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A B S T R A C T   

This study explores the potential of AI to enable circular business model innovation (CBMI) for industrial 
manufacturers and the corresponding AI capacities and dynamic capabilities required for their commercializa
tion. Employing an analysis of six leading B2B firms engaged in digital servitization, we conceptualize the 
perceptive, predictive, and prescriptive capacities of AI, which enhance resource efficiency by automating and 
augmenting data-driven analysis and decision making. We further identify two innovative classes of AI-enabled 
CBMs – augmentation (e.g., optimization solutions) and automation (e.g., autonomous solutions) business 
models – and their main circular value drivers. Finally, our research reveals novel dynamic capabilities under
pinning the innovation of AI-enabled business models – value discovery, value realization, and value optimi
zation capabilities – which enable manufacturers to make economic and sustainable values come to life in 
collaborating with customers and ecosystem partners. This study represents an important step in our under
standing of how AI can drive circularity and sustainable innovation in industrial digital servitization. Overall, our 
study contributes to practice and the academic literature on AI, circular business models, and digital servitization 
by highlighting the potential of AI to empower CBMs for industrial manufacturers and the underlying processes 
of this digital transformation.   

1. Introduction 

“We are starting to think of the emergence of a new class of business 
models leveraging logics of digitalization, AI, and circularity. The po
tential is there for us to achieve more sustainable customer relationships, 
but we need to adapt internally and, in our partnerships, to make this 
happen.” 

[Digital lead, Solutioncorp reflecting on their future strategy] 

The current climate change crisis calls on industrial manufacturers to 
assume greater responsibility for transitioning to a more circular and 
sustainable industrial sector (Bocken et al., 2018; Ritala et al., 2018; 
Geissdoerfer et al., 2020; Palmié et al., 2021). To address this challenge, 
artificial intelligence (AI) has been portrayed as an important 

transformative force to make the industry more sustainable and 
competitive (Iansiti and Lakhani, 2020; Chauhan et al., 2022; Kris
toffersen et al., 2020; Nishant et al., 2020), following the logic of the 
twin transition (Muench et al., 2022) and digital servitization (Koh
tamäki et al., 2022).1 and 2 Indeed, many industrial companies that put 
sustainability issues at the top of the corporate agenda are also investing 
in AI development to enable circular business models (CBMs), which 
focus on creating value by implementing solutions that reduce, reuse, 
and recycle material and energy resources (Frishammar and Parida, 
2021). We argue that the AI-enabled circular business model (CBM) 
offers an unprecedented opportunity to support entirely new ways of 
doing business and unlocking new sources of value, revenue, and sus
tainability (Davenport and Ronanki, 2018; Paschen et al., 2021; Sjödin 
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et al., 2021a) However, practical examples of industrial firms that can 
successfully create and capture sustainable value from AI-enabled 
CBMIs are scarce because AI technologies continue to advance faster 
than the industry can adapt, and they require the development of new 
resources and capabilities as well as the introduction of radically 
different business models (Iansiti and Lakhani, 2020; Sjödin et al., 
2021a). Indeed, the prime challenge is no longer technology develop
ment but putting AI technology capacities to use in concrete business- 
model applications2 that make circularity and sustainability come to 
life. 

We argue that, to advance sustainability in the context of industrial 
business-to-business (B2B), manufacturers engaged in digital servitiza
tion must transform their business models, capabilities, and ecosystem 
partnerships to leverage the inherent potential of AI capacities (Iansiti 
and Lakhani, 2020; von Krogh, 2018; Sjödin et al., 2021a; Kohtamäki 
et al., 2022). For example, industrial manufacturers must build the 
required novel capabilities so that they can identify opportunities to 
address customers’ sustainability challenges with AI capacities, develop 
appropriate solutions, and manage their evolution over time to realize 
circular gains. Moreover, industrial firms need to use newly developed 
AI capacities and capabilities to commercialize new CBMs, which rep
resents a challenging undertaking. However, the literature discourse on 
linking AI, digital servitization, and CBMI is still in a nascent stage, and 
several knowledge gaps persist. 

First, there is a need a to conceptualize novel types of industrial AI- 
enabled circular business models and delineate their potential sustain
ability impacts. While the concept of the CBM has gained momentum in 
recent years (Ritala et al., 2023; Geissdoerfer et al., 2020), the inte
gration of AI and digital servitization (Sjödin et al., 2021a, 2021b) into 
these models is still a relatively unexplored area. Undeniably, AI systems 
and technologies have become more pervasive and efficient (Iansiti and 
Lakhani, 2020) and, consequently, they have become less costly and 
more effective in tackling prevailing business, societal, and sustain
ability problems (Phan et al., 2017; Chauhan et al., 2022). In particular, 
new classes of circular business model that leverage the unique AI ca
pacities of augmentation and automation (Raisch and Krakowski, 2021) 
need to be conceptualized and developed. Although AI-enabled business 
models have been established in the related literature on digital servi
tization (Kohtamäki et al., 2022), there is still much room for explora
tion and innovation in this area with regard to their effects on 
sustainability and circularity. For example, AI can be used to support 
sustainable service offerings, such as optimizing efficiency, reducing 
waste, and improving sustainability, while enabling smart decision 
making and predictive maintenance (Kristoffersen et al., 2020). We 
argue that most knowledge of business model innovation is still rooted 
in linear models of the take–make–waste paradigm (Bocken et al., 2018; 
Geissdoerfer et al., 2020). Indeed, updated business model innovation 
frameworks are required to explain the overall logic of how a firm can 
leverage AI capacities to create, deliver, and capture value from novel 
smart solutions in collaboration with their industrial partners in a more 
sustainable way (Chauhan et al., 2022). 

Second, there is a need to understand the capabilities required to 
commercialize AI-enabled business model innovations through effective 
utilization of AI capacities. As industrial manufacturers increasingly 
look to AI-enabled CBMs to improve efficiency and realize sustainabil
ity, there is a growing need to better understand the capabilities and 
underlying routines required to implement these models (e.g., Reim 
et al., 2021). The complex and dynamic interplay of internal and 
external factors involved in implementing such models can be difficult 
to navigate (Konietzko et al., 2020), requiring novel routines and 

capabilities. For example, manufacturers may need to develop routines 
to assess the economic, social, and environmental impacts of their so
lutions on customers’ operations as well as the needs and expectations of 
various stakeholders. We argue that the theoretical lens of dynamic 
capabilities provides an ideal perspective from which to study the un
derlying routines of AI-enabled circular business model innovation 
(CBMI) and commercialization and build important insights. Specif
ically, dynamic capabilities provide a relevant theoretical lens to un
derstand the capabilities and micro-level routines required to sense, 
seize, and reconfigure (Teece, 2007) the emerging opportunities for AI- 
enabled CBMI. Yet, no prior studies have investigated dynamic capa
bilities in this context, leaving various gaps that need to be filled. In 
particular, there is a need to understand how firms can develop routines 
to utilize AI capacities to create and deliver new AI-enabled solutions for 
circularity in collaboration with customers and diverse ecosystem 
actors. 

To address these challenges, the purpose of this paper is twofold. 
First, it seeks to conceptualize AI-enabled CBMs for industrial firms and 
their corresponding AI capacities. Second, it aims to understand how 
dynamic capabilities enable the commercialization of AI-enabled CBMs 
for industrial customers. We build on the case studies of six leading 
industrial technology providers engaged in the transformation to AI- 
enabled CBMI. 

Our study findings detail the specific perceptive, predictive, and 
prescriptive capacities of AI, which enable manufacturers to increase 
resource efficiency by automating and augmenting data-driven analysis 
and decisions. We further define the application of these capacities and 
conceptualize two novel classes of AI-enabled CBMs: augmentation (e. 
g., optimization solutions) and automation (e.g., autonomous solutions) 
business models. Specifically, we emphasize the circular effects of these 
business models in advancing sustainability (e.g., extending product life 
cycles, optimizing resource usage). Finally, our research reveals novel 
dynamic capabilities underpinning the commercialization of these AI- 
enabled CBMs: value discovery, value realization, and value optimiza
tion capabilities, which enable providers to make economic and sus
tainable values come to life. Our results carry several implications for 
theory and practice relating to AI, digital servitization, CBMI, and 
business model innovation in general. Moreover, they provide a novel 
avenue for further research on AI-enabled CBMs. 

2. Theoretical background 

2.1. Understanding the potential of artificial intelligence capacities 

Embracing the limitless possibilities of artificial intelligence (AI), the 
industrial landscape stands on the brink of an unprecedented revolution, 
poised to unlock untapped potential and propel industry into a new era 
of productivity and innovation. For example, consider an underground 
mining operation entirely manned by autonomous vehicles, where all 
process parts and energy systems are optimized to achieve net zero. It 
stands as a remarkable illustration of the potential of AI, enabling 
unparalleled efficiency, safety, and sustainability in mining operations. 
Indeed, AI represents the next generation and most advanced form of 
industrial digitalization and digital servitization (e.g., Parida et al., 
2019; Kohtamäki et al., 2022). The growing hype and the industrial AI 
capacity investments are fuelled by the increasing power of computers, 
the self-learning capacities of algorithms, and the availability of big data 
(Iansiti and Lakhani, 2020; Kaplan and Haenlein, 2019). Accordingly, 
industrial AI capacities involve leveraging digital technology, such as 
sensors, connectivity, and advanced algorithms, to provide new value- 
creating and revenue-generating opportunities (Parida et al., 2019) 
with the potential for increased profits (Kohtamäki et al., 2020), 
ecosystem collaboration (Kolagar et al., 2022), and industrial sustain
ability (Nishant et al., 2020). However, we currently lack insights into 
how to delineate what constitutes AI capacities and their value for in
dustrial firms in enabling advanced digital solutions. 

2 A business model represents the “design or architecture of the value crea
tion, delivery, and capture mechanisms” of a firm (Teece, 2010, p. 172); these 
elements are increasingly being shaped by circularity principles (Frishammar 
and Parida, 2019, 2021). 
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A common definition of AI is “a system’s ability to interpret external 
data correctly, to learn from such data, and to use those learnings to 
achieve specific goals and tasks through flexible adaptation” (Kaplan 
and Haenlein, 2019, p. 17). Accordingly, developing diverse AI capac
ities (i.e. system abilities to achieve certain tasks) is the missing puzzle 
piece for industrial manufacturers to unlock a world of possibilities and 
drive unprecedented growth. Developing data-driven AI capacities holds 
various potential benefits for industrial solution development, such as 
improved resource efficiency, increased productivity potential, 
enhanced diagnostics, discoveries of more efficient utilization methods, 
predictive capabilities for optimizing resource usage, and dynamic and 
automated resource management (Kristoffersen et al., 2020; Sjödin 
et al., 2021a, 2021b). The fundamental benefit of AI is creating a plat
form for decision support through valuable insights and results collected 
from large and complex data sets and compressed into a manageable 
form (Iansiti and Lakhani, 2020; Parida et al., 2019) creating an op
portunity to augment and automate the solutions to prevailing business 
problems for industrial manufacturers and their customers (Phan et al., 
2017; Sjödin et al., 2021a). In other words, implementing AI further 
increases the ability to make sense of data, allowing new ways of har
nessing value and enabling BMI (Chauhan et al., 2022; Kristoffersen 
et al., 2020; Liu et al., 2020). Yet, the adoption of AI in traditional in
dustries is not without its challenges. Manufacturers must consciously 
develop and deploy AI capacities as well as transform their business 
models, capabilities, and relationships (Sjödin et al., 2021a). Significant 
research gaps remaining. In particular, the interplay between AI tech
nology capacities and business capabilities for implementing CBM needs 
further understanding. 

2.2. AI-enabled circular business model innovation and digital 
servitization 

Numerous studies have highlighted the enabling role of AI capacities 
for circular business model innovation (Chauhan et al., 2022; Pan and 
Nishant, 2023; Dwivedi et al., 2022). For example, AI enables im
provements in productivity and efficiency and, therefore, can be linked 
to making supply chains more “circular” by reducing the leakages in 
resource loops. Fundamentally, AI offers industrial firms two critical 
functionalities: augmentation and automation (Jarrahi, 2019; Raisch 
and Krakowski, 2021). Augmentation leverages the power of AI to 
enhance human decision-making processes and productivity (Jarrahi, 
2019). At the same time, automation entails leveraging AI to automate 
routine tasks, driving efficiency and reducing costs. These two func
tionalities can serve as the building blocks for developing and 
commercializing industrial CBMs, enabling firms to create smart solu
tions (Kohtamäki et al., 2022) to optimize resource utilization, increase 
productivity potential, and enhance the overall operational efficiency of 
their customers. While there is significant promise in these areas, more 
research is necessary to fully understand the potential of AI-enabled 
CBMs. Examining the existing CBM literature can provide valuable in
sights into how firms can leverage AI to advance circularity. Indeed, the 
effects of AI on addressing sustainability concerns and circular economy 
objectives have only recently started to receive research attention 
(Chauhan et al., 2022). 

We follow Geissdoerfer et al. (2020, p. 7) in defining CBMs as 
“business models that are cycling, extending, intensifying, and/or demateri
alising material and energy loops to reduce the resource inputs into and the 
waste and emission leakage out of an organizational system.” This definition 
emphasizes four generic approaches to leveraging circularity in CBMs: 
cycling, extending, intensifying, and dematerialising. Our argument is that 
AI can assist industrial manufacturers in employing these approaches to 
enable circular outcomes and effects. First, cycling refers to reusing, 
remanufacturing, refurbishing, and recycling materials and energy 
within a system (Geissdoerfer et al., 2020). AI can, for example, enhance 
cycling by identifying hidden patterns, by forecasting future material 
flows, and by improving product end-of-life strategies (Kristoffersen 

et al., 2020). Second, extending resource loops means that product use 
time is prolonged through durable and ageless design, services to pro
mote extended usage, maintenance, and repair (Geissdoerfer et al., 
2020). For example, AI may enable predictive maintenance or optimized 
usage with the potential to significantly extend product lifespan (Liu 
et al., 2020). Similarly, AI algorithms can predict the uncertain perfor
mances of various processes, monitor those processes in real time, and 
detect flaws in industrial systems (Sjödin et al., 2021a). Third, intensi
fying resource cycles entails maximising the utilization of a product 
through solutions such as the sharing economy or other ways of inten
sifying usage (Geissdoerfer et al., 2020). For example, implementing AI 
may intensify the utilization of products via improved optimization, 
real-time data analysis, and enhanced design (Sjödin et al., 2021a, 
2021b). Finally, dematerialising refers to providing the functionalities of 
a product without hardware by substituting service and software solu
tions (Geissdoerfer et al., 2020). Leveraging AI, for example, is often 
vital to amplify the dematerialising potential of software through 
improved resource optimisation. While the prevalent literature (e.g., 
Geissdoerfer et al., 2020) largely separates these approaches or strate
gies into distinct business models, we argue that combinations and 
configurations of these approaches may hold the greatest sustainability 
potential. 

The literature indicates high potential for AI capacities to advance 
sustainability and circularity by reducing and removing traditional in
efficiencies at the system level (Chauhan et al., 2022). However, we lack 
insights into the different types of AI-enabled CBM in an industrial 
setting. Empirical examples of how industrial firms conceptualize AI- 
enabled CBMs to ensure sustainable benefits can be captured from the 
digital servitization literature (Paiola et al., 2021; Kohtamäki et al., 
2022). For example, this literature describes advanced AI-enabled smart 
solution business models, such as fleet management solutions, optimi
zation solutions, outcome solutions, and autonomous solutions, (Geba
uer et al., 2021; Kohtamäki et al., 2022; Sandvik et al., 2022; Thomson 
et al., 2022). However, the digital servitization literature has yet to 
provide clear integration of circular economy principles and ap
proaches. This shortfall has been recognized as a research gap in a recent 
literature review on the topic (Shen et al., 2023). Accordingly, this study 
seeks to extend the literature on digital servitization by studying the 
impact of AI and circular strategies in digital servitization. In particular, 
there is a need to further investigate the potential of AI-enabled CBMs 
and the required capabilities, processes, and routines for their successful 
commercialization. 

2.3. A dynamic capabilities perspective on AI-enabled circular business 
model innovation 

The increasing prevalence of AI in industrial domains undoubtedly 
affords the opportunity to create, extend, and modify firms’ business 
models, resources, and competencies to embody AI-enabled circularity. 
Yet, AI capacities on their own are not sufficient to successfully 
commercialize AI-enabled CBMIs and advance industrial sustainability. 
This is because dynamic changes in the industrial and technological 
environment require manufacturers to rapidly adapt in sensing and 
seizing AI-enabled circular business opportunities, and in reconfiguring 
resources and competencies (Teece, 2007). Given the rapid development 
of AI and circularity practices, we argue that dynamic capabilities, 
which refer to a firm’s “ability to integrate, build, and reconfigure in
ternal and external competencies to address rapidly changing environ
ments” (Teece et al., 1997, p. 516), provide a promising analytical 
framework to holistically study key sensing, seizing, and reconfiguring 
capabilities (Teece, 2007) for AI-enabled CBMI commercialization. 
Indeed, dynamic capabilities incorporate critical perspectives relevant 
to AI-enabled CBMI, such as the capacity to identify a need or an op
portunity for change, formulate a response to such a need or opportu
nity, and implement a course of action (Helfat et al., 2009). Yet, little is 
known of this domain. There is, therefore, a need to further investigate 
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the “distinct skills, processes, procedures, organizational structures, 
decision rules, and disciplines” (Teece, 2007, p. 1319) that underly 
dynamic capabilities for commercializing AI-enabled CBMI opportu
nities. Building on recent research on AI (e.g., Sjödin et al., 2021a, 
2021b) and CBMs (Frishammar and Parida, 2021; Blackburn et al., 
2022; Kanda et al., 2021), we posit that these will require an ecosystem 
lens and dynamic adaptions in both internal and external resources and 
relationships (Ritala et al., 2023). 

Sensing capabilities is essentially about identifying AI-enabled CBMI 
opportunities by gathering and interpreting relevant market intelligence 
(Teece, 2007). This can involve scanning the business environment to 
gain an understanding of technologies, customers needs and pain points, 
competitors, and other ecosystem partners to identify opportunities for 
novel AI-enabled value propositions (Teece, 2007; Linde et al., 2021). 
For example, sensing in AI-enabled CBMI can involve cooperating and 
sharing ideas with customers and ecosystem partners to identify prac
tical problems and discover innovative solutions for complex sustain
ability challenges (Ritala et al., 2023; Frishammar and Parida, 2021). 

Seizing capabilities is about addressing the identified AI-enabled 
CBM opportunity through the development of novel customer solu
tions and corresponding business models (Teece, 2007). Seizing AI- 
enabled CBM opportunities may face significant challenges due to the 
complex and uncertain nature of AI capacities and circularity objectives 
in combination. Arguably, resolving this challenge requires a different 
way of working, incorporating agility, responsiveness, and greater 
involvement by customers and ecosystem actors in the CBMI process 
(Parida et al., 2019; Sjödin et al., 2022: Warner and Wäger, 2019; Sjödin 
et al., 2021b). In essence, the challenge is to simultaneously create novel 
solutions from evolving AI capacities and corresponding CBMs with a 
congruent design, mapping out how internal functions, customers, and 
ecosystem partners will be involved not only in value creation but also in 
actual value delivery (e.g., service processes) and value capture (Sjödin 
et al., 2020b). 

Finally, reconfiguring capabilities has to do with ensuring that AI- 
enabled CBMs remain competitive over time by adapting resources 
and structures to changing environments (Teece, 2007). Hence, they can 
be viewed as the ability to implement and refine AI-enabled CBMs to 
realize value over time. For example, since AI is gaining access to 
increasingly larger data sets over time, new opportunities for optimi
zation and improvements may surface (Sjödin et al., 2021a). Similarly, 
the value of AI solutions may be increased by incorporating novel 
ecosystem partners with diverse resources and applications (Kolagar 
et al., 2022). Constant re-evaluation is required, as is the ability to adapt 
to change (Huikkola et al., 2022). 

To conclude our conceptualization of the extant literature, we argue 
that, to profit from implementing circularity principles, AI-enabled 
CBMs must be designed to leverage the potential of AI capacities to 
enable high-value creation and value capture for the focal firm, its 
ecosystem partners, and its customers while addressing often conflicting 
financial and environmental goals. However, we still lack insights into 
the composition of AI capacities, AI-enabled CBMs, and the dynamic 
capabilities for commercializing such opportunities and their underlying 
routines and micro-level activities. In particular, specific sensing, 
seizing, and reconfiguring capabilities are arguably required to achieve 
sustainable implementation of AI-enabled CBMIs. 

3. Methods 

3.1. Research approach and case selection 

This paper presents an exploratory multiple case study of industrial 
firms to investigate AI-enabled CBMs for industrial firms and to under
stand how dynamic capabilities enable the commercialization of AI- 
enabled CBMs for industrial customers. Case studies generate multiple 
observations of complex organizational processes and are particularly 
useful in developing new insights into theoretically novel phenomena 

(Edmondson and McManus, 2007), such as the development and 
deployment of novel AI solutions in interorganizational settings. 

Our sample comprised globally active Scandinavian B2B manufac
turers engaged in AI, digital servitization, and CBMI. We selected cases 
from five B2B industries (manufacturing, transport solutions, shipping, 
construction, and mining) to enhance the generalizability of our find
ings. This case selection offered an opportunity to contrast various in
dustrial perspectives on relational processes. Several factors 
underpinned the selection of these cases at the time the study was 
initiated. First, the providers were actively working with AI-enabled 
CBMI (e.g., site optimization and autonomous solutions) and had 
several successful collaborations with customers. For example, Con
glocorp had a solid record of delivering an AI-enabled CBM that has 
optimized machine operation by up to 25 %. Second, these firms had 
been developing AI technologies and commercializing corresponding 
CBMs for some time, with notable development of routines and pro
cesses that were incorporated into business activities. This background 
meant that we could learn from the experiences of leading companies. 
For example, Shipcorp described comprehensive processes to make its 
customers’ operations more sustainable. Third, we selected cases where 
we had established good contacts with stakeholders in the firms. These 
positive contacts enabled us to collect detailed descriptions of their 
routines and practices for AI-enabled CBMI. Table 1 summarizes the 
studied cases. 

3.2. Data collection 

Data were gathered primarily through individual, in-depth in
terviews with participants from the manufacturers. In total, we con
ducted 54 interviews with knowledgeable informants. The informants 
were selected because they were actively involved in developing and 
deploying AI-enabled CBMI. We identified relevant informants by means 
of snowball sampling, where key informants were asked to recommend 
people who played an active role in AI and CBMI. We interviewed 
various participants exercising different organizational functions to 
capture a multifaceted view of the process. The interviewees included 
digital leads, digital business developers, R&D managers, platform 
managers, commercial project managers, product managers, and sales 
managers. 

During the interviews, the informants were asked open-ended 
questions with the support of an interview guide. The guide was 
developed based on themes relating to the description of relevant AI- 
enabled CBMI cases, the potential role of AI as an enabler for more 
sustainable offerings, and the capabilities/routines required for suc
cessful commercialization of AI-enabled CBMI, as well as circularity 
effects and outcomes. For example, respondents were asked to consider 
questions on broad themes such as: How does AI implementation contribute 
to CBMs? Which processes and activities are critical to configure, implement, 
and improve AI solutions over time? How are customers and ecosystem 
partners involved in the process? What sustainability improvements and 
circular effects have you achieved? We made extensive use of follow-up 
questions to clarify points and gain further details, which enabled 
additional exploration of relevant themes in the practical domain. The 
interviews lasted approximately 60 to 90 min each and were held face to 
face or via online conference calls. All interviews were recorded and 
transcribed, and the transcripts provided the main basis for the data 
analysis. 

We triangulated our data by applying multiple data collection 
techniques, including multiple interviews and a review of documents. 
We performed document studies (e.g., solution descriptions, ppts), and 
we reviewed company reports, agreements, published material, and 
project documents to validate and provide context to our respondents’ 
views, thus enabling empirical triangulation. To increase reliability and 
enhance transparency as well as the possibility of replication, a case 
study protocol was constructed along with a case study database. The 
database included case study notes, documents, and analysis. 
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3.3. Qualitative data analysis 

For the data analysis, we deployed thematic analysis as described by 
Braun and Clarke (2006) and coded the data using four steps. The first 
step in our data analysis was an in-depth analysis of the raw data (i.e., 
the interview transcripts). This analysis consisted of reading every 
interview several times, highlighting phrases and passages related to the 
overarching research purpose of understanding how AI-enabled CBMI is 
developed and applied. By coding the common words, phrases, terms, 
and labels mentioned by respondents, we identified first-order cate
gories of codes that reflect the views of the respondents in their own 
words. 

The second step of the analysis was to further examine the first-order 
categories to detect links and patterns among them. This iterative pro
cess yielded second-order themes that represent theoretically distinct 
concepts created by combining first-order categories. In this step, we 
consulted insights from the literature on dynamic capabilities, AI, and 
CBMs as well as additional data sources (e.g., internal company reports) 
to refine our themes on a continuous basis. This step allowed us to 

eliminate redundant sub-themes and codes that did not have a connec
tion to our research questions. 

The next step involved the generation of aggregate dimensions (of 
themes) that represented a higher level of abstraction in the coding. 
Here, we used insights from the literature to form theoretically sound 
dimensions. The aggregate dimension, themes, and codes were then 
extensively discussed and eventually reviewed to ensure that the find
ings were relevant to the research questions. Thus, the aggregate di
mensions built on the first-order categories and second-order themes to 
present a theoretically and practically grounded categorization. The 
initial results of the study were presented to three key informants from 
case companies to validate the results through discussion. Further ad
aptations were made where relevant. Fig. 1 shows the entire data 
structure that resulted from the data analysis. 

4. Findings 

We present our findings on AI-enabled CBMs in three parts. First, we 
conceptualize and describe the role of three distinct AI capacities 
(perceptive, predictive, prescriptive) in enabling sustainability and 
circularity. Second, we describe and conceptualize two types of AI- 
enabled CBM (augmentation and automation) and their circularity ef
fects. Finally, we describe dynamic capabilities for AI-enabled CBMs 
(value discovery, value realization, value optimization) and their un
derlying routines and activities. Following presentation of the findings, 
we discuss the resulting framework and elaborate on how developing AI 
and circularity in combination can contribute to making the trans
formation to advanced AI-enabled CBMI and a more sustainable 
industry. 

4.1. Understanding AI capacities 

Our findings revealed high potential for leveraging AI resource ca
pacities in circular business model innovation and implementation 
building on quality data and algorithms and democratizing them within 
business operations. A common theme among informants was that AI 
capacities can be used as a tool to uncover hidden inefficiencies and 
opportunities for re-using, reducing, and optimizing energy and 
resource usage. In particular, informants described the benefits of 
perceptive capacities, predictive capacities, and prescriptive capacities. 

4.1.1. Perceptive capacities 
The perceptive capacities of AI allow manufacturers to have an 

increased perception of what is actually happening when their products 
are being used in industrial customer operations. This perceptive ca
pacity is key to unlocking novel ways of creating value from AI. For 
example, AI can sense the environment through data from large varieties 
of connected sensors (e.g., vibrations, temperatures, and lidar) in or near 
the machines. For example, Constructcorp described connecting entire 
sites with sensors and analytics to create a real-time perceptive map of 
what is happening (e.g., traffic congestion areas, idle equipment). These 
types of capacity allow manufacturing firms to more deeply understand 
customers operational usage, problems, and requirements. Thus, AI 
perception offers the prospect of looking deeper into data and, over 
time, develops insights into customer intelligence. For example, a digital 
business development manager at Rockcorp described how collecting 
key AI insights in a simple digital dashboard for customers has given 
them an enhanced ability to monitor, control, and improve their 
equipment performance. 

A key benefit of AI perceptive capacities is that it is “always on” and 
cognizant of details (e.g., micro-level trends) in large streams of data, 
which humans may not have the mental capacity to sift through. The 
benefit is continuous monitoring of equipment performance, which al
lows hidden patterns and anomalies to be recognized. Thus, AI helps 
firms to process a large amount of data and identify hidden patterns that 
would be difficult to find using traditional analysis – thus, creating 

Table 1 
Case study firms and informants.  

Focal firm, key products 
(turnover, employees) 

Case description Interviews 

Solutioncorp 
Control system and 
mechanical equipment 
(SEK 32,400 M/7,800) 

Comprehensive efforts to drive AI 
capability application in energy and 
process industry customer segments. 
Strategy to connect existing assets and 
visualize and optimize whole operations 
using AI platforms. Examples include AI 
augmentation, such as fault detection in 
pulp and paper mills, and optimization 
solutions for a range of equipment, such 
as mine hoists.  

11 

Conglocorp 
Mining equipment 
(SEK 100,000 M/ 
41,000) 

Progressive AI transformation of 
business focusing on digitalization in the 
mining industry by investing in AI, 
automation, augmentation, and 
connectivity. Examples include AI- 
enabled autonomous solutions for 
underground loading, predictive 
maintenance, and mine optimization 
services.  

5 

Rockcorp 
Mining equipment 
(SEK 31,000 M/13,000) 

Efforts leveraging the use of data and AI 
to drive new augmentation and 
automation business opportunities for 
mining industry customers. Examples 
include AI-enabled digital 
transformation services and autonomous 
drilling solutions.  

10 

Shipcorp 
Ship control systems 
(66,400 M, 7,600) 

AI initiative to provide augmentation 
solutions leveraging data from ship 
control system by sharing it for AI, 
analytics, and autonomous operations 
support. Examples of applications 
include fuel optimization, predictive 
maintenance, and route optimization 
and autonomous shipping solutions.  

10 

Constructcorp 
Heavy construction 
equipment 
(SEK 66,500 M/14,000) 

An AI initiative to deliver digitally 
enabled site optimization services and 
autonomy for the construction industry. 
The key focus lies in the customer’s core 
business, maximum uptime potential, 
and effective cost control. Examples 
include site optimization, load 
optimization, driver assistance, and 
autonomous loading solutions.  

10 

Truckcorp 
Heavy trucks and 
transport solutions 
(SEK 152,000 M./ 
38,600) 

AI initiative to optimize sustainability 
and operations of a fleet of connected 
trucks and autonomous solutions. 
Examples include fleet management 
systems, fuel efficiency, driver assistance 
functionalities, and autonomous vehicle 
solutions.  

8  
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increased operational transparency. Indeed, it furnishes a key benefit of 
AI perception by creating a detailed overview of the equipment’s health 
and performance for both internal (e.g., service staff) and customer staff. 
A senior manager at Solutioncorp described the key perceptive value of 
AI as follows: 

“AI doesn’t get bored at looking at data for hours and hours… Imagine an 
event, for example you see a buildup of material, which at some point can 
disrupt your process, or a component like a heat exchanger at risk of 
failing, the growing of algae on the hull of a vessel. Those kinds of things 
people would easily get bored with and not pay sufficient attention to. 
Algorithms are awake at all times and can thus identify even a gradually 
creeping trend and alert a human being to what needs to be done or take 
automatic action depending on the nature of the processes.” 

4.1.2. Predictive capacities 
Predictive capacities allow firms to use AI to proactively analyze the 

gathered multi-dimensional data, to seek anomalies and discrepancies 
from the normal, and to anticipate, predict, and react to changes in the 
environment for efficient resource usage. Predictive methods convert AI 
learning from trends in prior data to forecast events and behaviors in the 
future. This allows AI to make inferences on future probabilities and 
trends to determine “what is likely to happen” and “when it is likely to 
happen”. The upshot is the creation of actionable insights for planning 
operations (e.g., when to plan maintenance stops, route planning). In
formants underlined the value of foresight in creating circular value. For 

example, Shipcorp described using machine learning models to predict 
vessel speed and fuel consumption performance over the course of a 
given voyage, with a high degree of accuracy that facilitated the creation 
of services for better decision making. Another critical benefit of pre
dictive capabilities is early warning on the risk of breakdowns and 
resource waste, thus allowing firms to take pre-emptive actions to 
realize productivity and sustainability gains. This could take the form of 
solutions for scheduling maintenance at appropriate intervals or sug
gesting what action to take to improve machine performance. A vice 
president at Solutioncorp explained: 

“AI is particularly useful in situations where things are easily observed but 
hard to predict, like with equipment failures. Explaining how a material 
deteriorates is typically very difficult and requires complex calculations. 
But we can instead measure the effects of degradation by collecting data 
and using AI functions to detect a developing failure before it happens.” 

As informants argued, implementation of predictive capabilities 
enables increased effectiveness by increasing productivity, saving cost, 
and reducing time and wastage of material resources. It helps both 
manufacturers and their industrial customers to make well-informed 
decisions for more sustainable product usage to be reflected in produc
tion plans and maintenance schedules, and it provides the opportunity 
to monitor and improve the general utilization levels of their equipment. 
A product manager from Conglocorp stated: 

“Proactively identifying maintenance needs before something breaks is 
leading to huge cost and time savings. Our [AI-enabled solution] offer our 

First-order codes Second-order themes Aggregate dimensions

• Continuously monitoring equipment performance 
• Recognizing real-time usage patters & anomalies
• Augmented transparency & problem solving

Perceptive capacity

• Proactively anticipate and react to changes 
• Forecasting future outcomes
• Automated suggestions & decision making

Predictive capacity

• Real-time problem solving
• Improving proactive risk management
• Augmenting decision making with AI prescriptions

Prescriptive capacity

AI  
capacities

• Intensifying and optimizing resource usage
• Extending product life cycles
• System optimization

Augmentation 
business models

• Dematerializing resource consumptions
• Intensifying asset utilization
• Extending product lifespan

Automation business 
models

AI-enabled 
circular 

business 
models
(effects)

• Connecting customer data pipeline
• Analyzing resource efficiency potential 
• Prioritizing customer sustainability objectives

Customer 
intelligence

• Scanning key complementors
• Assessing ecosystem dynamics 
• Exploring solution opportunity space 

Ecosystem value 
exploration 

Value 
discovery 
capability 

(sense) 

• Conceptualizing sustainability solution space
• Co-creative customer involvement
• Coordinating agile solution development

Co-creative solution 
configuration

• Defining service competencies
• Shaping delivery system 
• Aligning business incentives with partners 

Ecosystem value 
alignment 

Value 
realization 
capability 

(seize)

• Monitoring implementation & user feedback
• Adapt to operational trends and disruptions
• Modular solution expansion

Evolutionary solution 
optimization

• On-boarding complementor applications 
• Value proposition enhancement
• Orchestrating platform evolution

Platform value 
expansion

Value 
optimization 

capability 
(reconfigure) 

Fig. 1. Data structure.  
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customers a more complete view of their operations for smarter, safer, and 
more productive work.” 

4.1.3. Prescriptive capacities 
Prescriptive capacities allow manufacturers to create solutions to 

further optimize the operational usage of their products. As our in
formants noted, the gaps between the complexity of industrial opera
tions and our problem-solving abilities are widening. With the explosion 
in data (e.g., CO2, vibrations, engine load, production quality), no single 
person can keep pace, even with the support of advanced analytics and 
reporting. Prescriptive AI capacities serve the function of identifying the 
ideal actions that maximize sustainable value through millions of sim
ulations. As our respondents described, AI can scrutinize all potential 
possibilities to find those activities that offer the best chance of 
achieving the desired objectives. A sustainability manager at Minecorp 
described the potential of leveraging AI to obtain prescriptive insights 
into how to optimize operations on a system level: 

“Through data, we see that our large fleet of connected machines are used 
approximately 30 to 35 percent of the time. It is not because they are not 
working but because they are on hold. So there is a lot of waste that is at 
the system level, not at individual machines or processes. It is all the 
processes together that constitute the big productivity challenge, which we 
can address with AI.” 

For example, Solutioncorp explained that, in the mining industry, 
digital solutions can optimize and automate ventilation systems to bring 
air to the right sectors of an underground mine, ensuring worker safety 
and efficiency in energy consumption. Accordingly, AI can suggest real 
executable activities that can improve the operational performance of 
equipment and processes and, in turn, generate new data that can be 
collected so that this evolutionary computing life cycle can start all over 
again. For example, Rockcorp described how equipment usage can be 
optimized to ensure that the “right machine is ready for the right work”. 
Similarly, a product manager from Conglocorp described how AI could 
help optimize the performance of mining equipment: 

“We use AI to make the machine learn the cycle and optimizing material 
routing. We need to train the AI to make better decisions during operation, 
and this can make our autonomous trucks more competitive over time. 
Having an AI system that continuously learns and gets smarter is a key 
enabler for optimizing our customers’ processes for more efficient re
sources extraction and use.” 

4.2. AI-enabled circular business models for industrial manufacturers 

Our findings identify two main innovative types of AI-enabled CBM 
as the key focus areas adopted by leading industrial manufacturers 
engaged in digital servitization. Specifically, these relate to augmentation 
business models (e.g., optimization solutions) and automation business 
models (e.g., autonomous solutions), which link back to current di
alogues in the literature on digital servitization and smart solutions 
(Kohtamäki et al., 2022). In the following sections, we describe the basic 
properties of these business models and their circular value effects in 
driving industrial sustainability. A common denominator in the AI- 
enabled CBMs identified is that they are mainly focused on leveraging 
circularity principles to increase sustainability in the use phase of their 
products (i.e., for their customers). A sustainability manager at Con
structcorp described why targeting the use phase (use of sold products) 
is so critical for its sustainability mission: 

“Our mission is to reduce emissions in the product use phase by 30% and 
technology plays a key role... [Focusing on our customers’ usage] is the 
highest potential for us to contribute to sustainability as 95% of our 
emission is corresponding to the use phase.” 

4.2.1. Augmentation business models 
Augmentation business models are where industrial manufacturers 

use digital technologies to offer optimization solutions within the use 
phase of individual equipment, fleets of equipment, and processes. Ex
amples include AI-enabled driver assistance, preventive maintenance, 
fleet management, productivity services, and even site optimization 
contracts. A specific example is “site optimization” where whole pro
duction sites are optimized by leveraging data from connected equip
ment to reduce inefficiencies, waste, and emissions in the mining and 
construction industries. The fundamental objective of these offerings is 
to increase the efficiency and performance of products, fleets, and even 
full-scale industrial sites by leveraging AI and analytics to augment 
decision making. Accordingly, we identified several circular effects of 
augmentation business models: intensifying and optimizing resource usage, 
extending product life cycles, system optimization, and cycling products and 
parts. 

Intensifying and optimizing resource usage is a key circularity driver of 
augmentation business models since they are typically focused on 
optimizing the use of resources, such as energy, fuel, and materials. For 
example, fleet management solutions can optimize the use of vehicles, 
reducing fuel consumption and emissions. This can relate to more effi
cient route planning, appropriate loading, operating speeds, and so on. 
The opportunities for optimization by leveraging IoT data and AI ca
pacities are vast. For example, Solutioncorp is offering AI-enabled 
ventilation solutions that reduce energy consumption by 54 % in un
derground mining operations by optimizing ventilation to areas of the 
mine where it is needed (e.g., on when needed vs. always on). Specif
ically, augmentation solutions are often an important enabler in shifting 
to renewable sources of energy (regenerate) – for example, optimizing 
route planning and charging of electrified vehicles or optimizing energy 
usage depending on inputs from solar panels and wind energy. Sol
utioncorp described the case of an AI-enabled energy optimization 
platform for a building where energy usage optimization and use of solar 
panels contributed to making the building a net positive contributor to 
the energy system. Indeed, great opportunities exist for reducing waste 
in industrial operations by leveraging AI capacities for augmentation. A 
portfolio manager from Conglocorp intimated: 

“As we increasingly shift to actively leveraging technology to optimize our 
customers’ operations, we are looking at AI and digitalization as a game 
changer. There is significant waste happening in our customers’ opera
tions, mainly because no one is looking. But putting these objectives into 
the business model creates an alignment to drive change in operations and 
secure future competitiveness and sustainability.” 

Extending product life cycles: Augmentation business models can help 
to extend the life cycle of products, reducing the need for new products 
to be produced. For example, fleet management solutions can help to 
extend the life of vehicles by optimizing maintenance schedules and 
reducing wear and tear, while site optimization solutions can help to 
extend the life of buildings and infrastructure by optimizing mainte
nance and energy management. For example, Constructcorp described 
monitoring the condition of a wheel loader to detect when the risk of 
breakdown and maintenance needs is too high for intensive industrial 
operations (e.g., 16 h per day). It then suggested replacement alterna
tives and found a second life for the current machine with a customer 
whose operations were less demanding (e.g., 4 h per day). Building on 
these functionalities, Constructcorp has commercialized an AI-powered 
fleet management solution for construction vehicles. It monitors error 
codes and alarms transmitted to the cloud and prioritizes them based on 
urgency and severity. The technology helps remote monitoring centers 
to decide whether immediate intervention is necessary or if service 
technicians can wait until the next scheduled downtime. Additionally, it 
allows engineers to fix small issues before they escalate into more 
serious problems. A business development manager from Congolocorp 
described similar benefits: 
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“Our solution can help us to identify when the machine is going to fail, 
understand its state, and intervene before it actually fails… This allows us 
to deliver customer benefits in terms of productivity, safety, energy, and 
fuel efficiency.” 

System optimization is an added circular value driver for augmenta
tion business models. It entails using data to analyze the entire pro
duction system (e.g., a mine, quarry, building, factory) to optimize 
process efficiency, remove waste, and institute better organization. 
Thus, AI can enable increased process efficiency through continuous 
analysis of operational data, facilitating the identification of proc
ess–performance bottlenecks that can then be eliminated. As our infor
mant noted, augmentation business models can leverage AI to ensure 
decreased equipment downtime, optimized capacity, and reduced mean 
time to repair, to name only some of the potential benefits. An AI lead 
from Solutioncorp stated: 

“We are facing demands to optimize all parts of the production system, 
and there are a lot of co-dependencies. We need to take a system view and 
not only optimize the individual units but rather the whole production 
system. AI and digitalization will be key enablers to optimize industrial 
production sites.” 

Cycling products and parts. Beyond these benefits, augmentation 
business models can help to create a more circular supply chain by 
providing transparency for the end-of-life management of their prod
ucts. For example, Solutioncorp has added a provision to their smart 
motor contracts to extend the life cycle of its products, including a take- 
back system in cooperation with industrial recycling actors. After 
recycling, products or components can either be used by ABB in the 
manufacture of new motors or resold to third parties to be used in their 
production. In addition, optimization solutions provide concrete data on 
where new product/service combinations can be introduced to increase 
efficiency (exchange). AI can facilitate the simulation of product con
figurations in different usage scenarios, the identification of equipment 
or parts in need of replacement, and the activation of corresponding 
work processes for recycling. A product manager from Solutioncorp 
noted: 

“With AI, we can plan recycling of old motors in a much more scalable 
way. We can predict when it’s time to replace months before, order a new 
motor, and make sure that it’s delivered to the customer site two weeks in 
advance with an installation team ready to make sure that everything goes 
smoothly. But, on the other hand, we can also take back the old motor for 
refurbishment, sell worn-out parts for recycling, and activate ecosystem 
partners to make the full cycle run smoothly.” 

4.2.2. Automation business models 
Automation represents a new class of business model driven by vir

tualization and optimization, which is rapidly emerging among indus
trial vehicle manufacturers. Autonomous solutions (i.e., self-driving 
industrial vehicles) are radical innovations that promise great economic 
and environmental benefits and threaten to disrupt a wide array of in
dustries from logistics to mining. For instance, Shipcorp newly launched 
a fully autonomous zero-emission container ship aiming to replace 
40,000 diesel-powered truck journeys yearly. Automation business 
models are poised to yield substantial economic and sustainability 
benefits by embracing circularity principles and by reducing operational 
expenses through staff reduction and energy optimization. The circu
larity potential of these offerings is vast. We have identified the 
following circular effects: dematerializing resource consumption, intensi
fying asset utilization, and extending product lifespan. 

Dematerializing resource consumption is a key driver of circularity 
changes in product design, driven by the shift to autonomy. Removing 
operators offers solid potential for dematerializing by removing the cab- 
and-driver operation (e.g., no cab, no seat, no climate system). The 
dematerialization effect of this shift is fundamental. For example, 

Truckcorp stated that 20 % of the material and engineering resources 
invested in trucks would be eliminated by removing the cab. Beyond the 
benefits of shifting to autonomous solutions described above, the design 
of autonomous solutions can change the overall design (exchange) of the 
product, enabling more sustainable operation. For example, informants 
described the benefits of decreasing the size of the vehicles since oper
ator salary cost is no longer an issue. A portfolio manager at Con
structcorp described the dematerialization potential of autonomous 
solutions: 

“Autonomous solutions will ultimately have a radical effect on how we 
design our products. Removing the operator and cab is one thing. But the 
critical thing is, once you remove operator cost, the whole design of the 
solution changes. Instead of three large haulers, we can sell a system of 
five-six smaller ones operating 24/7. The use of resources in the machines 
and in the operation will be radically reduced.” 

Intensifying asset utilization is another driver because autonomous 
vehicles can be used to optimize the use of existing assets, such as ve
hicles and infrastructure, through efficient route planning and driving 
style. Informants described how autonomous vehicles can be pro
grammed to take the most efficient routes, which can increase efficiency 
by reducing fuel consumption and emissions. Similarly, since autono
mous solutions can operate around the clock, it reduces the need for 
vehicles. Indeed, autonomous solutions address the charging time 
problem of electrified vehicles – since the absence of operator costs and 
around-the-clock operation means that idle charging time is not an issue. 
Thus, automation business models have strong potential in the transition 
to regenerative energy systems. For example, Constructcorp demon
strated that the combination of autonomous and electrified vehicles has 
reduced CO2 emissions by 95 % on an industrial customer site. A port
folio manager from Conglocorp described how autonomous intensified 
asset utilization: 

“If you have one operator that can operate five machines, suddenly, you 
can pretty much… If you need to buy new loaders, maybe you can buy 
four or three instead of five because you have higher efficiency with uti
lization of fewer machines.” 

Extending product lifespan is facilitated because autonomous vehicle 
solutions can help to extend the lifespan of assets by reducing wear and 
tear and optimizing maintenance schedules. This can reduce the need for 
new assets to be produced, which can lead to a more sustainable use of 
resources. In addition, our informants described how the changed 
driving styles of autonomous machines use less fuel and spell more 
efficient operation, which prolongs the life of the machine, reduces 
maintenance, and prevents unnecessary wear and tear. For example, the 
deliberate operation of autonomous solutions can be designed to opti
mize efficiency and the length of life of the vehicle. Truckcorp described 
how it had found that lowering the driving speed of autonomous trucks 
led to fewer breakdowns and higher productivity, which was then 
regulated in the autonomous algorithms. Similarly, a portfolio manager 
from Conglocorp described how the driving style of autonomous vehi
cles extends the lifespan and reduces damage: 

“An [Conglocorp brand] autonomous truck never crashes. That 
[removes] one of the big costs in the mine because all machines have to 
spend a lot of time in the shop because you’re smashing the walls. 
[laughs]. Operators do that. An autonomous vehicle will never do that.” 

4.3. Dynamic capabilities for AI-enabled circular business model 
commercialization 

Understanding the types of CBM and the benefits of leveraging AI 
capacities is only an initial step toward sustainable transformation. Our 
informants described how commercializing AI-enabled CBMIs requires a 
different way of leveraging AI capacities in solution development and 
commercialization than the current modus operandi – incentives need to 
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be aligned with the industrial ecosystem actors, such as providers, 
partners, and customers. Accordingly, our analysis uncovered novel 
dynamic capabilities to innovate within the collaborative processes to 
create, deliver, and capture value in a more sustainable way. We 
discovered three fundamental dynamic capabilities to realize the 
commercialization of AI-enabled CBMI opportunities: value discovery 
capability (sense), value realization capability (seize), and value optimiza
tion capability (reconfigure). 

4.3.1. Value discovery capability 
Value discovery capability refers to the organizational ability to 

engage in customer intelligence and ecosystem solution exploration, 
facilitating the identification and exploration of new AI-enabled CBMI 
opportunities for the firm. Our informants described the essential role of 
identifying addressable values because the application of AI capacities is 
still in its early stages and rapidly evolving, making it uncertain and 
complex to navigate. Based on our findings, we conceptualize value 
discovery capability as comprising two fundamental routines: customer 
intelligence and ecosystem value exploration. 

Our informants underlined the need to develop routines for customer 
intelligence in order to sense opportunities for commercializing AI- 
enabled solutions. The goal of such routines is to gain a deep under
standing of the customers’ operations, pain points, and sustainability 
objectives by listening actively and analyzing the operational data. A 
critical foundation is connecting customer data pipelines and integrating 
sensors and data from various sources. Thus, manufacturers can gain a 
more complete understanding of their customers’ operational behavior, 
preferences, and needs. As our informants described, a deeper under
standing of customer needs and operational processes is required since 
these can vary widely across different markets and segments. For 
example, Constructcorp described how, even within quite a narrow 
segment of quarry customers, the key pain points could vary signifi
cantly (e.g., from fuel optimization to process bottlenecks), which 
necessitated a data-driven customer intelligence approach. An added 
benefit of a data-driven approach to customer intelligence is that the 
established data platform will facilitate the sensing of novel opportu
nities over time. An AI lead from Solutioncorp remarked: 

“Data and information are prerequisites for applying AI solutions. We 
need to gather all the data from [customers’] assets and operations and 
aggregate it up to [ERP systems] and all the other data systems. We need 
to make a synchronization and harmonization of data. As we get access to 
even more data, that allows us to identify problem areas and develop new 
advanced AI solutions for our customers over time.” 

Having concrete operational data and insights into customers’ ob
jectives enables manufacturers to analyze technology’s potential for 
increasing resource efficiency. This analysis helps identify areas where 
processes can be optimized to reduce waste, energy consumption, and 
improve efficiency, thereby illuminating circular business opportunities. 
Furthermore, by prioritizing customers’ sustainability objectives, man
ufacturers can select and initiate the configuration of appropriate AI 
solutions that aligns with their customers’ most pressing issues. Working 
jointly with customers to determine the target areas is, therefore, a 
critical foundation for success and ensures that the solution is relevant, 
valuable, and aligned with the target customers. For example, Shipcorp 
explained that this need-finding process was key to ensure adoption and 
to create the required buy-in from customers in order to succeed with 
novel AI-enabled solutions. Similarly, an AI lead at Solutioncorp asser
ted that designing the solution with the user in mind is essential to 
achieve successful commercialization: 

“The key to AI success is the customer. By starting from the customer’s 
operations, identify the customer’s problem and develop solutions that 
can create added value for the customer and us and bridge different 
automation systems within the industry.” 

Our findings detail that exploring potential opportunities for AI- 

enabled CBMs requires a level of openness and the development of 
routines for ecosystem value exploration. Clearly, industrial product 
manufacturers cannot develop AI solutions in isolation. Indeed, in
formants claimed that they increasingly need to collaborate with com
plementary partners to jointly configure targeted AI solutions to meet 
customers’ requirements and expand the potential value of the solu
tions. For example, building and deploying AI solutions often require a 
range of specialized competencies, including data science, machine 
learning, and software engineering, which few companies possess 
entirely in-house. Therefore, partnering with specialized AI solution 
providers and leveraging their competencies in value discovery can help 
manufacturers identify and capitalize on the most promising CBM op
portunities. As informants described value exploration is built on a 
culture of openness, where manufacturers are willing to share business 
information and collaborate with extended sets of complementary 
partners to achieve customer goals. As informants made clear, an initial 
step in ecosystem solution exploration is to identify the key potential 
players in the solution ecosystem. This involves mapping out the various 
stakeholders, such as suppliers, customers, partners, and competitors, 
and understanding their roles and relationships within the potential 
ecosystem. Informants underlined the need to think beyond the tradi
tional setup and assess the dynamics of the ecosystem. This involves 
assessing potential fit and identifying gaps in the capabilities of 
ecosystem partners in relation to customer problems that may impact 
the ecosystem and the solutions that can be developed within it. For 
example, informants mentioned the need to secure partnerships for 
connectivity capabilities (e.g., 5G) and the transfer of vast data streams 
on industrial sites to enable autonomous solutions. A digital lead at 
Solutioncorp stated: 

“It’s just different constellations of participants. But the same principle 
applies, that we can jointly create this vision: ‘This is what we want to 
achieve’, or: ‘This is what the customer wants to achieve.’ It’s not on the 
market today, so we kind of have to put a lot of puzzle pieces together to 
get there, and everyone has different roles.” 

Finding valuable applications involves exploring potential solution 
opportunities that can leverage the ecosystem’s strengths to address 
customer challenges. Thus, manufacturers can leverage customer intel
ligence and a deep understanding of customer needs, pain points, and 
behaviors, in combination with an appreciation of the portfolio of 
complementary ecosystem solutions to address novel business oppor
tunities. For example, a head of innovation at Minecorp described the 
importance of ecosystem partners in pursuing AI-enabled CBMI 
opportunities: 

“Our ecosystem is critical to advance on this journey. We are a traditional 
manufacturing company, and embracing the digital and AI mindset takes 
time. Our partners provide us with the innovative potential of AI while we 
still have the customer knowledge and relationships to explore opportu
nities for circularity and sustainability.” 

4.3.2. Value realization capability 
Value realization capability refers to the organizational ability to 

engage in co-creative solution configuration and ecosystem value 
alignment, enabling the development and implementation of AI-enabled 
CBMs in industrial contexts. Our informants stressed that configuring 
solutions and business models is a critical capability to translate an 
opportunity into a viable business. It builds on inherent routines for co- 
creative solution configuration and ecosystem value alignment with cus
tomers and ecosystem partners. 

Informants described the need to manage complex AI solution 
development in a collaborative and iterative way by building routines 
for co-creative solution configuration. This involves a collaborative 
approach to define, design, and implement solutions for the most 
pressing needs of customers. Informants underlined the need to avoid 
overly complex solutions from the start and, instead, to approach 
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solution configuration as an iterative process with initial small-scale 
solutions, which are progressively refined and expanded in function
ality based on operational feedback and data. A key starting point to 
such processes is conceptualizing the sustainability solution space. This 
means setting clear goals and metrics (including defining current per
formance benchmarks) to ensure that the development of AI solutions is 
aligned with customers’ sustainability objectives. This approach delivers 
by creating a deeper understanding of the problem space, by offering 
better hypotheses, and by making more accurate estimations. At the 
heart of this approach is co-creative customer involvement. By involving 
customers and end users in the development process, manufacturers can 
ensure that their needs are fully understood and addressed in the final 
solution. This co-creative work is important since customers often lack 
the knowledge of what AI can and cannot do. As our informants 
described, this co-creative approach fosters a shared vocabulary about 
the business need and potential solutions, enabling solution developers 
to better visualize and make sense of how end users will actually use the 
AI solutions. Thus, informants stressed the need to foster trust and a 
sense of shared ownership, to enable more effective and sustainable AI 
solution implementation processes. A head of digital solutions at Ship
corp described the changed routines employed to realize AI 
opportunities: 

“We now have a process where we actually place the responsibility back 
to the customer and ask them ‘what would you like this system to do for 
you?’, ‘what questions do you have?’ and ‘what answers would you like to 
get?’ Then, we place the responsibility back to the customer, so they are 
ready to involve my team. Then, we have a meeting and agree on different 
tasks to build a digital evolution together with the customer. So, we start a 
journey.” 

The upshot is a more agile solution development approach where 
manufacturers and customers jointly define the solution, break it down 
into small, manageable pieces, and implement each piece incrementally. 
Thus, each iteration is tested and validated before moving on to the next. 
This approach allows incumbent manufacturers to test and refine AI 
solutions in a more controlled, small-scale, and low-risk environment, 
build proof of value, and identify and address issues at an early stage in 
the process. For example, a business development manager from 
Truckcorp expressed the need to experiment with solutions and build on 
experience: 

“We need to start doing things, so we learn, we experience all of these 
problems that we’re going to experience. The sooner we experience these 
problems, the better. There’s a number of things that we haven’t really 
been exposed to yet.” 

Another critical component in seizing is to create routines for 
ecosystem value alignment. In essence, this relates to aligning crucial 
value delivery and capture elements of the business model so that the 
solution can be configured in the interests of manufacturers, ecosystem 
partners, and customers. This includes vital discussions on roles, re
sponsibilities, and revenue flows among the actors. For example, in
formants asserted the vital need to define which service competencies 
need to be activated to maintain and monitor the solutions – and who 
should be responsible for the various processes. Essentially, this relates 
to shaping the delivery system to ensure that AI solutions are delivered 
proficiently, efficiently, and in line with customer expectations. Due to 
the contextualized and novel composition of AI-enabled solution offer
ings, there is often a level of uncertainty on how to align these processes. 
Informants expressed the need to address potential bottlenecks and 
showstoppers (e.g., safety routines, data management). Moreover, there 
are vast opportunities to streamline workflows and to use AI technology 
to optimize the delivery process across the ecosystem. A key account 
manager from Truckcorp explained these processes for autonomous 
truck solutions: 

“When you talk about a type of solution, it’s not just about the hardware. 
It is about how is that vehicle going to be maintained and who’s going to 
maintain it. How are we going to maintain the upgrades? How do we 
guarantee you uptime? The most important thing is safety. How do we 
also do this in a safe way?” 

To succeed with the exploitation of AI opportunities, informants 
underlined the importance of aligning business incentives with partners 
to ensure value alignment. For example, informants mentioned that 
revenue flows need to be aligned to the overall solution configuration 
and role distribution to ensure a profitable and mutually beneficial 
partnership. This requires a careful analysis of the cost structure and 
profit margins of the solution, as well as an understanding of the part
ners’ pricing strategies. A digital lead at Solutioncorp explained: 

“[Our customer] wants to develop its business and benefit from being an 
active part of the energy market with its real estate portfolio. There exists 
no good solution for that, there’s not one company that can deliver it. You 
need a consortium of companies to do it. We need to create an ecosystem 
of companies that all fulfill different roles and enter into a collaborative 
process where the value must be distributed in some way fairly. Techni
cally, there are several AI platforms to be implemented, which fulfill 
different purposes and different competencies to be put in, and this gen
erates a value which should be shared between the partners.” 

4.3.3. Value optimization capability 
To succeed with implementing AI solutions and ensuring success in 

value creation over time, value optimization capability is a key foun
dation for ensuring the reconfiguration of routines and solutions as 
knowledge develops. This is particularly important in the context of 
rapid technological development and progressing sustainability con
cerns, which require ongoing innovation and evolution of solutions to 
remain effective and relevant. This capability includes two foundational 
routines: evolutionary solution optimization and platform value expansion. 

Evolutionary solution optimization. Informants explained that, after an 
AI solution has gone live in industrial operations, it will enter a subse
quent life-cycle stage of continuous refinement. For example, over time, 
the installed sensors will generate more and more data, which can be 
used to improve the initial models and make better predictions (e.g., 
machine failures, energy demand). Once the AI solutions have been 
tested and validated, incumbent manufacturers can then use the feed
back and data gathered to make refinements and iterations. Our in
formants noted that customers’ expectations for AI solutions will often 
change over time as the potential for realizing sustainable operations 
becomes evident. For example, as AI technology and customer opera
tions change, customers will often begin to measure success by different 
metrics (e.g., KPIs). Thus, as manufacturers seek to optimize customer 
value, it is important to check with customers to ensure that the rela
tionship continues to operate under the same shared perceptions of 
success. Often, when digital maturity increases in the customer organi
zation, new opportunities emerge that were either not contemplated or 
not considered possible previously. For manufacturers, following this 
journey is a critical part of ensuring revenue growth by adding new 
features (e.g., applications) and additional data sources to optimize the 
performance of AI-enabled CBM solutions. A commercial manager from 
Truckcorp stressed the importance of continuously improving the solu
tions and reconfiguring the business model: 

“It’s a bit like a McDonald’s, ‘Do you want fries with that?’ You’ve got to 
be about continuous improvement. We currently do it now without 
autonomous where we go to sites, do site optimization, look at how we can 
improve them…. Autonomous is exactly the same! There’s a solution we 
are reconfiguring. What’s improved? How do we then sell that improve
ment to the customer and the benefits, and do we get a premium for that? 
You can’t keep giving stuff and not getting something in return. If we can 
show that improvement is going to drop their cost per ton, then there’s got 
to be a reward for us in that as well.” 
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Informants specifically underlined the role of data and embracing 
data as a driver of decision making and value-delivery process im
provements to ensure that the potential sustainability benefits are 
realized. For example, all of the studied manufacturers had set up 
dedicated remote data monitoring centers to enable real-time support 
for customer and internal service operations. Such active monitoring 
and use of AI are key in creating a data-driven culture where circularity 
principles are used to optimize both customer-facing and internal pro
cesses. In the provision of AI solutions, embracing data can lead to 
effective operational and strategic decisions, which ensure that contin
uous improvement, learning, and innovation are achieved. A business 
development manager from Conglocorp described the importance of 
unlocking the innovation potential over time: 

“Once you have the data, you can quickly integrate it with other systems 
and automate the entire business process…. Using this combined approach 
of data-gathering and machine learning, we can use our insights to do 
virtually anything we want: from improving our machines to creating 
mining sites that are altogether more sustainable…. My motivation is to 
reach a point where our in-house systems and our customers’ systems 
become one, so that we can unlock the power of data even further.” 

Platform value expansion. This entails leveraging the existing AI so
lution infrastructure and the ecosystem to develop new products or 
services that align with evolving customer needs and, in parallel, 
exploring new partnerships or collaborations to drive innovation and 
growth. Essentially, the implementation of initial AI solutions can serve 
as a platform for the incorporation of complementary offerings, 
leveraging existing data infrastructure and AI capacities. Informants 
referenced the importance of actively on-boarding complementor ap
plications to integrate new complementary features and services into 
their existing AI solutions. This not only improves the customer expe
rience but also opens new revenue streams. Another way to enhance the 
value proposition is by identifying new market opportunities and 
creating innovative solutions that meet the evolving needs of customers. 
A digital lead from Solutioncorp described how the company worked to 
continuously integrate novel applications from start-ups into its overall 
solution: 

“When we have the solution platform in place, we can shift focus to be an 
enabler. So [AI-start-up] application is one of a thousand that we could 
put into it. We don’t put a value, we don’t say if [AI-start-up] is good or 
bad, we just say this is what we’ve found that’s great, we’ve tested, we 
partner with them. If there’s someone else who’s great, we’ll try to boost 
them too, make them great. But our mission is that this platform that we 
have, it should make it easy for these kinds of start-ups and innovations to 
thrive and expand the overall value of our solutions.” 

Our informants emphasized the need to maintain a customer dia
logue to constantly assess which complementary partners are capable of 
adding more value. The goal is to orchestrate sustainability evolution for 
customers by coordinating a larger platform ecosystem of partners in 
order to progressively target a bigger overall part of the sustainability 
space (e.g., addressing large-scale environmental problems) in customer 
operations. An ecosystem partnership manager at Shipcorp described 
the progressive nature of platform value expansion: 

“So, this is work we do with partners…. We do quality assessment on the 
applications, and our goal is to make sure our customers can pick and 
choose beyond the best, and they have a full set of applications. Currently, 
we are working with everything from route optimization, we do a weather 
routing app with [OEM], we have condition-based maintenance apps, and 
a growing number of functionalities that sit here.” 

5. Discussion and implications 

This study has sought to conceptualize AI-enabled CBMs for indus
trial firms and understand how dynamic capabilities enable the 

commercialization of AI-enabled CBMs for industrial customers. From 
the primary findings of the empirical study, an AI-enabled CBMI 
framework can be synthesized, as depicted in Fig. 2. The developed 
framework describes: i) how perceptive, predictive and prescriptive AI 
capacities enable diverse types of CBM; ii) the dynamic capabilities 
needed to accelerate the commercialization process (value discovery, 
value realization, value optimization); and iii) and the effects in terms of 
circular outcomes (e.g., intensifying asset utilization) of the respective 
augmentation and automation business models. 

Our framework further details the evolutionary process of AI 
commercialization by specifying interdependent enabling and evolving 
effects (arrows in Fig. 2). First, the enabling effect details the relationship 
between the AI capacities (perceptive, predictive, and prescriptive) and 
the effects they have on AI-enabled CBMs. AI capacities, such as 
continuous (automated) data analysis and decision making and resource 
optimization, provide the necessary building blocks to support and 
enhance CBMs for industrial manufacturers. By leveraging AI technol
ogies, companies can optimize their customer operations, improve 
resource efficiency, and drive circularity in their business models. The 
enabling effect of AI capacities allows for the implementation of inno
vative CBMs that contribute to the circular economy and sustainable 
practices. 

Second, the evolving effect relates to the feedback loop between the 
effects of AI-enabled CBMs and the continued evolution of AI capacities. 
As industrial manufacturers implement AI-enabled CBMs, they gain 
valuable insights, data, and experiences that inform the further devel
opment and enhancement of AI capacities. Thus, the process of 
commercialization of AI-enabled CBMs and the continuous leveraging of 
value discovery, realization, and optimization capabilities provide 
feedback and drive the evolution of AI capacities. This evolving effect 
represents a continuous cycle of improvement, where the implementa
tion of AI-enabled CBMs leads to new knowledge and understanding 
that, in turn, influences the development of more advanced AI capacities 
and capabilities. This feedback loop facilitates the iterative improve
ment and refinement of AI technologies in AI platforms to better support 
CBMs in industrial settings. 

Overall, our framework highlights the reciprocal relationship be
tween AI capacities, dynamic capabilities, and the effects of AI-enabled 
CBMs. It emphasizes how dynamic capabilities enable and enhance 
CBMs, and how the implementation of these models contributes to the 
evolution and advancement of AI technologies. We, therefore, contend 
that, if firms engaged in digital servitization can create capabilities to 
develop, configure, and effectively utilize AI capacities for commercial 
CBMs, they can make a significant contribution to sustainability. That is 
to say, by hitting all the pillars in the so-called triple bottom line, they 
can derive benefits not only economically but also socially and envi
ronmentally. Table 2 summarizes the key insights from the study. 

5.1. Theoretical contributions 

This study offers several theoretical contributions to the emerging 
literature on circular business model innovation, digital servitization, 
and AI in B2B industrial setting. 

First, we contribute to the emerging AI, digital servitization, and 
CBM literature with a novel conceptualization of distinct AI-enabled CBMs. 
Thus, we shed light on issues such as how industrial firms faced with 
radical AI changes and circularity demands manage to configure novel 
AI-enabled business models. Specific studies that focus on industrial 
firms’ CBMs have been lacking and, therefore, current attention on this 
issue greatly benefits the development of the literature (Frishammar and 
Parida, 2019), especially in the domain of AI. In particular, drawing on 
the literature on AI and digital servitization, we detail two novel classes 
of CBM enabled by AI: augmentation and automation business models. 
We follow the recent literature on smart CBMs (e.g., Kristoffersen et al., 
2020) and detail the central role of AI capacities (perceptive, predictive, 
and prescriptive) in enabling these business models and their effects in 
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driving circularity and industrial sustainability. Prior research (e.g., 
Geissdoerfer et al., 2020) has illustrated how CBMs can be constructed 
by following diverse strategies for realizing circular effects: cycling, 
extending, intensifying, and dematerialization. Our findings illustrate 
how AI-enabled CBMs allow manufacturers to combine complex con
figurations of these strategies. For example, automation business 
models, such as autonomous solutions (Sandvik et al., 2022), allow 
manufacturers to provide solutions that intensify round-the-clock usage 

of industrial vehicles, extend the lifespan, and radically change product 
design to dematerialize the total system. Thus, we delineate the circular 
effects of AI capacities in industrial CBMs. These distinctions contribute 
to our understanding of the multifaceted roles AI can play in CBMs and 
digital servitization. Accordingly, we extend the discussion on digital 
servitization and AI-enabled CBMs and identify novel research avenues 
in these domains. 

Second, we contribute to the literature on AI transformation and 
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(reconfigure)

Value discovery capability
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Fig. 2. A framework for AI-enabled circular business model innovation.  

Table 2 
Summary of identified AI-enabled circular business models and their key circularity strategies.  

AI-enabled 
circular business 
models 

Description of the business model The role of AI capacities Dynamic capabilities for realizing 
AI-enabled CBMI 

Circular value drivers 

Augmentation 
business model 

Optimization solutions designed to 
create and capture value by optimizing 
the sustainability of customers’ 
operations.  

Case examples: 
*Fleet management 
*Site optimization 
*Predictive maintenance 
*Energy optimization platform 
*Shipping optimization platform 

AI capacities allow the provider to 
augment human decision making to 
improve efficiency through continuous 
analysis of operational data and to guide 
customers’ transformation to perceive 
and predict anomalies and inefficiencies 
and prescribe potential solutions. 

*Value discovery capabilities – 
driven by structured routines for 
creating customer intelligence and 
ecosystem solution exploration.  

*Value realization capabilities – 
driven by structured routines for 
co-creative solution configuration 
and ecosystem value alignment.  

*Value optimization capabilities – 
driven by structured routines for 
continuous solution 
reconfiguration and ecosystem 
value expansion. 

*Optimizing resource usages (e. 
g., fuel, energy materials) 
*Extending product life cycles 
(e.g. optimized maintenance, 
reducing wear and tear) 
*System optimization (e.g., 
process efficiency, removing 
waste, organization) 

Automation 
business model 

Autonomous solutions designed to 
create and capture value by 
automating customer operations 
through self-driving industrial vehicles 
ensuring more sustainable operation.  

Case examples: 
*Autonomous trucks 
*Autonomous ships 
*Autonomous wheel loaders 
*Autonomous mining equipment 

AI capacities enable automating industrial 
vehicles to perceive their environment 
and operate independently or semi- 
independently leveraging predictive and 
prescriptive functionalities. The system 
learns to ensure increasingly efficient 
operation. 

*Reduced resource consumption 
waste and emissions (e.g., 
efficient route planning and 
driving style, changed product 
design) 
*Improving asset utilization (e.g., 
24/7 operation, less need of 
equipment) 
*Increased lifespan (e.g., 
reducing wear and tear, 
optimizing maintenance 
schedules)  

D. Sjödin et al.                                                                                                                                                                                                                                  



Technological Forecasting & Social Change 197 (2023) 122903

13

digital servitization by identifying concrete dynamic capabilities for 
commercializing AI-enabled business models and solutions. The literature on 
AI utilization for novel business models in B2B settings is rapidly 
growing (e.g., Paschen et al., 2021; Sjödin et al., 2021a). Our study adds 
to this emerging strand of research by providing evidence on how dy
namic capabilities and their corresponding sub-routines allow manu
facturers to configure and successfully commercialize AI solutions. 
Specifically, we detail how dynamic capabilities relating to value dis
covery (sensing), value realization (seizing), and value optimization 
(reconfiguring) play a critical role in driving the market success of AI in 
industrial settings. We demonstrate that neither AI capacities nor indi
vidual capabilities are sufficient on their own, but it is the combined use 
(Linde et al., 2021; Teece, 2007) of the three sets of dynamic capabilities 
over time that enables manufacturers to successfully commercialize and 
scale AI solution opportunities. In essence, we provide capability-level 
insights to untangle the issues related to CBM experimentation 
(Bocken et al., 2018), business model piloting (Thomson et al., 2023) 
smart solution development (Huikkola et al., 2022) and innovation 
(Sjödin et al., 2021a) by industrial firms. In particular, we explain how 
AI requires platform capabilities and routines for close interaction with 
the customer, adaptation of the solution to the customer context, and 
alignment with the requirements of ecosystem partners (Jovanovic 
et al., 2022). Thus, we provide important theoretical insights into the 
capabilities and micro level routines and activities required for the 
commercialization of novel technology-driven business models in 
established industrial settings. 

Third, we contribute by illustrating the central role of ecosystem partner 
involvement in AI-enabled CBMs. For example, to realize the potential of 
novel AI solutions, manufacturers may require the involvement of many 
complementary actors, depending on customer requirements and the 
specific context. Therefore, we provide an in-depth perspective on AI- 
enabled CBMs, specifying the role of interdependent routines and dy
namic capabilities to ensure customer centricity and agility as well as 
ecosystem orchestration as novel CBMs are sensed, seized, and recon
figured. Thus, while previous studies have offered the firm-centric 
perspective on CBMs, we extend the dialogue with an ecosystem 
perspective that encompasses both providers, multiple ecosystem part
ners, and customers. For example, we contribute by recognizing the 
need for ecosystem value alignment routines in AI-enabled CBMs where 
the alignment of value delivery (e.g., roles and processes) and value 
capture (revenue flows) is not solely a firm-centric requirement but a 
joint endeavor. In consequence, our study findings suggest that 
ecosystem involvement in AI-enabled CBMs is more interactive and open 
than in the traditional product-centric setting because the ecosystem 
actively participates with the provider in the co-production of the AI 
solution offering. 

Finally, we contribute by offering a novel framework for AI-enabled 
CBMI. This framework facilitates an increased understanding of how 
and why incumbent industrial manufacturers engaged in digital servi
tization innovate their business models by leveraging AI and circularity 
principles and how this leads to beneficial economic, environmental, 
and social outcomes for themselves, their customers, the wider ecosys
tems, and the economy as a whole. Specifically, by focusing on the 
transformative potential of AI capacities, we foresee an opening up of 
new dialogues in the AI, digital servitization, CBM, and BMI literature. 
This will help ensure the cross-pollination of BMI, the circular economy, 
and AI and digitalization across different theoretical domains and 
through both emerging and developed literature streams. 

5.2. Managerial implications 

We view AI and circularity as key enablers of a more sustainable 
industry. We call on managers in manufacturers engaged in digital 
servitization to act on this potential, and we offer several recommen
dations. First, it is critical to recognize the value of different AI capac
ities (perceptive, predictive, prescriptive). These capacities enable 

continuous data analysis, decision making, and resource optimization, 
providing a solid foundation for the development and implementation of 
AI-enabled CBMs and a path to a more sustainable industry. 

Second, to accelerate the commercialization of AI-enabled CBMs, 
industrial firms need to develop dynamic capabilities that facilitate 
value discovery, value realization, and value optimization throughout 
the process of commercialization. These capabilities enable firms to 
adapt and respond to changing market demands and customer needs, 
driving the successful implementation and evolution of CBMs. Our 
findings suggest that the transition to a circular economy is not some
thing a company can achieve on its own – thus, routines incorporating a 
broader exploration and integration of customers and ecosystem part
ners are required. In addition, we recommend increased efforts to co- 
create AI-enabled offerings with customers and ecosystem partners in 
an iterative way. Given the uncertainty associated with AI solutions, 
routines to balance the incentives, roles, and data sharing among mul
tiple actors will be key in realizing sustainability in practice. 

Third, managers are encouraged to recognize and embrace the cir
cular effects of AI-enabled business models: Business models relating to 
optimization and autonomous solutions offer opportunities for indus
trial firms to intensify asset utilization and contribute to the circular 
economy through efforts to reduce, reuse, and recycle material and 
energy resources. We argue that the value-creation potential of digital 
technologies and services can be improved by assuming responsibility 
for optimizing customers’ operations, improving resource efficiency, 
and driving circularity. Managers engaged in digital servitization should 
integrate circular thinking and strategies into their strategic decision- 
making processes and business models, aligning them with the princi
ples of the circular economy. 

5.3. Limitations and outlook 

Our study has several limitations that provide opportunities for 
further research. The findings of this study are based on a limited case 
study sample of five leading companies from Scandinavia, which may 
not be representative of all industrial manufacturers. The results may 
not be generalizable to other industries, regions, or company sizes. 
Future research could expand the sample size and include a broader 
range of industries to enhance the generalizability of the findings. In 
particular, other classes of AI-enabled CBMs (e.g., cycling) may be more 
prevalent depending on the context. Similarly, the types of CBM and the 
composition of dynamic AI capabilities may vary significantly between 
B2B and B2C. We encourage scholars to examine our findings in other 
contexts and to extend or modify them as appropriate. 

Furthermore, we provide several potential avenues for future 
research. 

First, this study focuses on the potential of AI to enable CBMI but 
does not extensively address the challenges associated with the imple
mentation of AI-enabled CBMs in real-world industrial settings. Future 
research could investigate the barriers and challenges that organizations 
may face when adopting and implementing AI-enabled CBMs, such as 
technological infrastructure, organizational culture, and change man
agement processes. 

Second, an interesting avenue for future research is to conduct lon
gitudinal studies to assess the long-term impact of AI-enabled CBMs on 
circularity and sustainability outcomes in industrial settings. This could 
involve tracking changes in resource efficiency, waste reduction, and 
economic and environmental performance over time to provide a more 
comprehensive understanding of the effectiveness of AI-enabled CBMs 
in driving circular business practices. In addition, future research could 
compare the performance and outcomes of different types of AI-enabled 
CBM to identify which approaches are more effective in achieving cir
cular economy goals. This could involve conducting comparative case 
studies, simulation models, and experiments to systematically compare 
the impacts of different types of AI-enabled CBM in various industrial 
contexts. 
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Third, this study mainly focuses on the perspective of providers of AI- 
enabled CBMs. Future research could explore the perspectives of other 
stakeholders, such as customers, suppliers/complementors, regulators, 
and local communities, to understand their perceptions, motivations, 
and concerns related to AI-enabled CBMs. For example, our findings 
demonstrate that ecosystems are becoming increasingly important in the 
era of AI, and future research could devote increased attention to 
ecosystem orchestration, governance, partnering, and new types of 
shared revenue model for AI (Sjödin et al., 2022). Finally, our findings 
specifically detail the importance of platforms yet further studies could 
further investigate the linkages between industrial digital platforms, AI 
and circularity (Blackburn et al., 2022; Madanaguli et al., 2023). It 
seems likely that AI capacities will play an even more prominent role in 
digital servitization and circularity in the future, and the present article 
is merely the first step toward an understanding worthy of their 
importance. 
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Palmié, M., Boehm, J., Friedrich, J., Parida, V., Wincent, J., Kahlert, J., Sjödin, D., 2021. 
Startups versus incumbents in ‘green’ industry transformations: a comparative study 
of business model archetypes in the electrical power sector. Ind. Mark. Manag. 96, 
35–49. 

Pan, S.L., Nishant, R., 2023. Artificial intelligence for digital sustainability: an insight 
into domain-specific research and future directions. Int. J. Inf. Manag. 72, 102668. 
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Sjödin, D., Parida, V., Palmié, M., Wincent, J., 2021a. How AI capabilities enable 
business model innovation: scaling AI through co-evolutionary processes and 
feedback loops. J. Bus. Res. 134, 574–587. 
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