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Abstract  

The design of digital business models is an integral part of the socio-technical phenomenon known as 

digitalization – the adoption of digital technologies by individuals, organizations, and society. The 

manufacturing industry, which is a crucial sector in the global economy, stands to unlock substantial 

value by harnessing the vast amounts of data generated by customers’ machines and systems through 

digital technologies. Redefining value creation, delivery, and capture mechanisms allow manufacturers 

to establish novel revenue streams, distinguish themselves from competitors, and cultivate enduring 

customer relationships. As servitization gains momentum, manufacturers are embracing the transition 

from product-centric to service provider business models, bolstered by helping customers to operate 

their machines. However, the design of digital business models poses significant challenges for the 

manufacturing industry. Adopting a socio-technical perspective, this doctoral thesis comprises five 

research articles and outlines a comprehensive pathway for addressing the three primary challenges of 

initiating, developing, and implementing digital business models, which requires an integrated 

perspective across organizational layers. 

Amidst a myriad of digital opportunities, firms need to identify ways to create value through digital 

technologies that go beyond the usual incremental improvement of existing products. Manufacturers, 

therefore, face the challenge of initiating the exploration of digital opportunities, given the multitude of 

new possibilities, changing customers’ demands, and unknown technical requirements, leading to high 

uncertainty. Thus, manufacturers need a structured approach to explore digital business models that 

meet customers’ expectations (desirability), are technically realizable (feasibility), and are supported by 

a robust monetization strategy (viability). Research article #1 presents a four-phase approach for 

identifying and levering digital opportunities, using a case study on WashTec, a market-leading 

manufacturer of car wash systems, to provide a blueprint for other manufacturers.  

Further, as manufacturers embrace servitization, they face the challenge of generating value for their 

customers while ensuring profitable business models. This entails developing aligned value creation and 

capture mechanisms to successfully realize the shift from traditional one-time sales of physical products 

to the provision of outcome-based service offerings. Against this backdrop, research article #2 presents 

a decision support system for predictive maintenance services, incorporating real options analysis to 

exploit the value of an outcome-based service provision, where the service provider guarantees a certain 

machine availability using digital technologies for failure prediction. Research article #3 provides 

insights for manufacturers as services providers utilizing artificial intelligence in offering outcome-

based services.  
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The study deals with the effects of algorithms’ predictive power on a digital business model’s revenue, 

depending on the underlying payment structure, such as subscription-based or usage-based. The 

resulting decision support system exemplifies the development of aligned value creation and value 

capture mechanisms.  

Implementation of new business and technological capabilities is also imperative if manufacturers are 

to exploit digital business’ long-term value. Research article #4 introduces a maturity model for the 

capabilities necessary for implementing specific digital business model archetypes. Further, 

manufacturers need guidance if they are to effectively translate digital business model concepts into 

operational processes. Considering business process management’s role in facilitating the allocation of 

resources and capabilities to successfully implement novel digital business models, research article #5 

presents a taxonomy of business process management governance setups as a tool for better 

understanding potential design options when implementing or adjusting business process management 

practices.   

This thesis contributes novel artifacts for both research and practice, bridging the gap between 

conceptualizing strategic target states and providing guidance for digital business model design. By 

extending descriptive and prescriptive knowledge at the intersections of the information systems 

domain, the business model innovation research, and the servitization literature, the thesis supports 

manufacturing companies in their digital transformation. Lastly, the thesis responds to calls for research 

by delving into the transformation of manufacturing companies in the business-to-business context. 
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I Introduction   

In the dynamic landscape of the digital era, organizations widely acknowledge the significance of digital 

business models spurred by digital technologies such as the industrial internet of things (IIoT), cloud 

computing, and artificial intelligence (AI). These technologies present a plethora of novel opportunities 

for value creation. On the one hand, they enable organizations to enhance operational efficiency and 

optimize existing processes (exploitation) (Beverungen, Buijs, et al., 2021). On the other hand, digital 

technologies empower organizations to offer their customers novel or adapted value beyond existing 

products or service offerings (exploration) (Knote et al., 2020; Kotarba, 2018; Nambisan et al., 2017; 

Ranjan & Foropon, 2021). Capturing the potential of data-driven value creation is pivotal if 

organizations are to thrive in the – complex – digital environment. The adoption of digital technologies 

by individuals, organizations and society is an integral part of the socio-technical phenomenon known 

as digitalization (Legner et al., 2017; Vial, 2019). This doctoral dissertation focuses on the digital 

transformation of organizations in the context of digitalization, with an emphasis on the redefinition of 

an organization’s value proposition (Wessel et al., 2021). The opportunities and potentials of digital 

technologies go far beyond the traditional focus on information and communication processes (Teubner, 

2013). Digital technologies continually produce increasing amounts of structured and unstructured data, 

driving the big data trend (Buhl et al., 2013; Wu et al., 2014). Scholars argue that the new value lies in 

collecting and analyzing data generated by individuals, machines, or systems (Chen et al., 2012; 

Constantiou & Kallinikos, 2015). For instance, AI models trained on large-scale data-sets enable new 

applications such as image classification, voice recognition, and pattern detection (Agrawal et al., 2018; 

Krogh, 2018). Companies can utilize digital technologies and a vast array of potential applications as 

enablers to modify or redefine their course of value creation, value delivery, or value capture to design 

successful digital business models (Chen et al., 2012; Davenport et al., 2012).  

OpenAI is an example of a digital-born company that offers data-driven services such as ChatGPT based 

on digital technologies. ChatGPT is an AI-language tool that provides users with detailed responses to 

questions or tasks in dialogue-based interactions. The model has been trained on a vast amount of diverse 

text data from the Internet and is the foundation for a subscription-based digital business model 

(https://chat.openai.com). However, traditional incumbents, which, historically, have focused on 

physical products, can also leverage digital technologies for data-driven value creation. For instance, 

Siemens, operating in the industrial, energy, and healthcare sectors, developed an AI software suite that 

utilizes medical data sources to improve radiological diagnostics and patient treatment planning. 

Siemens also levers AI for quality prediction in the production of printed circuit boards to avoid 

bottlenecks in quality control by eliminating unnecessary control operations (van Giffen & Ludwig, 

2023).   
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As a pioneering company, Siemens shows that the exploration of digital business models is very relevant 

for manufacturing and mechanical engineering companies.1 The machines and systems used by 

customers generate vast numbers of data, which can provide value for these firms’ customers (Dai et al., 

2020; Opresnik & Taisch, 2015). The manufacturing industry holds a crucial position in global 

economies, serving as the foundation for industrial development and generating an estimated global 

machinery turnover of €2.945 billion in 2020 (VDMA, 2022). Among the leading manufacturing 

nations, Germany has a vital role in the global supply chain (Sklyar et al., 2019), underpinned by a high 

export ratio. In 2020, Germany accounted for 15.4% of global machinery exports, second only to 

China’s 15.6% share (VDMA, 2022).  

The potential value of digital business models in manufacturing extends well beyond traditional 

operations, encompassing improvements in product quality, optimized maintenance strategies, efficient 

inventory management, and personalized customer experiences (Bertolini et al., 2021; Hartmann et al., 

2016). The value of digital technologies for manufacturing is especially discussed in the context of 

servitization (Ardolino et al., 2018; Baines et al., 2009; Kohtamäki et al., 2019; Kowalkowski et al., 

2015; Opresnik & Taisch, 2015; Paschou et al., 2020; Struyf et al., 2021). In manufacturing, servitization 

refers to transforming a traditional product-centric business model into one that emphasizes providing 

data-driven services alongside physical products (Baines et al., 2009; Paschou et al., 2020). Particularly, 

IIoT offers opportunities for servitization in business-to-business customer relationships, as the 

connectivity provides data on the status and use of intelligent machines and devices (Ardolino et al., 

2018; Rymaszewska et al., 2017). The resulting offerings from manufacturers comprise integrated and 

intelligent bundles of products and services, often referred to as smart service systems (Heuchert et al., 

2020; Zheng et al., 2018). By providing data-driven service offerings, manufacturers can establish 

enduring customer relationships and can generate consistent revenues. As service providers, such 

manufacturers help customers to operate their machines and therefore move beyond one-time product 

sales by providing for instance pay-per-use payment structures (Hou & Neely, 2018; Opresnik & Taisch, 

2015; Schuh et al., 2021; R. Wang et al., 2019). Especially established companies with existing 

connected machines in the field and trusting customer relationships have unique opportunities to provide 

customers with individual data-driven service offerings. The abundance of customer data, combined 

with domain knowledge, creates a competitive advantage that is hard for competitors to replicate (Baia 

et al., 2020; Usai et al., 2021).  

This sense of ambition is accompanied by a sense of urgency, particularly in the global manufacturing 

industry, which is fiercely competitive. The imperative for manufacturers to capitalize on data-driven 

value creation as part of digital business models, and to establish them successfully in the market, is 

 
1 In the following, manufacturing industry, manufacturing companies and manufacturers include mechanical 

engineering companies, for instance all organizations that contribute to the production of goods from raw materials 

through machinery.  
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intensified by external dynamics and the multiple crises that affect the global economy (Ardolino et al., 

2022). The convergence of factors – such as supply shortages caused by the COVID-19 pandemic, rising 

energy costs, and inflationary increases in raw material prices – are increasing cost pressure and 

squeezing profit margins (Priyono et al., 2020). Simultaneously, the demands of existing and new 

customer groups are evolving, creating a need for digital solutions that simplify, automate, or enhance 

machine operations (Abrell et al., 2016). Further, digitalization facilitates the entry of new competitors 

from outside an industry, enabling them to enter new markets and exert pressure on established 

companies (Loebbecke & Picot, 2015; Thomas & Maine, 2019). A prime example of such a new market 

entrant that is utilizing disruptive technologies is Tesla, a digital-native company that entered the 

automotive industry with highly connected electric vehicles, focusing primarily on software (Thomas & 

Maine, 2019). To counteract the threat of intensified competitive pressure, incumbent manufacturers 

must lever their established market position, experiences, and competences to explore customer-centric 

digital solutions and to transform their business model accordingly. By collaborating with customers 

and partners, ecosystems can be created that bridge the gaps between physical and digital products 

offering long-term benefits to manufacturers, partners, and customers (Pagani, 2013). In sum, digital 

business models design creates strategic opportunities to meet two requirements that are necessary if 

one is to thrive in a competitive industry: first, one must outperform established competitors; second, 

one must protect against disruption from emerging digital competitors (Athanasopoulou & Reuver, 

2020; Oberländer et al., 2021). 

Scholars argue that data’s potentials, which companies can unleash, depend on their business model and 

how it is changed by digital technologies (Arnold et al., 2016; Chesbrough et al., 2018; Paiola & 

Gebauer, 2020). However, the business model concept lacks a uniform definition, resulting in a wide 

range of interpretations in the literature (e.g., Chesbrough, 2002; Johnson et al., 2008; Osterwalder & 

Pigneur, 2013). This dissertation adopts Teece’s definition of business models as the “design or 

architecture of the value creation, delivery, and capture mechanisms of a firm” since it covers both 

internal and external aspects of a business model (Teece, 2010, p. 172). When at least one of these 

dimensions of value changes, the literature calls this business model innovation (Ritter & Lettl, 2018). 

Thus, the business model innovation process entails exploring and developing novel possibilities 

associated with an organization’s value creation, value delivery, and value capture mechanisms (Foss & 

Saebi, 2017). If changes in value creation, delivery, or capture are the result of the use of digital 

technologies, the literature refers to this as digital innovation. Notably, the outcomes are not purely 

digital – they can be a combination of physical and digital products, forming, for example, new product-

service systems. (Kohli & Melville, 2019; Vega & Chiasson, 2019; Yoo et al., 2010).  

The socio-technical phenomenon of digital transformation offers considerable potentials for research in 

the fields of information systems (ISs), digital business model innovation, and servitization, since 

resulting artifacts help organizations, particularly manufacturers, to overcome challenges (Arnold et al., 
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2016; Gregor & Hevner, 2013; Kohtamäki et al., 2020; Loebbecke & Picot, 2015). This doctoral thesis 

focuses on three challenges faced by manufacturing companies when they seek to initiate, develop, and 

implement digital business models (Kohli & Melville, 2019).  

Manufacturers face the challenge of identifying suitable opportunities for digital innovation that are 

crucial for the success of their innovation endeavors (Kohli & Melville, 2019). The research indicates 

that organizations need a structured approach to analyze the internal and external environments to 

identify suitable opportunities for digital innovation, given the multitude of new possibilities, changing 

customer demands, and unknown technical requirements, leading to high uncertainty (Haftor & Climent, 

2023). Thus, traditional hardware-centric companies need guidance if they initiate the exploration of 

digital opportunities – finding ways to create value through digital technologies that go well beyond the 

usual incremental improvement of existing products (Favoretto et al., 2022).  

Further, existing business model innovation literature emphasizes the need for research on aligning 

value creation and value capture mechanisms (Chesbrough et al., 2018; Dyer et al., 2018; Sjödin et al., 

2020). Digital value creation refers to enhancing customer value by means of digital technologies. In 

contrast, value capture involves securing and distributing the profits derived from value creation among 

various stakeholders such as manufacturers, customers, and partners (Chesbrough et al., 2018). 

Understanding these mechanisms’ interconnectedness is critical in the context of servitization since 

manufacturers must generate value for their customers while ensuring a profitable business model. Thus, 

manufacturers need to develop aligned value creation and value capture mechanisms. An example that 

highlights the importance of such alignment is Trumpf, a manufacturer that specializes in laser 

technologies. Trumpf devised a pay-per-part model as a novel business model, wherein customers utilize 

its machines for their manufacturing requirements while it remotely monitors these machines and is 

responsible for the production planning, programming, and maintenance (value creation). Instead of 

purchasing the machines, customers pay a predetermined price for each produced part to Trumpf, which 

acts as a service provider (value capture) (https://www.trumpf.com/). For a profitable digital business 

model, the mechanisms of value creation (e.g., increased output, decreased personnel capacity) and 

value capture (e.g., service contract, revenue model, pricing) must align in a way that renders the service 

offering valuable for customers, while also being financially viable for Trumpf. Despite initial practical 

applications and the existing literature, a knowledge gap remains regarding designing and implementing 

digital value creation and value capture processes across organizational boundaries (Chesbrough et al., 

2018; Dyer et al., 2018; Sjödin et al., 2020).  

Further, manufacturers face a significant challenge when designing digital business models since they 

need to implement capabilities to exploit digital business’ long-term value. The literature highlights 

various digital business model archetypes that manufacturing companies can adopt (Bergman et al., 

2022; Pieroni et al., 2020). For instance, some manufacturers strive to become data providers by making 
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data (e.g., production data to track performance) accessible and valuable to their customers. In contrast, 

other manufacturers seek to self-position as recommendation providers, utilizing advanced data 

processing and analytics to derive actionable recommendations (Hunke et al., 2022; Zonta et al., 2020). 

Especially for incumbents and product-centric manufacturers, this implies a tremendous shift in the 

organizational rationale and requires the structured development of new capabilities that are both of a 

business and technological nature (Azkan et al., 2021; Hunke et al., 2022; Rashed & Drews, 2021). The 

research indicates that an integrated, organization-spanning perspective integrating business and 

technology is essential for successfully developing digital business models, as Hausladen and Schosser 

(2020) demonstrated for the aviation sector. However, an understanding of the technical and business 

capabilities required for designing certain digital business model archetypes in manufacturing is lacking 

(Favoretto et al., 2022).  

To delve deeper into the essential capabilities needed for exploiting digital business’ long-term value, it 

is vital to acknowledge that several business processes need to be developed and adopted to realize novel 

digital business models. This is exemplified by Mendling et al. (2020), who highlight that Uber’s value 

creation is not merely in transporting customers from one locale to another, but in the processes 

surrounding how customers discover, book, and pay for rides. Within the range of business processes, 

business process management (BPM) has emerged as a proven management method for enhancing 

operational efficiency (Benner & Tushman, 2003). Dumas et al. (2018, p.6) define BPM as “body of 

methods, techniques, and tools to identify, discover, analyze, redesign, execute, and monitor business 

processes.” By enabling organizations to understand how work is performed, BPM ensures consistent 

results and capitalizes on improvement opportunities (Dumas et al., 2018). Multiple studies at the 

intersection of digital innovation and BPM indicate that BPM can enable the digital transformation 

(Ahmad & van Looy, 2020; Fischer et al., 2020; Friedrich et al., 2023; Grisold et al., 2021). Through 

establishing responsibilities, methodologies, and capabilities, BPM helps practitioners address the 

challenge of implementing capabilities to exploit digital business’ long-term value. BPM facilitates the 

design of business processes that are key for implementing novel digital business models. It also 

supports continual process improvements by harnessing digital technologies’ potentials (Fischer et al., 

2020). This approach emphasizes that digital innovation requires ongoing effort rather than being a 

once-off project (Mendling et al., 2020). Thus, BPM has a crucial role in implementing digital business 

models, while also ensuring the effective utilization of digital technologies in operational processes 

(Legner et al., 2017; Vial, 2019).  
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As illustrated in Figure 1, this thesis addresses the three abovementioned challenges and the knowledge 

gaps surrounding the design of digital business models for manufacturing companies. To achieve this, 

the thesis takes a cumulative approach, comprising five research articles that employ different 

conceptual, methodological, and theoretical lenses, qualitative and quantitative research methods, and 

varying levels of granularity.  

 

Figure 1. Research articles in this dissertation 

The five research articles contribute to four digital innovation research streams, identified by Kohli and 

Melville (2019), and encompass the initiation, development, implementation, and exploitation of digital 

innovation. Figure 1 summarizes the implementation and exploitation research streams, as research 

papers #4 and #5 contribute to the interfaces of these streams by implementing capabilities for exploiting 

digital business’ long-term value. 

Further, considering that manufacturing traditionally revolve around the production and sales of physical 

products, the successful integration of digital business models depends on multiple layers within the 

organization (Hausladen & Schosser, 2020). While overcoming the abovementioned challenges in the 

context of digital innovation primarily requires attention at the business model layer, these changes also 

affect other organizational layers, such as business processes, people and applications, data and 

information, and infrastructure. To provide the necessary socio-technological perspective on digital 

transformation, this dissertation sheds light on the transformation of manufacturers toward digital 

business models across multiple organizational levels, as outlined in the enterprise architecture model 

proposed by Urbach et al. (2021). Figure 2 presents the focal points of each research contribution, 

highlighting the interfaces between organizational levels and digital innovation research streams.  
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Figure 2. Structure of this dissertation 

As manufacturers struggle with initiating the exploration of digital opportunities, this thesis presents a 

structured approach to identify and lever digital opportunities. Research article #1 is a case study on 

WashTec, a market-leading manufacturer of car wash systems, which use a four-phase approach to 

develop concrete digital business models. Research papers #2 and #3 contribute knowledge regarding 

the challenge of developing aligned value creation and value capture mechanisms. Research article #2 

develops a decision support system (DSS) for a predictive maintenance (PM) service using real options 

analysis (ROA). Research article #3 supports manufacturers as providers of AI-services such as PM in 

deciding between usage-based or subscription-based payment structures. The paper focuses on the cross-

organizational alignment of multiple organizational layers of the enterprise structure, as the DSS 

examines the effects of the predictive power (PP) of an AI-algorithm developed at the People and 

Applications level on the performance of an outcome-based service at the Business Processes level. The 

socio-technological perspective is complemented by considering the impact of the achieved service level 

on the applied payment structure and the resulting revenue at the business model level. Research articles 

#4 and #5 tackle the challenge of implementing capabilities to exploit digital business’ long-term value. 

Research article #4 provides a maturity model (MM) for the capabilities necessary to implement specific 

digital business model archetypes. To ensure an integrated perspective on business and technology 

capabilities, the MM levers all organizational levels of the enterprise architecture (EA) model by Urbach 

et al. (2021). Further, considering the role of BPM in facilitating the allocation of resources and 

capabilities for a successful digital transformation, research article #5 introduces a taxonomy of BPM-

governance setups toward better understanding potential design options when implementing or adjusting 

BPM practices.  
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II Research Overview 

1 Initiate the exploration of digital opportunities 

Digital innovation has emerged as a critical catalyst for manufacturing companies to maintain their 

market positions and expand into new markets. The process of identifying digital innovation possibilities 

for new digital business models is referred to as business model exploration (Athanasopoulou & Reuver, 

2020). However, for many manufacturers, the challenge of initiating the exploration of digital 

opportunities is associated with significant uncertainty (Haftor & Climent, 2023). On the one hand, 

exploration requires adopting digital technologies beyond a company’s core domain and capabilities, 

such as data analytics. On the other hand, exploration aims to capitalize on unaddressed customer 

requirements or new customer groups. A well-known example is that by enabling their customers to 

configure and order cars online, car manufacturers have gained direct contact with end-customers 

without an intermediary dealer. Stacey’s (1996) matrix (Figure 3) visually presents this area of 

uncertainty and emphasizes the need for structured exploration.   

 

Figure 3. The Stacey matrix (based on Stacey, 1996) 

Manufacturers often hesitate to depart from their exploitation core, which involves enhancing 

established solutions that have been tested for their existing customer base. Traditionally, these 

companies focus on tangible, physical products, limiting their innovation process to developing new 

physical solutions or making incremental improvements (Christensen, 1997).  

However, as stated in section I, changing customer requirements, increasing competitive pressure, and 

shrinking margins have led manufacturers to recognize the limitations of relying solely on hardware-

centric enhancements (Baines et al., 2009; Favoretto et al., 2022). A common approach is lacking to 

guide the exploration of digital business models beyond the product core (Athanasopoulou & Reuver, 

2020).  
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Exploration must be characterized by broad and creative idea generation as well as by strategically 

guided prioritization, with a clear focus to prevent the results from being inconsistent with the firm’s 

business strategy and core competencies. Existing innovation methods focus either solely on the 

technical improvement of the product core, or on creative exploration beyond the product core without 

the necessary strategic guidance. For instance, structured and strategy-backed innovation processes such 

as the stage-gate model focus on technological, incremental enhancements but lack broader creativity 

phases that explore unmet customer demands (Cooper et al., 2002). Conversely, customer-driven and 

creative approaches such as design thinking often lack strategic alignment, resulting in a lack of 

measurable results necessary for a structured exploration approach (Baden-Fuller & Morgan, 2010). 

Companies need measurable results from technical, strategic, and financial perspectives if they are to 

take informed decisions regarding funding and the timely abandonment of unsuccessful exploration 

initiatives. A successful digital business model should encompass value propositions that meet the 

demands of current and/or future customers, technically feasible solutions based on the firm’s resources 

and capabilities, and a viable business case that ensures economic profitability (Bocken et al., 2022; 

Dennehy et al., 2019). Implementing an iterative review and refinement process that challenges these 

requirements based on measurable results mitigates the investment risks, enabling the early termination 

of unsuccessful initiatives while avoiding neglecting promising initiatives due to perceived high costs 

(Chasin et al., 2022).  

In sum, manufacturing companies need a structured approach to exploring digital business models that 

meet customer expectations (desirability), are technically realizable (feasibility), and are supported by 

a robust monetization strategy (viability). 

Research article #1: How WashTec Explored Digital Business Models     

Research article #1 presents a case study on WashTec, a leading car wash systems manufacturer, and its 

successful exploration of digital business models. Like other incumbent manufacturers, WashTec 

traditionally focused on improving its physical machines as the main component of its business model 

(exploitation). However, driven by the CEO’s vision of becoming the digital pioneer in the car wash 

industry, the company embarked on identifying and developing novel digital business models 

(exploration). The authors employed an action design research (ADR) approach, working through the 

activities of problem diagnosis, action planning, taking action, evaluating, and specifying learning 

(Baskerville, 1999). All the authors – five academics and two WashTec executives – participated in the 

12-month applied research project, which provides a blueprint for other incumbents that are exploring 

digital business models. The developed exploration approach has four phases: Activation, Inspiration, 

Evaluation, and Monetization 
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In the Activation phase, WashTec focused on developing strategic guidelines and capturing digital 

innovation opportunities through a digital target picture. The senior managers, supported by the 

researchers, used a value pool concept to identify digital business model opportunities that are aligned 

with the corporate strategy. This top-down approach in the first phase established the foundation for 

further exploration by providing strategic directions (Hutchison et al., 2005).  

In the Inspiration phase, WashTec involved its workforce in communicating the digital target picture 

and gaining buy-in for the exploration endeavors. Employees across hierarchies were invited to 

contribute concrete ideas based on the prioritized value pools of the Activation Phase, utilizing methods 

such as value proposition design (Osterwalder et al., 2015).  

In the Evaluation phase, prioritized value proposition ideas were conceptualized and detailed into 

multidimensional value propositions. Drawing on design thinking principles, WashTec developed 

assumptions regarding the three evaluation dimensions desirability, technical feasibility, and viability. 

These assumptions were tested and validated through prototypes of the value propositions (Eisenmann 

et al., 2012).   

In the Monetization phase, WashTec formulated a monetization strategy for the validated value 

propositions. It analyzed the frontstage value received directly by customers (e.g., increased revenue) 

and the backstage value generated indirectly by WashTec (e.g., efficiency gains, data-based insights) 

(Baltuttis et al., 2022). This analysis facilitated the financial viability and operational feasibility 

assessment of different revenue models and payment structures, such as pay-per-use or subscription.  

 

Figure 4. WashTec´s four-phase approach to the exploration of digital business models 

As shown in Figure 4, each of WashTec’s four phases was subdivided into two stages. In the first 

divergence stage, various options were developed. In the second convergence stage, these options were 

aggregated and evaluated to select the most promising ones. Measurable results relating to the evaluation 

dimensions of desirability, technical feasibility, and viability enabled WashTec’s management team to 

effectively explore the digital opportunity space by selecting and developing the most promising digital 

business models. The four-phase approach’s effectiveness was demonstrated through strategic, business, 

and transformative outcomes. WashTec established a digital target picture that reflects its digital vision 
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for the next five years as strategic guidance. Further, WashTec developed three concrete digital business 

models. The firm’s exploration journey also fostered its digital transformation by engaging employees, 

promoting collaboration, and enhancing digital competencies. Overall, WashTec’s approach to 

exploring digital business models can serve as a blueprint for other manufacturing companies that seek 

to expand their non-digital business models. This research article offers five key recommendations that 

outline the necessary focus of exploration, the involvement of key stakeholders, and strategies for 

ensuring the long-term success of exploration efforts. Practitioners can use the four-phase approach and 

recommendations to structure and focus their exploration of digital business models. From a research 

perspective, the article contributes descriptive knowledge by highlighting challenges and lessons learned 

during WashTec’s exploration journey. It outlines the necessary steps when a manufacturing company 

transforms from a physical products provider to digital business models from a socio-technical 

perspective. The developed approach extends existing prescriptive knowledge on business model 

development and tooling (Teece 2010) by going beyond mere documentation and description, compared 

to popular models such as the business model canvas (Osterwalder & Pigneur, 2013).  

2 Develop aligned value creation and value capture mechanisms   

In the context of servitization, manufacturers face the challenge of developing aligned value creation 

and value capture mechanisms of novel digital business models as they transition from selling physical 

products to providing data-driven services that deliver specific outcomes (Sjödin et al., 2020). This 

transition involves the transformation of manufacturers into service providers that offer performance or 

results guarantees through service contracts (Baines et al., 2009; Kastalli et al., 2013; Tuli et al., 2007). 

For instance, manufacturers guarantee a pre-determined machine availability level, wherein customers 

benefit from the assured machine availability and the reduced risk as the service provider covers repairs, 

maintenance, and machine breakdowns, including compensation if the agreed outcome is not achieved 

(Grubic, 2018; Kohtamäki et al., 2019). In return, customers pay for the service, cultivating enduring 

customer relationships and ensuring a source of ongoing income for the service provider (Huber & 

Spinler, 2014).  

Scholars argue that this shift represents a move from a value-in-exchange perspective to a value-in-use 

perspective (Chesbrough et al., 2018). While the traditional value-in-exchange perspective involves 

selling a machine or specific maintenance operations, the value-in-use-perspective, facilitated by 

outcome-based service provisions, levers the services provider’s expertise, customer-specific data, and 

derived knowledge throughout the service contract’s duration (Chatain, 2011). This new value creation 

mechanism allows manufacturers as service providers to generate ongoing revenue streams and enhance 

competitive differentiation while customers benefit from improved individual value propositions and 

reduced risk (Chesbrough et al., 2018; Sjödin et al., 2020).  



Research Overview  

12 

 

Research into business model innovation emphasizes that the successful implementation of this value-

in-use perspective depends on whether it offers better customer value than the traditional value-in-

exchange perspective, while being economically viable for the service provider (Chesbrough et al., 

2018). For instance, manufacturers that guarantee machine availability face the challenge of meeting 

contractual requirements while conducting cost-efficient maintenance strategies (Wang, 2010). In this 

context, digital technologies such as business intelligence and analytics (BI&AI) or machine learning 

(ML) play crucial roles (Phillips-Wren et al., 2021; Rouhani et al., 2016). These technologies enable 

manufacturers to extract valuable insights from data, detect anomalies and potential machine failures, 

and facilitate maintenance strategies such as PM (Carvalho et al., 2019; Mobley, 2002; Zonta et al., 

2020). By proactively scheduling maintenance operations, manufacturers can prevent machine 

breakdowns, avoid penalties, and achieve cost savings and increased resource efficiency. However, to 

fully realize servitization’s value, manufacturers must develop DSSs capable of translating the results 

of BI&AI or ML algorithms into economically sound decisions (Fabri et al., 2019; Kohli & Melville, 

2019; Opresnik & Taisch, 2015). Such DSSs are essential for levering data-driven insights and 

empowering manufacturers to take informed and economically sustainable decisions (Chen et al., 2012; 

Phillips-Wren et al., 2021; Rouhani et al., 2016).  
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Research article #2: Exploiting the Value of Temporal Flexibility in Predictive Maintenance – A 

Real Options Approach  

Research article #2 presents an approach for developing DSSs for manufacturing companies that offer 

PM services. Numerous studies show the economic potential of PM compared to other maintenance 

strategies, such as reactive maintenance. PM can reduce costs and increase resource efficiency for 

maintenance operations (Compare et al., 2020; Heng et al., 2009; W. Wang, 2000). However, many 

existing studies primarily focus on developing BI&AI models and ML algorithms for failure prediction, 

providing statistical key figures such as diagnostic classifiers, remaining useful lifetime, or the 

probability of failure (POF) as outcomes. POF offers the most accurate specification among these 

metrics, since the result is not approximated, such as a classification or the specification of an absolute 

number for the remaining useful lifetime. Thus, PM provides manufacturers with temporal flexibility in 

deciding when to schedule maintenance based on POF as a failure prediction indication. The cost savings 

derived from PM depend particularly on exploiting the temporal flexibility throughout a service 

contract, for instance, determining when and how often manufacturers do maintenance and to what 

extent unplanned breakdowns can be avoided.  

Research article#2 applies ROA as an established method in ISs research for decision-making in 

investments characterized by temporal flexibility (Bowman & Moskowitz, 2001) and a high uncertainty 

(Davis, 2015; Dixit & Pindyck, 1994; Ullrich, 2013). In the context of PM, investment refers to the 

expenditure on machine maintenance to improve machines’ conditions, as indicated by the POF. As 

service providers, manufacturers face the maintenance decision as an option to either do maintenance 

or to defer it to a later point in time (Benaroch et al., 2007; Keller et al., 2019). Against the backdrop of 

the maintenance decision as a deferral option that manufacturers must consider for exploiting PM’s 

temporal flexibility, the following research question arises: 

(RQ) How can a service provider decide on maintenance based on a prediction of the 

probability of failure using real option analysis? 

To answer this research question, research article #2 provides a DSS following a two-step approach: 

First, the POF is calculated based on an artificial neural network (ANN) as an exemplary ML algorithm. 

Second, ROA is applied to take maintenance decisions based on the POF, considering the economic 

effects over a service contract’s entire duration. The economic decision-making process involves 

analyzing the trade-offs between costs for conducting maintenance and costs due to unplanned 

breakdowns (Papakostas et al., 2010).  

The developed model considers a full-service provider context, where a manufacturer as services 

provider schedules maintenance operations for a single machine of one customer. Under a service-level 

agreement (SLA), a manufacturer guarantees a specific machine’s availability and covers maintenance 
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costs, including penalties in the case of breakdowns. The SLA grants the service provider the right to 

do maintenance at discrete points in time during the service contract (Bowman & Moskowitz, 2001). 

ROA is implemented using a customized quantitative model based on a binomial tree by Cox et al. 

(1979), which is suitable for evaluating maintenance decisions based on failure predictions. The 

binomial tree represents the possible development of the POF from its current value calculated by an 

ANN until the service contract’s end. 

 

Figure 5. Exemplary binomial tree before and after maintenance in t = 1 

Figure 5 shows an example where the services provider conducts PM in t = 1, thereby executing the 

option to do maintenance. A new option starts, encompassing the remaining term between the first 

option’s exercise date and the service contract’s end. Notably, the score value (SV) depicted in Figure 5 

is a transformed value of the POF to fulfill the value range requirements of the applied binomial tree 

model introduced by Cox et al. (1979). Generally, node 𝑆𝑉𝑡, 𝑠𝑡𝑎𝑡𝑒  denotes the 𝑆𝑉 at time 𝑡 and the current 

𝑠𝑡𝑎𝑡𝑒 (to distinguish between several possible nodes at the same time). 

The DSS calculates two decision parameters for the maintenance decisions at each node of the binomial 

tree, representing possible, discrete expressions of the POF until the service contract’s end. The model 

determines the reduced expected loss achieved by conducting maintenance and compares it to the strike 

price, which reflects the increase in maintenance costs if maintenance is done based on the current POF. 

In sum, the model evaluates the two courses of action of the manufacturer as a services provider – doing 

or deferring maintenance – from an economic perspective for each node of the binomial tree. 

To assess the model’s applicability and effectiveness, a case study involving a comprehensive 

simulation based on historical data from a medium-sized manufacturing company is conducted. The 

ROA maintenance strategy is compared to a static threshold for maintenance that considers the current 

POF, neglecting economic effects over the remaining duration of the SLA contract. Reactive 
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maintenance, which involves doing maintenance only after a machine breakdown, is another benchmark. 

The results show that the ROA maintenance strategies based on the developed model provide lower 

maintenance costs than the others. On average, the developed ROA approach achieves cost savings of 

18.26% compared to the static threshold approach and 26.28% compared to reactive maintenance. 

Research article #2 contributes to the literature at the intersection of PM strategies, servitization, and 

ROA by offering a novel approach for dynamically evaluating maintenance decisions. It expands 

knowledge on ROA by focusing on the exercise of real options decisions instead of real options 

valuation, for instance, the real option’s expected value (Khan et al., 2017). Prescriptive knowledge is 

provided by developing a DSS to exploit the value of servitization by focusing on PM as an exemplary 

application domain. Research article #2 contributes to the need for studies on the necessary alignment 

between value creation and value capture mechanisms to facilitate outcome-based services offerings 

(Bharadwaj et al., 2010; Chesbrough et al., 2018; Ritter & Lettl, 2018; Sjödin et al., 2020). Nonetheless, 

while the objective of an outcome-based service is to create value for the customer while simultaneously 

ensuring the profitability of the business model, the value capture mechanisms remain under-researched, 

since it differs fundamentally from traditional business models such as the selling of physical products 

or services(Desyllas & Sako, 2013). For designing a suitable value capture mechanism, it is crucial to 

understand the effects of applied digital technologies on data-driven services’ outcomes. For instance, 

the PP of digital technologies such as AI must be considered when designing a PM service, which affects 

a machine’s availability as an outcome. 
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Research Article #3: AI-based Industrial Full-Service Offerings: A Model for Payment Structure 

Selection considering Predictive Power   

Research article #3 addresses the need for aligned value creation and value capture mechanisms in novel 

digital business models, specifically focusing on how manufacturing companies can design meaningful 

outcome-based services in the context of increasing servitization. In a highly service-centric setting, 

manufacturers as full-service providers (FSPs) retain ownership of their products (e.g., machines, 

devices) and sell their usage as a service that covers all associated risks. The revenue generated by FSPs 

by adopting new payment structures strongly correlates to a service’s outcomes, i.e., meeting the service 

level pre-defined in the SLA (Baines et al., 2017; Kohtamäki et al., 2019). However, when a service 

relies on AI applications, which promise to enhance the profitability of such an FSP business, the 

characteristics of AI algorithms – such as the PP – must be considered when designing SLAs (Agrawal 

et al., 2018). 

For instance, if an FSP levers PM to ensure high machine availability, a low PP of the underlying 

algorithm leads to lower service levels. The statistical nature of today’s AI applications makes their 

classifications fallible, potentially leading to machine failures and, therefore, struggles with fulfilling 

the SLAs (Zhang et al., 2020). Further, fluctuating service levels affect an FSP’s revenue, depending on 

the payment structure, such as subscription-based or usage-based (Halbheer et al., 2018). Thus, FSPs 

must consider AI applications’ fallibility and the resulting PP when designing SLAs and selecting 

payment structures to realize AI-based service offerings’ intended benefits (Cachon, 2020).  

Decision-makers in the manufacturing industry must therefore (1) assess their AI applications’ PP, (2) 

derive meaningful SLAs in alignment with their PP, and (3) thoughtfully select the net present value 

(NPV)-maximizing payment structure (Cachon, 2020). However, the literature provides little 

quantitative guidance for decision-makers on developing economically substantiated FSP offerings that 

include AI applications. In response to this research gap, research article #4 poses the following research 

questions:  

(RQ1) What is the economic impact of the PP of underlying classification algorithms on the 

NPV of an FSP? 

(RQ2) How can FSPs select NPV-maximizing payment structures depending on the PP of 

underlying classification algorithms?  

To answer these questions, research article #4 employs a design science research (DSR) approach, 

developing a quantitative decision support model that maps AI algorithms’ PP to the FSP offering’s 

expected NPV. The model considers the chosen SLA design and the payment structure.   

Developing the DSS follows the five-phase iterative DSR process of Peffers et al. (2007). The article 

justifies the research question in the first phase, highlighting the risks faced by decision-makers when 

digital services are not tailored to the characteristics of the applied AI algorithm. The second phase 
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presents design objectives that guide the model’s development. The third phase encompasses normative 

analytical modeling for solving the outlined decision-making problem (Keeney et al., 2003; Meredith et 

al., 1989). The decision support model considers the effect of the PP’s effect on the SLA in an integrated 

way by calculating the expected NPV as a standard approach for investment valuation and decision 

support (Kreuzer et al., 2020). In the fourth phase and fifth phase, the decision support model is 

evaluated using the framework proposed by Sonnenberg and vom Brocke (2012) as an established 

method for the artificial and naturalistic evaluation of mathematical DSSs (Bürger et al., 2019; Kreuzer 

et al., 2020). For the artificial evaluation in the fourth phase, a Python prototype of the model is 

implemented and multiple simulations with synthetic data are conducted. For the naturalistic evaluation, 

the model is applied to a real-world scenario of a German manufacturing company to validate its 

applicability and usefulness.  

In the context of the real-world application, research article #4 applies different PP scenarios to compare 

resulting NPVs based on different payment structures and SLA designs. The results, illustrated in Figure 

6, show that higher PP (expressed by a higher AUC value) makes economic sense as long as revenues 

increase more rapidly than operating costs. However, excessively high PP may not be economically 

meaningful owing to high operating costs. The advantages of specific payment structures depend on 

negotiated premium payments or penalty payments and agreed service-level objectives. A robustness 

analysis of the model confirms the results’ validity, showcasing the effects of fluctuating parameters on 

the NPV. 

Overall, research article #3’s findings provide economically reasonable insights for decision-makers in 

evaluating the effects of PP and payment structures on data-driven services’ expected NPV. The decision 

support model’s applicability and added value are confirmed, contributing to prescriptive knowledge 

regarding the implementation of AI-based services that consider the economic implications of increasing 

PP in the FSP context.  

  

Figure 6. Ex-post application in a real-world scenario 
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3 Implement capabilities to exploit digital business’ long-term value 

After conceptualizing digital business models with aligned mechanisms for value creation and value 

capture based on digital innovation opportunities, the subsequent challenge lies in successfully 

implementing them. In addition to developing tangible or intangible assets such as functional ISs, 

manufacturers require suitable capabilities for creating and offering digital business models 

(Kerpedzhiev et al., 2021; Wade & Hulland, 2004).  

The diverse range of possibilities for future digital value propositions available to manufacturers further 

complicates the challenge of implementing capabilities to exploit digital business’ long-term value. 

Different value propositions characterize different archetypes of data-driven business models (DDBMs) 

(Hunke et al., 2022), leading to significance variations in the socio-technical capabilities required (Vial, 

2019). Further, manufacturers differ in their current capabilities and resources, which are influenced by 

their status quo and their digital transformation maturity level (Gökalp & Martinez, 2021).  
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Research article #4: Data or Business First? – Manufacturers' Transformation toward Data-

driven Business Models    

Against this backdrop, research article #4 guides manufacturing companies in the design of digital 

business models by using DDBM archetypes that can be adopted (Müller & Buliga, 2019). As mentioned 

in section I, Hunke et al. (2022) present various archetypal DDBMs that serve as strategic orientation 

for the transformation by systematically characterizing different configurations of DDBMs (i.e., data 

provider, insight provider, recommendation provider, and digital-solution provider). The traditional 

business model of a product provider generates value solely based on physical products such as 

machinery and maintenance activities (Hunke et al., 2022; Y. Wang et al., 2017). In contrast, the data 

provider business model enhances a product by providing customers with processed data through 

programming interfaces or simple visualization (Chen et al., 2011; Hunke et al., 2022). The insight 

provider business model delivers diagnostic and supportive insights such as alerts and target 

benchmarking (Hunke et al., 2022; Sarker, 2021). The customization increases further with the 

recommendation provider business model, which provides customized recommendations based on 

predictive analytics, such as data-driven root cause analysis or automatic situational recommendations 

(Hunke et al., 2022; Sarker, 2021). At the highest maturity level, a digital solution provider business 

model primarily focuses on data-driven value propositions, enabling manufacturing companies to 

expand their reach to customers beyond the boundaries of traditional manufacturing and to enter new 

markets by offering services such as consulting (Hunke et al., 2022; Lehrer et al., 2018).   

Given the substantial variations among the digital business model archetypes, manufacturers need to 

implement both business and technical capabilities that align with the specific DDBM archetype they 

choose to adopt (Azkan et al., 2021; Hunke et al., 2022; Rashed & Drews, 2021). For instance, 

manufacturers must develop new business capabilities to monetize and market digital offerings 

(Baltuttis et al., 2022). In addition, acquiring complementary technological capabilities for data 

processing is essential if one is to lever suitable tools and infrastructure (Frank et al., 2019; Weber et 

al., 2017). The existing research suggests that an integrated, organization-spanning perspective that 

encompasses both business and technology capabilities is crucial if one is to successfully develop a 

digital business model, as exemplified by Hausladen and Schosser (2020) for the aviation sector. 

However, there is a limited understanding of the specific technical and business capabilities required for 

designing particular digital business model archetypes in manufacturing (Favoretto et al., 2022). 

Research article #4 addresses the following research questions:  

(RQ) What capabilities do manufacturers require to transform toward distinct archetypal 

data-driven business models? 

The study presents a MM that helps manufacturing companies transform toward DDBM archetypes, 

following the DSR paradigm (Gregor & Hevner, 2013; Hevner et al., 2004). MMs are valuable artifacts 
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that guide transformation efforts and structure capabilities development in both research and practice 

(Becker et al., 2009; Mettler, 2011).  

To successfully implement any DDBM type, manufacturers must acquire the necessary capabilities 

across multiple organizational layers (Rashed & Drews, 2021). In this regard, EA models are valuable 

tools for gleaning an integrated view of a firm and outlining reference architectures (Gampfer et al., 

2018). Research article #4 utilizes the EA model by Urbach et al. (2021) since it combines the 

technology and the business layers. This model’s socio-technical perspective is particularly suitable for 

the transformative processes associated with digitalization (Cleven et al., 2014). 

According to Becker et al. (2009), the study follows a four-phase procedure to design and evaluate the 

MM. The first phase involves the justification of the problem and the definition of the requirements. 

Through interviews with practitioners, three key requirements for the MM are identified: The model 

should illustrate the target state of the transformation by integrating established business model 

archetypes. It should also comprehensively cover socio-technical capabilities on all EA layers and 

contain explicit descriptions of the identified capabilities. The second phase includes comparing existing 

MMs and selecting a suitable development strategy. A structured literature review reveals that no 

existing model meets the three identified requirements. Thus, the chosen strategy is to create a new 

model by incorporating valuable structures from the existing research, such as EA models and DDBM 

archetypes. The third phase encompasses the iterative model development and the artificial evaluation. 

The data-driven business model maturity model, the DDBM3, is developed based on the identified 

requirements, using Hunke et al.’s (2022) digital business model archetypes as maturity levels 

(columns). The EA model of Urbach et al. (2021) is used to structure the capabilities dimensions (rows) 

in five major focus areas. Based on this matrix structure, the capabilities and the associated descriptions 

of the capabilities are developed in an iterative process; descriptions are used from existing work or are 

developed based on guidance from the literature. 

The fourth phase involves a naturalistic evaluation by applying the model to two real-world 

organizations (Sonnenberg & vom Brocke, 2012). Focus groups and semi-structured interviews are 

conducted to gather data and complete the evaluation.  

Figure 7 illustrates the DDBM3, encompassing five focus areas as the study’s key result. The first focus 

area, business model, includes four capabilities dimensions: value proposition, customer interaction, 

monetization and pricing, and sales and channel management. These capabilities dimensions refer to 

the organization’s market interface and are crucial for manufacturers to define their digital business 

models.  
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The second focus area, business processes, revolves around specific processual capabilities that enable 

the creation, delivery, and capture of data-driven services. It includes four capabilities dimensions: 

strategy and vision for data-based business, data-centric process management, knowledge sharing and 

management, and product life cycle management.  

The third focus area, people and applications, encompasses cultural aspects and soft skills represented 

by the capabilities dimension recognition and mindset, as well as hard skills, reflected by methods and 

data analytics competencies. Further, this focus area includes responsibilities represented by the 

capabilities dimensions roles and responsibilities and tools represented by data analytics tooling. 

The fourth focus area, data and information, emphasizes mechanisms of data management and 

information extraction. It encompasses the capabilities dimensions applied forms of analytics, data 

management, data governance and quality, and horizontal and vertical data integration. 

The last and fifth focus area, infrastructure, addresses the technological enablers that manufacturing 

companies need to realize digital business models. It encompasses the five capabilities dimensions data 

analytics software management and operations, data-driven service integration and deployment, data 

architecture and scaling, cybersecurity and -privacy, and cyber-physical systems and connectivity.  
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Figure 7. The data-driven business model maturity model (DDBM3) 

In line with Becker et al.’s (2009) development procedure, the DDBM3 is evaluated using artificial and 

naturalistic approaches. The artificial evaluation is conducted by an academic focus group consisting of 

researchers in the digital transformation field who provide feedback to the model (Tremblay et al., 2010). 

The naturalistic evaluation involves applying the model with executives of two manufacturing 

companies, Alpha and Beta (Sonnenberg & vom Brocke, 2012). Figure 7 illustrates the results, revealing 

the status quo as well as the target state of the manufacturing companies. The evaluation indicates that 

the two firms adopted different approaches to their transformation: data first and business first. 

Alpha has adopted a business first approach driven by customer demands for data delivery from 

connected machines. Thus, Alpha demonstrates higher maturity levels in most capabilities dimensions 

relating to the business model and business processes focus areas (except customer relation and product 

life cycle management); however, lower maturity levels are observed in technology-oriented dimensions 

in the focus areas data and information as well as infrastructure.  
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In contrast, Beta has followed a data first approach, exhibiting higher maturity levels in most capabilities 

dimensions relating to the data & information as well as infrastructure focus areas, shown by exemplary 

capabilities dimensions such as cyber-physical systems as well as data analytics software management 

and operations; however, Beta’s capabilities are less developed in the business-related capability 

dimensions, such as value proposition and digital channel management. 

Research article #4 utilizes the framework introduced by Hunke et al. (2022), which presents archetypes 

of data-driven services to structure manufacturers’ transformation processes. This article makes two 

primary contributions: First, it introduces the DDBM3 as the central artifact that provides prescriptive 

knowledge regarding the capabilities required to implement specific digital business model archetypes. 

The evaluation shows the applicability and usefulness of the model as a diagnostic tool for practitioners 

to determine a firm’s status quo and its target state. Second, through the naturalistic application of the 

DDBM3, the article demonstrates the model’s integrated perspective as a comprehensive lens for 

analyzing transformations toward digital business models. The initial findings – specifically, identifying 

the business first and the data first transformation paths – offer valuable insights that can stimulate 

further research. The model can be utilized to examine patterns and trends in adopting digital business 

models in manufacturing.  

The DDBM3 allows manufacturers to identify the necessary capabilities for implementing digital 

business models based on specific archetypes. However, the challenge of implementing capabilities to 

exploit digital business’ long-term value remains regarding how firms can establish these capabilities in 

the long term. Further, manufacturers need guidance on effectively translating digital business model 

concepts into operational processes. Thus, capabilities and structures must be anchored in a company to 

nurture digital technologies’ potentials for new digital business models and the operational processes. 

As highlighted in section I, BPM offers a proven approach to address this challenge. BPM enables 

organizations to gain insights into processes, ensuring consistent results and the levering of 

improvement opportunities (Dumas et al., 2018). By establishing responsibilities, methodologies, and 

capabilities, BPM can be an enabler of digital transformation (Fischer et al., 2020; Friedrich et al., 2023; 

Grisold et al., 2022). BPM facilitates the implementation of novel business models by translating 

conceptualizations into operational processes (Mendling et al., 2020). BPM also fosters process 

transparency, enabling the identification of improvement opportunities through digital technologies 

(Dumas et al., 2013).   

For the successful adoption of BPM, Rosemann and vom Brocke (2015) provide an established 

framework that outlines six core elements of BPM: strategic alignment, governance, methods, 

information technology, people, and culture. While governance is one of these core elements, there is a 

lack of a comprehensive conceptualization of BPM governance (BPM-G) setups that encompasses the 

roles, structures, and methods that guide BPM activities (Hammer, 2015; Spanyi, 2015). A holistic 
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perspective on BPM-G setups is necessary to guide manufacturing companies in adopting or enhancing 

BPM.  

Research article #5: Conceptualizing Business Process Management Governance Setups   

Research article #5 endeavors to develop a taxonomy that incorporates relevant design dimensions and 

characteristics of BPM-G setups. While existing research focuses on analyzing individual organizations’ 

approaches to introducing new roles, structures, methods, and implementation drivers and barriers (e.g., 

Alibabaei, 2021; Santana et al., 2011), a holistic conceptualization of BPM-G setups remains lacking. 

Despite its strategic importance, it remains unclear which dimensions constitute BPM-G setups, which 

characteristics can be chosen and combined, and which rationales organizations apply when designing 

their BPM-G setup. It is crucial for both the academic community and practitioners to address this gap. 

For researchers, a taxonomy facilitates systematic description and analysis of BPM-G setups, enabling 

contextualization of research efforts as well as the development of more robust theories concerning 

specific setups’ impacts on business performance (Gregor, 2006; Gregor & Hevner, 2013). For 

practitioners, a clear conceptualization of BPM-G supports informed decision-making, particularly 

when adopting BPM at the enterprise level. Thus, research article #5 deals with the following research 

question:  

(RQ) How can BPM-G setups be conceptualized? 

By developing a taxonomy of BPM-G setups, the study aims to comprehensively understand the 

dimensions, characteristics, and underlying rationales associated with BPM-G setups. This taxonomy 

will enable practitioners to describe, discuss, and compare different BPM-G setups, supporting the 

alignment of BPM adoption to organizational goals. It also guides practitioners in the initial stages of 

BPM adoption and long-term planning, aiding in the continual improvement and strategic alignment of 

BPM at the enterprise level.  

The taxonomy development approach is based on Nickerson et al. (2013) and Kundisch et al. (2021), 

since taxonomies are an established method for systematically structuring and categorizing knowledge 

in the IS and the BPM research. As first result, the taxonomy development process reveals three 

organizational tensions (Gaim et al., 2018) that continually occur in the interviews, as practitioners 

consider them when designing their BPM-G setup: centralization vs. decentralization (Siggelkow & 

Levinthal, 2003), exploration vs. exploitation (Smith & Tushman, 2005), and standardization vs. 

flexibilization (Howard-Grenville, 2005). 

The resulting taxonomy of BPM-G setups, presented in Table 1, serves as the central artifact of research 

article #5. It is structured along the three organizational tensions, representing distinct layers. Further, 

the taxonomy has 10 dimensions (6 non-exclusive and 4 exclusive) and 39 characteristics, providing a 

comprehensive framework for structuring and categorizing BPM-G setups.  
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Table 1. The taxonomy of BPM-G setups   

Tension Dimension E/N Characteristics 

Centralization vs. 

decentralization 

Organizational  

anchoring  
N 

BPM team in a  

dedicated  
department 

BPM team in 

non-dedicated  
department(s) 

BPM community 

of practice 

Individual BPM 

practitioners 

BPM ownership N 
Senior  

management BPM team BPM community 

of practice Not defined 

Financial resources N 
Global BPM 

budget 

Project-based 

BPM budget 

Process-based 

BPM budget 
Not defined 

Leading activities N 
Design &  

modeling 

Monitoring 

& control 

Improvement 

& innovation 

Program &  
project 

 management 

None 

Supporting  

activities N 
Design &  

modeling 

Monitoring 

& control 

Improvement 

& innovation 

Program &  

project  
management 

None 

Exploitation vs.             

exploration 

Institutionalization 

of ambidexterity 
E Separated Integrated None 

Standardization vs. 
flexibilization  

Process ownership E 
Pre-defined for all  

processes 

Pre-defined per process 
(type) Flexible 

Data ownership E 
Pre-defined for 

all processes 

Pre-defined per  

process (type) 
Flexible Not defined 

Role allocation N 
Per business  

department(s) 
Per BPM activity 

Per end-to-end  
process 

Flexible 

Standards &  

methods 
E 

Pre-defined for all  

processes 

Pre-defined per process 

(type) 
Flexible 

 E = exclusive; N = non-exclusive 

 

The taxonomy’s centralization vs. decentralization layer has five design dimensions: The dimension 

organizational anchoring focuses on the primary unit or team responsible for BPM-G in an organization. 

It can be a dedicated BPM team in a centralized unit such as a BPM Center of Excellence (Rosemann, 

2015) or a non-dedicated department such as information technology (IT) or human resources (HR) 

(Harmon, 2016). Alternatively, decentralization options include establishing a BPM community of 

practice or promoting individual BPM practitioners who operate independently. The dimension BPM 

ownership pertains to the organizational unit or role with authority and guidance over BPM activities 

(de Boer et al., 2015). This ownership can be held by senior management or the dedicated BPM team. 

It can also be shared among a BPM community of practice or even absent. The allocation of financial 

resources for BPM is another dimension addressing the centralization vs. decentralization tension 

(Kirchmer et al., 2013; Lehnert et al., 2016). It can involve a global BPM budget, where the BPM team 

can access a centralized budget. Alternatively, organizations may provide project-based budgets for 

strategic BPM initiatives or may allocate budgets to specific processes or process types. Some 

organizations may not have a dedicated BPM budget, relying on other financial resources from relevant 

business departments. The last two dimensions in this layer focus on the responsibilities of BPM-G in 

the activities of the BPM lifecycle (vom Brocke & Rosemann, 2015); these activities include process 

design and modeling, monitoring and control, improvement and innovation, and program and project 

management. While important, implementation and execution, are excluded, since they are primarily 

managed at the process level by process owners. The taxonomy distinguishes between leading activities 

(where the BPM team takes operational responsibility) and supporting activities (where the BPM team 

assists but is not solely responsible). 
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In the exploitation vs. exploration layer, organizations can incorporate ambidextrous activities in their 

BPM. Ambidexterity in BPM (Grisold et al., 2022) refers to the strategic pursuit of both exploitative 

BPM, which involves improving existing processes, and explorative BPM, which entails innovating and 

exploring new opportunities for process improvement (Grisold et al., 2019; Rosemann, 2014). The 

dimension institutionalization of ambidexterity examines how organizations implement such 

ambidexterity in their BPM practices. The taxonomy shows that organizations can implement 

ambidexterity in BPM through dedicated teams focusing separately on exploitation or exploration 

activities. Alternatively, a single team can be responsible for both exploitation and exploration within 

BPM. Further, some organizations do not explicitly consider ambidexterity as a deliberate aspect of their 

BPM practices.  

The third layer of the taxonomy focuses on the organizational tension standardization vs. flexibilization, 

which includes process ownership, data ownership, role allocation, and implementing standards and 

methods. Organizations have different approaches to process ownership (Danilova, 2019). They may 

assign process ownership to the unit responsible for all processes, or they may standardize it for specific 

process types. For instance, stakeholders responsible for a particular customer group hold ownership for 

relevant customer processes. Alternatively, organizations can maintain flexibility in process ownership 

assignments. Data ownership, considering the growing importance of data in BPM, refers to the 

ownership of data extracted during process execution, such as process log files (Kerpedzhiev et al., 

2021). Organizations can predefine data ownership for all processes, predefine it per process type, or 

leave it flexible without defined ownership. Role allocation examines how organizations assign roles 

for BPM activities (Valenca et al., 2013). Roles can be allocated per business department or focused on 

specific departments dedicated to a particular BPM activity. Alternatively, roles can be allocated per 

end-to-end processes or assigned flexibly based on a process type or a business unit. Implementing 

standards and methods is another dimension (Kerpedzhiev et al., 2021). Organizations can predefine 

standards and methods for all processes or per process type, offering a portfolio of methods and tools 

for stakeholders involved in BPM activities. Alternatively, organizations may choose to not implement 

specific standards and methods, thereby allowing stakeholders flexibility in their choices of methods. 

The taxonomy is evaluated in two steps. First, it is applied to classify 14 firms’ BPM-G setups, with 

feedback collected from BPM practitioners to validate and adjust the classification. Second, the 

taxonomy is applied to three illustrative cases (Beverungen, Kundisch, & Wünderlich, 2021; Limaj & 

Bernroider, 2022), with in-depth interviews conducted with BPM practitioners from each firm. 

The evaluation demonstrates the taxonomy’s usefulness and applicability. It serves as a tool for 

understanding and describing BPM-G setups and for facilitating discussions on the adoption of BPM. 

Practitioners found the taxonomy valuable for describing their current BPM-G setups, reflecting on the 

underlying rationale and designing desired target states. The evaluation reveals that firms address 
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tensions differently based on their specific organizational context. The cases showcase the variability of 

BPM-G setups in practice and the diverse rationales behind selecting a specific setup in response to 

organizational tensions. Incorporating perspectives from multiple organizations enriched the insights 

provided by the taxonomy, enhancing its credibility and supporting discussions within firms. Overall, 

the evaluation confirms the taxonomy’s utility in understanding BPM-G setups and offering guidance 

to practitioners throughout their BPM journey. 

The study significantly contributes to the descriptive knowledge of BPM-G setups and their intersections 

with organizational design. Developing a comprehensive taxonomy offers a high-level abstraction and 

conceptualization that enables the systematic description and analysis of BPM-G setups. The 

taxonomy’s generic nature and the ease of updates (Limaj & Bernroider, 2022) make it a valuable tool 

for researchers to situate their studies and grasp the evolving nature of BPM-G setups. The study 

emphasizes the importance of adopting a context-aware approach in designing BPM-G setups, 

considering factors such as business strategy, BPM’s purpose, and industry-specific requirements (vom 

Brocke et al., 2021; vom Brocke et al., 2016). Further, the research underscores the interplays between 

BPM and organizational design, particularly BPM-G setups and organizational tensions. The 

taxonomy’s dimensions are structured along three organizational tensions, presenting potential solutions 

for organizations to address competing demands (Gaim et al., 2018). However, further investigation is 

needed to explore the relationship between BPM-G and organizational tensions and delve into the 

convergence between BPM and organizational design. 
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III Summary and Future Research 

1 Summary 

In the context of advanced digitalization, manufacturing companies seek to design novel digital business 

models (O. Müller et al., 2016; Nambisan et al., 2017). Drawing inspiration from digital-born firms, 

manufacturers aim to lever digital technologies to establish novel revenue streams, enhance 

individualized customer relationships and differentiate themselves in a highly competitive market 

(Opresnik & Taisch, 2015). A particular urgency accompanies these ambitions since international 

market pressures are amplified by supply shortages and escalating prices resulting from external 

dynamics and multiple crises (Ardolino et al., 2022). However, the socio-technological phenomenon of 

digital transformation poses significant challenges for the manufacturing industry, which is a crucial 

sector in the global economy. This doctoral thesis contributes novel knowledge to help manufacturers 

in navigate digital transformation by redefining their value proposition (Vial, 2019; Wessel et al., 2021).  

Adopting a socio-technical perspective, this thesis outlines a comprehensive pathway for addressing the 

three primary challenges of initiating, developing, and implementing digital business models across 

organizational layers. By bridging the gap between conceptualizing strategic target states and providing 

guidance for the design of digital business models, the thesis supports manufacturing companies in their 

digital transformation. The work extends descriptive and prescriptive knowledge at the intersection of 

the information systems domain, the business model innovation research, and the servitization literature 

(Kohtamäki et al., 2020; Legner et al., 2017; Sjödin et al., 2020). Lastly, the thesis responds to calls for 

research by delving into the transformation of manufacturing companies in the business-to-business 

context (Sjödin et al., 2020).  

Addressing the challenge of initiating the exploration of digital opportunities, section II.1 introduces 

research article #1, which presents a comprehensive four-phase approach for identifying and levering 

digital opportunities. The approach was employed in a case study featuring WashTec, a leading car wash 

system manufacturer, as it explored novel digital business beyond its existing product and service 

offerings. Using action design research methodology (Mullarkey & Hevner, 2019), the study 

demonstrates the effectiveness of the four-phase approach (Activation, Inspiration, Evaluation, and 

Monetization) through the strategic, business, and transformative outcomes for WashTec. Further, the 

WashTec case serves as a blueprint for incumbents in the manufacturing industry seeking to explore 

novel digital business models by offering valuable insights and recommendations. Thus, this work 

contributes descriptive knowledge by highlighting the challenges, procedures, and outcomes of 

WashTec’s exploration journey. Further, the developed four-phase approach and the associated 

recommendations contribute to prescriptive knowledge by expanding knowledge and tooling on 

developing digital business models (Teece, 2010).  
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Addressing the challenge of developing aligned value creation and value capture mechanisms, section 

II.2 provides two decision support systems that help manufacturing companies develop profitable and 

sustainable digital business models. Research article #2 focuses on a decision support system designed 

for predictive maintenance services using real options analysis. In the context of servitization, where 

ensuring machine availability is crucial, the decision support system incorporates real options analysis 

to optimize maintenance decisions considering the economic effects on a service contract’s duration. 

Research article #2 expands prescriptive knowledge on real options analysis by focusing on exercising 

real options decisions in predictive maintenance (Khan et al., 2017). It also offers prescriptive 

knowledge on developing decision support systems to exploit the value of servitization providing 

predictive maintenance as an exemplary application domain. Further, research article #3 expands 

prescriptive knowledge on the alignment of value creation and value capture mechanisms (Chesbrough 

et al., 2018; Ritter & Lettl, 2018) by developing a model for evaluating the economic effects of an 

algorithm’s prediction power on a digital business model’s revenue. In service offerings based on 

artificial intelligence applications, the underlying algorithms’ low predictive power impact on the 

service level and the resulting revenue (Kohtamäki et al., 2019). The study provides a decision support 

system that assesses the effects of predictive power and the selected payment structure on a data-driven 

service offering’s expected net present value. The results of the study guide manufacturers as providers 

of digital services, such as predictive maintenance, in deciding between usage-based or subscription-

based payment structures. 

In addressing the challenge of implementing capabilities to exploit digital business’ long-term value, 

section II.3 offers detailed perspectives on how manufacturing companies can identify and implement 

the capabilities that are necessary for realizing successful digital business models. Research article #4 

provides a maturity model for the capabilities necessary to implement specific digital business model 

archetypes. The study levers existing descriptive knowledge on archetypes (Hunke et al., 2022) and 

enterprise architecture (Urbach et al., 2021) to provide prescriptive knowledge on how archetypical 

business models can be attained. The model’s integrated perspective can serve as a comprehensive lens 

for analyzing manufacturers’ transformation toward digital business models. Further, considering the 

role of business process management in facilitating the allocation of resources and capabilities for a 

successful digital transformation (Fischer et al., 2020; Grisold et al., 2022), research article #5 introduces 

a taxonomy of governance setups for business process management. This taxonomy is a powerful tool 

for better understanding potential design options when implementing or adjusting business process 

management. The study significantly contributes to the descriptive knowledge of governance setups for 

business process management and their intersections with organizational design, since the taxonomy 

presents potential solutions for addressing organizational tensions. 
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2 Future Research 

This doctoral thesis and its findings have limitations. While the individual articles address specific 

limitations (see Appendices V.3 to V.7), this section presents an aggregated perspective, identifying 

possible avenues for further research surrounding the design of digital business models for the 

manufacturing industry.   

First, the research in this thesis integrates existing knowledge to contribute novel artifacts for both 

research and practice. Drawing on the paradigms of action design research and design science research 

(Baskerville, 1999; Gregor & Hevner, 2013; Mullarkey & Hevner, 2019), the underlying problem 

statements, design objectives, and the usefulness of the developed artifacts are assessed through 

evaluations with both practitioners and academics. However, notably, the scope of research article #1, 

which relies on a case study approach, is limited to its application in a single firm. Thus, further research 

is needed to validate the applicability of the developed four-phase approach for exploring digital 

business models across a broader range of firms. Further, the instantiations of the models resulting from 

research articles #2 and #3 rely on data and inputs from individual manufacturing companies. While 

these initial applications have yielded promising results, it is crucial to validate these models’ usefulness 

by gathering data from additional organizations. While the artifacts of research articles #4 and #5 are 

developed and evaluated based on data from multiple organizations, researchers may nonetheless also 

study a larger sample of organizations to challenge the findings’ comprehensiveness. Scholars could 

utilize the maturity model in research article #4 to explore other firms’ transformation paths and could 

challenge the first insights into manufacturers’ data first and business first transformation strategies. 

Similarly, augmenting the sample size used in developing and evaluating the taxonomy of governance 

setups for business process management in research article #5 would increase the results’ 

generalizability (Lee & Baskerville, 2003).  

Second, the quantitative decision support models developed in research articles #2 and #3 consider 

multiple input parameters as deterministic or expected values. However, in reality, parameters such as 

machines’ standstill costs owing to the misclassification of algorithms for predictive maintenance 

strategies can vary. The aspiration for the modeling was to capture the relevant parameters while 

avoiding unnecessary complexity, enabling the applicability of the resulting decision support systems 

from the perspective of manufacturing companies. However, researchers could focus on stochastic 

modeling of additional parameters to better represent reality. For instance, in research article #2, the real 

options analysis based on discrete points in time could be replaced by a continuous time-based model, 

allowing for an extended evaluation.  

Third, in addressing the three primary challenges faced by manufacturers when designing digital 

business models, this dissertation provides descriptive and prescriptive knowledge to tackle selected 

issues. However, there are undoubtedly additional challenges in the realms of information systems, 
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business model development, and digital innovation that warrant further investigation from research and 

practical perspectives (Vial, 2019; Wessel et al., 2021). Particularly concerning manufacturers’ 

comprehensive digital transformation, extending beyond a business model’s boundaries, numerous 

research questions arise that necessitate interdisciplinary discourse (Kraus et al., 2020; Paschou et al., 

2020; Verhoef et al., 2021). 

Looking to the future, in my view, the design of digital business models, particularly in the 

manufacturing industry, will ultimately become indispensable for the success of individual companies 

operating in a fiercely competitive environment. It is my aspiration that this thesis will support 

researchers and practitioners by providing novel knowledge, insights, and perspectives regarding the 

design of digital business models for manufacturing companies.  
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2 Individual Contribution to the Research Articles  

This cumulative dissertation encompasses five research articles representing the primary body of work. 

These articles were collaborative efforts involving multiple co-authors. This section details the 

respective research settings and highlights my individual contributions to each article. 

Research article #1: This research article was developed by seven co-authors (Christian Ritter, Anna 

Maria Oberländer, Bastian Stahl, Björn Häckel, Carsten Klees, Ralf Koeppe, Maximilian Röglinger). 

As the leading author of this research article, I played a pivotal role in the project with WashTec, 

developed and conceptualized the research idea, and contributed significantly to the design of the 

research methodology. Further, I took the lead in model development, evaluation, and writing all 

sections of the manuscript. Additionally, I was in charge of conducting the article’s refinement through 

several revisions. While, to a large extent, this article reflects my work, all co-authors promoted the 

advancement of the paper throughout the entire project. 

Research article #2: In collaboration with Björn Häckel, Lukas Häfner, Jannick Töppel, and Lukas 

Willburger, I co-authored this research article. Together, we jointly developed the decision support 

model for exploiting the value of predictive maintenance services using real options analysis. I was 

involved in all stages of the research process, from crafting the initial research idea and manuscript to 

participating in multiple rounds of textual refinement. Further, I took responsibility for implementing 

the decision support model in R and conducting a case study on a German manufacturing company to 

demonstrate its effectiveness. All co-authors contributed equally to the article’s content. 

Research article #3: With Björn Häckel and Philip Karnebogen as co-authors, I collaborated on this 

research article. Our joint effort led to the development of a decision support model for selecting suitable 

payment structures for AI-based industrial full-service offerings. I actively contributed throughout the 

research process, from conceiving the initial research idea and manuscript to participating in multiple 

rounds of textual refinement throughout various revisions. Further, I played a key role in conducting a 

multistage evaluation involving interviews with industry experts, reviewing a software implementation 

in Python of the developed decision-support model, and showcasing it in a case study at a German 

manufacturing company. All co-authors contributed equally to the article’s content. 

Research article #4: Collaborating with Bastian Stahl, Björn Häckel, and Daniel Leuthe, I co-authored 

this research article. Together, we developed the maturity model for capabilities required for different 

data-driven business model archetypes. My contributions included shaping the research idea, defining 

the research method, and conducting several interviews with industry experts to evaluate the resulting 

artifact. I engaged in the initial draft of the paper and its further textual elaboration throughout the 

revisions. Bastian Stahl is the lead author of this paper.  

Research article #5: This research article was co-authored by Franziska Friedrich, Thomas Kreuzer, 

Christian Ritter, and Maximilian Röglinger. Our collaborative effort resulted in developing the research 
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idea, methodology, and taxonomy of governance setups for business process management. Further, I 

engaged in the initial draft of the paper, the paper’s textual refinement, and in conducting interviews 

with industry experts to develop and evaluate the taxonomy. All co-authors contributed equally to the 

article’s content.  
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3 Research Article #1 

How WashTec Explored Digital Business Models  

Authors: Ritter, Christian; Oberländer Anna Maria; Stahl Bastian; Häckel, Björn; Klees, Carsten; 

Koeppe, Ralf; Röglinger, Maximilian  

Accepted for publication at MIS Quarterly Executive.  

Abstract: Many incumbent companies excel in digitally enhancing their existing business models 

(exploiting) but struggle to develop new digital business models (exploring). We 

describe how WashTec, a global leader in the car wash industry, successfully explored 

three digital business models using a four-phase exploration approach. The WashTec 

case offers incumbents a blueprint and gives rise to five recommendations for exploring 

new digital business models.  

 

Keywords: Exploration, Digital Business Models, Strategy, Digitalization, Innovation. 
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4 Research Article #2 

Exploit the Value of Temporal Flexibility in Predictive Maintenance – A Real Options Approach 

Authors: Häckel, Björn; Häfner, Lukas; Ritter, Christian; Töppel, Jannick; Willburger, Lukas.  

Working Paper  

Extended Abstract:  

The digitalization of industries enables manufacturing companies to offer data-driven value propositions 

to customers by analyzing data from production processes. In this context, predictive maintenance (PM) 

is an essential strategy for service providers to flexibly decide on maintenance actions and optimize the 

frequency and timing of maintenance operations. In this study, we propose a decision support system 

(DSS) that harnesses real options analysis (ROA) to exploit the economic value of temporal flexibility 

in maintenance scheduling based on predicted failure probabilities.  

We apply ROA as an established method in information systems for decision-making in investments 

characterized by temporal flexibility (Bowman & Moskowitz, 2001) and high uncertainty (Davis, 2015; 

Dixit & Pindyck, 1994; Ullrich, 2013). In the context of PM, investment refers to the expenditure on 

machine maintenance to improve its condition, as indicated by the probability of failure (POF). As 

service providers, manufacturers face the maintenance decision as an option to either execute 

maintenance or defer it to a later point in time (Benaroch et al., 2007; Keller et al., 2019).  

To decide about the execution of the deferral option, the study provides a DSS following a two-step 

approach: First, the POF is calculated based on an artificial neural network (ANN) as an exemplary 

machine learning algorithm. Second, ROA is applied to make maintenance decisions based on the POF, 

considering the economic implications over the entire duration of a service contract. This decision-

making process involves analyzing the trade-off between costs for conducting maintenance and potential 

costs arising from unplanned breakdowns (Papakostas et al., 2010).  

The proposed DSS is designed to operate within a full-service provider context, where a manufacturer 

as service provider schedules maintenance operations for a customer’s machine. Under a service level 

agreement, the manufacturer guarantees a specific machine availability and covers maintenance costs, 

including penalties in the case of breakdown. The service level agreement grants the service provider 

the right to perform maintenance at discrete points in time during the service contract. To evaluate the 

maintenance decision and, therefore, the execution of the resulting deferral option, ROA is implemented 

using a customized quantitative model based on a binomial tree by Cox et al. (1979). The binomial tree 

model represents the possible development of the POF from its current value calculated by an ANN 

until the end of the service contract.  
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Our findings highlight the superiority of a dynamic threshold approach for deciding if and when to 

schedule maintenance is more effective than a static threshold, as the economic incentives to take the 

risk of a machine breakdown depend on the current failure prediction and the remaining duration of a 

service contract. By using real-world data, our decision support algorithm demonstrates maintenance 

cost savings of up to 26% compared to reactive maintenance and up to 18% compared to a static 

threshold approach. These results underscore the potential of real options analysis in decision-making 

and emphasize the significance of predictive maintenance strategies for service providers. 

The research contributes to the literature at the intersection of PM strategies, servitization, and ROA by 

offering a novel approach for dynamically evaluating maintenance decisions. It expands knowledge on 

ROA by focusing on the exercise of real options decisions rather than real options valuation, e.g., the 

expected value of the real option (Khan et al., 2017). Furthermore, this study provides prescriptive 

knowledge on the development of a DSS to exploit the value of servitization with a focus on PM as an 

exemplary application domain. Lastly, this research addresses the need for studies exploring the 

alignment between value creation and value capture to facilitate outcome-based service offerings in the 

manufacturing industry (Bharadwaj et al., 2010; Chesbrough et al., 2018; Ritter & Lettl, 2018; Sjödin 

et al., 2020).  

Keywords: Predictive Maintenance, Decision Support, Real Options Approach. 
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5 Research Article #3 

AI-based Industrial Full-Service Offerings: A Model for Payment Structure Selection 

Considering Predictive Power 

Authors: Häckel, Björn; Karnebogen, Philip; Ritter, Christian.  

Published in: Decision Support Systems (2022). 

Abstract: Artificial Intelligence and servitization reshape the way that manufacturing companies 

derive value. Aiming to sustain competitive advantage and intensify customer loyalty, 

full-service providers offer the use of their products as a service to achieve continuous 

revenues. For this purpose, companies implement AI classification algorithms to enable 

high levels of service at controllable costs. However, traditional asset sellers who 

become service providers require previously atypical payment structures, as classic 

payment methods involving a one-time fee for production costs and profit margins are 

unsuitable. In addition, a low predictive power of the implemented classification 

algorithm can lead to misclassifications, which diminish the achievable level of service 

and the intended net present value of the resultant service. While previous works focus 

solely on the costs of such misclassifications, our decision model highlights 

implications for payment structures, service levels, and – ultimately – the net present 

value of such data-driven service offerings. Our research suggests that predictive power 

can be a major factor in selecting a suitable payment structure and the overall design of 

service level agreements. Therefore, we compare common payment structures for data-

driven services and investigate their relationship to predictive power. We develop our 

model using a design science methodology and iteratively evaluate our results using a 

four-step approach that includes interviews with industry experts and the application of 

our model to a real-world use case. In summary, our research extends the existing 

knowledge of servitization and data-driven services in the manufacturing industry 

through a quantitative decision model. 

 

Keywords: Artificial Intelligence, Servitization, Predictive Power, Payment Structures, Full-

Service Provision 
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6 Research Article #4 

Data or Business First? – Manufacturers´ Transformation toward Data-driven Business Models   

Authors: Stahl Bastian; Häckel, Björn; Leuthe, Daniel; Ritter, Christian  

Published in: Schmalenbach Journal of Business Research (SBUR) (2023). 

Abstract: Driven by digital technologies, manufacturers aim to tap into data-driven business 

models, in which value is generated from data as a complement to physical products. 

However, this transformation can be complex, as different archetypes of data-driven 

business models require substantially different business and technical capabilities. 

While there are manifold contributions to research on technical capability development, 

an integrated and aligned perspective on both business and technology capabilities for 

distinct data-driven business model archetypes is needed. This perspective promises to 

enhance research’s understanding of this transformation and offers guidance for 

practitioners. As maturity models have proven to be valuable tools in capability 

development, we follow a design science approach to develop a maturity model for the 

transformation toward archetypal data-driven business models. To provide an 

integrated perspective on business and technology capabilities, the maturity model 

leverages a layered enterprise architecture model. By applying and evaluating in use at 

two manufacturers, we find two different transformation approaches, namely 'data first' 

and 'business first’. The resulting insights highlight the model’s integrative 

perspective’s value for research to improve the understanding of this transformation. 

For practitioners, the maturity model allows a status quo assessment and derives fields 

of action to develop the capabilities required for the aspired data-driven business model. 

 

Keywords: Exploration, Digital Business Models, Strategy, Digitalization, Innovation. 
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7 Research Article #5 

Conceptualizing Business Process Management Governance Setups 

Authors: Friedrich Franziska; Kreuzer, Thomas; Ritter, Christian; Röglinger, Maximilian.  

Submitted to Information & Management. 

Extended Abstract:  

Business Process Management (BPM) is a pivotal driver of operational excellence in the digital age 

(Klun & Trkman, 2018). An appropriate BPM Governance (BPM-G) setup is essential to establish 

boundaries and ensure continuity for all BPM activities (Spanyi, 2015). Despite its strategic importance, 

a comprehensive conceptualization of BPM-G setups remains elusive, leading to challenges in 

understanding their multidimensional nature. Existing research predominantly focuses on individual 

organizations’ approaches (Alibabaei, 2021; Rosemann, 2015; Santana et al., 2011), leaving 

uncertainties about the constituent dimensions, characteristics, and rationales behind the design of BPM-

G setups.  

In this study, we develop a taxonomy of BPM-G setups based on Nickerson et al. (2013) and Kundisch 

et al. (2021), as taxonomies are an established methodology for systematically categorizing knowledge 

in the information systems and BPM research (Kundisch et al., 2021; vom Brocke & Mendling, 2018). 

The conceptualization of BPM-G setups incorporates relevant design dimensions and characteristics, 

drawing on justificatory knowledge of BPM-G and organizational design, as well as empirical data 

collected from diverse organizations.  

The resulting taxonomy is structured along three organizational tensions, as the interviews with experts 

revealed that practitioners consider these tensions (Gaim et al., 2018), when designing their BPM-G 

setup: Centralization vs. decentralization (Siggelkow & Levinthal, 2003), exploration vs. exploitation 

(Smith & Tushman, 2005), and standardization vs. flexibilization (Howard-Grenville, 2005). The 

taxonomy’s applicability is evaluated by classifying the BPM-G setups of 14 organizations. Further, we 

apply the taxonomy in three illustrative cases of organizations to determine the current states, the target 

states of the BPM-G setups, and the underlying rationales for the design decisions. The evaluation 

demonstrates the taxonomy’s utility, providing valuable insights for understanding, describing, and 

discussing different BPM-G setups. Additionally, it guides practitioners in the initial stages of BPM 

adoption and long-term planning, aiding in the continuous improvement and strategic alignment of BPM 

at the enterprise level. Further, the cases highlight the diversity of BPM-G setups and the varying 

rationales behind their selection in response to organizational tensions.   
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The research contributes to the descriptive knowledge of BPM-G setups and their intersections with 

organizational design. The taxonomy’s high-level abstraction enables systematic description and 

analysis of BPM-G setups, making it a valuable tool for researchers to comprehend the evolving nature 

of BPM-G setups (Limaj & Bernroider, 2022). Moreover, the study emphasizes the importance of 

context awareness in designing BPM-G setups, considering factors such as business strategy, the 

purpose of BPM, and industry-specific requirements (vom Brocke et al., 2021; vom Brocke et al., 2016). 

The research also highlights the interplay between BPM and organizational design, especially 

concerning BPM-G setups and organizational tensions. The taxonomy’s dimensions are structured along 

three organizational tensions, presenting potential solutions for organizations to address competing 

demands (Gaim et al., 2018). However, further investigation is warranted to explore the relationship 

between BPM-G and organizational tensions and delve into the convergence between BPM and 

organizational design.  

Keywords: Business Process Management, Taxonomy Development, Organizational Design, 

Organizational Tensions  
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