterns due to structural factors, such as long-lasting 
capital equipment and established production processes. GDP per capita 
(GDPpc) had a positive and statistically significant coefficient, indi-
cating that regions with higher economic output per capita tended 
to have higher industrial energy consumption. This was in line with 
previous findings indicating that increased economic activity usually 
requires more energy input (e.g. Narayan and Smyth, 2008). The share 
of manufacturing firms (ShareManufact) was also positively associated 
with energy consumption, reflecting that regions with a larger manu-
facturing sector typically consumed more industrial energy (Brodny and 
Tutak, 2022; Pablo-Romero et al., 2019). The logarithm of population 
density (PopDens_ln) showed a negative and significant effect, suggest-
ing that more densely populated regions tended to have lower industrial 
energy consumption, possibly due to differences in industrial structure. 
This finding was consistent with the observations reported in Wang 
et al. (2024) and He et al. (2023). Rural regions tended to specialise 
in the first and second sectors (Meister et al., 2019), which could be 
explained through e.g. space limitations that lead to large manufac-
turing sites often being located outside cities or greater efficiency in 
urbanised areas. The share of large firms (ShareLargefirms) consistently 
had a positive and significant effect, implying that regions with a 
higher proportion of large subsidiaries (with more than 250 employees) 
consumed more industrial energy, consistent with larger firms’ greater 
scale of production.

Since firms differ in terms of their resources and capabilities (see 
Resource-Based View and Diffusion of Innovation Theory), we addi-
tionally conducted a heterogeneity analysis with respect to firm size 
differences (see Table  3). Firm size has frequently been used as a proxy 
for the available resources and capabilities of firms (Dang et al., 2018; 
Situm, 2019). In Model 1 of Table  3, we observed that the coefficient for 
AI share in large firms (AI_share_firm_large) was −0.159 and statistically 
significant at the 5% level, indicating that a 0.1 percentage point 
increase in the share of large firms adopting AI was associated with a 
0.016% reduction in regional industrial energy consumption. Model 2 
showed that the AI share in medium-sized firms had a negative but 
not statistically significant coefficient (−0.306). For small firms, the 
coefficient in Model 3 was −0.888 and statistically significant at the 
5% level, indicating that a 0.1 percentage point increase in AI adoption 
share among small firms was associated with a 0.089% decrease in 
regional industrial energy consumption. Our control variables remained 
stable compared to the results in Table  2.

Despite the low average level of AI adoption among small firms, we 
observed a relatively large and significant coefficient, suggesting that 
even modest increases in AI adoption among small firms can mean-
ingfully reduce industrial energy consumption in regions. Similarly, 
although to a lesser extent than in small firms, AI adoption con-
tributed modestly to reducing energy consumption among large firms. 
However, our findings suggested no clear evidence that the adoption 
of AI by medium-sized firms affected industrial energy consumption. 
Considering these findings, we can confirm both of our Hypotheses  2a
and 2b, which are based on the Diffusion of Innovation Theory and 
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the Resource-Based View. Large firms can exploit their advantage as 
early adopters of new technologies, such as AI, by leveraging their 
greater institutional readiness and access to valuable resources, such 
as financial and (technical) human capital. In contrast, small firms 
can use their agile and flexible organisational structures to base their 
business models around new technologies. This is particularly true 
of a technology such as AI, which can be transferred easily between 
firms and industries, and which has low path dependency. This is 
because new advances in AI allow companies to implement it without 
requiring substantial historical know-how, specialised skills, or accu-
mulated human capital (Milanez, 2023). This is also consistent with 
empirical research indicating size heterogeneity within the small- and 
medium-sized enterprise (SME) category (Clemente-Almendros et al., 
2024). Kopka and Fornahl (2024) revealed in their research on AI 
and firm growth that smaller firms are better able to catch up with 
frontier and larger firms in adopting emerging technologies due to 
their organisational flexibility and the lower entry barriers of these 
technologies.

4.2.2. Knowledge perspective
Besides capturing firm heterogeneity via firm size, we additionally 

considered differences in terms of their (technological) knowledge (see 
Table  4), using patent data as described in Section 3. In line with the 
findings in Table  2, AI adoption alone (see Model 1 and Model 3) 
still showed a significant negative effect on regional industrial energy 
consumption. This confirmed that higher AI adoption in a region was 
associated with lower industrial energy consumption, supporting the 
assumption about the efficiency-enhancing role of AI.

Consistent with previous findings (Kopka and Grashof, 2022), we 
observed a negative and statistically significant influence of relatedness 
to AI knowledge (AI RelDens_ln) on industrial energy consumption in 
regions (see Model 1). However, we did not find a statistically signif-
icant interaction effect between AI adoption and AI knowledge (see 
Model 2). In the case of the relatedness density to green technologies 
(Green RelDens_ln), we also found negative coefficients both for the 
stand-alone effect (see Model 3) and the interaction term (see Model 4), 
but neither was statistically significant. The control variables remained 
relatively stable compared to the results in Table  2.

To further explore the absence of a statistically significant average 
interaction effect between AI adoption and the relatedness density to AI 
and green technologies, we examined the conditional marginal effects 
of AI adoption at different levels of knowledge relatedness (see Fig. 
3). The marginal effects analysis, based on the two interaction effects 
(in Model 2 and 4 in Table  4), revealed substantial heterogeneity. 
While the effect of AI adoption on industrial energy consumption was 
small and statistically insignificant at low levels of regional knowledge 
related to AI technologies, it became more negative and statistically 
significant as AI relatedness density increased (see Fig.  3(a)). The same 
pattern could be found in the case of relatedness density to green tech-
nologies. However, here, even at a medium level of green relatedness 
density, we found a statistically significant negative marginal effect of 
AI adoption on the industrial energy consumption in regions (see Fig. 
3(b)). Taken together, both findings suggest that relatedness density 
to AI or green technologies did not determine whether AI adoption 
reduces energy consumption per se, but rather conditioned the magni-
tude of this effect. In regions with a sufficiently developed green or AI 
knowledge base, AI adoption was associated with significantly stronger 
energy efficiency gains. In contrast, in regions with a limited green 
or AI-related knowledge base, the efficiency-enhancing potential of 
AI adoption was less pronounced. Consequently, the two insignificant 
average interaction terms in Table  4 masked a threshold-dependent 
complementarity between AI adoption and the knowledge relatedness 
to green and AI technologies.

Overall, we therefore found partial evidence for Hypotheses  4 and
5. Specifically, the results suggest that the influence of AI adoption on 
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Table 3
Regression results: AI adoption by firm size.
 (1) (2) (3)  
 LogEnergy LogEnergy LogEnergy 
 AI_share_firm_large −0.159**  
 (0.081)  
 AI_share_firm_medium −0.306  
 (0.239)  
 AI_share_firm_small −0.888**  
 (0.426)  
 LogEnergy 0.987*** 0.987*** 0.988***  
 (0.007) (0.007) (0.006)  
 GDPpc 0.0004 0.0005* 0.0005**  
 (0.0003) (0.0003) (0.0003)  
 ShareManufact 0.047** 0.041* 0.043**  
 (0.022) (0.021) (0.020)  
 PopDens_ln −0.012*** −0.010*** −0.010*** 
 (0.003) (0.002) (0.002)  
 ShareLargefirms 0.044** 0.035** 0.033*  
 (0.017) (0.018) (0.018)  
 AgePop 0.0003 0.001 0.001  
 (0.001) (0.001) (0.001)  
 EnergySupply_ln 0.002 0.002 0.003*  
 (0.002) (0.002) (0.002)  
 Pat 0.001 −0.003 −0.006  
 (0.021) (0.021) (0.020)  
 Public data centres −0.0003 −0.0003 −0.0003  
 (0.0003) (0.0003) (0.0003)  
 Time-fixed effects Yes Yes Yes  
 Region-fixed effects Yes Yes Yes  
 Observations 3302 3302 3302  
 No. of instruments 315 315 315  
 AR1 (𝑝-value) 0.000 0.000 0.000  
 AR2 (𝑝-value) 0.627 0.618 0.622  
 Hansen-J (𝑝-value) 0.333 0.342 0.409  
Note: Two-step robust standard errors (GMM) in parentheses. A one-year time lag is applied for all 
independent variables. * p<0.10, ** p<0.05, *** p<0.01.
Table 4
Regression results: AI and green knowledge.
 (1) (2) (3) (4)  
 LogEnergy LogEnergy LogEnergy LogEnergy 
 AI Adoption −1.656∗∗ 0.627 −1.814∗∗ −0.383  
 (0.753) (1.999) (0.816) (1.786)  
 AI RelDens_ln −0.010∗ −0.009  
 (0.006) (0.006)  
 AI Adoption × AI RelDens_ln −0.831  
 (0.789)  
 Green RelDens_ln −0.007 −0.006  
 (0.008) (0.009)  
 AI Adoption × Green RelDens_ln −0.567  
 (0.693)  
 LogEnergy 0.985∗∗∗ 0.985∗∗∗ 0.987∗∗∗ 0.987∗∗∗  
 (0.006) (0.006) (0.007) (0.006)  
 GDPpc 0.001∗∗∗ 0.001∗∗ 0.001∗∗ 0.001∗∗  
 (0.0003) (0.0003) (0.0003) (0.0003)  
 ShareManufact 0.057∗∗∗ 0.060∗∗∗ 0.055∗∗ 0.058∗∗  
 (0.022) (0.021) (0.022) (0.024)  
 PopDens_ln −0.011∗∗∗ −0.010∗∗∗ −0.011∗∗∗ −0.011∗∗∗  
 (0.002) (0.002) (0.002) (0.002)  
 ShareLargefirms 0.030 0.029 0.034∗ 0.033∗  
 (0.019) (0.019) (0.019) (0.019)  
 AgePop −0.001 −0.001 0.0001 0.0001  
 (0.001) (0.001) (0.002) (0.002)  
 EnergySupply_ln 0.003∗ 0.002∗ 0.003∗ 0.002∗  
 (0.002) (0.001) (0.001) (0.001)  
 Pat 0.009 0.017 0.006 0.010  
 (0.020) (0.019) (0.020) (0.020)  
 Public data centres −0.0003 −0.0002 −0.0003 −0.0002  
 (0.0003) (0.0003) (0.0003) (0.0003)  
 Time-fixed effects Yes Yes Yes Yes  
 Region-fixed effects Yes Yes Yes Yes  
 (continued on next page)
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Table 4 (continued).
 Observations 3302 3302 3302 3302  
 No. of instruments 379 379 379 379  
 AR1 (𝑝-value) 0.000 0.000 0.000 0.000 
 AR2 (𝑝-value) 0.639 0.638 0.623 0.625 
 Hansen-J (𝑝-value) 0.665 0.695 0.632 0.647 
Note: Two-step robust standard errors (GMM) in parentheses. A one-year time lag is applied for all 
independent variables. * p<0.10, ** p<0.05, *** p<0.01.
 
(a) Relatedness density to AI technologies (log)

  
(b) Relatedness density to green technologies (log)

 

Fig. 3. Average marginal effects of AI Adoption (with 95% CIs) over the degree of regional relatedness to AI and green technologies.
industrial energy consumption in regions was conditionally moderated 
by regions’ relatedness to technological AI knowledge and green tech-
nological knowledge, with stronger energy-reducing effects emerging 
at medium to higher levels of relatedness. However, we do not find a 
strong direct statistically significant effect of green relatedness density 
on the regional industrial energy consumption. This seems to contrast 
with prior evidence, as green innovation and energy intensity are 
shown to be co-integrated in Chinese regions, although the results differ 
between groups of regions depending on the energy intensity develop-
ment path where green innovation are not directly impacting energy 
intensity for contemporary regions (Chen et al., 2016). Other research 
identifies a statistically significant influence of green innovation on ad-
vancements in renewable energy technologies (Esmaeilpour Moghadam 
and Karami, 2024), yet this line of work focuses on energy production 
rather than energy consumption. However, Zhang et al. (2025) report 
that green innovation transfer from China to countries of the Belt 
and Road Initiative reduces energy intensity, with stronger effects ob-
served in developing economies and more limited impacts in developed
countries. Given that our study examines Germany, a highly developed 
economy, and concentrates on industrial energy consumption rather 
than production, the absence of a significant (direct) effect of green 
relatedness density does not necessarily contradict previous findings.

Since green technologies differ (e.g. Perruchas et al., 2020) and 
these groups have different impacts on energy intensity reduction 
(Zhang et al., 2025), we additionally conduct a heterogeneity analy-
sis with respect to different groups of green technologies. Based on 
the IPC green inventory (WIPO, 2021), described in Section 3, we 
differentiate between seven larger groups: Alternative Energy Produc-
tion; Transportation; Energy Conservation; Waste Management; Agri-
culture/Forestry; Nuclear Power Generation; Administrative, Regula-
tory or Design Aspects. Similar to our main findings in Table  4, we 
do not find a significant effect when we differentiate into the more 
specific green technology groups (for the corresponding regression 
11 
results see Tables  6 and 7 in the Appendix). However, when examining 
the average marginal effects (see Fig.  5 in the Appendix), we do find 
evidence for significant moderation effects. Similar to our findings for 
aggregated green technologies (see Fig.  3(b)), we find a statistically 
significant negative marginal effect of AI adoption on industrial energy 
consumption in regions at medium to high levels of Alternative Energy 
Production, Waste Management, Nuclear Power Generation, and Ad-
ministrative, Regulatory or Design Aspects. For Energy Conservation 
and Transportation, significant negative marginal effects emerge at 
intermediate levels of relatedness but become less pronounced at higher 
levels, suggesting a weakening rather than a strengthening complemen-
tarity. For Agriculture and Forestry, the significant negative marginal 
effect is confined more narrowly to intermediate levels. These hetero-
geneous patterns point to domain-specific differences in how green 
technological knowledge conditions the energy-reducing potential of 
AI adoption. The first group of categories shares the characteristic of 
operating at the systemic or infrastructural level of regional energy 
systems, providing an enabling environment in which AI-driven effi-
ciency gains can be more effectively realised. For Energy Conservation 
and Transportation, the diminishing marginal effect at higher levels of 
specialisation points to a substitution dynamic: conventional energy 
conservation technologies may have already addressed the most ac-
cessible optimisation opportunities (Gillingham et al., 2013), while in 
Transportation, AI-driven efficiency gains may increasingly be offset by 
demand expansion (Sorrell et al., 2007). For Agriculture and Forestry, 
physical, biological, and seasonal constraints are likely to bound the 
scope for further optimisation, resulting in a narrower window of 
significant complementarity.

4.3. Robustness tests

In addition, we tested the robustness of our previously presented 
findings by changing our methodological approach, using a different 
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lag structure, including different variables, changing the sample size, 
and accounting for potential spatial autocorrelation.

First, to avoid instrument proliferation and ensure instrument rel-
evance, we restricted the lag structure of the endogenous variables 
to a maximum of seven lags, using instruments from lag 1 to lag 7. 
This approach balances the trade-off between instrument strength and 
overfitting risk, following the guidance of Roodman (2009b), who 
emphasises the importance of limiting the number of instruments in 
System GMM applications to avoid biased results and weakened Hansen 
tests of instrument validity. The results presented in Tables  8–10 in the 
Appendix are in line with our main results presented in the previous 
Section 4.2.

Second, to ensure the robustness of our findings regarding a po-
tential moderating effect through green adoption, we used the mean 
as an alternative threshold to generate the variable Green adopter 
dummy mean instead of using the 75th percentile. As indicated in Table 
11 in the Appendix, similar to the results in Model 3 in Table  2, 
the interaction term between AI and green adoption was statistically 
insignificant.

Third, even though we considered technological knowledge within 
regions based on a three-year moving window and introduced a one-
year time lag, it may still take longer for this knowledge to be trans-
ferred into new products and services. Hence, we extended the time-lag 
to three years. The corresponding results (see Table  12 in the Appendix) 
remained robust. We found that relatedness to AI knowledge signifi-
cantly reduced industrial energy consumption in regions, but it did not 
moderate the relationship between AI adoption and industrial energy 
consumption in regions.

Fourth, following previous studies (e.g. Li et al., 2025), we intro-
duced a shift-share instrumental variable by multiplying the lagged 
first-order of AI or Green Adoption with the first-order difference of AI
or Green Adoption. As a result, we get an interaction term, known as 
the Bartik instrument variable (Bartik, 1994). As a further robustness 
check, we included this external instrument (AI2) in the iv() option to 
further address potential endogeneity of AI and green adoption. AI2
served as a theoretically motivated and plausibly exogenous instrument 
(Bartik, 1994; Li et al., 2025), designed to predict regional AI and green 
adoption while remaining orthogonal to unobserved determinants of 
energy consumption. The inclusion of AI2 allowed for a stronger iden-
tification of the causal effect of AI and green adoption, complementing 
the internal instruments used in the baseline specification. The Hansen 
and difference-in-Hansen tests supported the validity of the expanded 
instrument set, suggesting that AI2 did not violate the orthogonality 
condition and improved the robustness of the estimation. The corre-
sponding results, presented in Table  13 in the Appendix, remained 
in line with our baseline findings in Model 1 and 2 in Table  2. The 
adoption of both AI and sustainable ecological products and processes 
decreased industrial energy consumption in regions, although AI had a 
larger effect size.

Fifth, to account for potential spatial spillovers in regional AI 
adoption, we constructed a spatially lagged measure of AI intensity 
(𝑊 ×𝐴𝐼_𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦) using a Queen contiguity spatial weights matrix, i.e.
considering all directly adjacent NUTS3 regions for each observation.7 
This spatially lagged variable was then included as an additional 
regressor in the system GMM specification to control for potential 
spillover effects from neighbouring regions. Following the spatial GMM 
literature (e.g. Monteiro and Kukenova, 2009), we included this term 
as endogenous. As shown in Table  14, 15, and 16 in the Appendix, 
the corresponding results remained largely stable, except for variable
AI Adoption in Model 5 and the interaction term between PreAI Period
× AI Adoption in Model 4 in Table  14 which both became statistically 

7 Regions with missing AI intensity in a given year were assigned a value 
of zero to allow for matrix multiplication, ensuring that all regions were 
represented in the spatial weighting matrix.
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insignificant. However, the p-values of AI Adoption (p = 0.107) and 
the interaction term PreAI Period × AI Adoption (p = 0.103) were 
only slightly above the conventional threshold value and effect sizes 
were also comparable to our main findings. Moreover, the spatial 
lag term was always statistically insignificant, suggesting that energy-
saving effects of AI were primarily local rather than diffused across 
nearby regions. Nevertheless, incorporating the spatial lag term im-
proved the credibility of our results by controlling for potential spatial 
autocorrelation.

Sixth, to verify that the identified temporal breakpoint of 2018 does 
not reflect a spurious statistical artifact, we tested alternative temporal 
breakpoints by shifting the breakpoint up to two years before and after 
2018 (Models 1-4 in Table  23). Across all alternative specifications, 
the interaction term PreAI Period 𝑥 AI Adoption remains statistically 
insignificant, with coefficients ranging from −1.304 to −5.442 in abso-
lute terms. In contrast, the true breakpoint at 2018 yields a coefficient 
of −7.802 (p = 0.077), which is statistically significant at the 10% 
level and substantially larger in magnitude than any of the placebo 
estimates. This pattern suggests that the weakened effect of AI adoption 
on industrial energy consumption in the post-2018 period reflects a 
structural break rather than a random outcome, consistent with the 
documented acceleration of AI diffusion around 2018 (Maslej et al., 
2025; OECD, 2019).

Seventh, to assess whether the core findings are sensitive to extreme 
values in the dependent variable, we applied winsorisation to the 
energy consumption variable (log_energy) at two thresholds: (i) the 
1st and 99th percentiles and (ii) the 5th and 95th percentiles. The 
corresponding results are presented in the Tables  17 through Tables  22 
in Appendix. The large majority of findings remain stable across both 
winsorisation thresholds in terms of sign, magnitude, and statistical 
significance, suggesting that our core conclusions are not driven by 
extreme values in regional energy consumption. However, there are 
two (rather minor) changes compared with our main results. First, the 
interaction term PreAI Period 𝑥 AI Adoption in Model 4 in Table  17 
and in Table  18 loses conventional statistical significance under both 
winsorisation schemes (p = 0.107 at 1%/99%; p = 0.129 at 5%/95%). 
Moreover, the coefficient on AI_share_firm_large becomes statistically 
insignificant under the 5%/95% threshold (see Model 1 in Table  20). 
The latter finding is consistent with the structural composition of high-
energy regions: those most affected by winsorisation at the 5% level 
tend to exhibit a disproportionately high share of large firms, thereby 
reducing the identifying variation for this variable. With respect to 
the interaction term, the coefficient remains directionally consistent 
with the baseline in sign and approximate magnitude; the reduction in 
significance is likely attributable to reduced variance in the winsorised 
dependent variable.

5. Conclusion

As AI becomes more widespread, questions about its environmen-
tal impact are increasingly being raised, particularly with regard to 
its energy consumption (Khakurel et al., 2018; Kopka and Grashof, 
2022). This study therefore empirically investigates the impact of AI on 
regional industrial energy consumption in Germany. Our main contri-
bution consists of proposing a novel, time-variant web-based approach 
to measure the adoption of AI and green innovations in combination 
with information about industrial energy consumption, the technolog-
ical knowledge, and broader economic structure in NUTS-3 regions in 
Germany (from 2012 to 2023).

Based on a system GMM approach (Blundell and Bond, 1998) 
with two-step robust standard errors (Arellano and Bond, 1991; Wind-
meijer, 2005), we revealed four main insights: Firstly, our results 
indicated an overall statistically significant negative relationship be-
tween AI adoption and industrial energy consumption. In other words, 
a 0.1 percentage point increase in the adoption of AI reduced the 
industrial energy consumption in regions by 0.183%, thereby providing 
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support for the efficiency enhancing role of AI. Secondly, we also 
found evidence that this relationship weakened over time. These di-
minishing marginal energy savings from AI adoption over time may 
potentially reflect initial efficiency gains from early adopters, a shift 
from more efficiency-oriented to more value-creating AI applications, 
and/or the ’Jevons paradox’, also known as ’rebound effects’, i.e. more 
sophisticated and therefore energy-intensive machine learning models 
replacing traditional, energy-efficient models as development and im-
plementation costs decrease. Thirdly, we also found evidence for firm 
size differences. While a high share of AI active medium-sized firms 
in regions was not significantly associated with decreased industrial 
energy consumption, we found a statistically significant influence in 
the case of large and small firms. An increase of 0.1 percentage points 
in the proportion of large firms or small firms adopting AI decreased 
the industrial energy consumption in regions by 0.016% and 0.089%, 
respectively. Fourthly, the knowledge structure within regions also 
influenced industrial energy consumption, at least to some extent. 
Although our results suggest that the knowledge relatedness to AI 
technologies significantly reduced the industrial energy consumption in 
regions, there was no evidence of an interaction effect with AI adoption 
on average. However, our marginal effects analysis also revealed sub-
stantial heterogeneity: In regions with a sufficiently developed green 
or AI knowledge base, AI adoption was associated with significantly 
stronger energy efficiency gains. Hence, knowledge relatedness to AI 
or green technologies did not determine whether AI adoption reduces 
energy consumption per se, but rather conditioned the magnitude of 
this effect.

Taken together, these findings have several policy implications 
– particularly for regional policymakers. In general, despite finding 
robust evidence that AI adoption reduces the industrial energy con-
sumption in regions, our results also suggest that the corresponding 
context matters. In particular, policymakers should prioritise support-
ing AI adoption among SMEs, as they currently lag behind larger 
companies due to potential issues such as cost, risk, and a lack of 
resources. Particular attention should be paid to small companies here, 
as currently only a small proportion of them adopt AI. However, 
once they do, the rewarding effect on lowering energy consumption is 
relatively high, compared to the other groups. Moreover, the weakened 
association between AI usage and industrial energy consumption over 
time indicates that policymakers should continuously monitor techno-
logical developments and their societal implications. This would allow 
them to counteract any undesirable developments in this context.

However, our results are not without limitations, which at the same 
time lay the foundation for future scientific work. Despite contributing 
to previous literature by identifying companies that create as well as 
adopt AI on a large scale, our measurement mainly relies on organi-
sational website content to capture AI usage. Consequently, companies 
that use AI in their internal process but do not communicate this pub-
licly cannot be identified through our approach, as has been highlighted 
in previous research (Dahlke et al., 2024). Our web-based variables 
might therefore suffer from a certain omission bias. At the same time, 
companies might also overstate their AI usage in their external commu-
nication, so-called ‘‘AI washing’’ (Elhajjar and Itani, 2025). While these 
are general limitations of WebAI research (Dahlke et al., 2025), similar 
issues can also appear for alternative data sources, such as surveys. 
Since our regression analysis was conducted on aggregated regional 
data, individual firm-level under- or overestimations might also have 
been balanced out. Another limitation is the potential shift in energy 
consumption through AI adoption. Although, according to Zillmann 
and Hahn (2025), a large part of German firms host the majority of 
their data for AI applications on their own infrastructure/data centres 
(57%) or managed private clouds (30%), some firms rely on large 
public data centres owned by providers such as Microsoft, Amazon, 
and Google. These centres may be located in other regions in Germany 
and in rare cases even outside the country. Although we controlled for 
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changes in the number of public data centres over time, our approach 
does not fully consider all aspects of offshoring. Current databases do 
not accurately depict new openings or changes in location, nor the 
capacity provided over time. Therefore, we may overestimate the ‘true’ 
energy-saving effect by only capturing local efficiency gains through 
AI.8 Due to the relatively strict interpretation of data protection laws 
(e.g. GDPR), many companies, such as Microsoft (Microsoft, 2020) 
or AWS (Nitzschner and Krauße, 2024), have located their servers 
directly in Germany — especially for commercial customers. In addi-
tion, studies of digital sovereignty, such as Erdsiek et al. (2024), show 
that German companies place a high strategic priority on controlling 
their data and are concerned about their dependence on non-European 
providers. This further strengthens the case for local, domestic hosting
of data.

For future research, it could be promising to include additional 
data on the exact locations of regional data centres and their available 
capacity. In this context, it would also be helpful to distinguish the 
specific power used for AI models deployment and hosting. Moreover, 
although our focus on Germany expanded on previous research that pri-
marily concentrated on China, it would be interesting for future work 
to examine the extent to which our findings can be applied to other 
contexts. For example, the results are likely to differ when we apply our 
analysis to the U.S. system since Germany can be regarded as a country 
that mainly integrates technology, while the U.S. is a major player in 
LLM development. Thus, the substantial energy consumed in making 
these LLMs available to companies in countries such as Germany will be 
attributed solely to the U.S. Another interesting area for future research 
could be an in-depth (qualitative) analysis of why the adoption of AI 
resulted in diminishing returns in terms of energy efficiency over time, 
specifically comparing the periods 2012–2017 and 2018–2023, and 
considering whether the impact of the COVID-19 pandemic could be 
another potential explanation. In order to expand our existing method-
ology, it would be interesting to see exactly how companies are using AI 
within their organisations, i.e. in which application areas. This would 
provide a better understanding of how these application areas change 
over time rather than simply determining, as our current model does, 
whether companies use AI in general. This could also potentially help 
us to explain some of the diminishing returns. To achieve this, future 
research could use an LLM to more deeply analyse the application areas 
of the companies we have identified.
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Appendix A. Correlation matrix, Moran’s I over time, results from 
robustness checks and heterogeneity analyses

Appendix A includes the Global Moran’s I for mean AI intensity 
at the regional level (see Fig.  4), the pairwise correlation matrix (see 
Table  5), several robustness checks (see Tables 8–23) and heterogeneity 
analyses (see Tables 6–7 and Fig.  5).

8 In our view, it is currently impossible to connect the usage of specific AI 
services in firms with the exact location of the underlying data centres.
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Fig. 4. Timeline of Global Moran’s I for mean AI intensity on regional level.
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Fig. 5. Average marginal effects of AI Adoption (with 95% CIs) over the degree of regional relatedness to different green technologies.

Energy Economics 161 (2026) 109526 

15 



R. Dehghan et al. Energy Economics 161 (2026) 109526 
Table 5
Pairwise correlation matrix.
 Variables (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16) (17)  
 (1) LogEnergy 1.000  
 (2) Green Adoption −0.014 1.000  
 (3) AI Adoption −0.025 0.752*** 1.000  
 (4) AI_share_firm_large −0.048*** 0.604*** 0.712*** 1.000  
 (5) AI_share_firm_medium −0.025 0.599*** 0.887*** 0.559*** 1.000  
 (6) AI_share_firm_small −0.019 0.645*** 0.912*** 0.556*** 0.741*** 1.000  
 (7) Green adopter dummy −0.013 0.747*** 0.615*** 0.500*** 0.504*** 0.546*** 1.000  
 (8) AI Knowledge Rel. 0.217*** 0.040** 0.185*** 0.129*** 0.212*** 0.175*** 0.078*** 1.000  
 (9) Green Knowledge Rel. 0.356*** 0.098*** 0.203*** 0.138*** 0.216*** 0.186*** 0.115*** 0.763*** 1.000  
 (10) GDPpc 0.109*** 0.223*** 0.421*** 0.270*** 0.394*** 0.376*** 0.190*** 0.356*** 0.384*** 1.000  
 (11) Pat 0.159*** 0.021 0.164*** 0.102*** 0.196*** 0.157*** 0.021 0.304*** 0.358*** 0.365*** 1.000  
 (12) Share_Manuf_firms 0.528*** 0.024 0.024 −0.005 0.023 0.028 0.040** 0.430*** 0.492*** 0.043** 0.218*** 1.000  
 (13) PopDens_ln 0.045** −0.007 0.274*** 0.113*** 0.306*** 0.280*** −0.024 0.361*** 0.366*** 0.567*** 0.310*** 0.124*** 1.000  
 (14) ShareLargefirms 0.212*** 0.192*** 0.336*** 0.187*** 0.310*** 0.273*** 0.120*** 0.189*** 0.237*** 0.650*** 0.157*** 0.077*** 0.550*** 1.000  
 (15) AgePop −0.032* 0.011 −0.174*** −0.129*** −0.193*** −0.184*** −0.063*** −0.464*** −0.462*** −0.514*** −0.238*** −0.099*** −0.525*** −0.370*** 1.000  
 (16) EnergySupply_ln 0.240*** −0.178*** −0.053*** −0.095*** −0.006 −0.023 −0.168*** 0.111*** 0.144*** 0.138*** 0.208*** 0.142*** 0.270*** 0.235*** −0.108*** 1.000  
 (17) Public data centres 0.137*** 0.045** 0.184*** 0.095*** 0.229*** 0.179*** 0.044** 0.199*** 0.224*** 0.332*** 0.391*** 0.164*** 0.278*** 0.199*** −0.205*** 0.233*** 1.000 
*** p<0.01, ** p<0.05, * p<0.1
Table 6
Heterogeneity analysis results: Knowledge relatedness to Administrative, Regulatory or Design Aspects; Energy Conservation; Alternative Energy Production; 
Nuclear Power Generation.
 (1) (2) (3) (4) (5) (6) (7) (8)  
 LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy 
 AI Adoption −1.855∗∗ −0.347 −1.907∗∗ −2.535 −1.912∗∗ −1.808 −1.886∗∗ −0.026  
 (0.769) (1.563) (0.799) (1.897) (0.771) (1.921) (0.819) (1.580)  
 RegDesign RelDens_ln −0.001 −0.0004  
 (0.004) (0.004)  
 AI Adoption ×  
 RegDesign RelDens_ln −0.574  
 (0.660)  
 EnergyCons RelDens_ln −0.002 −0.003  
 (0.006) (0.006)  
 AI Adoption ×  
 EnergyCons RelDens_ln 0.247  
 (0.619)  
 AltEnergy RelDens_ln −0.002 −0.002  
 (0.006) (0.006)  
 AI Adoption ×  
 AltEnergy RelDens_ln −0.032  
 (0.712)  
 NuclGen RelDens_ln −0.006 −0.003  
 (0.004) (0.005)  
 AI Adoption ×  
 NuclGen RelDens_ln −0.851  
 (0.703)  
 LogEnergy 0.986∗∗∗ 0.986∗∗∗ 0.986∗∗∗ 0.986∗∗∗ 0.986∗∗∗ 0.986∗∗∗ 0.984∗∗∗ 0.984∗∗∗  
 (0.006) (0.006) (0.006) (0.006) (0.007) (0.007) (0.006) (0.006)  
 GDPpc 0.001∗∗ 0.001∗∗ 0.001∗∗ 0.001∗∗ 0.001∗∗ 0.001∗∗ 0.001∗∗∗ 0.001∗∗∗  
 (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) (0.0003)  
 Pat 0.004 0.009 0.008 0.006 0.003 0.003 −0.0001 −0.002  
 (0.019) (0.018) (0.019) (0.019) (0.020) (0.019) (0.020) (0.021)  
 ShareManufact 0.042∗∗ 0.045∗∗ 0.044∗∗ 0.042∗ 0.047∗∗ 0.047∗∗ 0.058∗∗∗ 0.064∗∗∗  
 (0.019) (0.021) (0.022) (0.022) (0.021) (0.021) (0.022) (0.025)  
 PopDens_ln −0.011∗∗∗ −0.011∗∗∗ −0.011∗∗∗ −0.011∗∗∗ −0.011∗∗∗ −0.011∗∗∗ −0.011∗∗∗ −0.012∗∗∗  
 (0.002) (0.002) (0.002) (0.002) (0.002) (0.003) (0.002) (0.002)  
 ShareLargefirms 0.033∗ 0.031∗ 0.038∗∗ 0.039∗∗ 0.037∗ 0.037 0.038∗∗ 0.037∗∗  
 (0.017) (0.017) (0.017) (0.017) (0.020) (0.023) (0.018) (0.018)  
 AgePop 0.001 0.001 0.001 0.0005 0.001 0.001 −0.00003 0.0002  
 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)  
 EnergySupply_ln 0.003∗ 0.002∗ 0.003∗ 0.003∗ 0.003∗ 0.003 0.003∗ 0.003∗  
 (0.001) (0.001) (0.001) (0.001) (0.002) (0.002) (0.002) (0.002)  
 Public data centres −0.0002 −0.0001 −0.0002 −0.0002 −0.0002 −0.0002 −0.0003 −0.0003  
 (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) (0.0003)  
 (continued on next page)
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Table 6 (continued).
 (1) (2) (3) (4) (5) (6) (7) (8)  
 LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy 
 Time-fixed effects Yes Yes Yes Yes Yes Yes Yes Yes  
 Region-fixed effects Yes Yes Yes Yes Yes Yes Yes Yes  
 Observations 3302 3302 3302 3302 3302 3302 3302 3302  
 No. of instruments 379 379 379 379 379 379 379 379  
 AR1 (𝑝-value) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000  
 AR2 (𝑝-value) 0.625 0.623 0.625 0.624 0.623 0.623 0.626 0.631  
 Hansen-J (𝑝-value) 0.625 0.626 0.704 0.700 0.651 0.653 0.687 0.620  
Note: Two-step robust standard errors (GMM) in parentheses. A one-year time lag is applied for all independent variables. * p<0.10, ** p<0.05, *** p<0.01.
Table 7
Heterogeneity analysis results: Knowledge relatedness to Transportation; Waste Management; Agriculture/Forestry.
 (1) (2) (3) (4) (5) (6) (7)  
 LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy 
 AI Adoption −0.026 −1.886∗∗ −1.962 −1.835∗∗ −0.707 −1.648∗∗ −1.556  
 (1.580) (0.767) (1.478) (0.807) (1.604) (0.798) (1.363)  
 Transport RelDens_ln −0.006 −0.006  
 (0.006) (0.006)  
 AI Adoption ×  
 Transport RelDens_ln 0.043  
 (0.513)  
 WasteMan RelDens_ln −0.006 −0.004  
 (0.006) (0.007)  
 AI Adoption ×  
 WasteMan RelDens_ln −0.501  
 (0.683)  
 Agriculture RelDens_ln −0.003 −0.003  
 (0.003) (0.004)  
 AI Adoption ×  
 Agriculture RelDens_ln −0.035  
 (0.531)  
 LogEnergy 0.984∗∗∗ 0.987∗∗∗ 0.987∗∗∗ 0.987∗∗∗ 0.987∗∗∗ 0.987∗∗∗ 0.987∗∗∗  
 (0.006) (0.006) (0.006) (0.007) (0.007) (0.007) (0.007)  
 GDPpc 0.001∗∗∗ 0.001∗∗ 0.001∗∗ 0.001∗∗ 0.001∗∗ 0.001∗∗ 0.001∗∗  
 (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) (0.0003)  
 Pat −0.002 0.006 0.006 0.005 0.007 0.0003 −0.001  
 (0.021) (0.021) (0.021) (0.022) (0.021) (0.019) (0.019)  
 ShareManufact 0.064∗∗∗ 0.052∗∗ 0.052∗∗ 0.055∗∗ 0.056∗∗ 0.045∗∗ 0.043∗∗  
 (0.025) (0.024) (0.023) (0.022) (0.022) (0.021) (0.021)  
 PopDens_ln −0.012∗∗∗ −0.011∗∗∗ −0.011∗∗∗ −0.011∗∗∗ −0.011∗∗∗ −0.011∗∗∗ −0.010∗∗∗  
 (0.002) (0.002) (0.002) (0.003) (0.003) (0.003) (0.002)  
 ShareLargefirms 0.037∗∗ 0.034∗∗ 0.036∗∗ 0.035∗ 0.034∗ 0.036∗ 0.035∗  
 (0.018) (0.017) (0.017) (0.018) (0.019) (0.019) (0.019)  
 AgePop 0.0002 −0.0002 −0.0003 0.0003 0.0004 0.0004 0.001  
 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)  
 EnergySupply_ln 0.003∗ 0.002 0.002 0.002 0.002 0.003∗ 0.003∗  
 (0.002) (0.001) (0.001) (0.002) (0.001) (0.001) (0.001)  
 Public data centres −0.0003 −0.0002 −0.0002 −0.0002 −0.0002 −0.0002 −0.0002  
 (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) (0.0003)  
 Time-fixed effects Yes Yes Yes Yes Yes Yes Yes  
 Region-fixed effects Yes Yes Yes Yes Yes Yes Yes  
 Observations 3302 3302 3302 3302 3302 3302 3302  
 No. of instruments 379 379 379 379 379 379 379  
 AR1 (𝑝-value) 0.000 0.000 0.000 0.000 0.000 0.000 0.000  
 AR2 (𝑝-value) 0.631 0.626 0.625 0.615 0.614 0.626 0.626  
 Hansen-J (𝑝-value) 0.620 0.637 0.652 0.603 0.602 0.589 0.656  
Note: Two-step robust standard errors (GMM) in parentheses. A one-year time lag is applied for all independent variables. * p<0.10, ** p<0.05, *** p<0.01.
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Table 8
Regression results with lag limits: Adoption.
 (1) (2) (3) (4) (5) (6)  
 LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy  
 AI Adoption −1.891** −1.225 −2.003*** −13.130** −2.410***  
 (0.761) (0.958) (0.776) (6.280) (0.922)  
 Green Adoption −0.604*  
 (0.331)  
 Green adopter dummy 0.010  
 (0.016)  
 Green adopter dummy × AI Adoption −1.275  
 (1.861)  
 PreAI Period 0.015**  
 (0.007)  
 PreAI Period × AI Adoption −8.528*  
 (4.364)  
 LogEnergy 0.988*** 0.989*** 0.988*** 0.986*** 0.991*** 0.987***  
 (0.007) (0.006) (0.006) (0.007) (0.014) (0.009)  
 GDPpc 0.001** 0.001* 0.001** 0.001** 0.0004 0.001**  
 (0.0003) (0.0003) (0.0003) (0.0003) (0.001) (0.0004)  
 ShareManufact 0.041* 0.048** 0.040** 0.044** 0.039 0.041  
 (0.021) (0.022) (0.020) (0.022) (0.052) (0.028)  
 PopDens_ln −0.011*** −0.012*** −0.011*** −0.011*** −0.008* −0.012***  
 (0.002) (0.002) (0.003) (0.003) (0.00432) (0.003)  
 ShareLargefirms 0.033* 0.036* 0.029 0.034* 0.016 0.041  
 (0.019) (0.018) (0.020) (0.019) (0.034) (0.025)  
 AgePop 0.0003 0.00002 0.001 0.0002 0.0001 0.001  
 (0.001) (0.001) (0.001) (0.001) (0.002) (0.001)  
 EnergySupply_ln 0.002 0.001 0.002 0.002 0.003 0.002  
 (0.001) (0.001) (0.001) (0.002) (0.003) (0.001)  
 Pat 0.005 −0.008 −0.0001 0.008 0.075 0.016  
 (0.022) (0.026) (0.023) (0.021) (0.114) (0.028)  
 Public data centres −0.0002 −0.0002 −0.0002 −0.0002 −0.001 0.0002  
 (0.0003) (0.0003) (0.0003) (0.0003) (0.001) (0.0003)  
 Time-fixed effects Yes Yes Yes Yes Yes Yes  
 Region-fixed effects Yes Yes Yes Yes Yes Yes  
 Sample Full Full Full Full Period (2012–2017) Period (2018–2023) 
 Observations 3302 3302 3302 3302 1320 1982  
 No. of instruments 291 291 319 291 66 231  
 AR1 (𝑝-value) 0.000 0.000 0.000 0.000 0.000 0.005  
 AR2 (𝑝-value) 0.619 0.624 0.629 0.616 0.541 0.439  
 Hansen-J (𝑝-value) 0.257 0.148 0.261 0.229 0.719 0.159  
Note: Two-step robust standard errors (GMM) in parentheses. A one-year time lag is applied for all independent variables. Instruments for the GMM-style variables 
(AI Adoption, Pat, GDPpc, LogEnergy, ShareManufact) are limited to lags 1 to 7. * p<0.10, ** p<0.05, *** p<0.01.
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Table 9
Regression Results with lag limits: AI Adoption by Firm Size.
 (1) (2) (3)  
 LogEnergy LogEnergy LogEnergy 
 AI_share_firm_large −0.175**  
 (0.085)  
 AI_share_firm_medium −0.352  
 (0.237)  
 AI_share_firm_small −0.931**  
 (0.418)  
 LogEnergy 0.989*** 0.990*** 0.990***  
 (0.007) (0.006) (0.006)  
 GDPpc 0.0004* 0.0005* 0.0005*  
 (0.0003) (0.0003) (0.0003)  
 ShareManufact 0.043* 0.033 0.037*  
 (0.022) (0.021) (0.020)  
 PopDens_ln −0.012*** −0.010*** −0.010*** 
 (0.002) (0.002) (0.002)  
 ShareLargefirms 0.038** 0.030 0.028  
 (0.019) (0.019) (0.018)  
 AgePop 0.0001 0.0006 0.0004  
 (0.001) (0.001) (0.001)  
 EnergySupply_ln 0.002 0.002 0.002  
 (0.001) (0.001) (0.001)  
 Pat −0.004 −0.004 −0.008  
 (0.025) (0.024) (0.024)  
 Public data centres −0.0003 −0.0003 −0.0003  
 (0.0003) (0.0003) (0.0003)  
 Time-fixed effects Yes Yes Yes  
 Region-fixed effects Yes Yes Yes  
 Observations 3302 3302 3302  
 No. of instruments 291 291 291  
 AR1 (𝑝-value) 0.000 0.000 0.000  
 AR2 (𝑝-value) 0.625 0.611 0.620  
 Hansen-J (𝑝-value) 0.336 0.369 0.417  
Note: Two-step robust standard errors (GMM) in parentheses. A one-year time lag is applied for all independent variables. Instruments for the GMM-style variables 
(AI_share_firm_large, AI_share_firm_medium, AI_share_firm_small, Pat, GDPpc, LogEnergy, ShareManufact) are limited to lags 1 to 7. * p<0.10, ** p<0.05, *** p<0.01.
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Table 10
Regression Results with lag limits: AI Intensity and Green Knowledge.
 (1) (2) (3) (4)  
 LogEnergy LogEnergy LogEnergy LogEnergy 
 AI_Adoption_Intensity −1.634** 1.066 −1.810** −0.151  
 (0.740) (1.917) (0.808) (1.723)  
 AI_RelDens_ln −0.010* −0.008  
 (0.006) (0.005)  
 AI_Adoption_Intensity × AI_RelDens_ln −0.976  
 (0.767)  
 Green_RelDens_ln −0.004 −0.003  
 (0.008) (0.008)  
 AI_Adoption_Intensity × Green_RelDens_ln −0.629  
 (0.654)  
 LogEnergy 0.987*** 0.987*** 0.990*** 0.990***  
 (0.006) (0.006) (0.006) (0.006)  
 GDPpc 0.001** 0.001** 0.001** 0.001**  
 (0.0003) (0.0003) (0.0003) (0.0003)  
 ShareManufact 0.056** 0.059*** 0.046** 0.048**  
 (0.022) (0.023) (0.022) (0.023)  
 PopDens_ln −0.011*** −0.011*** −0.011*** −0.011*** 
 (0.002) (0.002) (0.002) (0.002)  
 ShareLargefirms 0.026 0.024 0.033 0.032  
 (0.019) (0.020) (0.021) (0.019)  
 AgePop −0.001 −0.001 0.000 0.000  
 (0.001) (0.001) (0.001) (0.001)  
 EnergySupply_ln 0.002* 0.002* 0.002 0.002  
 (0.001) (0.001) (0.001) (0.001)  
 Pat 0.009 0.016 0.000 0.005  
 (0.022) (0.021) (0.024) (0.023)  
 Public data centres −0.0003 −0.0003 −0.0003 −0.0003  
 (0.0003) (0.0003) (0.0003) (0.0003)  
 Year Fixed Effects Yes Yes Yes Yes  
 Region Fixed Effects Yes Yes Yes Yes  
 Observations 3302 3302 3302 3302  
 No. of instruments 349 349 349 349  
 AR1 (𝑝-value) 0.000 0.000 0.000 0.000  
 AR2 (𝑝-value) 0.639 0.637 0.621 0.623  
 Hansen-J (𝑝-value) 0.457 0.411 0.350 0.454  
Note: Two-step robust standard errors (GMM) in parentheses. A one-year time lag is applied for all independent variables. Instruments for the GMM-style variables 
(AI Adoption Intensity, Pat, GDPpc, LogEnergy, AI RelDens_ln, Green RelDens_ln, ShareManufact) are limited to lags 1 to 7. * p<0.10, ** p<0.05, *** p<0.01.
Table 11
Regression results with alternative threshold for green adopting and non-adopting regions: Adoption.
 (1) LogEnergy 
 AI Adoption −5.484  
 (3.386)  
 Green adopter dummy −0.006  
 (0.011)  
 Green adopter dummy × AI Adoption 3.559  
 (3.225)  
 LogEnergy 0.986∗∗∗  
 (0.006)  
 GDPpc 0.001∗∗  
 (0.0003)  
 ShareManufact 0.041∗∗  
 (0.019)  
 PopDens_ln −0.011∗∗∗  
 (0.002)  
 ShareLargefirms 0.036∗∗  
 (0.017)  
 AgePop 0.001  
 (0.001)  
 (continued on next page)
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Table 11 (continued).
 (1) LogEnergy 
 EnergySupply_ln 0.003∗  
 (0.001)  
 Pat 0.004  
 (0.018)  
 Public data centres −0.0002  
 (0.0003)  
 Time-fixed effects Yes  
 Region-fixed effects Yes  
 Sample Full  
 Observations 3302  
 No. of instruments 347  
 AR1 (𝑝-value) 0.000  
 AR2 (𝑝-value) 0.622  
 Hansen-J (𝑝-value) 0.357  
Note: Two-step robust standard errors (GMM) in parentheses. A one-year time lag is applied for all independent 
variables. * p<0.10, ** p<0.05, *** p<0.01.
Table 12
Regression Results with longer time lag for the patent-related variables: AI Intensity and Green Knowledge.
 (1) (2) (3) (4)  
 LogEnergy LogEnergy LogEnergy LogEnergy 
 AI Adoption −1.695∗∗ 0.253 −1.871∗∗ −1.950  
 (0.778) (1.800) (0.873) (1.951)  
 AI RelDens_ln −0.013∗∗ −0.012∗∗  
 (0.006) (0.006)  
 AI Adoption × AI RelDens_ln −0.723  
 (0.698)  
 Green RelDens_ln −0.003 −0.003  
 (0.009) (0.009)  
 AI Adoption × Green RelDens_ln 0.079  
 (0.687)  
 LogEnergy 0.977∗∗∗ 0.977∗∗∗ 0.975∗∗∗ 0.976∗∗∗  
 (0.006) (0.006) (0.007) (0.007)  
 GDPpc 0.001∗∗∗ 0.001∗∗∗ 0.001∗∗ 0.001∗∗  
 (0.0003) (0.0003) (0.0003) (0.0003)  
 ShareManufact 0.067∗∗∗ 0.069∗∗∗ 0.061∗∗ 0.059∗∗  
 (0.026) (0.025) (0.024) (0.024)  
 PopDens_ln −0.011∗∗∗ −0.011∗∗∗ −0.013∗∗∗ −0.013∗∗∗  
 (0.003) (0.003) (0.003) (0.003)  
 ShareLargefirms 0.038∗ 0.037∗ 0.049∗∗ 0.049∗∗  
 (0.021) (0.021) (0.023) (0.023)  
 AgePop −0.000 −0.000 0.001 0.001  
 (0.001) (0.001) (0.002) (0.002)  
 EnergySupply_ln 0.004∗∗∗ 0.004∗∗∗ 0.004∗∗∗ 0.004∗∗∗  
 (0.002) (0.002) (0.002) (0.002)  
 Pat 0.018 0.023 0.027 0.026  
 (0.033) (0.034) (0.034) (0.035)  
 Public data centres −0.0002 −0.0002 −0.0003 −0.0003  
 (0.0004) (0.0004) (0.0004) (0.0004)  
 Time-fixed effects Yes Yes Yes Yes  
 Region-fixed effects Yes Yes Yes Yes  
 Observations 3014 3014 3014 3014  
 No. of instruments 330 330 330 330  
 AR1 (𝑝-value) 0.000 0.000 0.000 0.000  
 AR2 (𝑝-value) 0.501 0.497 0.508 0.508  
 Hansen-J (𝑝-value) 0.372 0.333 0.383 0.391  
Note: Two-step robust standard errors (GMM) in parentheses. A three-year time lag is applied for the following patent-based variables: AI RelDens_ln, Green 
RelDens_ln, Pat. For the remaining independent variables a one-year time lag is applied. * p<0.10, ** p<0.05, *** p<0.01.
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Table 13
Regression results with additional external instrument: Adoption.
 (1) LogEnergy (2) LogEnergy 
 AI Adoption −1.807∗∗  
 (0.762)  
 Green Adoption −0.601∗  
 (0.337)  
 LogEnergy 0.984∗∗∗ 0.988∗∗∗  
 (0.007) (0.006)  
 GDPpc 0.001∗∗ 0.001∗  
 (0.0003) (0.0003)  
 ShareManufact 0.045∗∗ 0.050∗∗  
 (0.021) (0.022)  
 PopDens_ln −0.011∗∗∗ −0.012∗∗∗  
 (0.003) (0.002)  
 ShareLargefirms 0.041∗∗ 0.036∗∗  
 (0.018) (0.018)  
 AgePop 0.001 0.000  
 (0.001) (0.001)  
 EnergySupply_ln 0.003∗ 0.002  
 (0.002) (0.001)  
 Pat 0.005 −0.009  
 (0.018) (0.023)  
 Public data centres −0.0002 −0.0002  
 (0.0003) (0.0003)  
 Time-fixed effects Yes Yes  
 Region-fixed effects Yes Yes  
 Bartik instrument variable Yes Yes  
 Observations 3302 3302  
 No. of instruments 316 316  
 AR1 (𝑝-value) 0.000 0.000  
 AR2 (𝑝-value) 0.622 0.627  
 Hansen-J (𝑝-value) 0.235 0.131  
Note: Two-step robust standard errors (GMM) in parentheses. A one-year time lag is applied for all independent variables. * p<0.10, ** p<0.05, *** p<0.01.
Table 14
Regression Results: Adoption with spatial lag term.
 (1) (2) (3) (4) (5) (6)  
 LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy 
 AI Adoption −2.070*** −1.559* −2.176*** −11.030 −2.366**  
 (0.801) (0.942) (0.822) (6.838) (0.969)  
 Green Adoption −0.569*  
 (0.320)  
 Green adopter dummy 0.007  
 (0.016)  
 Green adopter dummy × AI Adoption −1.244  
 (1.807)  
 PreAI Period 0.016**  
 (0.007)  
 PreAI Period × AI Adoption −7.300  
 (4.475)  
 LogEnergy 0.983*** 0.987*** 0.985*** 0.982*** 0.992*** 0.986***  
 (0.006) (0.006) (0.006) (0.007) (0.014) (0.009)  
 GDPpc 0.001** 0.001** 0.001** 0.001** 0.0003 0.001**  
 (0.0003) (0.0003) (0.0003) (0.0003) (0.001) (0.0004)  
 ShareManufact 0.047** 0.044** 0.044** 0.048** 0.023 0.041*  
 (0.020) (0.020) (0.020) (0.020) (0.050) (0.025)  
 PopDens_ln −0.012*** −0.012*** −0.012*** −0.012*** −0.009** −0.013*** 
 (0.002) (0.002) (0.003) (0.002) (0.004) (0.003)  
 ShareLargefirms 0.043** 0.037** 0.043** 0.044** 0.022 0.050*  
 (0.019) (0.018) (0.020) (0.019) (0.034) (0.027)  
 (continued on next page)
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Table 14 (continued).
 (1) (2) (3) (4) (5) (6)  
 LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy  
 AgePop 0.001 0.001 0.001 0.001 −0.0004 0.001  
 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)  
 EnergySupply_ln 0.003* 0.002 0.003* 0.003** 0.003 0.003*  
 (0.002) (0.001) (0.002) (0.002) (0.003) (0.002)  
 Public data centres −0.0002 −0.0002 −0.0002 −0.0002 −0.001 0.0002  
 (0.0003) (0.0003) (0.0003) (0.0003) (0.001) (0.0003)  
 Spatial Lag AI Adoption 1.201 0.357 1.968 1.158 −0.998 1.208  
 (1.307) (1.269) (1.403) (1.307) (11.20) (1.331)  
 Time-fixed effects Yes Yes Yes Yes Yes Yes  
 Region-fixed effects Yes Yes Yes Yes Yes Yes  
 Sample Full Full Full Full Period (2012–2017) Period (2018–2023) 
 Observations 3302 3302 3302 3302 1320 1982  
 No. of instruments 370 370 347 370 76 300  
 AR1 (𝑝-value) 0.000 0.000 0.000 0.000 0.000 0.005  
 AR2 (𝑝-value) 0.620 0.627 0.631 0.618 0.538 0.438  
 Hansen-J (𝑝-value) 0.485 0.509 0.366 0.461 0.500 0.325  
Note: Two-step robust standard errors (GMM) in parentheses. A one-year time lag is applied for all independent variables. * p<0.10, ** p<0.05, *** p<0.01.
Table 15
Regression results: AI Adoption by Firm Size with spatial lag term.
 (1) (2) (3)  
 LogEnergy LogEnergy LogEnergy 
 AI_share_firm_large −0.185**  
 (0.087)  
 AI_share_firm_medium −0.333  
 (0.240)  
 AI_share_firm_small −1.003**  
 (0.441)  
 LogEnergy (lag) 0.985*** 0.985*** 0.986***  
 (0.007) (0.007) (0.006)  
 Pat 0.005 0.001 −0.003  
 (0.018) (0.018) (0.018)  
 GDPpc 0.0004* 0.001** 0.001**  
 (0.0003) (0.0003) (0.0003)  
 ShareManufact 0.042** 0.041** 0.042**  
 (0.021) (0.020) (0.019)  
 PopDens_ln −0.012*** −0.011*** −0.011*** 
 (0.002) (0.002) (0.002)  
 ShareLargefirms 0.047** 0.042** 0.038**  
 (0.019) (0.019) (0.018)  
 AgePop 0.001 0.001 0.001  
 (0.001) (0.001) (0.001)  
 EnergySupply_ln 0.003* 0.003* 0.003*  
 (0.002) (0.002) (0.001)  
 Public data centres −0.0002 −0.0002 −0.0002  
 (0.0003) (0.0003) (0.0003)  
 Spatial lag of AI 1.032 0.688 1.111  
 (1.323) (1.263) (1.344)  
 Time-fixed effects Yes Yes Yes  
 Region-fixed effects Yes Yes Yes  
 Observations 3302 3302 3302  
 No. of instruments 370 370 370  
 AR1 (𝑝-value) 0.000 0.000 0.000  
 AR2 (𝑝-value) 0.627 0.618 0.622  
 Hansen-J (𝑝-value) 0.521 0.509 0.522  
Note: Two-step robust standard errors (GMM) in parentheses. All independent variables are lagged by one year. Time-fixed effects include year dummies. * p<0.10, 
** p<0.05, *** p<0.01.
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Table 16
Regression Results: AI and Green Knowledge with spatial lag term.
 (1) (2) (3) (4)  
 LogEnergy LogEnergy LogEnergy LogEnergy 
 AI Adoption −2.010** 0.436 −1.954** −0.218  
 (0.783) (1.944) (0.791) (1.801)  
 AI RelDens_ln −0.009* −0.008  
 (0.006) (0.006)  
 AI Adoption × AI RelDens_ln −0.892  
 (0.795)  
 Green RelDens_ln −0.007 −0.006  
 (0.008) (0.008)  
 AI Adoption × Green RelDens_ln −0.722  
 (0.690)  
 LogEnergy (lag) 0.984*** 0.984*** 0.985*** 0.985***  
 (0.006) (0.006) (0.006) (0.006)  
 GDPpc 0.001** 0.001** 0.001** 0.001***  
 (0.0003) (0.0003) (0.0003) (0.0003)  
 ShareManufact 0.057*** 0.060*** 0.057*** 0.061**  
 (0.022) (0.023) (0.022) (0.024)  
 PopDens_ln −0.011*** −0.011*** −0.012*** −0.012*** 
 (0.002) (0.002) (0.002) (0.002)  
 ShareLargefirms 0.040** 0.037** 0.041** 0.040**  
 (0.019) (0.019) (0.019) (0.019)  
 AgePop −0.0001 −0.0002 0.0003 0.0003  
 (0.001) (0.001) (0.001) (0.001)  
 EnergySupply_ln 0.003* 0.003** 0.003* 0.003*  
 (0.002) (0.001) (0.001) (0.001)  
 Pat 0.009 0.014 0.006 0.012  
 (0.018) (0.018) (0.019) (0.018)  
 Public data centres −0.0003 −0.0002 −0.0002 −0.0002  
 (0.0003) (0.0003) (0.0003) (0.0003)  
 Spatial lag of AI 1.893 2.336* 1.550 1.877  
 (1.273) (1.388) (1.245) (1.263)  
 Time-fixed effects Yes Yes Yes Yes  
 Region-fixed effects Yes Yes Yes Yes  
 Observations 3302 3302 3302 3302  
 No. of instruments 434 434 434 434  
 AR1 (𝑝-value) 0.000 0.000 0.000 0.000  
 AR2 (𝑝-value) 0.638 0.636 0.621 0.623  
 Hansen-J (𝑝-value) 0.993 0.993 0.984 0.984  
Note: Two-step robust standard errors (GMM) in parentheses. All independent variables are lagged by one year. * p<0.10, ** p<0.05, *** p<0.01.
Table 17
Regression Results: Adoption (Winsorized at 1%/99%).
 (1) (2) (3) (4) (5) (6)  
 LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy 
 AI Adoption −1.718** −1.339 −1.807** −12.730** −2.051**  
 (0.735) (0.918) (0.757) (6.385) (0.889)  
 Green Adoption −0.612*  
 (0.327)  
 Green adopter dummy 0.006  
 (0.016)  
 Green adopter dummy × AI Adoption −0.998  
 (1.738)  
 PreAI Period −0.005  
 (0.007)  
 PreAI Period × AI Adoption −6.977  
 (4.332)  
 LogEnergy 0.987*** 0.990*** 0.987*** 0.986*** 0.989*** 0.988***  
 (0.007) (0.006) (0.007) (0.007) (0.014) (0.009)  
 GDPpc 0.001** 0.001* 0.001** 0.001** 0.0004 0.001**  
 (0.0003) (0.0003) (0.0003) (0.0003) (0.001) (0.0004)  
 ShareManufact 0.038* 0.045** 0.039* 0.040* 0.057 0.040  
 (0.021) (0.021) (0.022) (0.022) (0.055) (0.026)  
 PopDens_ln −0.010*** −0.011*** −0.011*** −0.010*** −0.007 −0.012*** 
 (0.002) (0.002) (0.002) (0.002) (0.005) (0.003)  
 (continued on next page)
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Table 17 (continued).
 (1) (2) (3) (4) (5) (6)  
 LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy  
 ShareLargefirms 0.031* 0.028* 0.028 0.031* 0.014 0.034  
 (0.017) (0.017) (0.018) (0.018) (0.032) (0.0233)  
 AgePop 0.001 0.0004 0.001 0.001 0.0004 0.001  
 (0.001) (0.001) (0.001) (0.001) (0.002) (0.001)  
 EnergySupply_ln 0.003* 0.002 0.003* 0.003* 0.003 0.003*  
 (0.002) (0.001) (0.002) (0.002) (0.003) (0.002)  
 Pat 0.005 −0.007 0.004 0.007 0.046 0.012  
 (0.018) (0.022) (0.019) (0.018) (0.099) (0.025)  
 Public data centres −0.0003 −0.0003 −0.0003 −0.0003 −0.001 0.0001  
 (0.0003) (0.0003) (0.0003) (0.0003) (0.001) (0.0003)  
 Time-fixed effects Yes Yes Yes Yes Yes Yes  
 Region-fixed effects Yes Yes Yes Yes Yes Yes  
 Sample Full Full Full Full Period (2012–2017) Period (2018–2023) 
 Observations 3302 3302 3302 3302 1320 1982  
 No. of instruments 315 315 346 315 66 255  
 AR1 (𝑝-value) 0.000 0.000 0.000 0.000 0.000 0.006  
 AR2 (𝑝-value) 0.428 0.429 0.432 0.426 0.513 0.328  
 Hansen-J (𝑝-value) 0.238 0.139 0.361 0.218 0.655 0.264  
Note: Two-step robust standard errors (GMM) in parentheses. A one-year time lag is applied for all independent variables. * p<0.10, ** p<0.05, *** p<0.01.
Table 18
Regression Results: Adoption (Winsorized at 5%/95%).
 (1) (2) (3) (4) (5) (6)  
 LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy LogEnergy  
 AI Adoption −1.600** −1.115 −1.676** −10.590 −2.381***  
 (0.710) (0.866) (0.758) (6.681) (0.915)  
 Green Adoption −0.778***  
 (0.287)  
 Green adopter dummy 0.008  
 (0.015)  
 Green adopter dummy × AI Adoption −1.189  
 (1.693)  
 PreAI Period −0.005  
 (0.007)  
 PreAI Period × AI Adoption −6.012  
 (3.956)  
 LogEnergy 0.986*** 0.988*** 0.987*** 0.985*** 0.992*** 0.983***  
 (0.008) (0.007) (0.007) (0.008) (0.017) (0.012)  
 GDPpc 0.001** 0.001** 0.001** 0.001** 0.0004 0.001**  
 (0.0003) (0.0002) (0.0003) (0.0003) (0.001) (0.0004)  
 ShareManufact 0.029 0.035* 0.026 0.031 0.017 0.033  
 (0.021) (0.021) (0.020) (0.022) (0.055) (0.0298)  
 PopDens_ln −0.009*** −0.011*** −0.009*** −0.009*** −0.008* −0.010***  
 (0.002) (0.002) (0.002) (0.002) (0.005) (0.003)  
 ShareLargefirms 0.022 0.025 0.019 0.022 0.015 0.037  
 (0.015) (0.015) (0.015) (0.016) (0.030) (0.0237)  
 AgePop 0.001 0.001 0.001 0.001 0.001 0.002  
 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)  
 EnergySupply_ln 0.003* 0.002 0.002* 0.003** 0.002 0.004**  
 (0.001) (0.001) (0.001) (0.002) (0.002) (0.002)  
 Pat −0.007 −0.014 −0.008 −0.006 0.036 0.007  
 (0.019) (0.024) (0.019) (0.019) (0.085) (0.026)  
 Public data centres 0.0002 0.0002 0.0002 0.0002 −0.0004 0.0004  
 (0.0003) (0.0002) (0.0003) (0.0003) (0.0006) (0.0004)  
 Time-fixed effects Yes Yes Yes Yes Yes Yes  
 Region-fixed effects Yes Yes Yes Yes Yes Yes  
 Sample Full Full Full Full Period (2012–2017) Period (2018–2023) 
 Observations 3302 3302 3302 3302 1320 1982  
 No. of instruments 315 315 346 315 66 255  
 AR1 (𝑝-value) 0.000 0.000 0.000 0.000 0.000 0.014  
 AR2 (𝑝-value) 0.307 0.303 0.307 0.307 0.993 0.265  
 Hansen-J (𝑝-value) 0.306 0.137 0.366 0.243 0.539 0.302  
Note: Two-step robust standard errors (GMM) in parentheses. A one-year time lag is applied for all independent variables. * p<0.10, ** p<0.05, *** p<0.01.
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Table 19
Regression results: AI adoption by firm size (Winsorized at 1%/99%).
 (1) (2) (3)  
 LogEnergy LogEnergy LogEnergy 
 AI_share_firm_large −0.138*  
 (0.079)  
 AI_share_firm_medium −0.298  
 (0.232)  
 AI_share_firm_small −0.699*  
 (0.410)  
 LogEnergy 0.987*** 0.989*** 0.988***  
 (0.007) (0.007) (0.006)  
 GDPpc 0.0004 0.001* 0.001**  
 (0.0003) (0.0003) (0.0003)  
 ShareManufact 0.044* 0.035* 0.046**  
 (0.023) (0.021) (0.021)  
 PopDens_ln −0.011*** −0.009*** −0.010*** 
 (0.003) (0.002) (0.002)  
 ShareLargefirms 0.039** 0.028* 0.029  
 (0.017) (0.017) (0.019)  
 AgePop 0.0004 0.001 0.001  
 (0.001) (0.001) (0.001)  
 EnergySupply_ln 0.003* 0.003* 0.003*  
 (0.002) (0.002) (0.002)  
 Pat 0.002 0.000002 −0.006  
 (0.020) (0.020) (0.020)  
 Public data centres −0.0004 −0.0003 −0.0004  
 (0.0003) (0.0003) (0.0003)  
 Time-fixed effects Yes Yes Yes  
 Region-fixed effects Yes Yes Yes  
 Observations 3302 3302 3302  
 No. of instruments 315 315 315  
 AR1 (𝑝-value) 0.000 0.000 0.000  
 AR2 (𝑝-value) 0.433 0.424 0.426  
 Hansen-J (𝑝-value) 0.312 0.258 0.345  
Note: Two-step robust standard errors (GMM) in parentheses. A one-year time lag is applied for all independent variables. * p<0.10, ** p<0.05, *** p<0.01.
Table 20
Regression results: AI adoption by firm size (Winsorized at 5%/95%).
 (1) (2) (3)  
 LogEnergy LogEnergy LogEnergy 
 AI_share_firm_large −0.093  
 (0.073)  
 AI_share_firm_medium −0.318  
 (0.223)  
 AI_share_firm_small −0.731*  
 (0.391)  
 LogEnergy 0.987*** 0.989*** 0.987***  
 (0.008) (0.008) (0.007)  
 GDPpc 0.001* 0.001** 0.001**  
 (0.0002) (0.0002) (0.0003)  
 ShareManufact 0.034 0.026 0.036*  
 (0.023) (0.020) (0.020)  
 PopDens_ln −0.010*** −0.009*** −0.010*** 
 (0.003) (0.002) (0.002)  
 ShareLargefirms 0.027* 0.020 0.021  
 (0.016) (0.016) (0.016)  
 AgePop 0.001 0.001 0.001  
 (0.001) (0.001) (0.001)  
 EnergySupply_ln 0.003* 0.002 0.003*  
 (0.002) (0.002) (0.001)  
 Pat −0.012 −0.013 −0.014  
 (0.021) (0.022) (0.021)  
 Public data centres 0.00004 0.0002 0.0001  
 (0.0003) (0.0002) (0.0003)  
 (continued on next page)
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Table 20 (continued).
 (1) (2) (3)  
 LogEnergy LogEnergy LogEnergy 
 Time-fixed effects Yes Yes Yes  
 Region-fixed effects Yes Yes Yes  
 Observations 3302 3302 3302  
 No. of instruments 315 315 315  
 AR1 (𝑝-value) 0.000 0.000 0.000  
 AR2 (𝑝-value) 0.307 0.302 0.308  
 Hansen-J (𝑝-value) 0.441 0.208 0.431  
Note: Two-step robust standard errors (GMM) in parentheses. A one-year time lag is applied for all independent variables. * p<0.10, ** p<0.05, *** p<0.01.
Table 21
Regression results: AI and green knowledge (Winsorized at 1%/99%).
 (1) (2) (3) (4)  
 LogEnergy LogEnergy LogEnergy LogEnergy 
 AI Adoption −1.576** 0.634 −1.680** −0.775  
 (0.740) (2.043) (0.771) (1.803)  
 AI RelDens_ln −0.010* −0.008  
 (0.006) (0.006)  
 AI Adoption × AI RelDens_ln −0.802  
 (0.809)  
 Green RelDens_ln −0.007 −0.006  
 (0.008) (0.008)  
 AI Adoption × Green RelDens_ln −0.358  
 (0.668)  
 LogEnergy 0.987*** 0.987*** 0.989*** 0.989***  
 (0.006) (0.006) (0.006) (0.006)  
 GDPpc 0.001*** 0.001*** 0.001*** 0.001***  
 (0.0003) (0.0003) (0.0003) (0.0003)  
 ShareManufact 0.054** 0.056** 0.049** 0.052**  
 (0.023) (0.024) (0.022) (0.023)  
 PopDens_ln −0.010*** −0.010*** −0.010*** −0.010*** 
 (0.002) (0.002) (0.002) (0.002)  
 ShareLargefirms 0.021 0.018 0.022 0.022  
 (0.017) (0.018) (0.017) (0.017)  
 AgePop −0.0003 −0.0004 0.0001 0.0001  
 (0.001) (0.001) (0.001) (0.001)  
 EnergySupply_ln 0.003* 0.003* 0.003* 0.003*  
 (0.002) (0.002) (0.002) (0.002)  
 Pat 0.008 0.014 0.005 0.007  
 (0.019) (0.019) (0.020) (0.019)  
 Public data centres −0.0004 −0.0003 −0.0004 −0.0003  
 (0.0003) (0.0003) (0.0003) (0.0003)  
 Time-fixed effects Yes Yes Yes Yes  
 Region-fixed effects Yes Yes Yes Yes  
 Observations 3302 3302 3302 3302  
 No. of instruments 379 379 379 379  
 AR1 (𝑝-value) 0.000 0.000 0.000 0.000  
 AR2 (𝑝-value) 0.440 0.438 0.429 0.430  
 Hansen-J (𝑝-value) 0.581 0.579 0.645 0.655  
Note: Two-step robust standard errors (GMM) in parentheses. A one-year time lag is applied for all independent variables. * p<0.10, ** p<0.05, *** p<0.01.
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Table 22
Regression results: AI and green knowledge (Winsorized at 5%/95%).
 (1) (2) (3) (4)  
 LogEnergy LogEnergy LogEnergy LogEnergy 
 AI Adoption −1.640** 1.442 −1.646** −0.429  
 (0.695) (2.027) (0.746) (1.740)  
 AI RelDens_ln −0.010* −0.008  
 (0.006) (0.005)  
 AI Adoption × AI RelDens_ln −1.106  
 (0.780)  
 Green RelDens_ln −0.004 −0.003  
 (0.008) (0.008)  
 AI Adoption × Green RelDens_ln −0.488  
 (0.661)  
 LogEnergy 0.985*** 0.986*** 0.988*** 0.988***  
 (0.007) (0.007) (0.007) (0.007)  
 GDPpc 0.001*** 0.001*** 0.001*** 0.001***  
 (0.0003) (0.0003) (0.0003) (0.0003)  
 ShareManufact 0.046** 0.049** 0.034 0.036  
 (0.023) (0.023) (0.021) (0.022)  
 PopDens_ln −0.009*** −0.009*** −0.009*** −0.009*** 
 (0.002) (0.002) (0.002) (0.002)  
 ShareLargefirms 0.018 0.014 0.016 0.015  
 (0.016) (0.017) (0.016) (0.017)  
 AgePop −0.0002 −0.0004 0.0005 0.0005  
 (0.001) (0.001) (0.001) (0.001)  
 EnergySupply_ln 0.002* 0.003* 0.002* 0.002*  
 (0.001) (0.001) (0.001) (0.001)  
 Pat −0.0003 0.008 −0.008 −0.004  
 (0.019) (0.019) (0.021) (0.020)  
 Public data centres 0.0001 0.0002 0.0001 0.0002  
 (0.0003) (0.0003) (0.0002) (0.0003)  
 Time-fixed effects Yes Yes Yes Yes  
 Region-fixed effects Yes Yes Yes Yes  
 Observations 3302 3302 3302 3302  
 No. of instruments 379 379 379 379  
 AR1 (𝑝-value) 0.000 0.000 0.000 0.000  
 AR2 (𝑝-value) 0.316 0.313 0.307 0.307  
 Hansen-J (𝑝-value) 0.575 0.558 0.575 0.594  
Note: Two-step robust standard errors (GMM) in parentheses. A one-year time lag is applied for all independent variables. * p<0.10, ** p<0.05, *** p<0.01.
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Table 23
Robustness: Alternative time periods for PreAI Period.
 (1) (2) (3) (4)  
 LogEnergy LogEnergy LogEnergy LogEnergy 
 AI Adoption −1.842** −1.861** −1.789** −1.717**  
 (0.778) (0.764) (0.762) (0.747)  
 PreAI Period × AI Adoption −1.744 −5.442 −3.758 −1.304  
 (6.858) (7.285) (2.877) (1.560)  
 LogEnergy (t-1) 0.985*** 0.985*** 0.984*** 0.985***  
 (0.007) (0.007) (0.007) (0.007)  
 GDPpc 0.001** 0.001** 0.001** 0.001**  
 (0.0003) (0.0003) (0.0003) (0.0003)  
 ShareManufact 0.044** 0.044** 0.043** 0.043**  
 (0.021) (0.021) (0.021) (0.022)  
 PopDens_ln −0.011*** −0.011*** −0.011*** −0.011*** 
 (0.002) (0.002) (0.003) (0.003)  
 ShareLargefirms 0.039** 0.040** 0.042** 0.040**  
 (0.018) (0.018) (0.018) (0.018)  
 AgePop 0.001 0.001 0.001 0.001  
 (0.001) (0.001) (0.001) (0.001)  
 EnergySupply_ln 0.003* 0.003* 0.003* 0.003*  
 (0.002) (0.002) (0.002) (0.002)  
 Pat 0.004 0.005 0.008 0.005  
 (0.019) (0.019) (0.019) (0.019)  
 Public data centres −0.0002 −0.0002 −0.0001 −0.0002  
 (0.0003) (0.0003) (0.0003) (0.0003)  
 Time-fixed effects Yes Yes Yes Yes  
 Region-fixed effects Yes Yes Yes Yes  
 Sample Full Full Full Full  
 Observations 3302 3302 3302 3302  
 No. of instruments 315 315 315 315  
 AR1 (𝑝-value) 0.000 0.000 0.000 0.000  
 AR2 (𝑝-value) 0.621 0.625 0.634 0.614  
 Hansen-J (𝑝-value) 0.244 0.226 0.234 0.258  
Note: Two-step robust standard errors (GMM) in parentheses. All independent variables are lagged by one year. Each column uses a different definition of the 
PreAI period. In Model (1): 2012–2016; In Model (2): 2012–2015; In Model (3): 2012–2018; In Model (4): 2012–2019. * p<0.10, ** p<0.05, *** p<0.01.
Appendix B. Supplementary data

Supplementary material related to this article can be found online 
at https://doi.org/10.1016/j.eneco.2026.109526.
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