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Abstract 

AI adoption in German SMEs depends on the coordination of multiple ecosystem actors, 

yet existing research typically examines AI-driven business model innovation from a focal-firm 

perspective and treats SME adoption barriers as firm-internal limitations. This thesis investi-

gates how value creation, capture, and delivery are configured across ecosystem actors and 

where bottlenecks constrain value realization. Drawing on 19 semi-structured expert interviews 

with AI-adopting SMEs, solution providers, consultants, and intermediaries, the study com-

bines Gioia-style coding, actor-specific taxonomies, and value-flow mapping. The findings re-

veal that AI business model configurations differ systematically by actor type and follow a logic 

of risk-bounded incrementalism. Value flows extend beyond monetary transactions to include 

data, employee time, domain knowledge, and risk, yet these contributions are systematically 

undervalued. Bottlenecks are compound rather than isolated, and the most consequential is the 

absence of an actor that is simultaneously competent, affordable, and neutral. The thesis con-

tributes a multi-actor, taxonomy-based analysis that reframes AI adoption failure in the German 

SME ecosystem as a structural alignment problem: the challenge is not making AI available to 

SMEs but aligning ecosystem roles, value flows, and responsibilities so that AI-enabled value 

can materialize. 

 

Title: Value Creation, Capture, and Delivery in Emerging AI Ecosystems:  A Taxonomy of 

the German SME Context 

Keywords: AI ecosystem, business model innovation, German SMEs, value creation, value 

capture, value delivery, taxonomy development, qualitative research.  

Author: Paul Emil Eisele 

 

 

 

 

 

 

 

 

 

 



Paul Emil Eisele 

Católica Lisbon - School of Business & Economics 3 

Resumo 

A adopção de IA nas PME alemãs depende da coordenação de múltiplos atores do ecossis-

tema, contudo, a investigação tende a examinar a inovação do modelo de negócio impulsionada 

por IA numa perspectiva centrada na empresa focal, tratando as barreiras à adopção das PME 

como limitações internas. Esta tese investiga como a criação, captura e entrega de valor são 

configuradas entre os atores do ecossistema e onde os estrangulamentos condicionam a reali-

zação de valor. Com base em 19 entrevistas semiestruturadas a especialistas de PME adotantes 

de IA, fornecedores de soluções, consultores e intermediários, o estudo combina codificação ao 

estilo Gioia, taxonomias específicas por ator e mapeamento de fluxos de valor. Os resultados 

revelam que as configurações dos modelos de negócio de IA diferem sistematicamente conso-

ante o tipo de ator e seguem uma lógica de incrementalismo delimitado pelo risco. Os fluxos 

de valor estendem-se para além das transações monetárias, incluindo dados, tempo dos colabo-

radores, conhecimento do domínio e risco, sendo estas contribuições sistematicamente subva-

lorizadas. Os estrangulamentos são compostos e não isolados, sendo o mais significativo a au-

sência de um ator que seja simultaneamente competente, acessível e neutro. A tese contribui 

com uma análise multi-ator baseada em taxonomias que reequaciona o insucesso na adoção de 

IA no ecossistema das PME alemãs como um problema de alinhamento estrutural: o desafio 

não está em tornar a IA disponível para as PME, mas em alinhar papéis, fluxos de valor e 

responsabilidades no ecossistema, de modo que o valor habilitado pela IA se materialize. 

 

Titulo: Criação, Captura e Entrega de Valor em Ecossistemas Emergentes de IA: Uma Taxo-

nomia do Contexto das PME Alemãs. 
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1. Introduction 

Firms’ AI adoption is increasingly recognized as a source of competitive advantage, oper-

ational efficiency, and business model innovation (BMI). Yet AI-enabled value creation is not 

a purely firm-internal process (Jorzik et al., 2024; Adner, 2017; Burström et al., 2021). Apply-

ing Adner's (2017) structural approach, starting from the focal value proposition and identifying 

the actors whose alignment is necessary for it to materialize, this thesis identifies four actor 

types in the German SME AI ecosystem: AI solution providers, consultants and integrators, 

intermediaries, and AI-adopting SMEs. When this coordination succeeds, AI can reshape how 

firms create, capture, and deliver value. When it fails, the technology's potential remains unre-

alized, regardless of how capable the individual actors may be. 

Understanding how AI-enabled value creation unfolds requires examining the broader set 

of actors whose alignment is necessary for the value proposition to materialize. This perspective 

is particularly consequential for small and medium-sized enterprises. German SMEs, often re-

ferred to as the Mittelstand, form the backbone of Europe's largest economy but exhibit struc-

tural characteristics that distinguish their AI adoption from that of larger enterprises: owner-

management, limited internal AI and IT expertise, constrained budgets and time, and reliance 

on external partners for capabilities they lack (Müller et al., 2021; Drees et al., 2025). While AI 

adoption among German firms is growing, it remains unevenly distributed, and the gap between 

recognized opportunity and realized implementation points toward an ecosystem-level prob-

lem. AI adoption in the German SME context unfolds within an ecosystem of interdependent 

actors whose BMCs, incentive structures, and capabilities jointly determine whether an AI-

enabled value proposition materializes. Drawing on Adner's (2017) ecosystem-as-structure per-

spective and Jacobides et al.'s (2018) role-based coordination logic, this study treats AI adop-

tion as an alignment problem rather than a firm-internal technology decision. 

Despite the analytical relevance of this ecosystem perspective, the existing literature leaves 

three significant gaps at the intersection of ecosystem theory, AI-driven BMI, and SME AI 

adoption. First, ecosystem frameworks for analyzing interdependence, alignment, and role-

based coordination (Adner, 2017; Jacobides et al., 2018) have rarely been applied to emerging 

AI ecosystems and, to the best of this thesis's knowledge, have not yet been applied to the 

German SME context, where no dominant orchestrator exists. Second, the AI-driven BMI lit-

erature has grown rapidly but remains largely firm-centric (Jorzik et al., 2024; Burström et al., 

2021; Sjödin et al., 2023). Even studies that acknowledge ecosystem interactions, such as Bur-

ström et al. (2021), tend to analyze the business model adoption of a single focal firm rather 
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than comparing how BMC differ across multiple actors involved in enabling an AI-related value 

proposition. Third, the SME AI-adoption literature provides increasingly detailed accounts of 

adoption rates, barriers, and enablers in Germany (Ströbele et al., 2025; Bundesnetzagentur, 

2025; Drees et al., 2025), yet consistently examines the adopting SME in isolation from the 

SPs, consultants, and intermediaries on whose capabilities and configurations the SMEs imple-

mentation depends. 

Taken all together, the literature lacks a structured, comparative understanding of BMC 

across the full set of actors that constitute the German SME AI ecosystem. This thesis addresses 

these gaps by developing an empirically grounded understanding of how different ecosystem 

actors create, capture, and deliver value through AI-enabled offerings in the German SME con-

text, and of how value flows and bottlenecks shape the value realization across the ecosystem. 

The thesis poses two research questions:  

 

RQ1: What business model configurations are emerging across actors in the German 

SME AI ecosystem, and how do value creation, capture, and delivery mechanisms differ 

by actor type? 

RQ2: How do value flows, monetary and non-monetary, distribute across ecosystem 

roles, and where do bottlenecks constrain value realization? 

 

To address these questions, the thesis adopts a qualitative, exploratory design based on 19 

semi-structured expert interviews across four actor types, analyzed through Gioia-style coding, 

actor-specific taxonomies following Nickerson et al. (2013), and ecosystem value-flow map-

ping. It contributes by moving AI-BMI research beyond the focal-firm perspective toward 

multi-actor comparison; applying Adner’s (2017) and Jacobides et al.’s (2018) ecosystem 

frameworks to an emerging, non-platform-centric AI ecosystem; reframing SME adoption bar-

riers as ecosystem-level bottlenecks linked to misaligned BMCs; and providing, to the authors’ 

knowledge, the first actor-specific taxonomy of AI BMCs in the German SME ecosystem. 

2. Literature Review 

2.1 Digital Ecosystems: Foundation and Evolution  

2.1.1 From Value Chains to Ecosystems  

Over recent decades, the unit of strategic analysis in inter-firm relationships has moved 

from the individual firm to the ecosystem. Porter’s (1980, 1985) value chain framework treated 
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value creation primarily as a firm-internal process shaped by industry structure, whereas Moore 

(1993) introduced the business ecosystem concept to show that value propositions depend on 

coordination among independent actors that co-evolve, compete, and cooperate across industry 

boundaries. Iansit and Levien (2004) extended this view by identifying distinct ecosystem roles, 

such as keystones, dominators, and niche players, and showing that ecosystem health depends 

on interactions among these roles rather than on a single firm’s capabilities. Yet, much of this 

literature remained descriptive and focused on large technology firms in platform-like settings 

(Gawer & Cusumano, 2014; Jacobides et al., 2018). With digital technologies such as AI in-

creasing cross-actor interdependence, a more analytically precise ecosystem framework is 

needed. AI-enabled value propositions often require data, algorithms, implementation exper-

tise, and domain knowledge distributed across multiple actors. For a study examining why such 

value propositions reach some SMEs and not others, membership-based definitions are insuffi-

cient: the key issue is not which actors are nominally present, but whether their activities and 

incentives align around the focal value proposition. This is precisely the question addressed by 

a structural ecosystem approach. 

2.1.2 Ecosystem-as-Structure: Adner Framework 

Adner (2017) defines ecosystems as “the alignment structure of the multilateral set of part-

ners that need to interact for a focal value proposition to materialize” (p. 42). First, it is an-

chored in a value proposition rather than in a focal firm, so the proposed benefit to the end user 

determines which actors and activities fall within its boundaries. Second, the construct is mul-

tilateral: a contract between an SME and an SP may be undermined by the absence of a skilled 

consultant or by an intermediary’s failure to facilitate data access. Third, the defining strategic 

challenge is alignment; misalignment of activities, incentives, and expectations can make the 

proposition fail even when all required actors are present (Adner, 2017). Adner contrasts this 

ecosystem-as-a-structure view with ecosystem-as-affiliation, which defines ecosystems by 

membership ties. The structural view reverses this by starting with the value proposition and 

working backwards to the actors whose alignment is needed (Adner, 2017, p. 44). This thesis 

adopts the structural approach because it directs attention to activity configuration and interde-

pendencies rather than cataloguing present actors (Kapoor, 2018). 

To operationalize this perspective, Adner (2017, p. 43) identifies four elements: activities, 

actors, positions, and links, understood as transfers of material, information, influence, or funds, 

including indirect connections. Links are important for ecosystem-level analysis, as an SME 

may depend on a relationship between its consultant and a cloud provider to which it has no 
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direct connection. Jacobides et al. (2018) complement Adner's framework by explaining why 

ecosystems emerge. Modularity allows interdependent organizations to coordinate through 

standardized interfaces rather than hierarchical control, creating the structural precondition for 

ecosystems. Complementarity is distinguished between generic and non-generic forms. Generic 

complementarities exist between substitutable inputs and do not bind actors together. Non-ge-

neric complementarities define ecosystems through specific interdependencies that create mu-

tual dependence and cannot be redeployed without cost (Jacobides et al., 2018). In AI, they 

arise when an SP's model is trained on an SME's proprietary data such that neither component 

retains its full value outside the relationship. Ecosystems manage these interdependencies by 

assigning actors to roles governed by shared rules (Jacobides et al., 2018). The four actor types 

examined in this thesis, SPs, consultants, intermediaries, and SMEs, are distinguished not by 

firm size or sector but by their functional roles in enabling AI-related value propositions. 

 

 2.2 Value Creation, Capture, and Delivery in Ecosystems  

2.2.1 Defining Value Creation, Capture, and Delivery  

The ecosystem perspective separates value creation, capture, and delivery into analytically 

distinct processes: different actors may be involved in each, and the success of one does not 

guarantee the success of the others (Burström et al., 2021). Value creation refers to the genera-

tion of worth through complementary resources across organizational boundaries, such as the 

integration of an SP's machine learning model trained on an SME's operational data. Value 

capture refers to the mechanisms through which actors appropriate portions of collectively cre-

ated value, including price structures, licensing, data ownership, and contractual terms (Jaco-

bides et al., 2018). Critically, structure can shape the distribution of surplus alongside produc-

tive contributions, as actors’ roles, links, and control over key resources influence how collec-

tively created value is captured (Adner, 2017; Jacobides et al., 2018; Lepak et al., 2007). Value 

delivery refers to the process through which created value reaches the intended recipient (Priem, 

2007). Burström et al. (2021) treat delivery as a separate BM dimension involving new service 

routines, customer interfaces, and role distributions distinct from creating the AI solution itself. 

Failures in delivery, such as inadequate consultant handover or insufficient end-user training, 

can prevent collectively created value from reaching the production process (Burström et al., 

2021; Sjödin et al., 2023). To make these flows empirically traceable, this thesis distinguishes 

four types drawing on Adner (2017) and Jacobides et al. (2018): monetary flows (subscription 

fees, implementation fees, public funding), data flows (access rights, sharing arrangements), 
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capability and service flows (technical training, advisory support, maintenance), and risk flows 

(allocation of performance or compliance risk through contracts or SLAs) (Ströbele et al., 

2025). 

2.2.2 Value Distribution Across Ecosystem Roles  

When value creation, capture, and delivery are distributed across actors, the question of 

how this distribution is structured becomes central. Ecosystem theory suggests that the answer 

lies in roles, the functional positions actors occupy within the alignment structure (Adner, 2017; 

Jacobides et al., 2018). Adner (2017) argues that whether value materializes and how surplus 

is divided depends on each actor's position in the flow and the quality of the links connecting 

them. Value distribution is thus a structural property of the ecosystem, built into the way roles 

are defined and aligned. The ecosystem literature identifies several recurring role categories. 

Orchestrators coordinate the alignment structure, set technical standards, and shape how partic-

ipation is rewarded (Iansiti & Levien, 2004; Burström et al., 2021). Complementors provide 

specialized offerings that enhance the value proposition without controlling its architecture. 

Enablers supply implementation capacity, integration, or advisory services that translate tech-

nological possibilities into practical reality. Intermediaries reduce search and coordination costs 

by brokering connections between actors that might not find each other otherwise (Jacobides et 

al., 2018; Adner, 2017). These roles are defined by function, not firm identity: an SP might 

simultaneously act as a complementor, an orchestrator, or an enabler. How each of the four 

actor types maps to these role categories is examined empirically in the results. 

2.3 AI-Driven Business Model Innovation  

2.3.1 Business Models and Business Model Innovation: Foundations  

Business models describe how firms operate and describe the logic through which a firm 

creates, captures, and delivers value (Teece, 2010, 2018; Burström et al., 2021). The most 

widely adopted framework is Osterwalder and Pigneur’s (2010) Business Model Canvas 

(BMC), which clusters the BM into nine components into a descriptive vocabulary useful for 

practitioners but offering limited analytical guidance on the drivers of value.Amit & Zott ad-

dress exactly this gap by introducing their four design themes, novelty, efficiency, lock-in, and 

complementarity, which help identify the sources through which BM generate actual value 

(Amit & Zott, 2001; Zott & Amit, 2010).  

BMI refers to the design of new, or nontrivial modification of existing, business models 

(Foss & Saebi, 2017; Jorzik et al., 2024). BMI concerns the logic of value creation, capture, 
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and delivery rather than what is produced and how.BMI, though, can emerge through different 

pathways. Jorzik et al. (2024) distinguish between active and evolutionary BMI. Active BMI 

thereby describes where management deliberately redesigns the business model and aligns the 

firm anew in response to strategic opportunities. Evolutionary BMI describes the process by 

which a company changes incrementally through experimentation and adoption without a de-

liberate overarching design. This distinction is consequential to understanding AI-related BM 

changes as some firms proactively build AI-centered offerings, while others focus on integrat-

ing AI functionalities into existing models without intending to fundamentally redesign their 

BM and value creation process (Jorzik et al., 2024). The term BMC, as it is used in this thesis, 

refers to a specific combination of BM dimensions, including, e.g., value proposition type, rev-

enue logic, and delivery mode. These dimensions characterize how particular ecosystem actors 

create, capture, and deliver value. It is these configurations, across the four actors, that the thesis 

taxonomy aims to classify.  

2.3.2 How AI Reshapes Business Models  

The relationship between AI and BMI attracts growing scholarly attention, but the field 

remains fragmented across mechanisms, industries, and levels of analysis (Brynjolfsson & 

Mitchell, 2017; Jorzik et al., 2024). Jorzik et al. (2024) provide a central contribution towards 

structuring this landscape, as they distinguish between AI as peripheral to value creation, sup-

porting existing processes without altering the BM core logic, and AI as central to value crea-

tion, where BM fundamentally depends on the AI capabilities. This distinction between periph-

eral and core AI integration is critical for the present thesis, as an SME that is using chatbots 

for internal customer services operates under a different BM logic than a SP whose entire of-

fering is built around a proprietary ML platform. 

Burström et al. (2021) provide one of the most explicit treatments of how AI drives BMI at 

an ecosystem level. As they studied large industrial incumbents, they defined four AI function-

alities: forecasting, monitoring and control, optimization, and autonomy, and then traced how 

these AI functionalities affect value creation, capture, and delivery. Their findings show that 

AI-based value processes are not sequential but strongly interdependent and concurrent, dis-

rupting traditional value management approaches.  

Sjödin et al. (2023) link three AI capabilities (perceptive, predictive, prescriptive) with dy-

namic capabilities for commercialization, value discovery, realization, and optimization, stress-

ing that translation into a workable BM requires ecosystem value alignment routines (Mada-

naguli et al., 2024; Nambisan et al., 2019).  
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2.3.3 Business Models Across Ecosystem Actors  

The so far reviewed literature shares one limitation in common: they tend to analyze BM 

from the perspective of a single focal firm. Even in the papers that acknowledge ecosystem 

interactions, the analytical focus remains on one firm, usually a large incumbent or SP, and 

their BM adaptation in response to AI (Burström et al., 2021; Sjödin et al., 2023). This firm-

centric default obscures a feature of AI ecosystems that the previous chapters have identified 

as central: the BMC of different actors within an ecosystem is interdependent. The ability of an 

SME to create, capture, and deliver value through AI depends not only on the SMEs own 

choices but also on the revenue logic that was adopted by its SP, the service scope that was 

defined by its consultants, and the matchmaking quality offered by the intermediaries it en-

gages.  

Burström et al. (2021) gestured towards this multi-actor reality as they argued that AI-ena-

bled BMI requires the change of the whole involved ecosystem, including reconfiguration of 

roles, structures, and partnerships, and not the adjustment of a single firm’s adjustment in their 

value architecture. Jacobides et al. (2018) provide the theoretical underpinning that ecosystems 

coordinate through role-based structures governed by shared rules. E.g., a complementor’s rev-

enue models differ structurally from an orchestrator, or the delivery mode differs between an 

enabler and an intermediary. These differences are not identical and show that actors and their 

alignment structure within the ecosystem are positioned around the focal value proposition (Le-

pak et al., 2007).  

The central analytical point is this: in an AI ecosystem, the value that is created, captured, 

or delivered by a single actor is bounded by the configurations of the actors around it. This is a 

theoretical consequence of the non-generic complementarities that define ecosystem structures 

(Jacobides et al., 2018). When interdependent components of a value proposition are distributed 

across actors with misaligned business model logics, the result is unrealized value, a proposition 

that could materialize under a different alignment but does not under the current one. Classify-

ing these configurations systematically is therefore not a descriptive exercise but a prerequisite 

for identifying where and why alignment failures occur.   

2.4 SMEs and AI Adoption: The German Context  

For the context of this thesis, the term German SME must be defined precisely, as there are 

many different definitions by various defining organizations. Table 1 summarizes the three 

most relevant definitions.  
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Table 1: Different applicable SME definitions 

 

 

This thesis adopts the IfM Bonn definition as its working framework. The defined higher 

employee threshold of 500, compared to the 250 defined by the EU, reflects the reality that 

many German firms in manufacturing or industrial services sectors exceed the EU threshold. 

That is the case as they still exhibit the structural characteristics, e.g., owner-management, lim-

ited internal AI expertise, long term strategical expectation, or constrained budgets, that makes 

functionally comparable to smaller firms in their approach to AI adoption (Müller et al., 2021; 

Drees et al., 2025). Since the thesis examines ecosystem-level dynamics around AI-adoption, 

the defining criterion is not the employee size of the company but whether the firm faces the 

resource constraints and external dependencies that characterize the firm’s SME experience of 

AI implementation (Bundesnetzagentur, 2025).  

2.4.1 SMEs vs. Large Enterprises: Why SMEs Warrant Separate Study 

The German Mittelstand is a term that represents a distinctive economic context in which 

AI adoption unfolds differently than in larger corporate settings (Drees et al., 2025). These are 

the structural characteristics described in the previous chapter, which affect not only how firms 

relate to external partners but also how they absorb and act on new technological knowledge.  

Müller et al. (2021) provide direct evidence for this divergence. Examining 221 German 

manufacturing firms, they found that business model design in the context of Industry 4.0 dif-

fers significantly between SMEs and large enterprises. The results show that for SMEs, the 

potential absorptive capacity, or the ability to acquire external knowledge, is a stronger predic-

tor of BMI than realized absorptive capacity, which captures the ability to transform and exploit 

their knowledge (Cohen & Levinthal, 1990; Zahra & George, 2002). Transferred to the AI con-

text of this thesis, this means that many SMEs can recognize AI-related opportunities in their 

environment and ecosystem, but struggle to convert the opportunities into operational imple-

mentations. On the other side, large firms tend to have more developed processes for both stages 

of the absorption process and can draw on dedicated R&D units, larger IT departments, and 
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broader partner networks to close the gap between knowledge acquisition and application, re-

sources that most SMEs have not or only partially (Müller et al., 2021).  

2.4.2 AI Adoption in German SMEs: State, Barriers, and Ecosystem De-

pendencies  

Empirical data on AI usage in German firms confirm that adoption is growing but remains 

unevenly distributed. Drees et al. (2025) report that approximately 33% of German SMEs al-

ready use AI solutions productively, and another 24% are running pilot projects. The Bundes-

netzagentur (2025) provides more granular data from a survey with 808 firms and reports that 

around 30% of German companies already use AI, though most of them remain in a testing 

phase.  

Only 6% of the firms in the dataset report that AI plays a central role within their business 

model, with a notably higher percentage in small and micro companies (10%) compared to large 

firms (4%) and SMEs (3%) (Bundesnetzagentur, 2025). The barriers to AI implementation in 

German SMEs have been documented with increasing specificity. Ströbele et al. (2025) identify 

ten obstacles along what they term the SME implementation journey, of which three are partic-

ularly relevant to the ecosystem perspective adopted in this thesis: skill gaps, data availability, 

and quality problems, and difficulty in selecting the right tool. The Bundesnetzagentur (2025) 

adds empirical weight to these barriers as 66% of surveyed firms cite time constraints, 59% 

report a lack of skilled personnel or know-how, 54% identify legal uncertainty as a limiting 

factor, 23% face budget constraints, and 15% report insufficient technical infrastructure.  

The observation that SMEs rarely navigate the AI adoption process independently connects 

the above-described adoption patterns and barriers to the thesis ecosystem lens. Yet the existing 

literature tends to examine these actors in isolation, missing the interdependencies that shape 

value creation, capture, and delivery (Adner, 2017; Ströbele et al., 2025).  

2.5 Taxonomy Development as a Research Strategy  

The German SME AI ecosystem involves actor types with distinct but interdependent 

BMCs not yet classified in existing literature, requiring a classification approach that can ac-

commodate empirical variety and produce transparent results. A taxonomy, as defined by Nick-

erson et al. (2013, p. 340), “… is a set of n dimensions, each consisting of mutually exclusive 

and collectively exhaustive characteristics, such that each object under consideration has only 

one characteristic per dimension”. This definition clearly distinguishes taxonomies from adja-

cent classification concepts. A typology derives its categories conceptually, constructing ideal 

types through deductive reasoning from theory (Bailey, 1994; Doty & Glick, 1994; Nickerson 



Paul Emil Eisele 

Católica Lisbon - School of Business & Economics 19 

et al., 2013). A framework organizes the relationship between constructs or actors but does not 

necessarily classify objects into discrete categories. A taxonomy is placed in between as it is 

developed iteratively through both conceptual reasoning and empirical observation.  

Nickerson et al. (2013) propose a method to develop a taxonomy that proceeds in the fol-

lowing steps. The progress starts with defining the meta-characteristics, which are the over-

arching property that guides the selection of all dimensions and characteristics in the taxonomy. 

The meta-characteristics serve as a guiding principle, as every element of the taxonomy must 

be a logical consequence of the meta-characteristics. In this thesis, the meta-characteristics are 

defined as mechanisms by which ecosystem actors create, capture, and deliver value through 

AI-enabled offerings in the German SME context.  

From the meta-characteristics, the method proceeds through iterative cycles that alternate 

between two approaches. The method alternates between empirical-to-conceptual (E2C) itera-

tions, deriving dimensions from observed patterns, and conceptual-to-empirical (C2E) itera-

tions, testing theoretically informed dimensions against the data (Nickerson et al., 2013). This 

suits the present thesis well, as the reviewed literature provides strong conceptual starting points 

that the interview data will refine. Iteration continues until predefined objective and subjective 

ending conditions are met, requiring the taxonomy to be concise, robust, comprehensive, and 

explanatory (Nikerson et al., 2013).  

A taxonomy is well-suited here because the field remains emergent and configurations are 

diverse (Jorzik et al., 2024), and because separate actor-specific taxonomies connected via a 

value-flow map capture both within-role variation and between-role interdependencies (Adner, 

2017; Jacobides et al., 2018). Based on the revised literature, the thesis’s author created the 

following conceptual value-flow framework (see Figure 1):  
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Figure 1: Literature-based AI-adopting SME ecosystem framework in the German context 



 

  

This literature-based framework served as an anchor point during data collection, with in-

terviewees invited to validate and revise the depicted value flows against their experience.  

2.6 Research Gap and Conceptual Framing  

2.6.1 Synthesis of Research Gaps  

Three research gaps emerge from the intersection of the four bodies of literature reviewed. 

Ecosystem frameworks for analyzing interdependence, alignment, and role-based coordination 

(Adner, 2017; Jacobides et al., 2018) have rarely been applied to emerging AI ecosystems, and, 

to the best of this thesis’s knowledge, have not yet been applied to the German SME context, 

where no dominant orchestrator exists. The AI-driven BMI literature remains largely firm-cen-

tric (Jorzik et al., 2024; Burström et al., 2021; Sjödin et al., 2023), with a multi-actor perspec-

tive, examining how BMCs differ across the full set of actors enabling an AI-related value 

proposition, largely absent. The SME AI adoption literature provides detailed accounts of bar-

riers and enablers in Germany (Ströbele et al., 2025; Bundesnetzagentur, 2025; Drees et al., 

2025) but consistently examines the adopting SME in isolation from the actors on whom its 

implementation depends. Taken together, the literature lacks a structured, comparative under-

standing of BMCs across the full ecosystem and of how value creation, capture, and delivery 

are distributed among actors. 

This thesis addresses these gaps by treating the German SME AI ecosystem as an alignment 

structure (Adner, 2017) held together by non-generic complementarities and governed through 

role-based coordination (Jacobides et al., 2018). Each actor operates under distinct BMCs 

shaped by ecosystem position, AI-related capabilities, and revenue and delivery logic (Bur-

ström et al., 2021; Jorzik et al., 2024). Actor-specific taxonomies are developed following Nick-

erson et al. (2013) and connected through a value-flow map tracing monetary, data, service, and 

risk flows to identify where ecosystem misalignments constrain value realization.  

3. Methodology 

3.1 Research Design 

This thesis employs a qualitative, exploratory research design. AI-driven BMI in the Ger-

man SME ecosystem remains nascent, fragmented, and insufficiently standardized as a research 

domain (Jorzik et al., 2024). The goal of the thesis is not statistical generalization but analytical 

generalization through systematic classification and ecosystem mapping.  



Paul Emil Eisele 

Católica Lisbon - School of Business & Economics 22 

The study adopts an interpretivist epistemological stance. The accounts of expert interview-

ees are treated as meaning-laden interpretations of their ecosystem experience, shaped by their 

organizational position, role logic, and professional context (Gioia et al., 2012; Magnani & 

Gioia, 2023).    

A multi-actor design is not merely methodologically convenient but theoretically mandated. 

In this thesis, AI-enabled value propositions in German SMEs cannot be understood from the 

focal firm alone, as SMEs depend on SPs for technology and technology access, consultants for 

the problem definition and implementation support, and on intermediaries for orientation and 

funding navigation. Studying a single actor in isolation would produce a structurally incomplete 

account of how value flows materialize, or fail to, across the ecosystem. Jacobides et al. (2018) 

reinforce this logic by demonstrating that ecosystem value creation rests on role-based comple-

mentarities as different actor types follow distinct business model logics, and it is precisely their 

interaction and interdependence that shape whether the AI-enabled value proposition reaches 

the SMEs.  

3.2 Sample and Data Collection 

The empirical basis consists of 19 semi-structured expert interviews across the four actor 

types, conducted between April 24 and May 8, 2026, via video call. Interviews lasted 30–90 

minutes and were audio-recorded with informed verbal consent following an explanation of the 

study's purpose, voluntary nature, and anonymized data use. Transcripts were produced using 

Microsoft Teams' built-in transcription function, manually corrected, and fully anonymized; no 

identifying details appear in this thesis or its appendices. As all interviews were conducted in 

German, transcripts were machine-translated into English using Microsoft’s built-in translation 

option and reviewed by the researcher, a native German speaker, against the German originals. 

Both versions remained accessible during coding to ensure first-order codes preserved inform-

ant meaning. The interview guides followed a common thematic structure oriented around ac-

tors, activities, value flows, and bottlenecks in line with Adner's (2017) framework, while re-

maining open enough for respondents to elaborate on dynamics specific to their role and organ-

izational context. 

The sample was constructed through purposive and snowball sampling. Purposive sampling 

guided the initial selection across the four actor types, including SMEs at different AI maturity 

stages, SPs with distinct BM archetypes, consultants from boutique to large firms, and interme-

diaries spanning different mandates and funding models. Snowball sampling extended the sam-

ple where direct outreach proved insufficient, as the German SME AI ecosystem constitutes a 
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fragmented expert population without a shared registry (Parker et al., 2019). This approach 

carries selection bias risk and potential overrepresentation of well-connected actors (Parker et 

al., 2019), mitigated by balanced sampling across four structurally different actor types and 

deliberate inclusion of critical perspectives such as a non-adopting SME. The sample does not 

claim statistical representativeness; the aim is analytical variation sufficient to support cross-

actor comparison. Table 2 summarizes the sample. 

 

Table 2: Overview of Actor-Specific Interview Partners 
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3.3 Data Analysis  

The data analysis proceeds in three sequential but iterative stages. The stages are analyti-

cally distinct from one another yet closely connected, as actor-specific coding and thematic 

analysis provide the empirical foundation for the taxonomy development, while both together 

inform the ecosystem value-flow map. RQ1 is addressed primarily through stages 1 and 2, and 

RQ2 in stage 3.  

3.3.1 Stage 1: Interview coding and actor-specific thematic analysis 

The interview transcripts were analyzed following the Gioia methodology (Gioia et al., 

2012), moving from first-order codes close to informant language through second-order themes 

to aggregate dimensions (Magnani & Gioia, 2023). The analysis used a hybrid procedure com-

bining manual and AI-assisted coding. Five transcripts were coded manually at the outset, se-

lected to represent the four actor types and to cover variation in AI integration and ecosystem 

positioning. Manual coding was conducted in Microsoft Excel, with each code linked to a ver-

batim excerpt. This phase established interpretive familiarity with the data and a baseline cod-

ing logic grounded in informant language before AI-assisted support was introduced. 

All 19 transcripts were subsequently processed using two large language models as struc-

tured support tools. Because AI-assisted qualitative coding remains an emerging practice with 

limited established guidance, its use was deliberately bounded. Before each session, identifying 

information was removed from the transcript. Both models received the same structured prompt 

instructing them to identify possible first-order codes in informant-centric language, link every 

proposed code to a verbatim excerpt, avoid interpretation beyond what the evidence directly 

supported, and flag ambiguous or potentially underweighted passages. The models were not 

asked to produce second-order themes, aggregate dimensions, or any form of theoretical inter-

pretation.  

All AI-generated suggestions were compared against the original transcripts. Codes were 

revised, merged, or discarded where they were too abstract, insufficiently grounded, duplica-

tive, or inconsistent with the baseline coding logic. Only suggestions supported by traceable 

transcript evidence were retained. The initial coding round produced 2,084 first-order codes 

across 19 transcripts. Following review and consolidation, these were reduced to 112 first-order 

concepts, grouped into 100 second-order themes, and condensed into five aggregate dimen-

sions. Throughout this process, coding decisions were discussed with the supervisor, and ana-

lytical memos documented the reasoning behind coding choices and the development of 

themes. Final codes, themes, aggregate dimensions, and their connecting logic were determined 
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by the researcher. Figure 2 presents a condensed version of the data structure for readability; 

the full coding output, including all 112 first-order codes, second-order themes, aggregate di-

mensions, and source references, is provided in the Appendix. 

The coding was conducted within each actor group first, producing four actor-specific anal-

ysis reports before cross-actor synthesis was attempted. This sequence preserves the distinctive 

BM logic of each actor type rather than averaging them. The four actor-specific analyses were 

then compared systematically to identify shared patterns confirmed across all 19 interviews, as 

well as divergence reflecting structurally different ecosystem positions. 

3.3.2 Stage 2: Taxonomy development 

Actor-specific taxonomies were developed following Nickerson et al. (2013). A taxonomy 

consists of mutually exclusive and collectively exhaustive categories organized around a meta-

characteristic: the unifying concept specifying what the taxonomy classifies. The meta-charac-

teristic of this thesis is the mechanisms by which ecosystem actors create, capture, and deliver 

value through AI-enabled offerings in the German SME context. Taxonomy development is 

warranted because no established classification system captures the variations in AI-enabled 

BMCs across multiple actor types, a gap identified by Jorzik et al. (2024). The four taxonomies 

are developed separately by actor type; actor type therefore functions as an organizing principle 

rather than a within-taxonomy dimension. 

The process alternated between empirical-to-conceptual and conceptual-to-empirical cycles 

(Nickerson et al., 2013): interview patterns informed new dimensions, while theory-derived 

dimensions were tested against the empirical material. Candidate dimensions included value 

proposition, AI role in the offering, value creation and capture mechanisms, revenue logic, de-

livery model, ecosystem and data dependency, risk profile, implementation depth, and vendor 

neutrality. In the first two iterations, dimensions were drawn primarily from the theoretical 

framework, producing six to eight candidates per actor type. Iterations three and four refined 

these through empirical evidence, splitting, merging, or dropping dimensions that did not dif-

ferentiate meaningfully among cases. The fifth iteration produced no reclassifications, confirm-

ing that the taxonomy had reached a stable structure. Iteration terminated when the ending con-

ditions of Nickerson et al. (2013) were satisfied: no new dimensions emerged, all cases could 

be classified, and the taxonomy demonstrated conciseness, robustness, and explanatory value. 
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3.3.3 Stage 3: Ecosystem value-flow mapping 

After actor-specific configurations were classified, value flows were mapped across six bi-

lateral relationships (SP↔SME, C↔SME, I↔SME, SP↔C, I↔SP, I↔C) using Adner's 

(2017) framework. Four primary flow types were traced: monetary, data, capability/service, 

and risk. Trust, legitimacy, and hidden employee-time costs were traced as supplementary di-

mensions. Bottlenecks were identified where flows were blocked, misaligned, or underdevel-

oped, and interpreted as ecosystem alignment failures, points where individually viable BMCs 

fail to deliver their combined value proposition. 

Qualitative credibility rests primarily on cross-actor triangulation: when the same pattern is 

independently described across all four actor types, the analytical claim is substantially stronger 

than if derived from a single perspective. A transparent chain of evidence from first-order codes 

through aggregate dimensions to taxonomy characteristics, supported by representative quotes 

and the data structure figure (Figure 1), strengthens confirmability (Gioia et al., 2012).  

4. Results  

The empirical findings are structured around five aggregate dimensions emerging from the 

Gioia coding process: AI BMCs, Ecosystem Value Flows, Adoption Barriers and Bottlenecks, 

Ecosystem Roles and Coordination, and Structural Dependencies and Power Asymmetries (Fig-

ure 2). Each dimension is developed as an analytical argument, with interview quotes used as 

evidence rather than as substitutes for analysis.  

4.1 AI business model configurations 

The central finding of this dimension is that AI BMCs in the German SME ecosystem are 

organized around risk-bounded incrementalism rather than transformative innovation. Across 

all four actor types, the dominant logic is containment: contain the customization cost, the in-

vestment threshold, the organizational disruption. This is a structural response to the readiness 

conditions in SME markets, shaping how AI is packaged, priced, and delivered. SP4 illustrates 

this logic: "In the beginning, we did a lot about project business, i.e., one-time implementation 

and then maintenance contracts. This was not economically sustainable" (SP4). The shift to-

ward subscription-based recurring revenue is a risk containment mechanism designed to make 

AI commercially viable within SME cost tolerance. 

SPs have converged on a hybrid architecture combining a standardized software core with 

a bounded customization and implementation layer. The subscription provides recurring reve-
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nues, while the implementation fee covers customer-specific integration. What this model con-

ceals is a transfer of effort to the SME. "There is still an implementation effort"(SP3, SP4) 

understates what the data reveal: the implementation effort is often the majority of what the 

SME experiences. The subscription price is visible and appears modest; the total cost of adop-

tion, including employee time, data preparation, process redesign, and change management, is 

neither priced nor disclosed. This cost visibility asymmetry is a structural feature of the hybrid 

model. 

In the most advanced adoption case (SME5), AI has become entirely invisible as a cus-

tomer-facing proposition. The SME sells reliability and guaranteed delivery windows; AI is the 

internal mechanism that makes these commitments feasible. "AI is not the value proposition; 

the customer buys reliability" (SME5) captures a configuration in which AI functions as mar-

gin-protecting infrastructure rather than a differentiated product. 
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Figure 2: Gioia coding results 
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This contrasts sharply with how SPs frame their offerings, which consistently foreground 

AI as the source of customer value. The gap between these two framings is not merely rhetori-

cal, as it reflects a fundamental difference in how AI is integrated into business model logics. 

For the advanced SME adopter, AI has been absorbed into the operational core; for the SP, AI 

remains the product. This divergence is visible not only in how SMEs describe their own adop-

tion but in how consultants observe the SP-SME interaction. C1 describes the pattern directly: 

“They come into the first demo and show the glossy version. The medium-sized company is 

enthusiastic. And then in the implementation, you realize it doesn’t work with your data.” (C1). 

A third configuration pattern, visible across both consultants and SME interviews, is the 

progressive erosion of the boundary between technology provision and advisory work. SMEs 

report experiencing their SP and consultants as a single integrated delivery team, as captured in 

the observation that “solution provider and consultant are one team for us” (SME4).  

4.2 Ecosystem Value Flows 

The German SME AI ecosystem operates on a broader range of value flows than conven-

tional commercial framing suggests. The central finding of this dimension is that non-monetary 

flows, data, domain knowledge, employee time, trust, and reputational legitimacy are often 

preconditions for monetary flows to occur yet are systematically undervalued by the actors who 

supply them. 

SMEs do not simply pay a subscription fee; they contribute operational data for model train-

ing, invest employee time in testing and feedback, expose proprietary process knowledge, and 

provide reference legitimacy that SPs use to acquire subsequent customers. The hidden cost 

dimension is confirmed from both sides. From the SME perspective: "data preparation cost us 

the most effort and actually took longer than the actual AI implementation. The service provider 

needed three months just to prepare the data" (SME1). From the provider side: "Our customers 

invest weeks of employee time in data cleansing, workshops, testing. This is nowhere in the 

framework as flow, but it is a huge factor" (SP4). The practical consequence is that ROI calcu-

lations are built on an incomplete cost base: employee time invested in data preparation, work-

shop participation, and iterative testing is a real cost that appears in no invoice and figures in 

no business case. 

Data flows create a structural ambiguity at the heart of the SP–SME relationship. SPs de-

pend on customer data to train and improve their models, yet SMEs provide this data typically 

without formal valuation or contractual clarity about what happens to the model once trained 

on proprietary process knowledge. "The trained model belongs to us, but it is a grey 

area" (SP4) points to an ownership ambiguity that neither party has resolved. From the SME's 
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perspective, providing data access is necessary to move from a standard product to a customized 

solution, but the resulting asset remains outside the SME's full control. 

Trust and referral flows function as the primary acquisition infrastructure for both SPs and 

consultants. The majority of SP–SME and consultant–SME matches in the sample originated 

through personal networks and informal referrals rather than through institutional chan-

nels. "Word of mouth is our most important sales channel" (C2, SP2, SP4) reveals that the eco-

system's actual connectivity runs through informal relationships rather than the institutional 

intermediary layer designed to facilitate it. "Reference customers are a huge added value for 

us, reviews, case studies, that's a very important reference value for new customers" (SP1). 

4.3 Adoption Barriers and Bottlenecks  

The dominant finding of this dimension is that AI adoption in the German SME context is 

constrained not by the technology itself but by the organizational and data preconditions re-

quired for it to function. Across all 19 interviews, data readiness emerged as the most consist-

ently cited barrier. The structural conditions for AI value creation are frequently absent before 

implementation begins, orders arriving by phone and spreadsheet, processes existing only as 

tacit knowledge in long-tenured employees, ERP systems too outdated to export clean records, 

customer data scattered across disconnected tools. SP4 describes the typical conditions: "The 

data is there, but chaotic. Inconsistent article titles, duplicates, missing categorizations, and 

sometimes even data that is only stored in Excel lists. [...] I would say 80 percent of our project 

delays come from the fact that the customers data is not what it needs to be" (SP4). For non-

adopters, data readiness is not merely a delay but a decisive adoption blocker: "The provider 

had told us that we first had to get our data master in order … and that was also a reason why 

we decided against it" (SME2). The cost of resolving this precondition falls almost entirely on 

the SME, whose subscription fee does not include the data preparation work that makes the 

subscription valuable. 

The ROI measurement problem is structurally distinct from data readiness, though the two 

reinforce each other. SMEs cannot calculate the return on AI investment because the causal 

structure of AI-enabled improvement resists attribution, compounded by the hidden costs de-

scribed in section 4.2. Efficiency gains in routing, error reduction, and administrative pro-

cessing are real, but none can be cleanly separated from simultaneous changes in staffing, mar-

ket conditions, or concurrent process improvements. "We don't know how to calculate the 

ROI" (SME2) is not an admission of weakness but a structurally correct observation. This un-

certainty extends to adopters: "The return on investment of the individual tools has not been 
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properly calculated" (SME1). The consequence is that SMEs who have adopted AI remain 

strategically uncertain about whether to expand, unable to demonstrate to themselves or their 

funders that the current investment has delivered. 

The shadow AI phenomenon inverts the conventional adoption framing. In multiple SME 

cases, employees had adopted consumer-grade AI tools privately before any organizational de-

cision had been made, with company email addresses registered on external AI platforms with-

out the managing director's knowledge. "We didn't want to block AI, it would be like banning 

the internet" (SME3). The organization moved to adopt a formally governed enterprise solution 

to contain the data security exposure created by informal employee behavior. Formal AI adop-

tion was driven not by the prospect of operational improvement but by the governance risk of 

uncontrolled shadow use. This pathway has direct implications for RQ1: BMCs at the SME 

level are sometimes reactive rather than strategic, and security positioning can be the primary 

value proposition for SPs serving this entry condition. 

4.4 Ecosystem roles and coordination 

The coordination architecture of the German SME AI ecosystem is structurally misaligned 

with the needs it claims to serve. Intermediaries define themselves as orientation providers ra-

ther than implementation actors: "we do not implement; we orient" (I3) captures a self-concep-

tion that is institutionally coherent; these organizations are publicly funded and prohibited from 

commercial recommendation, but practically insufficient for SMEs that need concrete guidance 

on provider selection and implementation readiness. The commitment to neutrality simultane-

ously builds credibility and renders the intermediary's most valuable potential service, a trusted 

provider recommendation, structurally unavailable. The SME perspective confirms this: "The 

IHK events are too general and are not really aimed at our industry" (SME2). 

The impact measurement gap compounds this problem. Intermediaries measure outputs 

through activity-based indicators: events organized, participants reached, and awareness levels 

recorded. "We measure awareness, but not adoption" (I3) acknowledges that institutional fund-

ing metrics do not capture the outcomes the ecosystem needs. This reflects the incentive struc-

ture created by public funders who define success as reach rather than transformation: when 

reporting obligations reward events and participants, intermediaries rationally optimize for 

events and participants. The consequence is that the coordination layer is calibrated to the ear-

liest stage of the adoption journey with no visibility into what happens after handover. "Imple-

mentation outcomes disappear after handover" (I4), the intermediary cannot track whether a 

referral led to a successful implementation, an abandoned pilot, or no follow-up at all. 
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The consultant's role as boundary-spanning translator between business logic and technical 

feasibility is functionally critical. The SME lacks the technical vocabulary to specify a solvable 

AI problem; the provider lacks the organizational context to determine whether its technology 

addresses the right problem. The consultant occupies this gap: "We give providers SME re-

quirements and market feedback" (C3), functioning as a bidirectional bridge neither side can 

replace. However, the boundary between neutral translation and commercially motivated direc-

tion is narrow. Large consultancies with substantial vendor alliances translate business prob-

lems in directions shaped by their own capability portfolios rather than by the optimal solution 

for the SME. "If I have 50 Azure consultants and 3 AWS consultants, the recommendation tends 

one way" (C6) is not an allegation of bad faith but a structural observation: the investments that 

make a large consultancy technically credible also make its recommendations systematically 

non-neutral. SME clients cannot assess this bias because they lack the technical knowledge to 

evaluate whether the recommendation reflects the best available solution or the best available 

within the consultant's alliance portfolio (Eisenhardt, 1989). The ecosystem's fragmented coor-

dination compounds this: with "too many parallel structures" (I3), SMEs face not only biased 

advice but a support landscape so fragmented that navigating it becomes an adoption barrier. 

4.5 Structural dependencies and power asymmetries 

A structurally consequential finding is located not in any single bilateral relationship but in 

the upstream architecture underlying all of them. The German SME AI ecosystem rests on an 

infrastructure layer of hyperscalers, LLM providers, and ERP/CRM vendors that none of the 

four focal actor types controls and most SMEs cannot see. SPs build their offerings on models 

and cloud infrastructure whose pricing and availability they do not govern (Rochet & Tirole, 

2003). "Hyperscalers and LLM providers determine what we can offer and at what price" (SP4) 

describes precisely where structural power sits in the ecosystem. The consequence is a cost and 

risk pass-through mechanism running from infrastructure providers through SPs to SMEs, with 

each layer absorbing some risk and passing the remainder downstream. The SME subscribing 

to a logistics optimization platform does not know that its subscription pricing is partly deter-

mined by the commercial relationship between its SP and an upstream model provider whose 

terms neither party negotiated. "If OpenAI doubles API prices, it changes our business 

model" (SP3). The upstream pricing power is not hypothetical but a live commercial risk that 

SPs manage by passing cost increases downstream. From the SME side, this layer is invisi-

ble: "Our provider buys a cloud and an AI model; we don't know who is behind it" (SME4). 
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The ERP/CRM vendor layer introduces a second upstream dependency. AI solutions re-

quiring integration with existing enterprise systems must connect through interfaces that ERP 

vendors control and can modify. "If ERP providers change their interface, we have a prob-

lem" (SP1). A technically functioning AI solution can be disrupted by an interface change the 

SP did not initiate, and the SME did not anticipate. "SAP, Microsoft Dynamics, SAGE interfaces 

are critical" (SP4) names a dependency that determines whether an AI solution can be opera-

tionally deployed in a given SME's system environment. SPs who cannot guarantee interface 

stability cannot guarantee delivery. The SME, which often selected its ERP system years before 

considering AI adoption, inherits a compatibility constraint it did not anticipate and cannot eas-

ily resolve. 

Risk allocation follows a consistent asymmetric logic. SPs carry technical and platform risk 

but disclaim accountability for business outcomes. Consultants bear reputational risk but limit 

contractual liability to process deliverables. Intermediaries carry no commercial risk by institu-

tional design. The actor bearing full commercial risk of adoption failure, the SME, is also the 

actor with the least financial resilience, the least technical capability to evaluate solutions, and 

the highest key-person dependency. "Risk lies with the customer" (SP1, SP2, SP4, C2, C4, C5) 

was stated across SP and consultant interviews as a structural fact: it reflects the difficulty of 

guaranteeing performance when outcomes depend on data quality, organizational readiness, 

and change management variables the provider does not control. The structural result is an 

ecosystem where the party most exposed to failure has the fewest tools to prevent it. "Afraid of 

dependencies"(SME1) captures a concern that the adoption decision creates reliance on actors 

whose performance the SME cannot control. 

SMEs consistently articulate a need for an advisor who is simultaneously technically com-

petent, financially accessible, and commercially neutral. The ecosystem does not supply this 

actor. Large consultancies possess the technical depth but are priced beyond most SMEs and 

carry vendor alliance biases. Boutique consultancies are more accessible and neutral but may 

lack the capability to evaluate complex offerings. SPs are technically competent but structurally 

conflicted as recommenders of their own products. Intermediaries are neutral but non-technical 

and non-operational. "Competent, affordable, and neutral at the same time" (C6) names a com-

bination that every actor partially provides and none fully delivers. "Large consultancies are 

too expensive, boutiques lack technical depth, providers have conflicts of interest" (C2) con-

firms this from a second perspective. This is not a market failure in the conventional sense. In 

Adner's (2017) terms, it is a coordination failure: the combination of attributes the focal value 
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proposition demands does not correspond to any viable actor configuration currently operating 

in the ecosystem. 

4.6 Taxonomy Development  

Actor-specific taxonomies were developed following the iterative method of Nickerson et 

al. (2013), as described in Section 3.3.2. The process ended after five iterations when the ob-

jective and subjective ending conditions were satisfied (see Section 4.6.5). 

4.6.1 AI-adopting SMEs Taxonomy  

The objects classified are the AI adoption and BMCs of the five interviewed SMEs. The 

initial dimensions of AI role and value capture mechanisms were derived from the literature 

(Jorzik et al., 2024; Burström et al., 2021). Two dimensions emerged inductively from the in-

terview evidence: adopting trigger, which captures the distinct pathways through which AI en-

tered SME operations (including shadow AI use as a security-driven trigger (SME3)), and dom-

inant readiness bottleneck, which was elevated to a taxonomy dimension because the findings 

in Section 4.3 show that bottlenecks are not merely contextual barriers but structural determi-

nants of whether and how SMEs create value through AI.  

Table 3: AI-adopting SME Taxonomy 
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Table 4: AI-adopting SME Case Classification 

 

4.6.2 AI Solution Providers Taxonomy  

The objects classified are the BMCs of the four interviewed AI SPs. The literature-derived 

dimensions of revenue logic (Kohtamäki et al., 2019) and offering architecture were refined 

empirically: the interview evidence related three distinct SP archetypes (vertical end-to-end, 

horizontal platform, consulting-implementation hybrid) that the Servitization literature does not 

directly map. Two dimensions were added inductively: upstream dependency exposure, which 

captures the finding from Section 4.5 that hyperscalers’ and LLM-providers pricing directly 

conditions what SPs can offer, and consulting functions absorption, which classifies the extent 

to which SPs have taken over the advisory functions traditionally performed by consultants.  
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Table 5: AI Solution Provider Taxonomy 

 

 

Table 6: Solution Provider Case Classification 
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4.6.3 Consultants Taxonomy 

The objects classified are the BMCs of the six interviewed consultants. The most conse-

quential dimension to emerge from the empirical data is vendor neutrality, which the interview 

evidence shows inversely correlates with firm size and technical depth. Boutique consultancies 

maintain strict neutrality as a competitive differentiator, while large consultancies trade neu-

trality for scale advantages through certifications, co-selling, and license resale revenue. This 

dimension was separated from advisory scope because it captures a distinct value mechanism, 

whose interests the recommendations serve, rather than a scope question.  

 

Table 7: Consultants Taxonomy 
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Table 8: Consultants Case Classification 
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4.6.4 Intermediaries Taxonomy  

The objects classified are the support configurations of the four interviewed intermediary 

representatives. This taxonomy is the most inductively driven of the four, as the literature pro-

vides limited guidance for intermediary-specific dimensions. Operational depth emerged from 

the findings that the single “intermediary” label conceals at least four distinct configurations, 

ranging from information-only event providers to applied research organizations that perform 

consulting and prototyping. Impact measurement was elevated to a taxonomy dimension be-

cause it directly explains why intermediaries struggle to demonstrate value capture. 

 

Table 9: Intermediaries Taxonomy 
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Table 10: Intermediaries Case Classification 

 

 

4.6.5 Ending Conditions Check 

The developed taxonomies were checked against the objective and subjective ending con-

ditions specified by Nickerson et al (2013). Tables 11 and 12 summarize the results:  

 

Table 11: Objective conditions (Nickerson et al., 2013) 
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Table 12: Subjective conditions (Nickerson et al., 2013) 

 

 

One classification observation warrants a note. I2 operates across the boundaries of inter-

mediary and consultant roles, a boundary case that is not merely a taxonomic difficulty but an 

analytically productive finding. It suggests that the single 'intermediary' label in the German 

SME AI ecosystem conceals at least two structurally distinct configurations with different value 

mechanisms, funding logics, and operational depths. This finding is developed further in the 

discussion. 

5. Discussion 

5.1 AI Adoption as an Ecosystem Alignment Problem   

The findings of this thesis converge on a central interpretive conclusion: AI value realiza-

tion in the German SME ecosystem is constrained not by the availability of AI technology, nor 

by SME reluctance, but by the structural misalignment of BMCs, value flows, ecosystem roles, 

and dependencies across the actors whose coordination is required for an AI-enabled value 

proposition to materialize. The ecosystem possesses the component capabilities needed for AI 

value creation. Solution providers offer technically functional products. Consultants possess 

implementation expertise and business-process knowledge. Intermediaries maintain contact 

networks with SMEs. SMEs themselves recognize AI-related opportunities and, in several 

cases, have already begun informal adoption. What the ecosystem lacks is the alignment con-

figuration that would allow these distributed capabilities to combine effectively. 

This interpretation connects directly to Adner's (2017) definition of ecosystems as align-

ment structures in which the coordination of multilateral partners determines whether a focal 

value proposition materializes. The German SME AI ecosystem does not fail because a critical 

actor is absent; it fails because the actors that are present operate under business model config-
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urations that are individually rational but jointly insufficient. The solution provider's subscrip-

tion pricing assumes a cost base that excludes the SMEs hidden implementation effort. The 

consultant's advisory scope often stops where the SMEs implementation needs begin. The in-

termediary's coordination function is calibrated to awareness rather than adoption outcomes. 

The upstream infrastructure layer conditions pricing and feasibility in ways that neither the 

solution provider nor the SME fully controls. 

Jacobides et al. (2018) provide the complementary theoretical explanation for why these 

alignment failures persist. Non-generic complementarities bind the ecosystem's actors into mu-

tual dependence but do not guarantee that their business model logics are compatible. A SP 

whose model is trained on an SMEs proprietary data creates a non-generic complementarity: 

neither component retains its full value outside the relationship. But this complementarity does 

not resolve who owns the trained model, who bears the risk of implementation failure, or 

whether the SMEs total adoption cost is visible before the project begins. The findings show 

that it is precisely in these unresolved spaces, between complementarity and alignment, that the 

ecosystem's bottlenecks are located. 

5.2 Actor-Specific Configurations and the Limits of Firm-Centric BMI 

The findings demonstrate that AI business model configurations differ systematically across 

actor types, shaped by each actor's ecosystem position rather than by a single shared transfor-

mation logic.  

The dominant business model logic across all four actor types is risk-bounded incremental-

ism. Jorzik et al. (2024) distinguish between AI as peripheral and AI as central to value creation, 

and between active and evolutionary BMI. The present findings confirm this distinction but 

reveal an additional asymmetry: even where AI is central to the solution provider's offering, it 

remains peripheral in the SMEs business model. SME5 uses AI to guarantee delivery windows 

and operational reliability, but the customer-facing value proposition is reliability, not AI. This 

configuration represents evolutionary rather than active BMI in Jorzik et al.'s terms and sug-

gests that the transformation narrative overstates what is happening in business model terms 

within the German SME context. 

This finding is sharpened by the framing divergence between SPs and SMEs. SPs consist-

ently foreground AI as the source of customer value; advanced SME adopters have absorbed 

AI into operational infrastructure, where it becomes invisible to the end customer. The gap 

between how AI is sold and how it is experienced is not merely rhetorical. It reflects a structural 

difference in how AI is integrated into business model logics: for the SP, AI is the product; for 

the SME, AI is the mechanism that enables a non-AI value proposition.  
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Burström et al. (2021) argued that AI-enabled BMI requires reconfiguration of the whole 

ecosystem. The present findings empirically confirm this claim but reveal its limitation: Bur-

ström et al. analyzed ecosystem adaptation from the perspective of a single focal firm. When 

the analytical lens expands to four actor types simultaneously, the BMCs that emerge are not 

adaptations of a single firm's value architecture but distinct, actor-specific logics. The SP tax-

onomy identifies three offering architectures. The consultant taxonomy reveals an inverse cor-

relation between vendor neutrality and technical depth 

Sjödin et al. (2023) identify value discovery, value realization, and value optimization as 

dynamic capabilities for commercializing AI. The present findings extend this by showing that 

these capabilities are distributed across the ecosystem. Value discovery occurs when a consult-

ant identifies a viable AI use case. Value creation occurs when a SP deploys a model trained on 

the SMEs data. Value capture occurs when the SME achieves measurable efficiency gains. The 

alignment of these three steps depends on the BMCs of at least three different actors, and mis-

alignment between any two is sufficient to prevent value realization. 

5.3 Multi-Currency Value Flows and the Hidden Cost Architecture  

The findings reveal that value flows in the German SME AI ecosystem extend well beyond 

monetary transactions. SMEs contribute not only subscription fees but operational data, em-

ployee time, domain knowledge, process exposure, and reference legitimacy. These non-mon-

etary flows are essential preconditions for AI value creation, yet they are systematically under-

valued. 

This dynamic was independently described by respondents across all four actor types, sug-

gesting that it is a recognized but unresolved feature of the ecosystem. The practical conse-

quence is that ROI calculations are built on an incomplete cost base, making AI adoption appear 

more attractive before implementation begins and more expensive once it is underway. 

The data ownership ambiguity surrounding trained models represents one of the clearest 

value-flow asymmetries. In Jacobides et al.'s (2018) terms, this is a case where non-generic 

complementarity creates mutual dependence without resolving value appropriation. The find-

ings show that in the German SME AI context, it has occurred without the governance mecha-

nisms, contractual clarity, or pricing transparency that would make it equitable.  

Trust and referral flows constitute the ecosystem's actual acquisition infrastructure, a find-

ing with structural consequences for intermediary relevance. This finding suggests that the for-

mal intermediary architecture is not performing its intended bridging function for most ob-

served transactions. 
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5.4 Compound Bottlenecks and the Absorptive Capacity Conversion Gap 

The bottleneck architecture identified in the findings is compound rather than sequential. 

Data readiness, internal capability gaps, time constraints, and ROI uncertainty occur simulta-

neously and reinforce each other. An SME whose data is inadequate cannot demonstrate ROI; 

an SME that cannot demonstrate ROI cannot justify the time investment required to improve 

its data. This circularity distinguishes the present findings from the adoption barrier lists pro-

vided by Ströbele et al. (2025) and Bundesnetzagentur (2025), which identify barriers individ-

ually but do not theorize their interaction. In Adner's (2017) framework, this compound struc-

ture represents an alignment failure at the activity level: the activities required for value prop-

osition materialization are interdependent, and the failure of any one prevents the others from 

succeeding. 

This finding connects to the absorptive capacity literature. Müller et al. (2021) found that 

potential absorptive capacity, is particularly relevant for business model design in SMEs in the 

context of Industry 4.0. The present findings suggest that in the German SME AI ecosystem, 

the gap between potential and realized absorptive capacity is not solely a firm-level phenome-

non. SMEs across the sample can identify where AI might add value, but cannot convert these 

opportunities into productive implementations because the conversion depends on the align-

ment of the solution provider's delivery model, the consultant's advisory scope, and the inter-

mediary's coordination depth with the SMEs readiness conditions. The compound bottleneck 

structure is the ecosystem-level manifestation of this conversion failure: SMEs possess the po-

tential absorptive capacity to recognize AI opportunities but lack the ecosystem alignment that 

would enable them to realize that capacity productively. 

5.5 The Coordination Gap: Why “Competent, Affordable, and Neutral” 

Does Not Exist  

The finding that SMEs require advisory support that is simultaneously technically compe-

tent, financially accessible, and commercially neutral, while no current actor provides this com-

bination, deserves full theoretical development. It is not merely one bottleneck among many. It 

is the ecosystem's defining structural constraint, because it is the point at which the misalign-

ment between actor-specific BMCs becomes most consequential for SME value realization. 

Each actor type partially occupies this structural position but cannot fully occupy it. Large 

consultancies possess technical depth but are priced beyond most SME budgets and carry ven-

dor alliance biases that shape their recommendations toward their own certification portfolios. 

Boutique consultancies are more accessible and often more neutral but may lack the technical 
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capability to evaluate complex AI offerings. SPs offer technical competence but are structurally 

conflicted as recommenders of their own products. Intermediaries are neutral and accessible 

but non-technical and non-operational. The result is a structural gap: the combination of attrib-

utes that SMEs need does not correspond to any viable commercial or institutional model cur-

rently operating in the ecosystem. 

In Adner's (2017) terms, this represents a bottleneck that arises not from a missing capability 

but from a missing position. The present finding extends this by showing that in emerging eco-

systems, bottlenecks can also arise from structural gaps where the required combination of role 

attributes is incompatible with the business models available to fill that role. No actor can sim-

ultaneously be technically deep, commercially neutral, and affordable to SMEs, because tech-

nical depth requires investment that creates either pricing pressure (consultancies) or commer-

cial incentives (vendor alliances, product sales). The structural gap is therefore not a temporary 

market failure that competitive entry will resolve but a persistent coordination failure rooted in 

the incompatibility of the actor-specific economic logics that sustain the actors who could fill 

the position. 

The I2 boundary case provides empirical evidence that this structural gap is recognized 

within the ecosystem and that some actors are experimenting with configurations that partially 

bridge it. I2, an applied research institute, explicitly describes its function as consulting rather 

than coordination, performing requirements elicitation, software selection, and process optimi-

zation. It demonstrates that the intermediary category as theorized in ecosystem literature, de-

fined by its brokerage function (Jacobides et al., 2018), does not hold empirically as a coherent 

role category. I2's hybrid configuration shows that the structural gap is recognized and partially 

addressable through institutional models that combine public funding with technical capability, 

though a limited scale. 

This coordination gap also points toward a broader observation about the role of public and 

institutional actors in emerging AI ecosystems. Drawing on the entrepreneurial ecosystem lit-

erature, which has examined the role of institutional conditions in ecosystem performance ra-

ther than merely contextual conditions (Isenberg, 2010; Stam, 2015), the present findings sug-

gest that the public policy layer in the German SME AI ecosystem is more visible through its 

constraints than through active coordination.  Autio et al. (2014) further show that institutional 

arrangements determine not only the pace but the form of innovation activity, a finding that 

maps directly onto how public funding mandates constrain what forms of ecosystem coordina-

tion German intermediaries can perform. Whether a reorientation of public funding toward out-

come-based metrics and technically capable advisory services could partially close the "com-
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petent, affordable, and neutral" gap is a question that the present data raises but cannot answer; 

it remains a direction for future research and policy experimentation. 

5.6 Upstream Dependencies, Power Asymmetries, and the Porous Actor 

Framework  

The upstream dependency layer, hyperscalers, LLM providers, and ERP/CRM vendors in-

troduce a structural influence that the four-actor framework used in this thesis does not fully 

capture. These actors were not part of the original research design and were identified induc-

tively through the accounts of the four focal actor types. The finding that upstream pricing and 

interface decisions condition what SPS can offer, at what price, and through which interfaces 

identifies a cost and risk pass-through mechanism that runs from infrastructure providers 

through SPs to SMEs, with each layer absorbing some risk and passing the remainder down-

stream to the actor, which is least equipped to bear it. 

This upstream layer should be treated as a structural dependency condition of the ecosystem 

rather than as a fifth actor type. The present data does not support the full characterization of 

upstream BMCs, since no direct interviews were conducted with hyperscale or ERP vendor 

representatives. The upstream layer functions as a boundary condition: it does not participate 

in the value proposition directly but determines the parameters within which the participating 

actors must operate. 

A critical reflection on the four-actor framework itself is warranted. The framework served 

the thesis well as analytical scaffolding, but the empirical evidence revealed that actor bounda-

ries are operationally porous at two points. The SP–C boundary is eroding as SPs absorb con-

sulting functions, discovery workshops, needs analysis, change management, and some con-

sultants develop technical implementation capabilities. The I–C boundary is blurred by organ-

izations like I2 that perform consulting under an intermediary mandate. These boundary cases 

do not invalidate the framework but indicate that actor categories in emerging ecosystems are 

better understood as functional roles on a spectrum rather than as discrete organizational types. 

The taxonomy's ability to classify these hybrid configurations within actor-specific dimensions 

(e.g., SP D6: consulting function absorption) demonstrates that the classification approach can 

accommodate porosity without losing analytical structure. 

5.7 Surprising Findings 

Several findings were not anticipated by the theoretical framework and warrant explicit 

discussion. 
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First, the shadow AI pathway into formal adoption inverts the conventional framing of AI 

adoption as a strategic decision (Davenport & Ronanki, 2018). In the case of SME3, employees 

had adopted consumer-grade AI tools (Ronge et al., 2025) privately before any organizational 

decision had been made. The managing director's response was to adopt a formally governed 

enterprise solution to contain data security risk rather than to pursue operational improvement. 

This pathway is not theorized in the reviewed adoption literature (Ströbele et al., 2025; Bun-

desnetzagentur, 2025) and suggests that security and compliance positioning can be the primary 

value proposition for SPs serving this entry condition.  

Second, the hidden cost finding’s consistency across all four actor types is surprising: SPs, 

consultants, intermediaries, and SMEs all independently described the same dynamic, suggest-

ing it is a stable ecosystem feature rather than an information problem that transparency alone 

could address.  

Third, the SP–SME framing divergence, where SPs foreground AI as the value proposition 

while advanced SME adopters have absorbed AI into invisible operational infrastructure, was 

not anticipated by the literature. This inverts the assumption, implicit in much of the AI-BMI 

discourse, that AI-centrality indicates advanced business model maturity. 

5.8 Theoretical Contributions  

This thesis makes four theoretical contributions. 

First, it contributes to the AI-driven BMI literature by moving beyond the focal-firm per-

spective that dominates existing work (Jorzik et al., 2024; Burström et al., 2021; Sjödin et al., 

2023). By examining BMCs across four actor types simultaneously, the thesis demonstrates 

that AI-related BMCs differ systematically by ecosystem position and that the dominant con-

figuration logic is risk-bounded incrementalism rather than transformative innovation. This ex-

tends Jorzik et al.'s (2024) distinction between active and evolutionary BMI by showing that 

even the most advanced SME configurations represent evolutionary BMI in practice. 

Second, it contributes to ecosystem theory by providing one of the first empirical applica-

tions of Adner's (2017) ecosystem-as-structure framework and Jacobides et al.'s (2018) role-

based coordination logic to an emerging AI ecosystem without a dominant orchestrator. The 

findings show that alignment failures in this setting are structural rather than behavioral. The 

"missing position" concept, a bottleneck caused not by absent capabilities but by incompatible 

role-attribute combinations, extends Adner's ecosystem-as-structure logic by showing how 

alignment failures can arise when a necessary position does not correspond to a viable business 

model.  
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Third, it contributes to the SME AI adoption literature by reframing adoption barriers as 

ecosystem-level bottlenecks. Ströbele et al. (2025) and Bundesnetzagentur (2025) identify bar-

riers individually. The present thesis shows that these barriers are compound, co-occurring, and 

produced by the ecosystem configuration rather than by SME-internal limitations alone. The 

ecosystem-level explanation for the gap between potential and realized absorptive capacity 

(Müller et al., 2021; Cohen & Levinthal, 1990) represents a specific contribution: SMEs cannot 

convert recognized opportunities into productive implementations because the conversion de-

pends on structurally absent ecosystem alignment. 

Fourth, it contributes to taxonomy research by applying Nickerson et al.'s (2013) iterative 

method to classify actor-specific AI BMCs in an emerging empirical context. The Gioia meth-

odology identifies themes; the taxonomies classify individual cases along defined dimensions, 

making within-actor variation visible and enabling cross-actor comparison. This demonstrates 

that the Nickerson et al. method is productive for multi-actor ecosystem analysis, not only for 

single-object classification. 

5.9 Practical Implications 

For SMEs, AI adoption decisions should be evaluated based on total cost of ownership 

(TCO), including internal employee time, data preparation, and organizational change, rather 

than subscription pricing alone. Data readiness should be treated as a business model precondi-

tion, not an IT afterthought. The shadow AI finding suggests that SMEs should proactively 

govern employee AI use rather than waiting for security incidents to force reactive adoption 

decisions (Davenport & Ronanki, 2018). 

For SPs, making implementation effort and data requirements transparent at the pre-sales 

stage would reduce the ROI uncertainty that suppresses adoption scaling. The progressive ab-

sorption of consulting functions is a structural response to a coordination gap, but it carries 

neutrality risks that should be managed transparently. Providers should also clarify upstream 

dependency exposure so that SME clients can assess the cost and continuity risks embedded in 

their subscription. 

For consultants, the inverse relationship between vendor neutrality and technical capability 

represents both a structural challenge and a competitive opportunity. Boutique consultancies 

that can credibly combine neutrality with technical depth would occupy the structural position 

the ecosystem currently lacks. Large consultancies should consider disclosing alliance relation-

ships and certification portfolios to enable SMEs to evaluate whether recommendations reflect 

the optimal solution or the consultant's capability investments. 
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For intermediaries, a shift toward outcome-oriented metrics tracking whether SMEs ad-

vance to implementation would better align incentives with ecosystem needs, with the I2 model 

as a configuration worth exploring. For policymakers and public funders, the findings suggest 

that public funding for intermediary programs should be restructured around adoption outcomes 

rather than awareness outputs. The trilemma finding further suggests that policymakers should 

consider whether a neutral, technically competent, and financially accessible advisory function 

could be created or funded through public mechanisms, since the market alone does not produce 

this combination. 

5.10 Proposed Ecosystem Framework 

The empirical findings necessitate a revision of the literature-based conceptual value-flow 

framework presented in Section 2.5. Three modifications are warranted. 

First, the framework must incorporate the upstream dependency layer. Hyperscalers, LLM 

providers, Cloud providers and ERP/CRM vendors were not part of the original four-actor 

framework but were unanimously identified by respondents across all four actor types as struc-

turally determinative. The revised framework positions this upstream layer as a structural de-

pendency condition rather than a fifth actor type, reflecting the boundary-condition interpreta-

tion supported by the data. 

Second, the framework must reflect the empirical finding that actor boundaries are porous. 

The SP–C boundary is eroding through consulting function absorption; the I–C boundary is 

blurred by organizations performing consulting under intermediary mandates. The revised 

framework represents these boundaries as permeable rather than fixed, reflecting the hybrid 

configurations observed in practice. 

Third, the framework must incorporate the non-monetary value flows that the empirical 

findings revealed as essential. Data flows, employee time, domain knowledge, trust, referral 

legitimacy, and risk transfers operate alongside monetary flows and are often preconditions for 

monetary exchanges to occur. The revised framework (see Figure 3) traces all four flow types, 

monetary, data, capability/service, and risk, across the six bilateral relationships (SP«SME, 

C«SME, I«SME, SP«C, I«SP, I«C), with bottleneck indicators (see Table 13) marking 

where flows are blocked, misaligned, or underdeveloped.
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Figure 3: Empirical ecosystem framework for AI adoption in German SMEs 
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Table 13: Empirical bottleneck zones in the German SME AI ecosystem 
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6. Conclusion 

6.1 Restating the Research Problem 

This thesis set out to investigate how value creation, capture, and delivery are configured 

across actors in the German SME AI ecosystem and how value flows and bottlenecks shape 

value realization. The research problem was motivated by the observation that AI tools are 

increasingly available to German SMEs, yet availability alone does not translate into productive 

use.  

The central finding is that AI value realization in the German SME ecosystem is constrained 

not by technological immaturity or SME unwillingness but by structural misalignment between 

the BMCs of the actors whose coordination the value proposition demands. 

6.2 Answering RQ1 

The findings show that configurations differ systematically across actor types. SMEs adopt 

AI predominantly as internal operational infrastructure or peripheral productivity support, cap-

turing value through cost avoidance, margin protection, and operational efficiency. In the most 

advanced case observed (SME5), AI has become invisible to the customer: the value proposi-

tion is reliability, not technology, and AI functions as the internal mechanism that makes this 

commitment operationally feasible. This represents evolutionary rather than active BMI in Jor-

zik et al.'s (2024) terms and suggests that the dominant AI-BMI logic in the German SME 

context is risk-bounded incrementalism rather than transformative innovation. 

SPs have converged on hybrid architectures that combine standardized AI cores with 

bounded customization and implementation layers. The SP taxonomy identifies three distinct 

offering architectures: vertical end-to-end, horizontal platform, and consulting-implementation 

hybrid, revealing supply-side variation that firm-centric studies do not capture. 

Consultants operate along a spectrum defined by the inverse relationship between vendor 

neutrality and technical depth. Large consultancies offer implementation capability but carry 

alliance-driven recommendation biases; boutique consultancies maintain independence but 

may lack the technical scale to evaluate complex offerings.  

Intermediaries reveal at least four functionally distinct configurations, from awareness-only 

event providers to applied research organizations that perform consulting and prototyping, chal-

lenging the assumption that intermediaries constitute a single coherent actor type. The I2 bound-

ary case, where an applied research institute explicitly describes its function as consulting rather 
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than coordination, demonstrates that the intermediary category as theorized in the ecosystem 

literature does not hold as an empirically uniform role. 

6.3 Answering RQ2  

The findings show that value flows in the ecosystem are multi-currency and asymmetric. 

SMEs contribute not only subscription fees but also operational data, employee time, domain 

knowledge, process exposure, and reference legitimacy. These non-monetary flows are essen-

tial preconditions for AI value creation but are systematically undervalued: they appear in no 

invoice, are excluded from business cases, and are not reflected in the ROI calculations that 

SMEs attempt to construct.  

The bottleneck architecture is compound rather than sequential. Data readiness, internal 

capability gaps, ROI uncertainty, and time constraints co-occur and reinforce each other. The 

most consequential bottleneck is structural: SMEs require advisory support that is simultane-

ously competent, affordable, and neutral, but no current actor provides this combination. This 

"missing position" represents a coordination failure that no single actor's business model ad-

justment can resolve.  

6.4 Limitations 

The qualitative design with 19 interviews supports analytical but not statistical generaliza-

tion. Purposive and snowball sampling may overrepresent visible actors (Parker et al., 2019). 

The intermediary sample is regionally concentrated in southern Germany, one of the country's 

strongest intermediary ecosystems; intermediary marginality may be more pronounced in re-

gions with weaker support structures, meaning the findings likely understate rather than over-

state the coordination gap. The consultant sample skews toward large firms (four of six), limit-

ing robustness of claims about boutique configurations. 

The research is cross-sectional and captures a rapidly evolving ecosystem. The upstream 

dependency layer was identified through focal actor accounts; no direct interviews were con-

ducted with hyperscalers, LLM providers, or ERP vendors, meaning the upstream analysis re-

flects downstream perceptions. Translation from German to English using machine translation, 

reviewed by the researcher as a native German speaker with both versions accessible during 

coding, introduces a risk that nuances may have been altered, though the bilingual approach 

mitigates this. The hybrid coding procedure, while bounded and subject to full researcher con-

trol, warrants transparency as a methodological choice. 
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The taxonomies are an initial empirical classification, not a universal taxonomy. Several 

characteristics are supported by single cases and require validation with larger samples. Actor 

boundaries proved empirically porous, particularly at the SP–C and I–C intersections, indicat-

ing that actor types should be understood as functional roles rather than discrete categories. 

6.5 Future Research 

First, the actor-specific taxonomies are grounded in 19 qualitative cases. A quantitative sur-

vey study could test whether the taxonomy dimensions hold across a broader population and 

reveal whether the within-actor variation observed, such as the three SP archetypes or the four 

intermediary configurations, is statistically robust.  

Second, the upstream dependency layer was identified inductively but not studied directly. 

A dedicated study interviewing hyperscalers, LLM providers, and ERP/CRM vendor represent-

atives alongside downstream actors would clarify whether upstream providers constitute a fifth 

actor type and whether downstream perceptions of upstream influence align with upstream self-

characterizations.  

Third, this thesis captures a cross-sectional snapshot of an emerging ecosystem. A longitu-

dinal multiple-case study tracking the same SMEs and their ecosystem partners over 12 to 24 

months would reveal how BMCs evolve as the ecosystem matures, whether the compound bot-

tleneck structure dissolves or solidifies over time, and whether the SP–C boundary collapse 

produces stable hybrid configurations or creates new coordination problems.  

Fourth, the "competent, affordable, and neutral" trilemma identifies a structural gap but 

does not test solutions. An action research or design science study developing and piloting a 

neutral AI advisory model for SMEs, whether publicly funded, cooperative, university-based, 

or hybrid, would address the most practically consequential finding of this thesis. Comparing 

different advisory models across institutional forms would clarify which configurations come 

closest to bridging the trilemma and under what conditions. 

Finally, a cross-country comparative study applying the same multi-actor taxonomy ap-

proach to SME AI ecosystems in comparable European economies would test whether the 

alignment failures identified here are specific to the German Mittelstand context or generaliza-

ble to other SME-intensive economies. 

6.6 Closing Reflection 

This thesis contributes a multi-actor, taxonomy-based analysis of how AI-enabled value 

creation, capture, and delivery are configured and constrained in the German SME AI ecosys-
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tem. It moves beyond the focal-firm perspective by examining BMCs across four actor types 

simultaneously and classifying them through taxonomies grounded in Nickerson et al.'s (2013) 

method. It extends ecosystem theory by applying Adner's (2017) and Jacobides et al.'s (2018) 

frameworks to an emerging, non-platform-centric AI ecosystem and identifying a new form of 

bottleneck, the "missing position", where the required combination of role attributes does not 

correspond to any viable business model. It reframes SME adoption barriers as ecosystem-level 

bottlenecks, showing that the gap between potential and realized absorptive capacity is the 

product of structural misalignment across the actors on whom the SME's adoption depends. 

The challenge this thesis identifies is not how to make AI available to German SMEs. AI is 

available. The challenge is how to align ecosystem roles, value flows, and responsibilities so 

that the capabilities already present in the ecosystem can combine into value that SMEs can 

realize. Until that alignment is achieved, the gap between AI's recognized potential and its pro-

ductive implementation in the German Mittelstand will persist, not for lack of technology, but 

for lack of coordination. 
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8. Appendix 
 

Table 14: Overview of interviews and interview partners 

 

 

Table 15: Overview of interviewee companies 

Actor Type Interview 

No. 

Interview 

Code 

Company Description 

AI-Adopting 

SME 

1 SME1 Family-owned SME active in specialized component trading 

for a premium consumer-goods segment. The company serves 

both business customers and private customers through per-
sonal sales and digital ordering channels. 

2 SME2 Family-owned regional trading company supplying materials 

to business customers in a traditional construction-related sec-

tor. The company operates mainly through long-standing cus-

tomer relationships and short-term delivery capability.  

3 SME3 Medium-sized industrial manufacturer producing specialized 

technical components for business customers in machinery-re-

lated industries. The company operates internationally and is 

gradually expanding its digital and AI capabilities. 
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Actor Type Interview 

No. 

Interview 

Code 

Company Description 

4 SME4 Medium-sized machinery and plant engineering company pro-

ducing industrial equipment for processing and handling mate-

rials. The company combines machine sales with service and 

spare-parts activities. 

5 SME5 Family-owned regional logistics SME providing transport and 

logistics services to industrial business customers. The com-

pany operates its own fleet and focuses on reliability, flexibil-

ity, and regional customer proximity. 

Consultants 6 C1 Small management consultancy supporting industrial SMEs in 

process optimization, sales, service, and transformation pro-

jects. The firm works with a small internal team and selected 
external specialists. 

7 C2 Boutique consultancy supporting SMEs in digital transfor-

mation, process improvement, provider selection, implementa-

tion support, and change management. AI-related advisory 

work has recently become a growing part of its activities. 

8 C3  Large technology and transformation consultancy supporting 

enterprise software and system-transformation projects for 

medium-sized and large organizations.  

9 C4 Large technology and transformation consultancy supporting 

enterprise software and system-transformation projects for 

medium-sized and large organizations. 

10 C5 Large technology and transformation consultancy supporting 

enterprise software and system-transformation projects for 

medium-sized and large organizations. 

11 C6 Large technology and transformation consultancy supporting 

enterprise software and system-transformation projects for 
medium-sized and large organizations. 

Intermediaries 12 I1 Publicly funded regional economic development organization 

supporting companies, start-ups, public institutions, and mu-

nicipalities through networking, knowledge transfer, and inno-

vation-related initiatives. 

13 I2 Applied research organization supporting companies and pub-

lic institutions in digital transformation, innovation, and tech-

nology-related implementation projects. 

14 I3 Regional business association supporting companies through 

advisory services, networking, training, information events, 

and representation of business interests. 

15 I4 Regional innovation intermediary connecting businesses, re-

search organizations, public-sector actors, and technology 

stakeholders to support AI-related knowledge transfer and col-

laboration. 

Solution Pro-

vider 

16 SP1 German AI solution provider offering sensor-based monitor-
ing and analytics software for industrial equipment and 

maintenance-related use cases. 

17 SP2 German software provider offering a secure enterprise plat-

form for accessing and managing generative AI tools across 

organizations. 

18 SP3 German AI solution provider offering software and implemen-

tation support for industrial companies, with a focus on AI-en-

abled process automation and enterprise use cases. 

19 SP4 German AI solution provider offering software solutions for 

forecasting, process automation, and decision support in trade- 

and logistics-related business processes. 



 

  

Table 16: Gioia Coding Output 

First-Order Code (informant 

language) 

Second-Order Code (researcher 

theme)  

Aggregate Dimension Relevant to RQ Actor Type(s) Interview ID(s) 

Everything is focused on the sub-

scription. 

Packaging AI into scalable recur-

ring-revenue models 

AI Business Model Con-

figurations 

RQ1, RQ2 AI Solution Provider SP1; SP2; SP4; 

SME1; SME5 

The platform is standardized. Packaging AI into scalable recur-

ring-revenue models 

AI Business Model Con-

figurations 

RQ1 AI Solution Provider SP1; SP2; SP4 

We don’t build something for 

each customer. 

Standardizing the AI core while 

limiting customization 

AI Business Model Con-

figurations 

RQ1 AI Solution Provider SP2; SP4 

We have a core and adapt it. Standardizing the AI core while 

limiting customization 

AI Business Model Con-

figurations 

RQ1 AI Solution Provider SP4; SP1 

Customizing is 30 to 40 percent 

of the initial project. 

Balancing scalability with cus-

tomer-specific adaptation 

AI Business Model Con-

figurations 

RQ1 AI Solution Provider; 

SME Adopter 

SP4; SME1; SME5 

There is still an implementation 

effort. 

Combining productized AI with im-

plementation services 

AI Business Model Con-

figurations 

RQ1, RQ2 AI Solution Provider; 

Consultant/Integrator 

SP3; SP4; SME1; 

SME5; C3; C5 

One-time implementation fees at 

the beginning. 

Combining productized AI with im-

plementation services 

AI Business Model Con-

figurations 

RQ1, RQ2 AI Solution Provider; 

SME Adopter 

SME1; SME5; SP4; 

SP1 

Support is included in the sub-

scription. 

Embedding ongoing support into AI 

delivery models 

AI Business Model Con-

figurations 

RQ1 AI Solution Provider SP4; SME1; SME5; 

SP1 

Not a six-figure commitment. Lowering adoption thresholds 

through modular entry models 

AI Business Model Con-

figurations 

RQ1, RQ2 AI Solution Provider; 

SME Adopter 

SP2 

Start small and only move up 

when they are satisfied. 

Lowering adoption thresholds 

through staged adoption 

AI Business Model Con-

figurations 

RQ1, RQ2 AI Solution Provider; 

SME Adopter 

SP1; SME2 

Everything from a single source. Blurring consulting, implementa-

tion, and technology provision 

AI Business Model Con-

figurations 

RQ1 AI Solution Provider; 

Consultant/Integrator 

SME1; SME4; C6 
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First-Order Code (informant 

language) 

Second-Order Code (researcher 

theme)  

Aggregate Dimension Relevant to RQ Actor Type(s) Interview ID(s) 

Solution provider and consultant 

are one team for us. 

Blurring consulting, implementa-

tion, and technology provision 

AI Business Model Con-

figurations 

RQ1 SME Adopter; AI Solu-

tion Provider 

SME4 

We deliver the technology. Differentiating technology provi-

sion from change enablement 

AI Business Model Con-

figurations 

RQ1 AI Solution Provider SP2; SP3; SP4 

We cover the entire spectrum, 

strategy to implementation. 

Full-service consulting as AI trans-

formation architecture 

AI Business Model Con-

figurations 

RQ1 Consultant/Integrator C5; C6; C3 

We don’t program, but we control 

project management and quality 

assurance. 

Consultant as orchestrator rather 

than technology builder 

AI Business Model Con-

figurations 

RQ1 Consultant/Integrator C1; C2 

AI readiness assessment. Productizing consulting into stand-

ardized SME entry packages 

AI Business Model Con-

figurations 

RQ1 Consultant/Integrator C2; C6 

Use case identification: where 

does AI have the greatest lever-

age? 

Translating AI potential into busi-

ness-model-relevant use cases 

AI Business Model Con-

figurations 

RQ1 Consultant/Integrator; 

SME Adopter 

C1; C2; C6; I2; I3 

The use case has to be specific. Concrete use cases as the basis for 

AI value creation 

AI Business Model Con-

figurations 

RQ1 Cross-actor C1; C2; I2; I3; 

SME2; SP4 

Concrete use cases make AI tan-

gible. 

Concrete use cases as the basis for 

AI value creation 

AI Business Model Con-

figurations 

RQ1 Cross-actor I1; I2; I3; I4; C2; 

SME2 

AI is not the value proposition; 

the customer buys reliability. 

AI as hidden operational capability 

rather than market-facing offer 

AI Business Model Con-

figurations 

RQ1 SME Adopter SME5; SME3; 

SME1 

The customer doesn’t notice AI 

directly, but indirectly through 

AI as hidden operational capability 

rather than market-facing offer 

AI Business Model Con-

figurations 

RQ1 SME Adopter SME5 
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First-Order Code (informant 

language) 

Second-Order Code (researcher 

theme)  

Aggregate Dimension Relevant to RQ Actor Type(s) Interview ID(s) 

punctuality and fewer cancella-

tions. 

AI is responsible internally for ef-

ficiency and margin. 

AI as margin-protecting operational 

infrastructure 

AI Business Model Con-

figurations 

RQ1 SME Adopter SME5; SME1; 

SME3; SME4 

Guaranteed delivery windows as a 

premium service. 

AI-enabled process improvements 

becoming new service offerings 

AI Business Model Con-

figurations 

RQ1 SME Adopter SME5 

Automated follow-up of spare-

parts offers. 

AI-enabled revenue activation in 

existing business models 

AI Business Model Con-

figurations 

RQ1 SME Adopter SME4 

Demand forecasting tools. AI-enabled optimization of pur-

chasing, inventory, and capacity 

AI Business Model Con-

figurations 

RQ1 SME Adopter; AI Solu-

tion Provider 

SME1; SME2; SP4 

Route optimization and predictive 

maintenance. 

AI-enabled optimization of logistics 

and asset utilization 

AI Business Model Con-

figurations 

RQ1 SME Adopter; AI Solu-

tion Provider 

SME5; SP1 

Automated quotation creation. AI-enabled automation of sales and 

administrative workflows 

AI Business Model Con-

figurations 

RQ1 SME Adopter; AI Solu-

tion Provider 

SME1; SP4 

ChatGPT for emails, summaries, 

translations. 

Low-threshold generative AI as of-

fice productivity layer 

AI Business Model Con-

figurations 

RQ1 SME Adopter SME1; SME2; 

SME3; SME5 

Employees use AI privately. Bottom-up shadow AI use triggers 

formal, secure AI adoption 

Adoption Barriers and 

Bottlenecks 

RQ1, RQ2 SME Adopter SME1; SME2; 

SME3; C4 

Company email addresses were 

already stored with OpenAI. 

Bottom-up shadow AI use triggers 

formal, secure AI adoption 

Adoption Barriers and 

Bottlenecks 

RQ1, RQ2 SME Adopter SME3 

We didn’t want to block AI like 

banning the internet. 

Bottom-up shadow AI use triggers 

formal, secure AI adoption 

Adoption Barriers and 

Bottlenecks 

RQ1, RQ2 SME Adopter SME3 



Paul Emil Eisele 

Católica Lisbon - School of Business & Economics 66 

First-Order Code (informant 

language) 

Second-Order Code (researcher 

theme)  

Aggregate Dimension Relevant to RQ Actor Type(s) Interview ID(s) 

We needed a safe solution so em-

ployees stop using open websites. 

Bottom-up shadow AI use triggers 

formal, secure AI adoption 

Adoption Barriers and 

Bottlenecks 

RQ1, RQ2 SME Adopter; AI Solu-

tion Provider 

SME3; SP2 

SMEs pay with money, data, 

time, and domain knowledge. 

Multidirectional value exchange be-

yond monetary payment 

Ecosystem Value Flows RQ2 SME Adopter SME1; SME3; 

SME4; SME5; C1; 

C2 

Operational data for training. Data as input currency for AI value 

creation 

Ecosystem Value Flows RQ2 SME Adopter; AI Solu-

tion Provider 

SME1; SME5; SP4; 

SP1 

Customer feedback on model 

quality. 

Feedback loops as non-monetary 

value flows 

Ecosystem Value Flows RQ2 SME Adopter; AI Solu-

tion Provider 

SME1; SME5; SP1; 

SP2; SP4 

Reference customers, reviews, 

case studies. 

Reputation and reference value as 

ecosystem currency 

Ecosystem Value Flows RQ2 SME Adopter; AI Solu-

tion Provider 

SME3; SP1; SP2; 

SP4; I1 

Personal relationship is crucial. Trust as precondition for sensitive 

data and adoption decisions 

Ecosystem Value Flows RQ2 Cross-actor SME1; SME2; 

SME5; C1; C2 

Trust is mainly created in the di-

rect provider relationship. 

Trust-building as bilateral value 

flow 

Ecosystem Value Flows RQ2 SME Adopter; AI Solu-

tion Provider 

SME1; SME3; 

SME4; SME5 

Access to SMEs, stage at events, 

visibility. 

Visibility and market access as in-

termediary-provided value 

Ecosystem Value Flows RQ2 Intermediary; AI Solu-

tion Provider; Consult-

ant/Integrator 

I1; I3; I4; SP1; SP4; 

C1; C2 

Providers give specialist lectures, 

demos, sponsorships. 

Content-for-access exchange be-

tween providers and intermediaries 

Ecosystem Value Flows RQ2 AI Solution Provider; In-

termediary 

I1; I3; I4; SP1; SP4 

Consultants get demo access, 

training, and technical introduc-

tions. 

Technology knowledge transfer 

from providers to consultants 

Ecosystem Value Flows RQ2 AI Solution Provider; 

Consultant/Integrator 

C1; C2; C3; C6; 

SP2 
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First-Order Code (informant 

language) 

Second-Order Code (researcher 

theme)  

Aggregate Dimension Relevant to RQ Actor Type(s) Interview ID(s) 

We give providers SME require-

ments and market feedback. 

Consultants as translators of SME 

needs to providers 

Ecosystem Value Flows RQ2 Consultant/Integrator; AI 

Solution Provider 

C1; C2; SP1; SP2 

The consultant came through a 

personal network. 

Informal referrals as high-value 

ecosystem flow 

Ecosystem Value Flows RQ2 Cross-actor SME5; C1; C2; SP4 

Word of mouth is our most im-

portant sales channel. 

Recommendations as non-monetary 

acquisition currency 

Ecosystem Value Flows RQ2 AI Solution Provider; 

Consultant/Integrator; 

SME Adopter 

SP2; SP4; C2; 

SME5 

Point out funding programs. Funding information as intermedi-

ary value flow 

Ecosystem Value Flows RQ2 Intermediary; SME 

Adopter 

I1; I2; I3; I4; 

SME2; SME4 

The bank requires a business plan 

and risk assessment. 

Financing approval as conditional 

monetary flow 

Ecosystem Value Flows RQ2 SME Adopter; Upstream 

Platform 

SME2 

We pay API costs and pass them 

on. 

Upstream infrastructure costs flow-

ing downstream 

Ecosystem Value Flows RQ2 Upstream Platform; AI 

Solution Provider; SME 

Adopter 

SP2; SP4; SME4; 

SME5; C1 

License revenues as reseller. Platform alliances as consultant 

revenue stream 

Ecosystem Value Flows RQ2 Consultant/Integrator; 

Upstream Platform 

C5; C6 

Thought leadership as a free value 

flow into the market. 

Knowledge assets as market-shap-

ing value flows 

Ecosystem Value Flows RQ2 Consultant/Integrator C6; I4 

Customer time is a real cost fac-

tor. 

Employee time as hidden imple-

mentation cost 

Ecosystem Value Flows RQ2 SME Adopter SME1; SME5; C1; 

C2; C3 

The data is there, but chaotic. Data readiness as prerequisite for 

AI value realization 

Adoption Barriers and 

Bottlenecks 

RQ2 SME Adopter SME1; SME2; 

SME5; SP4; C1; 

C3; C4 
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Data preparation is the biggest is-

sue. 

Data readiness as prerequisite for 

AI value realization 

Adoption Barriers and 

Bottlenecks 

RQ2 SME Adopter; AI Solu-

tion Provider; Consult-

ant/Integrator 

SME1; SME5; SP4; 

C1; C2; C3 

Garbage in, garbage out. Poor data quality undermining AI 

outputs 

Adoption Barriers and 

Bottlenecks 

RQ2 Cross-actor SME5; C1; C4; SP4 

Interfaces to the CRM system and 

ERP system. 

Integration into legacy systems as 

bottleneck 

Adoption Barriers and 

Bottlenecks 

RQ2 SME Adopter; AI Solu-

tion Provider 

SME1; SME4; SP3; 

SP4; C3 

Our ERP is outdated. Legacy IT infrastructure constrain-

ing AI adoption 

Adoption Barriers and 

Bottlenecks 

RQ2 SME Adopter SME2; SME4; SP4; 

C2; C3 

Orders come by phone, fax, email 

and Excel. 

Fragmented process data limiting 

AI learnability 

Adoption Barriers and 

Bottlenecks 

RQ2 SME Adopter SME2; SME1 

Customer data is rather a difficult 

topic. 

Data sensitivity and privacy con-

cerns slowing implementation 

Adoption Barriers and 

Bottlenecks 

RQ2 SME Adopter; AI Solu-

tion Provider 

SME1; SME3; 

SME5; SP2; SP4 

Customers lack the skills and 

time. 

SME capability gaps as adoption 

bottleneck 

Adoption Barriers and 

Bottlenecks 

RQ1, RQ2 SME Adopter SME2; I3; I4; SP1; 

SP2; C1; C2 

We simply don’t have the time. Operational overload preventing 

transformation work 

Adoption Barriers and 

Bottlenecks 

RQ2 SME Adopter SME2; SME5; C1; 

C3 

95 percent would have to be ex-

ternal. 

Dependence on external implemen-

tation capacity 

Adoption Barriers and 

Bottlenecks 

RQ1, RQ2 SME Adopter; Consult-

ant/Integrator; AI Solu-

tion Provider 

SME2; SME1; 

SME5 

There is no internal sponsor. Missing internal ownership as im-

plementation bottleneck 

Adoption Barriers and 

Bottlenecks 

RQ2 SME Adopter I3; C2; SME2 
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One person drives the topic; if un-

available, everything stops. 

Key-person dependency in SME AI 

adoption 

Adoption Barriers and 

Bottlenecks 

RQ2 SME Adopter C1; SME2; SME5 

Employees are afraid of losing 

their jobs. 

Workforce acceptance and job-loss 

fears as adoption barrier 

Adoption Barriers and 

Bottlenecks 

RQ2 SME Adopter SME1; SME4; 

SME5; I4 

Older employees have extreme 

mistrust. 

Generational differences in AI ac-

ceptance 

Adoption Barriers and 

Bottlenecks 

RQ2 SME Adopter SME4; SME5 

We don’t know how to calculate 

the ROI. 

ROI uncertainty blocking AI invest-

ment 

Adoption Barriers and 

Bottlenecks 

RQ2 SME Adopter SME2; SME1; 

SME3; SP3; C1 

Providers promise 20 to 30 per-

cent savings, but related to what? 

Distrust of provider ROI claims Adoption Barriers and 

Bottlenecks 

RQ2 SME Adopter SME2; SME1; C1 

Success-based pricing was a dis-

aster. 

Difficulty assigning causality for AI 

outcomes 

Adoption Barriers and 

Bottlenecks 

RQ2 Consultant/Integrator; AI 

Solution Provider 

C1; C2; SP4; SME5 

AI is a must, but the business case 

is unclear. 

Strategic necessity without measur-

able short-term return 

Adoption Barriers and 

Bottlenecks 

RQ1, RQ2 SME Adopter; Consult-

ant/Integrator 

SME2; SME3; C4; 

SP3 

The onboarding fee is a hurdle. Upfront cost barriers in SME adop-

tion 

Adoption Barriers and 

Bottlenecks 

RQ2 SME Adopter; AI Solu-

tion Provider 

SP4; SME2; C2 

SMEs compare consultant costs 

with employee costs. 

Consulting value is undervalued 

relative to internal labor 

Adoption Barriers and 

Bottlenecks 

RQ2 SME Adopter; Consult-

ant/Integrator 

C2; C4; C6 

Funding applications are too bu-

reaucratic. 

Public support exists but is hard to 

access 

Adoption Barriers and 

Bottlenecks 

RQ2 SME Adopter; Interme-

diary 

SME2; SME5; I2; 

I3; I4 

Banks are skeptical. Financing constraints block AI in-

vestment 

Adoption Barriers and 

Bottlenecks 

RQ2 SME Adopter; Upstream 

Platform 

SME2 
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GDPR and AI Act create uncer-

tainty. 

Regulation-induced hesitation Adoption Barriers and 

Bottlenecks 

RQ2 Cross-actor SME1; SME2; 

SME3; SME4; 

SME5; I3; C1; C2; 

C6; SP1; SP2; SP4 

Regulation also creates trust. Compliance as both barrier and le-

gitimacy mechanism 

Adoption Barriers and 

Bottlenecks 

RQ2 Cross-actor SME1; SME3; SP2; 

SP4; I4 

We need orientation first. Intermediaries as early-stage sense-

making actors 

Ecosystem Roles and Co-

ordination 

RQ1, RQ2 Intermediary; SME 

Adopter 

I1; I2; I3; I4; 

SME2; C2 

We do not implement; we orient. Intermediary role as awareness 

builder rather than executor 

Ecosystem Roles and Co-

ordination 

RQ1 Intermediary I1; I2; I3; I4 

Duty of neutrality. Neutrality as role constraint and 

trust mechanism 

Ecosystem Roles and Co-

ordination 

RQ1, RQ2 Intermediary I1; I2; I3; I4 

We do not recommend specific 

providers by name. 

Neutrality limiting actionable 

matchmaking 

Ecosystem Roles and Co-

ordination 

RQ1, RQ2 Intermediary I1; I2; I3 

Providers want to turn events into 

sales events. 

Tension between neutral ecosystem 

facilitation and provider sales 

Ecosystem Roles and Co-

ordination 

RQ2 Intermediary; AI Solu-

tion Provider 

I1; I3; I4 

Practical examples are stronger 

than lectures. 

Peer use cases as intermediary 

sensemaking mechanism 

Ecosystem Roles and Co-

ordination 

RQ1, RQ2 Intermediary; SME 

Adopter 

I1; I3; I4 

The IHK events are too general. Generic intermediary offerings fail-

ing industry-specific needs 

Ecosystem Roles and Co-

ordination 

RQ2 SME Adopter; Interme-

diary 

SME2; SME4; 

SME5; SP2; SP4; 

C1; C2 

Intermediaries are not relevant as 

acquisition channels. 

Weak provider-side value of gen-

eral intermediaries 

Ecosystem Roles and Co-

ordination 

RQ2 AI Solution Provider; In-

termediary 

SP1; SP2; SP4; C6 
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Associations closer to the industry 

are more relevant. 

Industry-specific intermediaries 

outperform generic ones 

Ecosystem Roles and Co-

ordination 

RQ1, RQ2 Intermediary; AI Solu-

tion Provider; SME 

Adopter 

SME5; SP4; I4 

There is no overarching AI eco-

system management. 

Fragmentation of ecosystem coordi-

nation 

Ecosystem Roles and Co-

ordination 

RQ1, RQ2 Intermediary; Cross-ac-

tor 

I1; I3; I4 

Too many parallel structures. Fragmented support landscape con-

fusing SMEs 

Ecosystem Roles and Co-

ordination 

RQ2 Intermediary; SME 

Adopter 

I1; I3; C1 

Consultants translate between 

business and technology. 

Consultant as boundary-spanning 

translator 

Ecosystem Roles and Co-

ordination 

RQ1, RQ2 Consultant/Integrator C1; C2; C6; SME5 

Solution providers also advise. Role blurring between provider and 

consultant 

Ecosystem Roles and Co-

ordination 

RQ1 AI Solution Provider; 

Consultant/Integrator 

SME1; SME4; SP1; 

SP3; C1; C2 

Fraunhofer sits between research 

and consulting. 

Hybrid intermediary/research/con-

sulting role 

Ecosystem Roles and Co-

ordination 

RQ1 Intermediary; Consult-

ant/Integrator 

I1; I2; C1; C5 

Research institutes need SMEs for 

funding projects. 

Research as ecosystem actor with 

its own incentives 

Ecosystem Roles and Co-

ordination 

RQ1, RQ2 Intermediary; SME 

Adopter 

I1; I2; I4 

We measure activity, not impact. Intermediary impact measurement 

gap 

Ecosystem Roles and Co-

ordination 

RQ2 Intermediary I3; I1; I4 

We measure awareness, but not 

adoption. 

Intermediary impact measurement 

gap 

Ecosystem Roles and Co-

ordination 

RQ2 Intermediary I3 

Number of events and partici-

pants. 

Activity-based intermediary KPIs Ecosystem Roles and Co-

ordination 

RQ2 Intermediary I1; I3; I4 

Implementation outcomes disap-

pear after handover. 

Loss of visibility after intermediary 

referral 

Ecosystem Roles and Co-

ordination 

RQ2 Intermediary I1; I3; I4 
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Sponsor KPIs reward reach rather 

than depth. 

Funding metrics shaping intermedi-

ary behavior 

Ecosystem Roles and Co-

ordination 

RQ2 Intermediary; Upstream 

Platform 

I1; I3; I4 

The second level behind us is 

missing. 

Upstream platform dependence Structural Dependencies 

and Power Asymmetries 

RQ1, RQ2 Upstream Platform; AI 

Solution Provider 

SP2; SP3; SP4; 

SME4; SME5; C1; 

C3; C5; C6 

Hyperscalers and LLM providers 

determine what we can offer and 

at what price. 

Upstream platform dependence Structural Dependencies 

and Power Asymmetries 

RQ1, RQ2 Upstream Platform; AI 

Solution Provider 

SP2; SP3; SP4; C1; 

C6 

If OpenAI doubles API prices, it 

changes our business model. 

Upstream pricing power and down-

stream pass-through 

Structural Dependencies 

and Power Asymmetries 

RQ2 Upstream Platform; AI 

Solution Provider; SME 

Adopter 

SP4; SME4; SME5; 

C1 

SAP, Microsoft Dynamics, SAGE 

interfaces are critical. 

ERP/CRM vendors as hidden inte-

gration gatekeepers 

Structural Dependencies 

and Power Asymmetries 

RQ1, RQ2 Upstream Platform; AI 

Solution Provider 

SP3; SP4; C3; C5 

If ERP providers change their in-

terfaces, we have a problem. 

Interface dependency and loss of 

control 

Structural Dependencies 

and Power Asymmetries 

RQ2 Upstream Platform; AI 

Solution Provider 

SP4; C3 

Our provider buys cloud and AI 

models; we don’t know who is 

behind it. 

SMEs exposed to invisible up-

stream dependencies 

Structural Dependencies 

and Power Asymmetries 

RQ2 SME Adopter; Upstream 

Platform 

SME4; SME5 

Consultant alliances influence 

what is recommended. 

Certification and alliance portfolios 

shaping solution choice 

Structural Dependencies 

and Power Asymmetries 

RQ1, RQ2 Consultant/Integrator; 

Upstream Platform 

C3; C5; C6; C4 

If I have 50 Azure consultants and 

3 AWS consultants, the recom-

mendation tends one way. 

Capability lock-in through consult-

ant specialization 

Structural Dependencies 

and Power Asymmetries 

RQ1, RQ2 Consultant/Integrator; 

Upstream Platform 

C6 
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Vendor lock-in. Dependency on provider-specific 

systems and knowledge 

Structural Dependencies 

and Power Asymmetries 

RQ2 SME Adopter; AI Solu-

tion Provider 

SME1; SME2; SP1; 

SP2; SP4; C1 

Afraid of dependencies. SME concern over external lock-in 

and loss of control 

Structural Dependencies 

and Power Asymmetries 

RQ2 SME Adopter SME1; SME2; 

SME5 

The trained model belongs to us, 

but it is a grey area. 

Ambiguous ownership of learned 

models and derived knowledge 

Structural Dependencies 

and Power Asymmetries 

RQ2 SME Adopter; AI Solu-

tion Provider 

SME1; SP4 

Risk lies with the customer. Asymmetric allocation of business 

risk 

Structural Dependencies 

and Power Asymmetries 

RQ2 SME Adopter; AI Solu-

tion Provider; Consult-

ant/Integrator 

SP1; SP2; SP4; C1; 

C2; C4; C5 

We bear platform risk, but not 

performance promises. 

Technical risk separated from busi-

ness-outcome risk 

Structural Dependencies 

and Power Asymmetries 

RQ2 AI Solution Provider SP2; SP4 

Reputational risk is bidirectional. Contractual risk and reputational 

risk diverge 

Structural Dependencies 

and Power Asymmetries 

RQ2 Cross-actor SP3; SP4; C2 

Competent, affordable, and neu-

tral at the same time. 

Structural mismatch between SME 

needs and support-market offerings 

Structural Dependencies 

and Power Asymmetries 

RQ1, RQ2 SME Adopter; Consult-

ant/Integrator; AI Solu-

tion Provider 

C6; C2; SME2 

Large consultancies are too ex-

pensive, boutiques lack technical 

depth, providers have conflicts of 

interest. 

Structural support gap in SME AI 

ecosystem 

Structural Dependencies 

and Power Asymmetries 

RQ1, RQ2 Cross-actor C6; C2; C1; SME2 

Regulation and funding sit outside 

the ecosystem but govern what 

happens inside. 

Institutional dependency shaping 

adoption feasibility 

Structural Dependencies 

and Power Asymmetries 

RQ2 Upstream Platform; 

Cross-actor 

SME2; SME3; 

SME4; SME5; I2; 

I3; I4; C1; C2; C6 
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Government, regulator, bank and 

funding bodies are missing actors. 

Institutional actors as structural 

ecosystem constraints 

Structural Dependencies 

and Power Asymmetries 

RQ1, RQ2 Upstream Platform; SME 

Adopter 

SME2; SME3; 

SME4; I2; I3; I4; 

C1; C2; C6 

 

 

 



 

  

 


