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Abstract
This study intends to scrutinize the role of Artificial Intelligence (AI) in Product-
Service Innovation (PSI). The literature on AI enabled PSI, other related innova-
tion business models, product-service systems, and servitization has grown signifi-
cantly since 2018; therefore, there is a need to structure the literature in a systematic 
manner and add to what has been studied thus far. Product-service innovation is 
used to represent the relevance of achieving innovation in business models deal-
ing with innovation outcomes including artificial intelligence. This study used bib-
liographic coupling to analyze 159 articles emerging from the fields of computer 
sciences, engineering, social sciences, decision sciences, and management. This 
review depicts structures of the literature comprising five (5) clusters, namely, (1) 
technology adoption and transformational barriers, which depicts the barriers faced 
during the adoption of AI-enabled technologies  and following transformation; (2) 
data-driven capabilities and innovation, which highlights the data-based capabilities 
supported through AI and innovation; (3) digitally enabled business model innova-
tion, which explained how AI-enabled business model innovation occurs; (4) smart 
design changes and sustainability, which reveals the working of AI in product ser-
vice environments with different design changes and transformations based on sus-
tainability; and (5) sectorial application, which highlights industry examples. Each 
cluster is comprehensively analyzed based on its contents, including central themes, 
models, theories, and methodologies, which help to identify the gaps and support 
suggestions for future research directions. 
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1  Introduction

The industrial revolution and digitalization have impacted how manufacturing 
companies compete today. In the business sector, innovation consistently proves 
to be a pivotal factor. Companies leverage innovative technologies for product 
maintenance, service operations, equipment repair, and gathering insights into 
user behavior. Digitalization in terms of service solutions and delivery systems 
has overcome the interdependence of manufacturers and allowed them to scale 
and customize at the same time (Shleha et al. 2023; Vendrell-Herrero et al. 2022). 
It is estimated that the current market size as of 2024 for digital transformation in 
global manufacturing stands at approximately USD 367.60 billion, with projec-
tions indicating a substantial increase to USD 876.10 billion over the next five 
years (Mordor 2023). Furthermore, considering service solution delivery through 
productive capability generation involving distance tracking or monitoring, con-
trolling and optimizing the system or automation has led to the maximization 
of digitalization (Porter and Heppleman 2014). Therefore, leading the firms to 
achieve more through well-integration (Vendrell-Herrero et al. 2021).

A solution-based business model considering digital servitization (Brekke 
et  al. 2023; Kohtamäki et  al. 2019) allows manufacturers to gain a competitive 
advantage by using product-service innovation (PSI), providing the opportu-
nity for data sharing knowledge and externalizing risks (Bustinza et  al. 2019). 
According to Bustinza et  al. (2019),  PSI is  “an integrated product and service 
offering that delivers value in use” (p. 3). There is a need to generate customized 
service-based augmented innovation through such digitalization based on a solu-
tion-based servitization model (Queiroz et al. 2020). This will lead manufacturers 
to pursue more advanced solutions based on deep learning and AI-based capa-
bilities (Kohtamäki et al. 2022a, b). Artificial intelligence (AI) is radically trans-
forming the traditional way of firms to create, deliver, and capture value. Mariani 
et al. (2023) stated “the adoption of AI combined with other digital technologies, 
supports businesses to adapt or to replace products/services, change the way they 
create, deliver and capture value, improve their technological capabilities” (p. 
9). According to market research, the global market for AI in manufacturing has 
almost doubled from 2022 to 2023 and is expected to increase tenfold by the year 
2030 (Precedence 2023).

However, the successful assimilation of AI capabilities in business models and 
operations is challenging (Sjödin et  al. 2021; 2023). Currently, although vari-
ous businesses are putting millions of people into AI technologies, 70% of these 
businesses generate minimal or no profit (Koetsier 2020). Eighty-five percent 
(85%) of AI initiatives eventually do not meet their purported promises to firms 
(Akula 2021). According to the IBM Global AI Adoption Index 2022, two pri-
mary obstacles hinder the advancement of AI: ensuring compliance with manage-
ment tools across various data environments and addressing the shortage of skills 
and training in human resources necessary to develop and oversee ethical AI sys-
tems (IBM 2022). Artificial intelligence serves a crucial role in decision-making 
and productivity improvement, aiming to minimize human errors and maximize 
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profitability. For instance, the McKinsey Global Institute projects that by 2030, 
the widespread adoption of AI will elevate global productivity by 1.2% annu-
ally, thereby expanding the global economy by $13 trillion (Bughin et al. 2018). 
Additionally, Accenture’s report highlights that AI is to contribute $8 trillion in 
value to the U.S. economy by 2035 (Accenture 2016). However, some researchers 
believe that user perceptions about the implementation of artificial intelligence 
services are becoming more intriguing and demand additional research (Yang and 
Hu 2022).

AI is often described as the effort dedicated to creating intelligent machines, 
where intelligence is the attribute that permits an organization to perform correctly 
and predictably (Nilsson 2009). AI defines and guides a firm in today’s age in the 
execution of tasks, simple or complex, and ways to improve business operations, 
manufactured products, and customer services, leading to competitive advantage 
(Iansiti and Lakhani 2020; Wamba et  al. 2021). It is important to remember that 
introduction of digital technologies can enable new value creation/capture or hin-
der it (Trischler and Li-Ying 2022), however, it cannot be avoided as ‘Innovation is 
at the heart of digitalization and business model’ (Bouncken et al. 2021, p1). The 
algorithms used in AI are able to provide benefits to both the firm and the customer 
in the servitization path (Barbieri et al. 2021). The change in bargaining power from 
firm to customer technological change and innovation in contrast to needs evolution 
in terms of the AI revolution is the cause of necessity for business model innovation 
(Kim 2021). In one of the recent studies, AI capacities (i.e. perceptive, predictive 
and prescriptive capacities) have been highlighted as the enabler for circular busi-
ness model based on the journey of digital servitization (Sjödin et al. 2023).

Previously, in artificial intelligence, several bibliometric reviews have been con-
ducted in finance (Ahmed et al. 2022), accounting/auditing (Agustí and Orta-Pérez 
2022; Goodell et al. 2021; Kraus et al. 2022b), human resource management (San-
tana  and Díaz-Fernández 2023), business-to-business marketing (Han et  al. 2021) 
and are very narrow in perspective (Trischler and Li-Ying 2022). To comprehen-
sively explore the topic, researchers have synergized systematic literature reviews 
with integrated bibliometric analysis, effectively circumventing the risk of overlook-
ing potential advancements and novel insights, thereby making a significant con-
tribution in the field (Kraus et al. 2022a, 2020). It is also noteworthy that all these 
additions are recent to the literature, and thus far, there have been no comprehensive 
reviews created on the role of AI in enabling PSI, product service systems (PSS), 
servitization, or digital servitization. The reason explained for the research prompt-
ing use of AI as an enabler of the innovation process is that business managers can 
overcome the challenges faced in highly volatile business environments because of 
rival technologies and competitive global markets (Jones et  al. 2016; O’Cass and 
Wetzels, 2018; Spieth et al. 2014).

According to Kulkov (2021), there is a lack of AI business literature analyz-
ing firms through theoretical concepts and frameworks. It is widely known that AI 
consists of machine learning, deep learning, and language recognition capabilities 
(Ahmed et al. 2022), but studies that exclusively include all these capabilities and 
methods together are lacking. Kulkov (2023) suggested that there is a lack of under-
standing of how to integrate the approach of business applications of AI in practice. 
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Furthermore, it is important to understand business model design changes for organ-
izations with innovations such as AI to create and capture value (Sjödin et al. 2021; 
2023). Teece (2018) and Stanko et  al. (2023) suggest that in the context of busi-
ness models, capturing value from enabling technologies or architectural innova-
tion is more challenging than capturing value from any other modest innovation. 
Furthermore, acquiring such a business model can be the reason for organizational 
challenges, including capacity and resource limitations (Schroeder 2016). To know 
more about AI-enabled Product Service Innovation importance, the present study 
proposes research question as “What is the role of AI in Product-Service innovation, 
what has been studied previously, and what future research can be done?”.

In order to contribute in literature on AIs’ role in enabling business models i.e. 
product service systems/servitization/digital servitization, our study intends to 
include most of the AI models and theories in the context of product-service inno-
vation (PSI) by identifying the structure of the literature through employing bib-
liographic coupling, which results in five (5) research clusters/streams, including 
(1) technology adoption and transformational barriers, (2) data-driven capabilities 
and innovation, (3) digitally enabled business model innovation, (4) smart design 
changes and sustainability, and (5) sectoral application. The study used content 
analysis of individual clusters to scrutinize the central themes, models, theories, 
and methodologies involved within each cluster. Further reflection on these clusters 
helps highlight the gaps in the related studies, which further leads to the formation 
of future research perspectives. The focus of this study is not limited to AI as a sepa-
rate field but instead it focuses on AI’s contribution in business models (Jorzik et al. 
2023), including product service systems, servitization, and digital servitization 
(Bustinza et al. 2019).

2 � Review methodology

To conduct a systematic review content analysis, we started by creating a dataset 
of articles by setting two search strings to search the databases. In this study, the 
search tool used was Elsevier’s Scopus, which is considered the best for finding 
peer-reviewed scholarly articles (Rabetino et  al. 2021). For the first search string, 
we use ‘Artificial Intelligence’, and alternative keywords like "machine learning" 
or "machine*learning" or "learning system*" or "neural network*" or "deep learn-
ing" or "support vector machine*" or "decision tree*" or "decision support system*" 
or "artificial neural network*" or "supervised learning" or "random forest" or "natu-
ral language processing" or "reinforcement learning" or "text processing" or "fuzzy 
logic"  or "fuzzy approach" or "Bayesian network*"  or "fuzzy test"  or "stochastic 
systems" or "AI" or "LSTM".

However, to determine the relationship between the AI and PSI, we recorded a sec-
ond search string. It includes keywords such as "product-service innovation" or "prod-
uctservice innovation"  or "servitiz*"  or "servitis*" or  "product-service system"  or 
"smart product"  or "smart service"  or "intelligent product"  or "product-service sys-
tems" or "productservice system(pss)" or "product service system" or "digital transfor-
mation framework" or "service innovation" or "sustainable product-service systems" or 
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"sustainable product-service system" or "service transition" or "business model 
innovation"  or "service transfusion". Hence, the most appropriate definition 
for understanding AI according to these research strings could be “AI technol-
ogy can provide the foundation for successful digital servitization and business 
model innovation; simply spending money on digital infrastructure, technolo-
gies, and data is not enough. New routines, skills, operational processes, and 
business models are required in making use of AI technology to create value for 
customers” (Sjödin et al. 2021 p.1). Product-service innovation is a new busi-
ness model in this context.

As Fig. 1 shows, the title, abstract, and keyword search of the Scopus data-
base produced a total of 1096 publications, which were further delimited to the 
subject areas of computer science, engineering, business management, account-
ing, social science, decision sciences, economics, econometrics, and finance, 
resulting in 444 articles. These articles were manually scrutinized, exempting 
nonrelevant articles from the search, excluding pure computer science papers, 
and not including AI papers with nonbusiness research. The selection criteria 
included studies with considerable matches from both the fields of manage-
ment/business/economics/econometrics/accounting/finance and computer sci-
ence/decision science. The final selection yielded 200 articles. However, while 
uploading the data on VOSviewer, the disconnected articles were eliminated, 
thus providing 159 articles as connected studies for review. In this dataset, the 
largest number of articles were published by Computers in Industry, Journal of 
Business Research, and International Journal of Production Research. The con-
tent analysis of individual clusters scrutinizes the central themes, models, theo-
ries, and methodologies involved within each cluster (Kohtamäki et  al. 2022a, 
b).

In the field of management, a systematic manner of review has gained 
increased popularity because it provides synthesis for the decision and policy-
makers (Kraus et al. 2024, 2020; Sauer and Seuring 2023). We used VOSviewer 
software (Waltman et al. 2010) to conduct bibliographic coupling with 159 arti-
cles on AI-enabled PSIs. Bibliographic coupling is an appropriate bibliometric 
method for identifying the structure of the literature and understanding trends 
in research fields (Khanra et al. 2021; Vogel and Güttel 2013; Zupic and Čater 
2015). When choosing the type of analysis and counting method in VOSviewer, 
we selected bibliographic coupling and the unit of analysis as documents and 
the counting method as fractional. Due to the small size of the dataset, we did 
not apply a minimum number of citations or set the resolution to 0.98 or the 
minimum cluster size to 21. We chose bibliographic coupling as an analysis 
method because it uses individual articles as a unit of analysis and functions 
well with a relatively limited amount of data (Xu et al. 2018). After performing 
the bibliometric analysis on the dataset, we move toward conducting a system-
atic review (Kraus et  al. 2023) of the content by thoroughly reading the arti-
cles comprising each cluster and coding them accordingly based on the research 
content involved. The key intellectual interest that the documents in a cluster 
may analyze is reflected by the themes (Shiau et al. 2017; Small 1973).
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Fig. 1   Review process
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3 � Mapping the structure of the field

Artificial intelligence (AI) emerged as a scientific discipline in the last century, with 
its essence encapsulated in McCarthy’s (McCarthy and Hayes 1981) definition, 
characterizing AI as a type of machine capable of intelligent behavior. This defini-
tion laid the groundwork for teaching computers to perform tasks more efficiently 
than humans, as highlighted by Rich in 1985. The concept of machine learning, an 
integral aspect of AI, was introduced by Arthur Samuel as early as 1959. Even after 
2017, machine learning has continued to persist as a subfield within the broader 
domain of AI (Bhavsar et al. 2017). Hence, since 2018, the number of studies has 
expanded considerably and included AI-related techniques and models. According 
to Hahn et al. 2020, “the use of AI can provide significant value to those companies 
that are willing to actively invest in and use AI in their business models. Implement-
ing artificial intelligence in a company’s business model seems to provide enormous 
advantages and can function as an important competitive advantage”. However, 
product-service innovation can be alternately used with servitization; it is particu-
larly useful for IT processes, where it is possible to analyze the relationship with 
innovation outcomes (Vendrell-Herrero et al. 2019).

The results of 159 documents and their temporal distribution can be seen in 
Fig.  2. A considerable number of articles were published after 2018, reaching a 
maximum of 36 articles published in 2021, 34 in 2021, 24 in 2020, and 16 in 2019, 
and a minimum of 4 in 2018, before this curve gradually increased. Currently, 41 
papers have been published, 12 of which we have included. We believe that the lit-
erature is predicted to increase in the coming years. It is possible to conclude that AI 
in the field of product-service innovation has been an area of great interest in recent 
years. Here, in Fig. 3, we used the bibliographic coupling technique to form clus-
ters on VOSviewer for the 159 articles whose information was disconnected from 
that of other articles. We validated the disconnect of articles, given that the theme 
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formation of the clusters was not included. The figure shows the formation of clus-
ters, which can be identified based on their color. The size of the circle for each 
study indicates the number of citations the study has received thus far. The distance 
between each circle reflects the number of shared citations in the list of references. 
The more visible the line is, the greater the number of similar citations the studies 
shared.

The analysis produced five (5) clusters, which were validated through careful 
reading of the papers and building themes of the clusters. However, some of the 
studies on the borders of the clusters may be considered well suited for the other 
clusters. For example, Buhalis et  al. (2019), although belonging to the sectorial 
application based on the study performed on hospitality and tourism, is cited in the 
highest number of articles, it could be easily considered a part of the technology 
adoption and transformational barriers, as it explains the technological adoption dis-
ruption in the services.

3.1 � Technology adoption and transformational barriers

“Autonomous…systems change…process profoundly by reducing or even elimi-
nating the need for human decision-making, thereby challenging deep-rooted 
human–machine relationships” (de Bellis and Venkataramani Johar 2020, p. 75).

Fig. 3   Identification of the main clusters of research
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3.1.1 � Central themes

In this cluster, technology adoption and transformational barriers are reflected 
through the challenges that occur in the adoption of AI in product/service innova-
tion. The cluster emphasizes several key themes including the "adoption barrier" 
surrounding autonomous technology in shopping systems (de Bellis and Venka-
taramani Johar 2020), the challenges inherent in smart hospitality services (Wong 
et al. 2022), the utilization of voice-controlled devices (Schweitzer et al. 2019), and 
the complexities of "ethical digital transformation" processes (Qian et al. 2023; Sau-
rabh et al. 2022). Additionally, the application of construal level theory was instru-
mental in assessing reactions toward autonomous technology "robots" (Akdim et al. 
2021).

While many related studies explore "AI assist" technologies, only a handful 
explicitly mention them, such as Alexa and smart chatbots (Fotheringham and Wiles 
2022; Hsieh and Lee 2021). Customer perception regarding the introduction of 
new technology is crucially tied to its recognition and acceptance to bridge the gap 
between service development stages (Zolfagharian and Paswan 2008). In the service 
sector, particularly with AI, there is significant concern about the effectiveness of 
AI in evaluating and predicting customers’ purchase intentions and  transformation 
of legal services fueling an ongoing debate between humans and AI (Brooks et al. 
2020; Yang and Hu 2022).

3.1.2 � Models and theories

The literature in this cluster was not as extensive as that in other clusters, as it con-
tained only 18 studies. Some theories help overcome these challenges and help 
researchers understand the use of AI technologies in business systems. Theories such 
as self-extension theory (Schweitzer et al. 2019) explain how consumers feel when 
confronted with technology and how autonomy comes into question. This explains 
that the customer feels that the product becomes an extension to serve the purpose 
of fulfilling his or her needs. The adoption barrier of technology is addressed by 
using a cross-disciplinary approach. The change occurring due to this adoption leads 
to a delegation of decisions and further tasks to technology. Researchers obtained 
answers through robots or chatbots and through AI-based self-checkout. They pro-
posed barrier reduction by targeted intervention in technology during times of usage 
by consumers (de Bellis and Venkataramani Johar 2020).

It is observed that Artificial Intelligence (AI) and robo-advisory services are 
instigating transformative shifts within the financial services sector. Through the 
application of artificial neural network analysis, it was discerned that perceived 
intelligence stands out as the foremost determinant of acceptance within the indus-
try. Consequently, this perspective challenges the conventional linear and symmetric 
viewpoints prevalent in earlier literature. (Aw et al. 2023). This cluster effectively 
addresses technologies that are becoming self-aware, capable of making judgments, 
and doing activities in the name of users. To investigate obstacles to the implemen-
tation of autonomous networks, a multidisciplinary approach is used that focuses on 
review studies in economics, psychology, and human–computer interaction. 
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Researchers highlight several psychological and cultural hurdles and propose solu-
tions to design online and physical commerce platforms that remove these obstacles 
(de Bellis and Venkataramani Johar 2020). To evaluate the effectiveness of AI-based 
intelligent devices, different theories have been proposed, e.g., the theory of planned 
behavior, the technology acceptance model, the unified theory of acceptance and use 
of technology, and the value-based adoption model for modeling user acceptance of 
technology for the specific purpose of using AI-based intelligent commodities (Sohn 
and Kwon 2020).

Disruptions in industry, economy, and society have occurred when the integration 
of production processes with technologies such as robotics and sensors has gener-
ated innovation. Researchers have emphasized the impact of innovativeness through 
bibliographic design on helping governments obtain financial stability and encour-
aging them to invest in technology enhancement, leading to updated academic sys-
tems and creating innovation through new methodologies and skills (Jennifer et al. 
2021). The adoption of behavioral reasoning theory is used to debate autonomous 
vehicle use and the adoption of autonomous solutions through ethical effects in soci-
ety. In addition to considering environmental benefits, there are certain risks associ-
ated with sharing roads with autonomous vehicles in comparison to human health. 
The immature algorithms currently used are not as developed to avoid problems in 
crash response (Qian et al. 2023). Challenges occur in deciding on the ethical values 
of AI-led technologies, and the “AI-led ethical digital transformation framework” is 
important for changing the current processes involved in manufacturing and intro-
ducing new processes into the business model (Saurabh et al. 2022).

3.1.3 � Methodologies

This cluster is equally exploratory and experimental in nature, using qualitative 
methods such as case studies, single cases (17%), or no multiple cases. Surveys 
(22%) are included, for instance, to understand user acceptance in terms of behav-
ioral intention to use AI-based intelligent products (Sohn and Kwon 2020), and 3 
review papers (17%) include a comprehensive literature search using machine learn-
ing. Studies included, performed a temporal analysis method, taking into account 
the evolution of these four aspects of Industry 4.0 (Meindl et al. 2021) and consisted 
of interview-based studies (11%). Consequently, studies in this cluster also include 
experimental studies (17%), where if, how, and why utilizing a voice assistant drasti-
cally influences users’ level of satisfaction and behavioral intentions and how aug-
mented reality (AR) provides better customer satisfaction are investigated (Fan et al. 
2022).

3.2 � Data‑driven capabilities and innovation

“Organizations that excel at connecting businesses, aggregating the data that flows 
among them, and extracting its value through analytics and AI will have the upper 
hand” (Iansiti and Lakhani 2020, p.65).
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3.2.1 � Central themes

This cluster effectively addresses the companies moving toward agile methods of 
data-based decision-making through the introduction of innovative technologies, 
i.e., artificial intelligence, for the companies to be operated more smartly and to 
have a meaningful, effective, and efficient business using “decision support service” 
(Demirkan and Delen 2013). The computational electronic contexts of AI are used 
to interact, cooperate, exchange views, and assist decision-making. AI is referred to 
as a technological driver that helps individuals make “guided decisions”, resulting 
in profitable businesses (Anton et al. 2021). Innovative companies have swiftly inte-
grated artificial intelligence into existing service ecosystems, fundamentally altering 
notions of service quality and service delivery in their particular sectors. Research-
ers have explored through the service innovation paradigm that AI services influence 
“data-driven decisions”, “data-driven decision-making capabilities”, “augmented 
decision-making capabilities” and “technology-led innovations” (Akter et al. 2021; 
Chae 2014; Kandampully et al. 2022; Song et al. 2009).

3.2.2 � Models and theories

One of the most prominent studies in this cluster highlights the innovation view-
point and the role of data capture. The decision support system helps organizations 
make smart decisions based on data analytics. Such data management can lead to 
the development of new products, services, and business models. Furthermore, 
investing in data capabilities can lead to better performance for the firm (Demirkan 
and Delen 2013). Another study followed the decision support service tool with the 
service quality model at the service design stage. Here, it helps to collect and ana-
lyze feedback from customers in the form of improving service performance through 
data-driven decisions (Song et al. 2009). However, it is argued that technology-led 
innovations in service businesses such as hospitality businesses are often due to not 
only research and development but also the input of employees in generating value 
data on emotions are collected through employees input on a firm’s idea generation 
and innovation. Many large companies, including Marriott Hotels, Singapore Air-
lines, Disney, Southwest Airlines, and Starbucks, are utilizing the potential of their 
data capabilities through employees (Kandampully et al. 2022).

In another case, in the hospitality industry, the fuzzy quality function deployment 
framework, which receives various inputs in the form of linguistic data, from tour-
ist perception, judgment, and evolution, has been adopted in new service develop-
ment, enabling hotel managers to achieve a competitive advantage in tourist service 
management. The use of the fuzzy approach in service design has made it possi-
ble to measure attributes that are otherwise not easy to calculate and deal well with 
uncertain relationships and builds answers for “how” and “what”(Lin et al. 2011). 
Another example of business-to-business service innovation achieved through data 
capability utilization to understand firm risk and value is studied; thus, when a com-
pany gains both service innovation and product innovations, it should combine them 
to generate hybrid innovations with a decision at the strategy level, thus causing an 
increase in firm value from business to business (Dotzel et al. 2019).
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Activity theory/systems are used in innovation capacity to study the histori-
cal background and object orientation of technological development and a firm’s 
ability to innovate with data. This helps in the study of tensions and conflicts in 
organizational structures to determine support and knowledge sharing (Hasu and 
Engeström 2000). Akter et al. (2021) agree that AI relies on big data sources that 
further use machine learning and deep learning to identify patterns and learning pro-
cesses. Furthermore, service analytics and data-driven decision-making capabilities 
are dependent on AI applications. The use of the theory of micro-foundations of 
dynamic capabilities confirms that the related literature is connected with the big 
data analytics literature. Another study explains that digital dynamic capabilities in 
the context of AI and their role in changing the business model via digital servitiza-
tion are bound to rearrange their activity system and therefore cause changes in their 
value creation process (Čirjevskis 2022). This helps firms make critical strategic and 
operational service decisions based on and improve firm performance (Barile et al. 
2021).

AI capabilities, such as data processing or cognition or augmented reality, are 
considered a form of numerous smart services, and using AI during service provi-
sion enhances service evaluation and service satisfaction (Gäthke 2020; Leung and 
Loo 2022). Another study used Ackoffs’s pyramid based on data information knowl-
edge wisdom, hence increasing the efficiency of augmented decision-making capa-
bilities. Users of AI technology interact through a viable system approach, complex 
adaptive systems, and information technology-enabled service inventions, such as 
a process of variation selection and retention, thus increasing the overall potential 
of system and data management (Chae 2014). The positive relationship between 
unstructured data and the potential of a firm to enable service innovation capabilities 
informs that data analysis using techniques such as ‘entity matching classification 
using text’ and keywords in context analysis using machine learning can eliminate 
biases in data and enhance performance (Kohler et al. 2014).

3.2.3 � Methodologies

The studies included in this cluster did not primarily use one specific dominant 
methodology; rather, they had a good mix of methodologies. In the total categori-
zation, this cluster had 4 single case studies (13%), 3 multiple case studies (9%), 4 
survey studies (13%), 3 interview studies (9%), 2 questionnaire-based studies (6%), 
5 experiment-based studies (16%), 5 quantitative studies (16%) and 7 studies (22%) 
with framework design and development. However, this cluster is important in con-
text because it includes five review studies, with a bibliometric review of AI and 
its types by Mariani et al. (2023) and of the role of unsupervised machine learning 
in smart services by Nahr and Heikkilä (2022). Experiment-based surveys are con-
ducted to perform quantitative assessments within businesses to study the impact of 
AI-based technology in business ecosystems (Agarwal et al. 2022).
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3.3 � Digitally enabled business model innovation

“Business model innovation (BMI) depends on changes; if there is no change, there 
is no need for BMI. In other words, when there happen changes, BMI should be 
done” (Kim 2021,p.1).

3.3.1 � Central themes

This cluster holds the key understanding of how AI technology is being used in 
business model innovation, not only in the PSS but also in relevant studies, includ-
ing those on servitization and digital servitization. The business model evolution 
and the extent to which digitalization (maximum point) is reached using AI-enabled 
capabilities. The papers include business models frequently cited by business and 
management researchers. Prominent researchers in this cluster, Sjödin et al. (2020, 
2021), emphasized digital servitization and business model innovation. In this clus-
ter, the emerging themes include “servitization”, “digital servitization” and “prod-
uct service systems (PSS)” and the conversion of standard products and services to 
smart solutions (Y. Chen et al. 2021).

The research stream further probe into business model digital transformation with 
AI (Burström et al. 2021). The emerging themes in this cluster further include “ser-
vice innovation”(Osmundsen et  al. 2015; Qvist-Sørensen 2020); “business model 
innovation” due to AI; and how the techno-economic era started to dramatically 
change around the 2010s and the need for adaptiveness evolution in technologi-
cal change to survive to follow dynamic management (Kim 2021) and “innovation 
strategies” (Kamalaldin et al. 2021; Yan et al. 2019). Furthermore, it also addresses 
how the parallel transformation of an AI-based business model affects “customer 
cocreation, “value creation” and “ecosystems” (Burström et al. 2021; Sjödin et al. 
2021; Wirtz and Kowalkowski 2022). The theme of “ecosystem strategies”, such as 
the orchestrator strategy, dominator strategy, complementary strategy, and protector 
strategy, helps guide suppliers in the configuration of appropriate ecosystem strate-
gies (Kamalaldin et al. 2021).

3.3.2 � Models and theories

The literature in this cluster shows a strong orientation around servitization, digi-
tal servitization, and business model innovation (BMI) with AI-enabled capabilities 
and methods. Researchers advance  the literature on innovation and business mod-
els by highlighting the distinctions among innovation kinds (i.e., BMI, product and 
process innovation) as well as the related behavior. The knowledge-based theory of 
innovation indicates that the type of knowledge required for a BMI can impact rel-
evant search behavior, involving the exploration of new combinations and causing 
changes in the firm value chain. However, this approach is different from process 
innovation, which is complex and difficult (Snihur and Wiklund 2019).

Then, the research stream focuses on usage of service marketing prediction model 
(decision tree), which helps independent distributors identify barriers while begin-
ning the servitization journey. To detect servitization readiness, three main problems 
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are addressed, namely, conflict with stakeholders, misalignment between and man-
agement in deciding on servitization strategies, and lack of knowledge within the 
ecosystem (Hullova et al. 2019). Additionally, the retail industry comprises disrup-
tive business-model advancements. Researchers have investigated three industry 
disruptors  that include born-digital brands, AI-powered demand forecasting, prod-
uct design and collaborative consumption (Jin and Shin 2020). Probabilistic event-
decision tree modeling is used for the economic assessment and to determine the 
best decision for the firm to take by having the information on events, which allows 
for better risk assessment in smaller periods and, accordingly, adjusting the returns. 
Thus, creating a win‒win situation that will help make the business model sustain-
able for both customers and suppliers (Copani and Rosa 2015).

Other studies used the microservice innovation approach to ensure the customiza-
tion of the digital offering and make the offering scalable. It provides insight into the 
different phases, activities, and organizational principles of business model innova-
tion (Sjödin et al. 2020). Business ecosystem and business model innovation lenses 
are used to determine the integration of the innovation process into the firm eco-
system. Integrating AI with altered marketing strategies may perform poorly when 
transformations are not connected to experienced players or other companies in the 
broad collection of ecosystem linkages. Organizations that are unable to create a fit-
for-purpose environment over an AI-based business plan could collapse in the long 
term (Burström et al. 2021).

Sjödin et al. (2021) explained the scaling of AI capabilities by using the coevolu-
tionary framework and underscoring the mechanisms for business model transforma-
tion and feedback loops. It is recommended that for firms to innovate their business 
models, they focus on agile cocreation, delivery operations based on data, and scala-
ble ecosystem incorporation. Using the dynamic model and the dynamic complexity 
of a mobile digital platform, the competitive strategy feedback loops that form the 
foundation of a mobile business strategy are depicted. It was stressed that businesses 
must strive to comprehend and capitalize on artificial intelligence  feedback loops 
that influence the company model for business enhancement (Katsamakas and Pav-
lov 2022). In the machine tool industry, through servitization and machine learning 
processes, manufacturers benefit by uplifting the business model and adding value 
by reducing unnecessary downtime (Alegeh et al. 2019). For instance, Chen et al. 
(2021) focused on the changes in business models through the AI solution provided 
in the case company, which resulted in gaining value with multiple capture mecha-
nisms, causing discontinuous and continuous changes between business models.

3.3.3 � Methodologies

This cluster is mostly exploratory in nature and involves the use of qualitative meth-
ods such as case studies, single case studies (28%), or multiple case studies (24%). 
Interview-based studies (17%) have also been conducted; for instance, to understand 
how companies have succeeded in implementing AI and transforming business 
models, researchers have conducted more than 30 interviews involving critical key 
employees to learn about how they fully applied AI and altered business strategies 
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(Burström et al. 2021). Only one study used the survey method, one used an experi-
mental method, and three used review papers with one bibliometric analysis (Ávila-
Robinson et al. 2022). Multiple exploratory case studies were taken from different 
industries, manufacturing, telecommunications, energy, and mining (Sjödin et  al. 
2020), and two interview-based studies (Szabó et al. 2022; Wirtz and Kowalkowski 
2022) were performed through purposive sampling, which considered interviews 
conducted by experts in the industry.

3.4 � Smart design changes and sustainability

Smart PSS is defined as “An IT-driven value co-creation business strategy consist-
ing of various stakeholders as the players, intelligent systems as the infrastructure, 
SCPs(Smart Connected Products) as the media and tools, and their generated ser-
vices as the key values delivered that continuously strives to meet individual cus-
tomer needs in a sustainable manner” (Cong et al. 2022, p.1).

3.4.1 � Central themes

This cluster was formed through closely located articles in VOSviewer (Fig.  3). 
These articles mostly address the smart changes that occur through the introduc-
tion of AI to businesses. However, the articles are mostly based on engineering 
and computer research. The themes included are “smart product-service systems”, 
an evolving technology services marketing model that utilizes smart, linked items 
and provided services to function as a solution package to increase individual user 
satisfaction (Cong et al. 2022). In smart PSS, “smartness” in a data-driven design 
helps in the data analysis of large datasets and extracts important results through the 
use of artificial intelligence (AI) (Z. Wang et al. 2021). AI is used to predict satisfac-
tion levels, recommendation systems, and closed-loop smart design for the engineer-
ing lifecycle through machine learning (Chiu et al. 2021; Cong et al. 2022; Zheng 
et al. 2020).

The PSS takes the form of “industrial smart PSS” (Zheng et al. 2020), “result-
oriented PSS” (Sassanelli et  al. 2022), and “warehouse PSS” (Zhang et al. 2020), 
and the concept of “sustainable product-service systems” has been proposed (Xing 
et al. 2013). Businesses aim for synergy in innovative products/services while main-
taining high-quality products/services through collaborative innovation processes 
and “product and service design changes” (Tseng et al. 2019; Zheng et al. 2020). For 
instance, creation of a smart manufacturing marketing strategy during the industrial 
revolution was determined by exceeding  consumer expectations and sophisticated 
algorithms. Thus, offering an efficient, unique product approach with increased per-
formance increasing the cost and production effectiveness (Dou et al. 2020).

3.4.2 � Models and theories

In this cluster, the literature consists of theories supporting AI-enabled design 
changes in PSS in contrast to traditional PSS. The traditional decision-making 
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methods usually do not consider fuzziness or randomness in the data. Therefore, 
fuzzy theory and group decision-making techniques are incorporated into the super-
matrix approach and fuzzy-stochastic environment to obtain accurate and informed 
results (D. Chen et  al. 2015; Geng et  al. 2010). Importance–performance analysis 
is performed to prove that the customer satisfaction evaluation is revised through 
Kano model integration and further used to identify improvements in PSS strategies 
to avoid inefficiencies (Geng and Chu 2012). Furthermore, another study employed 
a model based on service innovation, an agent-based approach, to clarify the uncer-
tainties related to the cost and benefits of contracts via stochastic data analysis. Sto-
chasticity helps in understanding machine learning methods, and its application in 
analyzing servitization-based contracts through quantifiable numbers contributes to 
the development of sustainable PSS strategies (Farsi and Erkoyuncu 2021).

The literature highlights the lifecycle approach in the design theory of smart 
PSS, used to help develop a sustainable model (Zheng et  al. 2020). The concept 
of a digital twin intertwined with AI is used in this cluster to develop smart and 
sustainable strategies, including smart design, smart manufacturing, smart distribu-
tion, smart operation, smart reconfiguration, reuse and recycling strategies (Minerva 
et  al. 2020). In regard to understanding the intangibility of services and therefore 
assessing and prioritizing client requirements, traditional product design methods 
are restricted. To overcome this issue, quality function deployment is applied to a 
service environment by combining fuzzy logic and the analytic hierarchy process to 
reduce errors (Haber and Fargnoli 2020) and testing approach through data mining 
and algorithm clustering in PSS design to improve product service innovation (Shi-
momura et al. 2018). 

Studies in this cluster leverage established fuzzy and artificial network models 
to understand the intricacies of customer advancement within sustainable supply 
chain systems. A comprehensive examination of the interrelationship hierarchical 
approach is facilitated through methodologies such as the fuzzy delphi method, 
fuzzy significant analysis, and the analytic hierarchy method. These tools, as dem-
onstrated by Tseng et  al. (2019), provide a structured framework for analyzing 
complex decision-making processes in sustainable supply chains. Furthermore, the 
integration of fuzzy theory and cooperative decision-making approaches within arti-
ficial network processes offers a robust solution for addressing ambiguity, unpredict-
ability, and diversity in decision-making. This is exemplified through the utilization 
of supermatrix techniques, as highlighted by Geng et al. (2010), which enable the 
identification of engineering significance parameters crucial for PSS planning and 
optimization. By aligning these parameters with sustainability objectives, research-
ers can discern optimal PSS design specifications aimed at maximizing customer 
satisfaction while minimizing environmental impact.

The intersection of design changes and sustainability within Product-Service Sys-
tems (PSS) has become a focal point in recent research endeavors. particularly AI, to 
drive PSS modifications geared towards enhancing sustainability while maintaining 
efficiency and effectiveness. Consequently, there has been a pronounced increase in 
studies exploring how AI-enabled design changes can be leveraged to instill PSS 
with sustainable attributes. This includes initiatives such as optimizing resource 
allocation in smart waste management systems (Pourabbasi and Shokouhyar 2022), 
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enhancing the durability and recyclability of smart bicycle designs, and streamlining 
improving delivery solutions through smart box innovations (Zheng et al. 2020) and 
improving health systems (Teixeira et al. 2012). While PSS inherently holds prom-
ise for promoting sustainability, it’s acknowledged that this potential is not auto-
matically realized without deliberate design interventions. (Xing et  al. 2013), the 
decision support system model is used to align with PSS design. Hence, researchers 
are actively engaged in developing predictive maintenance algorithms and lifecy-
cle assessment models tailored to evaluate the environmental impact of PSS design 
alterations. These efforts aim to ensure that sustainability considerations are integral 
to every stage of the PSS lifecycle, from conception and design to deployment and 
eventual disposal (Chauhan et al. 2022; Chiu et al. 2021; Cong et al. 2022; Zheng 
et al. 2020).

In this context, the emphasis on sustainable design changes in Smart PSS under-
scores the need for interdisciplinary collaboration. Decision support systems are 
being deployed to align design strategies with sustainability goals, enabling the 
customization of PSS configurations to meet the diverse needs of customers while 
optimizing environmental outcomes (M. Chen and Shen 2020). Moreover, the inte-
gration of smart product service components emerges as a critical enabler, fostering 
innovation and adaptability in the pursuit of sustainable PSS solutions that effec-
tively address the complexities of modern socio-environmental challenges (Z. Chen 
and Ming 2020).

3.4.3 � Methodologies

This cluster included 51 studies, which was larger than the other clusters. There is 
a distinctive use of qualitative research; almost 57% of the studies were case studies 
based on a single case (55%) or multiple case studies (2%). The effectiveness of the 
PSS conceptual design is tested in these case studies, and the proposed methods are 
validated to reach that point (Chiu et al. 2021; Geng et al. 2010). The application of 
these theories has been demonstrated in industries such as stainless steel manufac-
turing, crane machines, textile firms, and autonomous vehicles (D. Chen et al. 2015; 
Z. Chen and Ming 2020; Tseng et al. 2019; X. Wang and Durugbo 2013).

However, there were equal parts of the questionnaire (8%) and interviews (8%), 
for instance, individual customers were followed by weighting fuzzy clustering, and 
another included customer feedback gathering through questionnaires and inter-
views to improve their service innovation (Dou et al. 2020; Tseng et al. 2019). The 
survey (10%) and framework development approaches (18%) included the fuzzy 
best‒worst method and data envelopment analysis for identifying smart product ser-
vice components associated with service deployment, asset compatibility, and inno-
vative capabilities (Z. Chen and Ming 2020). In another study, a complex support 
vector machine concept was developed to design a customized PSS that matched the 
requirements of the client (Long et al. 2013).
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3.5 � Sectorial application

In terms of AI, the purpose of sectorial application is to “…gather, process, arrange 
and disseminate information to target users, the emergence and applications of the 
state-of-the-art technologies for information services delivery” (Igwe and Sulyman 
2022, p. 148).

3.5.1 � Central themes

This cluster, positioned from the top-center to the right-center of Fig.  3, encom-
passes a diverse range of topics, primarily focusing on the sectorial application of 
AI-enabled PSIs and product service systems. Technological advancements such as 
autonomous devices and artificial intelligence are paving the way for the creation 
of smart environments. Researchers explore various service management scenarios, 
with particular emphasis on the tourism and hospitality industry. They anticipate 
future disruptions in extrasensory service experiences, hyper-personalized experi-
ences, and beyond-automation experiences (Buhalis et al. 2019). Within this clus-
ter, emerging industry trends include the development of "smart libraries," advance-
ments in "electronics," enhancements in "library services," and the integration of 
"virtual coaching" (Gul and Bano 2019; Hamad et  al. 2022; Igwe and Sulyman 
2022; Janiesch et al. 2021; Okunlaya et al. 2022; op den Akker et al. 2021). Further-
more, intelligent libraries exhibit a positive correlation with service innovation and 
quality (M. Chen and Shen 2020).

Furthermore, themes such as "predictive," "predictive power," and "predictive 
model" are prominent, emphasizing the utilization of AI techniques, machine learn-
ing, deep learning, and fuzzy approaches to generate missing information and accu-
rately predict missing values. Additionally, studies in this cluster explore leveraging 
AI to counter cyber-attacks (Janiesch et al. 2021; Paredes et al. 2021; Rosati et al. 
2022) and detect abnormal behavior in smart devices and networks (Tahsien et al. 
2020).

3.5.2 � Models and theories

The literature in this cluster follows the main methodological influences in this 
stream originating from the applicability of machine learning models and deep 
learning models. Such as, predictive maintenance, as highlighted by Rosati et  al. 
(2022), entails forecasting maintenance activities, while behavior pattern recogni-
tion, as exemplified by Hao et al. (2018), involves activity prediction and recogni-
tion, facilitating guided decision-making processes. These applications of AI hold 
promise in significantly reducing costs and enhancing product availability with 
precision. Moreover, as underscored by Tahsien et al. (2020), AI’s capacity to ena-
ble new data-driven services and support novel business models should fall under 
important consideration.

Researchers explore significant technological innovations through the prism 
of value co-creation, aiming to inform service innovations (Buhalis et  al. 2019). 
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Employing deep learning, an efficient and reliable intelligent service warehousing 
platform has been developed and validated using hospital data. However, there is 
a recognized need to enhance the availability and effectiveness of this service plat-
form (Chang et al. 2021). Smart libraries represent the next generation of libraries, 
integrating smart technologies, intelligent user interactions, and advanced services. 
Gul and Bano (2019) assert that the rapid development of smart libraries is driven 
by advancements in smart technologies, enhancing their functional capacities and 
benefiting library users. The adoption of smart technology in libraries bridges the 
gap between traditional library services and the evolving needs of users (Hamad 
et al. 2022).

Servitization has gained substantial interest from the manufacturing industry 
because of its ability to deliver a competitive advantage. Alternative pricing models, 
including pay-per-usage models, are required for advanced services; machine learn-
ing models capture value and enable the effective assessment of depreciation and the 
development of pay-per-usage methods for a large variety of industrial support items 
and product-service systems (Heinis et al. 2018). Another study created an artificial 
intelligence library services innovative framework to provide a unique perspective 
on how AI technology may be leveraged to produce value-added creative library 
services and automated processes by incorporating digitalization structure elements 
and exploring them by utilizing a service innovation concept (Okunlaya et al. 2022).

3.5.3 � Methodologies

This cluster methodologically contains single case studies (17%) and multiple case 
studies (14%). Only some of the studies contained quantitative studies in which 
questionnaires (7%) were developed to obtain data and considerable experimental 
research (28%) was conducted. Exploratory review studies (10%) were conducted 
using qualitative content analysis to investigate the extant literature. Okunlaya et al. 
(2022) used content analysis to find an effective way to innovate library services 
through AI service innovation and delivery. Extensive literature was collected on 
smart libraries by using Clarivate Analytics, Web of Science, and the Sciverse Sco-
pus (Gul and Bano 2019).

A small number of exploratory interviews (3%) were also used to deter-
mine the suitability of strategies for business models (Häckel et  al. 2022). As 
this cluster grows, multiple influences of models and analysis techniques are also 
observed (28%). All five clusters discussed thus far are compared in Table 1, for bet-
ter visual representation. 

4 � Research agenda

The content analysis of the five (5) clusters led to careful considerations about AI-
enabled PSIs. Based on these considerations, this study identify the gaps and further 
build suggestions to help future research.
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4.1 � Technology adoption and transformational barriers

4.1.1 � Central themes gap

Following the context analysis, a lack of common terminology related to "AI assist" 
technologies is found, where only a few were directly referred to as such (e.g., Alexa 
and smart chatbots) (Fotheringham and Wiles 2022; Hsieh and Lee 2021), suggest-
ing a lack of standardized terminology. There is literature on customer perception 
and acceptance (Zolfagharian and Paswan 2008), but there is a need for a more in-
depth exploration of the factors influencing these factors. Understanding the psy-
chological and sociological factors contributing to the acceptance or rejection of 
AI-driven innovations and ethical considerations would be crucial for businesses 
and policy-makers. The debate between humans and AI (Yang and Hu 2022) was 
mentioned, but there is room for a more in-depth exploration of how human-AI col-
laboration can be optimized in product service innovation.

Challenges related to AI in product/service innovation are mentioned with exam-
ples in autonomous technology, smart hospitality services, voice-controlled devices, 
and ethical digital transformation. A research gap exists in the exploration of a 
broader spectrum of AI applications considering various industries and sectors. This 
approach can help in understanding the commonalities and differences in innovation 
challenges across different domains.

4.1.2 � Models and theories gaps

Models and theories such as construal level theory (Akdim et al. 2021), the theory 
of planned behavior, the technology acceptance model, and the unified theory of 
acceptance and use of technology (Sohn and Kwon 2020) have made significant 
contributions to the findings of the cluster, but these views are simplistic in nature 
and do not provide information at the organizational level or, in our case, address 
business models and their architecture effectively. There is an urgent need for addi-
tional studies, which include dynamism and technology-based frameworks for AI 
and explain how, with time, the evolving nature of innovation can be captured and 
related complexities simplified. Researchers need to establish more rigorous and 
comparable models and theories for assessing the effectiveness of AI technologies 
and their challenges/barriers to adoption into business models.

4.1.3 � Methodologies gaps

Different industries and domains may have unique dynamics and challenges related 
to AI adoption. Relying on a single method, such as a qualitative case study, could 
lead to findings that are specific to the context studied but may not be broadly appli-
cable. Conducting quantitative research involving multiple companies helps reduce 
the impact of biases associated with a single supplier. This approach provides a 
more balanced and comprehensive view of user opinions, fostering a more accurate 
understanding of the implications of AI in service scenarios.
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4.1.4 � Future directions

It is suggested that researchers come together and find common terminology for 
referencing AI-assisted technologies. Future research should investigate the spe-
cific challenges organizations encounter during the implementation of AI in prod-
uct service innovation. This can involve examining issues related to infrastructure, 
employee training, the integration of AI into existing business processes, and ethi-
cal considerations since the research stream was not as elaborate as others. Future 
research could focus on identifying strategies to enhance the integration of AI into 
service businesses without causing customer concerns or fostering more harmonious 
coexistence. (Zolfagharian and Paswan 2008). Future studies should highlight suc-
cessful cases of AI integration in service businesses, identifying best practices that 
can guide businesses in optimizing human-AI collaboration (Yang and Hu 2022). 
This aligns with the call for exploring strategies for more seamless integration.

In addition to autonomous shopping systems, researchers must concentrate 
on research problems concerning related technologies such as autonomous prod-
ucts, e.g., autonomous vehicles. This future research agenda contributes to a bet-
ter grasp of autonomous technology-based products (de Bellis and Venkataramani 
Johar 2020). Possible disadoption of technology was missing from the research, 
and challenges related to autonomy and control at the organizational level were not 
addressed in detail (Akdim et al. 2021). Instead of using traditional predictive analy-
sis techniques, smart manufacturing industries could move toward explainable AI 
techniques and models in future research (Eddy et al. 2021). It is urged to research-
ers to conduct in-depth studies on the dynamic nature of AI innovation, emphasizing 
technological frameworks. Explore how businesses can effectively capture and adapt 
to the evolving landscape of AI over time. Comprehensive models and theories for 
assessing the effectiveness of AI technologies in various business models have been 
established. Identify and analyze specific challenges and barriers that impact the 
adoption of AI, providing actionable insights for businesses.

Furthermore, application of multiple methodologies is suggested, including field 
experiments and surveys, to avoid generalizing the results to the setting in which 
the research was conducted. The studies are restricted by their scope, which mostly 
focuses on qualitative methodology with a single case study. The use of these data 
was also constrained by the reality that the data collected were obtained from a sin-
gle AI supplier; hence, the user’s opinion may be overlooked. Quantitative explora-
tory research is suggested that considers additional companies and offers a new level 
of findings. Different assessment tools may be used; for example, survey strategies 
can offer comprehensive views of industry leaders regarding the importance of AI 
technology in business model development.
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4.2 � Data‑driven capabilities and innovation

4.2.1 � Central themes gaps

There is a gap in fully exploring the potential of the data-driven business model 
paradigm, including understanding its role in reshaping traditional product service-
based business models. Akter et al. (2021) suggest that service innovation in terms 
of the AI climate promotes market performance and service analytics capabilities. 
However, considering only the service innovation paradigm is insufficient. Due to 
the lack of exploration of data capabilities, especially in the context of big data, con-
tributions to enhancing AI applications in business models are lacking. A compre-
hensive understanding of how AI services contribute to data-driven decision-mak-
ing in decision support services” (Demirkan and Delen 2013) and to technology-led 
innovations (Anton et al. 2021) need further investigation.

4.2.2 � Models and theories gaps

There is a gap in detailing the specific models or frameworks for utilizing AI-driven 
data capabilities and decision support systems (Demirkan and Delen 2013) in mak-
ing critical strategic and operational service decisions. For instance, the practical 
aspects of integrating AI into decision-making models for improved firm perfor-
mance need further exploration. While the study explores the link between activity 
theory (Hasu and Engeström 2000) and a firm’s ability to innovate with data, a com-
prehensive link to contemporary challenges in leveraging data for strategic decision-
making and innovation is missing. However, studies explaining the techniques, algo-
rithms, or best practices for handling unstructured data capabilities (Kohler et  al. 
2014) with AI while considering innovation are lacking. There is a gap in detailing 
the specific frameworks for effectively integrating emotional data into the innovation 
process. The practical challenges and strategies for leveraging employee-generated 
emotional data (Kandampully et al. 2022) for idea generation and innovation have 
not been thoroughly explored.

4.2.3 � Methodologies gaps

There is a lack of comparative research across platforms that build data capabilities 
through AI. There is a need for empirical research on data-based devices over time, 
i.e., longitudinal studies. Moreover, a lack of consensus-building among stakehold-
ers is found, which hinders the identification of critical factors that influence deci-
sion making processes.

4.2.4 � Future directions

Researchers need to explore beyond the service innovation paradigm to fully under-
stand the potential of data-driven business models in reshaping traditional business 
models. Consider diverse perspectives and implications for a more comprehensive 
analysis. Better theories based on data-enabled AI systems, i.e., game theories, 
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instead of using activity theory with a firm’s ability to innovate with data (Hasu 
and Engeström, 2000), can provide holistic and optimal strategies for decision-mak-
ing and innovation. The scale used to discern service innovation must be evaluated 
in various sociocultural situations to determine whether the conceptualization and 
operationalization of service innovativeness are context specific. By focusing on 
unstructured data capabilities (Kohler et  al. 2014), researchers can bridge the gap 
between AI-driven design innovations and the challenges associated with managing 
diverse data types. Researchers can explore how advancements in augmented reality 
design elements, driven by AI innovations, align with and potentially contribute to 
addressing challenges related to data interoperability and the effective integration of 
emotional data (Kandampully et al. 2022).

Future research might include superior design elements such as avatars and con-
tent, in addition to greater AI-enabled innovations. Other variables, such as utility, 
simplicity of use, and amusement, that have been proven to be important for service 
assessment in the augmented reality context might enhance the conceptual model. 
Delphi interviews can explore the perspectives of stakeholders regarding the transi-
tion to a more automated system, considering factors such as technological readi-
ness. By combining cross-platform comparative research, longitudinal studies on 
data-based devices, and consensus-building efforts, future research can offer a holis-
tic view of the evolving landscape of AI-driven data capabilities.

4.3 � Digitally enabled business model innovation:

4.3.1 � Central themes gaps

There is limited coverage of innovation strategies (Snihur and Wiklund 2019) related 
to the dramatic changes in the techno-economic era. (Kim 2021). There are gaps in 
the industrial ecosystem between the front and back ends of AI-enabled products 
and services, and there is a lack of individual impact studies on developing AI-based 
innovation at the organizational level (Burström et al. 2021). Insufficient examina-
tion of ecosystem strategies has been performed (Kamalaldin et al. 2021). and con-
figuring appropriate strategies in AI-enabled business models.

4.3.2 � Models and theories gaps

There is an inadequate understanding of the complexities involved in the integration 
of AI in servitization, especially about independent distributors, stakeholder con-
flicts, and servitization readiness (Hullova et  al. 2019). A  lack of detailed explo-
ration of economic assessment techniques  is highlighted, specifically probabilistic 
event-decision tree modeling, and its role in supporting sustainable business models 
(Copani and Rosa 2015). There is limited understanding of the organizational prin-
ciples and scalability factors associated with the microservice innovation approach 
in business model innovation in terms of AI (Sjödin et al. 2020). Furthermore, high-
lighting inadequate exploration of challenges and strategies related to integrating AI 
into business ecosystems, including potential pitfalls when AI transformations are 
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not connected to experienced players (Burström et al. 2021). There are gaps in uti-
lizing dynamic models, particularly in understanding the coevolutionary framework, 
feedback loops, and dynamic complexity in the context of AI-driven business model 
transformation (Sjödin et al. 2021).

4.3.3 � Methodology gaps

Findings from just a qualitative investigation of industrial sector incumbents con-
ducted beyond a brief time period led to observe only a small portion of the develop-
ment (Burström et al. 2021). AI-enabled business models are possibly more critical 
than classical business models; however, researchers have not assessed the compre-
hensiveness of these models through additional investigations. Business model inno-
vation concepts may differ between business-to-business and business-to-customer 
innovation. The case companies are substantial, well-known, and globally competi-
tive manufacturing companies (Sjödin et al. 2021).

4.3.4 � Future directions

There is an opportunity for researchers to investigate consecutive relationships 
across innovation strategies to determine whether there is an ideal order during 
which various innovation kinds must be explored, such as improving the business 
model as well as products before actually introducing new procedures (Snihur and 
Wiklund 2019). Future research needs more themes around bridging gaps in indus-
trial ecosystems through AI-based innovation (Burström et al. 2021). Future research 
should focus on enhancing the examination of ecosystem strategies (Kamalaldin 
et  al. 2021), specifically by providing detailed insights into the configuration of 
strategies in AI-enabled business models.

Future studies should examine the viability of event decision tree models for 
business model evaluation against the actual results of innovation initiatives (Copani 
and Rosa 2015). Future research could demonstrate many forms of developing busi-
ness model paradigms in the framework of an artificial intelligence-based business 
model, and several distribution formats, such as software as a service and platform 
as a service, could be explored and compared with each other in terms of efficiency 
and performance. For instance, future understanding of the organizational princi-
ples and scalability factors associated with the microservice innovation approach in 
business model innovation in terms of AI (Sjödin et al. 2020) can lead to better per-
formance and explore how these models adapt and transform over time. Scholars 
are invited to  investigate the results under different circumstances and to broaden 
conclusions in the context of AI.

Qualitative and quantitative methods could be employed to provide a better 
understanding of these complexities and inform strategies for effective AI inte-
gration in servitization initiatives (Hullova et al. 2019). Researchers are invited to 
conduct in-depth longitudinal studies employing both qualitative and quantitative 
methods to comprehensively understand the innovation and impact of AI-enabled 
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business models within the industrial sector over extended time periods to observe 
complete development (Burström et al. 2021).

4.4 � Smart design changes and sustainability

4.4.1 � Central themes gaps

The shift in PSS themes signifies a broader trend toward incorporating smart tech-
nologies; however, with every new trend comes a new terminology that serves a pur-
pose and is then no longer used. Smart PSS are more common than “industrial smart 
PSS” (Zheng et al. 2020), “result-oriented PSS” (Sassanelli et al. 2022), “warehouse 
PSS” (Zhang et  al. 2020); moreover, the concept of “sustainable product-service 
systems” needs further exploration. The focus on smart PSS (Z. Wang et al. 2021) 
and AI-driven design changes needs to include a more thorough analysis of con-
sumer perspectives and their impact on market acceptance, adoption rates, and over-
all consumer behavior to support product service innovation.

4.4.2 � Models and theories gaps

The suggested models and theories need to be expanded to address additional engi-
neering design challenges that require  decision-making while considering the rel-
evance of decision variables in various engineering elements as well as assessments 
from various viewpoints in upcoming studies (Geng et  al. 2010). There is limited 
understanding of the impact of AI on improving quality function deployment (Haber 
and Fargnoli 2020) and inadequate exploration of AI-enabled design theory applica-
tions (Zheng et  al. 2020). There are gaps in understanding how AI-based models 
resolve or contribute to productivity paradox issues (Kumar et  al. 2023) by mak-
ing sustainable changes in design. Researchers should explore the ethical theo-
ries surrounding AI applications in smart PSS (Z. Wang et al. 2021), and explain-
ing how consumers perceive and interact with AI-driven innovations is crucial for 
designing user-friendly, ethically sound systems that align with societal values and 
expectations.

4.4.3 � Methodologies gaps

Only a limited amount of empirical research exists on the mediators and moderators 
of AI in service systems. Also, observing that limited firms have effectively used 
AI due to a lack of knowledge of AI and its potential benefits for the creation of 
business models. It was highlighted that not every sector has new studies on how to 
employ sophisticated supervised learning algorithms (Liu et al. 2020) to improve the 
design of smart businesses.
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4.4.4 � Future directions

This research stream observed a shift in PSS themes; therefore, researchers are 
called to explore the long-term sustainability and adoption patterns of new termi-
nologies in the context of smart technologies. Researchers need to investigate the 
reasons behind the creation of new terminologies and assess their effectiveness and 
longevity. There is a need to analyze how the introduction of new terminology influ-
ences communication and understanding in the industry. Future themes can include 
comparative studies of various PSS types (smart PSS, industrial smart PSS, result-
oriented PSS, warehouse PSS, and sustainable PSS) and of the role of AI. Research-
ers need to conduct in-depth examinations of the specific characteristics, advantages, 
and challenges associated with each type of PSS. Additionally, it is urged to inves-
tigate the market demand and acceptance rates of different AI-enabled PSS types 
across industries and regions. Furthermore, we explore how consumer perceptions 
impact AI-based design acceptance and adoption of smart PSS in the market (Z. 
Wang et al. 2021).

Researchers need to explore more complex decision-making scenarios. This could 
involve introducing scenarios that involve multidimensional decision variables, con-
sidering diverse viewpoints, or addressing intricate challenges within engineering 
design (Geng et al. 2010). There is a need for advanced theories other than quality 
function deployment and design theory so that future research can holistically assess 
how AI influences decision-making from various perspectives within engineering 
design processes. (Haber and Fargnoli 2020; Zheng et al. 2020). Future research can 
investigate the contribution of AI-based models to resolving productivity paradox 
issues and driving sustainable changes in the design landscape (Kumar et al. 2023).

Future literature  could improve the utilization of data mining technologies and 
integrate qualitative and quantitative evaluations. Quantitative work in identifying 
the changes in the design of AI-based business models needs to be done to better 
understand the impact of these changes on the performance of companies. Future 
experimental research exploring novel AI algorithms is suggested, and it is hoped 
that this study will provide informative advice for smart PSS interactive models. 
These novel studies have still not been fully explored in every sector. Future studies 
should use a questionnaire or knowledge discovery approach to identify the problem 
areas of actual service by employing sophisticated supervised learning algorithms 
(Liu et al. 2020).

4.5 � Sectorial application

4.5.1 � Central themes gaps

This research stream observed a lack of developed sectorial application themes of AI 
within the context of business models, not limited to hospitality, tourism, or smart 
libraries (Gul and Bano 2019; Hamad et al. 2022; Igwe and Sulyman 2022; Janiesch 
et al. 2021; Okunlaya et al. 2022; op den Akker et al. 2021). The lack of diversity 
of sectors in this section needs to be addressed. AI-based innovations in sectorial 
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applications can be developed such that all systems utilize customization. There is 
generalizability of the machine learning model and a lack of ability to predict future 
datasets (M. Chen and Shen 2020). Tourism and hospitality services persist across 
various degrees of infrastructure, institutions, and sociocultural limitations for ena-
bling AI. The sectorial application of AI in the business model context is still lack-
ing. There are severe constraints on the training data due to probable disruptions and 
innovations (Buhalis et al. 2019).

4.5.2 � Models and theories gaps

Model-based AI practicality should be expanded by rendering it applicable to vari-
ous service-centric business strategies and therefore by supplementing the model 
with additional techniques to evaluate key service aspects (Häckel et al. 2022). There 
is a need for further investigation into alternative pricing structures, such as pay-per-
usage, to capture the value of AI-driven services and facilitate effective assessment 
of depreciation, especially concerning a broader range of industrial support items 
and product-service systems (Heinis et al. 2018). While the study by Okunlaya et al. 
(2022) introduces an innovative framework for AI-driven library services, there is a 
research gap in exploring the broader applications of such frameworks.

There is a gap in theoretical constructs for examining the distinct dynamics 
and patterns between start-ups and established innovative businesses, particularly 
through a design-oriented lens. The need extends to the evaluation of AI-enabled 
business models, necessitating focused attention on start-ups versus established 
companies (Kulkov 2021).

4.5.3 � Methodologies gaps

For the AI-based product-service model, quantitative studies, ideally those involving 
the integration of deductive and inductive reasoning via the dynamic pattern rec-
ognition method, are needed. There is a need for qualitative research that considers 
customer perceptions and must be considered for upcoming research so that the mar-
ket size and acceptability of technology among different sectors can be recognized. 
A framework that precisely explains how various business models interact when AI 
is involved is needed (Åström et al. 2022).

4.5.4 � Future directions

More inclusive research, including but not limited to “smart libraries”, “electron-
ics”, “library services”, and “virtual coaching” (Gul and Bano 2019; Hamad et al. 
2022; Igwe and Sulyman 2022; Janiesch et al. 2021; Okunlaya et al. 2022; op den 
Akker et al. 2021), is needed. Future research can investigate ways to overcome the 
current limitations and uncertainties in predicting future data trends within secto-
rial applications of AI (M. Chen and Shen 2020). Research should aim to identify 
specific areas where AI can bring transformative changes and enhance operational 
efficiency. This includes understanding how AI can optimize customer experiences, 
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streamline operations, and contribute to sustainable tourism practices (Buhalis et al. 
2019). Future research should focus on the integration of supplementary techniques, 
providing insights into optimizing AI models for robust evaluation of key elements 
within service-centric frameworks (Häckel et al. 2022).

Future research should explore extensive alternative pricing structures, such as 
AI-enabled  pay-per-usage, to comprehensively understand their effectiveness in 
capturing the value of AI-driven services (Heinis et  al. 2018). Imitating AI-based 
library services (Okunlaya et al. 2022), future research can investigate how similar 
frameworks can be adapted and applied in different contexts, industries, or service 
sectors. Furthermore, researchers are suggested to continue  developing  new theo-
ries and building new theoretical constructs to study industrial AI-enabled data. It 
will be necessary to evaluate AI-enabled business models for start-ups and compa-
nies to analyze their efficacy and uncover market benefits and open sectors (Kulkov 
2021).

Future research should explore the integration of mixed methods, combining 
qualitative and quantitative approaches across sectors. AI-enabled metaheuristic 
methods could be one of the leading breakthroughs including but not limited to par-
ticle swarm optimization, ant colony optimization for service selection and schedul-
ing  (Cao et al. 2016), simulated annealing, tabu search, and differential evolution, 
may be utilized to aid in the selection of suitable hyperparameters by using machine 
learning models to increase consistency and evaluate forecasting power (Table 2).

4.6 � Managerial/practical implications

Managers can develop cross-industry adoption strategies that go beyond simplistic 
models and theories to understand AI adoption challenges across various sectors. 
Businesses should be able to recognize the transformative potential of data-driven 
business models and understand AI’s impact on decision-making for effective inte-
gration into strategic processes. The study emphasizes the need for businesses to 
evolve innovation strategies in response to dynamic technoeconomic changes, aiding 
managers in navigating rapid transformations. Managers can gain insights into con-
sumer perspectives on AI-driven smart design changes, helping shape product-ser-
vice strategies that align with market acceptance and adoption rates. This research 
underscores the importance of inclusive research across diverse sectors, guiding 
managers in tailoring AI applications to specific industry needs.

4.7 � Limitations to the study

As with all related research, the present study is not immune to limitations. The 
search string used to find the articles was subjected to bias. This study used bib-
liometric coupling from a single database in Scopus. Furthermore, it examined 
other databases, however, the search string produced almost the same results as 
Scopus which contained the most number of articles. This paper discussed the dis-
connects of the articles while feeding the data into VOSviewer, but bibliometric 
approaches do not capture why authors cite other works (Zupic & Čater 2015). This 
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disconnect occurs between two authors because a third author is not citing those 
studies. One of the limitations of this review includes the rapid development of arti-
cles in the coming months. The selected articles were limited to certain time, as 
the number of predicted articles significantly increased from 200 articles selected 
in Scopus till 2024. The additional papers could significantly change the existing 
analysis; therefore, the analysis was limited to May 2023. Furthermore, limitations 
to future research are not included in the scope of this paper.

5 � Conclusion

This study aimed to extend the literature in terms of AI-enabled PSIs. In doing so, 
this research conducted a bibliometric literature review, identifying the five research 
streams, revealing the current position of the research in each stream, and identi-
fying how the streams interact with each other. These findings helped in identify-
ing the different AI-enabled technological disruptions in product-service innova-
tion, allowing the gathering of data to be interpreted in a meaningful manner. On 
the basis of our bibliometric analysis, this study developed coherent central themes, 
analyzed models and theories of the content reviewed, and developed methodologies 
based on the research streams. The clusters were labeled (1) technology adoption 
and transformational barriers, (2) data-driven capabilities and innovation, (3) digi-
tally enabled business model innovation, (4) smart design changes and sustainabil-
ity, and (5) sectorial application.

Our review indicated that AI in the field of product-service innovation (PSI) has 
great potential for future research. In (1) technology adoption and transformational 
barriers, the call for a cross-industry comparative analysis aligns with the need to go 
beyond simplistic models and theories, emphasizing the importance of understand-
ing AI adoption challenges across various sectors. Future research should not only 
compare challenges but also consider organizational-level implications, address-
ing business models and architectures across different industries. This comparative 
approach can provide insights into the contextual differences and similarities in AI 
adoption challenges. Developing user-friendly labels can enhance understanding and 
acceptance, addressing a key aspect highlighted in the literature. There is generaliz-
ability in the setting of the research and a lack of diversity in models and theories. 
Modern problems need modern solutions. Multiple methodologies are suggested to 
avoid generalizability. There is a need for additional studies related to ethical con-
siderations and other issues related to infrastructure, employee training, and the inte-
gration of AI into existing business processes.

In (2) data-driven capabilities and innovation, the central themes reveal a need 
for deeper exploration into the transformative potential of the data-driven business 
model and a more detailed understanding of AI’s impact on decision-making. Theo-
retical gaps highlight the necessity for detailed methodologies and frameworks to 
effectively integrate AI-driven data capabilities into strategic decision-making pro-
cesses. Methodologically, there is a call for comparative research and longitudi-
nal studies to comprehensively assess the evolving impact of AI. Future research 
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should extend beyond the service innovation paradigm, embrace diverse domains 
and employ advanced theories such as game theories. Further emphasis should be 
placed on evaluating service innovation scales in varied sociocultural contexts, 
ensuring contextual specificity. This holistic approach will foster a more compre-
hensive understanding of the intricate dynamics between AI, data capabilities, and 
innovative business models.

In (3) digitally enabled business model innovation, the gaps in current research 
highlight the limited coverage of innovation strategies in the face of dramatic 
changes in the techno-economic era, urging scholars to explore a more comprehen-
sive landscape. Methodological shortcomings emphasize the need for a more exten-
sive assessment of the impact of AI-enabled business models. In terms of models 
and theories, there is a need for a deeper understanding of the intricacies involved 
in AI integration within servitization and the scalability factors for organizations. 
Future research directions should prioritize investigating the ideal order of exploring 
various kinds of innovation and delving into economic assessment techniques. Addi-
tionally, an exploration of business model innovation concepts across different busi-
ness scenarios is essential. Finally, in-depth longitudinal studies are recommended 
to comprehend the evolving dynamics of AI-enabled business models, calling for 
scholars to explore diverse circumstances for a more holistic understanding.

In (4) smart design changes and sustainability, the evolution of Product-Service 
Systems (PSS) toward smart technologies necessitates comprehensive exploration of 
new terminologies’ sustainability and industry-wide adoption. While "smart PSS" 
dominate, other variants, such as "industrial smart PSS", "result-oriented PSS", 
"warehouse PSS", and "sustainable PSS", require further analysis. Future research 
should scrutinize consumer perspectives on AI-driven design changes for insights 
into market acceptance and adoption rates, informing innovative product-service 
strategies. Existing models and theories require expansion to address emerging engi-
neering design challenges comprehensively, including the impact of AI on quality 
function deployment and productivity paradox resolution. Ethical exploration of AI 
applications in smart PSS is vital, as it emphasizes the need to understand consumer 
perceptions and interactions when designing ethical and user-friendly systems. The 
methodological gaps highlight the limited empirical research on AI in service sys-
tems, hindering effective AI utilization in business models. Future research recom-
mendations underscore the need for exploring long-term sustainability and adoption 
patterns of new terminologies and thorough examination of specific PSS types, char-
acteristics, and challenges. Future research should integrate data mining technolo-
gies and employ sophisticated supervised learning algorithms to gain insight into 
the impact of AI-based business models on company performance.

In (5) sectorial application, significant gaps persist in understanding the sectorial 
applications of AI within business models, calling for more inclusive research span-
ning diverse sectors. Theoretical constructs for examining the dynamics between 
start-ups and established businesses are lacking, especially from a design-oriented 
perspective. Methodologically, there is a need for both quantitative studies employ-
ing dynamic pattern recognition in AI-based product-service models and qualitative 
research addressing customer perceptions across sectors. The development of a com-
prehensive framework explaining how various business models interact when AI is 
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involved is imperative. Future research should also explore alternative pricing struc-
tures, such as AI-enabled pay-per-usage, to understand their effectiveness. Addition-
ally, investigations should explore adapting successful AI-based frameworks across 
different contexts and industries, drawing inspiration from models such as AI-based 
library services. Finally, methodologically, there is a call for additional mixed meth-
ods that integrate qualitative and quantitative approaches, employing metaheuristic 
methods for parameter selection in AI models. These future research directions aim 
to fill existing gaps and contribute to the understanding of AI’s role in diverse busi-
ness contexts.
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