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Abstract

The circular economy represents a systematic shift in production and consumption,
aimed at extending the life cycle of products and materials while minimizing
resource use and waste. Achieving the goals of the circular economy presents firms
with the challenge of innovating new products, technologies, and business models,
however. This paper explores the role of artificial intelligence as an enabler of
circular economy innovations. Through an empirical analysis of the German
Community Innovation Survey, we show that firms investing in artificial intelligence
are more likely to introduce circular economy innovations than those that do not.
Additionally, the results indicate that the use of artificial intelligence enhances
firms’ abilities to lower production externalities (for instance, reducing pollution)
through these innovations. The findings of this paper underscore artificial
intelligence’s potential to accelerate the transition to the circular economy.
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1 Introduction

In order to reach the environmental goals of the Paris Agreement and European Green Deal
of zero net emissions by 2050, it is essential to transition towards more sustainable models
of production and consumption. In this context, the Circular Economy (CE) model has
emerged as a transformative approach, focusing on maximizing the utility of products and
materials throughout their life cycle by reducing energy and material inputs, reusing
resources, and designing for end-of-life (Geissdoerfer et al., 2017; Kirchherr et al., 2017). CE
is critical for achieving a green, sustainable economy that also safeguards human welfare and
economic growth (Millar et al., 2019). However, implementing CE principles challenges firms
to innovate, i.e., to develop new products, production technologies, and even business
models (Bocken et al., 2016; Chioatto et al., 2024). Understanding the factors driving circular
economy innovations (CEl) is therefore high on the research and policy agenda,? addressing
challenges ranging from the generation of new CE-focused technologies, challenges in their
adoption and implementation, and challenges surrounding the orchestration of circular
ecosystems. By addressing these challenges, businesses can contribute to enhancing
circularity within the economic system, which has remained stagnant at around 11.5% in the

EU over the past decade (Eurostat, 2023a).3

2 For example, the Circular Economy Action Plan of the European Commission (2015, 2020) serves as a key
component of the European Green Deal and highlights the need to identify determinants and barriers of CEI.

3 Eurostat determines the circularity rate by analyzing the use of circular materials in countries and assessing
the share of recycled materials in the total material consumption. This measure tends to be lower compared to
other circularity indicators, such as recycling rates, which stood at approximately 46% in the EU in 2022
(Eurostat, 2023b).



This paper focuses on the first element, the development of CEl. We argue that artificial
intelligence (Al) serves an enabler of CEl, due to its capacity to overcome the specific
challenges that firms face when investing in CEl. Recent literature highlights the expanding
role of Al in driving green innovations, particularly in sectors like transportation, energy, and
industrial systems (Biggi et al., 2024; Ghoreishi & Happonen, 2020). Through an empirical
investigation of the relation between CEl and Al based on the German part of the Community
Innovation Survey, we show that firms investing in Al are more likely to introduce CEl than
firms who do not invest in Al. Additionally, our findings suggest that firms using Al have
better abilities to lower production externalities and thus pollution through CEI. We
contribute to the literature on CEl and Al by showing this link at the firm level, improving on
the regional level of analysis of extant literature (Wang et al., 2023; Yin et al. 2023).% As a
whole, our findings indicate that Al can be an effective tool for businesses and policymakers
to overcome the complex challenges that firms often face when investing in CEl (de Jesus &

Mendonca, 2018; Kimmerer et al., 2020).

In what follows, we will discuss the conceptual background of this study (Section 2), the data

and methods (Section 3), the econometric results (Section 4) and the conclusions (Section 5).

2 Conceptual Background

Innovation is considered a key element in enabling the transition towards the CE (de Jesus &

Mendonca, 2018; Ellen MacArthur Foundation, 2019). Firms, therefore, play a central role in

4Yin et al. (2023) find a positive relationship between Al development and green technology innovation in
different Chinese regions, with threshold effects of the environmental regulation intensity in these regions.
Wang et al. (2023) show that countries with a higher stock of industrial robots relative to the number of
employed people, as a proxy for Al, is positively related to the development of environmental innovations.



driving this systemic shift by innovating new circular products, technologies, and business
models (Bocken et al., 2016). CEl is argued to not only yield environmental benefits, but also
create economic advantages that could add up to net benefits of estimated 1.8 trillion euros
in the EU by 2030 (Ellen MacArthur Foundation & McKinsey & Company, 2015). For instance,
firms could benefit economically from CEl by entering or expanding green markets (Cainelli
et al., 2020; Reif & Rexhauser, 2018), or by gaining reputational benefits (Mazzucchelli et al.,
2022; Veleva & Bodkin, 2018). Additionally, CEIl can lead to cost savings through increased
resource efficiency, which in turn allows firms to reduce product prices, ultimately leading to

further increased demand (Horbach & Rammer, 2020).

However, developing CEl is also challenging, since it often requires integrating various
systems, including supply chains, waste reduction technologies, and closed-loop production
processes. Because of these integrations, developing CEl is often seen as more complex than
general innovation (de Jesus & Mendonca, 2018; Geissdoerfer et al., 2017). Additionally, CEl
often relies on relatively new technologies that require more fundamental research, which
are typically complex and less likely to be aligned with the firm’s core competencies (De

Marchi, 2012; del Rio et al., 2011; Horbach et al., 2013; Kiimmerer et al., 2020).

In this context, it has been suggested that Al is a potentially powerful tool to accelerate the
transition towards CE (Ellen MacArthur Foundation & Google, 2019; Ghoreishi & Happonen,
2020). Al refers to a collection of technologies, including machine learning, natural language
processing, and robotics, that allow machines to perform tasks typically requiring human
intelligence (Trajtenberg, 2019). The rapid advancement of Al technologies in the last decade
have transformed it as a General Purpose Technology (GPT), with applications spanning

across a broad range of industrial sectors (Agrawal et al., 2019).



A crucial question is why Al would affect CEl. First, it has been acknowledged that Al has the
potential to radically change innovation processes in a general sense (Agrawal et al., 2019).
Deep learning and other forms of automated machine learning have shown to have
(potential) applications in most industrial activities through the automation of human
decision-making, with far-ranging consequences for production systems and supply chains.
For instance, Al applications can improve both the pace and quality of R&D processes, such
as through enhanced materials discovery in scientific research (Rammer et al., 2022; Toner-
Rodgers, 2024). In organizational contexts, Al adoption facilitates improved decision-making
and efficiency in the innovation process through automating (operational) tasks and
overcoming information processing constraints (Gama & Magistretti, 2023; Haefner et al.,
2021). Such applications of Al have been shown to positively impact firm productivity
(Czarnitzki et al., 2023; Toner-Rodgers, 2024) as well as innovation outcomes (Babina et al.,
2024; Rammer et al., 2022; Toner-Rodgers, 2024). Thus, expectations are high on the
potential of Al for disruptive innovation in general (Baruffaldi et al., 2020; Brynjolfsson et al.

2019; OECD, 2020).

More interesting for the purposes of this study are reasons to believe that Al also benefits
CEl in ways that align with the specific demands and challenges posed by the CE. Similar
arguments have been made about the potential of the broader idea of industry 4.0, and the
associated rise of ‘smart’ manufacturing, for unlocking (environmental and social)
sustainability goals. One of the core arguments is that industry 4.0 technologies enable
shorter production cycles, higher flexibility, and higher productivity through tight
interconnection and advanced data analytics, for example (Bai et al., 2020). Such tighter
integrations would, in theory, enable the system interconnections required for CE

transformation (de Jesus & Mendonca, 2018; Geissdoerfer et al., 2017).



A first specific way in which Al can support the development of circular products and
materials is by overcoming computational challenges that would otherwise be
insurmountable (Ellen MacArthur Foundation & Google, 2019; Ghoreishi & Happonen, 2020,
Roberts et al. 2024). This argument is especially relevant for the development of new
materials: while traditional R&D methods in material science often rely on trial and error,
which can be slow and resource-intensive, Al can accelerate this process through predictive
modeling and computational design (Butler et al., 2018). This is particularly relevant for
technologies related to CEl, as in many domains CE solutions will require rethinking products
at the fundamental level (Kimmerer et al., 2020).> While Kiimmerer et al. (2020) focus on
the need for simplification in CE solutions, abundant examples exist of CEl contributions that

are achieved by overcoming complexities with the aid of Al.®

Similarly, Al can simulate various design scenarios and their impacts on a product's lifecycle,
helping firms make decisions that optimize resource use, durability, and recyclability
simultaneously (Ellen MacArthur Foundation & Google, 2019; Ghoreishi & Happonen, 2020;

Tsirigotis, 2024). By enabling such systemic optimization, Al helps firms achieve the goals of

5 Kiimmerer et al. (2020) describe the challenges as “Modern circularity includes the design of products with
adapted lifetime, reusability, ease of repair and recycling ability — all made with renewable resources. [...] These
efforts will help address the Earth’s resource and waste challenges and contribute to sustainable development.
However, greater success will have to come from changes at the product-design level, led by scientists who
strive to decipher, at the atomic and molecular levels, how chemical products and their underpinning synthetic
chemistry fit into a CE” (p.369).

6 For instance, the Chilean company NotCo uses Al to develop plant-based food substitutes by analyzing
molecular patterns for ingredient selection and recipe formulation. Likewise, the ‘Accelerated Metallurgy’
project, funded by the European Space Agency, uses Al to design and test new alloy metal combinations
aligning with CE principles through additive manufacturing (Ellen MacArthur Foundation and Google, 2019).
More generally, Al is argued to play a critical role in catalyst design, where the large design space in terms of
parameter selection makes design highly complex. In recent years, several experimentally validated catalyst
technologies have been developed based on computational design (Kalikadien et al. 2024).



CE faster and more effectively than traditional methods, which may only address one part of

the product lifecycle at a time.”

Furthermore, Al enables the detection of opportunities for CEl by allowing to track and
analyze large volumes of complex data in real time (Acerbi et al., 2021; Ertz et al., 2022;
Ghoreishi & Happonen, 2020; Roberts et al., 2024). Unlike traditional linear production
models, where efficiency might be measured primarily in terms of costs or output, CEl is
more complex since it also focuses on other (system-level) metrics such as material
circularity (i.e., using recyclable materials), design parameters (i.e., building for
upgradeability or disassembly), energy consumption, and environmental impact (Ellen
MacArthur Foundation & Google, 2019). Rather than simply reducing costs, the primary goal
of CEl is thus to maintain value within the system (Bocken et al., 2016; Ellen MacArthur
Foundation, 2013; Geissdoerfer et al., 2017). Al's analytical capabilities are particularly well-
suited for achieving this objective, for example through optimizing recycling protocols of
complex materials (Acerbi et al., 2021), optimizing reverse logistics (Wilson et al, 2022), or
for optimizing production processes with regard to CE parameters, for instance by optimizing
materials and energy usage, or to predict equipment failures (Acerbi et al. 2021, Ellen

MacArthur Foundation & Google, 2019, Li et al, 2023).2

7 Examples of such optimization include Google, which leverages Al to optimize routes for eco-friendliness
(Google, 2023). Al can also enable new circular business models, such as those relying on Al-based dynamic
pricing or Al -supported resource infrastructure management (Ellen MacArthur Foundation & Google, 2019;
Roberts et al., 2024). Stuffstr, for example, is a company from Seattle that utilizes Al algorithms for pricing used
household items and apparel, as well as for managing resale inventory, facilitating the resale of used apparel
(Ellen MacArthur Foundation & Google, 2019).

8 For example, Google, whose data centers produced an equivalent of 14.3 million metric tons of carbon
dioxide in 2023 and accounts for 0.1% of global electricity demand, employ Al algorithms to optimize the
cooling systems in its data centers. By applying machine learning models trained on data from thousands of
sensors, Google was able to reduce energy use by 40 percent (Google, 2024).



In summary, the literature on Al, innovation, and CE indicates that Al has the potential to
help firms overcome specific challenges firms face with CEl by providing advanced data
analytics and systemic optimization capabilities that allow firms to optimize resource use,
extending product lifecycles, and minimize waste and pollution. This paper empirically tests

this hypothesis using German firm-level data:

Hypothesis: Firms that adopt Al technology are more likely to introduce CEI than firms

that do not adopt Al technology.

3 Data and methods

3.1 Data source

The analysis is based on the Mannheim Innovation Panel (MIP), the German part of the
Community Innovation Survey (CIS).? In particular, we use the 2021 wave of the MIP, which
includes questions on CEl and questions on the use of Al for the reference period 2018-2020.
In the robustness checks, we also build a short panel by combining the 2021 wave with the
2023 wave, which covers the reference period 2020-2022 and contains the same questions
on Al and CEl, but lacks some interesting control variables that we can utilize only from the

2021 wave of the MIP.

®The CIS is a biennial representative large-scale survey, coordinated by Eurostat, that collects official
innovation statistics for the EU. The survey is based on the guidelines laid down in the Oslo Manual (OECD and
Eurostat 2018). For more details on the German CIS, which is conducted as a panel survey (‘Mannheim
Innovation Panel'), see Peters and Rammer (2013).



3.2 CElvariables

The main dependent variable indicates whether or not the firm introduced a CEl in the
reference period (CEl). The variable is based on a question on environmental innovations,
where firms could indicate, for 13 potential environmental impacts, whether or not the firm
introduced innovations that had an environmental impact in 2018-2020.1° Table 1 lists the
potential environmental impacts. Firms could differentiate between a ‘significant’ and a

‘rather small’ environmental impact.

To determine which environmental benefits relate to the circular economy, we follow the 4R-
framework, which is a commonly used principle within the CE framework by scholars
(Ghisellini et al., 2016; Kirchherr et al., 2017; Kirchherr et al., 2023) and policymakers (e.g.,
European Commission, 2008, 2017). The 4R framework focuses on reducing resources and
energy consumption (reduce), encouraging the use of products and materials for as long as
possible (reuse), processing used materials into new products and designing products with
recyclability in mind (recycle), and recovering energy or materials from waste when recycling
is not feasible (recover), for example by converting non-recyclable waste into usable forms of
energy (Kirchherr et al., 2017). Following this framework, we consider all the environmental

impacts listed in Table 1 to be CE-related.!! Consequently, CEl takes value one if the firm

10 Environmental innovations are defined as follows: “Environmental innovations are new or improved
products/services or processes/procedures that have led to a noticeable reduction in environmental impact
compared to the products/services and processes/procedures previously offered by your company. The
positive environmental effects can have been either an explicit goal or a side effect of the innovation. The
positive environmental effects can have occurred either in your company (including in sales) or when the
products/services are used by your customers or end users.”

11 Other versions of the CIS survey (e.g., Flanders) sometimes also include the other environmental impacts
that can result from environmental innovations, such as the protection of biodiversity. This is an example of an
environmental impact that CE literature does not commonly consider as an element of CE (Geissdoerfer et al.,
2017; Kirchherr et al., 2017).



indicates to have introduced an innovation with at least one rather small or significant

environmental impact, and zero otherwise.

Table 1: Types of environmental impact

Positive environmental effects in your firm

Reduction of energy consumption per unit/process

Reduction of material consumption/ water consumption per unit/process
Reduction of CO; emissions per unit/process

Reduction of other air emissions (e.g. SOx, NOy)

Reduction of water or soil pollution

Reduction of noise pollution

Replacement of fossil energy sources with renewable energy

Replacement of hazardous materials/ substances

e N o kR WD R

Recycling of waste, waste water, or materials for own use or sale

Positive environmental effects when using your products/services

10. Reduction in energy consumption/ overall CO; balance
11. Reduction in emissions in the areas of air, water, soil noise
12. Improvement in the recyclability after use of products

13. Increase in the lifespan of products/ longer-lasting products

Furthermore, to get a better understanding of the specific pathways through which Al can
enable CEl, we construct three further dependent variables that consider CEl that act
through different channels. First, the variable CE/_INPUT captures CEl that reduce the input
needs, taking value 1 if the firm responds affirmative to either item 1 or 2 in Table 1. These
innovations align closely with productivity-enhancing mechanisms, as they lower production
costs and improve operational efficiency (Horbach & Rammer, 2020). Second, CEl_PROD
captures CEl that reduce production externalities, i.e., items 3 to 9 in Table 1. These
innovations are also primarily supply-side measures focused on enhancing operational
efficiency and minimizing environmental impacts. Third, CEl_USE captures CEl that deliver

their environmental effects when product or service are used by customers, i.e., items 10 to



13 in Table 1. This channel predominantly operates through demand mechanisms by
addressing consumer preferences environmentally beneficial products. Next to
environmental policies and the overall environmental affinity of the firm, these innovations
are likely to be mostly driven by green market demand (Cainelli et al., 2020; Reif &
Rexhduser) and/or reputational considerations (Mazzucchelli et al., 2022; Veleva & Bodkin,

2018).

3.3 Al variable and controls

The main explanatory variable is a dummy that takes value one if the company used Al
methods in 2018-2020 (A/). The variable is based on the survey question: “Artificial
intelligence is an information processing technology that allows computers to solve problems
independently. Does your company use artificial intelligence methods?” Companies could
then indicate Al methods and applications from a matrix designed to capture the diversity of

uses of Al in businesses.'? Al takes value one if the company indicates any of these.

We employ firm-level controls that may influence the probability of introducing CEIl besides
the use of Al technologies. First, we consider the firms’ affinity towards environmental
protection through four channels. The firms were asked, “How important were the following

factors related to climate change for your business?”

1. Government policies or measures related to climate change;
2. Increasing customer demand for products that help mitigate or adapt to climate

change (e.g. low-carbon products);

12 |isted Al methods included language understanding and text generation, image/ pattern recognition,
machine learning, and knowledge-based systems and decision support. Areas of application included products
and services, automation of processes, communication with customers, data analytics, and other areas.

10



3. Increasing costs or input prices resulting from climate change (e.g. higher insurance
fees, higher resource prices, adaptation of processes or facilities);
4. Impacts of extreme weather conditions (e.g. disturbances in transport/logistics,

damages from storms, flooding, drought).

Firms could rate the importance of these items “not relevant” [0], “low” [1], “medium” [2],
high [3]. We use these four questions as regressors (CLIMATE1-CLIMATE4) using the original

ordinal scale.

Other control variables are firm size measured as the logarithm of employment (InEMP), a
dummy whether the firm received public investment support, not specific to CEl
(PUBSUPPORT), a dummy indicating whether the firm is performing R&D activities on a
permanent basis (RDCON), and another dummy if R&D is done occasionally (RDOCC). We
supplement these survey variables by the firms’ EPO!2 patent stock (PATSTOCK). We also use
a dummy indicating whether the firm is a member of a corporate group (GROUP), and
whether the firm is located in Eastern Germany (EAST). Finally, we use 12 industry dummies

to control for unobserved heterogeneity across sectors.

3.4 Descriptive statistics

Table 2 displays descriptive statistics. 10.8% of the sample uses Al . Among firms that use A/,
77% introduced CEl, 19% more than CEl among firms without Al (58%) (p<0.01). CEl are

roughly equally divided across CEl_INPUT, CEl_PROD, and CEl_USE

13 EPO refers to patents filed at the European Patent Office. We collected patents from the Patstat database
and calculated the stock with the perpetual inventory method using a 15% rate of obsolescence.

11



Table 2: Descriptive statistics of model variables

Non-Al-using firms Al-using firms Diff.
Mean Std. Dev. Min Max Mean Std. Dev. Min Max

CEl 0.578 0.494 0 1 0.771 0.421 0 1 HokE
CEl_INPUT 0.404 0.491 0 1 0.572 0.495 0 1 HokE
CEl_PROD 0.476 0.499 0 1 0.626 0.484 0 1 HokE
CEl_USE 0.434 0.496 0 1 0.608 0.489 0 1 ok
EMP 91.155 298.672 0.12 5754 323.15 946.274 1 9874 ok
GROUP 0.297 0.457 0 1 0.452 0.498 0 1 ok
RDCON 0.196 0.397 0 1 0.509 0.500 0 1 ok
RDOCC 0.114 0.318 0 1 0.139 0.346 0 1 *
EAST 0.419 0.493 0 1 0.334 0.472 0 1 ok
PUBSUPPORT 0.222 0.416 0 1 0.417 0.493 0 1 ok
CLIMATE1 1.207 1.01 0 3 1.293 1.017 0 3 ok
CLIMATE2 1.013 0.97 0 3 1.192 1.042 0 3 ok
CLIMATE3 1.486 1.023 0 3 1.412 0.976 0 3 *
CLIMATE4 0.933 0.919 0 3 0.839 0.842 0 3 ok
PATSTOCK 0.141 0.989 0 21.964  0.326 1.621 0 23.248 ok
N 5930 719

Notes: Diff. indicates p-value of t-test of equal means between firms with and without Al.
* p<0.10, ** p<0.05, *** p<0.01

Table 2 also shows that firms with A/ are significantly larger, more likely to be part of a
corporate group, and less likely to be situated in former East Germany. Firms with A/l are also
more innovation-active: they are more often engaged in continuous R&D activities, and hold
a higher patent stock. They also are more likely to receive public support. Finally, firms with
and without A/ differ significantly in their attitude towards climate change, but the

differences are small and not fully consistent across the items.

4 Econometric results

4,1 Main results

Table 3 shows the results of regressions of CE/ on Al and controls. Column 1 shows an OLS
model taking CEl as dependent variable. Column 2 shows seemingly unrelated regressions

(SUREG) of CEI_INPUT, CEI_PROD, and CEl_USE. We estimate these jointly to account for any

12



residual correlation across the forms of CEl yielding an efficient estimator (cf. the significant
Breusch-Pagan test for independence and the high correlations among the residuals as

presented in the table).

All models demonstrate a positive and significant relationship between the use of Al and CElI.
Model 1 shows that Al relates to an increase of 10.2 percentage points in the likelihood of
CEl. Compared to the base probability of CEl among firms without Al of 58%, this represents
a relative increase in probability of 18%. Similarly, models 2-4 show positive impacts of 9.1,
7.9, and 7.4 percentage points on the probability of CE/_INPUT, CEI_PROD, and CEI_USE,

respectively, reflecting relative increases of 23%, 17%, and 17%.

Among the control variables, employment, the presence of R&D activities (occasionally or
permanent), public investment support, and all four variables indicating firms’ affinity to

environmental protection show a significant and positive association with CEl.
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Table 3: Cross-sectional regressions

(1)

(2)

oLS SUREG
CEl CEI_INPUT CEl_PROD CEI_USE
Al 0.102%** 0.091*** 0.079*** 0.074%**
(0.016) (0.019) (0.018) (0.018)
InEMP 0.037*** 0.047*** 0.043*** 0.023***
(0.004) (0.004) (0.004) (0.004)
GROUP -0.009 0.008 -0.007 0.003
(0.013) (0.013) (0.013) (0.013)
RDCON 0.120%** 0.098%*** 0.093*** 0.169%**
(0.016) (0.017) (0.016) (0.017)
RDOCC 0.129%** 0.116*** 0.107*** 0.123%**
(0.017) (0.019) (0.018) (0.019)
EAST -0.037*** -0.017 -0.031*** -0.027**
(0.012) (0.012) (0.012) (0.012)
PUBSUPPORT 0.075%** 0.068*** 0.069*** 0.040%**
(0.013) (0.014) (0.014) (0.014)
CLIMATE1 0.054*** 0.041%** 0.053*** 0.050%**
(0.008) (0.008) (0.008) (0.008)
CLIMATE2 0.058*** 0.050*** 0.052*** 0.091***
(0.007) (0.008) (0.008) (0.008)
CLIMATE3 0.059%** 0.055*** 0.062*** 0.045%**
(0.007) (0.007) (0.007) (0.007)
CLIMATE4 0.018** 0.019** 0.029*** 0.013*
(0.007) (0.007) (0.007) (0.007)
PATSTOCK 0.001 -0.004 -0.008 0.006
(0.004) (0.006) (0.005) (0.004)
Constant 0.246*** 0.139*** 0.120*** 0.100***
(0.030) (0.031) (0.031) (0.031)
N 6649 6649
R? 0.201 0.183 0.198 0.199
Joint significance of industry F(11,6625) x3(11) x3(11) x3(11)
dummies =2.7%** =73.7*%* =59.6*** =33.1%*%*
Breusch-Pagan test of - X3(3)
independence =5333.5%**
Correlation matrix of residuals CEIl_INPUT CEl_PROD CEl_USE
CEI_INPUT 1.000 - -
CEI_PROD 0.556 1.000 -
CEl_USE 0.450 0.539 1.000

Robust standard errors in parentheses; * p<0.10, ** p<0.05, *** p<0.01.

14



4.2 Robustness checks

We assess the robustness of our results in several ways. A primary concern is omitted
variable bias, were unobserved factors drive engagement in Al as well as CEl. While fully
excluding this possibility would require the use of fully exogenous variation in Al, we present
several additional analyses in this section to assuage concerns. We first show that the results
are robust when employing a matching estimator instead of linear regression. Second, we
address potential endogeneity in Al adoption by using instrumental variable (V) regressions
with the firm’s median software investment per employee between 2011 and 2017 and
internal resistance to innovation as instruments for the use of Al in 2018-2020. We then
show that the results are robust to a fixed-effects panel specification, making use of the 2023
wave of the MIP alongside the 2021 wave. Lastly, we use the panel to construct a matched

treated and control group and estimate a conditional difference-in-differences model.

4.2.1 Nearest-neighbor matching

As a first robustness check, we use a nearest-neighbor matching estimator to balance the
sample in terms of the control variables. We use Mahalanobis distances, robust Abadie-
Imbens (2008) standard errors, and correct for large-sample bias in the continuous
covariates, as suggested by Abadie and Imbens (2006, 2011). Table A.1 in the Appendix
presents raw and matched standardized differences between firms with and without Al. The
results are presented in Table 4. The result remains robust across all dependent variables,
with all four models showing a significant positive relationship between the use of Al and the
introduction of CEl. The coefficients of Al are also similar in size compared to the coefficients

of the OLS models in Table 3.
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Table 4: Matching

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

CEl CEl_INPUT CEl_PROD CEl_USE
Al 0.112*** 0.085*** 0.091*** 0.075***
(0.023) (0.026) (0.026) (0.025)

N 6649 6649 6649 6649

Robust standard errors in parentheses; * p<0.10, ** p<0.05, *** p<0.01.

4.2.2 |V estimation

To further address potential endogeneity concerns in our study of Al's impact on CEl, we
employ an IV approach (2SLS) as an additional robustness check. The decision to adopt Al
could be endogenous, as firms implementing Al might have unobserved characteristics that
drive both the adoption of Al and CEl. Omitted variables, such as higher innovation
capacities, greater resource availabilities or broader digitalization strategies may correlate
with Al adoption, leading to biased estimates. To account for this, we consider two

instruments that are correlated with Al usage but not with unobserved shocks to CEl.

First, we compute a measure that indicates the firm’s median software investment per
employee between 2011 and 2017 (MEDSOFT), which captures past investments in digital
infrastructure and is expected to be associated with Al usage, but not directly with CEI.
Similar measures are used in other studies to account for a firm’s digitalization progress (i.e.,
Brynjolfsson & Hitt, 2003; Czarnitzki et al., 2023). Second, we use a dichotomous variable
capturing organizational rigidities and resistance to new technologies among the workforce,
(RESIST), which reflects organizational barriers that may affect Al adoption but should not
independently influence CEIl. The variable is also used as lagged value and refers to the time
period 2016 to 2018. This instrument has also been applied in related contexts (i.e.,

Czarnitzki et al., 2023), and is similar to instruments used by Brynjolfsson et al. (2011), who
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used internal barriers to IT adoption to assess the impact of data-driven decisions on firm

productivity.

One drawback of using these instrumental variables is that we do not have this information
for all firms in the sample. To avoid losing observations in the regressions due to missing

values between the survey waves, we impute zeros and also include dummy variables in the
regression for both instruments that take the value one when information is missing. These

dummies capture the potential bias from the imputation.

The results of the IV regression are presented in Table 5. We observe that the significant and
positive relationship between Al and CEl remains robust for all types of CEl, although
coefficients in the IV estimation are notably larger than those obtained in the OLS
regressions. This may reflect the correction of a downward bias in the OLS estimates caused
by unobserved confounders. Alternatively, the inflation of the coefficients could signal that
the instruments are potentially inappropriate. Diagnostic tests suggest otherwise, however,
since both instruments show a significant and positive relationship to Al, with the F-statistic
of the first-stage regression models always above the conventional threshold of 10 (Staiger
and Stock 1997). The Hansen J-test also indicates that the instruments are valid and

uncorrelated with the error term for all types of CEl at the 5% level of significance.
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Table 5: IV regressions (2SLS)

(1)

(2)

(3)

(4)

(5)

CEl CEI_INPUT CEl_PROD CEl_USE Al
Al 0.736*** 0.660*** 0.431* 0.609** -
(0.251) (0.254) (0.244) (0.253) -
InEMP 0.023*** 0.035%** 0.035%** 0.011 0.022***
(0.007) (0.007) (0.007) (0.007) (0.003)
GROUP -0.021 -0.003 -0.013 -0.007 0.015
(0.015) (0.015) (0.014) (0.015) (0.009)
RDCON 0.032 0.019 0.044 0.095** 0.134***
(0.039) (0.040) (0.038) (0.039) (0.013)
RDOCC 0.094*** 0.085*** 0.087*** 0.093*** 0.050***
(0.023) (0.025) (0.023) (0.024) (0.013)
EAST -0.027** -0.009 -0.026** -0.019 -0.015**
(0.013) (0.013) (0.013) (0.013) (0.007)
PUBSUPPORT 0.045** 0.042** 0.053*** 0.015 0.046***
(0.019) (0.019) (0.018) (0.019) (0.010)
CLIMATE1 0.059%** 0.045%** 0.056*** 0.054%*** -0.007
(0.008) (0.009) (0.008) (0.009) (0.005)
CLIMATE2 0.052%*** 0.044*** 0.049%** 0.086*** 0.009*
(0.008) (0.009) (0.008) (0.008) (0.005)
CLIMATE3 0.058%*** 0.054*** 0.062*** 0.044%*** 0.001
(0.008) (0.008) (0.007) (0.008) (0.004)
CLIMATE4 0.025*** 0.025*** 0.033%** 0.019** -0.012***
(0.008) (0.008) (0.008) (0.008) (0.004)
PATSTOCK -0.000 -0.005 -0.008 0.005 0.002
(0.005) (0.007) (0.006) (0.005) (0.005)
MEDSOFT - - - - 0.156***
- - - - (0.054)
MEDSOFT(MISSING) - - - - 0.042%**
- - - - (0.008)
RESIST - - - - 0.054***
- - - - (0.018)
RESIST(MISSING) - - - - 0.018*
- - - - (0.009)
Constant 0.287%** 0.175%** 0.142%** 0.135%** -0.097***
(0.035) (0.036) (0.035) (0.036) (0.017)
N 6649 6649 6649 6649 6649
R? 0.055 0.068 0.154 0.098 0.101
F-statistic on joint
significance in first- - - - - 10.543
stage regression
p-value of Hansen’s J 0.186 0.158 0.133 0.055 -
test
Industry dummies Yes Yes Yes Yes Yes

Robust standard errors in parentheses. In the IV regressions, we use the following instruments: the firm’s
median software investment per employee between 2011 and 2017 (MEDSOFT) and internal resistance to
innovation (RESIST). For both instruments, we also include a dummy variable in the first-stage regressions
(column 5) that takes value 1 when the information is missing. * p<0.10, ** p<0.05, *** p<0.01
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4.2.3 Fixed-effects panel

As a third robustness check, we estimate a fixed-effects (FE) model by enriching the dataset
with observations from the 2023 version of the MIP. This approach allows controlling for
unobserved heterogeneity across firms. In order to be usable for the FE model, firms in the
sample needed to also answer the 2023 wave. This is the case for 2,942 of the firms,
resulting in 5,884 firm-year observations. We control for time-variant characteristics, the
time-invariant ones being absorbed by the firm FE. We also add a time dummy, taking value
1 for observations from the 2023 MIP wave, to account for general trends in the introduction

of CEl.

The results are presented in Table 6. The coefficient of CEl is positive, significant, and
comparable in magnitude to the OLS model. Among the channels of CE/, however, only
CEl_PROD remains positive and significant. The coefficients of CEl_INPUT and CEl_USE
remain positive, but turn small and insignificant. This suggests that Al may be a particularly
effective tool in assisting the development of supply-side technologies that reduce emissions

and pollution.
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Table 6: Fixed effects estimation

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

CEl CEl_INPUT CEl_PROD CEl_USE
Al 0.090%*** 0.044 0.130*** 0.037
(0.031) (0.036) (0.032) (0.032)
InEMP 0.014 0.009 0.018 0.017
(0.026) (0.023) (0.024) (0.028)
GROUP 0.031 -0.004 -0.001 0.048**
(0.024) (0.026) (0.024) (0.025)
RDCON 0.077* 0.088** 0.093** 0.078*
(0.040) (0.043) (0.039) (0.042)
RDOCC 0.056* 0.075** 0.020 0.013
(0.033) (0.036) (0.033) (0.034)
PUBSUPPORT 0.072%** 0.030 0.050** 0.039
(0.023) (0.025) (0.024) (0.025)
PATSTOCK 0.010 -0.006 -0.028 0.007
(0.017) (0.029) (0.022) (0.013)
Constant 0.483*** 0.341%** 0.388*** 0.332%**
(0.084) (0.076) (0.078) (0.091)
Time fixed effects Yes Yes Yes Yes
Firm fixed effects Yes Yes Yes Yes
NxT 5884 5884 5884 5884
R? 0.096 0.079 0.079 0.080

Robust standard errors in parentheses; * p<0.10, ** p<0.05, *** p<0.01.

4.2.4 Conditional difference-in-differences

To refine the panel approach of the previous robustness check, we construct a conditional
difference-in-differences (CDID) framework (Heckman et al., 1998) to further mitigate
selection bias based on observable factors. To that end, we use propensity score matching to
find a nearest neighbor for all firms with A/, that does not use Al but is otherwise similar in
all covariates used. We base the NN matching on the first period of the panel. This results in
a sample of 397 firms with A/, and 397 matched control firms. These 794 firms are then each
observed for two years, resulting in 1,588 firm-year observations. We then re-estimate the FE

model.

The results of this exercise are presented in Table 7. The results of the FE model in Table 6

remain robust in this specification, with a comparable sign, magnitude, and significance
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across the outcome variables. The positive relationship between Al usage and the
introduction of CEl persists, while only the coefficient of CEI_PROD remains significantly
positive among the three channels of CEl. Once again, this result suggests that the use of Al
enhances firms’ abilities to lower production externalities (i.e., pollution and emissions)

through these kinds of innovations.

Table 7: Conditional difference-in-differences

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

CEl CEl_INPUT CEl_PROD CEl_USE
Al 0.103*** 0.057 0.131%** 0.047
(0.032) (0.037) (0.033) (0.032)
InEMP 0.019 0.047 0.008 0.049
(0.027) (0.033) (0.024) (0.034)
GROUP 0.038 -0.020 0.004 0.095**
(0.044) (0.054) (0.044) (0.048)
RDCON 0.068 0.058 0.067 0.103
(0.068) (0.079) (0.068) (0.066)
RDOCC 0.053 0.042 -0.010 -0.013
(0.056) (0.066) (0.054) (0.057)
PUBSUPPORT 0.099%*** 0.020 0.055 0.062
(0.037) (0.044) (0.040) (0.042)
PATSTOCK -0.002 0.017 -0.052 0.023
(0.021) (0.027) (0.042) (0.016)
Constant 0.474%** 0.254* 0.440%** 0.199
(0.107) (0.132) (0.099) (0.134)
Time fixed effects Yes Yes Yes Yes
Firm fixed effects Yes Yes Yes Yes
NxT 1588 1588 1588 1588
R? 0.129 0.116 0.056 0.098

Robust standard errors in parentheses; * p<0.10, ** p<0.05, *** p<0.01.

5 Conclusion

Transitioning towards the CE requires firms to innovate in products, technologies, and
business models (Bocken et al., 2016; Chioatto et al., 2024). However, firms often face
significant challenges when developing these innovations (de Jesus & Mendonga, 2018),

since they typically require addressing complex and interconnected challenges that more
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general innovations may not face. In addition to improving cost efficiency or product
performance, CE principles demand an integrated approach that optimizes resource use,
minimizes waste, and reduces environmental impact across the entire product lifecycle (Ellen
MacArthur Foundation & Google, 2019). In this context, Al's advanced capabilities in data
analytics and system optimization have the potential to help firms overcome these
challenges (Acerbi et al., 2021; Ellen MacArthur Foundation & Google, 2019; Ghoreishi &

Happonen, 2020; Roberts et al., 2024).

Our study empirically tests this hypothesis by examining the relationship between the use of
Al technologies and CEl using German firm-level data. The results indicate that firms
investing in Al are significantly more likely to introduce CEl compared to firms that do not use
Al methods. Moreover, we show that Al enhances firms’ abilities to lower production
externalities and thus pollution through CEIl. This finding highlights the strength of Al to
optimize complex production processes, analyze large datasets, and identify inefficiencies in
real time (Acerbi et al., 2021; Ellen MacArthur Foundation & Google, 2019; Ghoreishi &
Happonen, 2020; Roberts et al., 2024). These capabilities are particularly relevant for
addressing externalities in production systems, where these inefficiencies often show up as
pollution, waste, or emissions. Additionally, CEl focused on reducing production externalities
can often benefit from Al’s ability to integrate and process data across various
interconnected systems, enabling firms to adopt systemic approaches to pollution reduction
(Ellen MacArthur Foundation & Google, 2019; Ghoreishi & Happonen, 2020; Tsirigotis, 2024).
For example, predictive maintenance and equipment failure detection, both common Al
applications, are effective tools for reducing machine downtime and minimizing energy and

resource waste (Ellen MacArthur Foundation & Google, 2019; Li et al., 2023).
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The results further support and build on existing research on Al, innovation, and CE. Previous
empirical studies highlight positive productivity effects of Al technologies (Czarnitzki et al.,
2023; Toner-Rodgers, 2024) and their impact on general innovation outcomes (Babina et al.,
2024; Rammer et al., 2022; Toner-Rodgers, 2024). Our findings expand our understanding of
this broader potential of Al, highlighting its role in enabling and accelerating the transition
toward the CE. This potential of Al to accelerate firms’ transition to the CE may so far have
been overlooked, as the public debate around Al is often centered on its potential impact on
labor markets, or its potential applications for (new or existing) digital business models (e.g.

Agrawal et al. 2019).

There are some limitations to our analysis. First, the reliance on survey data in our study
does not allow for a direct identification of the specific Al methods or applications that
contribute to the development of particular types of CEl. Future research could aim to
address this gap, for example by analyzing Al-related patents in conjunction with CEl
outcomes. Another limitation of our data is that we cannot quantify the extent to which the
adoption of CEl have contributed to reductions in resource consumption, energy use, or
emissions. This lack of measurable impact hinders our ability to assess the true effectiveness
of Al in driving environmental improvements within the CE framework.* Furthermore, our
results refer to German firms within a time period between 2018 and 2020, with an
extension to 2022 in our fixed-effects and CDID estimations. As Al technologies and its
adoption continue to evolve rapidly, it is likely that the emergence of new Al models and the

broader diffusion among firms in the last few years have further enhanced Al's potential for

14 A recent report by Boston Consulting Group and Google (2023) estimates that Al has the potential to help
reduce greenhouse gas emissions by 5 to 10 percent globally by 2030.
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the development of CEl and innovation in general (Calvino & Fontanelli, 2023; Rammer et al.,

2022).
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6 Appendix

Table A.1: Raw and matched standardized differences between firms with and without Al

Standardized differences

Raw Matched

InNEMP 0.472 -0.027
GROUP 0.323 0.028
RDCON 0.693 -0.008
RDOCC 0.075 0.041
EAST -0.177 0.000
PATSTOCK 0.138 0.077
Industry: Food and beverages -0.072 -0.011
Industry: Textiles -0.125 -0.039
Industry: Paper, wood, and furniture -0.157 0.053
Industry: Petroleum, plastics, and mineral products -0.013 -0.018
Industry: Chemical and pharmaceutical industry -0.145 -0.006
Industry: Metal, repair and installation of machinery 0.181 -0.005
Industry: ICT and electronics 0.093 0.026
Industry: Machinery and vehicles -0.067 -0.093
Industry: Wholesale trade 0.011 0.017
Industry: Transportation, financial services, publishing, 0.342 0.029
advertising and market research

Industry: Information services, film, audio, radio and TV -0.134 0.003
KLIMA1 0.085 -0.016
KLIMA2 0.178 0.022
KLIMA3 -0.074 0.003
KLIMA4 -0.107 0.065
PUBSUPPORT 0.427 -0.003
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