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Towards a Value‐Process Framework for Artificial Intelligence Enabled 

Business Models   

Artificial intelligence (AI) enables new capabilities for enterprises and accelerates business model innovation within firms. 
Although rightly poised, the penetration and adoption of AI technology across organizations and customer offerings appear to 
be slower than expected. Using a literature review, this paper highlights that current value processes in the business model do 
not address different value aspects sufficiently in AI-driven business models. This is followed by literature mapping, cluster 
analysis, and the assessment of value theories to propose an alternate process-oriented value framework (value-identification, 
value-manifestation & value-capture). This paper also conducts corpus assessment on reviewed articles to highlight that current 
studies concentrate more on value-manifestation and value-capture than value-identification. Finally, we discuss how AI 
technology contributes towards different value dimensions of the proposed framework and the need for a more comprehensive 
approach to include value-identification, manifestation, and capture for accelerated adoption of artificial intelligence 
technology within business model innovation.
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INTRODUCTION  

Value as a concept has been long discussed within research from various perspectives and angles, such as Smith (1776), 
who highlights the subjective nature of value. Von Mises (1920) mentions value as a combination of different aspects, and 
Ziethmal (1988) puts value as highly perceptual. Various value models and frameworks exist for customers and business 
model (BM) assessment and evaluation, and we can categorize them into one of three value views. The first is an ‘individual’ 
view of value, where scholars such as Wilson and Jantrania (1994) and Holbrook (1982) have categorized value at the 
individual/personal level related to behavioral and experiential aspects like fantasies and fun. The second is a ‘transactional’ 
view of value, where scholars like Eggert et al. (2018) have articulated value-in-use and value-in-exchange together with 
concepts like value chain (Porter and Advantage, 1985), value network (Peppard and Rylander, 2006), and value constellations 
(Normann and Ramirez, 1993). Finally, there is a ‘relationship’ view of value, where scholars such as Gupta et al. (2006) talk 
about customer acquisition, retention, and expansion, and Lindgreen and Wynstra (2005) talk about value through the buyer-
supplier relationship. While all these value views are insightful, they can arguably be categorized as being more operationally 
oriented, as value is generated or transferred through a series of activities within different stakeholders. 

Traditionally, BMs are also considered a means of creating, delivering, and capturing value (Teece, 2010), a simple and 
supplier-oriented view to BMs. Multi-sided BMs (Aversa et al., 2020) differ from traditional models by bringing new value creation, 
delivery, or capture dimensions. For example, these models include customers, which might not always be the same as direct 
beneficiaries, bringing the demand perspective into the BM, highlighting impacts on value-based capturing techniques, and others. 
Amit and Zott (2010) define a business model as ‘…the bundle of specific activities that are conducted to satisfy the perceived 
needs of the market, including the specification of the parties that conduct these activities…’. This definition captures the essence of 
BMs: how to conduct business from a holistic perspective, emphasizing value creation for all relevant stakeholders. The following 
quote from David Teece offers a good summary of what a business model is: ‘Whenever a business enterprise is established, it 
either explicitly or implicitly employs a particular business model that describes the design or architecture of the value creation, 
delivery, and capture mechanisms it employs’ (page1: Teece, 2010). There is widespread consensus that business models are 
systemic, transcending company boundaries (Amit and Zott, 2001), but also that they pose unprecedented innovation challenges 
(Itami and Nishino, 2010), especially when it comes to strategy and tactics (Casadesus-Masanell and Ricart, 2010). Business 
model innovation (BMI) as a concept has been coined and discussed over the last decade and can be regarded as the 
introduction of a new or modified BM for commercial value creation. The open-system nature of BMI can cause structural 
challenges to firms due to the resulting uncertainties and risks, often resulting from feedback loops (Berglund and Sandström, 
2013). 

Consequently, rather than isolated choices, systemic and holistic considerations need to be encouraged for this type of business 
model innovation (Amit and Zott, 2010). Both business model & business-model-innovation literature streams address value as an 
overall concept covering value creation, delivery, and capture. However, they seldom delve deeply within these specific 
value dimensions, and even less so regarding the impact on these value-process dimensions from artificial intelligence (AI). 
While AI technology adds value to the product, service, and offering through new capabilities (Mikalef and Gupta, 2021) and 
impacts the way business relationships (Hultman and Axelsson, 2007) transform within business offerings, the more profound 
change is that it transforms the value processes at the core of the BM concept, which has not been thoroughly investigated until 
now. 
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AI has several implications for business models. It offers new capabilities (Agarwal et al., 2020), which arguably lead to value 
changes, but at the same time, it offers new business combinations called constellations for BMI (Aversa et al. 2020) which also has 
implications for value. While the value aspect can be dependent on individual entrepreneurial orientation (Robinson and Stubberud, 
2014), when AI capabilities are appended to this orientation within business settings, impacts and opportunities emerge for new 
ways or relationship building and management between suppliers, customers, and other external stakeholders (Grubic, 2018). 
Examples include services based on predictive maintenance, future prediction, trust-based solutions, and value-based pricing 
(Hinterhuber, 2004). However, we see that AI has more fundamental implications for value enabled by new business models, as the 
value-process dimensions in business models (value create, value deliver, value capture) are changed. The existing literature on 
technology diversification (Granstrand et al., 1997; Torrisi and Granstrand, 2004) acknowledges the role of new technology in 
creating value but does not explicitly state how the introduction of new technology can create this value into products, services, and 
BMs. Hence, in this paper, using a literature review, we first try to understand prior art concerning value in relation-to business 
models and AI. Having observed a need to focus on value dimensions within AI-driven business models, we try to work towards a 
value-process-oriented framework to offer means by which value needs to be reflected in future BMI research and practice. 
 
AI technology, including the data-driven approach, is enabling transformation in many industries, and the adoption of these 
technologies is arguably highly dependent on the value they create and deliver for customers and other stakeholders. In the English 
language, ‘value’ is defined as ‘how much something is worth in money or other goods for which it can be exchanged’ as per the 
Oxford Dictionary. In a business sense, value as a term definition can be vague and subjective, and hence a rather tricky concept to 
define and agree upon when used as an assessment for product and service offerings. While value as a concept is highly perceptive 
(Cengiz and Kirkbir, 2007) and driven by customer expectations regarding the product and service offerings, customer expectations 
when it comes to organizational offerings have been changing rapidly and growing over the last few decades, and this is observed 
across industries and segments. While there is an increase in customer expectations for intelligent and connected solutions, the value 
perception of offerings and the companies providing such offerings are under constant transformation in the customers' eyes. While 
these expectations relate to lower costs, better quality, and new functionality (Russell et al., 2016), customer expectations also 
protrude towards new data-driven business models (BMs). Data-driven BMs has been discussed in the research, and they impact 
customer value perception through a data network (Gregory et al., 2021), on the one hand on servitization (Vandermerwe and Rada, 
1988), and the other hand on more integrated services within business ecosystems (Gajen and Gossain, 1998). Servitization helps 
companies achieve customers’ expected value by adding an increasing share of services to their offerings (Vandermerwe and Rada, 
1988; Oliva and Kallenberg, 2003). This is done due to multiple reasons like climbing up the value chain (Noke and Hughes, 2010), 
creating new revenue streams (Baines et al., 2007), increasing customer loyalty (Gaiardelli et al., 2015), and facilitating more 
sustainable offerings, (Mont, 2002). In order to provide end-to-end customer experience and value, new business ecosystems enable 
companies to collaborate with other stakeholders (Jacobides et al. 2018) by not operating or offering solutions to their customers in 
silos, but rather collaborating across the eco-system of stakeholders, including suppliers of technology, external vendors involved 
in connectivity, partners in the supply chain, and collaborators for operations. 
 
Through advancements in digital technologies such as ICT (Information & Communication Technology), IoT (Internet of Things), 
and AI (Artificial Intelligence), the nature of doing business is transforming. New capabilities (Björkdahl and Magnusson, 2012; 
Agarwal et al., 2020) are being enabled for business model innovation (BMI) (Kindström, 2010). By using new types of digital 
platforms (Cenamor at. al., 2017) and by increasingly embedding connectivity and intelligence into products (Porter and 
Heppelmann, 2014), companies develop data-driven solutions in new innovative ways to understand customers, predict the behavior 
of products and services, prevent failures (Goyal, 2019). While AI technology enables firms to provide new features and functionality 
in their offerings based on real-time data analytics, which was previously not possible, it also introduces new business concepts like 
predictive maintenance and value-based offerings (Hinterhuber, 2004). Data and AI-driven data network effects and their impact on 
customer value perception are much far-reaching than regular BMs (Gregory et al., 2021). AI has helped to eliminate past limitations 
of human-intensive production as well as improve and enhance the scalability and ability of enterprises and is removing limitations 
of human-based approaches and instead of becoming more user-centered, more creative, and allows for continuous upgrading 
through iterative learning throughout the product life cycle (Verganti et al., 2020). Traditionally solved or carried out by corporate 
staffing, business tasks are now automated into learning iterations without the high costs of volume and restricted human speed. AI 
technology provides a profound ability in analyzing complex problems, such as categorizing consumers or predicting user behavior 
based on the processing of millions of data points. 
 
While a boom has been observed in recent years within the research area of AI algorithms and techniques such as deep learning and 
neural networks (Goodfellow et al., 2017), the adoption of AI technologies within business models would be highly dependent value 
it eventually drives for customers. Comparing the corresponding published research volume on AI technology against the value 
framework within AI-enabled BM highlights a need to dig deeper into the subject. There are numerous value models for customers 
and other stakeholders within the business models discussed in the research. Ulf (2020) introduced a value model that firms can use 
to emphasize business opportunities while developing products to achieve unrivaled customer value and knowledge through 
deepened customer relationships. Lindgreen et al. (2012) outline three value processes within servitization – value analysis, value 
creation, and value delivery – to achieve customer value in offerings and further detail the activities to structure, bundle and leverage 
the value creation for customers. Woodruff (1997) focuses upon the value perspective of individual customers and proposes a 
customer value hierarchy model to classify different customer value concepts before proposing customer value determination 
processes that firms can use to transform customer value learnings into actions when designing their offerings. There are multiple 
value frameworks in the literature, like the one from Payne and Holt (2001), which addresses value from a relationship perspective 
to create, deliver, assess, and determine value through engagement with customers, employees, and external stakeholders, and Eggert 
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et al. (2019) address value from a transaction perspective, looking into value-in-use and value-in-exchange within different business 
markets. However, these seldom include value implications concerning AI technology.  
 
This paper investigates existing value models and frameworks through the lens of AI technology, which provides new capabilities 
and enables value transformation within BMs. With an overall aim to explore how AI technology impacts value within BM, this 
paper investigates existing value frameworks using a literature review and identifies needs for amendments to existing value 
dimensions in BMs (value create, value deliver and value capture). In total, 392 published papers were identified and analyzed for 
our study through keyword extraction. Literature mapping was conducted on extracted keywords to study the correlation between 
value, AI, and business model, and we then proceeded with cluster analysis of the key searched concepts (business model, AI, and 
value). Review output from the study highlighted the lack of value coverage and discussion within existing research concerning AI-
driven business model innovation, which motivated us to work towards an AI value-process framework by proposing the three 
dimensions that could be deployed by industry within their AI-driven business models to identify iteratively, manifest and capture 
value. Finally, we discuss the proposed dimensions for further research and implications of the proposed framework for the 
accelerated adoption of AI within business models.  
 
EXPOSITION OF THEORY 
 
As previously discussed, the concept of value has long been considered in research using different conceptualizations, such as a 
combination of objective and subjective (Smith, 1776), the economic aspect of a trade exchange benefit (Von Mises, 1920), and 
research continues more recently with conceptualizations such as value-in-use and value-in-exchange by Eggert et al. (2019). The 
concept of value is not only central to different literature streams as an effect of the individual’s perception (Lapierre, 2000) within 
marketing, innovation management, and business models, but has also been discussed as a critical point in business for decades and 
is of increasing interest to practitioners from both the behavioral and strategic perspectives (Wilson and Jantrania, 1994). In business, 
the value concept has been applied to different fields, such as accounting, where value is the monetary worth of an asset, business 
entity, goods sold, service rendered, or liability or obligation acquired (Treacy and Wiersema, 1995). In economics, value is the 
worth of all the benefits and rights arising from the ownership and utility of a good or service or the power of a good or service to 
command other goods, services, or money in voluntary exchange (Hammer, 1996). In marketing, value is the extent to which a good 
or service is perceived by the customer to meet his or her needs or wants, measured by the customer's willingness to pay for it, 
depending on the customer's perception of the worth of the product rather than its intrinsic value (Heskett et al., 1994). The value 
concept has been discussed in more recent strategy literature as all actor-perceived consequences generated from resource 
deployment (Chestbrough et al., 2018). ‘All actors’ includes the customer perspective – value determined by customers, such as the 
customer’s willingness to pay or customer benefits (Brandenburger and Stuart, 1996) – as well as the demand perspective – ‘the 
worth in monetary terms of the technical, economic, service, and social benefits a customer receives in exchange for the price it pays 
for a market offering.’ (p. 24, Anderson et al., 2006). 
 
This section begins with business model literature discussions mapped to value, followed by the generic value theories covering 
different constellations like value chain, value network, value star, value relationship, before we consider how AI is providing value 
not only as a technological resource through new capability creation but also as a more fundamental influencer on value through 
business model innovation. Finally, we cover the transactions and the process view of value. 
 
Business Models & Value 
 
When we try to classify and understand structure and linkages between the various value dimensions of business models, it can be 
powerful to describe business models as such that can be broken down into different modules, and these modules can then be used 
for manipulating different business offerings (Baden-Fuller and Morgan, 2010). There are multiple approaches to business models. 
Baden-Fuller and Haefliger identify the following main modules within business models: 1) customer identification, 2) customer 
engagement, 3) value delivery and linkages, and 4) monetization (Baden-Fuller and Haefliger, 2013). Another approach to Business 
Model design that has also become widely popularised in companies is the framework developed by Osterwalder and Pigneur, who 
outlines a business model canvas (Osterwalder, 2010). The business model concept can be consolidated overall and seen as having 
a modular design, e.g., value creation, value delivery, and value capture modules or processes proposed by Teece (2010). It is a 
straightforward generalization of the business model, with value creation representing offering, customer need, and unique benefit 
(Teece, 2010), value delivery representing the capabilities, activities, and partners (Amit and Zott, 2010), and value capture 
representing revenue, costs, risks (Chesbrough, 2010). 
 
Most of the value discussions concerning BM & BMI refer to a transactional view, where organizations create and distribute 
offerings, hence providing value through interactions/transactions with the stakeholders, including customers. BMI is still a 
developing topic as the industry 4.0 revolution reshapes the economic landscape, pushing competitiveness and growth at a high 
speed (Schwab, 2017). Businesses are not only limited to simple BMIs, but also ‘a radical, systematic, and holistic approach towards 
business practices to compete with economic, environmental, and social challenges.’ (Bocken and van Bogaert, 2016). In other 
words, sustainable innovation is required (Boons and Ludeke-Freund, 2013). Value creation shall be the core logic in developing 
sustainable BMIs (Shakeel et al., 2020), which needs to be further investigated. We argue that many of the value discussions 
concerning BMIs rely on either a transactional view, where organizations use BM to handle the distribution of value from a business 
to its stakeholders as individual transactions (Mitchell and Coles, 2003; Massa and Tucci, 2013; Dahlander and Wallin, 2006) or an 
operational view focusing on activities conducted during these transactions (Baden-Fuller and Haefliger, 2013; Jacobides et al., 
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2018; Aversa et al., 2020). Although relevant, both the transactional and operational views of value within business models face 
limitations and challenges regarding exploiting the full potential of value within business models, especially within AI-technology-
driven business models (Dwivedi et al., 2019). The nature of value is inherently not only subjective (Smith, 1776) but also perceptual 
(Zeithaml, 1988), meaning that it is not driven solely by activities and actions but is somewhat iterative, evolving over a while, and 
cannot be determined in advance through a sequence of operations or activities. 
Furthermore, AI technology impacts the core value elements for customers and stakeholders within business models. That continues 
through future predictions, which do not have to depend on transactional or operational interactions as was the case within traditional 
business models. Hence, instead, a process view to value needs to be undertaken, which could further highlight and deepen the value 
AI-based business models create through the iterative process of value creation, value delivery, and value capture. We argue that 
utilizing the value concept in BMI as a process could make the aim of creating and appropriating value clearer for the business 
offering. For example, the value capture concept surfaces in the marketing literature (Chesbrough et al., 2018), innovation 
management, and business model literature on pricing (Hinterhuber, 2004). However, these studies highlight value capture from an 
operational perspective during the sale, purchase, or transfer of services rather than the process view, which is required when 
referring to value capture due to the subjective and transformative nature of value (Zeithaml, 1988).  
 
Before we can implicate technology in business model value, a need was observed to understand the current literature on the value 
within the business models context. 
 
Different Value Constellations  
 
To assess and realize the value of business models, multiple value-related concepts have been proposed and used. The value chain 
concept is widely used, according to which ‘value’ is added through each activity to a company’s products or services targeted at 
customers (Porter and Advantage, 1985). As global market competitiveness has increased, organizations have struggled to maintain 
their privileged positions, implying a need for innovation to create value for customers and sustain revenue growth (Peppard and 
Rylander, 2006). While the logic of the value chain explained the increment in the business model's value, it had limitations, such 
as value co-creation, and was thus complemented by the value network concept, describing a combination of players co-creating 
value (Peppard and Rylander, 2006). The dynamic nature of value networks enables different stakeholders to be included in value 
analysis instead of focusing on a company’s perspective. In value networks, multiple players perform functions simultaneously 
rather than sequentially, and value is jointly co-created together with customers and other external stakeholders (Marco and Daniele, 
2014). Companies have created value within value networks by deliberately allowing complementarities to enter the market (Aversa 
et al., 2020), sometimes by copying to create network externalities through augmentation (Blackburn, 2002), which creates an 
expanded expansion market to create value. As the network scope and capacity increase, mutual adjustments are needed from 
multiple parties (Stabell and Fjeldstad, 1998), and this gives rise to concepts like value ecosystems (Ritala et al., 2013), value stars, 
and value constellations (Normann and Ramirez, 1993), where different stakeholders combine in various combinations to create 
value for customers and share value. 
 
There has been research regarding a value-centric model for products, services, and businesses (Randmaa et al., 2011), and multiple 
frameworks have been developed to understand value analysis in business, measure capabilities, and enable innovation. Lindgreen 
et al. (2012) presented a framework for value orchestration based on value analysis, value creation, and value delivery, focusing on 
resource management through three types of activities for value orchestration: structuring, bunding, and leveraging of resources. On 
the other hand, Payne and Holt (2001) used nine core factors: employee recruitment, employee satisfaction, employee retention, 
customer attraction, customer satisfaction, customer retention, stakeholder engagement, stakeholder satisfaction, and stakeholder 
retention to propose a conceptual framework for relationship value management. Woodruff (1997) proposed an extensive value 
model based on the individual customer’s value perspective, establishing a competitive advantage for organizations. In contrast, 
Bolton and Drew (1991) and Oh (1999) have exemplified frameworks for customer-value impact through service quality steps and 
customer satisfaction processes, respectively. 
Moreover, we also observe a stream of research proposing a holistic approach to value within organizations and their offerings. For 
example, on the one hand, Ulf (2020) outlines a broad and extensive value model for different value aspects within an organization, 
and, on the other hand, we see many researchers proposing models to assess value delivery for the consumer from consumption 
perspectives (Sheth et al., 1991). This takes into account various value aspects like functional values (Feber, 1973), social values 
(Warner and Lunt, 1941), emotional values (Kotler, 1974), epistemic values (Hirschman 1980), conditional values (Park, 1976) and 
others. Looking at the referred value models and frameworks, it can arguably be concluded that the focus for most of these models 
and frameworks has been either operational or transactional. Additionally, their focus when discussing value has not been from a 
technological perspective. To exemplify, Walter et al. (2001) studied customer-perceived value in buyer-supplier relationships; 
Eggert et al. (2019) proposed an integrative framework to map value in business markets, and Eggert et al. (2018) addressed how to 
conceptualize and communicate value from a value-in-use perspective. However, all such frameworks approach to value as 
operational and transactive, seldom considering technology impacts, such as enabling shared data between buyer and supplier 
(Goyal, 2019), and markets in which to share intelligence, hence impacting value. 
 
While there are different value frameworks referred to in research, the value proposition provided by firms should fundamentally 
convince a potential customer that the service or product is of more value than similar competing offerings. Perceived value can be 
regarded as a ‘…consumer’s overall assessment of the utility of a product (or service) based on perceptions of what is received and 
what is given.’ (Zeithaml, 1988). Much previous research has analyzed the buyer’s value from the seller’s perspective, such as in 
terms of customer profitability (Jacobs et al., 2001) and different customer models such as RFM – Recency, Frequency, and 



      5  of  23 

Monetary-value model (Jan and Tom, 1995) – and CLV – Customer Lifetime Value model (Gupta et al., 2006). The buyer’s 
perspective is also essential to ensure that value is created for both parties (buyer and seller) involved in business transactions, either 
in an individual transaction or a long-term business relationship (Walter et al., 2003), which is sometimes less emphasized in current 
value theory research. Additionally, the mutual requirements make it significant to understand the relationship value between the 
buyer and the seller, which potentially increases the customer’s perception of value. Relationship value can be treated as ‘a second-
order construct with the dimensions of benefits and costs’ (Eggert et al., 2006), and good management of relationship value can thus 
bring about positive effects. Again, highlighting the fact that relationship value shall also be assessed for impact from technology 
and other potential drivers like supplier relationships (Walter et al., 2003), the overall customer-perceived relationship value needs 
to be identified, together with the influence from technology and business models. 
 
Having investigated various value studies and perspectives, we shall look into the current state of the literature regarding AI-
technology-driven value through its adoption within business models.  
 
Artificial Intelligence Impacting Value Within Business Models 
 
Researchers have defined artificial intelligence in different ways. Here we apply the definition from Russell and Norvig (2016), 
where they define AI as an assemblage of technological components that collect, process, and act on data in ways that simulate 
human intelligence. They continue stating that, like humans, AI solutions can apply rules, learn over time by acquiring new data and 
information via machine learning (ML), and adapt to changes in their environment. Many intelligent services and products have 
recently appeared, and emerging technologies like big data, cloud computing, blockchain, and the Internet of Things are becoming 
increasingly familiar within the industry. Today, almost every field applies one or more of these technologies, including healthcare, 
vehicles, finance, gaming, environmental monitoring, agriculture, and others, thereby changing the way human beings live, work 
and entertain themselves (Soni et al., 2020). The advancement of the economy through AI (Furman and Robert, 2019) is enhancing 
the evolution of Industry 4.0 (Schwab, 2017) while simultaneously inducing notable transformation of businesses and even the 
overall economic system (Klosters, 2016). The changes caused by intelligent technologies urge organizations to adapt strategic 
decision-making processes (Merendino et al., 2018) and reshape value processes and business ecosystems. AI technology has also 
been adding value to customers by providing new features and capabilities in products and services (Agarwal et al., 2020) and 
delivering other value aspects, like epistemic and emotional ones. 
 
Although intelligent technology shows promise for its cost-effectiveness compared to humans (Castelli et al., 2016) and is currently 
being more widely applied, the inevitable imperfection of technology can cause substantial risks. Besides the risk of the technology 
itself, many managers hesitate and delay the adoption of AI as they are not sure how to use it to help their firms compete (Manjika 
et al., 2017). As we have already entered the fast-changing Industry 4.0 (Schwab, 2017), effective value creation requires companies 
to embrace change (Järvi et al., 2018) and the development of AI provides new possibilities for value creation. If businesses wish to 
benefit from AI, they will need an advanced understanding of the technology and careful analyses of its risks (Canhoto and Clear, 
2020). However, from a strategic management perspective, a thorough understanding of the technology itself does not give us the 
insights to use it purposefully to create a competitive advantage. In order to do so, it is necessary to understand the value it can bring 
about to organizations. A complicating factor in the case of AI is that it is a general-purpose technology (Bresnahan and Trajtenberg, 
1995), and that it can be considered an invention that changes the way we invent. Hence, it might influence value in different and 
arguably more indirect ways. In particular, we note that AI has the potential to transform existing businesses, as it not only enables 
firms to increase value by increasing efficiency through more or less straightforward automation but also offers new or improved 
value through BMI. 
 
AI is driving values within businesses in many ways. For example, online platform companies regard customer behavior data as an 
essential asset in various ways for customer engagement. The data is usually processed through AI or ML to create personalized 
profiles, predict different behaviors, and optimize recommendations. When a customer interacts with a software platform – Spotify, 
for instance – every activity of the user is captured (Esmeralda and Knut, 2020), including clicks on search, time spent typing, music 
played, saves to collections, likes, forwards to friends, third party platform access, new activities, and others. This creates personal 
customer profiling to create preferences and behavior-prediction solutions. AI enables new functionalities for product and service 
offerings and creates new capabilities that transform the business models and values of these drives. For example, companies 
exploring Edge AI can establish not only new types of value-generating capability driven by digital data, like self-calibration, 
enhanced senses, and selective capture but also capabilities that impact soft aspects of an organization’s branding and marketing, 
such as reputation (Agarwal et al., 2020). While values from these capabilities can be captured in different situations and use cases 
in the enterprises, Edge AI technology also delivers better performance and opportunities towards already-existing capabilities, like 
predictive and preventive maintenance, efficiency and control, productivity and reliability, as well as product performance (Agarwal 
et al., 2020). 
Another example is the hospitality industry, which is highly complicated about providing customer services. In the traditional 
operating model, labor-intensive investments are required, with people to be hired. AI technology has driven a significant 
transformation of the hospitality sector. Companies like Airbnb consigning the onus of operation to hosts, enlarging the breadth of 
options, which can be connected to each individual’s needs based on perception engines driven by AI & ML. (Dai, 2017). Enabled 
by big data and AI technology, social media information and customer data have become vital resources. The marketing strategy of 
famous retail firms, including Amazon, Walmart, and Target, is now tightly connected with social media platforms like Facebook, 
Instagram, and Twitter. In 2019, US social media-influenced buying totaled over $22 billion, expected to grow to over $84 billion 
in 2024 (Keyes, 2019). To develop platforms, which include social media platforms and networks, firms like Amazon purchase or 
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sell data for corporate analysis to increase revenue and burnish the business model (Vithayathil et al., 2020). In some cases, 
customers’ data created by firms are a common source of revenue for online marketing, where customer data profiles are sold or 
utilized by other companies for personalized recommendations and advertisement, such as Spotify’s commercial ads. Whether data-
enabled capabilities or AI-driven insights, the impact on business models depends on the value, it can generate for different 
stakeholders (Wheeler and Sillanpa, 1998). Hence, before we can fully understand the impact of AI on business models, the way AI 
impacts different value dimensions of business models needs to be investigated.  
 
We observe that AI technology impacts value changes within business models through two primary means. Firstly, by inducing new 
capabilities (Mikalef and Gupta, 2021) and, secondly, by enabling new configurations and constellations in the customer offerings 
(Gregory et al., 2021). Various capabilities are driven by AI (Agarwal et al., 2020) to curate customer engagement and interaction 
data to understand the needs and value aspects that users expect, and even to predict the insights for taking proactive measures 
through machine learning and data science, which was not possible before (Kunz et al., 2017; Chiang, 2019). Data analytics through 
Big Data and AI is also being used for decision-making in many applications across several industries, including manufacturing 
shopfloor, medical diagnostics, marketing consumer behavior, and others (Duan et al., 2019). While AI-driven capabilities generate 
new functionalities and features for business offerings utilizing AI as a resource, these capabilities impact the underlying value 
dynamics of the business model, which needs to be understood and addressed further in research. AI capabilities impact value within 
business models with multiple and simultaneous customers and suppliers from different domains for the same business. This 
provides multiple revenue streams, thereby reducing the cost of goods sold, as in the case of ARM (Aversa et al., 2017). ARM uses 
community sourcing and expert panel forums to gather future customer requirements, which are incorporated by the firm and sold 
back to the same audience, thereby attaining cost neutrality for microprocessors produced on the assembly line as well as having a 
competitive advantage by being ahead of the competition in terms of customer expectations and understanding. AI technology 
provides data modeling and decision making capabilities that can not only identify the customers and users who are innovative but 
starts to treat them as entrepreneurs, crowd sourcing the recipe for business in the form of data and insights, and using capabilities 
derived from customer engagement and interaction datasets to obtain the next steps in BMI (Aversa et al., 2015).   
 
Technology also provides possibilities for creating different business model configurations to create and deliver value for customers 
(Aversa et al., 2015). For example, looking into Business Model Zoo (http://www.businessmodelzoo.com/), we can categorize 
customer engagement approaches in four ways, namely: the ‘Product-Model’, where a company develops a product or standardized 
service; the ‘Solution-Model’, where a company engages with a customer about a problem the customer's faces and provides an 
integrated solution; the ‘Matchmaking-Model’, where a company joins buyers and sellers in its online or physical marketplace; and 
finally the ‘Multi-Sided-Model’, where a company provides different products or services to different customer groups, such that 
the value proposition is multi-sided, meaning that one customer group gets additional benefits from the other group’s transactions. 
When we delve into Business Model Zoo and consider capabilities enabled by AI, it becomes apparent that the earlier ‘dyadic 
product’ approach, where a supplier creates the product (value creation), sets the price (value capture), and then the buyer consumes 
the product (value delivery) without much dialog or transparency with the supplier (Lamming et al., 2005), is being phased out and 
replaced with more ‘dyadic solution’ approaches due to technological possibilities (Baden-Fuller and Haefliger, 2013). In ‘dyadic 
solution’ business models, suppliers and buyers co-create the value, which is primarily enabled by IoT, sensors, 
connectivity, internet, cloud, social media forums, and AI (Baden-Fuller and Haefliger, 2013) through capturing buyer data and 
experiences and then using that data to identify value aspects for buyers, which are introduced during value creation and delivery in 
the form of end-to-end solutions or value-added solutions rather than the product itself. ‘Triadic’ or ‘multiadic’ business models 
like ‘match-making’ and ‘multi-sided are highly impacted through AI. For example, in the match-making approach, there is no 
direct user value provided. Instead, value is delivered by joining two previously disconnected groups of customers together, allowing 
them to trade an underlying good or service on a common platform (http://www.businessmodelzoo.com). These platforms often use 
AI solutions, as is the case with Uber, Airbnb, and others. Additionally, in multi-sided business model innovation, when firms 
connect two groups of customers in parallel, providing service and value to one (actual user) and giving value to another group as 
well (the paying customer), the ways incorporated not to allow the two groups to connect is either by design, rule or in most cases, a 
competitive technological advantage, as is the case with Google (Christensen, 2016). The role of value through digital platforms 
impacts both the individual and ecosystem perspectives, such as APIs, open-source software, where people contribute to these open 
sources, and companies tap into such communities for introducing different BMI cases (Clauss et al., 2019). 
 
As data and AI technologies enable value for firms in different ways and on different levels (capability, relationships, business 
model, and others), there are multiple ways to investigate these value transformations. One of the angles from which to see how AI 
technology is delivering value can be the transactional view as outlined by Eggert et al. (2019), where the value is assessed as value-
in-exchange or value-in-use, or as a process view where value emerges (Langley et al., 2013) as a sequence of iterative steps.  
 
Value Within Business Models: Process Considerations  
 
Most of the stated value research takes an operational or transactional view of value. We suggest that considering a process view 
(Ann Langley, 1999) of value can address our understanding of value dynamics within technology-driven business model innovation 
since the value is not only perceptive but also dynamic – changing and transforming during the value creation, distribution, and 
capture steps of business models (Michel et al., 2008). Process theory can be considered as a rigorous and systematic description of 
the “generative mechanisms or set of mechanisms at work … and their resulting outcomes” (Cornelissen, 2017, p. 5), which we 
believe is required to understand the dynamics between value aspects on the BMs. Some scholars have taken the process view of 
value as well. To take a few examples, Wirtz et al. (2016, p. 4) defined BMI in explicit process terms as “the design process for 



      7  of  23 

giving birth to a fairly new business model on the market, which is accompanied by an adjustment of the value proposition and/or 
the value constellation and aims at generating or securing a sustainable competitive advantage”. Value identification has been 
touched on within entrepreneurial literature under concepts like effectuation theory and boundary objects (Richard and Ramkrishnan, 
1995), where value is identified as the concepts or solutions proceed, providing tangible steps to continue further with the concept. 
Value creation and delivery have been investigated from several angles, such as customer engagement (Zhang et al., 2017) and its 
impact on customer engagement and stickiness through social networks, customer relationship-driven (Walter and Ritter, 2003) 
value through adaptations, trust, commitment, and other examples. As well as value creation and delivery, investigations have been 
conducted into several domains, such as the way that e-business (Amit and Zott, 2001) is impacting new value aspects like the 
convenience and how business-to-business (Walter et al., 2001) drives value co-creation and sharing between buyer and suppliers. 
Value capture shows up in innovation management and marketing literature, where value is (Chesbrough et al., 2018) captured under 
open innovation with dependence on each other’s capabilities, and business model literature on pricing (Hinterhuber, 2004), where 
value-based price models are determined as per the customers’ perceived value. It is, however, observed that most of the work is 
limited to one of two aspects of the value process without attempting to put forward an extensive end-to-end framework and is 
lacking the focus of a value process when it comes to AI technology.  
 
With BMI being impacted by AI, we see that value constantly changes and evolves throughout the usage phase of a digital offering, 
which lacks the research rigor this paper is trying to address. Changes in the value dynamics through AI-driven business models are 
a more extensive niche, while research in AI-driven business models lacks intensity. When value research is taken up, it either 
concentrates on an overall offering or mostly takes a transactional or operational perspective. Some studies investigate the process 
aspects of value, though they seldom investigate the involved dimensions of value within the business model, detailing the 
interactions and changes within the value dimensions during the end-to-end business modeling process. While the value in AI-driven 
business models emerges and evolves during service creation, delivery, and usage by capturing data and insights generated from it, 
we observe that this temporal aspect is an under-researched area that needs to be looked into. Hence, we argue that to exploit further 
different value aspects enabled by AI, we need to focus on value as a process rather than a transaction, and a framework is needed 
that combines the individual, transactional and relational view of value together within business models.  
 
To understand the value of AI technology for BMI, we see a need to undertake a pseudo-structured literature review (Webster and 
Watson, 2002; Koop and Burgess-Pinto, 2003) to understand existing viewpoints of different value models and frameworks. Due to 
the complexity of the phenomenon being addressed (combination of value, BMs, and AI), this paper's approach can be considered 
a combination of the narrative, descriptive, umbrella, and theoretical review (Pare et al., 2015). We investigate the existing value-
process dimensions relevant to an accelerated adoption and acceleration of AI technology within the industry and work towards the 
required changes in existing value-process dimensions to enable better value exploitation by firms within their AI-driven offerings. 
 
METHODOLOGY 
 
In order to understand the complex phenomenon under examination, including value, BM, and AI, correlation in existing research 
between the three concepts, ‘AI’ technology, ‘BM’ and ‘value’ was identified to be better understood. Due to the novelty of the 
phenomenon under consideration, the process theory, which considers phenomena as evolving and interrelated events enacted by 
entities (Rescher, 1996), was adopted. Due to the lack of a clear literature stream on the phenomenon, the first step was to conduct 
a literature search (Xiao and Watson, 2019) on published papers from the last five years. Since the searched concepts are addressed 
in different literature streams like management, technology, and others, a broad search across all journals was undertaken not to 
miss any good articles and reach the research within different domains. This was followed by literature mapping on keywords from 
abstracts of selected papers to reveal the connections and understand which areas (AI, BM & Value) are more highlighted than 
others before assessing the value theories from the searched literature. Meanwhile, we classified theories mentioned in the searched 
papers into AI, BMI, value, arranging, and mapping theories in the relevant field. Based on the findings from literature mapping and 
theory analysis, we worked towards a value-process framework that could be used for value assessment during the adoption of AI 
technology within business models. We conducted a corpus analysis on all selected papers from step one. Figure 1 summarises the 
entire study approach.  
 

 

Figure 1. Methodology 
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1. Scopus Web Search 

 
To gain an overall understanding of the current environment and unearth the current study status, existing literature was identified 
based on recent papers related to value, business models, and AI technology. As the largest abstract and citation database of peer-
reviewed literature, we decided to use the online Scopus library as the search platform and resources. The search string used was: 
”value” AND “business model” AND (“artificial intelligence” OR “AI”)’ and all articles from 2015 till 2020 were requested (as of 
2020/03/31). A generic and broad term, ‘value’, was used as a search criterion to avoid missing much literature in the beginning. 
We wanted to start broadly and refine down to various value aspects during the assessment in later stages. 
 
When using the search string keywords separately on Scopus, the number of papers was unmanageable. For example, ‘artificial 
intelligence’ yielded more than 34,000 hits; ‘business model’ more than 29,000; and ‘value’ returned around 6,380,000 results. This 
number of existing studies was not conducive to a manual paper study, correlation identification, or gap assessment within existing 
research. However, when the keywords were combined to include all three aspects, the number of results shrunk to 392 papers 
altogether. We recorded the publishing year and journal of each paper for time-variant change analysis and trend analysis. After 
reading the abstracts of all publications, each paper was classified according to the degree of correlation with the three search 
keywords. ‘Highly related’ if all three keywords were identified in the paper, ‘mediumly related’ if any two of the three keywords 
were included in the paper, and ‘low’ or ‘not related’ when one or no keywords were identified in the paper from the search terms 
perspective. 
 

2. Literature Mapping and Cluster Analysis 
 
After identifying the literature articles from step one, a literature mapping exercise was conducted to understand any correlation 
between the streams of AI, BM, and value. This literature mapping was conducted with the help of the VOSviewer tool, a piece of 
software for constructing and visualizing bibliometric networks. The import data format supports data extracted from Scopus, and 
the network visualization function in VOSviewer provides a direct-viewing impression of the correlation of key terms based on all 
targeted papers. In-network visualization, items are grouped into clusters. A label and a circle represent items, the size of which is 
determined by the item's weight: the higher the weight, the larger the label and circle. The cluster determines the item’s color it 
belongs to. The link in the output is a relation between two items. Each link has a strength referring to how often the two terms occur 
together, and a numerical value represents this. The weight of an item indicates its importance. 
 
The results from the pre-preparation of literature mapping are shown in Table 1. Preparation 
steps included selecting mediumly and highly related articles on Scopus, followed by 
extracting keywords (both author keywords and index keywords) from abstracts and saving 
them as a CSV document. The CSV document was then imported into the VOSviewer tool, 
followed by filtering keywords with occurrences equal to or greater than two and removing 
the ones not related to the study. To get a more precise topology diagram between different 
areas, we combined synonyms or related keywords. For example, all value-related terms 
were merged into ‘value’, and ‘digital business’, ‘digital transformation’, ‘digital 
technologies’ and ‘digital innovations’ were merged into ‘digitalization’. The final number 
of keywords obtained for mapping was 154. 
 
Following the above steps, a cluster analysis was conducted using the obtained keywords in the VOSviewer tool for constructing 
and visualizing bibliometric networks. A cluster is sometimes referred to as a community in literature, but in VOSviewer, all 
keywords are assigned to clusters, and cluster numbers are an example of one attribute that a keyword contains. The modularity-
based clustering of VOSviewer is a variant of the clustering algorithm developed by Clauset et al. (2004) for detecting communities 
(clusters) in a network that also considers modularity. This measure evaluates the quality of community (cluster) structures (Newman 
and Girvan, 2004). 
 

3. Theory Assessment and Framework Proposal 
 
All items in the obtained clusters were listed and categorized separately in the business and technology domain. In business, we 
followed the well-established business model canvas (Osterwalder and Pigneur, 2005) to classify all terms. In AI technology, every 
specific technology was classified according to the relevant technology area; for instance, data visualization, social media data 
analysis, data extraction, data feature, data mining, big data were all categorized as ‘data’.  
 
To see existing value study trends and different theoretical studies on value today, we identified all clusters referencing value and 
referred to the literature for corresponding value theories further to understand existing value study trends and different theoretical 
studies today. Major value-related theories were extracted from each article referenced within the cluster, and, based on the 
assessment of this theory research, gaps were identified, and three cyclic and iterative dimensions to the value transformation 
framework were proposed. 
 

4. Corpus Analysis for Gap Identification 
 

Table 1. Mapping quantity
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Having identified the literature gap and proposed value-process framework with updated value-process dimensions, the next step 
was to further understand the usage of different value-process dimensions in the literature under review to understand any over or 
under-emphasis. To better understand how existing studies analyze value-process dimensions in detail, we took the contents of all 
searched papers (containing value factor) as a further target for Corpus analysis. All files were converted using AntFileConverter, a 
tool for converting PDF and Word (DOCX) files into plain text for use in the Corpus tool. Corpus analysis was conducted on 
AntConc, a corpus analysis toolkit for concordance and text analysis.  
 
All accessible and highly and medium-relevant rated papers from previous steps were downloaded from Scopus and converted to 
plain text for use in AntConc for term searches referring to the various value-process dimensions as per the proposed framework. 
Different combinations of terms containing the specific word (in our case, ‘value’) were analyzed for frequency (total occurrence 
number of terms) and range (the number of papers containing the terms) concerning the proposed value-process dimensions within 
the framework.  
 
RESULTS AND ANALYSIS 
 

1. Scopus Search 
 
Of the 392 results obtained from our search string, 252 papers were found to have high or medium relevance and identified to be 
related to at least two of the searched areas – ‘value’, ‘AI technology’ and/or ‘business models’ as depicted in figure 2. As highlighted 
by Scopus, the ‘business model’ area displayed the highest diversity with over 30 categorical areas and a total frequency of around 
230 times across all articles. The highlighted 30 categorical areas within ‘business models’ were combined into themes, where each 
theme contains specific categorical areas within the same domain with slight differences. The five most referred themes that emerged 
within the ‘business models’ area were: business model, decision-making, services, customer, and risk. The ‘AI technology’ area 
contained over 20 categorical areas with 150 observations across all articles, the five most referred themes being: data, statistic 
modeling, digitalization, machine learning, and IoT. In contrast to the above multitude of research, only 10 categories of value areas 
appeared, and only in 15 occasions in total. An intuitive comparison reveals a lack of attention to value in recent research, where it 
is also likely possible to identify the literature gap. To dig deeper into the value gap and identify its different nuances, all value-
related articles were investigated in greater detail later in the assessment (after literature mapping). As we studied high and medium 
related articles over time (2015 to 2020), with a total of 252 articles, only 17 of these showed an explicit use of value-related theory, 
as referred to by authors in their abstracts. There is; however, a gradual growth observed in the number of published articles since 
2015 (the lower number for 2020 is attributed to the fact that we only had data until March 30 that year), as highlighted in figure 3. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4 shows the overlay network of co-occurrences of terms, the colors representing the average year that the searched terms 
appeared in publications. The tool’s natural-language-processing algorithm calculates and designates the color. One term's size is 
similar to that in a correlation network: a more extensive circle or label 
means a higher term. The map has an overall light green color, which 
means that most of the terms started getting popular around 2018. Since 
the dominating labels are primarily technical related, we can infer that, 
although intelligent technology has been studied for quite some time, its 
impact on the business field has only come into increasing focus in recent 
years. Moreover, the most recent cluster is in yellow, indicating 
innovation, BMI, and evaluation. It is understandable that, when 
intelligent technology becomes more widely adopted, the changes in the 
industry will have urged transformation in firms. Innovation in firms, 
especially regarding business models, is becoming a trending topic. 
However, the color of the value label corresponds to 2017 being the 
average year. This reveals that, when involving BM under the effect of AI 
technology, the value-centered studies are fewer. 
  

Figure 4. Terms overlay network 

Figure 3. Evolution of publications 

 
Figure 2. Paper relevance 
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Assessing the publishers or publishing platforms could not yield a good 
summary due to a lack of repeatability in the same journals. Therefore, 
to get a more precise distribution, we classified journals where 
occurrences were fewer than ten into categories like 
business/economics, science, and technology but kept the journals 
where occurrences were greater than 10. The observations are 
highlighted in Figure 5. Excluding book chapters and concluding notes, 
the results highlight that technology takes the most significant 
proportion, followed by management, information, business, and 
science. However, as evident in the resource-based view (Barney, 1991; 
Grant, 1991), technology has been investigated as a resource rather than 
a capability, providing a competitive advantage within a business 
offering and value to the customers. The above observations highlight 
the lack of value reference and research with respect to technology and 

technology offerings as business models and the strong emphasis on research that addresses aspects of technology. We also wish to 
emphasize that, concerning stakeholders, customers have been the critical stakeholder group frequently discussed within the 
reviewed articles. In contrast, other internal stakeholders, such as employees, or external stakeholders, like suppliers, business 
partners, and others, are not referenced very much (Wheeler and Sillanpa, 1998). 
 
Looking into the methods used by the 252 papers provides insights into 
the mainstream methods of analysis used and is detailed in Figure 6. 
Although a single paper sometimes contained more than one method, 
‘Experiments’ were used most frequently. This refers not only to 
technical tests but also includes simulations and business tests. 
‘Modelling’ is similar to experiments but more specifically refers to 
creating a model and performing tests on the model or improving a 
model for innovation. It is clear that, comparatively, when discussing 
technology, business and value, researchers tend to use experiments to 
get results when assessing the value created by a specific technology for 
a business. Additionally, case studies are adopted by many authors, 
while literature reviews are comparatively fewer. Surveys, either of 
consumers or employees, are barely used at all. It is of note that 37 
papers raised innovative ideas using different methods. 
 

2. A) Literature Mapping 
 
Plotting the finalized 154 keywords to obtain a network visualization yielded the 11 clusters shown in Figure 7. The top 10 terms 
with the highest occurrences and strongest total link strength (in descending order) were: artificial intelligence, algorithm, learning 
systems, decision support systems, business model, information management, big data, knowledge management, digitalization, and 
neural network. The cluster network diagram (figure 7) depicts the central term as ‘artificial intelligence, which is directly or 
indirectly linked to every other term, indicating that technology is gradually impacting all fields and accelerating innovation scope 
and depth. While business and technology constitute the lion’s share of the diagram, the value label circle is relatively small, even 
when all value-related terms are merged. The results reveal that keywords in sub-areas of the fields of business and technology are 
numerous and diverse and that the literature gap lies on the value side. The range of value keywords proposed by authors and index 
values among the 252 papers include value chain, value creation, value model, value proposition, customer value, business value, 
and value engineering, with respective mean occurrences of only two. This gap is further substantiated because only 7% of the 
authors used value-related terms as author keywords. Due to the overlaps and high density at the center of the map, the value label 
is not automatically displayed in Figure 7. Hence, another view of the same network after amplifying the link of the value label is 
shown in Figure 8. The value label is directly connected to 19 other terms with almost equal distribution to business and technology, 
accounting for approximately 12% of all terms. The linked terms are mostly large categories with higher occurrences, and the highest 
link strengths were artificial intelligence (14) and sales (5). 

 
Figure 5. Publishers’ category number 

Figure 6. Publishers’ category number 
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2. B) Cluster Analysis 
 
Based on literature mapping results in the clusters and networks obtained above, keywords were sub-categorized further into business 
and AI technology fields for detailed analysis. We separated all terms in the 11 clusters obtained previously into either the business 
or technology field for analysis. Business and technology cluster analysis output is shown in Figure 9. 
 
The business cluster highlights that all keywords can be classified under three blocks: ‘Business operation’, ‘Business measurement’ 
and ‘Business theory/model’. In addition, specific applied fields within the business are highlighted as a white square in Figure 9. 
The first block – ‘Operation’ – entails specific processes or functions conducted by a cross-functional organization setup, of which 
‘Product’ and ‘Service’ receive the most attention. The second block consists of the theoretical concept or basic model that instructs 
overall business operations and, of course, key factors that affect businesses, such as ‘Value’ and ‘Innovation’. The third block 
emerged from containing standards that measure how a business is performing inside the firm and on the whole market scale. The 
independent node – ‘Customer’ – is extracted because it is a crucial concept in each block. 
 
AI technology cluster assessment reveals the first big block as ‘Machine(deep) learning’, containing ‘Neural network’ and related 
technologies (a hot topic in recent years). It was also frequent that authors created learning models with different statistic models 
for either modeling, classification, prediction, or simulation. The second block identified involved image analysis and computer 
vision. The third block emerged as data processing and social media data semantic analysis (again, a trend within customer analysis). 
Finally, the fourth block came out as a group of independent, intelligent technologies also popular, such as ‘IoT’, ‘Cloud’, 
‘Blockchain’, others. These four blocks are mutually correlated and affect one other. The two separated nodes, ‘Innovation’ and 
‘Emerging technology’, are not typical technologies but are concepts emphasized in a great deal of research, both of which push 
forward the development of the other technology blocks and are hence affected by other technologies. 

 

Figure 9. Business & AI Technology cluster assessment 
 

3. A) Value theory assessment 
 
Value could not be considered for cluster analysis since all value-related terms were merged into ‘value’ to allow them to show up 
in the cluster diagram at all. Hence, we analyzed the ‘value’ keyword (from 154 keywords during literature mapping) to identify all 
the papers referring to any value aspects, yielding 16 papers. Analyzing them in detail, we observed that nine of them focused on 
the impact of AI on value creation within business models. There was one paper each for the stakeholders’ view of value, supplier’s 
view of value, and value chain using AI, with only four papers looking into some kind of customer value model while adopting AI 
technologies within business models.  

 
Figure 7. Cluster network 

 
Figure 8. Value term link 
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The small value cluster reference through the above-reviewed papers motivated us to observe value theory in literature again, so we 
analyzed the ‘value’ concept directly utilizing in-depth analysis of the existing literature on value. We quickly realized the extent of 
the field when a Google Scholar search for ‘customer value’ yielded around 3.5 million references. Scholars have investigated value 
from different perspectives. Value as a concept has been long discussed and categorized by Smith (1776), Ziethmal (1988), and Von 
Mises (1920) into various dimensions. The perceived nature of value (Lapierre, 2000) makes it even harder to boil down to a generic 
concrete model or framework. We found that research has looked into customer value from different dimensions, which we have 
consolidated below. 
 
The individual value perception of every customer has been discussed as a product of value measurement from different individual 
and personal aspects, such as economic, strategic, and behavioral (Wilson and Jantrania, 1994). Woodruff (1997) then proposed 
more data elements towards customer value determination, like salesperson reports, research data, and macroenvironment data. 
Individual value assessment theories look into the monetary aspect, where value can be defined as the monetary worth of the various 
technical, economic, service, and social benefits a customer receives when compared with the price paid (Anderson and Narus, 
1998), or even that value and price are independent such that the value provided nearly always exceeds the price. The difference is 
the customer’s incentive to purchase (Anderson et al., 2000). We also categorize the experiential value aspects, such as fantasies, 
feelings, and fun (Holbrook, 1982), within the individual value perspective.  As well as the product value aspects, like the four 
levels of product values; namely, generic, expected, augmented, and potential, from Levitt (1980) and the definition from Neap and 
Celik (1999), where product value reflects the buyer’s desire to obtain the product, which in turn depends on the affiliation of the 
product details or performance with the buyer's value system, which includes a subjective marginal value. 
 
The transactional view of value has been exhibited within research, where value-in-use and value-in-exchange has been discussed 
by Eggert et al. (2018) and then appended with resources and capabilities and shared beliefs and costs from the customer's standpoint 
(Eggert et al. 2019). We also categorize customer value aspects concerning price strategy (Keith, 1960) and the contribution of 
customer loyalty towards value (Reichheld, 1996) as a transactional view of value. In the transactional view, value is derived by 
employing customer interactions through different touchpoints, thereby creating and delivering value for them. This could be during 
the exchange of goods and services or even in use. Concepts like value chain (Porter and Advantage, 1985), value network (Peppard 
and Rylander, 2006), and constellations (Normann and Ramirez, 1993) would also be classified under the transactional view of 
value. 
 
The relationship view of value is a more lifecycle-oriented approach (Eggert et al., 2006), where value creation and delivery are 
considered over a period of time with the customer (Ulaga and Eggert, 2006), resulting in the creation of a relationship. This 
relationship still comprises multiple transactions and individual value aspects over a period of time, such as customer acquisition, 
customer retention, customer expansion (Gupta et al., 2006). The relationship view of value entails the value aspects brought in and 
contributed by other stakeholders and ecosystem partners, both internal and external to the organization (Payne and Holt, 2001). 
Value creation in buyer-seller relationships is the key (Walter et al., 2001; Lindgreen and Wynstra, 2005), and the nature of 
interactions with suppliers plays a vital role in the overall value creation for not only the firm but also the customers (Corsaro and 
Snehota, 2010). This relationship value is not limited to firms, customers and suppliers, but also includes other stakeholders, 
including competitors (Doyle, 2000; Miles, 1961). The multidimensional perspective of relationship value towards the perceived 
value contribution for customers is also an aspect considered by Fiol et al. (2011). 
 
Apart from the individual, transactional and relationship view of value, it has also been considered an overall perspective (Ulf, 2020) 
as a value model for firms and customers alike. Oh (1999) looked into customer value from the perspectives of quality and 
satisfaction, and Bolton and Dew (1991) proposed a multi-staged model for customers’ assessments of quality and value. This overall 
approach is also seen in value derived for customers and firms in servitization literature. Value shows up in papers about service-
dominant logic (Vargo and Lusch, 2008), strategic transition to services (Gaiardelli et al., 2015), and divergence and convergence 
of this logic (Vargo and Lusch, 2008) to create, deliver and capture value through multiple and interactive transactions, which 
provide the capability to cater to an individual as well as relationship value aspects. 
 
We observed that, on the one hand, we have value frameworks and models looking into customer value from various perspectives 
(individual, transactional, and relationship) in industrial setups, and, on the other hand, we have value dynamics discussed within 
BMI areas to create, deliver and capture value constantly. There is an observed lack of process orientation in value discussions 
(Wilstrom, 1996). We argue that a process view (Langley et al., 2013) is required for value assessment within BMI to take the 
emerging, developing, growing, slowing, and changing perspective of value into account. There have been attempts by research to 
investigate BMI through a process viewpoint (Andreini et al., 2021) and categorized existing work into linear (Van de Ven and 
Poole, 1995), recursive (Cloutier and Langley, 2020), parallel (Cloutier and Langley, 2020), and conjunctive (Tsoukas, 2017), but 
further elaboration is required on the value aspects of BMs & BMI. Furthermore, AI-driven BMI brings individual, transactional, 
and relationship value viewpoints together, which cannot be encompassed without the process view, and only through the current 
view of value creation, value delivery, and value capture within BMI (Teece, 2010). Hence, we need to work towards a value-
process framework for AI-enabled business models, which encompasses all three value perspectives – individual, transactional, and 
relationship – together with a process view.  
 

3. B) Towards a Value-Process Framework for AI-Enabled Business Models 
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The notion of a business model is helpful, as it brings a simplified representation of the enterprise that can be examined and 
elaborated on to maximize business performance. For example, we can use a business model to illustrate a company’s present way 
of doing business, show how a role-model company does business, or test a hypothesis for strategic changes in a company. Several 
frameworks have been put forward to assist in representing business models. One of these, which is most widely used and accepted, 
is the one from Teece (2010), where, in essence, he defines business models as the way a company creates, delivers, and appropriates 
value. ‘Value creation’ (Teece, 2010) includes activities like ideation, innovation incubation, and research & development to 
generate products and services, also termed ‘value proposition’. The stakeholders highlighted in this dimension of the business 
model are internal departments or external ecosystem players that work together to create value for customers. ‘Value delivery’ (Zott 
et al., 2011) includes activities that organizations need to undertake to make the value proposition available to the target customers 
for their consumption or usage. It can entail distribution, supply chain, timely availability, pricing considerations, quality, etc. Again, 
the stakeholders highlighted in this dimension of the business model can be internal or external, encompassing logistic and 
distribution vendors, channel partners, etc., which ensure that the value proposition is made available to the customers at the right 
time and place the right price. ‘Value capture’ (Chesbrough, 2010) includes activities converting value exchange between firms and 
customers to sustainable profits. Traditionally, it has primarily focused on the financial and transactional aspects, as the core purpose 
of any business is arguable to make profits. The stakeholders highlighted in this dimension of the business model are all the agents 
included in making the financial transaction possible, such as the paying customer, the firm, banks, leasing organizations, etc. While 
the components of the business model ‘value creation’, ‘value delivery’ and ‘value capture’ can be argued to be too simplistic an 
approach when compared to actual business model implementation, it can still be used as a robust and straightforward representation 
to highlight the significant activities and stakeholders involved within the business model. Bringing Process viewpoint, BMI can be 
considered an evolving phenomenon of interrelated events enacted by entities (Nailer and Buttriss, 2020; Rescher, 1996) to emerge, 
develop, grow, or come to value. 
 
Impact of AI on Business Model Value Dynamics 
 
With the advent of a digital economy driven by AI, a substantial potential impact on business models has been highlighted both 
concerning the new capabilities enabled by AI (Agarwal et al., 2020) and the possibility of new business models, like platforms and 
multi-sided ones(Baden-Fuller and Haefliger, 2013). To synthesize new capabilities and configurations made possible by technology 
stresses the traditional business model view of value creation delivery and capture in multiple ways. Firstly, new and continuous 
value creation is being impacted through new capabilities, which were not possible before, such as providing IoT, connectivity, AI, 
and machine learning services for real-time monitoring and safety solutions. These provide constant touchpoints for the customer 
and, thereby, opportunities to predict the future and proactively create services on the fly (Thomas, 1997). Secondly, due to 
connectivity, digital data, and servitization (Oliva and Kellenberg, 2003) increasing customer touchpoints throughout the entire 
lifecycle, customers, firms, and channels are becoming more and more integrated, blurring the difference between activities and 
stakeholders within the value creation and value delivery dimensions of the business model, such as the enablement of value creation 
and delivery in parallel through value propositions like ‘as-a-service’ and ‘predictive maintenance. Thirdly, value capture is being 
impacted as data, and AI capabilities transform business models with the advent of beneficiaries different from the paying customer. 
These AI capabilities could also be providing dynamic pricing based on the value perceived (Hinterhuber, 2004) and derived by the 
customers rather than agreed at the beginning of service initiation. Hence, value capture needs to be broadened from the current 
transactional and financial view to encompass that from the beneficiary perspective, as is the case where Google concentrates on the 
users of their search engine (direct beneficiary) rather than the advertisers (paying customers). Fourthly, the current view of value 
capture is predominantly supply-oriented and needs to be investigated from a demand perspective (Ye et al., 2012), focusing on 
multiple stakeholders rather than only the paying customers as beneficiaries. Lastly, the value dimensions of creating, delivering, 
and capturing are becoming more parallel, like a process where value is continuously being created, delivered, and captured due to 
data-driven insights and AI-driven automation. An example of this would be to start with the value-create dimension, which raises 
the question of how the value is identified that will be created for the customer, why that value is important for the customer, and 
for how long that value will remain important for them. 
 
The contribution of AI technology to organizational value creation and delivery through its offerings is still not clear. Most of the 
value research performed is either from the overall organizational or offering perspective or within one aspect of the value processes, 
such as delivery, creation, etc., without an ambition to develop a more comprehensive framework or discussion on AI technology 
specifically. Some researchers have worked upon a business model template for AI solutions in the past. Based on a study of 14 
cases, Metelskaia et al. (2018) presented a business model canvas that describes the building blocks of business models for AI 
solutions specifically as a reference for creating or analyzing AI solutions, consolidating existing AI practice cases and the impact 
to the business model. Looking deeper, one realizes that Metelskaia (2018) refers to the exact value dimensions as Osterwalder 
(2010), just from a technological standpoint. Based on the above theory assessment and value dimension discussions within business 
models, we see a need for a value-process framework specific to AI technology that would be instructive for managers to create 
value for their businesses, hence accelerating the adoption of AI technology within businesses. 
 
AI-Driven Value-Process Dimensions Within Business Models 
 
Reflecting on the earlier value theory literature assessment on the individual, transactional and relationship views of value, followed 
by the above synthesis of AI technology implications for business model innovation value dimensions and bringing the process view 
of value, we propose a revised value-process framework. AI-enabled business models shall use ‘value identification’, ‘value 
manifestation’, and ‘value capture’ (instead of the earlier ‘value create’, ‘value deliver’ and ‘value capture’). The proposed 
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framework of value would not only address both the supplier and buyer perspectives. However, it would be relevant specifically 
within the sphere of AI-based offerings and services, where value transformation is happening much more iteratively and almost in 
parallel when compared to traditional product-oriented business value creation, delivery, and capture. 
 
‘Value identification’ shall focus on understanding and articulating what values can or shall be targeted for stakeholders while 
introducing offerings into the landscape. During the value identification process, targeted values for different stakeholders shall be 
identified, which could be updated or changed during the service or offering lifecycle, meaning the time during which the offering 
is being introduced or used. It does not need to be limited to only some aspects like epistemic, social, emotional, functional, etc. 
(Sheth et al., 1991) but can include others and even a combination of multiple value aspects together.  
 
Historically, the value-creation dimension within business models starts with the identified gap for customers or market proactively 
and continuously to create solutions and services for customers (Teece, 2010). Most of the time, these gaps were identified based 
on certain assumptions made by the incumbent firms (Jokubauskienė and Vaitkienė, 2017). These assumptions can be from one or 
many sources, such as experience exhibited by product managers, entrepreneurial ideas from the management team, market research 
output from a study, competitor analysis reports, the voice of customer surveys, etc. We suggest shifting the focus from value 
creation to value identification is required for customers and other stakeholders’ specific value aspects within business models. 
 
The value-identification dimension within business models shall also highlight and bring individual value aspects, like price 
perception (Anderson, et al., 2000), strategic & behavioral (Wilson and Jantrania, 1994), fantasies, feelings, and fun (Holbrook, 
1982), etc. for different stakeholders involved in the business model.  
 
Value identification needs a thorough and deep understanding of our customers, which takes time, leading firms to make assumptions 
during value creation. The adoption of AI within BM provides opportunities to capture data about usage and customers, which can 
then be augmented with AI technology to predict customer value as an aid to making better decisions. The value-identify dimension 
becomes particularly important due to the advent of data-driven AI predictions incorporated within BM (Gregory et al., 2021). As 
connected products and services capture data about usage and customer interactions, AI-based prediction capabilities provide 
possibilities for reconfiguring, with new business insights (Goyal, 2019), as well as taking our understanding of the customer value 
perception to new levels, hence co-creating future offerings based on data insights (Buganza et al., 2020).   
 
‘Value manifestation’ shall entail value creation and value delivery through the use of technology and offering the business solution 
to the identified stakeholders within BMI. Value manifestation is essential because, while the creation and delivery of technology 
drives and enable offerings, the focus shall not be on the technology or solution itself, but rather the value is creating and providing 
(delivering) to the stakeholders. It is not uncommon that the initial value identified during value identification either gets changed 
or evolves during the creation and delivery of the offering. Therefore, it is essential to consider the changed value targets based on 
learnings and observations and not lose sight of the value aspect in favor of the technology or offering itself.  
 
Even though the creation and delivery of value have been considered as two separate value dimensions in most of the current BMI 
discussions (Teece, 2010; Zott et al., 2011), we suggest it be combined into one, as the creation of value that cannot be delivered or 
is not desired by customers holds little interest from a management or business model perspective. Furthermore, with servitization, 
business models are becoming increasingly important (Gaiardelli et al., 2015), and value creation and delivery are blending in as 
services evolve and mature over a period of time. Servitization drives multiple customer touchpoints and interactions, thereby 
exposing customers to incumbents during a larger lifecycle period of the service instead of product-driven business models.  
 
The value-manifestation dimension within business models highlights the transactional value aspects when the product/service is 
created and delivered to customers through various stakeholders via a series of transactions, which has been discussed under value 
theories like value chain (Porter and Advantage, 1985), value network (Peppard and Rylander, 2006) and constellations (Normann 
and Ramirez, 1993). Value manifestation shall also encompass the value-in-use and value-in-exchange dimension (Eggert et al., 
2018) towards the overall BMI. 
 
Value manifestation is even more critical in business models driven by such data-based offerings as advanced AI algorithms create 
and deliver simultaneously. Data capture, decision-making, and service configuration are processed iteratively within the business 
model for constant value creation and delivery. For example, the predictive maintenance and anomaly detection cases within 
intelligent products and services are implemented by creating value through data insights and delivering value through proactive 
maintenance services, avoiding downtime (Opresnik and Taisch, 2015).  
 
‘Value capture’ is the dimension where stakeholders' materialization, monetization, or realization of the value. The value captured 
under this framework dimension does not necessarily include direct monetary types but can also include things like gained customer 
confidence, stickiness, loyalty, etc. It is important to note that value capture is differentiated from value creation and delivery because 
value manifestation (creation & delivery) itself is a complex process that changes many times or updates the initial value aspects 
considered during value identification. In contrast, value capture concentrates on objectively capturing the value that has been created 
and delivered for the stakeholders during value manifestation. This dimension is essential as it captures the stakeholders' accurate 
value perception and allows comparisons against the initially identified dimensions, indicating towards the next iteration of value 
that could be impacted. 
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Traditionally, value capture has been highlighted only in connection with the end customer who pays for the value proposition 
(Chesbrough, 2010). However, with complex business models like multi-sided and matchmaking, the direct beneficiary is not always 
the paying customer. Hence, value capture involves more stakeholders than just the paying customer, like beneficiaries (Aversa et 
al., 2015). In current literature, value capture is not always clearly articulated or defined, and it is often mixed with value delivery, 
which inhibits this value-process dimension from being considered objectively. Value capture not only assesses the actual value 
captured by the offering from the supply side – i.e., the firm creating the value proposition – but also from the demand side (Aversa 
et al., 2020), as the value gets captured by the direct beneficiary and other stakeholders as well, not only by the paying customer.  
 
The value-capture dimension within business models highlights aspects of the relationship value over the product or service's 
lifecycle (Ulaga and Eggert, 2006) across multiple stakeholders within business model innovation (Payne and Holt, 2001). As value 
is co-created within new business models, the relationship with customers (Corsaro and Snehota, 2010) is essential, together with 
the other stakeholders, including the competition, suppliers, etc., to bring a multi-dimensional perspective of relationship value (Fiol 
et al., 2011) within business model innovation. 
 
As value capture provides insights into the actual value perception from the offered solution, AI-driven business models are 
important as they enable data touchpoints and capabilities that were not possible before. For example, customer understanding and 
insight creation using edge AI (Agarwal et al., 2020), hyper-personalization (Goyal, 2019), and prediction of customer engagement 
by combining data sets from different domains, such as economy, weather, etc., to measure the current captured value under the 
offering (Chiang, 2019). Additionally, the involved entities within value capture are expanded with possibilities provided by AI. 
Unlike traditional limitations in the product-based business model, digitalization and big data connections bring the product, 
supplier, and consumer together for measurement, thereby helping to bring the demand view (Baden-Fuller et al., 2020) into value 
capture within the business model transformation.  
 
The three dimensions of the framework are related to each other and highly interactive and iterative. For example, value identification 
can occur during value manifestation and value capture. This highlights that the process of value transformation within AI-based 
business models is quite complex and intertwined within various dimensions and interdependent on many factors surrounding the 
business model. Thereby, the value-process dimensions described within business models for AI technology above highlight the 
process aspect of value in the proposed framework (Langley et al., 2013). In product-based models, we only need to convince 
customers of the value once, which they are already invested. However, in the case of services, if the value is not continuously 
identified, manifested, and captured, customers can quickly leave, as there is not much investment from the customers’ standpoint 
other than costs, which can be transferred to other providers. 
 
Past researchers have investigated value models from various perspectives, like customers, business models, etc. However, our focus 
has been on a value-process framework for AI offerings specifically enabled through data technology, which has not been explored 
extensively. Researchers in totality seldom cover the three dimensions above of the value process within the proposed framework. 
Offerings driven by AI technology enable us to look into all the three dimensions of the value-process framework simultaneously 
and help us improvise and take this approach as a new capability to be closer to customers. This, in turn, provides learning through 
their interactions and predicts their future needs and wishes using data touchpoints all across the AI-driven offering delivery 
lifecycle. As the first step, the ambition with the framework has been to come up with a robust and straightforward model that can 
be applied generically across different natures of business, industry domains, and customer offerings enabled by AI technology. 
There could be multiple subprocesses within each dimension applicable depending on the business, industry, and domain. The 
dimensions could be merged or skipped in other specific scenarios, such as when internal stakeholders create offerings. However, 
the three high-level value dimensions within the framework remain for the most part, although they might be more intertwined with 
each other, depending on the case. For example, while prototyping a computer-vision-based general object-detection service, it 
would be highly iterative. Therefore, it could have considerable overlap between value-process dimensions, but the framework 
would still provide the required direction and measure towards value transformation within such an AI-based offering. 
 

4. Corpus Analysis 
 
Having identified the gap in value assessment scope through literature mapping and cluster analysis on extracted keywords and 
having proposed the three value-process dimensions for the value-process framework within AI business models, we also wanted to 
understand the current usage of proposed value dimensions within existing research. To achieve this, we conducted a corpus analysis 
by reviewing the use of the term ‘value’ across all value-process dimensions within our proposed framework on all reviewed papers 
within the scope of this study. Among 252 highly and mediumly related papers, 184 were accessible and downloadable for corpus 
analysis. ‘F’ (frequency – appearance in all papers) and ‘R’ (range – appear in a designated number of papers) were analyzed for the 
search term ‘value’, and the top five-term combinations with the highest frequency and widest range obtained were: ‘value creation’ 
(F:210, R:65), ‘value indication’ (F:148, R:71), ‘value chain’ (F:137, R:35), ‘value proposition’ (F:134, R:41), and ‘value 
structure/ecosystem’ (F:120, R:24). Mapping the above term combinations into the three value-process dimensions in our proposed 
framework by collating various value terminologies indicated that ‘value manifestation’ is strongly emphasized (F:210, R:65), 
followed by ‘value capture’ (F:148, R:71), and no occurrences were found for ‘value identification’.  
 
The overall corpus assessment reveals that the scope of current value theory within AI business models is not only narrow (over 30 
categories of value-related term combinations) but possibly also staggered due to the lack of an overall framework for value 
assessment. The corpus analysis compensates for the lack of value cluster analysis in the literature mapping step of our study and 



      16  of  23 

directs the usage of value-process dimensions in all the papers under review during this study. The result indicates apparent gaps in 
existing value-process coverage, followed by laying out the importance of a comprehensive view of the value process for accelerated 
adoption of AI technology, with a specific lack of focus within the value-identification dimension, which is required within 
discussions on AI business models.  
 

DISCUSSION 
 
The ambition of this paper has been to highlight the value dynamics brought forward by AI technology within business models. This 
is done by looking into prior art using a structured literature review and mapping to analyze relevant frameworks, identify gaps and 
propose key value-process dimensions to be incorporated within AI-technology-driven business models. Utilizing the proposed 
value-process dimensions would help improve tracking of customer value changes within AI-based offerings and contribute towards 
better adoption of AI technology within business models. Our study did not identify any existing model that is exhaustive as well as 
specific to AI-technology-based offerings. We gained insights through the observations to layout a robust yet straightforward model 
that captures the essence of AI offerings where value continues to change during the service design, delivery and usage stages in an 
iterative fashion, thereby constantly transforming it for the stakeholders (external customers and internal firm departments). Hence, 
the activities within each value-process dimension of the framework have not been detailed but shall be considered as input for 
future work, which again needs to be reviewed generically and specifically from the perspectives of industry, domain, and use case. 
 
In recent research on AI and business models, value discussions tend to utilize existing value models for analysis and innovation; 
for example, RFM (Recency, Frequency, Monetary) (Martínez et al., 2019) and CLV (Customer Lifetime Value) (Jasek et al., 2018). 
Laying out the value transformation as a process has not been examined in the research, although it has been touched upon by a few 
researchers, such as the studies on key-value activities in the framework by Payne and Holt (2001) and external stakeholder activities 
for value creation as discussed by Eggert et al., (2019). However, there are still limitations in both the systematic and exhaustive 
value transformation modeling, and detailing the steps enabling measurement and assessment of the technology during 
implementation and usage could accelerate the rapid adoption of AI technology by these businesses. Existing value literature (Porter 
and Advantage, 1985; Peppard and Rylander, 2006; Marco and Daniele, 2014; Normann and Ramirez, 1993; Ritala et al., 2013) 
discusses value from various aspects, including the value chain, network, constellations, relationship, eco-system, etc., but we lack 
an overall and specific value framework for transformation driven by the adoption of AI technology within business models. We 
have identified this gap through the literature review and hence the need to explore aspects and steps relevant to such a framework. 
We have also identified some iterative value-process dimensions that would be the first contributions towards such a journey. These 
dimensions are ‘value identification’, ‘value manifestation’, and ‘value capture’, which are cyclic and spiraling upwards. The 
framework introduces robust yet straightforward and strong AI value-process dimensions that can be used within business models 
assessment mainly designed for assessing value in adopting AI technology within business models. 
 
AI Value Impact on Business Models 
 
Digital technologies in general, and AI in particular, have been discussed as a resource or a capability (Agarwal et al., 2020) that 
provides opportunities for generating new value and services. At the same time, AI technology also impacts new business model 
designs, as it can contribute to more than one value-process dimension within business models and provide different configurations 
of value dimensions within BMI (Aversa et al. 2020). An AI view of value has implications for business models and business model 
design, as one might wonder whether we need to know the value targeted through AI-enabled business models from the very 
beginning or if one can simply get started with the offering and adapt as the progress of the service, transforming the value by using 
technology to understand the customer and their interactions, predicting the future state and adapting the offering along the way or 
as the service is used by identifying new opportunities and feasibilities. This is indeed becoming true when we see a lock-in of 
customers into big platforms (Cenamor et al., 2017) that offer a plethora of services that customers want to use more due to 
convenience rather than experience alone. 
 
The value of a technology offering is ultimately defined by the end customers and the benefits for the firm. AI technology provides 
capabilities for measuring value throughout the process and reshapes the traditional process of value circulation within business 
models (Teece, 2010). Few impact examples include the elimination of redundant procedures and resources through data science 
predictions, reducing anomalies by analyzing complex models, skipping the third party by getting direct results through automation, 
avoiding subjective impacts by mining data, getting user feedback data directly through Edge soft sensors, etc. (Chiang, 2019; Goyal, 
2019). Considering that AI technology can be regarded as an invention that changes the way we invent (Bresnahan and Trajtenberg, 
1995), it potentially influences value in all the value-process dimensions, compared to other technologies that impact one or two. 
AI-based services like data insights are built upon one use case over another to identify constantly, manifest, and capture more 
excellent value during the service delivery. Therefore, the need for a comprehensive view of value needs to be addressed, which 
could also contribute towards accelerating the adoption of AI technology (Manjika et al., 2017) within Business Models.  
 
Framework Application on Business Models 
 
Value identification can be an essential refinement to existing BM value dimensions, as technology is not interesting to companies 
or customers (except in cases driven by innovation and newness). It is the value it can bring about that makes something interesting 
to both companies and users. Therefore, initiating a technology-driven solution must be targeted towards some identified aspects of 
value to deliver and measure against, together with an approach for constantly reviewing and updating these identified and targeted 
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value aspects as the offering matures (Teece, 2010). This is more relevant and important with an AI-driven solution, as captured 
data throughout the offering process provides regular and in-depth analysis (using technologies like ML & DL) about customer 
interaction, offering usage, and value delivered. We can then use this data to predict the insights for future preparation and 
improvements in areas such as safety, personalization, real-time, etc., and hence constantly indicate different aspects and ones that 
have more excellent value, which customers expect from the offerings, as well as identifying how they could be made possible as 
part of the existing solution (Dai, 2017). When involving technology in the firm’s strategy, value identification determines what 
technology could bring to the business aims. It helps identify the overall value objective that technology can create and then split 
into sub-aims. Nowadays, technology enables the premeasurement of value, such as through simulation, A/B testing, modeling, etc. 
Firms can predict the value before actually adopting the new technology into their strategy. Different measurements or predictions 
could precisely simulate the test result and identify the potential value of meeting the needs or not (Esmeralda and Knut, 2020). 
Value identification should serve as the basis for this and should take the leading role in continuously directing the steps between 
other value-process dimensions.  
 
Value manifestation corresponds to the strategy of firms. Traditional frameworks tend to link value creation with value delivery, 
usually taking value delivery as the following dimension of value creation. We believe that value delivery should be taken into 
consideration before the process of creating value. The forethought of value delivery during the value-creation dimension itself will 
provide much better clarity and traceability to corresponding targets from value creation for a firm’s strategy execution (Afuah, 
2004). Therefore, the value-manifestation dimension can be complex because it includes many organizational processes and units 
in traditional structures for making value creation and delivery a reality, such as product management, R&D, manufacturing, 
customer support, sales, marketing, finance, etc. Design and delivery of AI-driven offerings provide unique opportunities to redesign 
the process of creation and delivery with data ingestion and insight capabilities that can be used not only for different metrics 
monitoring performance but also for transformation progress required during value manifestation. Examples include using NLP-
based AI-sentiment models for capturing stakeholders’ value perceptions through early prototyping or the use of prediction and 
preventive anomaly AI models to reduce errors and increase quality (Kunz et al., 2017). This dimension could also include various 
channels and ways of creating and delivering the value and probably remains the most referenced and researched part of the proposed 
framework (though in silos and not the entirety of the framework). 
 
The value capture step verifies the other two value-process dimensions in the proposed framework in the sense of ascertaining 
whether the value identified was successfully manifested (created & delivered) or not. If successfully done, value capture should be 
appropriated to the stakeholders for existing value and give insights into the value process to be initiated for the next iteration of the 
framework. The existing frameworks, such as relationship value management proposed by Payne and Holt (2001), use-value 
assessment as an intermediary step between value delivery and the next iteration. Value orchestration proposed by Lindgreen et al. 
(2012) skips this step. Our framework states that the assessment should take place continuously and could even be proceeded not 
only to end customers but also inside the firm and for stakeholders for the next iteration of value identification and manifestation.   
 
Depending on the nature of the business, industry domain, and customer offering under consideration, the three overarching 
framework dimensions of value identification, value manifestation, and value capture could have different subprocesses and 
activities under them. For example, value identification shall undertake activities to identify customer needs, pain points, gaps, and 
requirements; value manifestation shall undertake activities like prototyping and industrialising, and value capture shall undertake 
activities such as value measurement and appropriation to be divided according to the stakeholders. Even the stakeholders (Wheeler 
and Sillanpa, 1998) involved in these value-process dimensions would depend highly on the nature of the business, industry domain, 
and customer offering in question. However, it is a generic framework that needs to be adapted and implemented according to the 
use-case situation. Its applicability for AI technology is the most relevant aspect due to the capabilities it enables in terms of data 
generation, capture, and assessment within every step, and to interlink them and keep measuring and evolving the value from the 
offering iteratively. Value identification done through artificial-intelligence-based sentiment analysis models for understanding what 
customers want is an example of this. These models are then followed through to value manifestation with predictive models 
measuring the value during prototyping and service design. Finally, value capture follows, with physio-financial models for 
combining models based on machine sensor data with financial risk models to measure which aspects of the service deliver what 
value to the customers, thereby helping in value appropriation.  
 
The AI models prepared using data can be used across all value-process dimensions within the framework to provide insights into 
other value aspects important to customers, making this framework very iterative, constantly incrementing value from the offering 
(Langley et al., 2013). The three value-process dimensions within the framework should not be considered mutually exclusive but 
somewhat overlapping since any one of them might lead into another without following the entire loop. For example, during 
prototyping (value manifestation), new value aspects might be identified, or, while appropriating the value within stakeholders (value 
capture), new value aspects might be manifested, like the sense of control through data visibility. Even though we might have 
overlapping activities within the value-process dimensions, we still argue that having a clear view of stakeholder value during each 
value-process dimension and taking it through the framework in an iterative fashion is the key towards value transformation in AI-
based offerings. It provides the opportunity to gain regular customer data touchpoints, generate future insights, and thereby keep 
transforming and hopefully increasing the value for stakeholders, represented by the spiral arrows in the framework constantly 
pushing the value upwards. 
 
This framework also highlights a non-ROI (return on investment) financial model for digital business models as compared to 
traditional ROI justifications that are used (Bughin, 2015). We can, for instance, see that value can be and is captured in different 
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ways. We can see when the beneficiary is an entity other than the paying customer, or where the aim of a business model is different, 
such as social benefits, or when other non-financial indirect benefits are involved, like insights for future products, reduced costs for 
customer service through chatbots (Christensen, 2016). 
 
Implications for Theory 
 
This work highlights not only the lack of theory and research concerning a combined view of the value process in general but 
specifically within AI-technology-driven business models, implying that more research and discussion within these areas is needed. 
The proposed value-process framework contributes as a step towards a more comprehensive view that needs to be taken of value, 
and with a specific focus, such as technology or domain, for it to be implemented for use more rapidly by management and society 
in general. The study also highlights that value holds a leading role in BMI (Teece, 2010) when merged with intelligent technology 
like AI. We also highlight that the use of AI is making the value dimensions within business models even more interdependent, and 
relationships between them are becoming increasingly complex (Aversa et al., 2020). We also observe a lack of focus on value-
identification literature within business models, especially concerning AI technology that could help improve the acceptance and 
adoption of AI within business models by using the proposed framework as a value-assessment tool. 
 
Implications for Management 
 
The proposed framework is simple, practical, and valuable for clustering, managing, and monitoring value by AI-technology-driven 
business offerings. Applied in agile development, iterating the process of value identification, manifestation and capture are 
fundamental as we explore, introduce, and enhance AI-driven data services and offerings. The proposed value dimensions not only 
optimize the service offering (Noke & Hughes, 2010) itself over time but do so at a reasonable level of risk for each project and 
offer in terms of its value. It also drives learning in the organization through each iteration. Thereby, the framework supports the 
overall BM value transparently and practically, in a language and context quickly adapted, even by leaders not technically 
conversant. This alone is one of the significant challenges facing industry leaders today as they navigate the rapid technology 
revolution driven by data and AI (Goodfellow et al., 2017). Researchers in this field also must make insights, conclusions, and 
learnings readily available, contextual, and interpretable for the objects studied and stakeholders targeted to benefit from conclusions 
made. From the perspective of a CEO, the academic treasure being built from insight and knowledge in this field of AI-driven value 
generation is fundamental and urgent, and to lower the barriers for accessing and utilizing it is an obligation to all of us. 
 
The proposed framework also helps practitioners implement some salient guidelines or principles while applying industrial use 
cases. These principles are essential not only for the effective and efficient use of the framework for value transformation but even 
more so when it comes to greater value extraction and transformation within AI-based offerings. These principles and guidelines 
can be applied to various value-process dimensions themselves. Such as linking value identification to business strategies, capturing 
data for indications of value adaptation during value manifestation, and hypothesizing the next iteration during value capture. As 
well as, the interface between the dimensions, the creation of data touchpoints, and making objective decisions through data 
predictions.  
 
Limitations 
 
While our search terms during the literature review focused on AI technology, validation of the highlighted findings and observations 
of other technologies and domains needs to be carefully implemented. It is also vital to note that peculiarities within the value-
process dimensions in the proposed framework for AI might not apply to other technologies, businesses, or industrial areas. 
 
The proposed framework is simple yet is described only at a high level and needs detailed elaboration and extension within every 
process dimension with probable differentiation among various technologies, businesses, or industrial areas. The proposed 
framework has not been practically applied on a use case over a while to understand the implications and hence lacks practical 
experience. We foresee that the framework will be applied in industrial use and discussed within the research domain to evolve in 
validating the value-process dimensions and detailing them with further instructions of use and probable translation to KPIs for 
measurement of value. 
 
Future Work 
 
Future research could study how the proposed framework is applied and benefited from in AI-driven technological business offerings 
and in decision making when introducing, enhancing, and exploring business opportunities as organizations accelerate their 
adaptation of AI technology in business offerings. We should also further research how the applied model can influence the level of 
technical and commercial risk in use while implementing it within a business model. One of the following steps from this study 
could be to use the framework in a case study to get practical feedback and observations for further development of the proposed 
value-process dimensions. 
 
One of the value areas for organizations has always involved the creation of Intellectual Property (IP). AI plays a significant role in 
IP strategy and hence value implication, which has not been thoroughly investigated within the proposed framework. A possible 
future continuation work will consider this. 
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Slow adoption has been observed in past technologies like IoT, which took almost two decades to be adopted at a large scale, and 
in other current technologies like blockchain. Application of the proposed framework dimensions within other technologies, 
businesses, or industry areas could be verified and tested through future research. 
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