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Executive Summary 
This thesis systematically conceptualizes the business model of Machine Learning-as-a-Service (MLaaS) 

platform by developing a taxonomy and deriving archetypes grounded in both theoretical frameworks and 

empirical analysis. The study addresses a critical gap in research: while MLaaS platforms have become central to 

AI deployment, their business models remain understudied. The central research question asks: “How can MLaaS 

platform business models be classified into a taxonomy, and what archetypes emerge from their key dimensions 

and characteristics?” 

The emergence of MLaaS platforms the reflects the broader "platformization" of artificial intelligence (AI), 

where cloud-based infrastructures, dominated by Big Tech firms like Amazon, Google, and Microsoft, standardize 

access to machine learning tools while consolidating control over computational resources (van der Vlist et al., 

2024). These platforms, offered primarily by these Big Tech firms, have become essential infrastructure for AI 

adoption. They abstract the complexity of machine learning workflows while simultaneously creating new forms of 

dependency on their proprietary infrastructure. Despite their growing industrial importance, academic research 

has largely focused on technical architectures rather than business models, leaving significant gaps in 

understanding how MLaaS platforms create, deliver, and capture value in practice. Three key limitations persist in 

current literature: 

1. Conceptual boundaries remain ambiguous, with terms like “AI Service Platform” (Geske et al., 

2021), "AIaaS" (Syed et al., 2025), “AI Software Service” (Lins et al., 2021), “AI Platform” (Mucha 

and Seppälä, 2020) and "MLaaS platform" (Philipp et al., 2020) often used interchangeably 

without clear differentiation. This terminological inconsistency and overlapping scope lead to 

misclassification and makes comparative analysis difficult.  

2. Second, existing studies (Geske et al., 2021; Philipp et al., 2020; Lins et al., 2021), fail to 

systematically analyse business model dimensions specific to MLaaS platforms, particularly how 

they create, deliver and capture value.  

3. Third, prior classifications (Geske et al., 2021; Sundberg et al., 2022) lack further insights about 

the common business model archetypes of MLaaS platforms, limiting our understanding of how 

specific platform design choices, such as prioritizing scalability of platform architecture or 

specialization in customer segments, influence the platform's ability to create value, deliver value, 

and capture value.  

To address the three aforementioned research gaps, a qualitative, iterative methodology structured around 

four phases: taxonomy design, development, evaluation and analysis, was employed. This study focuses 

specifically on MLaaS platforms that support the complete machine learning lifecycle, from data preprocessing to 

model deployment and monitoring. The scope deliberately excludes adjacent categories including single-purpose 

AI APIs, Software-as-a-Service (SaaS) applications with AI features, and generative AI platforms. The defining 

characteristics of platforms included in our study are their modular services, support for multisided interactions 

between different user groups, and provision of shared infrastructure for machine learning workflows. In the first 

taxonomy design phase, we followed Möller et al.’s (2022) business model taxonomy design guidelines by 

establishing the data input, development approach, representation format and final application of the taxonomy 

upon completion. We first conducted a scoping review of 19 academic papers that helped formulate the definition 

of “MLaaS platform business model” concept while clarifying the interdependencies between digital platform, 

business model and MLaaS platform research domains. Building upon Osterwalder et al.'s (2005) hierarchical 

framework identified in the scoping review, we then developed a meta-model that integrated Teece's (2010) value 

creation, delivery, and capture mechanisms with Osterwalder and Pigneur's (2010) Business Model Canvas 

components. This meta-model established the foundation for the study by defining the key meta-characteristic as 

"characteristics representing MLaaS platforms' value creation, delivery, and capture mechanisms." The meta-

model resolved definitional ambiguities present in prior literature by first clearly distinguishing MLaaS platforms 

from concepts such as “AI as a service” (AIaaS) and “AI service platform”. It then focused on highlighting the 

value creation, delivery and capture mechanisms to describe the business model of MLaaS platforms. We 

synthesized Teece's (2010) framework of value creation, delivery, and capture, combined with Osterwalder and 

Pigneur's (2010) Business Model Canvas components to provide a starting point and guidance on the platform 

activities that are related to the business model characteristics.  

In the taxonomy development phase, we constructed our case database by sampling 24 MLaaS platforms 

from the G2, business-to-business (B2B) software review website, following the predetermined research scope. 

We employed an iterative process based on Nickerson et al.’s (2013) taxonomy development method, iterating 

between conceptual grounding and empirical refinement. Inductive content analysis, including open and axial 

coding, was applied continuously to platform documentation and third-party publications from the public domain, 

enabling progressive validation and enrichment of the taxonomy. We began with the conceptual-to-empirical 

phase by integrating insights from an earlier scoping review and a rapid review of 12 additional studies, which 
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identified relevant business model dimensions from adjacent domains such as AI service platforms, AI startup 

business models, and platform business model taxonomies. At the end of three conceptual iterations, four MLaaS 

platform cases were purposefully sampled to validate the dimensions and characteristics, resulting in the 

preliminary business model taxonomy developed from only conceptual sources. Next, we proceeded to the 

empirical phase, where we further refined and enriched the business model taxonomy. For each of the three 

empirical iterations, a different set of four cases was selected from the case database for inductive analysis, 

employing open and axial coding techniques. This iterative approach culminated in a final business model 

taxonomy consisting of 16 dimensions and 46 characteristics that systematically captured how MLaaS platforms 

create, deliver, and capture value. While many taxonomy components were refined during development, the 

conceptualization of the cost dimension remained limited due to scarce empirical data on MLaaS platform 

expenditures and capital allocation. 

During the taxonomy evaluation phase, the taxonomy was tested against four more previously unsampled 

MLaaS platforms (BigML, Microsoft Azure AI, DataRobot, and VESSL AI) to assess its structural validity and 

practical usability. The evaluation followed Szopinski et al.’s (2019) criteria for assessing structural validity of a 

taxonomy, where the taxonomy should demonstrate comprehensiveness (covering all relevant business model 

aspects), mutual exclusivity (no overlapping dimensions), and clarity (precise terminology). Miles and Huberman’s 

(1994) usability criteria were then applied to verify whether the taxonomy could be meaningfully applied to real-

world cases. Each platform was analysed by mapping its business model characteristics to the taxonomy’s 

dimensions. For example, VESSL AI’s support for hybrid edge/cloud deployment validated the deployment 

flexibility dimension, while Microsoft Azure AI’s integration of large language models confirmed the relevance of 

model scope in differentiating platforms. The evaluation did not seek to prove superiority but rather to determine 

whether the taxonomy could consistently classify the different MLaaS platform business models of the four 

sampled cases without gaps or redundancies. The evaluation confirmed that the taxonomy could effectively 

categorize the 46 business model characteristics of MLaaS platforms. While, some dimensions required 

refinement, such as clarifying distinctions between closely related characteristics, no fundamental restructuring 

was needed. 

The taxonomy analysis concluded with a cross-case analysis of all 24 platforms in the case database, 

identifying consistent patterns across the sample that led to four different business model archetypes. Cloud 

orchestrators leverage their ownership of cloud infrastructure to deliver horizontally scalable solutions, with value 

creation centred on tight integration of cloud infrastructure with complementary services and value capture relying 

predominantly on consumption-based pricing models. Data orchestrators differentiate themselves through unified 

data ecosystems that bridge existing data analytics value propositions and support for machine learning 

workflows, employing hybrid pricing models that combine subscriptions with usage-based fees. These platforms 

emphasize data governance capabilities as complementary services. Aggregator platforms curate third-party tools 

to complement for their lack of infrastructure ownership, utilizing freemium models to attract users while 

depending heavily on partner networks for complementary value delivery. Niche specialist platforms target 

specific vertical markets with customized solutions, employing outcome-based pricing, proprietary integration 

services and consultations.  

These findings indicate how value propositions of the MLaaS platforms are largely influenced by platform 

envelopment where cloud orchestrators like Amazon SageMaker and Google Vertex AI continue to strengthen 

their dominant positions by bundling MLaaS functionalities into their platform infrastructures. This aligns with 

“platform envelopment” phenomena whereby dominant platforms leverage their existing user base and technical 

infrastructure to bundle services to expand into adjacent market domain while generating lock-in (Eisenmann et 

al., 2011; Teece, 2010). Data orchestrators such as Snowflake and Databricks similarly achieve ecosystem lock-

in through deep integration of data governance and machine learning pipelines, emphasizing process efficiency 

for enterprise clients (Jacobides et al., 2018; Hagiu & Wright, 2015a). In contrast, aggregators rely more on 

partnerships and modularity, while niche specialists secure defensible positions through verticalized workflow 

integrations and domain expertise, often addressing the customer needs overlooked by other business model 

archetypes. The findings further highlight the critical role of marketplaces and referral mechanisms in delivering 

value, where they not only expand service offerings but also intensify user dependence. Marketplaces serve as 

curated hubs where third-party tools, datasets, and models are aggregated, expanding the platform’s functionality 

and reinforcing user dependency by embedding external resources directly into operational workflows (Hagiu & 

Wright, 2015a; Teece, 1986). For example, Amazon Web Services (AWS) Marketplace facilitates access to a 

wide range of machine learning services tightly integrated with AWS’s compute and storage infrastructure, 

generating demand-side economies of scope and strengthening the platform’s ecosystem (Teece, 2010; van der 

Vlist, 2024). Referral mechanisms, operationalized via partner directories, formalize relationships with technology 

providers and system integrators, providing users, especially in regulated or complex domains, with trusted 

access to expert implementation and customization support (Biyalogorsky et al., 2001; Parker et al., 2016). While 

marketplace and referral mechanism amplify platform credibility and adoption, they also require rigorous ongoing 

partner curation to mitigate risks associated with partner dependency, inconsistent service quality, which may 

cause potential reputational damage (Eisenmann et al., 2011; Jacobides et al., 2018).  
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In this research we made several contributions to the academic understanding of MLaaS platforms. First, it 

provides clarity in the definitions of MLaaS platform by systematically distinguishing MLaaS platform from 

adjacent concepts. The process of establishing the theoretical foundation of this study analysed and compared 

MLaaS platforms with AIaaS and AI service platform. This addresses inconsistencies present in prior literature 

where terms like MLaaS and AIaaS were often used interchangeably without clear differentiation. Second, the 

business model taxonomy with 16 dimensions advances beyond existing classifications by capturing previously 

overlooked aspects such as integrated managed cloud services, marketplace and referral mechanisms that prove 

critical to understanding real-world platform operations. Third, the taxonomy analysis yields new insights into how 

niche specialist platforms can maintain competitive positions against dominant providers through vertical 

specialization and customized value propositions, challenging the deterministic narrative of how Big Tech 

dominates in AI infrastructure markets (van der Vlist et al., 2024).  

Lastly, this research also make practical contribution by offering actionable insights through the 

development of a meta-model, business model taxonomy, and archetypes that support MLaaS platform 

operators, particularly startups and new market entrants, in designing and refining their business models. The 

taxonomy provides a diagnostic tool enabling startups to map their existing capabilities against the four 

archetypes (cloud orchestrator, data orchestrator, aggregator, and niche specialist) and identify strategic 

positioning by highlighting critical interdependencies across dimensions such as deployment flexibility, integrated 

resources, and sales channel. The archetypes also deliver prescriptive insights for value creation, demonstrating 

how resource constraints can be addressed by focusing on select dimensions, such as developer experience or 

partner integration, as seen in aggregator platforms. Furthermore, the taxonomy helps established platforms 

benchmark their progress and anticipate the broader impacts of strategic shifts, including pricing and partner 

strategies, emphasizing that partner network development typically follows a sequential path from referral 

mechanisms to marketplaces. By conceptualizing taxonomy dimensions as design parameters rather than rigid 

categories, MLaaS platform operators are empowered to undertake systematic experimentation and strategic 

adjustments grounded in industry patterns identified through this research (Eisenmann et al., 2011; Parker et al., 

2016). 
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Glossary 
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Agentic AI AI systems capable of autonomous, goal-directed actions 

API Interface allowing software components to communicate and interact 

Archetypes Typical examples representing a category or pattern 

Artificial intelligence Computer systems simulating human intelligence and decision-making 

As-a-service Delivering software or resources over the internet, on demand 

AutoML Automated machine learning model selection and optimization 

Compute infrastructure Hardware and software resources that process and execute 

computational tasks for ML workloads. 

Data drift Change in data distribution over time that affects models. 

Data lake Central repository for raw, unstructured data. 

Data lakehouse Combines data lake flexibility with data warehouse performance. 

Data pipeline Series of processes moving and transforming data between systems 

Data warehouse Structured storage for processed, organized data. 

Deep learning Machine learning using neural networks with multiple layers 

Graphics Processing Unit Processor optimized for gaming and machine learning. 

High performance 

computing 

Ability to rapidly process data and execute complex computations. 

Hyperscale Scalable IT infrastructure efficiently managing massive computing 

resources on demand 

Large language models AI models trained on large dataset for language-related tasks 

Machine learning Algorithms learning patterns from data to make predictions 

Machine learning pipeline Automated process for data preparation, training, and deployment 

Machine learning workflow Sequence of steps to develop, train, and deploy models 

MLOps Practices for managing and deploying machine learning models 

Modularity Independent, interchangeable modules in systems  

Multi-agent system Multiple actors interacting within a shared environment 

Multisidedness Platform serving multiple distinct user groups simultaneously 

Network effects Value increases as more users join a platform 

Platform Foundational architecture enabling interactions among users or 

services 

Software Development Kit Collection of tools for building applications on a platform 

Service-oriented 

architecture 

Software design organizing functions as reusable, independent 

services 

Storage infrastructure Systems and technologies used to store, manage, and retrieve data 

for machine learning operations. 

Taxonomy Structured classification system organizing concepts or entities 

Tensor Processing Unit Specialized Google-designed chip accelerating machine learning 

and AI computations 
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1. Introduction  

1.1 Background  

Machine learning, a study of algorithms that enable systems to learn and improve from data without explicit 

programming (Jordan & Mitchell, 2015), has evolved from a niche academic discipline into a core component of 

commercial deployment of artificial intelligence (AI) technologies. This transformation is not simply the result of 

technical progress; rather, it reflects the growing "platformization" of AI, the shift toward embedding machine 

learning capabilities within centralized, cloud-based platforms operated by dominant technology firms (Luitse, 

2024; Helmond, 2015). These platforms play a critical role in standardizing access to machine learning tools, 

reducing development complexity, and enabling adoption across sectors such as healthcare, finance, and 

logistics. At the same time, they consolidate infrastructural control and create new forms of dependency for 

businesses and developers (Van der Vlist et al., 2024).  

The widespread adoption of machine learning has been driven by three mutually reinforcing trends: 

exponential increases in computing power, unprecedented volumes of data generated by connected devices, and 

the rapid evolution of cloud infrastructure that supports scalable, distributed computing (Philipp et al., 2020). 

These developments have enabled machine learning models to be trained and deployed at scale. However, for 

most organizations, especially small and medium-sized enterprises (SMEs), the technical and financial barriers to 

developing software systems with machine learning models in-house remain prohibitive. High-performance 

computing resources involve substantial upfront investment, and the scarcity of skilled machine learning 

engineers further complicates internal development efforts. Moreover, the end-to-end lifecycle of machine 

learning models, from data preprocessing and model training to deployment and monitoring, requires a level of 

expertise and infrastructure management that many firms cannot sustain (Philipp et al., 2020). In response to 

these challenges, Machine learning as a service (MLaaS) platforms, with different degree of scalability and 

specialization, have emerged as a valuable solution, offering modular, cloud-based environments that lower the 

entry threshold to develop machine learning-based systems in the organizations. By abstracting complex 

infrastructure and providing standardized, user-friendly interfaces, these platforms allow organizations, such as 

the SMEs, to leverage powerful machine learning capabilities without needing to build or maintain systems from 

the ground up (Lins et al., 2021). In doing so, MLaaS platforms not only democratize access to machine learning 

but also further strengthen the role of a few dominant providers in shaping how AI is built, accessed, and 

governed (Van der Vlist et al., 2024). 

The MLaaS platform market is dominated by Big Tech firms ( e.g., Amazon, Microsoft, and Google), with 

hyperscale data centres, who leverage their existing cloud infrastructures allowing to offer vertically integrated 

solutions with high scalability and low specialization (Van der Vlist et al., 2024; Luitse, 2024). These hyperscale 

cloud service providers operate massive, globally distributed data centre infrastructures to deliver scalable 

computing, storage, and networking services (Ma et al., 2024). The dominance of Big Tech in this space raises 

critical questions about market concentration and dependency. MLaaS platforms are not neutral infrastructures; 

many of them are tightly controlled by a handful of Big Tech firms that dictate access to computational resources, 

pricing models, and technical standards. Big Tech lures startups with cloud credits, training, and technical 

support. Microsoft’s "AI Grant" program and Google’s "Startups Cloud Program" incentivize reliance on their 

platforms (Yang & Gokturk, 2023). These initiatives serve a dual purpose: fostering innovation while ensuring 

dependence on proprietary ecosystems. Moreover, the proprietary nature of many platforms obscures 

transparency in areas like data governance, algorithmic bias, and model interpretability which are increasingly 

scrutinized by regulators and civil society (Whittaker, 2021). Despite these concerns, the economic and 

operational advantages of MLaaS platforms ensure their continued growth, making it imperative to conceptualize 

their underlying business models. 

From an academic perspective, MLaaS platforms remain understudied despite their industrial impact. 

Existing research has primarily focused on technical architectures (e.g., Zou et al., 2024; Mei et al., 2025), with 

limited attention to their business models. Traditional digital platforms like Uber monetize transactions between 

users, whereas MLaaS platforms monetize infrastructure, tools, and data flows (Lins et al., 2021). Platform theory, 

which explains value creation in multisided markets and economies of scale (Hagiu & Wright, 2015a), provides a 

foundational lens to conceptualize digital platforms but lacks characteristics specific to MLaaS platforms. 

Moreover, the machine learning and broader AI landscape is also changing quickly. New developments, such as 

traditional batch training’s transition to the more advanced federated learning, are reshaping how models are 

trained and deployed. In parallel, the rise of “agentic AI,” an enterprise buzzword referring to AI system design 

that is based on deep learning, is also shifting the field. These systems can now operate with a high level of 

autonomy, making decisions and completing tasks with little or no human input (Ng, 2025). Not only technical, 

these changes affect how technology companies make money from AI. For example, new consumption-based 

pricing models such as pay-per-token are emerging, where users are charged based on each interaction with an 

AI system. However, existing business model frameworks do not fully explain or capture the logic behind these 

new forms of value creation and monetization (Mucha & Seppälä, 2020). This further challenges existing 
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classifications, highlighting the need for a dedicated framework to analyse how MLaaS platforms create, deliver 

and capture value. 

The strategic importance of MLaaS platforms extends beyond their technical utility. They are becoming 

critical infrastructure for innovation, similar to operating systems in software development. By providing reusable 

tools and services, these platforms enable a division of labour where third-party developers, data scientists, and 

enterprises collaborate within shared ecosystems to develop machine learning models for AI solutions. For 

example, Snowflake’s model marketplace allows developers to share pre-trained models, reducing duplication of 

effort and accelerating AI adoption. While platform openness promotes collaboration and ecosystem growth, their 

potential is often constrained by underlying commercial interests. This tension is particularly visible in business 

models with freemium pricing model, where free access draws in users, but key functionalities, such as graphics 

processing unit (GPU) acceleration, are restricted to paid tiers (Yao et al., 2017). Therefore, MLaaS platforms 

must balance fostering platform openness to attract and retain users, while also maintaining value capture 

mechanisms for monetization. 

The societal implications of MLaaS platforms are equally significant. Their design choices influence which 

organizations can adopt AI. Current pricing models favour large corporations that can absorb costs for high-

volume training, while SMEs rely on limited free tiers or open-source alternatives (Luitse, 2024). Geopolitically, 

the concentration of MLaaS platforms in the United States and China raises questions about data sovereignty, as 

platforms enforce jurisdictional compliance (e.g., AWS’s regional data centres) while retaining control over the 

core algorithms (Miceli et al., 2022). These issues highlight the urgency of conceptualizing the value creation, 

delivery, and capture mechanisms of MLaaS platforms to support future research that further examines how their 

technical, economic, and governance structures collectively shape the AI landscape. 

1.2 Scope  

This study focuses specifically on MLaaS platforms, a distinct class of cloud-based platforms with varying 

degrees of scalability and specialization. These platforms provide modular infrastructure and tools for building, 

training, and deploying custom machine learning models (Philipp et al., 2020). The broader AI as a service 

(AIaaS) offerings typically deliver specific AI functions, such as sentiment analysis or object detection, through a 

variety of "boundary resources" (Ghazawneh & Henfridsson, 2013), including Application Programming Interfaces 

(APIs), Software Development Kits (SDKs), developer guidelines, data and software. Unlike AIaaS offerings, 

MLaaS platforms enable users to specifically customize machine learning that spans the full model development 

lifecycle (Lins et al., 2021). These platforms abstract away the complexity of infrastructure provisioning and 

integrate capabilities such as data preprocessing, model selection, training, testing, hyperparameter tuning, and 

deployment. The scope is deliberately constrained to platforms that support this end-to-end machine learning 

lifecycle, excluding tools and services that either provide only a narrow slice of the process or deliver pre-built, 

non-customizable AI outputs. 

This restriction is essential because MLaaS platforms operate within a multisided ecosystem that 

fundamentally differs from AI services with traditional Software as a Service (SaaS) models or those based on 

APIs. MLaaS platforms are designed to be modular and extensible, allowing different user groups, such as data 

scientists, machine learning engineers, business analysts, and third-party developers, to use the platform despite 

their different needs. This modularity also supports different pricing models and fosters innovation through 

reusable components like data versioning and labelling tools, and model registries (Geske et al., 2021). So, this 

study will focus on MLaaS platforms with varying degrees of scalability and specialization, to attain a broad 

understanding of the MLaaS platform domain applicable for practitioners in the SMEs. External publications tend 

to favour coverage of general-purpose MLaaS platforms with high scalability and less specialization. This bias is 

reflected in the larger presence of such platforms in the sampling frame used in this study. 

To establish conceptual boundaries, the study applies Gawer’s (2014) framework for technological 

platforms, which identifies three core features: (1) facilitation of interactions among multiple user groups, (2) 

provision of shared digital infrastructure, and (3) delivery of modular services. Platforms such as Amazon 

SageMaker, Google Cloud Vertex AI, Snowflake, and Dataiku clearly exhibit these features. They support 

multisided interactions by enabling collaboration between model developers, business users, third party service 

providers through the platform. They offer shared infrastructure such as scalable compute resources, model 

hosting environments, and managed data storage. Finally, they often allow users to configure machine learning 

model development by selecting from a range of interoperable tools, including built-in model templates and third-

party tool integrations.  

The study excludes several adjacent categories that do not meet these criteria. Single-purpose tools, 

libraries and machine learning frameworks such as TensorFlow, PyTorch, or Scikit-learn are not included, as they 

do not function as platforms in the sense of coordinating interactions among multiple parties or providing 

integrated infrastructure services. Similarly, analytics platforms like Tableau or Power BI are out of scope because 

they focus primarily on data analytics and visualization rather than iterative model development. While they may 

integrate with predictive machine learning tools, they are not designed to support the entire machine learning 
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lifecycle in a modular, platform-based architecture. We also excluded SaaS applications that offer AI functionality 

through a static predefined interface within pre-defined use cases but without supporting model customization or 

third-party integration. 

Generative AI platforms that develop foundational large language models (LLMs) such as OpenAI’s 

ChatGPT or Anthropic’s Claude are also outside the scope of this study. These platforms provide user-facing 

access to large pre-trained models, but they do not support user-led model training or infrastructure management, 

nor do they enable modular machine learning model development workflows. Their business models resemble 

SaaS subscriptions or API monetization more closely than the infrastructure-centric and multi-user business 

model seen in MLaaS platforms. Although some MLaaS platforms are integrating foundational LLMs or LLM-

based workflow automations into their offerings, this study focuses on platforms where user-led machine learning 

model development remains the primary value proposition. Thus, platforms that offer data analytics, AutoML, 

prebuilt LLMs, inference as a service, and deployment as a service as primary value proposition will be excluded. 

Finally, the study prioritizes value creation, delivery and capture mechanisms, reflected in Teece’s (2010) 

and Osterwalder & Pigneur’s (2010) frameworks, such as pricing model, customer relationships, and value 

proposition, over technical architectures. While technical configurations are relevant, the primary emphasis is on 

how MLaaS platforms create, deliver and capture value. 

1.3 Research Gap  

Despite the growing adoption of MLaaS platforms, current research lacks a systematic understanding of 

their business models, where few studies examine how these platforms create, deliver and capture value (Mucha 

& Seppälä, 2020). The literature suffers from three key gaps: fragmented definitions, inconsistent scope, and a 

lack of business model taxonomies tailored to the MLaaS platforms. 

First, the conceptual boundaries of MLaaS platforms remain ambiguous. Researchers use overlapping but 

distinct terms, such as "AI service platform" (Geske et al., 2021), "MLaaS Platform" (Philipp et al., 2020), and 

"AIaaS" (Syed et al., 2025) without clear differentiation. Geske et al. (2021) define AI service platforms broadly as 

infrastructures enabling AI application and development, while Lins et al. (2021) categorize MLaaS platforms 

under "AI Software Services," emphasizing their modular service components. Only Philipp et al. (2020) explicitly 

define MLaaS platforms as systems providing "the ability to build, train, and deploy machine learning models in a 

single toolset," a definition that aligns with industry offerings like Amazon SageMaker and Google Vertex AI. This 

terminological inconsistency leads to conceptual blurring. For example, Mucha and Seppälä (2020) classify open-

source tools like TensorFlow as "AI platforms," despite their lack of multisided ecosystems or service modularity 

which are features central to MLaaS platforms (Philipp et al., 2020). Without precise definitions, research risks 

misclassifying platforms or misattributing characteristics, making it harder to compare them accurately. 

Second, existing studies fail to systematically analyse MLaaS platform business models. Most focus on the 

technical capabilities rather than their value creation, delivery or capture mechanisms. From a service-oriented 

view, Lins et al. (2021) classify MLaaS at the top of three-layer AIaaS stack (“AI Software Services”, “AI 

Developer Services”, “AI Infrastructure Services”) but overlook business model dimensions specific to MLaaS 

platform like pricing model (e.g., consumption-based vs. tiered model) or revenue streams. Geske et al. (2021) 

identify platform-oriented dimensions in his taxonomy, such as complementary services, but do not explore how 

these translate into value capture. Philipp et al. (2020) detail MLaaS platform functionalities, such as model 

training interfaces, but do not extend their analysis to value creation, delivery and capture mechanisms. This 

oversight leaves companies in search of outsourcing their AI capabilities without frameworks to evaluate trade-

offs in MLaaS platforms, such as balancing open-source collaboration with platform monetization. 

Third, prior classifications do not reveal patterns in MLaaS platform business models. Sundberg and 

Holmström (2022) proposed four types of AI service platforms (analytics, learning, conversational, and distributed) 

based on Makarius et al.’s (2020) notions of novelty (low, moderate or high) and scope (content-changing, and 

context-changing). Geske et al. (2021) found that AI service platforms have three main purposes, which vary from 

requiring a lot of development work and offering much flexibility in design, to needing little development work and 

providing limited options for design and development. Both studies lack insights on archetypes derived from 

business model dimensions of MLaaS platforms. For instance, they do not explain why platforms like Amazon 

SageMaker adopt freemium models while others, like Microsoft Azure ML, rely on enterprise subscriptions. This 

gap limits the ability to predict how platform choices, such as modular services or the variety of pre-trained 

machine learning model offerings, affect the platform’s abilities to create, delivery and capture value. 

These gaps highlight the need for a taxonomy of MLaaS platform business models. By focusing on value 

creation, delivery and capture dimensions of these platforms, the taxonomy will address inconsistencies in prior 

literature, providing a foundational understanding of the MLaaS platform business models for future researcher 

and business practitioners from the. 

1.4 Research Objectives & Questions  



 

 

 

17       
 

To address the identified research gap surrounding the understudied business models of MLaaS 

platforms, this study has two interrelated research objectives. First, it seeks to systematically conceptualize the 

business model characteristics of operational MLaaS platforms by developing a taxonomy grounded in both 

existing literature and empirical cases. Second, it aims to explain the recurring patterns, or archetypes, observed 

in how different business model dimensions and characteristics are combined in practice across different MLaaS 

platforms. These objectives are guided by the conceptual foundations of business models as articulated by Teece 

(2010), who emphasizes the mechanisms through which firms create, deliver, and capture value, and Osterwalder 

& Pigneur (2010), whose Business Model Canvas  framework identifies the core business model components 

such as customer segment, value proposition, key resources, and revenue streams.  

The central research question(RQ) driving this work is: 

How can the business models of MLaaS platforms be systematically classified into a 
taxonomy, and what common archetypes emerge from the combination of their key 

dimensions and characteristics? 

This question (RQ) targets the lack of structured understanding around the business model of the MLaaS 

platforms. Given the increasing importance of MLaaS platforms in AI deployments and the platformization of cloud 

infrastructure required in AI development, a classification of their business models is needed to clarify how these 

platforms create, deliver and capture value. We therefore create a business model taxonomy, which follows by 

deriving the archetypes to reveal the recurring patterns amongst the business model dimensions and 

characteristics of these MLaaS platforms. The following four sub-questions guide the research process and 

collectively support the taxonomy’s design, development, evaluation and analysis.  

SQ1: To what extent can the business models of MLaaS platforms be conceptualized using 

current literature? 

This sub-question (SQ1) lays the conceptual foundation for the taxonomy by drawing insights from multiple 

domains: cloud computing, machine learning as a service platform, digital platform, and business model research. 

The main goal is to define the key components and boundaries of MLaaS platform business model. To do this, a 

working definition of MLaaS business models is required, along with an assessment of whether current literature 

offers adequate support for this task.  Given the interdisciplinary and fragmented nature of existing research, this 

synthesis is essential to ensure the taxonomy is theoretically grounded and relevant across all relevant domains 

(Nickerson et al., 2013). 

SQ2: What are the key characteristics of MLaaS platform business models that are 

systematically captured within the business model taxonomy? 

This sub-question (SQ2) supports the identification and organization of business model characteristics, 

using the iterative methodology proposed by Nickerson et al. (2013) to develop the taxonomy. It focuses on 

identifying relevant dimensions and features from both empirical cases and conceptual literature, particularly 

those related to value creation, value delivery, and value capture (e.g., pricing models) (Teece, 2010). The aim is 

to explore how the actual characteristics of MLaaS platforms can be accurately represented in a taxonomy.  

SQ3: To what extent is the business model taxonomy of MLaaS platform structurally valid 
and practically usable?  

This sub-question (SQ3) evaluates the structural validity and practical usability of the proposed MLaaS 

platform business model taxonomy by testing its relevance to real-world cases. Using established criteria for 

structural validity (Szopinski et al., 2019) and usability (Miles & Huberman, 1994), the evaluation examines 

whether the taxonomy can effectively categorize different MLaaS platforms based on their business model 

dimensions and characteristics. The assessment also identifies any limitations, such as overlaps or gaps in the 
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taxonomy’s dimensions. By demonstrating the ability to systematically assess MLaaS platforms according to 

predefined criteria, this step highlights the taxonomy’s value as a classification tool for both researchers and 

practitioners. 

SQ4: What archetypes can be derived from the recurring patterns in the MLaaS platform 
business model taxonomy? 

This sub-question (SQ4) aims to identify recurring patterns, from which archetypes can be derived, within 

the business model taxonomy developed for MLaaS platforms. It builds on the dimensions and characteristics of 

the taxonomy by analysing how certain combinations of dimensions and characteristics appear repeatedly. While 

the process of deriving archetypes goes beyond the formal taxonomy development approach outlined by 

Nickerson et al. (2013), it offers an additional layer of insight. Specifically, it supports the empirical understanding 

of business models by grouping similar cases into generalized types, making the taxonomy easier to interpret and 

apply (Möller et al., 2022). 

1.5 Research Approach & Design  

This study adopts a qualitative approach to develop a business model taxonomy for MLaaS platforms and 

subsequently deriving business model archetypes from the taxonomy dimensions and characteristics. Following 

Osterwalder et al.’s (2005) Business Model Concept Hierarchy, the research is structured through a three-layer 

conceptual hierarchy by beginning with a definition and meta-model of MLaaS platform business model, followed 

by a taxonomy of business model dimensions and characteristics, and archetypes derived from the observed 

recurring patterns. To ensure methodological rigor and transparency, we follow Möller et al.’s (2022) framework to 

inform the overall taxonomy design, while using Nickerson et al.’s (2013) taxonomy development method for 

developing the taxonomy through iterative refinement. To address methodological gaps, the study integrates 

other qualitative techniques in data sampling, data analysis and taxonomy evaluation. 

The scope of this research is intentionally defined to focus on MLaaS platforms that support the end-to-end 

machine learning lifecycle, excluding pre-built AI applications that lack customization capabilities. This delineation 

ensures the taxonomy captures the value creation, delivery, and capture mechanisms in a busienss model, rather 

than just platform-specific functionalities. To establish the sampling frame, platforms are drawn from G2’s "Data 

Science and Machine Learning Platforms" and "Machine Learning Operations (MLOps) Platforms" categories (G2 

Crowd Inc., 2025). After screening product descriptions on G2 and platform’s website, 24 cases are identified and 

included in a case database. Purposive sampling ensures diversity of cases with service-bundling (e.g., service-

bundling by cloud or data platform vs. standalone platforms ) and different model scope (e.g., machine learning 

vs. large-language model support).  

During the taxonomy design, we define the four meta-dimensions proposed by Möller et al. (2022): Data 

(sampling and collection), Development (methodological and technological scope), Representation (visualization 

and exclusivity), and Analysis (clustering techniques and applications). The taxonomy development phase follows 

Nickerson et al. (2013) by first conducting a scoping review to define the “MLaaS platform business model” 

concept and rapid review to gather input to support the conceptual-to-empirical phase of taxonomy development. 

The definition is then used to formulate the taxonomy’s meta-characteristic: "the characteristics representing 

MLaaS platforms’ value creation, delivery, and capture mechanisms." This addresses conceptual ambiguities 

noted in prior literature (Philipp et al., 2020; Lins et al., 2020) and aligns with Möller et al.’s (2022) emphasis on 

balancing empirical data with theoretical constructs. The iterative process is governed by eight objective and five 

subjective ending conditions, proposed by Nickerson et al. (2013), which determine when the taxonomy can be 

finalized. The method iteratively proceeds through the conceptual-to-empirical and empirical-to-conceptual 

phases where the former builds on existing literature, while the latter derives from the real-world MLaaS platform 

cases. Elo & Kyngäs’(2008) inductive content analysis is applied on secondary data to identify dimensions and 

characteristics during the taxonomy development  

In the following taxonomy evaluation phase, Yin’s (2018) within-case analysis is used to evaluate the 

taxonomy’s relevance to the real-world MLaaS platforms’ business model characteristics. We analyse the 

application of the finalized taxonomy to four previously-unsampled platform cases, including BigML, Microsoft 

Azure AI, DataRobot, and VESSL AI, validating the structural validity and practical usability of the taxonomy while 

refining the taxonomy iteratively until all conditions are met (Szopinski et al., 2019; Miles & Huberman, 1994). In 

the final phase, we map the business model characteristics of all the 24 cases in the case database to our 

business model taxonomy and analyse their similarities and differences using cross-case analysis (Eisenhardt, 

1989), where recurring patterns of business model characteristics are identified and derived into business model 

archetypes. During each phases in our research process, findings are synthesized, with conclusions drawn 
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following the iterative consideration of sub-questions. The process (see Figure 1) is carefully documented to 

ensure transparency, and limitations are explicitly discussed. 

 
Figure 1: Research process 

1.6 Relevance to MSc Management of Technology (MoT)  

This research aligns closely with the objectives and syllabus of the MoT programme by examining the 

MLaaS platform functions and the strategic use of resources that enable firms to leverage AI technologies for 

competitive advantage. The study adopts a structured, hierarchical approach by defining a meta-model, 

developing a business model taxonomy, and deriving archetypes, to systematically analyse how these platforms 

create, deliver, and capture value. The research methodology reflects the MoT programme’s emphasis on 

analytical frameworks for technology management, particularly in assessing technological markets and 

commercialization strategies. By focusing on the business model of MLaaS platforms, a critical enabler of AI 

adoption, the study bridges technical and managerial perspectives, mirroring the programme’s interdisciplinary 

approach. Furthermore, the analysis of value creation, delivery and capture mechanisms resonates with the 

programme’s goal of equipping students to evaluate technology’s commercial impact in global, competitive 

contexts. This research provides a structured framework for assessing how MLaaS platforms affect corporate 

productivity, profitability, and strategic decision-making. It contributes foundational work that supports the MoT's 

mission in technology management education. 

1.7 Thesis Structure  

The remaining of this thesis is structured as the following. In Chapter 2, we present the theoretical 

concepts that are used throughout this study. In Chapter 3, we explain our research design where we 

complement the Nickerson et al.’s (2013) taxonomy development methodology with different research methods. 

In Chapter 4, we explain the use of the relevant literature to develop a working definition of MLaaS platform, and 

present the conceptual framework that guides the rest of our research. In Chapter 5, we then present the findings 

from the literature review and the resulting preliminary business model taxonomy. In Chapter 6, the final business 

model taxonomy will be evaluated and explained. Chapter 7 presents the evaluated final business model 

taxonomy and explain its dimensions and characteristics. In Chapter 8, we analyse and explain the similarities 

and differences in all 24 cases that lead to the derived business model archetypes. Lastly, we discuss the findings 

from this study in Chapter 9 with the final conclusions presented in Chapter 10.   
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2. Theoretical Foundations  
In this chapter, we explain the core concepts and definitions, including MLaaS platforms, business models, 

and platform business models, that ground our study. Lastly we review the extent of prior taxonomies in capturing 

MLaaS platform’s business model characteristics and the applicability of prior archetypes to MLaaS platform 

business models. 

2.1 MLaaS Platforms 

AI is the broad field of building smart machines. Machine learning is a part of AI that learns from data. 

Deep learning is a type of machine learning using multi-layered neural networks to automatically extract 

meaningful data features. LLMs are deep learning models designed to understand and generate human-like 

language. Within this technological landscape, MLaaS platforms are gaining relevance as the tools that offer 

machine learning capabilities via cloud-based services.  As machine learning adoption grows across sectors, 

defining enabling technologies, like MLaaS platforms, clearly becomes essential for both scholars and business 

practitioners.  

MLaaS platform is a cloud-based digital platform that offers modular on-demand machine learning 

capabilities, such as data processing, model training, and deployment, through tools and APIs. It enables scalable 

and collaborative machine learning workflows by connecting diverse users, while abstracting infrastructure 

complexity through multisided platform design. MLaaS platforms combine the cloud’s defining features, including 

on-demand access, elasticity, and infrastructure abstraction, with the coordination logic of digital platforms that 

connect diverse user groups (Gawer, 2014; de Reuver et al., 2018; Rochet & Tirole, 2003). They support flexible 

machine learning workflows through modular design (Baldwin & Clark, 2000), enable ecosystem participation via 

multisided interactions (Hagiu & Wright, 2015a), and scale efficiently by leveraging data and infrastructure 

economies (Shapiro & Varian, 1999; Evans & Schmalensee, 2016). This hybrid nature situates them uniquely 

within the broader AI service platform domain. 

The literature (e.g., Lins et al., 2021; Philipp et al., 2020; Geske et al., 2021) consistently conceptualizes 

MLaaS platforms as cloud-based systems providing modular and scalable machine learning solutions. Key 

defining features include: (1) cloud-hosted access to AI or machine learning tools without requiring local 

infrastructure, (2) integrated frameworks for developing, training, and deploying models, (3) streamlined workflows 

that minimize data and computational demands, and (4) a service-oriented architecture facilitating flexible 

machine learning service integration and exchange. Taken together, these elements suggest that a robust MLaaS 

platform definition must go beyond technical functionality. It should capture not only the modular and cloud-based 

nature of these platforms but also their role as orchestrators of value within AI-driven digital ecosystems (Tiwana, 

2014; Cusumano et al., 2019). Their scalable and multisided characteristics distinguishes them from traditional 

cloud services and overlaps with some characteristics of AI service platforms (Geske et al., 2021).  

2.2 Business Model  

Contemporary literature presents three major interpretations of business models (Massa et al., 2017): (1) 

as cognitive or logical schemas that capture how managers conceptualize value creation; (2) as real-world 

attributes observable in empirical patterns; (3), as formal conceptual representations (Amit & Zott, 2001; 

Osterwalder et al., 2005) that serve as blueprints of a company’s logic. Over time, the concept of a business 

model has also evolved through five key phases (Osterwalder et al., 2005). It began with definitions and 

classifications (Timmers, 1998; Rappa, 2001), advanced to “shopping lists” of components (Chesbrough & 

Rosenbloom, 2002; Magretta, 2002), then to structured frameworks (Afuah & Tucci, 2000), followed by formal 

modelling (Osterwalder et al., 2005), and most recently to practical applications in digital contexts.  

This evolution reflects a growing emphasis on component-based analysis. As research has progressed, 

many scholars have focused on breaking down business models into discrete components to facilitate systematic 

classification and analysis (Morris et al., 2005; Shafer et al., 2005). This component-based view supports the 

examination of how different configurations affect value creation, delivery, and capture, though persistent 

ambiguity of definitions highlighting the need for conceptual clarity in complex digital ecosystems like MLaaS 

platforms. We further identified 13 definitions of business models ranging from 'architecture design' (Teece, 2010) 

to 'activity systems' (Zott & Amit, 2010), and include system-based views (Afuah & Tucci, 2000) and abstract 

representations (Al-Debei & Avison, 2010). Despite surface differences, they converge on core components: 

value creation, delivery, and capture (see Table 1), further reinforcing the observed trend. 

Among these interpretations, the view of business models as conceptual representations, widely adopted 

in taxonomy-based research, offers both clarity and function as analytical tool (Osterwalder et al., 2005). Both the 

component view and conceptual representation view of business model are effectively operationalized in the 

Business Model Canvas (Osterwalder & Pigneur, 2010) (see Figure 2), which identifies the nine core components 

that collectively express how a firm creates, delivers, and captures value. These components align with Teece’s 
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(2010) mechanisms and provide the granularity necessary for comparative analysis. Given that eight of the 

thirteen definitions we identified also emphasize these same value-focused dimensions, we adopt the Business 

Model Canvas’ components and Teece’s (2010) value creation, delivery and capture mechanisms concept in the 

conceptual framework of this study. 

Table 1: Overview of selected business model definitions from literature 

Author(s) Year Definition Concept 

Afuah & Tucci 2000 “...a system made up of components, linkages between 

components, and dynamics." 
System-based 

Al-Debei & 

Avison 
2010 "...an abstract representation of an organization’s core 

architectural, operational, and financial arrangements to achieve 
strategic goals." 

Abstract 

representation 

Amit & Zott 2001 "...the content, structure, and governance of activities between a 

firm and its partners to create/capture value." 
Activity system 

Chesbrough & 

Rosenbloom 
2002 "...a construct mediating between technology development and 

economic value creation." 
Construct 

Demil & Lecocq 2010 "...an articulated or implicit logic for firm activities, enabling value 
creation and capture." 

Business logic 

Magretta 2002 "...a story that explains how an enterprise works." Narrative 

Osterwalder et 
al. 

2005 "A business model is a conceptual tool containing a set of 
objects, concepts and their relationships with the objective to 
express the business logic of a specific firm. " 

Conceptual 
representation 

Teece 2010 "...the design or architecture of the value creation, delivery, and 
capture mechanisms employed." 

Architecture 
design 

 

 
Figure 2: Business Model Canvas and components (Osterwalder & Pigneur, 2010) 

 

2.3 Value Creation, Delivery and Capture in Platform Business Model 

Platforms have emerged as the organizational forms that redefine how value is created, delivered, and 

captured across industries (de Reuver et al., 2018). Drawing on Teece’s (2010) notion of business models as “the 

design or architecture of the value creation, delivery, and capture mechanisms employed,” most platform scholars 

conceptualize platform-based models around these three core dimensions (Clauss et al., 2017; Clauss et al., 

2019; Osterwalder & Pigneur, 2013). Unlike traditional pipeline firms that transform inputs through linear 

processes and own physical assets (Kortmann & Piller, 2016), platforms orchestrate interactions among 

independent participants. Their advantage lies not in controlling resources (Barney, 1991), but in intermediating 

between distinct user groups and scaling through network effects and modular architectures (Parker et al., 2016; 

van Alstyne et al., 2016). 

Platforms redefine value creation by enabling direct exchanges among participants rather than relying on 

internal resources. MLaaS platforms like Snowflake exemplify this shift, providing tools and services, such as 

model training tools, that facilitate third-party innovation (Gawer, 2014). As platform’s technology partners 

contribute prebuilt models or datasets, the platform’s utility grows, creating “data network effects” (Gregory et al., 

2021; Haftor et al., 2021). This observation aligns with de Reuver et al.’s (2018) view that platforms excel by 

harnessing external resources rather than owning them. The traditional resource-based view is inverted, as value 

stems from orchestrating participation rather than internal research and development (Barney, 1991; Parker et al., 

2016; van Alstyne et al., 2016).  
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In delivering value, platforms standard interactions through modular interfaces (Hagiu & Wright, 2015a), by 

acting as matchmakers and optimizing cross-side interactions where the activity of one user group enhances the 

utility for another (Rochet & Tirole, 2003). MLaaS platforms, such as Amazon SageMaker, abstract infrastructure 

complexities via APIs, allowing developers to focus on model development without managing backend systems. 

This modularity balances stability and innovation, ensuring core functions remain consistent while complementary 

services evolve independently (Gawer, 2014). Platforms, like Google Vertex AI, further demonstrate this flexibility 

by supporting different industries, from healthcare to finance, without requiring customized configurations. As de 

Reuver et al. (2018) note, such architectures enable platforms to scale across sectors, contrasting with traditional 

pipeline models that rely on proprietary, inflexible value delivery systems (Cusumano et al., 2019). 

The mechanisms for value capture in platforms differ fundamentally from those of pipeline businesses, as 

revenue is tied to ecosystem activity rather than standalone product sales. Hagiu and Wright (2015a) distinguish 

between direct monetization, such as transaction fees, and indirect strategies, like leveraging user bases for 

ancillary revenue, which is the supplementary revenue streams that complement the main platform activities. 

MLaaS platforms often combine both approaches. For example, while offering free access to model repositories, 

Amazon SageMaker charges pay-per-token fees for compute resources, which are the computational power and 

infrastructure required to process data, run applications, and perform calculations in machine learning models. 

This hybrid model aligns with van Alstyne & Parker’s (2017) insight that platforms maximize profits by scaling user 

participation at minimal marginal cost. However, governance is important because if the platform takes too much 

value from partners, it can discourage their participation and limit the growth of the ecosystem (de Reuver et al., 

2018). Instead of relying on licensing markups, platforms adopt infrastructure as a service (IaaS) pricing and 

revenue-sharing models (Tiwana et al., 2010). This also reflects Rochet and Tirole’s (2003) idea that using 

different pricing strategies for different users can help the platform grow over time. 

2.4 Business Model Taxonomies  

Business model taxonomies serve as the foundational tools for structuring and analysing how firms create, 

deliver, and capture value. Historically, these taxonomies have evolved from simplistic, deductively derived 

typologies, such as Timmers’ (1998) early classifications of e-business models, to more sophisticated, empirically 

grounded frameworks that leverage clustering techniques and multidimensional analysis (Lambert, 2015; Remane 

et al., 2016).  

The shift reflects a growing recognition that business models are complex, dynamic systems requiring 

granular categorization to account for industry-specific nuances, such as those in digital platforms or AI-based 

services. However, while existing taxonomies offer valuable insights into business models, they often neglect 

emerging domains like MLaaS platforms with inherited characteristics from multiple domains such as cloud 

computing, digital platform and AIaaS. Thus, they demand adapted frameworks to support further analysis. So, 

this section focuses on critiquing prior taxonomy methodologies and identifying gaps in their application to MLaaS 

platforms.  

The development of business model taxonomies, especially in platform domain, has predominantly 

followed iterative, mixed-method approaches, blending deductive (conceptual-to-empirical) and inductive 

(empirical-to-conceptual) strategies. Nickerson et al.’s (2013) method is frequently cited, as seen in Staub et al. 

(2021), where dimensions are first derived from literature (e.g., value proposition, revenue streams) and later 

refined through empirical validation. For instance, Staub et al. (2021) classify digital platforms by combining 

categories from Gassmann & Frankengerger’s(2014) Business Model Navigator (e.g., value proposition, target 

customer) with case studies from the real estate industry. These studies exemplify the iterative refinement of 

taxonomies, where conceptual dimensions (e.g., "platform structure") are tested against real-world data to ensure 

robustness (Staub et al., 2021). Deductive studies, as in Freichel et al. (2021), prioritize theoretical coherence, 

extracting dimensions like "transaction type", both online or offline, from platform. In contrast, inductive studies, 

such as Engelbrecht et al. (2016), derive taxonomies from empirical data, such as clustering data-driven business 

models based on "technological effort" and "target audience."  

Upon inspection, existing taxonomies exhibit two key limitations when applied to MLaaS platforms. First, 

they overlook business model dimensions specific to MLaaS platforms. For instance, Weber et al. (2022) and 

Metelskaia et al. (2018), propose classification for AI startup business model with a broad focus and the level of 

analysis that remain at the organizational level, but not directly related to MLaaS platforms. Second, platform 

business model taxonomies prioritize marketplace dynamics (e.g., buyer-seller matchmaking) over the value 

creation, delivery and capture mechanisms of MLaaS platforms. For example, Freichel et al. (2021) classify 

platforms by "transaction type" (online or offline) and "market orientation" (buyer or seller), which are irrelevant to 

MLaaS platforms like Databricks or DataRobot that use computational infrastructure and model management 

tools as resources to create value. This misalignment stems from a focus on transactional ecosystems (e.g., 

Airbnb, Uber) rather than technical platforms where value is captured through computational resource allocation 

or algorithmic services such as AutoML that automates data preprocessing, algorithm selection, and 

hyperparameter tuning in machine learning. Ejsmont et al. (2024) highlight this gap, noting that multisided AI 

platforms require revenue models tailored to data scientists’ workflows, not consumer-marketplace interactions.  
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Third, digital platform taxonomies often assume a static marketplace structure, ignoring the layered 

architecture of MLaaS platforms. For instance, Täuscher & Laudien’s (2017) taxonomy categorizes platforms by 

"transaction content" (product or service) and "revenue source" (buyer or seller), which fails to capture how 

MLaaS platform providers like Microsoft Azure AI operate across infrastructure (Infrastructure as a service or 

‘IaaS’), development (PaaS), and application (SaaS) layers where each later has distinct monetization model 

(e.g., cloud credits for model training, subscriptions for access to APIs). This limitation reflects a broader 

disconnect: marketplace taxonomies treat platforms as neutral intermediaries, while MLaaS platforms actively 

shape value creation through technical constraints (e.g., model latency thresholds) and proprietary tooling (e.g., 

integrations with third party tools). 

Our conceptual framework addresses these gaps by establishing a meta-model, using Business Model 

Canvas’ component-based structure (Osterwalder & Pigneur, 2010) with the emphasis on Teece’s (2010) value 

creation, delivery and capture mechanisms (see Chapter 4). This meta-model is then used to scope the 

dimensions and characteristics relevant to MLaaS platform during the taxonomy development. 

2.5 Business Model Archetypes 

Business model archetypes are generalized, recurring patterns that describe how firms create, deliver, and 

capture value (Osterwalder & Pigneur, 2010; Remane et al., 2017). Rooted in configurational theory, these 

archetypes represent ideal-type combinations of business model elements that emerge across industries (Massa 

et al., 2017). In the context of business model and information systems research, archetypes refer to abstract 

patterns or ideal types that capture common characteristics observed across multiple instances of a phenomenon 

(Gregor, 2006). They serve as simplified representations that help researchers and practitioners classify, 

compare, and analyse complex real-world cases by distilling them into broader categories. 

Each of the three papers, Sundberg et al. (2022), Weber et al. (2022), and Geske et al. (2021), derive 

motives or archetypes for AI service platforms or AI startups. But their approaches differ in their methodology and 

focus. Sundberg et al. (2022) develop a typology of AI service platforms using a literature review, identifying four 

archetypes: analytics, learning, conversational, and distributed platforms (see Table 2). Their classification is 

based on three dimensions: AI definitions (e.g., systems that think or act like humans), scope (content-changing 

vs. context-changing AI), and novelty (low to high). For instance, analytics platforms are characterized by low 

novelty and content-changing automation, while distributed platforms are high novelty and autonomous systems 

(Sundberg et al., 2022). 

Table 2: AI service platforms typology (Sundberg et al., 2022) 

Type  Definition Novelty and scope 

Analytics Systems that think rationally and act 
according to rules and formal 
procedure. 

Low level of novelty. Content changing through 
automation or amplification. Humans act as 
controllers or conductors. 

Learning Systems that think like humans, 
through neural networks. 

Medium level of novelty. Context-changing through 
alteration. Humans act as co-creators. 

Conversational  Systems that act like humans through 
an interactive interface. 

Low level of novelty: Content changing through 
automation with Humans as controllers. 

Distributed Systems that act rationally in multi-
actor environments. 

High level of novelty: Content changing through 
autonomous systems kept in check by humans. 

Weber et al. (2022) take a more empirical approach, constructing a taxonomy of AI startup business 

models using a sample of 100 startups and hierarchical cluster analysis. Their four archetypes, AI-charged 

Product/Service Provider, AI Development Facilitator, Data Analytics Provider, and Deep Tech Researcher, are 

derived from dimensions such as core AI value, primary AI technology, and delivery mode. For example, AI-

charged Product/Service Providers embed pre-trained AI models into standardized offerings, whereas Deep Tech 

Researchers focus on cutting-edge AI solutions for niche problems (Weber et al., 2022). The authors emphasize 

the role of data in value creation and the technical complexity of AI, which influences how startups position 

themselves in the market. 

Geske et al. (2021) focus on AI service platforms, developing a taxonomy through iterative analysis of 31 

platforms and expert interviews. Their taxonomy layers highlight how platforms vary in industry focus, service 

models (e.g., ready-to-use vs. development services), and complementor involvement. While they do not explicitly 

label archetypes, their discussion reveals three motives: platforms enabling custom AI development, those 

offering ready-to-use AI applications, and those providing complementary services like data labelling (Geske et 

al., 2021). Their work highlights the modularity of AI platforms and the spectrum of customization options 

available to users. 

Despite differences in methodology, the papers share key insights about AI-specific business model 

archetypes. First, the central role of technical complexity and customization in differentiating archetypes are 
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highlighted. Platforms range from low-code, user-friendly solutions such as Sundberg et al.’s (2022) "lightweight 

AI", to highly specialized, developer-centric environments such as Weber et al.’s (2022) Deep Tech Researcher. 

Second, data’s role in value creation is a recurring theme. Analytics platforms rely on data for decision support 

(Sundberg et al., 2022), while AI Development Facilitators leverage data for model training (Weber et al., 2022). 

Third, the degree of third-party integration varies, with some platforms acting as standalone solutions (e.g., Geske 

et al.’s ready-to-use services) and others acting as ecosystems (e.g., multisided platforms). 

When deriving archetypes, the papers suggest several considerations. First, dimensions of classification 

must be clearly defined, whether functional (e.g., AI capabilities), structural (e.g., platform layers), or strategic 

(e.g., market focus). Second, empirical validation is critical; Weber et al. (2022) and Geske et al. (2021) use real-

world samples to ground their taxonomies, while Sundberg and Holmström (2022) rely on literature synthesis. 

Third, practical applicability should be prioritized. So, business model archetypes should help researchers or 

business users navigate choices, such as selecting platforms based on technical needs (Geske et al., 2021) or 

evaluating startup business models (Weber et al., 2022).  
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3. Methodology  
To classify the different business models of MLaaS platforms (RQ), our study are guided by two main 

research objectives: (1) To systematically conceptualize the business model of MLaaS platforms using a business 

model taxonomy, (2) To analyse and explain the archetypes, observed in the recurring patterns across the 

different business model characteristics in MLaaS platforms. As established in Chapter 2, this study adopts 

Osterwalder et al.’s (2005) three-layer hierarchical view to conceptualize the MLaaS platform business model. 

This chapter explain the taxonomy design, data collection, taxonomy development, taxonomy evaluation and 

taxonomy analysis applied in this study. 

3.1 Taxonomy Design Phase 

A taxonomy is a systematic classification of objects (e.g., MLaaS platforms) based on shared 

characteristics. It is different from broader classifications (general groupings), frameworks (theoretical constructs), 

or typologies (conceptually derived categories) (Nickerson et al., 2013). Unlike purely empirical classifications, 

such as numerical taxonomy (Sokal & Sneath, 1963) or unidimensional typologies (Bailey, 1994), taxonomies 

integrate both conceptual foundations (e.g., Teece’s value creation, delivery and capture mechanisms) and 

empirical validation (e.g., platform documentations) to generate actionable insights (Doty & Glick, 1994). 

Taxonomies are particularly suited for this study because they provide a structured way to organize complex, 

multidimensional phenomena around the different business models of MLaaS platforms. By defining the 

dimensions and characteristics of the MLaaS platform business model, the taxonomy can conceptualize the 

business activities these platforms use to create, deliver, and capture value (Teece, 2010).   

The initial taxonomy design followed Möller et al.’s (2022) four meta-dimensions(see Table 3). The object 

of analysis was the operational MLaaS platforms that were sampled from G2’s (G2 Crowd Inc., 2025) listings. 

Amongst the 24 cases identified, 20 cases were purposively sampled for use in the taxonomy development as the 

ending conditions was met, with all 24 cases included in the taxonomy analysis. Data collection focused on the 

publicly available platform documentations, peer-reviewed articles and proceedings from SCOPUS and Google 

Scholar. In the development phase, we use of Nickerson et al.’s (2013) iterative taxonomy development method, 

complemented by qualitative techniques whenever needed. We used a morphological box to visualize the 

business model taxonomy (Szopinski et al., 2020), highlighting the business model dimensions that were either 

mutually or partially exclusive. Finally, taxonomy analysis derived archetypes from all cases using cross-case 

analysis. 

Table 3: Business model taxonomy design (Adapted from Möller et al., 2022) 

Meta-dimension Dimension Characteristics 

Data Object of Analysis MLaaS platforms  

Data Collection Platform documentations, third party publications, literature 

Data Sampling Theoretical sampling (24 platforms) 

Theoretical Lens Teece’s (2010) value creation, delivery and capture 

mechanisms and Osterwalder et al.’s (2010) Business Model 
Canvas  

Development Development Method Nickerson et al. (2013) complemented with qualitative 

methods 

Industry focus AI industry 

Technology Scope All types of MLaaS platforms 

Depth of Analysis Theoretically grounded business model dimensions aligned 
with Business Model Canvas components (Osterwalder et 
al., 2010) 

Representation Exclusivity Both mutually or partially exclusive 

Visualization Morphological box (Szopinski et al., 2020) 

Application Further Application Taxonomy analysis to derive archetypes 

Clustering Tool Cross-case analysis  

This study adopted an interpretivist approach, viewing a MLaaS platform business model as socially 

constructed through platform’s interactions with its stakeholders and various contextual factors (Bryman, 2016). 

The research emphasized an understanding of how meaning emerged from a platform’s documentation, 

branding, and online communications rather than seeking objective classifications. An iterative, context-

dependent taxonomy development process examined both observable features and implied meanings in business 

model characteristics (Schwandt, 1994). Key dimensions (e.g., value proposition) were interpreted through close 
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reading of platform narratives rather than rigid categorization. Researcher reflexivity ensured transparency in 

interpretive judgments, particularly when analysing edge cases or conflicting evidence (Yanow, 2014). While not 

pursuing generalizable truths, the study grounded its taxonomy in empirical cases while acknowledging the 

interpretive nature of all classifications. This approach proves particularly valuable for MLaaS platforms, where 

business models evolve dynamically through technological and social influences. 

3.1.1 Literature Review 

Before beginning the taxonomy development phase, the meta-characteristic and definition of our object of 

analysis were defined by a two-phase literature review. Due to limitation of resources, both time and researchers 

available, we selected literature review approaches that would allow us to address two distinct research 

objectives efficiently. The first objective required broad conceptual understanding of MLaaS platform business 

models, while the second required identification of specific taxonomy dimensions from existing frameworks. Using 

two targeted approaches enabled us to achieve both breadth in definitional clarity and depth in identifying specific 

taxonomy dimensions and characteristics within our resource constraints. We used a scoping review to formulate 

a working definition of "MLaaS platform business model" using contemporary literature(Arksey & O'Malley, 2005; 

Tricco et al., 2015). This definition led us to the meta-characteristic of our taxonomy (see Chapter 4): "the 

characteristics representing the value creation, delivery, and capture mechanisms of MLaaS platforms." We then 

followed up with a rapid review (Ganann et al., 2010) to gather business model dimensions and characteristics 

from the recent business model taxonomies literature, for inclusion in the preliminary taxonomy. 

3.1.1.1 Scoping Review 

A scoping review is a structured methodology designed to systematically explore the breadth and depth of 

existing literature on a particular topic to identify key themes and gaps requiring further investigation (Arksey & 

O’Malley, 2005; Tricco et al., 2015). Given the unclear conceptualization of MLaaS platforms, we followed the 

guidance from Nickerson et al. (2013) by first adopting an exploratory approach though a scoping review. We 

broadly followed this method to answer our first sub-question (SQ1): “To what extent can the business models of 

MLaaS platforms be defined using current literature?” This phase adopted Arksey and O’Malley’s (2005) scoping 

review framework, guided by several key components (see Table 4). 

Table 4: Overview of methodology components of scoping review 

Component Description 

Objective 1. Map literature on MLaaS platform, business models, cloud computing, and digital platforms. 

2. Analyze the relevant definitions to guide our own formulation. 

Methodology Arksey and O’Malley’s (2005) framework: Research question formulation, database searches, 
screening, synthesis. 

Data Sources SCOPUS queries on the four domains. 

Inclusion 
Criteria 

Peer-reviewed articles (2015–2024); focus on definitions and frameworks; exclude technical 
and non-platform-related studies. 

Outcome Working definition of MLaaS platform business models and concept map. 

The scoping review process involved several key stages: (1) defining clear research objective, (2) 

executing a search strategy across SCOPUS database, (3) applying inclusion and exclusion criteria to filter 

relevant studies, and (4) synthesizing findings thematically to construct a cohesive narrative (Arksey & O’Malley, 

2005; Peters et al., 2020). Our research aimed to formulate a working definition for MLaaS platform business 

models, a concept currently shaped by conflicting assumptions (e.g., “Is cloud computing a prerequisite?”, “How 

ingrained is platform theory in MLaaS platform?”). The objectives of this scoping review were: (1) to identify the 

domains relevant to the formulation of working definition, and (2) to collect and analyse the definitions of relevant 

concepts. Using this method, we extracted foundational concepts from business model (e.g., Teece, 2010; 

Osterwalder & Pigneur, 2010) and information systems literature (e.g., Geske, 2021; Lins et al., 2021; Sundberg 

et al., 2022) to determine the key components that a business model should address. Meanwhile we also make 

distinctions such as differentiating "MLaaS platforms" (Philips et al., 2021) from "AI service platforms" (Geske et 

al., 2021) by understanding their differences in their focus, target user and level of configurability. We then 

illustrated their links with other relevant domains in a conceptual map (see Figure 3) and a concept matrix (see 

Table 5). With a bottom-up approach, we then inductively synthesized insights from 19 identified peer-reviewed 

articles, focusing on establishing cloud computing’s role in the emergence of MLaaS platform and the 

manifestation of platform-based business model characteristics in MLaaS platforms. Through deductive 

reasoning, we derived a working definition aligned with platform-based business models and cloud computing 

origins. This evidence-based definition of “MLaaS platform business model” allowed us to frame the meta-

characteristics of the business model taxonomy later in our study. Detailed application of the methodology, result 

and analysis are explained in Appendix A1. 
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Figure 3: Concept map 

The scoping review aligned with exploratory theory-building (Edmondson & McManus, 2007), necessary 

for emerging domains like MLaaS platforms. By systematically mapping definitions and theoretical concepts, the 

scoping review addressed the lack of conceptual clarity in MLaaS platform research. Its broad scope ensured our 

definition of the taxonomy’s meta-characteristic was grounded in both information systems and business model 

literature, mitigating bias from isolated disciplinary perspectives.  

Table 5: Concept matrix from scoping review 

Contribution Year 

Concept 

Business 

Model 

MLaaS 

Platform 

Cloud 

Computing 
Digital Platform 

Belussi F. et al. 2019 x    

Cozzolino A. et al. 2021    x 

De Reuver et al. 2018    x 

Durao et al. 2014   x  

Gawer  2022    x 

Geske et al. 2021  x   

Hagiu & Wright 2015    x 

Kapoor & Teece 2021    x 

Lins et al. 2021  x   

Luitse 2024  x x x 

Osterwalder et al. 2015 x    

Philipp R. et al. 2020  x   

Priem et al. 2018 x    

Ritter & Lettl  2018 x    

Shree et al. 2021    x 

Teece & Linden  2017 x    

van der Vlist et al. 2024  x x  

Veit et al. 2014 x    

Zhao et al. 2020 x     x 

 

3.1.1.2 Rapid Review 
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A rapid review is an accelerated literature synthesis method designed to deliver timely, evidence-based 

insights (Tricco et al., 2015). Unlike systematic reviews, which prioritize exhaustive coverage, rapid reviews 

strategically streamline the review process, focusing on highly relevant studies to efficiently identify key trends, 

gaps, and applicable frameworks (Ganann et al., 2010). We employed a rapid review to address our second sub-

question (SQ2): "What key characteristics demonstrated by MLaaS platform business models can be included in 

the taxonomy?" The rapid review provided useful insights for the conceptual-to-empirical iteration of our taxonomy 

development, as it systematically extracted relevant dimensions and characteristics of existing business model 

taxonomies across MLaaS platform and other related domains like platform-based models and AI-specific 

taxonomies. 

The rapid review pursued two specific objectives: (1) identifying suitable business model taxonomy 

dimensions and characteristics, and (2) assessing the applicability of those taxonomy dimensions and 

characteristics to MLaaS platforms. To ensure conceptual alignment, we focused on literature addressing platform 

as the level of analysis, employing broad search terms including "business model," "taxonomy," 

"MLaaS," and "platform." After adapting Mwilu et al.'s (2015) inclusion criteria for emerging technologies (see 

Table 6), the review concentrating on non-technical studies in information systems, business, and management 

domains published within the last decade, while permitting backward searches for seminal works. 

Table 6: Search criteria of rapid review 

Search Criteria Scope 

Content Focused on MLaaS platforms or related domains, expanding to platform business 

model taxonomies. Excludes digital marketplaces and non-AI taxonomies without 
business model dimensions. 

Language English publications only. 

Research Design Non-technical papers within information systems, business and management domain. 

Publication Date Last 10 years, with backward reference searching permitted for foundational sources. 

The rapid review's methodological approach reflects theory-refining research (Edmondson & McManus, 

2007), where iterative synthesis of existing taxonomies informs emergent frameworks. Our reproducible search 

protocol combined predefined SCOPUS queries with backward reference searching and screening of the title, 

abstract and text of the literature. The protocol reduced the corpus to 12 studies selected for full text analysis. 

This approach mirrored the scoping review's deductive-inductive synthesis, with digital platform theory (Rochet & 

Tirole, 2003; Gawer & Cusumano, 2014; de Reuver et al., 2018) anchoring our effort to extract business model 

dimensions while emergent themes (e.g., configurability in machine learning services) refined the boundaries of 

each dimension. Detailed search criteria, application of the methodology, result and analysis are explained in 

Appendix A2.  

3.2 Data Collection, Sampling and Analysis 

This study used desk research as the main data collection method, through systematic gathering and 

analysis of secondary data from peer-reviewed academic literature, platform documentation, white papers, and 

third party publications. Within the context of this study, desk research enabled the development of a curated 

MLaaS platform case database.  

3.2.1 Constructing the Case Database 

In this study, we used a four-step process used to construct the case database (see Figure 4).  The 

sampling frame was derived from G2, a B2B software review platform, widely recognized for its structured 

categorization and verified user feedback (G2 Crowd Inc., 2025).  

 
Figure 4: Case database construction flow diagram 

G2’s categorization was leveraged to systematically identify MLaaS platform-relevant offerings within two 

primary software groups: “Data Science & machine learning Platforms” (252 listings) and “MLOps Platforms” (159 

listings). These categories were chosen based on their alignment with the end-to-end machine learning lifecycle, 

a defining characteristic of MLaaS platforms. A set of strict inclusion and exclusion criteria (see Table 7) was 

applied to filter the cases. Platforms were kept only if they showed the core characteristics of MLaaS platform: (1) 

full or modular lifecycle support (e.g., training, deployment, monitoring), (2) multisided interaction capabilities 

(e.g., enabling collaboration between users and third party providers through the platform), and (3) platform 

modularity that supported multiple machine learning services and third-party integration.  
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Table 7: Inclusion and exclusion criteria of initial database construction 

Category Criteria Objective 

Inclusion Criteria 
  

1. Digital Platform 

Characteristics 

Modular (supports multiple machine learning 

services) and at least two-sided (serves 
both technical and non-technical users). 

Ensures platforms are 

flexible and serve diverse 
user roles. 

2. End-to-End machine 
learning Lifecycle 
Support 

Covers major machine learning activities 
(e.g., data preparation, model training, 
deployment). 

Excludes tools limited to a 
single phase (e.g., only 
training or deployment). 

3. Operational Maturity Excludes startups with unreleased products 
or recently acquired/merged companies. 

Avoids bias from unstable or 
rapidly evolving features. 

4. English Documentation Sufficient public English materials for 
analysis. 

Ensures consistency in data 
collection. 

 

Exclusion Criteria 

  

1. Narrow-Scope Tools Data labelling (e.g., V7), or deployment-only 

(e.g., Clarifai). 

Lacks full MLaaS platform 

capabilities. 

2. Non-Platform Solutions Standalone model hosting (e.g., Hugging 
Face) or governance tools (e.g., Dagshub). 

Missing end-to-end platform 
features. 

3. Agentic AI Platforms Focus on autonomous agents (e.g., 
Akira.AI), not structured machine learning 
workflows. 

Outside MLaaS platform 
scope. 

 

 
Figure 5: Case database construction flow diagram 

The first round of screening of product specification page on the platform’s website was conducted to verify 

the four inclusion criteria. We then further examined the product specification page of the cases to exclude 

platforms that presented AutoML as their core value proposition or were AI SaaS platforms. This deliberate 

screening process resulted in a final sample of 24 platforms (see Figure 5 above and the case database in 

Appendix B). We observed that the cases in the database were organized around four dimensions, product 

category stated on the G2 website, machine learning model scope, industry focus, and service bundling (see 

Table 8 below). So, we confirmed that the final database of 24 platforms demonstrated diversity by capturing the 

full spectrum of MLaaS platform characteristics.  
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Table 8: Diversity in the case database 

Dimension  Count Definition 

Product Category (Source: G2) 
 

Classifies platforms based on their primary focus in the machine 
learning workflow  

Data Science & Machine 

Learning Platform 
8 General-purpose tools for end-to-end machine learning 

development, from experimentation to deployment  
MLOps Platform 16 Specialized in machine learning operational aspects  

Model Scope  
 

Indicates whether platforms cater to specific type of machine 

learning  

 

 
Either machine learning or 
LLM  

10 Designed for singular model types  

 
Both machine learning and 
LLM 

14 Model-agnostic, supporting various types of machine learning 
models  

Industry focus 
 

Reflects the customer segment focus of the platform  
 

Broad 10 Tailored for SMEs and general-purpose use cases 
 

Enterprise  10 Tailored for large corporations 
 

Enterprise - Industry Specific 4 Tailored for specific segments (e.g., healthcare, finance) 

Service bundling 
 

Indicates where platform is part of larger technology companies’ 
service offerings  

No 14 Independent platforms (e.g., DataRobot). 
 

Yes 10 Part of service bundling in a software or cloud vendor’s product 

offering (e.g., Amazon SageMaker, Google Vertex AI) 

 

3.2.2 Case Sampling, Data Analysis and Data Sources 

In this study, we employed theoretical sampling to select cases that represented extreme, typical, or 

contrasting configurations (Eisenhardt, 1989). Unlike random sampling, this approach prioritized cases that 

challenged or confirmed emerging patterns, strengthening the taxonomy’s conceptual and empirical validity 

(Glaser & Strauss, 1967). Crucially, it prevented bias toward dominant market players by deliberately including 

niche and emerging platforms, thereby enhancing generalizability. Theoretical saturation was achieved when 

additional cases no longer yielded new insights, confirming the taxonomy’s comprehensiveness (Guest et al., 

2006).  

In the conceptual-to-empirical phase, the preliminary taxonomy was tested against real-world cases. 

Superb AI Suite, HyperSense, Snowflake, and IBM Watsonx Studio were chosen because they represent distinct 

configurations across two key dimensions: (1) Service bundling from existing data analytics or cloud providers. 

This tests whether the taxonomy can differentiate between integrated (Snowflake and IBM Watsonx Studio) and 

standalone (Superb AI and HyperSense) MLaaS platform business models. (2) Machine learning model scope. 

This variation helps assess whether the taxonomy adequately captures specialized  (Superb AI) and general-

purpose (Snowflake, HyperSense and IBM Watsonx Studio) platforms. In the empirical-to-conceptual phase, 

theoretical sampling shifted toward selecting cases based on the objective of each iteration.  

Table 9: Guiding questions for categorization 

Guiding Question for Categorization Meta Model Second Order Layer 

What core value does the platform deliver to its users through its services? Value Proposition 

What technical or operational processes enable the platform’s functionality? Key Activities 

What proprietary assets give the platform a competitive advantage? Key Resources 

How do collaborations with external entities enhance the platform’s offerings? Key Partnerships 

What support mechanisms ensure user adoption and retention? Customer Relationship 

Through what distribution channels are services delivered to customers? Channels 

Who are the target users and what do they have in common? Customer Segments 

What pricing models generate revenue for the platform? Revenue Streams 

What fixed or variable costs determine the platform’s profitability? Cost Structure 



 

 

 

31       
 

In both phases, we used open and axial coding to categorize qualitative data into concepts (e.g., ‘pay-as-

you-go’) and themes (e.g., ‘pricing model’) accordingly. The themes from axial codes were systematically 

evaluated against the definitions of Business Model Canvas components in the meta-model’s second order layer 

using predefined guiding questions (see Table 9), which served as reference dimensions for our business model 

taxonomy. This  ensured the final taxonomy accurately aligned with the meta-model of MLaaS platform business 

model.  In this study, multiple data sources were used to ensure triangulation, including platform documentation 

from official websites and whitepapers that provided insights into features and business models; and external 

publications from news and industry reports. Further details about the cases in the database were included in 

Appendix B. We further prepared a Supplement document to include data sources used in taxonomy 

development, evaluation and analysis phases (Section 1) and codebook for each of the 24 cases (Section 2).  

3.3 Taxonomy Development Phase 

The development of the MLaaS platform business model taxonomy followed Nickerson et al.’s (2013) 

taxonomy development methodology. The process alternated between conceptual-to-empirical (C2E) iterations 

and empirical-to-conceptual (E2C) iterations to refine the business model taxonomy until the objective and 

subjective ending conditions were fully met (see Table 10 and Appendix D). In each iteration, we applied four 

different taxonomy operations, which included adding, adapting, merging, and deleting the taxonomy dimensions 

and characteristics (see Appendix C1 for detailed operations in each C2E iterations and Appendix C2 for detailed 

operations in each E2C iterations).  

Table 10: Objective and subjective ending conditions (Nickerson et al., 2013) 

Objective Subjective 

1. All objects, or at least a representative sample 
of objects have been examined. 

2. No object was merged with a similar object or 
split into multiple objects in the last iteration. 

3. At least one object is classified under every 
characteristic of every dimension. 

4. No new dimensions or characteristics were 
added in the last iteration. 

5. No dimensions or characteristics were merged 
or split in the last iteration. 

6. Every dimension is unique and not repeated 
(i.e., there is no dimension duplication). 

7. Every characteristic is unique within its 
dimension (i.e., there is no characteristic 
duplication within a dimension). 

8. Each cell (combination of characteristics) is 
unique and is not repeated (i.e., there is no cell 
duplication). 

1. The taxonomy is concise: the taxonomy 
dimensions are meaningful, but not overwhelming. 

2. The taxonomy is robust: the dimensions and 
characteristics of the taxonomy can sufficiently 
differentiate the objects of interest. 

3. The taxonomy is comprehensive: the taxonomy 
can be used to classify all objects within the 
research domain. 

4. The taxonomy is extendible: new dimensions or 
characteristics can be easily added. 

5. The taxonomy is explanatory: the identified 
dimensions and characteristic can be used to 
explain an object of interest. 

 

3.3.1 Design Iterations 

3.3.1.1 Conceptual-to-empirical iterations (C2E) 

The C2E phase applied a deductive approach, starting with taxonomy dimensions and characteristics 

derived from literature identified in rapid review. The taxonomy C2E phase went through three iterations, each 

refining the taxonomy by integrating literature insights while ensuring alignment with meta-characteristic of the 

taxonomy and meta-model of MLaaS platform business model. Each iteration introduced new dimensions and 

characteristics from literature after being adapting to the MLaaS platform context (See Appendix C1). The first 

iteration (C2E-1) drew from AI service platform literature (Geske et al., 2021; Ejsmont et al., 2024; Sundberg et 

al., 2022), prioritizing literature that demonstrated applicability to MLaaS platform domain (see Appendix C1.1). 

The second iteration (C2E-2) incorporated AI startup business model literature (Lins et al., 2021; Metelskaia et al., 

2018; Weber et al., 2022) (see Appendix C1.2). The third iteration (C2E-3) integrated insights from platform 

business model and data-driven business model literature (Naous et al., 2017; Freichel et al., 2021) (see 

Appendix C1.3). The preliminary taxonomy was then systematically tested against four real-world MLaaS platform 

cases, that each case represented a distinct case segmentation identified during case database construction. The 

business model characteristics of these cases were extracted using open and axial coding, with the categories 

and themes compared against the preliminary taxonomy dimensions and characteristics (see Appendix C1.4). 

The identified gaps led to further refinements, resulting in the final 17 dimensions and 64 characteristics of the 

preliminary business model taxonomy (see taxonomy explanation in Chapter 5.4 and iteration details in Appendix 

C1.5).  
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3.3.1.2 Empirical-to-conceptual iteration (E2C) 

The E2C phase applied an inductive approach, analysing real-world cases to derive and refine taxonomy 

dimensions while validating those established in the earlier phase. The taxonomy E2C phase went through three 

iterations, each refining the taxonomy with insights drawn from the interpretation of empirical observations in case 

data (see Appendix C2). Each iteration introduced new dimensions and characteristics that were aligned with our 

meta-model. The first E2C iteration aimed to establish the preliminary taxonomy dimensions by examining cases 

representing identified segmentations identified in the case database (see Appendix C2.1 for details). Four 

purposively-selected platforms, covering specialized platform for machine learning and Edge AI (Barbara), 

general-purpose platform for machine learning (Domino Data Lab), and platform bundled with cloud provider 

(Amazon SageMaker). This iteration focused on identifying the differences between: (1) specialized and general-

purpose platforms, and (2) standalone and integrated business models. The second E2C iteration explored the 

boundary cases and emerging characteristics to test and expand the taxonomy  (see Appendix C2.2 for details). 

Cases were selected to examine niche-focused platform (LLM-focused Modular and pharmaceutical industry-

focused CodeOcean), platform integrated into an existing data platform ecosystem (Databricks Mosaic AI), and 

platform integrating automated workflows (ZAMS). This iteration paid particular attention to platform governance 

structures and pricing models that began emerging in the first iteration but required further validation. The third 

E2C iteration focused on cases that could improve the taxonomy's robustness and completeness (see Appendix 

C2.3 for details). This iteration emphasized on the taxonomy's ability to classify platform supporting both machine 

learning and LLM. This included platforms focusing on both machine learning and LLM which are general purpose 

Dataloop, enterprise-focused Iguazio and PrimeHub, cloud provider’s bundled MLaaS platform Google Vertex AI. 

The analysis also paid special attention to the mutual exclusivity between the characteristics of each dimension. 

Lastly, when the final iteration fulfilled both objective and subjective ending conditions (Nickerson et al.,2013), we 

stopped the taxonomy development process (see Appendix D for progressive status of ending conditions) and 

proceeded with taxonomy evaluation phase. 

3.3.2 Inductive Content Analysis 

We employed Elo and Kyngäs' (2008) inductive content analysis in our study because it accommodated 

both theory development from fragmented knowledge, and interpretivism's emphasis on meaning-making. This 

precisely addressed our need to understand emerging MLaaS platform phenomena. Unlike Mayring's (2014) 

structured approach or Krippendorff's (2018) quantitative focus, In each design iteration, we followed a three-

phase process (preparation, organizing, reporting) to capture both explicit features and socially constructed 

meanings within platform ecosystems based on the focus of that iteration(see Figure 6). 

 

 
Figure 6: Inductive content analysis (Adapted from Elo & Kyngäs, 2008)  

Overall, the inductive method proved particularly valuable when analysing edge cases. For example, some 

platforms that extended MLaaS features with AutoML as secondary value proposition, required careful 

interpretation to avoid forced categorization. By remaining grounded in the data rather than imposing predefined 

structures, the analysis captured these edge characteristics organically which was a key advantage over 

deductive approaches (Elo & Kyngäs, 2008). 

3.4 Taxonomy Evaluation Phase 

The taxonomy evaluation design in this study adopts an internal evaluation approach with predefined 

criteria to evaluate the MLaaS platform business model taxonomy(see Table 11). This choice was supported by 

the emergent nature of MLaaS platforms, where the absence of established domain experts made external 

validation unfeasible (Szopinski et al., 2019). This phase directly addressed the sub-question (SQ 3): “To what 
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extent is the business model taxonomy of MLaaS platform structurally valid and practically usable?” Following the 

interpretivist principles, we conducted within-case analysis following a four-phase process(see Figure 7). The 

internal evaluation approach combined a structural validation of business model taxonomy dimensions and 

characteristics (Szopinski et al., 2019) with usability assessment of practical application of the taxonomy (Miles 

and Huberman, 1994). 

Table 11: Taxonomy evaluation design (Adapted from Szopinski et al., 2019) 

Category Criteria Description 

WHO? 

(Subject of 
evaluation) 

Involvement in taxonomy building Subject has been involved in taxonomy building 

Background Practitioners 

Experience Domain 

WHAT? 

(Object of 
evaluation) 

Type Real-world 

Involvement in taxonomy building Object has not been used in taxonomy building 

Coverage Representative 

HOW? 

(Method) 

Approach Within case analysis 

Method Case study 

 
 

 
Figure 7: Taxonomy evaluation process diagram 

We started the process with case selection guided by theoretical sampling principles to maximize variation 

across MLaaS platform business model characteristics. Based on three differentiating factors: model scope, 

industry focus, and service bundling, four cases (BigML, DataRobot, Microsoft Azure AI, and VESSL AI) were 

purposefully selected from our case database. In addition to the finalized business model taxonomy, the process 

leveraged multiple data sources, including platform documentation, product specifications, and third-party 

analysis, to ensure validity through triangulation. Next, we continued with structural validation where taxonomy 

mapping was the main analytical tool. Coding method, used in the earlier taxonomy development phase, was 

followed for each case, along with codebook documented as an audit trail. This phase applied Szopinski et al.'s 

(2019) structural validation criteria (see Table 12). We documented our findings into individual case profiles and 

an attributes matrix comparing all four cases. 

Table 12: Taxonomy evaluation criteria   

Evaluation purpose Criteria Definition 

Structural Validation 

(Szopinski et al., 
2019) 

Completeness All relevant business model dimensions are captured without 

significant gaps 

Mutual Exclusivity Characteristics within a dimension are non-overlapping and 
clearly distinct 

Clarity Definitions are unambiguous and empirically observable 

Usability 

Assessment 

(Miles and 
Huberman, 1994) 

Utility Enables consistent classification without expert interpretation 

Robustness Handles all cases effectively 

Theoretical Grounding Dimensions align with established concepts in literature 
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We then proceeded with a gap analysis on the taxonomy-case mapping. The gaps revealed points of misfit 

between the taxonomy and empirical observations, highlighting ambiguities within the final taxonomy. We 

addressed the identified gaps through iterative adjustments to the business model taxonomy dimensions and 

characteristics. The process distinguished between necessary expansions (such as adapting Model Scope to 

include “both” as a characteristic) and clarifications (such as redefining "key partners" subcategories). Each 

modification was cross-validated against previously analysed cases to ensure backward compatibility, a critical 

step maintaining internal consistency as emphasized by Nickerson et al. (2013). The iterative refinement cycle 

continued until reaching theoretical saturation, where new cases no longer revealed substantive gaps in the 

business model taxonomy. Lastly, we conducted usability assessment by following Miles and Huberman's (1994) 

criteria on utility, robustness and theoretical grounding. This stage reflected on whether the business model 

taxonomy could be used effectively when being applied on regular cases like BigML and edge cases like VESSL 

AI. The assessment employed the same case evidence as structural validation but focused on assessing the 

practical usability criteria, completing the taxonomy evaluation phase as recommended by Szopinski et al. (2019). 

The choice of within-case analysis over alternative evaluation methods was driven by three reasons. As 

Nickerson et al. (2013) observe in their taxonomy development framework, classification systems require 

validation at the unit level to ensure each category has clear real-world examples or observable features that 

clearly illustrate what each category represents. Second, the method’s emphasis on contextual detail aligned with 

the interpretivist view that taxonomies should reflect how technologies actually exist in practice, not just how they 

might be abstractly conceptualized (Yanow, 2014). Finally, by focusing intensively on a few carefully selected 

cases rather than superficially surveying many, the analysis could uncover the unique combinations of factors that 

give each platform its distinctive character while still fitting within the broader taxonomy. 

3.5 Taxonomy Analysis Phase 

In the taxonomy analysis phase, we examined how cases were classified across a structured framework to 

uncover meaningful patterns. We used cross-case analysis to identify how different platforms align across the key 

dimensions. This phase addressed the sub-question (SQ 4): “What business model archetypes can be derived 

from the recurring patterns in the MLaaS platform business model taxonomy?” 

Cross-case analysis is a key component of theory-building from case studies  and comparative technique 

used in qualitative research to identify patterns, similarities, and differences across multiple cases (Eisenhardt, 

1989). Our primary objective was to discover meaningful groupings of platforms based on shared configurations 

across the taxonomy dimensions with discriminatory power. These groupings were then interpreted as archetypes 

that represented recurring patterns across a given set of cases. The decision to use cross-case analysis was 

guided by our considerations to interpret the business model taxonomy in a structured manner while remaining 

aligned with the interpretivist research philosophy of this study. Rather than starting with predefined categories of 

archetypes, the method allowed for emergent patterns to be discovered through systematic comparison through 

the research’s interpretation and analysis. 

The implementation of the cross-case analysis followed a multi-step process (see Figure 8 above). First, 

each of the 24 sampled cases was mapped against the business model taxonomy dimensions and 

characteristics. A taxonomy-case mapping was created to visually represent these configurations (see Appendix 

E). Next, we continued with a frequency analysis to quantify appearance of characteristics by recording their 

frequency of these recurring characteristics across all platforms. This revealed dominant patterns, such as the 

prevalence of integrated managed cloud services among cloud orchestrators that prioritized scalability or the 

emphasis on industry specialization in niche specialists. The dimensions were considered to have discriminatory 

power when natural groupings were clearly present and could be clearly identified in mutual exclusive pattern. By 

tallying these traits, we highlighted which features were archetype-defining with discriminatory power versus 

peripheral without discriminatory power, allowing initial clusters to emerge. We then refined the clusters with 

interpretive cluster analysis by qualitatively assessing how platforms orchestrate value creation, delivery, and 

capture. The findings showed the commonalities and variations across the cases, revealing how platform 

characteristics aligned or diverged across the MLaaS platforms. Boundary cases, such as Cloudera AI, which 

blended aggregator-like tool curation with data-related infrastructure typical in data orchestrator, were flagged for 

deeper scrutiny. These discriminatory dimensions effectively derived four distinct archetypes (cloud orchestrator, 

data orchestrator, aggregator and niche specialist) across the 24 platform cases while accommodating 

outliers. Lastly, we visualized taxonomy and the recurring patterns for inclusion in Chapter 8.  

A key design choice in this process was the use of qualitative rather than statistical clustering. Unlike 

quantitative typologies that rely on numerical thresholds, this study emphasized interpretive pattern recognition 

grounded in domain knowledge. This approach was consistent with the use of archetypes in organizational 

research, where the focus was on identifying ideal-type configurations rather than mathematically optimal clusters 

(Doty & Glick, 1994). By grounding these archetypes in case documentations (see Figure 9) and supported by a 

systematic process ( see Figure 8), our use of cross-case analysis enabled the identification of archetypes that 

highlighted the recurring patterns across the MLaaS platforms.  
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Figure 8: Cross case analysis process 

 

 
Figure 9: Cross-case analysis’ iterative nature (left) and data flow (right) 

3.6 Methodological Limitations  

The qualitative research design adopted in this study offers a systematic and qualitative approach to 

developing a business model taxonomy and identifying archetypes for MLaaS platforms. However, several 

methodological limitations should be acknowledged. 

First, the reliance on secondary data from sources such as G2 and platform websites may introduce bias 

or incomplete information, as these sources are often curated for marketing purposes and may not fully capture 

the operational nuances of each platform. To ensure diversity in the cases, the study employed purposive 

sampling by including platforms that capture different business model characteristics. Another source of bias is 

from the subjective nature of qualitative content analysis, which can be influenced by the researcher’s 

interpretation. This was addressed by following established frameworks such as Elo and Kyngäs’ (2018) inductive 

content analysis and by iteratively refining the taxonomy using both conceptual and empirical phases, as 

recommended by Nickerson et al. (2013). 

The scope of the study is intentionally limited to MLaaS platforms that support the end-to-end machine 

learning lifecycle, which means that pre-built AI applications without customization capabilities are excluded. 

While this focus strengthens the relevance of the taxonomy to business models rather than technical features, it 

may limit the generalizability of findings to other types of MLaaS platforms. The evaluation of the taxonomy 

through within-case and cross-case analysis helps to validate its structural validity and practical usability, but the 

absence of primary data collection, such as interviews with platform providers, super users or domain experts, 

may restrict deeper insights into the MLaaS platforms. 

Finally, the iterative process of taxonomy development and archetype derivation is inherently shaped by 

the framework and the predefined ending conditions. Although these methods are well-established, alternative 

research design or additional empirical data could yield different results. Nonetheless, careful documentation, the 

use of multiple validation steps, and alignment with established theoretical frameworks help to compensate for 

these limitations. 
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4. Conceptualizing the Business Model of 

MLaaS Platform  
This chapter responds to the first sub-question (SQ1): “To what extent can the business models of MLaaS 

platforms be conceptualized using current literature?” Drawing on our scoping review of theoretical frameworks 

and empirical findings, this chapter presents two key theoretically-grounded propositions that forms the definition 

of MLaaS platforms, emphasizing the theoretical concepts that are important for the subsequent taxonomy 

development. Building on these propositions, a conceptual framework is introduced, integrating Teece’s (2010) 

value creation, delivery and capture mechanisms with Osterwalder and Pigneur’s (2010) Business Model Canvas 

through a meta-modelling approach. This meta-model serves as a reference for structuring and framing the 

dimensions and characteristics extracted from the analysed empirical cases. We then propose a working 

definition of “MLaaS platform business model” to be used in our taxonomy development process. 

4.1 Conceptualizing the MLaaS Platform   

This section presents two propositions that describe the characteristics of MLaaS platform: (1) MLaaS 

platform is a partial subset of AI service platform and (2) MLaaS platform is a digital platform. Based on these two 

propositions, we then formulate our definition of the MLaaS Platform. 

4.1.1 Proposition 1: MLaaS Platform is a Partial Subset of AI Service Platform  

To conceptualize MLaaS platforms, it is essential to situate them within the broader digital ecosystem, 

differentiate them from AI service platforms, and highlight their defining characteristics. MLaaS platforms share 

some characteristics of AI service platforms, or AIaaS platforms, that focus exclusively on end-to-end machine 

learning workflows. These platforms offer cloud-based tools and services that enable users to develop, train, 

deploy, and manage machine learning models without requiring in-house infrastructure or expertise (Lins et al., 

2021; Philipp et al., 2020). Common themes across the definitions identified in our scoping review (see Table 13) 

highlight the following elements: (1) Cloud-based access to AI or machine learning capabilities without in-house 

infrastructure. (2) Models and tools for building, training, and deploying machine learning models. (3) Simplified 

development with reduced data storage and resource requirements. (4) Modular, service-oriented architecture 

that enables machine learning service exchange. 

Table 13: Overview of definitions in literature 

Concept Definition Source 

AIaaS or 
MLaaS 

“AIaaS offers its users—primarily business customers - access to 
state-of-the-art AI capabilities, without the need for volumes of 
training data, expensive computational resources or lengthy 
development timescales that are generally required by traditional 
‘in-house’ machine learning development.” 

Lewicki et al. (2023) 

 “AIaaS refers to pre-trained models provided to customers on a 
commercial basis.” 

Cobbe & Singh 
(2021) 

 “AIaaS as cloud-based systems providing on demand services to 

organizations and individuals to deploy, develop, train, and 
manage AI models.” 

Lins et al. (2021) 

 “AI services are – regardless of their specific technological 
implementation – capable of performing cognitive functions.” 
(Hofmann et al., 2020; Rai et al., 2019). 

Hofmann et al. 
(2020) and Rai et al. 
(2019), as cited in 
Geske et al. (2021). 

 "MLaaS is a paradigm allowing users to utilize machine learning 

without managing computing resources." 
Philipp et al. (2020) 

AI Service 
Platform 

AI service platforms enable "the provisioning and exchange of AI 
services between agents," supporting AI application creation/use 
via modular architectures. 

Geske et al. (2021) 

MLaaS 

Platform 

MLaaSP (MLaaS-Platforms) provide "the ability to build, train, and 

deploy machine learning models in a single toolset." 
Philipp et al. (2020) 

AI service platforms encompass a wide array of cloud-based solutions for deploying and managing AI 

capabilities, including natural language processing, computer vision, and rule-based systems (Geske et al., 2021). 

These platforms use modular architecture that abstracts technological complexity, enabling accessibility for both 

technical and non-technical users. Geske et al. (2021) define them as systems that "provide organizations with 
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access to AI technology... through federating and coordinating constitutive agents." This positions AI service 

platforms as intermediaries that create value through scalable, interoperable services. 

Within this broad category, MLaaS platforms are distinguished by their deep focus on machine learning 

workflows (see Figure 10). Unlike general purpose AI service platforms that may also offer pre-built APIs, MLaaS 

platforms target users who require control over model development and deployment (Philipp et al., 2020). 

Platforms such as Amazon SageMaker and Google Vertex AI provide tools for data preprocessing, model 

lifecycle management and operations, enabling the user control to customize their work at granular level. 

According to Lins et al. (2021), MLaaS platform spans multiple AIaaS layers: infrastructure (e.g., GPU clusters), 

developer (e.g., TensorFlow), and software services (e.g., pre-trained models). Vertex AI, for example, integrates 

Jupyter notebooks with Tensor Processing Unit provisioning to offer a vertically integrated solution, unlike general 

AIaaS platforms like OpenAI’s GPT-4, which offer limited configurability (Lins et al., 2021). 

 

Figure 10: Machine learning pipeline (Lins et al., 2021) 

A core differentiator is MLaaS platform’s hybrid value proposition that combines software tools, 

infrastructure provisioning, and domain-specific expertise. The overlap and distinctions (see Table 14) between AI 

service platform and MLaaS platform are echoed across the literature. Philipp et al. (2020) and Lins et al. (2021) 

emphasize MLaaS platforms’ orientation toward customizable machine learning pipelines and developer-centric 

tooling, whereas Geske et al. (2021) view broader AI service platforms as orchestrators of generalized AI 

capabilities with lower configurability. While both platform types abstract complexity and promote scalability, 

MLaaS platforms are uniquely positioned to support end-to-end machine learning lifecycle management. We 

therefore positions MLaaS platforms as a technically intensive partial subset of AI service platforms, optimized for 

flexible model development, fine-tuning, and deployment in cloud-integrated environments. 

Table 14: Similarities and differences between both platforms 

Dimensions AI Service Platform MLaaS Platform 

Focus Broad AI and machine learning services 
(natural language processing, computer 
vision, etc.) 

Specific machine learning workflows (data 
ingestion to deployment) 

Target Users General and specialist users Specialist users only (e.g., data scientists, 

machine learning engineers) 

Configurability Low (standardized APIs, pre-built 
services) 

High (granular control over service 
configuration) 

 

4.1.2 Proposition 2: MLaaS Platform is a Digital Platform  

MLaaS platforms extend characteristics inherited from cloud services by operationalizing key digital 

platform concepts, including multisidedness, economies of scale, and modularity. These platforms support 

scalable, flexible, and collaborative ecosystems for machine learning development and deployment. Unlike 

conventional cloud infrastructures, MLaaS platforms orchestrate interactions among multiple user groups, 

including data scientists, developers, enterprises, and third-party tool providers, creating a dynamic environment 

for value co-creation (Gawer, 2014; de Reuver et al., 2018). This section places MLaaS platforms within digital 

platform literature by applying multisided platform theory, economies of scale, and modularity to explain their 

distinct characteristics. 

MLaaS platforms are best understood through multisided platform theory, which frames platforms as 

intermediaries facilitating direct interactions between distinct user groups (Rochet & Tirole, 2003; Hagiu & Wright, 

2015a). Hagiu and Wright (2015a) highlight two core features: users engage in direct interactions while retaining 

control over key terms (e.g., pricing, service quality), and users must make platform-specific investments (e.g., 

API integration). MLaaS platforms exemplify these features by connecting model developers, third party partners, 

and users. Snowflake’s application, data and model marketplace, for instance, enable developers and providers 

to provide pre-trained models, data and completed machine learning-based solutions that enterprises can procure 
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and fine-tune for their own use, creating cross-side network effects where value grows with user participation 

(Rochet & Tirole, 2003). This structure distinguishes MLaaS platforms from vertically integrated SaaS platforms, 

which typically control the entire value chain. Instead, MLaaS platforms allow third-party contributors to shape 

service delivery and pricing (Hagiu & Wright, 2015a). Gawer (2014) emphasizes that platforms thrive by fostering 

third-party innovation within federated ecosystems. However, multisided platform characteristics are not universal. 

Geske et al. (2021) note that while some AI service platforms limit third-party roles, MLaaS platforms often enable 

integration through modular features like pre-trained models or complementary third party services, reinforcing 

their multisided architecture. 

MLaaS platforms achieve economies of scale by centralizing computational infrastructure and aggregating 

data across users. Cloud providers like Amazon SageMaker and Google Vertex AI lower marginal costs by 

sharing high-performance resources, such as GPU clusters, across multiple users. This shared infrastructure 

allows dynamic scaling, stronger security, and consistent service delivery that individual firms would struggle to 

match. As these platforms grow, some of the platforms, such as Amazon SageMaker and Google Vertex AI, with 

proprietary machine learning models could collect increasingly diverse datasets, which enhance model training 

and performance through “data network effects” (Gregory et al., 2021). More users mean better data, which in 

turn strengthens the platform’s models and services. Because machine learning models are information goods 

with near-zero marginal costs (Shapiro & Varian, 1999), platforms can scale rapidly by offering reusable APIs, 

pre-trained models, and shared tools. This enables faster innovation and knowledge transfer across the 

ecosystem. Yet, despite distributed value creation, platform owners capture most of the value, exemplifying what 

Gawer (2020) calls the paradox of centralized value capture in open digital ecosystems. 

Finally, modularity enables flexibility and adaptability, allowing platforms to quickly respond to changing 

user needs and technological advances. MLaaS platforms decompose the machine learning lifecycle into 

interoperable components (e.g., training, deployment), meaning each part can work seamlessly with others 

through standardized interfaces (Ribeiro et al., 2015). This interoperability makes it easier for users to substitute 

or upgrade individual modules. As a result, innovation is fostered, since developers can integrate new tools or 

services without overhauling entire systems. However, platform openness can be different, indicating a varying 

level of freedom of how external parties can access, modify, or build on platform components (Geske et al., 

2021). For example, Microsoft Azure AI balances modular openness with strong governance, using boundary 

resources such as APIs, SDKs, and compliance tools to manage interactions between the platform and external 

developers (Ghazawneh & Henfridsson, 2013). These resources define the platform’s boundary conditions, 

enabling collaboration while maintaining control and security. 

4.2 Adopting a Hierarchical view in the Conceptual Framework 

This section introduces a hierarchical framework we use in this study to analyse the business models of 

MLaaS platforms by drawing on established business model theory. First, we use Osterwalder et al.’s (2005) 

three-level Business Model Conceptual Hierarchy in our conceptual framework design. We then explain how we 

apply Teece’s (2010) value creation, delivery, and capture mechanisms concept on the Business Model Canvas 

(Osterwalder & Pigneur, 2010) as a practical lens for classifying the core components of business model. 

Together, these frameworks support a systematic, theory-driven analysis of MLaaS platform business models 

using a meta-model. By adopting this conceptual framework with a meta-model, we bridge the theoretical clarity 

of Teece’s framework with the empirically observable components of the Business Model Canvas, enabling 

systematic classification of MLaaS platform business models in the subsequent phases. 

4.2.1 A Hierarchical Conceptual View 

Osterwalder et al. (2005) propose a three-level Business Model Conceptual Hierarchy for conceptualizing 

business models, which serves as a useful framework for structuring our analysis of MLaaS platforms (see Figure 

11). At the first and most abstract level, the business model concept offers a general meta-model that defines the 

essential elements of how a firm creates, delivers, and captures value. This level is theoretical and serves to build 

a shared vocabulary. The Business Model Canvas is a practical example of this meta-model, comprising nine 

components such as value proposition, channels, customer relationships, revenue streams, and key resources 

(Osterwalder & Pigneur, 2010). These components act as the “building blocks” that allow researchers to describe 

and compare diverse business models. For MLaaS platforms, the Business Model Canvas is particularly useful, 

because it captures the services, infrastructure, and partnerships these MLaaS platforms leverage to deploy and 

manage machine learning lifecycle. This aligns with Teece’s (2010) framework, enabling a coherent analysis of 

how MLaaS platforms create, delivery and capture value.  

The second level, business model types, refers to taxonomies or classifications based on common 

features across firms. These types help identify patterns, allowing systematic comparison and theory 

development. For example, earlier research by Timmers (1998) and Rappa (2001) categorized online business 

models into types like subscription or brokerage. We apply a similar logic to derive archetypes from the taxonomy 

of MLaaS platforms we develop in this study. The third level, business model instances, refers to firm-specific 

applications of these models, similar to the platform cases in our study. Studying real-world examples like Google 

Vertex AI, provides practical insights and helps validate the conceptual and typological layers of the framework. 
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We adopt Osterwalder et al.’s (2005) hierarchical view (see Figure 11) to structure our approach to 

classifying MLaaS platforms because it ensures clarity in the level of analysis and consistency in 

conceptualization. Focusing solely on instances (e.g., analysing Amazon SageMaker) might obscure broader 

patterns applicable across multiple platforms, while an exclusive focus on high-level meta-models might lack 

practical relevance. Therefore, by distinguishing between abstract concepts, taxonomies, and concrete 

implementations, we avoid confusion and oversimplification. 

 
Figure 11: Business Model Concept Hierarchy (Osterwalder et al., 2005) 

4.2.2 A Meta-model of MLaaS Platform Business Model 

As proposed in Osterwalder et al.’s (2005) Business Model Concept Hierarchy, we construct a meta-model 

that inform us the components that belong to a business model (see Table 15). First, we frame Osterwalder and 

Pigneur’s (2010) nine Business Model Canvas components using Teece’s (2010) view to understand how the 

different components of MLaaS platform business model that contribute to the value creation, delivery and 

capture mechanisms (see Figure 12). This view adds a layer of high-level interpretation to the Business Model 

Canvas components, providing a structured theoretical lens to analyse the value creation, delivery and capture 

mechanisms of the MLaaS platforms.  

Table 15: A synthesis for the meta model 

First order 
construct 

Second order 
construct 

Definition(s) 

Value creation Values offered and ways to produce them 

 Value Proposition The core values offered by platform services 

Key Activities The technical and operational processes underpinning the platform, 
such as data preprocessing, model training, and API maintenance 

Key Resources Proprietary assets that differentiate the platforms 

Key Partnerships Collaborations with external parties to enhance  

Value delivery Ways to reach customer and sustain engagement 

 Customer 
Relationship 

Support structures (e.g., developer communities, service level 
agreements (SLAs)) that ensure adoption and retention. 

Channels Distribution methods. 

Customer Segments Target users (e.g., data scientists, SMEs) and their specific needs, 
which shape delivery. 

Value capture Ways to monetize and sustain profits 

 Revenue Streams Pricing models and revenue sources 

Cost Structure Fixed/variable costs that determine profitability 
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Figure 12: Mapping Teece’s (2010) and Osterwalder & Pigneur’s (2010) frameworks 

According to Teece (2010), value creation refers to the development of innovative products, services, or 

business models that meet unmet customer needs or improve existing solutions. Cronk and Fitzgerald (1999) 

define value as the perceived worth or desirability of an object. Thus, this process of creating value relies on a 

firm’s ability to leverage its resources (e.g., technology, knowledge, and partnerships) to produce unique 

offerings. That includes the firm’s ability to enhance further the services they offer, develop new services, and 

enter new markets. The four Business Model Canvas components: key partners, key activities, key resources, 

and value proposition, align with value creation mechanism. For MLaaS platforms, value creation involves 

leveraging platform services, scalable cloud infrastructure, and partnerships to provide value proposition that 

reduce the need for in-house AI expertise (Lins et al., 2021). Platforms like Google Vertex AI and Microsoft Azure 

AI create value by offering pre-trained models, automated workflows, and collaborative environments that 

accelerate AI and machine learning adoption. 

Value delivery involves the mechanisms through which a firm ensures its offerings reach customers 

efficiently and effectively (Teece, 2010). For MLaaS platforms, this translates to three Business Model Canvas 

components: channels, customer relationships, and customer segments. The architecture of these platforms 

embeds value delivery mechanisms intrinsically. For example: Amazon SageMaker’s one-click deployment 

interface simplifies the operationalization of their value delivery model (Geske et al., 2021), while IBM Watsonx’s 

hybrid cloud strategy, supporting model deployment to both multi-tenant and on-premise private cloud 

environment, ensures that the industries with data sovereignty requirements can adopt AI and machine learning. 

Teece (2010) emphasizes effective value delivery hinges on aligning technical capabilities (e.g., low-latency 

inference) with customer expectations, a challenge addressed through modular service designs that support 

diverse use cases.  

Finally, value capture refers to a platform’s ability to monetize its innovations and retain a portion of the 

value created. Teece (2010) highlights that value capture depends on strategic assets (e.g., proprietary 

algorithms, data), pricing models, and competitive positioning. This mechanism links to the Business Model 

Canvas’ revenue streams and cost structure. MLaaS platforms employ diverse value capture mechanisms: 

freemium pricing models create entice user adoption, while ecosystem lock-in due to user’s dependency on 

platform-specific tools and resources (e.g., compute and data storage resources), ensures long-term user 

retention (Lins et al., 2021).  

4.3 Towards a Working Definition  

Building on the definition of MLaaS platforms as cloud-based digital platforms that facilitate modular, 

scalable machine learning workflows (Philipp et al., 2020; Lins et al., 2021), we define the “MLaaS platform 

business model” as: 

"A conceptual representation that describes the components of a MLaaS platform that 
create, deliver, and capture value by providing on-demand, modular and scalable machine 

learning services to different user groups through shared cloud infrastructure, and 
multisided interactions, while monetizing using differentiated pricing models, partnerships, 

and resources." 

This definition integrates the key components defined in Teece’s (2010) value creation, delivery and 

capture mechanisms and Osterwalder and Pigneur’s (2010) Business Model Canvas components, reflecting the 

meta-model adopted in this study. It aligns with prior literature (Gawer, 2014; Rochet & Tirole, 2003; de Reuver et 

al., 2018; Hagiu & Wright, 2015a) while emphasizing the unique value propositions that distinguish MLaaS 

platforms from generic AI services (Geske et al., 2021). This high-level definition sets the stage for the 

subsequent taxonomy development, where we systematically classify business models based on their value 

creation, delivery and capture mechanisms.  
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5. Conceptualizing the Preliminary Business 

Model Taxonomy  
This chapter begins the process of addressing the second sub-question (SQ2) by applying the literature 

review findings in the conceptual-to-empirical phase of taxonomy development. We first generate the preliminary 

business model taxonomy which we refine in the subsequent empirical-to-conceptual phase. The literature review 

reveals three common research scopes amongst existing literature: (1) studies related to AI service platform 

(Ejsmont et al., 2024; Geske et al., 2021; Sundberg et al., 2022), (2) AI-related business model studies (Lins et 

al., 2021; Metelskaia et al., 2018; Weber et al., 2022), and (3) platform and data-oriented business model 

taxonomies (Bartels et al., 2023; Freichel et al., 2021; Staub & Haki., 2021; Täuscher & Laudien, 2017; 

Engelbrecht et al., 2016; Naous et al., 2017). In the first iteration, we use the findings from the literature directly 

related to MLaaS platforms while synthesizing insights from other AI-related literature such as AI startup and AI 

solutions in the following iteration. In the last iteration, we use platform and data-oriented business model 

literature to identify alignment or contradiction that can support adjusting the preliminary taxonomy design.  

5.1 Business Model Dimensions from AI Service Platforms 

The three studies directly related to AI service platform business models (Ejsmont et al., 2024; Geske et 

al., 2021; Sundberg et al., 2022) used different artifacts, which are typology, taxonomy, and business model 

canvas design, as tools to conceptualize business models of AI service platform. We identify several dimensions 

that can describe business model characteristics that are applicable for MLaaS platforms and shortlist them for 

inclusion in preliminary business model taxonomy (see Table 16). 

Under value creation, the dimensions focus on the value offered by MLaaS platforms to their users and the 

way value is created. The Capability dimension, sourced from Technology in Sundberg et al. (2022), distinguishes 

platforms based on their primary service types: analytics, learning, conversational, and distributed. This 

classification aligns with the different degrees of human involvement required in capturing the value of the final AI 

solution. Similarly, Service model, derived from Geske et al.’s (2021) work, captures the nature of offerings, such 

as deployment services or ready-to-use solutions, which determine how value is created for consumers. The core 

value proposition (VP), derived from Ejsmont et al.’s (2024) work, represents the primary reason consumers 

adopt the platform, though its refinement is pending. The ancillary VP, from Ejsmont et al.’s (2024) research, 

extends this by detailing supplementary benefits for supply-side users, such as SME-specific issue assessments 

or module combinations, which enhance the platform’s appeal. We identify scope (Sundberg et al., 2022) and 

rephrase it into value scope because it reflects the differentiation amongst the platforms based on the breadth of 

solutions developed using the machine learning services, from narrow, content-changing uses to broad, context-

changing impacts. We further include novelty (Sundberg et al., 2022) and change it to innovation impact to 

highlight its emphasis on the extent of disruption introduced by the user due to the platform. Adapting from 

complementary resources and integrated complementor offering(Geske et al., 2021), complementary offerings 

further refine value creation by specifying supplementary resources (e.g., pre-trained models) or services (e.g., 

data labelling) that support users in deploying AI. 

For value delivery, the dimensions describe how platforms facilitate interactions and transactions. Delivery 

channel (Ejsmont et al., 2024) identifies interfaces like marketplaces or payment processors, where value 

exchange takes place. Platform use (Geske et al., 2021) reflects the pattern of third party integration to the 

platform, distinguishing between continuous, on-demand, or hybrid usage patterns. Platform interaction (Geske et 

al., 2021) specifies user interfaces, such as code-based terminals or GUIs, affecting accessibility and user 

experience. Integrated complementors (Geske et al., 2021) categorize third-party contributors (e.g., selected 

complementors or crowds), which determine the platform’s ecosystem dynamics. Industry focus (Geske et al., 

2021) indicates whether platforms cater to specific or broad range of industry sectors, affecting their 

customization and relevance.  

Under value capture, the dimensions focus on monetization and innovation. Pricing model (Geske et al., 

2021) details mechanisms like one-off payments or freemium structures, which affect affordability and adoption. 

Revenue model (Ejsmont et al., 2024) outlines income streams, such as subscriptions or transaction fees, critical 

for platform sustainability. 
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Table 16: Dimensions and definitions from AI service platform literature 

Dimensions Definition Source 

Capability Main type of services offered Sundberg et al. (2022) 

Service Model The nature of the platform’s offerings that captures how an AI 
service platform creates value for the consumer. 

Geske et al. (2021) 

Ancillary VP The values experienced by supply side that extend the core 
value proposition for the demand side  

Ejsmont et al. (2024) 

Complementary 
Offering * 

Types of supplementary elements offered for users to develop 
or deploy AI services 

Geske et al. (2021) 

Core VP The main reason why consumer wants to use the platform Ejsmont et al. (2024) 

Delivery Channel * Types of interfaces that enables value exchange with users. Ejsmont et al. (2024) 

Industry focus * The extent of which the platform's product or service is bound 

to a specific industry 
Geske et al. (2021) 

Innovation Impact The degree of newness and novelty introduced due to the 

platform capability 
Sundberg et al. (2022) 

Integrated 
Complementor 

The stakeholders that are integrated to the platform Geske et al. (2021) 

Platform Interaction ** The interface where users interact with the platform Geske et al. (2021) 

Platform Use The degree of user's integration with the platform from a 

temporal perspective. 
Geske et al. (2021) 

Pricing Model The pricing mechanisms of the service offered through the 
platform 

Geske et al. (2021) 

Revenue Model The ways for the platform to generate revenue Ejsmont et al. (2024) 

Value Scope * Breadth of applications or use cases Sundberg et al. (2022) 

Note.  * indicates a dimension is rephrased from how it appears in the source text.  ** indicates a dimension is 
merged from two or more dimensions that are derived from source texts. 

5.2 Business Model Dimensions from AI Solutions, Startups and AIaaS 

In this section, we evaluate the business models of AI solutions(Metelskaja et al., 2018), AI startups 

(Weber et al., 2022), and AIaaS (Lins et al., 2021) through Teece's (2010) perspective on value creation, delivery, 

and capture mechanisms to uncover findings that can suggest new characteristics or dimensions in the 

preliminary taxonomy. 

In terms of value creation, AI solutions leverage advanced capabilities such as machine learning, natural 

language processing, computer vision, and robotics to offer novel functionalities (Metelskaja et al., 2018). 

Although MLaaS platforms are based on digital infrastructure, this observation still aligns with the capability 

dimension in the preliminary taxonomy, which distinguishes platforms based on service types like MLaaS, large 

language model as a service, deep learning as a service. However, Metelskaja et al. (2018) highlight that AI 

solutions often incorporate continuous learning, where models improve over time through new data—a dynamic 

aspect not explicitly captured in the current taxonomy. The way data is used to create value differs greatly. Some 

startups depend on data provided by customers (Weber et al., 2022). This relates to the idea of complementary 

services, such as pre-trained models, but also shows that the importance to distinguish between different data 

sourcing strategies. 

For value delivery, AI startup business models describe the value exchange through software applications 

in diverse formats (e.g., web, desktop, mobile; on-premise, software-as-a-service), programmable interfaces at 

the code level (e.g., APIs, SDKs), or simply the base technology without having a software application or 

programmable interfaces (e.g., codes and specific algorithms) (Weber et al., 2022). With MLaaS platform 

essentially a digital infrastructure, this observation only resonate with the delivery channel dimension (e.g., 

marketplaces ) if we exclude the development and hardware provision for AI’s base technology from the 

conceptualization of this dimension. Metelskaja et al., (2018) also highlight customization levels, from 

standardized products to fully customizable solutions, which could refine the platform interaction dimension by 

incorporating flexibility in user interfaces. Furthermore, the widespread of B2B and industry-specific solutions 

amongst AI startups (Weber et al., 2022) supports the industry focus dimension but suggests that an industry-

specific focus may influence delivery mechanisms. 

Regarding value capture, subscription-based and pay-as-you-go models are common in AIaaS (Lins et al., 

2021), aligning with the pricing model and revenue model dimensions for MLaaS platforms. However, Metelskaja 
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et al. (2018) states that cost structures are heavily driven by R&D and talent, a factor not explicitly addressed in 

the preliminary taxonomy. This could inform future iterations by adding cost structure dimension to capture 

operational expenses unique to AI platforms.  

5.3 Business Model Dimensions from Other Business Model Taxonomies 

5.3.1 Platform Business Model Taxonomies 

The analysis of digital platform taxonomies (Täuscher & Laudien, 2017; Staub & Haki, 2021; Freichel et al., 

2021) reveals the platform-specific concepts to be included in the preliminary business model taxonomy for 

MLaaS platforms. Staub and Haki (2021) introduce platform structure (exchange vs. innovation) as a key 

differentiator, which aligns with but extends the AI Service Model dimension (Geske et al., 2021). Their focus 

on platform openness (closed vs. open ecosystems) further support merging integrated complementors (Geske et 

al., 2021) into platform openness, taking a broader perspective on the extent of third parties or complementors 

operating under restrictive (e.g., proprietary APIs) or self-moderated (e.g., community-driven) rules, a critical 

factor for platform scalability and innovation. Freichel et al. (2021) provide a comprehensive framework, 

emphasizing data governance and platform architecture. Their data dependency dimension (open vs. proprietary 

data) is absent in the preliminary taxonomy but essential for MLaaS platforms, suggesting the addition of data 

strategy to differentiate platforms leveraging public datasets (e.g., Snowflakes) from those relying on proprietary 

data (e.g., IBM Watsonx Studio). This confirms the characteristics observed amongst AI startups as highlighted by 

Weber et al. (2022). 

5.3.2 Data-driven Business Model Taxonomies 

The review of data-driven business model taxonomies reveals common themes that validate the alignment 

with the preliminary taxonomy for MLaaS platforms. Since the capabilities of data-driven digital platforms is 

skewed towards data analytics, we use data-driven business model to offer conceptual validations on the 

preliminary taxonomy without introducing or changing any dimensions. A key insight from Naous et al. (2017) is 

the emphasis on service delivery models (public, private, hybrid clouds) and scalability, which directly aligns with 

the delivery channel and platform use dimensions in the preliminary taxonomy. Their finding, that cloud-based 

analytics platforms enable on-demand access to tools, echoes with the importance of temporal perspective on 

third party integration (platform use dimension), that describe the extent of which the complementor remains 

connected to the platform to create value, and the interface design that impacts the degree of flexibility in user 

participation (platform interaction dimension) in MLaaS platforms. Engelbrecht et al. (2016) further highlight data 

sourcing (user-generated, third-party, proprietary) and value creation mechanisms (analytics, visualization), which 

resonate with the complementary offerings and integrated complementors dimensions. Their focus on 

interoperability and ecosystem evolution suggests that MLaaS platforms must accommodate data inputs with 

different contexts (industry focus dimension) and support third-party collaboration (integrated complementors 

dimension), as seen in Geske et al. (2021) and Ejsmont et al. (2024). The studies also stress revenue model 

flexibility, with Naous et al. (2017) noting subscription-based and pay-per-use models, reinforcing the pricing 

model and revenue model dimensions. Engelbrecht et al. (2016) add that data-driven models evolve into platform 

ecosystems, implying that MLaaS platforms may similarly transition from standalone tools to hubs for innovation 

(value scope dimension). This aligns with Sundberg et al.’s (2022) distinction between content-changing and 

context-changing MLaaS platforms.  

5.4 Preliminary Business Model Taxonomy 

After considering all the insights from each conceptual-to-empirical iterations, the completed validation at 

the end of conceptual-to-empirical phase led us to a refined preliminary business model taxonomy (see Figure 

13). Since the taxonomy dimensions and characteristics are solely derived from academic literature, the business 

model taxonomy requires further refinement before it is ready for further analysis. 
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 Dimension Characteristics 

Value 
Creation 

machine learning 
service model  

model 
deployment 
service 

model development & 
deployment service 

model development & 
deployment service with ready 
to use services 

core VP accessibility tailored 

intelligence 
efficiency adaptability 

model hosting cloud on premise hybrid 

model scope context changing content changing 

complementary 
services 

specialized expertise automation  governance & compliance 

machine learning 
lifecycle activities 

data processing training monitoring 

building validation retraining 

complementary 

resources 
tools ecosystem data assets prebuilt models 

assets tangible intangible 

data strategy third party customer-supplied (on-
demand) 

customer-supplied 
(continuous) 

data type numeric/sensor 

data 
textural/ document data   natural language data 

visual data mixed data 

infrastructure compute private 
connectivity 

disaster recovery cloud storage 

partnerships technology 

partners 

OEM 

partners 
investors research institution 

independent software 

vendors 
system integrators 

 

data brokers 

Value 
Delivery 

customer 
relationships 

online customer 
portals 

communities customer support 

industry focus  industry specific industry unspecific 

interface graphical APIs SDKs 

Value 
Capture 

pricing model  usage-based 
pricing 

tiered pricing free trial 

revenue streams subscription advertising transaction 

partnership program education cloud infrastructure services 

costs tangible Intangible 

Figure 13: Refined preliminary business model taxonomy  
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6. Evaluating the Business Model 

Taxonomy  
The taxonomy evaluation phase takes place after the taxonomy fulfils the predefined ending conditions. 

Upon completion of taxonomy development,  we start evaluating the business model taxonomy by analysing four 

selected cases and iteratively refining the business model taxonomy’s dimensions. Following the predefined 

evaluation criteria from Szopinski et al. (2019) and Miles and Huberman (1994), we use the cases to validate the 

taxonomy’s structural validity and practical usability.  

Table 17: Diversity of selected cases  

Case Model scope Industry focus Service bundling 

BigML ML only Broad No 

Microsft Azure AI  ML and LLM Broad Yes 

DataRobot ML and LLM Enterprise  No 

VESSL AI ML and LLM Regional Enterprise No 

The evaluation employs a within-case analysis, by first building case profile and analysing the selected 

representative platforms that exhibit variation across three critical criteria: 1) model scope, 2) industry focus, and 

3) service bundling.  The selected cases were chosen to reflect diverse business model characteristics within the 

MLaaS platforms (see Table 17). BigML represents a MLaaS platform catering to a broad customer base without 

affiliation with a major cloud vendor. Its taxonomy applicability is tested against its modular, user-centric 

approach, particularly in industries requiring data governance (e.g., healthcare). Microsoft Azure AI exemplifies 

an MLaaS platform integrated within a cloud ecosystem. Its inclusion tests the taxonomy’s handling of platforms 

leveraging third-party foundational AI models  and hybrid deployment options for enterprise clients. DataRobot 

serves as an enterprise-focused MLaaS platform with a strong emphasis on automation and governance. Its 

independence from large cloud vendors allows evaluation of how the taxonomy accommodates platforms 

balancing predictive and generative AI use cases without tightly-integrated cloud infrastructure. Lastly, VESSL 

AI represents a specialized MLaaS platform targeting both academic and enterprise users. Its partnerships with 

cloud vendors and focus on regional customer base in Korea assess the taxonomy’s coverage of niche business 

models.  

6.1 BigML Case Profile and Mapping 

Founded in 2011, BigML enables users to build, deploy, and manage machine learning models with 

minimal or extensive coding expertise, offering predictive modelling, automated workflows, and hybrid cloud 

deployment options. Designed for accessibility and scalability, BigML serves diverse industries, from healthcare to 

finance (S-5i), by combining machine learning services with transparent, interpretable prediction results. Its 

business model emphasizes flexible pricing, enterprise-grade security, and ecosystem integrations. A taxonomy-

case mapping showcases the full manifestation of characteristics after the business model taxonomy is applied 

(see Figure 14). 

BigML's value creation stems from its flexible technical infrastructure and comprehensive services 

supporting machine learning workflows. The platform supports both public and private cloud deployments, 

enabling enterprises to choose configurations that meet their security and scalability requirements. For instance, 

BigML Enterprise allows private installations on corporate infrastructure while maintaining integration with cloud-

based services, addressing regulatory concerns in sectors like healthcare and finance(S-5b, see Data Source in 

Supplement document). This deployment flexibility is complemented by granular user control options, where 

developers can leverage WhizzML for workflow automation or maintain full manual oversight of the machine 

learning lifecycle (S-5b). The Scriptify feature exemplifies this balance by converting workflows into reusable 

scripts with “one-click” functionality, reducing repetitive tasks without sacrificing transparency(S-5b). 

The platform's machine learning model scope focuses primarily on predictive analytics, including 

classification, regression, and time-series forecasting, which dominate enterprise use cases. While generative 

capabilities are limited, BigML compensates with depth in practical applications like customer churn prediction 

and inventory optimization. Model deployment options further enhance value creation by supporting hybrid 

environments where sensitive data can remain on-premises while leveraging cloud scalability for computation-

intensive tasks. For example, models can be trained locally and deployed via BigML's cloud API for real-time 

predictions, blending security with performance (S-5b). Complementary services such as certifications and 

training programs (S-5e) lower adoption barriers, particularly for non-technical users. The platform's integrated 

resources create a complete ecosystem, combining an intuitive dashboard for business analysts with REST APIs 

for developers. Data management capabilities accommodate both customer-uploaded datasets and third-party 
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sources, with support for multimodal data types including structured, time-series, and textual data. The public 

model gallery demonstrates this integration(S-5g), offering prebuilt assets that accelerate prototyping while 

maintaining customization options. 

 Dimension Characteristics 

Value 
Creation 

deployment flexibility self-managed pre-configured both 

user control full developer control full developer control with optional workflow 

automation 

complementary 

services 

value proposition 

enhancing 

use-case extending both 

model deployment public and private 
cloud 

edge, public and private cloud 

model scope predictive generative both 

supported activities development focus development and operational focus 

integrated resources tools data 
assets 

prebuilt models AI 
assistants 

cloud 
infrastructure 

data source customer customer and third party 

data flow on-demand continuous both 

data type telemetric or time-series 

data 
visual data multimodal data 

Value 
Delivery 

 

key partners 

technology 
partners 

system 
integrators 

data brokers academic or 
research 
institution 

customer relationship self-service portal communities customer support 

industry focus broad specific 

sales channel platform interface and partners platform interface, partners and marketplace  

Value 

Capture 
pricing model  consumption-based seat-based tiered freemium 

revenue streams direct sales indirect sales ancillary services 

Figure 14: Taxonomy-case mapping of BigML 

BigML delivers value through strategic partnerships and multi-channel customer engagement. Technology 

partnerships with cloud providers and integration tools like Zapier extend platform functionality, while 

collaborations with academic institutions enhance research credibility (S-5h). These alliances create an 

ecosystem where users can combine BigML's core capabilities with specialized third-party services, as seen in 

Node-RED integrations for Internet of Things (IoT) applications. Customer relationships are cultivated through 

self-service portals, community forums, and dedicated customer support channels (S-5f). Enterprise clients 

receive additional value through personalized onboarding and SLAs, ensuring smooth adoption at scale. BigML's 

horizontal market focus enables broad applicability across industries, from retail demand forecasting to financial 

risk modelling, while sales channels leverage both direct platform access and partner networks for extended 

reach. 

The platform employs a diversified monetization approach that aligns with user needs and value 

perception. A freemium tier with limited resources serves as an entry point, while consumption-based pricing and 

tiered subscriptions (Prime/Enterprise) cater to growing usage demands. This structure is evident in BigML's 

pricing page (S-5d), where plans scale with dataset size and parallel task capacity, allowing businesses to pay for 

precisely the resources they require. The freemium model with a 14-day trial period allows users to evaluate the 

platform before committing a subscription tier. Revenue streams combine direct platform subscriptions with high-

value ancillary services. Enterprise licenses for private deployments command premium pricing, while certification 

programs and consulting services create additional monetization opportunities. The absence of indirect sales 

underscores BigML's focus on maintaining service quality through direct customer relationships, though 

marketplace features hint at future potential for ecosystem-driven revenue sharing. 

6.2 Microsoft Azure AI Case Profile and Mapping 

Microsoft Corporation, a global technology leader, has expanded its cloud computing offerings through 

Microsoft Azure, a comprehensive cloud platform providing infrastructure, and software services. Azure AI, a key 

component of Azure and a MLaaS platform as well, delivers machine learning services, enabling enterprises to 

build, deploy, and scale machine learning efficiently. This case examines Azure AI's business model through 

value creation, delivery, and capture mechanisms. A taxonomy-case mapping showcases the full manifestation of 

characteristics after the business model taxonomy is applied (see Figure 15). 
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 Dimension Characteristics 

Value 
Creation 

deployment flexibility self-managed pre-configured both 

user control full developer control 
full developer control with optional workflow 
automation 

complementary 
services 

value proposition 
enhancing 

use-case extending both 

model deployment 
public and private 
cloud 

edge, public and private cloud 

model scope predictive generative both 

supported activities development focus development and operational focus 

integrated resources tools 
data 

assets 
prebuilt models 

AI 

assistants 

cloud 

infrastructure 

data source customer customer and third party 

data flow on-demand continuous both 

data type 
telemetric or time-series 
data 

visual data multimodal data 

Value 
Delivery 

 

key partners 

technology 

partners 

system 

integrators 
data brokers 

academic or 
research 
institution 

customer relationship self-service portal communities customer support 

industry focus broad specific 

sales channel platform interface and partners 
platform interface, partners and 
marketplace  

Value 

Capture 

pricing model  consumption-based seat-based tiered freemium 

revenue streams direct sales indirect sales ancillary services 

Figure 15: Taxonomy-case mapping of Microsoft Azure AI 

Microsoft Azure AI creates value through a sophisticated combination of technical capabilities and service 

offerings that address enterprise AI needs. The platform's pre-configured deployment model lowers barriers to 

entry by providing managed services that abstract infrastructure complexities, while maintaining flexibility through 

hybrid cloud and edge deployment options. This is exemplified by Azure Arc's ability to extend AI services to on-

premises environments and edge devices, crucial for latency-sensitive applications like industrial IoT predictive 

maintenance (S-11f). The platform delivers substantial value through its user control paradigm, offering full 

developer control with optional workflow automation. Data scientists leverage Azure ML Studio for end-to-end 

workflow management, while business analysts utilize AutoML features for streamlined model development. This 

dual approach is demonstrated in customer implementations where financial institutions use AutoML for fraud 

detection while maintaining manual control over model refinement.  

Azure AI's machine learning model scope encompasses both predictive and generative capabilities, 

creating value across traditional and emerging AI use cases. The integration of Azure OpenAI Service provides 

access to cutting-edge language models, enabling applications ranging from document processing to 

conversational AI (S-11d). Retail customers have deployed these capabilities for personalized recommendations, 

while healthcare organizations use predictive models for patient outcome forecasting. Complementary services 

significantly enhance Azure AI's value proposition. Azure AI Search enables sophisticated retrieval-augmented 

generation implementations, as seen in the NBA's fan engagement platform that processes billions of data points 

(S-11h). Azure AI Content Safety provides critical moderation capabilities for user-generated content, valued by 

social media platforms operating at scale (S-11f). The platform's integrated resources create value through 

comprehensive tooling and integrated managed cloud services. Access to 1,700+ foundation models, including 

partnerships with Hugging Face and Meta, accelerates time-to-value (S-11a). Managed cloud services handle 

resource provisioning and scaling, while Copilot's AI-assisted development increases productivity.  

Azure AI delivers value through an extensive partner ecosystem and multiple customer engagement 

channels. Technology partners like NVIDIA provide specialized hardware acceleration, while system integrators 

facilitate enterprise deployments (S-11d). Academic collaborations, such as those with research institutions, foster 

innovation in areas like responsible AI. Customer relationships are maintained through in a few ways. The self-

service Azure AI Studio portal empowers independent developers to troubleshooting their issues on their own, 

while enterprise customers benefit from dedicated technical support and professional services. Microsoft's Cloud 

Solution Architect program exemplifies this, providing tailored guidance for complex implementations like 

PIMCO's financial analytics platform (S-11b). The platform serves both horizontal and vertical markets through 
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adaptable solutions. Industry-agnostic capabilities like computer vision and natural language processing are 

complemented by specialized offerings for sectors like healthcare and finance. The case study where McDonald's 

China deployment demonstrates this versatility, demonstrated how Azure AI transformed customer experiences 

while meeting industry-specific requirements (S-11a). Sales channels combine direct and indirect approaches. 

The Azure Marketplace extends platform capabilities through third-party solutions, while partner networks provide 

localized implementation expertise.  

Azure AI employs sophisticated pricing models to capture value from its offerings (S-11b). The 

consumption-based approach aligns costs with actual usage, particularly beneficial for variable workloads. Tiered 

pricing accommodates users from both SMEs and large enterprises, while freemium options lower adoption 

barriers for startups and educational institutions. Revenue streams are diversified across direct sales, indirect 

channels, and ancillary services. Enterprise agreements with organizations like Unity generate substantial direct 

revenue, while marketplace transactions contribute indirect sales. Ancillary services including migration support 

and custom model development provide high-margin opportunities, as seen in Airbus's deployment where 

specialized consulting was required for air-gapped environments (S-11h). The platform's value capture is further 

enhanced through strategic pricing of premium features. Azure OpenAI Service operates on a separate 

consumption model that captures value from cutting-edge capabilities. Reserved capacity discounts encourage 

long-term commitments, optimizing Azure's resource utilization while providing customer cost certainty.  

6.3 DataRobot Case Profile and Mapping 

Founded in 2012, DataRobot is a MLaaS platform that enables organizations to build, deploy, and manage 

predictive and generative AI models at scale. Serving industries such as finance, healthcare, and manufacturing, 

DataRobot combines no-code tools with advanced customization options, helping businesses accelerate AI 

adoption while maintaining governance and compliance. Recognized as a leader in Gartner’s Magic Quadrant for 

Data Science and Machine Learning Platforms (S-22l), DataRobot supports the full machine learning lifecycle, 

from data preparation to model monitoring, making AI accessible to both data scientists and business users. A 

taxonomy-case mapping showcases the platform’s characteristics after the business model taxonomy is applied 

(see Figure 16). 

 Dimension Characteristics 

Value 
Creation 

deployment flexibility self-managed pre-configured both 

user control full developer control full developer control with optional workflow 

automation 

complementary 

services 

value proposition 

enhancing 

use-case extending both 

model deployment public and private 
cloud 

edge, public and private cloud 

model scope predictive generative both 

supported activities development focus development and operational focus 

integrated resources tools data 
assets 

prebuilt models AI 
assistants 

cloud 
infrastructure 

data source customer customer and third party 

data flow on-demand continuous both 

data type telemetric or time-series 

data 
visual data multimodal data 

Value 
Delivery 

 

key partners 

technology 
partners 

system 
integrators 

data brokers academic or 
research 
institution 

customer relationship self-service portal communities customer support 

industry focus broad specific 

sales channel platform interface and partners platform interface, partners and 
marketplace  

Value 
Capture 

pricing model  consumption-based seat-based tiered freemium 

revenue streams direct sales indirect sales ancillary services 

Figure 16: Taxonomy-case mapping of DataRobot 

DataRobot creates value through a MLaaS platform that combines deployment flexibility with advanced 

machine learning capabilities. The platform supports both self-managed and pre-configured deployments, 

enabling enterprises to choose between full infrastructure control through hybrid cloud options (AWS, Google 
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Cloud, Azure) or accelerated implementation using pre-built AI agent templates. This flexibility is exemplified by 

DataRobot's one-click deployment templates for common use cases like time-series forecasting and its Covalent 

orchestration tool for workload portability across environments (S-22d). User control represents a core value 

proposition, offering full developer control with optional workflow automation. DataRobot enables granular 

management of the machine learning lifecycle while incorporating AutoML for feature engineering, as seen in its 

automated feature detection and reduction capabilities (S-22h). The platform's ability to process multimodal data - 

including time-series, textual, and visual inputs - supports diverse applications from predictive maintenance to 

generative AI workflows. For instance, its geospatial data prep features transform coordinates into actionable 

vectors, while time-aware data partitioning ensures accurate temporal modelling(S-22h). 

Complementary services significantly enhance DataRobot's value creation. The platform integrates NVIDIA 

NeMo guardrails for real-time risk mitigation in generative AI applications and provides automated compliance 

documentation for regulations like the EU AI Act (S-22e). These features address critical enterprise concerns 

about model governance, as demonstrated by FordDirect's use of DataRobot to maintain responsible AI 

deployment standards (S-22a). The platform's development and operational focus covers the complete machine 

learning lifecycle, from data healing and duplication tools to production monitoring of custom metrics like 

prediction latency and data drift. Integrated resources form another key value driver, combining tools (GUI 

builders, Jupyter notebooks), prebuilt models (NVIDIA NeMo, time-series templates), and data assets (feature 

stores, synthetic data generation) (S-22h).  DataRobot's AI assistant provides model explainability through SHAP 

values and LIME interpretations, while its managed cloud services offer auto-scaling GPU clusters for compute-

intensive tasks like LLM fine-tuning (S-22h). The platform's mixed data sourcing capability allows enterprises to 

combine proprietary data with third-party resources, such as Hugging Face models or vector databases, creating 

a comprehensive analytics environment. 

DataRobot delivers its value through strategic partnerships and multiple customer engagement channels. 

Key technology partners like NVIDIA and SAP enable hardware acceleration and enterprise system integration, 

while collaborations with academic institutions support open-source contributions to frameworks like Covalent (S-

22g). These partnerships extend the platform's capabilities, as seen in the NVIDIA Enterprise AI Factory 

integration that accelerates secure agent deployment (S-22g). Customer relationships are cultivated through self-

service portals for independent experimentation, user communities for knowledge sharing, and dedicated support 

for enterprise clients. The platform's free trials (S-22f) and open-source tools (S-22d) lower adoption barriers, 

while enterprise-grade support ensures production readiness. The platform primarily targets vertical customer 

segments with industry-specific solutions, evidenced by specialized offerings for financial services (e.g., Freddie 

Mac's automated underwriting models) and healthcare (e.g., Baptist Health's clinical decision support). However, 

its modular architecture retains broad applicability for general machine learning use cases. Sales channels 

combine direct platform access with partner-enabled deployments, creating multiple entry points for different 

customer types and use case complexities. 

DataRobot employs a diversified pricing strategy combining consumption-based, tiered, and freemium 

models. GPU-intensive tasks utilize pay-per-use billing, while subscription plans offer predictable costs for core 

platform access. The freemium approach includes 14-day trials (S-22f). Open-source tools like Covalent, which 

according to case documents can be installed in under a minute, provide low-friction evaluation opportunities. 

Revenue streams are strategically diversified across direct sales (enterprise licensing), indirect channels (partner-

led implementations), and ancillary services (custom application development). Professional services like 

compliance consulting and model governance further contribute to revenue while enhancing customer stickiness. 

The platform's value capture is reinforced by its partner ecosystem, where collaborations with system integrators 

like SAP create additional monetization opportunities.  

6.4 VESSL AI Case Profile and Mapping 

Founded in 2020, VESSL AI is an MLaaS platform that combines managed cloud infrastructure with 

developer control, while being headquartered in South Korea. Its platform serves enterprises, startups, and 

academic researchers, offering scalable, cost-efficient machine learning model development from training to 

production. A taxonomy-case mapping showcases the platform’s characteristics after the business model 

taxonomy is applied (see Figure 17). 

VESSL AI creates value through its pre-configured deployment model that eliminates infrastructure 

management burdens while maintaining full developer control over the machine learning lifecycle. The platform's 

hybrid architecture enables deployment across both public clouds (AWS, Google Cloud) and private infrastructure 

(S-23a). This flexibility is particularly valuable for enterprises with strict data governance requirements or existing 

hardware investments. The platform specializes in generative AI applications, offering optimized workflows for 

large language models like Llama 3.2 and diffusion models such as Stable Diffusion (S-22a). VESSL Hub 

provides numerous ready-to-use templates that reduces setup time from days to hours(S-22a).  Complementary 

services enhance core functionality, including academic programs that provide free high performance computing 

access and job scheduling that simplifies cluster management for research institutions (S-23c). VESSL AI 

supports the complete machine learning lifecycle from development to operations through integrated tools. Data 
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handling capabilities focus on customer-provided sources with third-party integrations, supporting multimodal data 

types crucial for generative AI applications. 

 Dimension Characteristics 

Value 
Creation 

deployment 
flexibility 

self-managed pre-configured both 

user control full developer control full developer control with optional workflow 

automation 

complementary 

services 

value proposition 

enhancing 
use-case extending both 

model deployment public and private 
cloud 

edge, public and private cloud 

model scope predictive generative both 

supported activities development focus development and operational focus 

integrated 
resources 

tools data assets prebuilt models AI 
assistants 

cloud 
infrastructure 

data source customer customer and third party 

data flow on-demand continuous both 

data type telemetric or time-series 

data 
visual data multimodal data 

Value 
Delivery 

 

key partners 

technology 
partners 

system 
integrators 

data brokers academic or 
research 
institution 

customer 
relationship 

self-service portal communities customer support 

industry focus Broad specific 

sales channel platform interface and partners platform interface, partners and 

marketplace  

Value 
Capture 

pricing model  consumption-based seat-based tiered freemium 

revenue streams direct sales indirect sales ancillary services 

Figure 17: Taxonomy-case mapping of VESSL AI 

Next, VESSL AI delivers value through strategic partnerships that extend its technical capabilities and 

market reach. Technology partners like NVIDIA and Google Cloud provide hardware optimizations and 

specialized services, while academic collaborations with institutions such as Seoul National University foster 

innovation and talent pipeline development (S-23a). The platform serves clients with regional presence in a 

horizontal market across industries, with demonstrated use cases ranging from automotive (Hyundai's 

autonomous driving models) to generative AI startups (Ketolab's LLM fine-tuning). Customer relationships employ 

multiple engagement channels tailored to different segments. Self-service tools including the web console and 

CLI cater to technical users, while the VESSL community on GitHub provides peer support. Enterprise clients 

receive dedicated assistance, as evidenced by the custom onboarding and SLA guarantees mentioned in 

enterprise plan details (S-23b; S-23d). Sales channels combine the platform interface with partner networks, 

creating multiple touchpoints for customer acquisition and retention. 

In terms of value capture, VESSL AI employs a tiered pricing model with freemium elements to capture 

value across market segments(S-23b; S-23d). The academic program serves as both a community investment 

and lead generation tool, while consumption-based billing for GPU usage aligns costs with actual value received 

(S-23c). Enterprise plans feature custom pricing for reserved compute instances and dedicated customer support, 

creating predictable revenue streams from established clients. Revenue generation focuses on direct sales 

supplemented by ancillary services. The case documents highlight custom invoicing options and professional 

services like tailored MLOps consulting as additional income sources.  

6.5 Evaluation Result 

The business model taxonomy’s structural validity is assessed based on three key criteria: 

comprehensiveness, mutual exclusivity, and clarity (Szopinski, 2019). During taxonomy evaluation, the taxonomy 

demonstrated completeness in capturing core MLaaS platform business model characteristics across all cases. 

Comprehensiveness refers to whether the taxonomy captures all relevant dimensions of MLaaS business models. 

A comparison with the case profiles confirms that these 16 dimensions sufficiently describe the business models 

of BigML, Microsoft Azure AI, DataRobot, and VESSL AI. For instance, BigML’s hybrid cloud deployment aligns 
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with the deployment flexibility dimension, while Azure AI’s combination of predictive and generative capabilities 

fits within the model scope dimension. No major omissions were identified, suggesting the taxonomy is 

comprehensive. Mutual exclusivity ensures that dimensions and characteristics do not overlap. The business 

model taxonomy largely maintains distinct boundaries between dimensions. For example, integrated resources 

(tools, prebuilt models, data assets) and complementary services (value proposition enhancing, use case 

extending) are logically separate, as seen in DataRobot’s differentiation between its prebuilt NVIDIA NeMo 

models (integrated resources) and its automated compliance documentation (complementary service). Lastly, 

clarity assesses whether the dimensions and characteristics are unambiguous and well-defined. The taxonomy 

uses precise terminology, such as consumption-based versus tiered pricing, which are clearly distinguished in the 

case profiles (e.g., Azure AI’s pay-per-use model vs. DataRobot’s subscription tiers).  

The usability of the MLaaS business model taxonomy is evaluated using predefined criteria of utility, 

robustness, and theoretical grounding, ensuring its practical applicability in analyzing real-world cases (Miles & 

Huberman, 1994). Utility refers to the taxonomy’s effectiveness in describing and comparing MLaaS business 

models. The taxonomy demonstrates high utility by capturing key variations across platforms, such as deployment 

flexibility (self-managed vs. pre-configured) and machine learning model scope (predictive vs. generative). For 

instance, it distinguishes Azure AI’s hybrid cloud deployment from VESSL AI’s pre-configured model, enabling 

precise comparisons. Additionally, the taxonomy helps in identifying strategic differentiators, such as DataRobot’s 

narrow versus BigML’s broad industry focus, proving its value for both academic and business analysis purpose. 

Secondly, robustness assesses whether the taxonomy remains consistent across diverse cases. The framework 

holds well when applied to platforms with varying business strategies, from BigML’s freemium model to Azure AI’s 

tiered enterprise pricing. However, minor inconsistencies arise in overlapping dimensions, such as data 

flow and deployment flexibility, where continuous data processing often aligns with pre-configured services. 

Despite this, the taxonomy maintains strong discriminatory power, reliably classifying business model attributes 

without significant ambiguity. Lastly, theoretical grounding examines whether the taxonomy aligns with 

established business model literature. The dimensions are aligned with the meta model, drawing from recognized 

frameworks, such as Osterwalder and Pigneur’s (2010) value proposition and revenue stream components, while 

incorporating MLaaS platform-specific elements (e.g., model deployment and characteristics of integrated 

resources dimension).  

 Dimension Characteristics 

Value 
Creation 

deployment flexibility self-managed pre-configured both 

user control full developer control full developer control with optional workflow 
automation 

complementary 
services 

value proposition 
enhancing 

use-case extending both 

model deployment public and private 
cloud 

edge, public and private cloud 

model scope predictive generative both 

supported activities development focus development and operational focus 

integrated resources tools data 

assets 
prebuilt models AI 

assistants 

cloud 

infrastructure 

data source customer customer and third party 

data flow on-demand continuous both 

data type telemetric or time-series 
data 

visual data multimodal data 

Value 
Delivery 

key partners technology 
partners 

system 
integrators 

data brokers academic or 
research 
institution 

customer relationship self-service portal communities customer support 

industry focus broad specific 

sales channel platform interface and partners platform interface, partners and 
marketplace  

Value 

Capture 
pricing model  consumption-based seat-based tiered freemium 

revenue streams direct sales indirect sales ancillary services 

Figure 18: Final business model taxonomy of MLaaS Platforms 

Overall, the taxonomy satisfies the predefined structural validity (Szopinski et al., 2019) and usability 

criteria (Miles & Huberman, 1994). Minor refinements in dimension boundaries could further enhance robustness, 
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but its utility and theoretical foundation remain well-supported. Thus, this leads to the conclusion of the evaluation 

of our final business model taxonomy (see Figure 18).  
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7. Classifying the Business Models of MLaaS 

Platforms 
The classification of business models for MLaaS platforms requires a structured approach to capture the 

value creation, delivery and capture mechanisms of these platforms. This chapter explains the finalized business 

model taxonomy, developed through Nickerson et al.’s (2013) iterative methodology. As illustrated in Figure 19, 

the taxonomy organizes 16 dimensions and 46 characteristics into value creation, delivery and capture 

mechanisms. This chapter walks through each dimension and characteristic of the final MLaaS platform business 

model taxonomy primarily using Teece’s (2010) role as the meta-model’s first-order construct as our main 

theoretical lens in this study. 

7.1 Value Creation 

Value creation lies at the heart of MLaaS platform business models, encompassing the strategic 

orchestration of resources, activities, and partnerships to deliver machine learning services. Grounded in Teece’s 

(2010) assertion that value creation stems from "innovative resource orchestration to address unmet needs," this 

section examines how platforms apply their resources to create differentiated offerings for the customers. The 

taxonomy identifies 10 dimensions under Value Creation. 

7.1.1 Deployment Flexibility 

Deployment flexibility describes the range of options available to users in determining where and how they 

deploy the platform’s infrastructure, as well as the complexity of the deployment process. This dimension captures 

whether the platform requires minimal setup, or demands more involved self-installation. Platforms with pre-

configured deployment minimize setup complexity by offering fully managed, vendor-hosted infrastructure. These 

platforms typically integrate seamlessly with the platform owner’s own cloud ecosystem or have built-in connector 

programmed into the platform, so users require little to no manual configuration to deploy their models. For 

instance, Amazon SageMaker primarily operates exclusively within AWS, allowing users to launch machine 

learning environments with minimal effort but restricting deployment to non-AWS cloud services. In contrast, self-

managed deployment grants users full control over deployment options but requires manual setup of the process 

using APIs. Some platforms, including Dataiku, provide both deployment models, accommodating varying user 

needs. These hybrid solutions allow organizations to choose between a pre-configured deployment to fully 

managed cloud environment or a self-managed deployment to environment not fully-integrated to the platform. 

Pre-configured options lower the barrier to entry, while self-managed deployments cater to users with specific 

infrastructure requirements. By offering flexibility in deployment complexity and location, such platforms appeal to 

a broader range of users, from startups and SMEs requiring quick onboarding to large enterprises with stringent 

IT policies.  

7.1.2 User Control 

User control defines the extent to which users, like data scientists and developers, can customize their 

machine learning workflows. Full developer control grants users complete autonomy over machine learning 

lifecycle workflow at code level, from data preprocessing to deployment, typically through command line 

interfaces or integrated development environment. This is ideal for advanced practitioners who require fine-

grained adjustments, as seen in platforms like VESSL AI, where users script every step. A hybrid approach, full 

developer control with optional workflow automation, combines flexibility with optional use of AutoML services for 

efficiency. AutoML in MLaaS platforms automates data preprocessing, feature engineering, model selection, 

tuning, or deployment, thereby enabling rapid, accessible machine learning. Dataiku exemplifies this by offering 

both manual coding and drag-and-drop AutoML tools, allowing users to switch between control levels based on 

task complexity. This spectrum of control ensures platforms can serve novices and experts alike regardless of the 

organization sizes. 

7.1.3 Complementary Services 

Complementary services dimension are services that supplement the core functionalities of MLaaS 

platforms, addressing adjacent user needs beyond basic model development and deployment. Value proposition 

enhancing services amplify the platform’s primary value proposition, such as security features that bolster trust in 

model outputs or governance tools that ensure regulatory compliance. For instance, IBM Watsonx’s AI fairness 

checker strengthens reliability for healthcare applications by embedding ethical safeguards directly into the 

workflow. Use-case extending services broaden the platform’s applicability, enabling new ways of using the 

platform through capabilities like data labelling or integrated storage. Amazon SageMaker exemplifies this through 

SageMaker Ground Truth, which expands the platform’s utility by providing in-house data annotation tools, 

eliminating dependencies on external vendors.  

7.1.4 Model Deployment 
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Model deployment defines where trained models are hosted and executed. Platforms supporting hybrid 

approaches enable deployment to both edge, public and  private cloud environment. Edge deployment enable 

low-latency inference by deploying models directly on hardware like sensors or smartphones, crucial for 

applications like fraud detection in industrial IoT use cases.  Public and private cloud approaches, like Azure ML’s 

support for both public and on-premise private cloud deployment to user’s own data centre. The choice depends 

on the specific use-case requirements, such as latency tolerance or data sovereignty, of the SME or large 

enterprise users. Our analysis reveals a consistent pattern in cloud deployment support across MLaaS platforms: 

those offering cloud-based deployment universally provide both public and private cloud options, while standalone 

deployment types (exclusively public or private) are never observed in isolation. 

7.1.5 Model Scope 

The model scope dimension categorizes platforms by the types of machine learning tasks they support. 

Predictive MLaaS platforms, the most common scope (e.g., Dataiku’s time-series forecasting tools), dominated 

early MLaaS platform offerings (Philipp et al., 2020). These platforms focus on traditional supervised learning, 

such as fraud detection (e.g., H2O.ai). The rise of generative AI has spurred MLaaS platforms like Google Vertex 

AI to integrate generative capabilities by supporting the development and deployment of foundational 

LLMs. These platforms specialize in creating new content, like text or images, using models such as GPT or 

Stable Diffusion (e.g., OpenAI’s API). Platforms supporting both, like Databricks, provide tools for predictive and 

generative models, appealing to organizations with diverse AI needs.  

7.1.6 Supported activities 

The supported activities dimension classifies platforms by the extent their service coverage of the machine 

learning workflow whether it focuses on only development activities or also operational activities as well. 

Platforms may emphasize development focus, offering robust tools for model training but limited deployment 

features. Some platforms could have both development and operational focus, additionally integrating end-to-end 

MLOps capabilities, like model monitoring and retraining, into the platform. Services from platforms like Google 

Vertex AI and Dataiku cover both of the end-to-end machine learning lifecycle and subsequent operations, 

spanning data preprocessing, model training, inference and further activities such as monitoring, retraining and 

governance.  

7.1.7 Integrated Resources 

Integrated resources refer to built-in tools and assets that enhance productivity within a MLaaS platform. 

These include development tools like IDEs and version control systems, exemplified by SageMaker Studio’s 

notebook interface and Git integration. Data assets, such as prelabelled datasets or feature stores (e.g., 

Databricks Feature Store), accelerate model training by providing ready-to-use data. Prebuilt models offer 

pretrained models for tasks such as natural language processing or image recognition, reducing time-to-value for 

common use cases. While AI assistants automate coding tasks, platforms like Google Vertex AI, Amazon 

SageMaker, Microsoft Azure AI, IBM Watsonxx, that own the cloud infrastructure, abstract infrastructure 

management through integrated managed cloud services. Other platforms that are not bundled with any cloud 

vendor’s existing ecosystem would need to use connectors and APIs to access the compute and storage services 

of the cloud vendors. These resources cater to different user needs with tools and data assets supporting 

customization, while prebuilt models and cloud infrastructure prioritize convenience. All cases provide at least a 

single type of integrated resource with some providing multiple resources that support both the core value 

propositions and complementary services. 

7.1.8 Data Source 

The data source dimension distinguishes how platforms manage input data, a foundational element in 

machine learning workflows. Platforms may rely exclusively on customer-provided data or support a hybrid model 

integrating both customer and third-party data sources. Customer data consists of user-submitted datasets, which 

require strict preprocessing and governance to ensure quality and compliance. In contrast, platforms that 

incorporate third-party data, such as datasets from public data repository (e.g., Kaggle) or data marketplaces, 

allow users to supplement proprietary customer data with external sources. For instance, Snowflake facilitates 

hybrid approaches by combining internal transaction records with third-party demographic data, enhancing 

analytical depth for use cases like fraud detection, where real-time customer data may be enriched with external 

threat intelligence. Notably, platforms that integrate third-party data always support customer data, but the reverse 

is not observed. 

7.1.9 Data Flow 

Data flow distinguishes platforms based on how data is processed. On-demand data flow processes job in 

batch, where data is ingested and processed at scheduled intervals (e.g., monthly sales prediction). This 

approach suits scenarios with predictable workloads and no real-time requirements, such as historical trend 

analysis. Continuous data flow supports real-time inference of the machine learning models, allowing streaming 

data to be processed instantaneously, which are essential for use cases like fraud detection or IoT sensor 
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monitoring. For example, Iguazio’s Intelligence Edge feature emphasized continuous customer data streams for 

real-time inference, whereas research-focused platforms (e.g., CodeOcean) relied on on-demand uploads.  

7.1.10 Data Type 

The data type dimension captures the primary forms of data a platform is designed to process, which 

fundamentally shapes its industry applicability and technical capabilities. Platforms typically specialize in 

telemetric or time-series data, visual data, or multimodal data, each serving distinct user needs from different 

industries. Platforms optimized for telemetric or time-series data, such as Superb AI, focus on structured 

quantitative inputs like IoT instrumentation data or sequential time-stamped data, enabling predictive analytics in 

industrial and scientific domains. Those specializing in visual data provide dedicated tools for image and video 

processing, supporting computer vision tasks such as object detection through convolutional neural networks. 

However, these specialized platforms are relatively rare, with only isolated cases observed in our analysis. Most 

MLaaS platforms adopt a multimodal approach, capable of processing diverse data types, including text, 

documents, natural language, sensor readings, and visual inputs. For instance, Databricks facilitates models with 

multimodal needs by concurrently analyzing combined data forms, enabling advanced applications like contextual 

image captioning or integrated analytics. Notably, while platforms with support for multimodal data inherently 

accepts textual data format, no platforms exclusively specialize in textual data processing alone. This distribution 

reflects user’s need for versatile data format support that balance specialization with flexibility, ensuring platforms 

can address complex, real-world problems while maintaining scalability and performance. 

7.2 Value Delivery  

Value delivery ensures MLaaS platforms’ offerings reach and engage intended users effectively. This 

section analyzes how platforms structure customer interactions, segmentation, and distribution channels.  

7.2.1 Key Partners 

Key partners describe the external collaborations that extend a platform’s capabilities or market 

reach. Technology partners are external entities, such as independent software vendors, innovation partners, that 

collaborate with MLaaS platforms to strengthen their technical capabilities, particularly in hardware or software 

integration. For example, Amazon SageMaker partners with NVIDIA to leverage GPU acceleration, enhancing the 

platform’s computational efficiency for demanding machine learning workloads. System integrators, such as 

Deloitte and Accenture, assist with deployment and customization, bridging gaps between platform features and 

enterprise needs. Data brokers, including those from Snowflake’s data marketplace, supply curated datasets, 

while research or academic institutions drive innovation via research partnerships (e.g., CodeOcean’s 

collaborations with Allen Institute in open-source innovations).  

7.2.2 Customer Relationships 

The customer relationships dimension captures the primary mechanisms through which MLaaS platforms 

engage with and support their users, playing a crucial role in user adoption, retention, and satisfaction. This 

dimension reflects how platforms balance scalability and personalized assistance, often aligning with their target 

audience and business model. Self-service portals are a foundational support structure, providing users with 

documentation, tutorials, and troubleshooting guides to resolve issues independently. Platforms like Dataloop 

exemplify this approach, offering extensive knowledge bases that enable data scientists to quickly find solutions 

without direct intervention. Communities, such as Amazon SageMaker’s user forums, create peer-driven 

ecosystems where users share knowledge, best practices, and workarounds. Dedicated customer support, 

including SLAs, ticketing systems, and account managers, is a hallmark of commercial platforms targeting 

enterprise users. For example, Dataiku assigns dedicated support teams to large clients, ensuring rapid resolution 

of technical issues and alignment with business objectives.  

7.2.3 Industry Focus 

The industry focus dimension categorizes MLaaS platforms based on the specialization and orientation of 

their target markets, distinguishing between narrow-focused solutions vertically-integrated for specific industries 

and broad-focused platforms horizontally-oriented for cross-domain applications. Vertically-oriented platforms, 

such as CodeOcean, concentrate on niche sectors like biotech, pharmaceutical or retail, offering pre-configured 

workflows and domain-specific model templates that accelerate deployment for specialized use cases.  

7.2.4 Sales Channel 

The sales channel dimension describes the primary methods through which the platform delivers its 

machine learning services to customers. It focuses on the main avenues, such as direct platform interfaces, 

marketplaces for model, data or services, or third party partners, by which users discover, access, and transact 

for the platform’s offerings. This dimension is critical because it determines the platform’s market accessibility, 

user onboarding efficiency, and scalability. The first characteristic, platform interface and partners, describes how 

the platform relies on its own user interface (web portal, APIs and SDKs) and partnerships with third-party 

organizations (e.g., cloud providers, system integrators, resellers, professional service providers) to sell and 

distribute its services. For example, Dataiku operates primarily through its web-based interface, enabling users to 
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build machine learning workflows, while also collaborating with system integrators like Accenture to deploy 

solutions for large corporations. The second characteristic, platform interface, partners, and marketplace, extends 

this strategy by incorporating a digital marketplace where third-party vendors can offer complementary tools, 

models, or datasets. This creates a multisided platform ecosystem, enhancing value for users by providing a one-

stop shop for machine learning-related services. Amazon SageMaker exemplifies this approach where users 

interact with SageMaker’s interface to train models, leverage AWS’s partner network for consulting, and access 

the AWS Marketplace to deploy prebuilt machine learning services from independent vendors. While only few 

platforms have their own marketplace, all platforms in our case database rely only  platform interface and a 

directory of authorized partners to enable users’ discovery and procurement of the required services.  

7.3 Value Capture 

Value capture mechanisms define how MLaaS platforms monetize their services and sustain profitability. 

This section examines the financial structures of MLaaS platforms through the lens of pricing models, and 

revenue streams. While cost structures provide valuable insights into operational efficiency, their analysis often 

requires access to proprietary or confidential financial data, which is not available to this study. Given these 

constraints, our study focuses exclusively on pricing models and revenue streams to assess value capture 

mechanisms.  

7.3.1 Pricing Model 

The pricing model dimension captures the different approaches MLaaS platforms use to monetize their 

services, reflecting the diverse and often unpredictable computational demands throughout the machine learning 

lifecycle. Consumption-based pricing, as seen with Amazon SageMaker, charges users based on actual usage 

but breaks down costs according to different stages of the lifecycle. For example, users pay for GPU hours during 

model training, fees per API call when running inference, and charges for data storage and transfer within 

pipelines. This detailed breakdown ensures that costs align closely with the varying resource intensity required at 

each phase, making pricing more transparent and fair. Tiered pricing models, such as those offered by Dataiku, 

group features into hierarchical plans where higher tiers grant access to more advanced lifecycle resources, like 

support services with higher SLA, increased capacity for training jobs or simultaneous inference processes. Seat-

based pricing, used by only Domino Data Lab out of all the cases, links costs to the number of users, often with 

restrictions on what each user can do within the machine learning lifecycle, such as limiting some seats to 

training-only roles. This model supports team-based scaling while managing permissions according to 

responsibilities. Freemium pricing models divide offerings either by time or functionality to attract users. For 

instance, Google Vertex AI provides a 90-day free trial, while Amazon SageMaker offers a free tier that excludes 

costly activities like GPU-based training. These models encourage initial adoption by lowering entry barriers but 

restrict access to resource-intensive lifecycle stages to motivate users to upgrade. Across all cases, we noticed 

that many MLaaS platforms use hybrid models that blend fixed and variable components by combining both tiered 

and consumption-based models. This approach is likely due to the complexity in pricing the platform services as 

computational demands vary across the machine learning lifecycle. 

7.3.2 Revenue Streams 

Revenue streams in MLaaS platforms are the diverse mechanisms platforms use to generate income from 

core and complementary services. Direct sales refer to the revenue obtained through primary platform offerings, 

mainly through two ways: subscription models and transaction fees. Subscription-based revenue, as 

demonstrated by IBM Watsonx’s annual licensing structure, provides predictable recurring income. Transaction-

based revenue, exemplified by Amazon SageMaker’s per-inference and pay-per-use charges for real-time 

inference APIs. Indirect sales come from third-party collaborations and platform ecosystem participation. These 

include marketplace advertising revenues, where third-party vendors pay for enhanced visibility in platform-hosted 

marketplace, as observed in Snowflake’s data asset listings on their own marketplace. Partnership revenue 

represents another indirect stream, occurring when platforms share income with technology partners who co-

develop specialized services for the platform’s user base. Ancillary services generate supplementary revenue 

through value-added offerings that complement core platform functionalities. Training and certification programs, 

such as Databricks’ accredited paid courses, create monetization opportunities by offering formal credentialing 

pathways.  
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8. Analysing MLaaS Platform Business 

Model Taxonomy  
This chapter presents the findings from the cross-case analysis of 24 MLaaS platforms using the finalized 

taxonomy. By examining recurring patterns across the characteristics of all these cases, we identify four distinct 

business model archetypes: cloud orchestrators, data orchestrators, aggregators, and niche specialists. The 

following sections illustrate the taxonomy patterns focusing on the dominant characteristics of each archetype, 

findings of the taxonomy analysis and the details of each of the four business model archetypes.  

8.1 Taxonomy Patterns across MLaaS Platforms 

First, deployment flexibility dimension reveals a spectrum rather than a simple choice between self-

managed and pre-configured approaches. We found that some platforms, like Barbara Edge AI and PrimeHub, 

prioritize user control by enabling enterprises to deploy models within their own environments. This capability can 

be essential for sectors with strict regulatory or security requirements, such as healthcare or defence, and 

demonstrates a commitment to developer autonomy and granular customization. In contrast, fully managed 

platforms such as Amazon SageMaker and Google Vertex AI abstract away infrastructure concerns, appealing to 

organizations seeking scalable, rapid deployment in multi-tenant cloud environments. We also found hybrid 

models, as in Snowflake and Databricks, accommodate both approaches, supporting deployment across public or 

private cloud as well as on-premises settings. These intermediate cases reflect the industry’s response to varied 

customer needs, emphasizing deployment as a strategic lever for aligning technical flexibility with organizational 

priorities. 

A second prominent pattern involves industry focus dimension and the resulting differentiation level of 

specialization across MLaaS platforms. Broadly focused players like Google Vertex AI and Amazon SageMaker 

appear to target wide applicability across sectors, favouring modularity and scalability. Their standardized 

features encourage user adoption in diverse fields, from retail to healthcare. In contrast, we noticed platforms 

such as Barbara Edge AI and Superb AI with focus on specific industries, building domain-specific features, like 

advanced edge deployments or proprietary annotation tools, into their value proposition. This specialization allows 

them to address complex, niche problems that general purpose MLaaS platforms may not support well. However, 

there is also a hybrid group that occupies the middle ground by maintaining broad usability while developing 

bespoke solutions for high-value verticals, as seen with DataRobot’s sector-targeted offerings. Here, we observed 

that industry focus became a primary influence in the varying approaches in resource allocation, platform 

features, and ultimately, in the market segments that platforms are in. 

Integrated resources dimension represent the focus of the third key pattern. Platforms across all 24 cases 

vary in how comprehensively they bundle proprietary tools, third-party integrations, and workflow automation. 

Vertically integrated platforms, often offered by major cloud providers, tend to tightly couple machine learning 

services with proprietary infrastructure and complementary services, minimizing the need for external tools and 

streamlining the user experience. Some platforms offer curated marketplaces and plugin ecosystems that 

empower users to assemble custom workflows, reflecting their focus on interoperability and flexibility. Some 

platforms, like Snowflake, blend both strategies, controlling core architectural components while selectively 

opening up to external machine learning tools and datasets via integrated marketplaces. The approach to 

resource integration influences not only the technical extensibility of platforms but also factors such as data 

governance and interoperability, each of which is critical in enterprise AI adoption. 

Finally, value capture strategies in MLaaS platforms reflect significant differences tied to their business 

models and customer segments. Consumption-based pricing is prevalent among platforms, aligning with the scale 

and unpredictability of platform usage. This pricing model allows for elastic adoption but result in variable costs 

that allow SMEs to scale their commitment to the platform following the increasing returns of machine learning. 

Subscription and tiered pricing models, common among vertically oriented platforms with specialized focus, 

prioritize predictable billing and often bundle premium support or features. These niche MLaaS platforms tend to 

opt for custom quotations, reflecting high-touch, domain-specific consulting and service models. Entry-level 

freemium tiers can be seen in some MLaaS platforms where these tiers can be effective in encouraging initial 

adoption. Upselling to enterprise features occurs as the user's organizations grow. In some cases, these 

platforms generate indirect revenue through marketplace commissions, especially where data sharing or referral 

of professional services offered by partners are key components to the marketplace. Notably, a pattern emerges 

between industry focus and pricing transparency: horizontally focused platforms typically publish standard pricing, 

while vertical specialists use bespoke quotation. 

Despite significant differences across these patterns (see Figure 19), there are notable areas of 

convergence. Most platforms, regardless of archetype, now offer support for both predictive and generative AI 

models, responding to market demand for versatile machine learning capabilities. Hybrid deployment, supporting 
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both cloud and edge computing, is becoming the standard rather than a unique differentiator. The greatest 

distinction among platforms lies not in the presence of specific technical features but in the way they combine 

these features, emphasize different business model dimensions (see Figure 19), and align offerings with the 

unique requirements of their chosen markets. The result of frequency analysis that shows the percentage of 

cases for each dominant characteristic in each archetype is available in Appendix E4. 

 
Figure 19: Taxonomy Patterns and Business Model Archetypes 

Note. Only characteristics present in at least 70% of the cases of each archetype were visualized. 

8.2 Business Model Archetypes 

By iteratively synthesizing the patterns we recognized during taxonomy analysis phase, we observed four 

clusters of cases across the case database where each cluster was presented with distinct characteristics. We 

thus derived business model archetypes from these four clusters. This section walks through the four business 

model archetypes (cloud orchestrator, data orchestrator, aggregator and niche specialist) and explains the 

grouping of the four boundary cases into their corresponding business model archetypes (see Table 18).  

Table 18: Cases and Boundary Cases of Business Model Archetypes 

Archetypes Cloud orchestrator 
(n=5) 

Data orchestrator 
(n=4) 

Aggregator  

(n=8) 

Niche specialist  

(n=7) 

Cases Amazon SageMaker, 
Google Vertex AI, 
IBM Watsonxx, 
Microsoft Azure AI 

Databricks Mosaic 
AI, Dataloop, 
Domino Data Lab, 
Snowflake 

BigML, Dataiku, 
DataRobot, H2O.ai, 
Iguazio, Jfrog ML, 
Modular 

Barbara, 
HyperSense, 
Superb AI, ZAMS 

Boundary 

Cases 
None None Cloudera AI PrimeHub, 

CodeOcean, 
VESSL AI 

 

8.2.1 Cloud Orchestrator 

Cloud orchestrators create value by democratizing access to advanced machine learning capabilities 

through fully managed infrastructure from their hyperscale data centres. As Teece (2010) notes in his analysis of 

digital business models, these MLaaS platforms leverage economies of scale to dramatically lower the technical 

barriers to AI adoption. The value proposition focuses on abstracting hardware provisioning and optimization, 

allowing data scientists to focus on model development rather than infrastructure management. Amazon 

SageMaker embodies this approach through its one-click model training and deployment features, automatically 

provisioning and optimizing GPU clusters. 
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Value delivery in cloud orchestrators is achieved through deep integration with services that are built 

specifically for their own cloud infrastructure. Google Vertex AI demonstrates this through its seamless 

compatibility with BigQuery, enabling SQL-based data preprocessing that significantly reduces time-to-insight. 

These MLaaS platforms enhance their value delivery through network effects, hosting marketplaces for third-party 

specialized tools. Microsoft Azure AI extends this further by incorporating responsible AI dashboards for bias 

detection, addressing growing concerns about ethical AI implementation. 

Value capture follows a consumption-based pricing model that aligns with the "razor-and-blades" strategy 

identified by Eisenmann et al. (2006), where platform sells a core product, like compute, data storage and access 

to a wide selection of machine learning models for the case of MLaaS platforms, cheaply to drive ongoing profit 

from the required higher-margin replacements. In this context of MLaaS platforms, users pay for compute 

resources and API calls, creating predictable recurring revenue streams through subscriptions or transactions 

based on each resource consumption. The model encourages platform adoption through low initial costs while 

generating long-term revenue through scaled usage with tiered pricing model. Ancillary services, like premium 

support, training, certification and custom model development through project work, provide additional revenue 

opportunities, completing the value capture mechanism. 

8.2.2 Data Orchestrator 

The data orchestrator platform archetype creates value by solving the fundamental challenge of data 

fragmentation in machine learning implementation within large enterprises. These platforms establish streamlined 

data ecosystems that bridge the gap between fragmented data sources and machine learning workflows, 

addressing the coordination costs in technological platforms (Gawer & Cusumano, 2014). Value creation stems 

from their ability to integrate governance, lineage tracking, and hybrid deployment capabilities into a well-

integrated system for users from enterprises with big data. Snowflake exemplifies this approach by enabling direct 

machine learning model training on data warehouse contents, effectively eliminating data silos between analytics 

and machine learning teams. The value proposition focuses on reducing the operational complexity of large-scale 

machine learning implementations while ensuring regulatory compliance through its ancillary services. 

Value delivery in data orchestrator platforms occurs through interoperable architectures supporting multi-

tenant public cloud and on-premise private cloud deployments. Without native integration to cloud infrastructure 

like cloud orchestrators, data orchestrators custom-build tools, such as connectors and APIs, that allow users to 

deploy the machine learning models to access compute and storage resources in the cloud infrastructure. Some 

data orchestrators, like Snowflake, also secured dedicated compute and storage resources from the cloud 

providers, which they could then offer to their users as integrated cloud infrastructure resources. On top of a 

marketplace curated by the platform, these platforms expand their value delivery through the development of an 

ecosystem. They provide APIs and SDKs that allow third-party developers to create complementary tools, while 

moderating such interactions within their platform ecosystem (Gawer, 2014). 

The value capture mechanism for data orchestrators combines subscriptions with tiered-based pricing on 

their platform and consumption-based pricing on the usage on platform services requiring compute resources. 

Ancillary services such as consulting and compliance audits are also provided. This approach allows platforms to 

monetize both core infrastructure and specialized supplementary features. Their value proposition lies in reducing 

the complexity of data governance, making them indispensable for regulated industries like healthcare and 

finance.  

8.2.3 Aggregator 

Aggregator platforms create value by reducing the fragmentation that characterizes many enterprise 

machine learning implementations. These platforms curate modular tools and open-source integrations into their 

web-based and programmatic environments that support the complete machine learning lifecycle. Aggregator 

platform’s value proposition focuses on providing flexibility and variety of complementary services that 

accommodates diverse technical requirements from users that require different degree of control on the machine 

learning. Value delivery emphasizes customization and interoperability. Unlike cloud orchestrators with tightly 

integrated infrastructure or data orchestrators with rich data ecosystems, aggregator platforms deliver value by 

curating partner networks and integrating diverse resources. This approach is evident in BigML’s public gallery of 

reusable model templates and Dataiku’s plugin library, which offers connectors for various data platforms. The 

value capture mechanism of aggregator platform often combines freemium models with tiered subscriptions and 

ancillary services. The core offerings attract users with free basic features while enterprise tiers unlock advanced 

governance and scalability features. This approach creates multiple entry points to the platform while ensuring 

revenue growth through upselling. Consulting services for custom model development provide high-margin 

ancillary revenue, completing the value capture model. 

Cloudera AI, as a boundary case, defies straightforward classification as an aggregator due to its 

orchestrator-like control over data infrastructure. While it curates third-party tools and integrates with partner 

ecosystems like other aggregator platforms, it also enforces strict governance via its unified data lakehouse, a 

feature typical of data orchestrators like Snowflake. However, Cloudera AI is not equipped with data marketplace 

and network of data brokers like the data orchestrator, thus making it classified as aggregator. 
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8.2.4 Niche Specialist  

Niche specialists create value through vertical specialization. These platforms offer preconfigured solutions 

that outperform general purpose alternatives in specific applications, from edge computing to industry-specific 

machine learning implementations. Barbara exemplifies this approach with industrial-focused machine learning 

models for predictive maintenance in utilities, complete with preconfigured support for IoT sensor data. Value 

delivery focuses on self-managed deployment. Superb AI demonstrates this through its synthetic data tools that 

streamline computer vision workflows, reducing labelling costs significantly for autonomous vehicle developers. 

Unlike horizontal platforms, niche specialists prioritize depth over breadth in their solutions, as seen in 

CodeOcean's specialized support for genomic analysis in biotech and pharmaceutical. Niche specialists’ value 

capture mechanism relies on sales models where result-based pricing is employed by some of the platforms. 

Rather than consumption-based metrics, some platforms may employ fixed-fee structures like Barbara's 

€1,750/month industrial packages or contracts linked to return of investment rate. This approach aligns with some 

of their focus on delivering measurable business impact rather than charging for compute resources for model 

training or inference. Many  of the niche specialist platforms, unfortunately, do not publicly share information 

regarding pricing and service specification their platform websites, indicating possible custom quotation needed 

for each customer.  

There are three boundary cases for niche specialist platform. First, CodeOcean combines niche research 

focus in biotech and pharmaceutical industry with marketplace-like features, allowing researchers to share 

reproducible workflows, a trait more common in aggregators. Its pre-configured deployment and consumption-

based pricing resemble cloud orchestrators, yet its narrow industry focus prevents it from fitting neatly into that 

category. PrimeHub targets academic and enterprise MLOps but stands out by offering both self-service portals 

and white-label solutions, both characteristics rare in most niche specialists. Lastly, VESSL AI bridges niche 

specialist as MLaaS platform for edge AI and broad-focused cloud platforms. While its edge deployment aligns 

with niche specialists like Barbara, its support for public cloud integrations and freemium pricing mirrors cloud and 

data orchestrators with wide range of complementary services. This hybrid approach allows it to serve both 

specialized edge deployments and broader cloud-based workflows, defying strict archetype boundaries. Despite 

their boundary characteristics, we chose to classify these three cases as niche specialist, not just due to its 

industry focus but for its special platform use cases and characteristics. This indicates that each niche specialist 

may configure and adapt its business model on an ongoing basis to fulfil the needs of its target user group. 

  



 

 

 

61       
 

9. Discussion  
The discussion chapter synthesizes findings from this study, addressing main research question and sub-

questions while explaining the findings from prior chapters. The structure follows a logical progression from 

specific findings to broader implications, using the cases analysed and the respective results to support our 

arguments.  

9.1 Answering Main Research Question and Sub-questions 

The main research question (RQ) asked, “How can the business models of MLaaS platforms be 

systematically classified into a taxonomy, and what common archetypes emerge from the combination of their key 

dimensions and characteristics?” This main research question was addressed by demonstrating that the business 

models of MLaaS platforms can be effectively conceptualized using a hierarchical conceptual framework. To 

sufficiently address the main research question, we further answered the sub-questions in the following order. 

The first sub-question (SQ1) inquired, “How can the business models of MLaaS platforms be 

conceptualized using current literature?” To address this, the study adopted a three-level hierarchical approach 

based on Osterwalder et al.’s (2005) Business Model Concept Hierarchy, first constructing a meta-model to define 

the essential dimensions of MLaaS platform business models. The meta-model, integrated Teece’s (2010) value 

creation, delivery, and capture mechanisms with the components of Osterwalder and Pigneur’s (2010) Business 

Model Canvas. We discovered that Teece's value creation, delivery and capture mechanisms (2010)  and 

Osterwalder's Business Model Canvas components (2010) aligned clearly when being applied to conceptualize 

MLaaS platforms. To formulate the definition required to kick off the taxonomy development process, the study 

employed two literature reviews involving scoping review and rapid review. While the scoping review led us to 

formulate the definition of our object of analysis as dictated by Nickerson et al.’s (2013) methodology, the rapid 

review systematically examined business model taxonomy literature to extract key dimensions and characteristics 

to be considered in the construction of preliminary business model taxonomy. However, there is a lack of 

literature directly related to MLaaS platforms. Because of this gap, the review first turned to literature on AI 

service platforms, an adjacent domain indirectly and closest related to MLaaS platforms. Much of this literature 

developed archetypes and taxonomies but did not specifically analyse business models. To address this, we 

extracted taxonomy dimensions related to business models from these sources, selecting those applicable to 

MLaaS platforms. Subsequently, we expanded the review to include literature on AI-related business models, 

focusing specifically on AI startups, AI solutions, and AIaaS. This step aimed to identify additional relevant 

business model dimensions and characteristics from contexts closely related to MLaaS platform. Finally, we 

broadened the scope to encompass the wider domains of platform business models and data-oriented business 

models, where a substantial corpus of established business model taxonomies exists. This progression allowed 

us to incorporate a more comprehensive set of dimensions drawn from mature literatures, which were essential 

for constructing a robust and well-grounded MLaaS business model taxonomy. Through the conceptual-to-

empirical iterations of taxonomy development process, the key dimensions and characteristics that were extracted 

during rapid review were then synthesized to construct a preliminary business model taxonomy for MLaaS 

platforms. Despite the lack of directly relevant literature, the preliminary taxonomy demonstrated that adapting the 

findings from existing literature from the adjacent domains was sufficient during the conceptual-to-empirical 

phase. 

The second sub-question (SQ2) examined, “What are the key characteristics of MLaaS platform business 

models that are systematically captured and structured within a business model taxonomy?” This study developed 

a business model taxonomy that captured the key characteristics of MLaaS platform business model through its 

dimensions and characteristics. The taxonomy systematically illustrated how MLaaS platforms created, delivered, 

and captured value through the identification of their business model characteristics, with the meta-model using 

Business Model Canvas components as definitional guidance. For value creation, deployment flexibility, user 

control, model scope, model deployment, complementary services, supported activities, integrated resources, 

data source, data flow, and data type were identified as business model taxonomy dimensions. These dimensions 

revealed how platforms differed in the varying level of automation provided by each platform, types of resources 

integrated with the platform, and the degree of flexibility and control in the value proposition offered to the users. 

For value delivery, the taxonomy included key partners, customer relationships, industry focus, and sales 

channels dimensions, highlighting the different ways platforms engaged with users and different partners within 

their platform ecosystem based on their varying focus on industry verticals. Unlike the customer segment 

dimension in the meta-model, the taxonomy incorporates the industry focus dimension from Geske et al.’s (2018) 

taxonomy to move beyond a simple descriptive characteristic and instead capture the different verticalization 

characteristics in the customer segment focus of MLaaS platforms. This approach reflects how niche specialist 

MLaaS platforms of concentrate on serving specific industry verticals while the others (cloud orchestrator, data 

orchestrators, and aggregator MLaaS platforms) treat customer segments as broad, generic groups. Notably, 

these MLaaS platforms primarily target business-to-business customers, including both SMEs and large 

organizations, tailoring their offerings to meet the specialized needs across different sectors that fall in their 
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chosen industry focus. For value capture, the taxonomy captured pricing models and revenue streams 

dimensions, showing the varying monetization models used by different MLaaS platforms. The taxonomy did not 

sufficiently characterize the cost structure of MLaaS platforms because cost structure characteristics (tangible vs 

intangible) that were initially identified in conceptual-to-empirical phase were not consistently available in public 

platform documentations and third party publications.  

The third sub-question (SQ3) assessed, “To what extent is the business model taxonomy of MLaaS 

platforms structurally valid and practically usable?” To answer this question, this study applied predefined 

evaluation criteria to assess the taxonomy’s structural validity and practical usability. Following the evaluation 

approach using Szopinski et al.’s (2020) guidelines, the taxonomy demonstrated the structural validity, which 

indicated that it was comprehensive in covering all relevant aspects, mutually exclusive without having any 

overlap between dimensions or characteristics, and showed clarity through the use of precise terminology. 

Practical usability was also assessed using the criteria set out by Miles and Huberman (1994), focusing on the 

taxonomy’s robustness, theoretical grounding, and utility for both researchers and practitioners. After testing the 

taxonomy by applying the taxonomy on four MLaaS platforms, (BigML, Microsoft Azure AI, DataRobot, and 

VeSSL AI), the taxonomy evaluation confirmed that the taxonomy could accurately classify these platforms 

without redundancy or gaps, demonstrating its comprehensive coverage and functional utility. However, due to 

time constraints, the taxonomy and archetypes were not directly validated with practitioners, such as MLaaS 

platform operators or consultants familiar with the domain, to receive feedback on real-world application of the 

taxonomy. This indicates a possible gap between this study's evaluation that uses theoretical criteria and real-

world applicability. 

The fourth sub-question (SQ4) explored, “What business model archetypes can be derived from recurring 

patterns in the MLaaS platform business model taxonomy?” To answer this sub-question, we identified four 

distinct archetypes following the cross-case analysis of all 24 cases. The cloud orchestrator archetype 

represented platforms with integrated cloud infrastructure that achieve horizontal scale and broad applicability, 

such as Amazon SageMaker, Google Vertex AI, and Microsoft Azure AI. Data orchestrators focused on a data-

centric value proposition by integrating and managing diverse data resources, such as data assets from data 

brokers, through marketplaces integrated with their platforms. This includes MLaaS platforms such as Snowflake, 

Databricks Mosaic AI, Dataloop, and Domino Data Lab. Aggregator platforms, such as DataRobot, BigML, 

Dataiku, H2O.ai, Iguazio, Jfrog ML, Modular and Cloudera AI, stood out for having a partner ecosystem and their 

use of tiered pricing model. Niche specialist platforms, like HyperSense, Superb AI, ZAMS, PrimeHub, 

CodeOcean and Barbara, demonstrated deep specialization by targeting specific industries or use cases with 

tailored offerings. Boundary cases were noted for both aggregator and niche specialist platforms, indicating that 

the clustering process and criteria need to be further refined and reorientated so that there is mutual exclusivity 

between all the cases for each archetype. 

9.2 Comparing Research Outcomes with Findings from Prior Work  

In this research, we observe that a key distinction between MLaaS platforms and their common archetypes 

lies in their degree of scalability and specialization. Geske et al. (2021) identified three motives for AI service 

platforms based on varying levels of development effort and design freedom, but did not explicitly link these to 

scalability or industry specialization. Unlike Geske et al., who focused on classifying AI service platforms based 

on functional motives (e.g., development effort vs. design freedom), this research observes that the real-world 

business models of MLaaS platforms, especially their value creation, depend not only on AI functionality but also 

on cloud infrastructure and machine learning workflow orchestration. 

 
Figure 20: Business model archetypes across different levels of scalability and specialization 
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By adapting Geske et al.’s (2021) motives based on “development effort” and “design freedom,” the 

taxonomy captures how MLaaS platforms, especially their business model archetypes, demonstrate different 

degrees of scalability and choice of specialization through their different characteristics in the “deployment 

flexibility” and “user control” dimensions (see Figure 20). While Geske et al. (2021) classify platforms by "AI 

service model" (e.g., deployment vs. development services), this study reveals that deployment flexibility, whether 

a platform supports preconfigured cloud or self-managed edge setups specific for industrial IoT sector, is equally 

critical. Cloud orchestrators like Microsoft Azure AI exemplify this by tightly integrating with its proprietarily-owned 

cloud architecture, a technical-oriented characteristic overlooked in prior taxonomies. This shows that the value 

creation of MLaaS platforms is shaped by their varying levels of dependency on technical architectures. 

Therefore, these MLaaS platforms should not be treated as homogenous entities. Prior taxonomies, including 

Sundberg et al.’s (2022) typology, tended to overlook the substantial impact of cloud infrastructure dependencies. 

This oversight fails to account for the significant variation in how technical architectures shape the business 

models and value creation mechanisms of MLaaS platforms.  

This study further reframes these two dimensions within the context of MLaaS platforms into scalability 

constrained by the level of control over technical infrastructure (e.g., providers vs. users of cloud services) and 

specialization following the level of domain adaptation of the value proposition (e.g., industry-specific workflows). 

This reveals a trade-off: platforms optimized for scalability, such as hyperscale cloud orchestrators, typically offer 

lower specialization, while those emphasizing specialization, such as niche specialists, sacrifice broad scalability. 

For example, cloud orchestrators maximize scalability through fully managed, multi-tenant cloud infrastructure, 

aligning with Teece’s (2010) observation that digital platforms leverage economies of scale to reduce barriers to 

adoption. These platforms abstract infrastructure complexity, enabling rapid deployment at scale but limiting 

customization for vertical use cases. In contrast, niche specialists prioritize deep domain integration, such as 

preconfigured edge deployment for predictive maintenance, but lack the horizontal scalability of cloud orchestrator 

and data orchestrator MLaaS platforms. This dichotomy extends Sundberg et al.’s (2022) typology, which 

classified AI platforms by functional capabilities (e.g., conversational vs. analytics) and delve deeper on how 

deployment flexibility (preconfigured vs. self-managed) intersects with industry focus. 

When evaluated together, both “model scope” (predictive vs. generative) and “model deployment” (hybrid 

cloud and edge) in the business model taxonomy reveal that machine learning workflow orchestration is a key 

characteristic of value proposition and should be considered when analysing the business model of MLaaS 

platforms. Although cloud-based service delivery is core to AIaaS, and, by extension, MLaaS platforms that inherit 

some AIaaS characteristics (Lins et al., 2021), many MLaaS platforms also deliver services beyond the cloud by 

supporting deployment to edge devices or hybrid cloud environments. These options are now pivotal for latency-

sensitive applications like industrial IoT and autonomous driving. This is demonstrated by the consistent 

observation in this research where value creation manifests differently across business model archetypes, from 

niche specialist Barbara’s edge-focused predictive maintenance models to data orchestrator Databricks’ hybrid 

cloud-data lakehouse integrations for both predictive and generative machine learning models.  

As indicated by Naous et al. (2017), deployment options provided by data-driven platform business models 

are linked to value creation. This further reflects the need to consider “model scope” and “model deployment” 

dimension when conceptualizing the business model of MLaaS platforms. Therefore, we propose that the 

business model taxonomy from this research reflect the realities faced by MLaaS platforms, where value creation 

depends on both platform functionality and how users interact with the platform’s underlying cloud-dependent 

technical infrastructure. Furthermore, the value creation of MLaaS platforms depends on different levels of 

scalability and specialization. Platforms offering a high level of scalability in their value proposition tend to focus 

less on specialization, while platforms focusing on specialization through domain-specific consultation or project 

implementation services tend not to prioritize scalability. 

While value creation in MLaaS platforms is distinct, the mechanisms for value delivery and capture closely 

mirror those of traditional platform business models. Business model dimensions such as “sales channel” and 

“pricing model” in the taxonomy presented by this study resonate those dimensions contributing to value delivery 

and capture that were found in established taxonomies of digital platform business model (Staub et al., 2021; 

Täuscher & Laudien, 2017). This indicates that MLaaS platforms adopt proven platform strategies for 

monetization and customer engagement despite the fact that their value creation mechanisms depend heavily on 

cloud infrastructure and differentiation through varying support for the machine learning lifecycle. The roles of key 

partners and customer relationships also align with multisided platform strategies, where ecosystem collaboration 

is essential for scalability (Rochet & Tirole, 2003). One notable divergence is generative AI support, such as large 

language model deployment and coding assistants, which introduces new value capture mechanisms such as 

pay-per-token pricing, a form of consumption-based pricing that differs from the typical subscription models of 

traditional digital platforms. 

Many MLaaS platforms, such as those classified as cloud orchestrators, data orchestrators, and 

aggregators, often serve both industry-specific and generic use cases, reflecting the need for both specialized 

machine learning services and general-purpose tools. Compared to traditional digital platforms and AI service 

platforms, the complementary services of MLaaS platforms are more oriented towards technically-skilled 
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developers and data scientists, focusing on features such as model explainability and AutoML rather than just the 

marketplace add-ons typical of conventional platforms. A notable finding is the prominence of AutoML and AI 

assistants across “user control”, “complementary services”, and “integrated resources” dimensions of MLaaS 

platform business models. The presence of AutoML features across the MLaaS platforms analysed illustrates how 

MLaaS platforms prioritize balancing automation with flexibility and accessibility, making advanced machine 

learning accessible to non-experts while supporting more technically informed users. So, the inclusion of AutoML 

as workflow automation in MLaaS platforms indicates its current and anticipated growing importance as a key 

value differentiator. 

9.3 The Influence of Platform Envelopment on Value Proposition  

Our findings from taxonomy analysis suggests that cloud orchestrators such as Amazon SageMaker and 

Google Vertex AI seem to leverage their dominant market position through the bundling of MLaaS functionalities 

into their existing platforms. We suggest that this phenomenon aligned with “platform envelopment” that occurs 

when dominant platforms expand into adjacent markets by bundling new functionalities with existing services, 

leveraging their user base and infrastructure to absorb competitors (Eisenmann et al., 2011). By integrating 

MLaaS capabilities, these platforms simultaneously reduce adoption friction for existing userbase and create 

dependencies that discourage switching to a different MLaaS platform—a form of lock-in that generates 

economies of scale (Teece, 2010). In this case, envelopment in MLaaS platforms specifically exploits 

infrastructure ownership as a competitive advantage, forcing competitors to differentiate through specialization or 

ecosystem partnerships.  

Data orchestrators like Snowflake and Databricks, while lacking direct control and ownership over compute 

infrastructure, demonstrate a comparable form of envelopment based on their integration of data governance and 

machine learning pipelines within a single environment. This supports the notion presented by Jacobides et al. 

(2018) that platforms can achieve ecosystem lock-in by orchestrating relationships and coordinating resources 

beyond mere ownership of hardware. Our analysis suggests that these platforms leverage their deep integration 

of MLaaS capability with their existing data and analytics functions, creating a value proposition that relies on 

enhancing interoperability and process efficiency for enterprise users with large amount of complex datasets. This 

complements Hagiu and Wright’s (2015a) insights on multisided platforms, where the platform creates value by 

facilitating complex interactions among distinct participant groups—in this case, data brokers, data scientists, 

developers and these type of enterprise users from both SMEs and large organizations. 

Aggregators and niche specialists present a contrasting picture. Aggregators emphasize openness and 

modularity, connecting users with third-party tools without direct control over core cloud or data infrastructure. 

This approach creates a third-party ecosystem allowing these platforms to create value primarily through 

partnerships rather than vertical integration. However, the limited ability of aggregators to leverage 

complementary assets or infrastructure ownership restricts their capacity to address larger market size and 

broader segments. Niche specialists appear to deliberately sidestep direct competition with MLaaS platforms from 

hyperscale cloud providers or data platforms by focusing on specialized industry sectors (such as pharmaceutical, 

biotech, manufacturing) requiring domain-specific expertise or unique deployment models, such as edge 

computing for industrial IoT. This observation points to the potential resilience of niche specialist MLaaS platforms 

despite Big Tech’s overarching dominance. Specialization can enable niche specialist MLaaS platforms to coexist 

with other archetypes by serving distinct market needs inadequately addressed by generalist platforms. As 

revealed by the taxonomy, these niche specialists often have proprietary data integrations, and verticalized 

workflow optimizations, which could be the tactical defence mechanisms against the envelopment efforts from 

cloud and data orchestrators. So, the sustainability of this niche specialist’s position may depend  on the degree 

to which cloud and data orchestrator platforms find such segments strategically worthwhile to capture.  

One question arises whether these niche specialist platforms represent a temporary phenomenon that will 

eventually be subsumed by dominant players, or if they possess enduring competitive advantages that allow 

survival or even growth alongside Big Tech. On one hand, Eisenmann et al. (2011) suggests that dominant 

platforms can strategically bundle adjacent services to pre-empt or absorb competitors, raising the possibility that 

hyperscale cloud orchestrator platforms may eventually extend to include more customized offerings. This 

propensity is reinforced by the enormous resources and innovation capabilities of Big Tech firms (van der Vlist et 

al., 2024). On the other hand, highly specialized or domain-specific capabilities such as human capital, proprietary 

data, unique workflow integrations, can form isolating barriers that are costly or complex for large platforms to 

replicate authentically (Barney, 1991). In environments where trust, regulatory compliance, latency constraints, or 

customization are critical, niche specialists may maintain its stable market position in the near future (Jacobides et 

al., 2018).  

The findings from this study support and extend existing literature on the platformization and 

industrialization trend in AI industry by illustrating the phenomenon leading to MLaaS platform envelopment. 

Consistent with Luitse’s (2024) analysis, the integration and bundling activities observed among cloud and data 

orchestrators go beyond mere technical capabilities. These efforts reflect a form of vertical integration wherein 

dominant platforms not only embed machine learning capabilities into their broader cloud or data infrastructures 
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but also exert control over the entire AI value chain. Through this deeply integrated ecosystem approach, the Big 

Tech operators behind these MLaaS platforms govern access to AI functionalities and cultivate user 

dependencies, reinforcing their market positions. Similarly, van der Vlist et al. (2024) further articulates that Big 

Tech’s dominance arises from their control of critical computational infrastructure and data resources, which 

generates structural dependencies across the AI industry. This infrastructural dominance facilitates industrial-

scale AI deployment, with these firms creating unified platform environments that both consolidate market power 

and impose significant barriers to entry. The phenomenon highlighted by van der Vlist et al. (2024) resonates with 

the envelopment phenomenon detected across MLaaS platforms, where bundled services increase switching 

costs and lock users into the ecosystem.  

Taken together, these perspectives enrich the interpretation of the taxonomy developed in this research by 

situating MLaaS platform business models within broader AI industry and ecosystem. The coexistence of cloud 

orchestrators, data orchestrators, aggregators, and niche specialists reveals how the economies of scale is driven 

by infrastructure ownership, and the economies of scope and specialization are relied upon by niche actors. While 

dominant MLaaS platforms leverage extensive integration and infrastructural control to extend market reach and 

create lock-in effects, niche specialists sustain their competitive advantages through domain-specific expertise, 

proprietary data, and customized workflows that are difficult for large players to replicate effectively. 

Therefore, the diversity identified in MLaaS platform business model archetypes supports both Luitse’s 

(2024) and van der Vlist et al.’s (2024) arguments about the strategic orchestration and control inherent to AI 

platform ecosystems. However, this complexity also suggests that despite the powerful envelopment strategies of 

Big Tech, there remains space for specialized platforms capable of serving unique or underserved market 

segments.  

9.4 The Role of Marketplaces and Referral Mechanism in Value Delivery 

The findings from this study highlight the central importance of referral mechanisms and marketplaces in 

shaping the value delivery of MLaaS platforms. This research demonstrates that MLaaS platforms are highly 

interdependent with partner directories and referral systems. These systems serve as formalized networks that 

connect them to technology, consulting, and systems integration partners. These structured referral mechanisms 

frequently precede the development of fully operational marketplaces, especially within the more prominent data 

orchestrator and cloud orchestrator MLaaS platforms (Eisenmann et al., 2011). This contrast highlights a possible 

sequential logic in platform development, where building trust and establishing reliable partner relationships lays 

the groundwork for the subsequent extension and scaling of the platform ecosystem through marketplaces. 

While aggregator platforms often focus on creating a directory or referral system to connect users to 

specialized third-party providers, dominant data and cloud orchestrator platforms tend to integrate both partner 

directories and marketplaces within their ecosystems. Leveraging two-sided network effects and complementary 

assets allows MLaaS platforms to increase user stickiness and rapidly expand the breadth of their service 

offerings (Hagiu & Wright, 2015a; Rochet & Tirole, 2003). By providing structured entry points for both users and 

partners, these mechanisms reduce sales and marketing costs while enhancing platform’s competitiveness 

without requiring internal development of every specialized service. Meanwhile, the concept of the marketplace, 

which is central to digital platform theory, is defined as a managed environment where buyers and sellers interact 

under rules set by the platform owner (Hagiu & Wright, 2015b). For MLaaS platforms, this theoretical ideal is 

realized as curated hubs, such as Amazon SageMaker’s model zoo, where end users can discover, evaluate, and 

directly access third-party tools, datasets, and machine learning models. The use of such marketplaces directly 

aligns with the integrated resources dimension established in the business model taxonomy presented in this 

research, illustrating how MLaaS platforms aggregate resources and connect diverse actors within their 

ecosystem. 

This aggregation has clear strategic implications. By assembling and curating a diverse set of external 

resources and services, MLaaS platforms deepen user dependence on their ecosystems (Teece, 1986). When 

third-party resources and services are fully integrated into the platform’s own environment, users have little 

incentive to switch to competitor platforms, especially once access to external innovations is embedded into the 

user’ critical business workflows. This mutual reinforcement of platform value and user dependency echoes the 

classic notion of demand-side economies of scope: as third-party participation increases, the variety of available 

solutions expands, directly increasing overall platform value (Teece, 2010). For instance, when Amazon 

SageMaker users gain immediate access to the machine learning resources and services through the AWS 

Marketplace, their workflow becomes more tightly coupled to AWS’s compute and storage infrastructure. This 

encourages both platform users and partners to sustain and expand their engagement with the platform, 

reinforcing the symbiotic relationship between platforms and partners. (Parker et al., 2016). This creates a 

virtuous cycle of adoption, innovation, and revenue sharing.  

In addition to marketplaces, the structured use of referral mechanisms through partner directories plays a 

key role in the MLaaS platform ecosystems. These directories not only signal credibility and trust but also act as 

portal to certified technology providers and consulting firms (Biyalogorsky et al., 2001). For the MLaaS platform 
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business model, these directories are critical to the "key partners" dimension by formalizing relationships that 

support necessary implementation and customization. This is especially important for enterprise clients with 

complex, high-stakes deployment needs. MLaaS platforms such as Databricks and Snowflake demonstrate this 

by maintaining extensive, thoroughly vetted partner networks, including global system integrators such as Deloitte 

and Accenture, that provide specialized industry expertise and tailored professional services. In these cases, 

partner directories are not just listings but curated access points to a robust ecosystem of trusted service 

providers whose reputations are interconnected with that of the MLaaS platform itself. These referral mechanisms 

offers mutual benefits. Platforms benefit from reduced in-house support burdens and can scale professional 

services flexibly, while partners receive steady deal flow and gain credibility from their association with leading 

MLaaS platforms. For users, especially those in regulated or complex domains, such as biotech and 

pharmaceutical, these curated relationships provide assurance regarding the reliability, competence, and risk 

management associated with model deployment and ongoing support. The interdependency between platforms, 

and users exemplifies two-sided network effects, where increasing user adoption makes the platform more 

attractive to new partners, and vice versa (Rochet & Tirole, 2003).  

However, these ecosystem-driven strategies are not without challenges or risks. A core issue arises when 

MLaaS platforms become heavily reliant on external partners for delivering critical functionalities. Over time, 

platform dependency can increase, exposing the platform owner to risks if a major partner withdraws their 

solution, alters their product roadmap, or fails to uphold agreed-upon service standards (Eisenmann et al., 2011). 

Furthermore, as third-party offerings become essential components of user workflows, the task of ongoing partner 

curation and quality assurance grows in both complexity and significance. Inconsistencies in service quality or 

misaligned incentives among partners can undermine user trust or damage the platform’s reputation, especially in 

enterprise deployments with stringent requirements and significant risk exposure (Jacobides et al., 2018). The 

challenge is compounded by considerations of scale. As a MLaaS platform’s ecosystem expands, the effort 

required to monitor, audit, and continuously update partner directories and marketplace participants intensifies. 

Ensuring quality control and strategic alignment among a growing roster of partners becomes a potential 

bottleneck that can impact the integrity and perceived value of the core platform. This points to the crucial need 

for robust partner management frameworks, continuous quality monitoring, and a governance model that supports 

both partner growth and user trust.  
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10. Conclusion 
This research aimed to systematically conceptualize the business models of MLaaS platforms by 

developing a business model taxonomy and identifying common archetypes based on their key business model 

dimensions and characteristics. The central research question guiding this work was: "How can the business 

models of MLaaS platforms be systematically classified into a taxonomy, and what common archetypes emerge 

from the combination of their key dimensions and characteristics?" 

The study demonstrates that MLaaS platform business models can be effectively conceptualized using a 

hierarchical conceptual framework based on Osterwalder et al.'s (2005) Business Model Concept Hierarchy. The 

meta-model successfully integrated Teece's (2010) value creation, delivery, and capture mechanisms with the 

components of Osterwalder and Pigneur's (2010) Business Model Canvas. Despite the lack of literature directly 

related to MLaaS platforms, the preliminary taxonomy demonstrated that adapting findings from existing literature 

from adjacent domains was sufficient during the conceptual-to-empirical phase (Nickerson et al., 2013). The study 

employed a scoping review to formulate the working definition of "MLaaS platform business model" (Arksey & 

O'Malley, 2005; Tricco et al., 2015), followed by a rapid review (Ganann et al., 2010) to extract key dimensions 

and characteristics from business model taxonomies literature. The developed taxonomy systematically illustrated 

how MLaaS platforms created, delivered, and captured value through the identification of their business model 

characteristics, with the meta-model using Business Model Canvas components as definitional guidance. The 

taxonomy captured key characteristics of MLaaS platform business models through its dimensions and 

characteristics. For value creation, deployment flexibility, user control, model scope, model deployment, 

complementary services, supported activities, integrated resources, data source, data flow, and data type were 

identified as business model taxonomy dimensions. These dimensions revealed how platforms differed in the 

varying level of automation provided by each platform, types of resources integrated with the platform, and the 

degree of flexibility and control in the value proposition offered to users. For value delivery, the taxonomy included 

key partners, customer relationships, industry focus, and sales channels dimensions. For value capture, the 

taxonomy captured pricing models and revenue streams dimensions, showing the varying monetization models 

used by different MLaaS platforms. 

Following the evaluation approach using Szopinski et al.'s (2020) guidelines, the taxonomy demonstrated 

structural validity, indicating comprehensive coverage of relevant aspects, mutual exclusivity without overlap 

between dimensions or characteristics, and clarity through precise terminology. Practical usability was assessed 

using criteria set out by Miles and Huberman (1994), focusing on the taxonomy's robustness, theoretical 

grounding, and utility for both researchers and practitioners. The taxonomy evaluation confirmed that the 

taxonomy could accurately classify MLaaS platforms without redundancy or gaps, demonstrating comprehensive 

coverage and functional utility. Four distinct archetypes emerged following cross-case analysis of all 24 cases. 

The cloud orchestrator archetype represented platforms with integrated cloud infrastructure that achieve 

horizontal scale and broad applicability, such as Amazon SageMaker, Google Vertex AI, and Microsoft Azure AI. 

Data orchestrators focused on a data-centric value proposition by integrating and managing diverse data 

resources, such as data assets from data brokers, through marketplaces integrated with their platforms, including 

MLaaS platforms such as Snowflake, Databricks Mosaic AI, Dataloop, and Domino Data Lab. Aggregator 

platforms, such as DataRobot, BigML, Dataiku, H2O.ai, stood out for having a partner ecosystem and their use of 

tiered pricing model. Niche specialist platforms, like HyperSense, Superb AI, ZAMS, PrimeHub, CodeOcean and 

Barbara, demonstrated deep specialization by targeting specific industries or use cases with tailored offerings. 

The research process acknowledged several methodological constraints that affected both case selection 

and taxonomy development. The taxonomy evaluation relied on four primary cases, enabling depth in within-case 

analysis but limiting generalizability. A desk research approach was employed because business model data is 

often proprietary, which limited access to deeper strategic insights such as partner ecosystems and pricing 

strategies (Miles & Huberman, 1994). The interpretivist nature of this research, heavily reliant on a single 

researcher's perspective, introduces potential researcher bias. However, due to time constraints, the taxonomy 

and archetypes were not directly validated with practitioners such as MLaaS platform operators or consultants 

familiar with the domain, indicating a possible gap between this study's evaluation using theoretical criteria and 

real-world applicability. Future research should address these limitations through several directions that can be 

categorized into macro-level investigations of MLaaS platform ecosystems and micro-level analyses of value 

creation mechanisms. At the macro level, future research could examine MLaaS platforms within the broader 

context of platform ecosystems and value networks, particularly how cloud providers' envelopment strategies 

reshape the business models of smaller players over time (Eisenmann et al., 2011). At the micro level, deeper 

exploration of value creation mechanisms could refine the taxonomy's granularity, including assessment of 

customers' perceived value and value co-creation in marketplaces curated by MLaaS platforms. A follow-up 

qualitative study using expert interviews and case studies could validate the practical usability and improve the 

taxonomy, while quantitative methods such as cluster analysis could test the prevalence of archetypes across 

larger samples, enhancing generalizability. 
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This thesis makes significant contributions to academic research by developing a meta-model, taxonomy, 

and archetypes that systematically conceptualize the business models of MLaaS platforms. Unlike prior studies 

that conflate MLaaS with broader AIaaS models (Lins et al., 2021; Geske et al., 2021), this research delineates 

MLaaS platforms as distinct entities that facilitate end-to-end machine learning workflows while operating within 

multisided ecosystems. The taxonomy addresses a major gap in prior research, which has largely focused on 

technical functionalities (Zou et al., 2024; Mei et al., 2025) while neglecting how these platforms monetize 

infrastructure and tools (Lins et al., 2021). The derived archetypes advance theoretical understanding by 

illustrating how MLaaS platforms combine and prioritize specific dimensions to remain competitive, particularly in 

relation to platform envelopment and Big Tech dominance. While this research confirms dependency on cloud 

infrastructure largely controlled by Big Tech, it challenges the deterministic view that "there is no AI without Big 

Tech" (van der Vlist et al., 2024) by identifying specific business model configurations that enable coexistence of 

different archetypes. Also, the practical implications extend to multiple stakeholder groups. For MLaaS platform 

operators, particularly startups and new market entrants, the taxonomy serves as a diagnostic tool to identify their 

strategic positioning and design their business models. The archetypes provide prescriptive guidance for value 

creation, demonstrating that platforms adopting the aggregator model achieve differentiation through integration 

with modular tools from technology partners rather than infrastructure ownership. For established platforms, the 

archetypes serve as benchmarking tools, helping assess progression along integrated resources dimensions and 

anticipating knock-on effects across other dimensions when transitioning between archetypes. The findings 

further reveal broader implications for understanding the platformization of AI and market concentration dynamics. 

The research demonstrates that platform envelopment represents a dominant business strategy among 

hyperscale providers, where cloud orchestrators leverage their dominant market position through bundling MLaaS 

functionalities into existing platforms (Eisenmann et al., 2011). However, niche specialists demonstrate 

sustainable competitive positioning through isolating barriers that are costly or complex for large platforms to 

replicate authentically (Barney, 1991). This finding enriches platform theory by showing that envelopment is not 

inevitable, but rather mediated by business model choices that prioritize either scalability or vertical specialization. 

As MLaaS platforms become critical infrastructure for AI innovation, similar to operating systems in 

software development, understanding the business model dimensions and characteristics of MLaaS platforms 

becomes essential for predicting how their technological, economic, and governance structures collectively shape 

the AI landscape. The business model taxonomy and archetypes provide foundational tools for future research 

examining platform strategy, AI governance, and market dynamics in the era of platformized AI. This research 

establishes the necessary framework for systematic analysis of MLaaS platform business models and contributes 

essential understanding of how these platforms influence AI adoption, innovation, and control across the 

industries. 

10.1 Declaration of AI Usage 

In conducting this thesis, several AI tools were used to enhance the writing quality in this report. Perplexity 

was used primarily to identify original academic sources related to key theoretical concepts and to verify whether 

specific claims were supported by scholarly literature. For the glossary section, Perplexity was also used to 

rephrase definitions, ensuring each entry was limited to fewer than ten words for clarity and conciseness. 

Grammarly served as an essential tool to edit and correct grammatical issues throughout the text, helping to 

maintain a high standard of academic writing. Collectively, these AI tools supplemented but did not replace the 

researcher’s analytical judgment or independent academic research. Their use is declared here to maintain 

transparency regarding research integrity and the methodology underpinning the thesis writing process. 
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Appendix  

A. Literature Review Findings 

A1 Scoping Review Application, Result and Analysis 

Given the fragmented nature of existing research, we decompose the problem into three pillars: cloud 

computing as the technical backbone, MLaaS as the delivery mechanism, and digital platforms as the business 

architecture. This follows the researcher’s existing understanding of interrelation between these domains. We 

searched Scopus using a comprehensive search strategy (see Table 19) across four key areas: business models, 

MlaaS platform, cloud computing, and digital platform. The findings from scoping review have been integrated into 

Chapter 2 and 4 of this report. 

Table 19: Overview of keywords used 

Topic Search term Limit 

Business models  (( "business model" ) AND  ( "definition" OR "concept" OR "platform" )) > 45 citations 

MlaaS Platform ("AI service platform" OR "AI-as-a-Service" OR "AIaaS" OR “AI 

Platform”)  OR ("machine learning platform" OR "MLaaS" OR 
"machine learning as a service") 

> 10 citations 

Cloud Computing ( "cloud " ) AND ( "AI" ) 

( "cloud" ) AND ( "agenda" OR "survey" OR "classification" OR 
"taxonomy" ) 

> 45 citations 

Digital Platform  ( "digital platform") AND ( "agenda" OR "survey" OR "classification" 
OR "taxonomy" ) 

> 45 citations 

The inclusion criteria targeted peer-reviewed articles (2015–2024) explicitly discussing business model 

definition, focusing on foundational theories and concepts focused on IS domains, while excluding purely 

technical or non-platform MLaaS studies. From an initial pre-screened pool of 1,570 records, screening of title, 

abstract and article, over around 60 hours, retained 33 papers. The final 19 papers were kept after full text 

analysis (over around 15 hours) , leading to exclusion of papers focusing on topics like circular business models, 

technical proofs-of-concept, cloud security architectures, or industry-specific platform applications.  

The search scope was deliberately constrained to works, focusing on literature reviews, surveys, published 

between 2014-2025 within key disciplines including Computer Science, Business Management, Economics, and 

Social Sciences. The initial pre-screened search result revealed significant concentration in MLaaS  and MLaaS 

Platform compared to business model literature. MLaaS-related studies showed strong representation in both 

technical integration and survey-focused papers, while digital platform studies yielded fewer but more focused 

results. Following full text analysis, the scoping review (N=19) reveals a strong focus on business models (7) and 

digital platforms (8), with most studies published between 2018-2021 (11) (see Table 20). While MLaaS-specific 

research remains limited (5), definitions are clearly established in 16 studies. The dominance of journal articles 

(18) indicates a mature, peer-reviewed knowledge base, contrasting with minimal conference contributions (1). 

Table 20: Summary of study characteristics 

Study Characteristics Count (N=19) 

2014 – 2017 5 

2018 – 2021 11 

2022 – 2025 3 

Definitions  

Yes 16 

No 3 

Business model 7 

Cloud computing 3 

MLaaS 5 

Digital platform 8 

Publication type  

Journal article 18 

Conference paper 1 
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A2 Rapid Review Application, Result and Analysis 

The main purpose of this rapid review is to assess the existing business model taxonomies within the 

MLaaS platform and wider domains such as platform business models and AI-specific business models. We apply 

this method during conceptual-to-empirical iteration in our taxonomy development process because we rely on 

the existing taxonomies to inform the dimensions that our preliminary taxonomy should include. In line with our 

meta-characteristic’s focus on Teece’s value creation, delivery and capture mechanisms, this objective frames the 

specific questions that the rapid review aims to address:  “what are the business model components that can be 

used as dimensions in our taxonomy?” and “what are the dimensions identified in the existing business model 

taxonomies from the literature that also applies for MLaaS platform business model taxonomy?” 

Table 21: Search criteria 

Search Criteria Scope 

Content Focused on MLaaS platforms or related domains, expanding to platform business model 
taxonomies. Excludes digital marketplaces and non-AI taxonomies without business 
model dimensions. 

Language English publications only. 

Research Design Non-technical papers within IS, business and management domain. 

Publication Date Last 10 years, with backward reference searching permitted for foundational sources. 

We focus our search strategy on the literature with the level of analysis that can apply at platform-level and 

is aligned with our meta-model (see Chapter 4). Our goal is to identify the dimensions that should be included in 

our taxonomy. Based on the insights from the scoping review, we use different combinations of relevant search 

terms that describe business model and ML-related domains, including “business model”, “taxonomy”, 

“classification”, “MLaaS” and “platform”.  We then adapted Mwilu et al.’s (2015) proposed inclusion criteria for 

developing taxonomies of emerging technologies to narrow down our search scope (see Table 21). We spent an 

estimated 10 hours to conduct preliminary screening of the title, abstract, and article and identified 26 sources for 

full reading and analysis. This led to the final 12 papers for inclusion in our rapid review. After reading the 

selected literature (estimated of 9 hours), common themes amongst all the sources were identified(see Table 22). 

Table 22: Literature related to the MLaaS platform business models 

Theme Author (Year) Title 

AI service platform 
archetypes 

Sundberg et al. 
(2022) 

Towards ‘Lightweight’ Artificial Intelligence: A Typology of 
AI Service Platforms 

AI service platform 

taxonomy & archetypes 
Geske et al. (2021) Gateways To Artificial Intelligence: Developing A 

Taxonomy For AI Service Platforms 

MLaaS platform 

ecosystem  

Lins et al. (2021) Artificial Intelligence as a Service: Classification and 

Research Directions 

Ejsmont et al. (2024) 
Multisided Business Model for Platform Offering AI 
Services 

 Revenue model of 
platform business 
model 

Bartels et al. (2023) Developing a Taxonomy for Revenue Models of Platform 
Business Models 

AI-specific business 

model dimensions 

Metelskaia et al. 

(2018) 
A business model template for AI solutions 

Weber et al. (2022) AI Startup Business Models 

Taxonomy of data-

driven business model 

Engelbrecht et al. 

(2016) 

Understanding The Anatomy of Data-Driven Business 

Models – Towards An Empirical Taxonomy 

Naous et al. (2017) Analytics as a Service: Cloud Computing And The  
Transformation Of Business  Analytics Business Models 
And  Ecosystems 

Taxonomy of platform 

business model  

Freichel et al. (2021) Developing a Taxonomy for Digital Platforms – A 

Conceptual Approach 

Staub et al. (2021) Taxonomy of Digital Platforms: A Business Model 
Perspective 

Täuscher & Laudien 
(2017) 

Uncovering the Nature of Platform-based Business 
Models: An Empirical Taxonomy 
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The review (N=12) shows growing post-2018 interest in MLaaS platform domain, though only 2 studies 

directly address it (see Table 23). Most research focuses on platform business models (5) or taxonomies (7), 

primarily published as conference papers (7), indicating an emerging field . Limited journal articles (1) suggest 

need for deeper validation. 

Table 23: Summary of study characteristics 

Study Characteristics Count (N=12) 

2014 – 2017 3 

2018 – 2021 4 

2022 – 2025 4 

Directly related 2 

Adjacent (broader scope) 4 

MLaaS platform ecosystem 2 

Platform business model 5 

MLaaS-related archetypes 3 

Data-driven business model 2 

Taxonomy 7 

Business model taxonomy 5 

Typology 1 

Classification 1 

Publication type  

   Book chapter 1 

   Conference paper 7 

   Journal article 1 

   Research paper 3 

 

Although we found no existing comprehensive business model taxonomy specifically for MLaaS platforms, 

our rapid review identified relevant business model dimensions from two sources: (1) AI-specific and AI service 

platform taxonomies and classifications (Geske et al., 2021; Sundberg et al., 2022) that provide dimensions 

applicable to MLaaS platform business model, and (2) platform and data-driven business model taxonomies that 

provide platform-specific dimensions.  



 

 

B. Case Database  

Table 24: Overview of case database, and segmentation criteria  

ID Platform Name ML Approach Customer Segment Extended Offering Sampling Purpose 

1 Barbara ML(Edge AI) Enterprise  No E2C-1 

2 Superb AI Suite LLM Enterprise - Specific No C2E-1 

3 Modular LLM All No E2C-2 

4 dataloop ML All No E2C-3 

5 BigML ML All No E2C-4 

6 Alibaba ML Platform for AI ML Enterprise  Yes Taxonomy analysis 

7 PrimeHub AI Platform ML Enterprise  No E2C-3 

8 HyperSense ML Enterprise  No C2E-1 

9 CodeOcean ML Enterprise - Specific No E2C-2 

10 Amazon SageMaker ML/LLM All Yes E2C-1 

11 Microsft Azure AI  ML/LLM All Yes E2C-4 

12 Jfrog ML  ML/LLM All Yes Taxonomy analysis 

13 Snowflake ML/LLM All Yes C2E-1 

14 Domino Data Lab ML/LLM All No E2C-1 

15 H2O ML/LLM All No Taxonomy analysis 

16 Iguazio ML/LLM Enterprise  No E2C-3 

17 Databricks Mosaic AI ML/LLM Enterprise  Yes E2C-2 

18 Dataiku ML/LLM Enterprise  Yes E2C-1 

19 Google Vertex AI ML/LLM Enterprise  Yes E2C-3 

20 IBM Watsonx Studio ML/LLM Enterprise  Yes C2E-1 

21 Cloudera AI ML/LLM Enterprise  Yes Taxonomy analysis 

22 DataRobot ML/LLM Enterprise  No E2C-4 

23 VessL LLM Enterprise - Specific No E2C-4 

24 ZAM  ML/LLM/Agentic AI All No E2C-2 



 

 

C. Taxonomy Development Process 

C1 Conceptual-to-Empirical Iterations (C2E) 

C1.1 Iteration 1: Conceptual-to-Empirical Iteration (C2E-1) 

After reviewing the dimensions from directly relevant literature against our meta model, we identified the 

following dimensions to be relevant for MLaaS platforms. We then decided on the operations required to transfer 

these dimensions and their characteristics into MLaaS platforms. All of these dimensions and characteristics are 

directly sourced from the literature with some adaptations required to fit the context of MLaaS platform (see Table 

25). Table 26 presents the operations that were performed during first iteration of our taxonomy development. The  

taxonomy in Figure 21 reflects the dimensions and characteristics identified at the end of the first iteration. 

Table 25: Overview of dimensions and their sources (C2E-1) 

Meta-model Dimension Definition  Source 

First order 

construct 

Second order 

construct 

 
  

Value Creation Value Proposition AI service model  Nature of service 
offerings 

(Geske et al., 2021) 

core VP  Core value for platform 
operation 

(Ejsmont et al., 2022) 

scope 

 

Breadth of applications or 
use cases 

(Sundberg et al., 
2022) 

complementary 

services 

Additional tasks that 

support core VP. 
(Geske et al., 2021) 

Key Resources complementary 

resources 

resources that support 

core VP 
(Geske et al., 2021) 

assets Core components that 
platform uses 

(Ejsmont et al., 2024) 

Key Partnerships integrated 
complementor  

Type of third-party 
contributors integrated to 
the platform 

(Geske et al., 2021) 

Value Delivery Customer Segments industry focus  The extent of platform’s 
catering towards specific 
customer segment 

(Geske et al., 2021) 

Channels channels 

 

Platform’s interface with 

users. 
(Ejsmont et al., 2024) 

graphical 
interface 

 

The interface mode 
between the customer 
and the platform  

(Geske et al., 2021) 

Value Capture Revenue Streams  pricing model  Pricing mechanisms of 

the platform 

(Geske et al., 2021, 

Ejsmont et al., 2024) 

revenue streams Ways to generate 
revenue 

(Ejsmont et al., 2024) 

Table 26: Inductive operations overview (C2E-1) 

Operation type Description 

Add Added 12 dimensions from the broader AI service platform literatures 

Adapt Adapted “AI service model” dimension to “ML service model” and characteristic to reflect 
“model” development and deployment instead of application. 

Adapted “Scope” dimension to “Model scope” to add clarity. 

Adapted “free of charge” characteristic to “free trial” 

Merge Merged “graphical interface” and “code-based interface” dimensions to improve conciseness 
of the dimension. 

Merge “hybrid service” and “ready-to-use service” characteristics to reflect “ready to use” 
services being the complementary services to main services. 

Delete Removed “ready-to-use service” characteristic because it’s out of our scope. 

  



 

 

 

79       
 

 

 Dimension Characteristics 

Value 
Creation 

ML service model  model 
deployment 
service 

model development & 
deployment service 

hybrid service with 
ready to use services 

core VP  to be refined 

Model scope context changing content changing 

complementary 
services 

yes no 

Model scope context changing content changing 

complementary 

resources 
yes no 

assets tangible intangible 

integrated 

complementor  

selected 

complementors 
crowd selected complementors 

and crowd 
none 

Value 

Delivery 
industry focus  industry specific industry unspecific 

channel to be refined 

interface graphical code-based none 

Value 

Capture 
revenue streams subscriptio

ns 
advertising transaction profit-sharing 

pricing model  one-off payment regularly based on 

variable rates 

regularly based on fixed 

rates,  

freemium free trial 

Figure 21: Business model taxonomy at the end of first iteration (C2E-1) 
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C1.2 Iteration 2: Conceptual-to-Empirical Iteration (C2E-2) 

In the second iteration, we review the dimensions from AI-related business model literature against our meta 
model. After identifying the following dimensions to be relevant for MLaaS platforms,  we decided on the 
operations required to transfer these dimensions and their characteristics into MLaaS platforms. Based on the 
works of Lins et al. (2021) and Weber et al. (2022), we identified additional characteristics to refine “core VP” 
dimension (see Table 27). While not directly specified, Lins et al. (2021) discussed the elements of hardware, 
software, infrastructure, risks, governance and compliance for AIaaS that also applied for MLaaS platform. We 
aggregated them into tangible (hardware, software, infrastructure) and intangible (risks, governance and 
compliance) sources for conciseness and clarity. The remaining three dimensions, “ML lifecycle activities”, “data 
strategy” and “data type” were directly sourced from the literature. We did not identify directly relevant dimensions 
from Metelskaia et al.’s (2021) work. Table 28 shows the operations that were performed during first iteration of 
our taxonomy development process. The taxonomy in Figure 22 reflects the dimensions and characteristics 
identified at the end of the second iteration. 

Table 27: Overview of new dimensions identified and their sources (C2E-2) 

Meta-model Dimension (in 

Source) 
Definition (in Source) Source 

First order 
construct 

Second order 
construct 

Value 

Creation 
Key Activities ML lifecycle 

activities 

Activities of the full machine 

learning pipeline supported by 
the platform 

(Lins et al., 2021) 

data strategy Data sources supported by the 
platform 

(Weber et al., 2022) 

data type format of data that the platform 

core VP can support 
(Weber et al., 2022) 

Value 

Delivery 

Customer 

Segments 

customer 

segments 

type of customers the platform 

serves or targets 
(Weber et al., 2022) 

Value 
Capture 

Cost Structure costs The expenses type of the 
platform 

(Lins et al., 2021) 

 

Table 28: Inductive operations overview (C2E-2) 

Operation type Description 

Add Added “automation”, “optimization”, “insight generation”, “continuous learning”, 
“complexity abstraction”, “customizability” characteristics to Core VP. 

Added “ML lifecycle activities” dimension and its characteristics 

Added “data strategy” dimension and its characteristics 

Added “costs” dimension and its aggregated characteristics for hardware, software, 
infrastructure, risks, governance and compliance. 

Added “data type” and its characteristics 

Added “customer segment” and its characteristics 
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 Dimension Characteristics 

Value 
Creation 

ML service model  model deployment 
service 

model development & 
deployment service 

hybrid service with 
ready to use services 

core VP  complexity 
abstraction 

optimization insight generation 

customizability automation continuous learning 

complementary 
services 

yes no 

Model scope context changing content changing 

ML lifecycle 

activities 
data processing validation retraining 

building/training monitoring inference 

complementary 
resources 

yes no 

assets tangible intangible 

data strategy proprietary crowd-sourced public 

customer-supplied (on-demand) customer-supplied (continuous) 

data type visual data mixed data    natural language data 

numeric/sensor data textural/ document data 

integrated 

complementor  

selected 

complementors 
crowd selected complementors 

and crowd 
none 

Value 

Delivery 
industry focus  industry specific industry unspecific 

customer 
segments 

B2B B2C other 

interface graphical code-based none 

Value 
Capture 

pricing model  one-off payment regularly based on 
variable rates 

regularly based on fixed 
rates 

freemium free trial 

revenue streams subscription transaction advertising profit-sharing 

costs tangible intangible 

Figure 22: Business model taxonomy at the end of second iteration (C2E-2) 

Note. Dimensions and characteristics with changes since previous iteration are stylized in italic. 
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C1.3 Iteration 3: Conceptual-to-Empirical Iteration (C2E-3) 

In the third iteration, we review the dimensions from platform and data-driven business model literature 

against our meta model. Naous et al.’s (2017) work on Analytics-as-a-Service presented three new dimensions 

and their characteristics about data-driven business models that we should investigate (see Table 29). The 

ending conditions were not fully met. We transitioned to empirical-to-conceptual phase to further develop the 

business model taxonomy using platform cases. The operations that were performed during third iteration of our 

taxonomy development process are shown in Table 30. The taxonomy in Figure 23 reflects the dimensions and 

characteristics identified at the end of the third iteration. 

Table 29: Overview of new dimensions identified and their sources (C2E-3) 

Meta-model Dimension (in 
Source) 

Definition (in Source) Source 

First order 
construct 

Second order 
construct 

Value 
Creation 

Key Partnerships partnerships Third party actors who 
contribute value by offering 
complementary services to 
enhance its overall platform 
value proposition 

(Naous et al., 2017) 

Key Resources infrastructure Specialized infrastructure 
required to main the platform 
operations  

(Naous et al., 2017) 

Value 
Delivery 

Customer 
Relationships 

customer 
relationships 

company's different approaches 
to engage with their customers 

(Naous et al., 2017; 
Freischel et al., 
2021) 

 
Table 30: Inductive operations overview (C2E-3) 

Operation type Description 

Add Added “partnerships” dimensions and its characteristics 

Added “infrastructure” dimensions  

Added “customer relationships” dimensions and its characteristics 
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 Dimension Characteristics 

Value 
Creation 

ML service 
model  

model deployment 
service 

Model development 
& deployment 
service 

hybrid service with ready to use 
services 

core VP  complexity abstraction optimization insight generation 

customizability automation continuous learning 

complementary 
services 

yes no 

model scope context changing content changing 

ML lifecycle 

activities 
data processing validation retraining 

Building/training monitoring inference 

complementary 
resources 

yes no 

assets tangible intangible 

data strategy proprietary crowd-sourced public 

customer-supplied (on-demand) customer-supplied (continuous) 

data type numeric/sensor 
data 

textural/ document 
data 

natural language data 

visual data mixed data 

infrastructure to be refined 

Value 
Delivery 

integrated 
complementor  

selected 
complementors 

crowd selected complementors 
and crowd 

none 

partnerships technology 

partners 

OEM 

partners 

independent software 

vendors 

system 

integrators 

Customer 

relationships 

online customer 

portals 
communities support product 

evaluation 
customer support 

industry focus  industry specific industry unspecific 

customer 

Segments 
B2B B2C other 

interface graphical code-based none 

Value 
Capture 

pricing model  one-off payment regularly based on 
variable rates 

regularly based on fixed rates 

freemium free trial 

revenue streams subscription transaction advertising profit-sharing 

costs tangible intangible 

Figure 23: Business model taxonomy at the end of second iteration (C2E-3) 

Note. Dimensions and characteristics with changes since previous iteration are stylized in italic.  
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C1.4 Empirical validation 

To validate the preliminary business model taxonomy from conceptual-to-empirical phase, we applied the 

taxonomy on four sampled cases: Superb AI Suite, Hyper Sense, Snowflake and IBM Watsonx Studio. The gaps 

identified led to additional operations after each application of the taxonomy of a sampled case (see Table 31). 

After reviewing all the cases, we further aligned the taxonomy iteratively to adapt to all the cases concurrently 

(see Table 32). The preliminary business model taxonomy at the end of C2E phase is shown in Figure 24. 

Table 31: Overview of operations in each case validation 

Operation 
type 

Superb AI Suite HyperSense Snowflake IBM 
Watsonx 
Studio 

Add Added “model hosting” 
dimension & 2 
characteristics 

Added add 
“infrastructure” 
dimension and 3 
characteristics 

Added 2 characteristics 
in “partnerships” 
dimension 

Added “education” in 
“revenue streams” 
dimension 

Added 2 
characteristics in 
“core VP” dimension 

Added 1 
characteristic in 
“model hosting” 
dimension 

Added 3 characteristics 
in “infrastructure” 
dimension 

Added “partnership 
programs” to “revenue 
streams” 

None 

Adapt None None Adapted machine 

learning service model 
characteristic to “ 

model development & 
deployment with ready 
to use services” to 
specify emphasize the 
supplementary nature of 
ready-to-use services  

 

Merge None None   

Delete None None None  

 

Table 32: Overview of additional operations using insights from case validation 

Operation 

type 
Additional refinements 

Add None 

Adapt Split “complementary services”, and  “complementary resources” dimensions. 

Merge Merged 8 “core VP” characteristics into 4 characteristics 

Merged “profit sharing” into “partnership program” 

Delete Removed “no” characteristic from both “complementary services” and “complementary 
resources” dimensions 

Removed 2 characteristics from “data strategy” dimension 

Removed “integrated complementor” dimension due to overlap with “partnerships” 

Removed “customer segment” as all cases are “B2B”, with no clear differentiation 

Removed 5 more characteristics from lack of evidential data 
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 Dimension Characteristics 

Value 

Creation 

ML service 

model  

model deployment 

service 

Model development & 

deployment service 

Model development & 

deployment service with ready 
to use services 

core VP  accessibility tailored intelligence efficiency adaptability 

complementary 
services 

specialized expertise automation  governance & compliance 

model hosting cloud on premise edge devices 

Model scope context changing content changing  

ML lifecycle 
activities 

data processing validation retraining 

building/training monitoring inference 

complementary 

resources 
tools ecosystem data assets prebuilt models 

assets tangible intangible 

data strategy third party customer-supplied (on-
demand) 

customer-supplied 
(continuous) 

data type numeric/sensor data textural/ document data natural language data 

visual data mixed data 

infrastructure compute private connectivity disaster recovery cloud storage 

Value 
Delivery 

partnerships technology partners independent software 
vendors 

system integrators 

OEM partners investors research institution 

Customer 
relationships 

online customer 
portals 

communities customer support 

industry focus  industry specific industry unspecific 

interface graphical APIs SDKs 

Value 

Capture 
pricing model  usage-based pricing tiered pricing free trial 

revenue streams subscription advertising transaction 

partnership program education cloud infrastructure 

services 

costs tangible intangible 

Figure 24: Preliminary taxonomy after C2E phase 
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C2 Empirical-to-Conceptual Iterations (E2C) 

C2.1 First Empirical-to-Conceptual Iteration (E2C-1) 

The first empirical-to-conceptual (E2C) iteration aimed to establish the foundational dimensions of the 

MLaaS platform business model taxonomy. The following operations were performed during first empirical-to-

conceptual iteration of our taxonomy development process (see Table 33). However, to maintain a practical level 

of generalizability and inclusiveness across the platform landscape, the taxonomy (see Figure 25) was 

intentionally kept broad with 16 dimensions and 64 characteristics at this stage. Over-specification based on 

outlier cases was avoided to preserve its applicability across diverse MLaaS platform configurations. The ending 

conditions were not fully met, so we proceeded with another empirical-to-conceptual iteration. 

Table 33: Overview of operations in E2C-1 iteration 

Operation 
type 

Refinement after analysing E2C-1 cases 

Add Added “integrated AI assistant” and “marketplace” to “complementary resources” 

dimension 

Added “edge devices” to “model hosting” dimension 

Added “specialized hardware support” to “infrastructure” dimension 

Added “seat-based pricing” to “pricing model” dimension 

Added “data broker” to “partnerships” dimension 

Adapt Adapted “online customer portal” to “self-service portal” in “customer relationship” 
dimension 

Adapted characteristics of “Model scope” to “predictive” and “generative”. 

Adapted “partnership program” to “partnership” 

Merge Merged “assets” into “complementary resources” dimension 

Merged “natural language data” into “textual data” in “data type” dimension 

Merged “OEM partners” into “technology partners” in “partnerships” dimension 

Delete Removed “ML service model” dimension as all 8 cases provided “model development and 
deployment services” with complementary ready-to-use services. 
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 Dimension Characteristics 

Value 
Creation 

core VP  accessibility tailored 
intelligence 

efficiency adaptability 

complementary 
services 

specialized 
expertise 

automation  governance & 
compliance 

model hosting edge devices public cloud on premise private 
cloud 

hybrid 

Model scope predictive generative 

ML lifecycle 
activities 

data processing building/training  validation 

monitoring  retraining deploying 

complementary 
resources 

tools data assets prebuilt models 

ecosystem integrated AI assistant marketplace 

data strategy third party customer-supplied (on-

demand) 

customer-supplied 

(continuous) 

data type numeric/sensor 

data 

textual/natural language 

data 

visual 

data 
mixed data 

Infrastructure 

 

compute disaster recovery cloud storage 

private connectivity specialized hardware support 

Value 
Delivery 

 

partnerships 

technology partners independent software vendors system integrators 

data brokers investors research institution 

customer 
relationships 

self-service portal communities customer support 

industry focus  industry specific industry unspecific 

interface graphical APIs SDKs 

Value 

Capture 
pricing model  usage-based 

pricing 

tiered 

pricing 
free trial seat-based pricing 

revenue 
streams 

subscription 

 

transaction 

 

advertising cloud infrastructure 
services 

partnership training certification 

costs tangible intangible 

Figure 25: Business model taxonomy after E2C-1 iteration 

Note. Box in grey reflected the presence of changes from the previous version of taxonomy. 
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C2.2 Second Empirical-to-Conceptual Iteration (E2C-2) 

The second empirical-to-conceptual (E2C) iteration focused on stress-testing the taxonomy against edge 

cases and emerging platform archetypes that departed from the dominant models captured in the first round. This 

iteration analysed platforms such as Modular (an AI development platform for LLMs), CodeOcean (research 

reproducibility infrastructure for machine learning models), Databricks Mosaic AI (a enterprise-scale AI platform 

for machine learning and LLM), and ZAM (a startup developing agent-like tooling). The following operations were 

performed during second empirical-to-conceptual iteration of our taxonomy development process (see Table 34). 

Table 34: Overview of operations in E2C-2 iteration 

Operation 
type 

Refinement after analysing E2C-2 cases 

Add Added “freemium” to “pricing model” dimension 

Added “others” to “partnerships”, “infrastructure” and “complementary services” dimensions 

Adapt Adapted “ML lifecycle” as “Supported machine learning activities” and grouped post-
inference model operational activities together 

Adapted “tailored intelligence” to “customizability” in “core VP” dimension. 

Adapted “research institution” to “academic/research institution” in “partnerships” 
dimension 

Merge Merged “independent software vendors” into “technology partners” 

Merged non-core infrastructure services into “others”. Merged ‘on premise/private cloud’ 
into ‘hybrid’. 

Delete Delete “costs” dimension.  

In response, design choices prioritized enhancing conceptual clarity and structural coherence while 

preserving the taxonomy’s flexibility. For example, the introduction of “freemium” in the pricing model dimension 

reflected new user acquisition strategies evident in developer-focused platforms like Modular and CodeOcean.  

“Partnership” dimension was further consolidated to group all technology-related partners together and leaving 

partners specific for selected few platforms in “others” characteristic. “Infrastructure” dimension large focused on 

“compute” and “cloud storage” while keeping other add-on cloud infrastructure services together in “others”. Due 

to lack of empirical evidence support, “costs” dimension was removed. These controlled deletion, additions, and 

renaming of the dimension and characteristics allowed the taxonomy to absorb increasing diversity and 

robustness  in MLaaS platform strategies without compromising coherence and conciseness. The ending 

conditions were not fully met. Another iteration was required to further refine the business model taxonomy (see 

Figure 26).  
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Meta-
model 

Dimension Characteristics 

Value 

Creation 
core VP  accessibility customizability efficiency adaptability 

complementary 
services 

specialized 
expertise 

automation  governance 
& compliance 

others 

model hosting edge 
devices 

public cloud on premise 
private cloud 

hybrid 

Model scope predictive generative 

Supported 
machine learning 
activities 

data preparation ML development & 
deployment 

ML operation 

complementary 
resources 

tools data assets prebuilt models 

ecosystem integrated AI assistant marketplace 

data source third party customer-supplied (on-
demand) 

customer-supplied 
(continuous) 

data type numeric/sen
sor data 

textual/natural 
language data 

visual data mixed data 

Infrastructure compute cloud storage others 

 

partnerships 

technology 
partners 

system integrators investors 

data brokers academic/research institution others 

Value 
Delivery 

customer 
relationships 

self-service portal communities customer support 

industry focus  industry specific industry unspecific 

interface graphical APIs SDKs 

Value 
Capture 

pricing model  usage-based 
pricing 

tiered 
pricing 

seat-based 
pricing 

free trial freemium 

revenue streams subscription transaction advertising certification 

partnership training cloud infrastructure services 

Figure 26: Business model taxonomy after E2C-2 iteration 
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C2.3 Third Empirical-to-Conceptual Iteration (E2C-3) 

The second empirical-to-conceptual (E2C) iteration focused on improving the robustness of the taxonomy 

and mutual exclusivity of the taxonomy characteristics. This iteration examined four strategically selected 

platforms with hybrid configurations and industry-specific adaptations: Dataloop (MLaaS platform with data-centric 

ecosystem), Iguazio (enterprise MLaaS platform), Google Vertex AI (integrated enterprise cloud-originated 

platform), and PrimeHub (regional predictive AI platform serving multiple industries). We focused deeper on the 

primary characteristics of value proposition, infrastructure, data source, partnerships from the previous iteration, 

generating five new dimensions. The following operations were performed during third empirical-to-conceptual 

iteration of our taxonomy development process (see Table 35). When the ending conditions of the business 

model taxonomy were fully met, we finalized our taxonomy (see Figure 27) and proceeded with taxonomy 

evaluation phase. 

Table 35: Overview of operations in E2C-3 iteration 

Operation type Refinement after analysing E2C-2 cases 

Add Added five new dimensions and 13 characteristics 

Adapt Adapted ‘partnerships’ dimension into ‘key partners’; ‘model hosting’ into ‘model 

deployment’; ‘ML lifecycle activities’ dimension into ‘supported activities’ dimension and 
only two characteristics. Adapted ‘complementary services’ characteristics to focus on 
their purpose. 

Merge Merged three characteristics of ‘interface’ dimension into two; and seven characteristics 
from ‘revenue streams’ dimension into just three.  

Delete Removed ‘infrastructure’, ‘value proposition’, ‘data source’ dimensions. Removed ‘hybrid’ 
characteristic from ‘model deployment’ dimension. Removed 2 characteristics from ‘Key 
Partners’ dimension.  

 

 Dimension Characteristics 

Value 
Creation 

deployment 
flexibility 

self-managed pre-configured 

user control Configurable 
modular 
components 

Full control on 
machine learning 
workflow 

Full control on machine 
learning workflow with AutoML 
option 

complementary 
services 

yes no 

model deployment edge devices multi-tenant cloud hybrid 

model scope predictive generative 

supported activities development focus development and operational focus 

integrated 
resources 

tools data assets prebuilt 
models 

AI assistant 

external resources marketplace partner ecosystem both 

data source third party customer both 

data flow on-demand continuous 

data type numeric/sensor 
data 

textual/natural 
language data 

visual data mixed data 

Value 
Delivery 

 

key partners 

technology 
partners 

system integrators data brokers 

academic/research institution others 

customer 
relationships 

self-service portal communities customer support 

industry focus  industry specific industry unspecific 

interface graphical APIs/SDKs both 

Value 

Capture 
pricing model  consumption-

based 

seat-based 

pricing 
tiered pricing free trial 

revenue streams direct sales indirect sales ancillary services 

Figure 27: Business model taxonomy after E2C-3 iteration 
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C3 Taxonomy Evaluation 

The last iteration served as a rigorous taxonomy evaluation phase, focusing on assessing the structural 

and usability properties of the latest taxonomy. This iteration examined four strategically selected platforms with 

hybrid configurations and industry-specific adaptations: BigML (developer-centric platform), Microsoft Azure AI 

(enterprise cloud-originated platform), DataRobot (integrated enterprise data platform), and VessL AI (domain-

focused predictive AI platform). The within-case analysis confirmed that all existing dimensions and 

characteristics from the prior iteration sufficiently captured the diversity and complexity of the cases studied. 

Adjustments were made to “deployment flexibility”, ”model scope”, and “data flow” dimensions by adding “both” to 

improve the business model taxonomy’s ability to fit all sampled cases. Structural validity and practical usability 

were affirmed in the refined taxonomy. This iteration validated the taxonomy’s comprehensive applicability across 

diverse MLaaS platform configurations and confirmed its alignment with Nickerson et al.’s (2013) objective and 

subjective ending conditions. Consequently, the refined taxonomy was deemed stable, sufficiently robust, and 

ready for taxonomy analysis. 

 



 

 

D. Taxonomy Ending Conditions Overview 

 
Table 36: Overview of ending conditions 

 Ending Conditions   Design Iteration  

C2E-1 C2E-2 C2E-3 E2C-1 E2C-2 E2C-3 E2C-4 

Objective All objects, or at least a representative sample of objects have been examined      x x 

In the last design iteration, no object was merged with a similar object or split into multiple 
objects 

     x x 

For every characteristic of every dimension in the taxonomy at least one object is classified     x x x 

In the last design iteration, no new dimensions or characteristics were added to the taxonomy      x x 

In the last design iteration, no dimensions or characteristics were merged or split      x x 

There is no duplication of dimension in the taxonomy; no dimension is repeated, and every 
dimension is unique 

 x x x x x x 

There is no duplication of characteristics within the dimensions; every characteristic is unique 
within its dimension 

  x x x x x 

There is no combination of characteristics and there is no cell duplication in the taxonomy; 
each cell is unique and there is no repetition of cells 

    x x x 

Subjective The taxonomy is concise; the number of dimensions make the taxonomy to be meaningful, 

but not overwhelming 
      x 

The taxonomy is robust; the dimensions and characteristics of the taxonomy enable 

researchers to sufficiently differentiate the objects of interest 
      x 

The taxonomy is comprehensive; the taxonomy can be used to classify a sample or all objects 
within the research domain 

      x 

The taxonomy is extendible; new dimensions or characteristics of an existing dimension can 
easily be added 

x x x x x x x 

The taxonomy is explanatory; the identified dimensions and characteristics can be utilized to 
explain about an object 

x x x x x x x 



 

 

E. Taxonomy-Case Mapping for Taxonomy Analysis 

E1 Value Creation 

 
Table 37: Taxonomy case mapping for value creation mechanisms (part 1) 

Case (ID) value creation 

Dimension deployment flexibility user control model scope model deployment complementary services 

Characteristic 
self-
managed 

pre-
configured 

both 
full 
developer 
control 

full developer control with 
optional workflow 
automation 

predictive generative both 
public and 
private cloud 

edge, 
public, 
private 
cloud 

value proposition 
enhancing 

use case 
extending 

both 

Barbara (1) yes no no yes no yes no no no yes yes no no 

Superb AI (2) yes no no no yes yes no no no yes yes no no 

Modular (3) yes no no yes no no yes no no yes yes no no 

Dataloop (4) no no yes no yes no no yes yes no yes no no 

BigML (5) no no yes no yes yes no no yes no no no yes 

Alibaba Machine Learning 
Platform for AI (6) 

no no yes no yes no no yes no yes yes no no 

PrimeHub (7) no no yes yes no yes no no yes no yes no no 

HyperSense (8) no yes no no yes yes no no yes no yes no no 

CodeOcean (9) yes no no yes no yes no no yes no no yes no 

Amazon SageMaker (10) no yes no no yes no no yes yes yes no no yes 

Microsft Azure AI  (11) no yes no no yes no no yes no yes no no yes 

Jfrog ML (12) no no yes no yes no no yes no yes no no yes 

Snowflake (13) no yes no no yes no no yes yes no no no yes 

Domino Data Lab (14) no no yes yes no no no yes no yes no no yes 

H2O.ai (15) no no yes no yes no no yes yes no yes no no 

Iguazio (16) no no yes yes no no no yes yes no yes no no 

Databricks Mosaic AI (17) no no yes no yes no no yes yes no no no yes 

Dataiku (18) no yes no no yes no no yes yes no yes no no 

Google Vertex AI (19) no yes no no yes no no yes yes yes no no yes 

IBM Watsonxx (20) no yes no no yes no no yes no yes yes no no 

Cloudera AI (21) no no yes no yes no no yes yes no no yes no 

DataRobot (22) no no yes no yes no no yes yes no yes no no 

VESSL (23) no yes no yes no no yes no yes no no yes no 

ZAMS (24) yes no no no yes no no yes yes no yes no no 
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Table 38: Taxonomy case mapping for value creation mechanisms (part 2) 

Case (ID) value creation 

Dimension supported activities integrated resources data source data flow data type 

Characteristic 
development 
focus 

development and 
operational 
focus 

tools 
prebuilt 
models 

data 
assets 

cloud 
infrastructure 

AI 
assistant 

customer 
customer 
and third 
party 

on-
demand 

continuous both 
telemetric 
or time-
series data 

visual 
data 

multimodal 
data 

Barbara (1) no yes yes no no no no yes no no yes no yes no no 

Superb AI (2) no yes yes no no no no yes no no yes no no yes no 

Modular (3) yes no yes yes no no yes yes no no no yes no no yes 

Dataloop (4) no yes yes yes yes no no no yes no yes no no no yes 

BigML (5) yes no yes yes yes no no no yes no no yes no no yes 

Alibaba Machine 
Learning Platform 
for AI (6) 

no yes yes yes no yes no no yes no no yes no no yes 

PrimeHub (7) no yes yes yes no no no yes no yes no no no no yes 

HyperSense (8) no yes yes yes no no no yes no no no yes no no yes 

CodeOcean (9) no yes yes yes yes no yes no yes yes no no no no yes 

Amazon 
SageMaker (10) 

no yes yes yes yes yes yes no yes no no yes no no yes 

Microsft Azure AI  
(11) 

no yes yes yes no yes yes no yes no no yes no no yes 

Jfrog ML (12) no yes yes yes no no no no yes no yes no no no yes 

Snowflake (13) no yes yes yes yes no no no yes no no yes no no yes 

Domino Data Lab 
(14) 

no yes yes yes yes no yes no yes no no yes no no yes 

H2O.ai (15) no yes yes yes no no yes yes no no yes no no no yes 

Iguazio (16) no yes yes yes no no no yes no no no yes no no yes 

Databricks Mosaic 
AI (17) 

no yes yes yes yes no no no yes no no yes no no yes 

Dataiku (18) no yes yes yes yes no yes no yes no no yes no no yes 

Google Vertex AI 
(19) 

no yes yes yes no yes yes yes no no no yes no no yes 

IBM Watsonx (20) no yes yes yes no yes yes no yes no no yes no no yes 

Cloudera AI (21) no yes yes yes no no yes yes no no yes no no no yes 

DataRobot (22) no yes yes yes no no no no yes no no yes no no yes 

VESSL (23) no yes yes yes no no no no yes yes no no no no yes 

ZAMS (24) no yes yes yes no no yes yes no no yes no no no yes 
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E2 Value Delivery 

Table 39: Taxonomy case mapping for value delivery mechanisms 

Case (ID) value delivery 

Dimension key partners customer relationships Industry focus sales channels 

Characteristic 
technology 

partners 

system 

integrators 

data 

brokers 

academic or 

research 

institutions 

self-

service 

portal 

communities 
customer 

support 
specific broad 

platform interface 

and partners 

platform interface, 

partners and 

marketplace 

Barbara (1) yes yes no yes yes no no yes no no yes 

Superb AI (2) yes no no no no no yes yes no yes no 

Modular (3) yes no no no yes yes no no yes yes no 

Dataloop (4) yes yes yes no yes yes no no yes no yes 

BigML (5) yes no no no yes no yes no yes yes no 

Alibaba Machine Learning 

Platform for AI (6) 
yes yes no no yes yes yes no yes no yes 

PrimeHub (7) yes yes no no no yes no yes no yes no 

HyperSense (8) yes no no no yes no no yes no yes no 

CodeOcean (9) yes no no yes yes yes yes yes no yes no 

Amazon SageMaker (10) yes yes yes no yes yes yes no yes no yes 

Microsft Azure AI  (11) yes yes no no yes yes yes no yes no yes 

Jfrog ML (12) yes yes no no yes yes no no yes yes no 

Snowflake (13) yes yes yes no yes yes yes no yes no yes 

Domino Data Lab (14) yes yes yes no yes yes yes no yes no yes 

H2O.ai (15) yes yes no no yes yes yes no yes yes no 

Iguazio (16) yes yes no no yes no no no yes yes no 

Databricks Mosaic AI (17) yes yes yes yes yes yes yes no yes no yes 

Dataiku (18) yes yes no no yes yes yes no yes yes no 

Google Vertex AI (19) yes yes yes no yes yes no no yes no yes 

IBM Watsonx (20) yes yes yes yes yes yes yes no yes no yes 

Cloudera AI (21) yes yes no no yes yes yes no yes yes no 

DataRobot (22) yes yes no no yes no no no yes no yes 

VESSL (23) yes no no yes no yes no no yes no yes 

ZAMS (24) yes yes no no yes no yes yes no yes no 
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E3 Value Capture 

 
Table 40: Taxonomy case mapping for value capture mechanisms 

Case (ID) value capture 

Dimension pricing model revenue streams 

Characteristic consumption-based tiered seat-based freemium direct sales indirect sales ancillary services 

Barbara (1) no yes no no yes yes yes 

Superb AI (2) n/a n/a n/a yes yes no yes 

Modular (3) yes yes no yes yes no no 

Dataloop (4) no yes no no yes yes yes 

BigML (5) yes yes no yes yes no yes 

Alibaba ML Platform for AI (6) yes yes no no yes no yes 

PrimeHub (7) n/a n/a n/a n/a yes yes yes 

HyperSense (8) n/a n/a n/a n/a yes no yes 

CodeOcean (9) yes no no yes yes no yes 

Amazon SageMaker (10) yes yes no yes yes yes yes 

Microsft Azure AI  (11) yes no no yes yes yes yes 

Jfrog ML (12) no yes no no yes no yes 

Snowflake (13) yes yes no yes yes yes yes 

Domino Data Lab (14) no yes yes no yes yes yes 

H2O.ai (15) yes yes no yes yes no yes 

Iguazio (16) yes yes no yes yes yes yes 

Databricks Mosaic AI (17) yes yes no yes yes yes yes 

Dataiku (18) no yes no yes yes yes yes 

Google Vertex AI (19) yes no yes yes yes yes yes 

IBM Watsonx (20) yes no no yes yes yes yes 

Cloudera AI (21) yes no no yes yes no yes 

DataRobot (22) yes yes no yes yes yes yes 

VESSL (23) yes yes no yes yes no no 

ZAMS (24) no yes no yes yes no yes 
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E4 Frequency analysis of taxonomy dimensions, characteristics across business model archetypes 

 

Table 41: Discriminatory dimensions of business model archetypes and their characteristics 

Archetypes Cloud orchestrator (n=5) Data orchestrator (n=4) Aggregator  

(n=8) 

Niche specialist  

(n=7) 

Dimension Characteristics 

deployment 
flexibility 

Pre-configured  

(100%) 

Both (100%) Both (100%) No dominant 
characteristic 

complementary 
services 

Both (100%) Both (100%) Value proposition enhancing (63%) Value proposition 
enhancing (71%) 

model scope Both (100%) Both (100%) Both (86%) Predictive (71%) 

Model 
deployment 

Edge, public and private cloud (100%) Public and private cloud (75%) Edge, public and private cloud 
(63%) 

Edge, public and private 
cloud (63%) 

Integrated 
resources 

Tools (100%),  

prebuilt models (100%),  

cloud infrastructure (100%),  

AI assistant (80%) 

Tools (100%),  

prebuilt models (100%),  

data assets (100%),  

AI assistant (75%) 

Tools (100%),  

prebuilt models (100%) 

Tools (100%),  

prebuilt models (71%) 

data sources Customer and third party (80%) Customer and third party (100%) Customer and third party (100%) Customer (71%) 

key partners Technology partners (100%), 

system integrators (100%) 

Technology partners (100%), 

system integrators (100%), 

data brokers (75%) 

Technology partners (100%), 

system integrators (100%) 

Technology partners 
(100%) 

 

industry focus Generic (100%) Generic (100%) Generic (100%) Specific (100%) 

sales channel Platform interface, partners and 

marketplace (100%) 

Platform interface, partners and 

marketplace (100%) 

Platform interface and partners 

(100%) 

Platform interface and 

partners (100%) 

pricing model Consumption-based (100%) 

Freemium (100%) 

Consumption-based (100%) 

Tiered (100%) 

Tiered (88%) 

Freemium (100%) 
Freemium (71%) 

revenue stream Direct sales (100%) 

Indirect sales (80%) 
Ancillary services (100%) 

Direct sales (100%) 

Indirect sales (100%) 

Ancillary services (100%) 

Direct sales (100%) 

Indirect sales (63%) 

Ancillary services (88%) 

Direct sales (100%) 

Ancillary services (86%) 

Note. n = the number of cases. % =  percentage of cases that demonstrates the characteristic. Characteristics demonstrated by more than 50% of cases are considered 
dominant. 
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F. Comparison between Business Model Archetypes 

Table 42: Comparison between the business model archetypes (part 1) 

 

Dimension Characteristic Cloud orchestrator Data orchestrator Aggregator Niche specialist 

v
a

lu
e

 c
re

a
ti
o
n
 

deployment flexibility self-managed None None None 1, 24 

pre-configured 6, 10, 11, 19, 20 None None 9, 23 

both 

 

4, 13, 14, 17 3, 5, 12, 16, 15, 18, 21, 22 2, 7 

user control full developer control 6, 19 13, 17 3, 12 1, 7, 9, 23 

full developer control with optional 

workflow automation 

10, 11, 20 4, 14 5, 16, 15, 18, 21, 22 2,8,24 

model scope predictive None None 3 1, 2, 7, 8, 9 

generative None None 5 23 

both 6, 10, 11, 19, 20 4, 13, 14, 17 12, 16, 15, 18, 21, 22 24 

model deployment public and private cloud None 4, 13, 17 5, 12, 18 1, 2 

edge, public, private cloud 6, 10, 11, 19, 20 14 3, 16, 15, 21, 22 7, 8, 9, 23, 24 

complementary 
services 

value proposition enhancing 6 None 3, 16, 15, 18, 22 1, 2, 7, 8,  24 

use case entending None None 21 9, 23 

both 6, 10, 11, 19, 20 4, 13, 14, 17 5, 12   

supported activities development focus None None None 2, 8, 24 

development and operational focus 6, 10, 11, 19, 20 4, 13, 14, 17 3, 5, 12, 16, 15, 18, 21, 22 1, 7, 9, 23 

integrated resources tools 6, 10, 11, 19, 20 4, 13, 14, 17 3, 5, 12, 16, 15, 18, 21, 22 1, 2, 7, 8, 9, 23, 24 

prebuilt models 6, 10, 11, 19, 20 4, 13, 14, 17 3, 5, 12, 16, 15, 18, 21, 22 7, 8, 9, 23, 24 

data assets 10 4, 13, 14, 17 None 9 

cloud infrastructure 6, 10, 11, 19, 20 

 

None 

 

AI assistant 10, 11, 19, 20 13, 14, 17 16, 18, 22 9, 24 

data source customer 19 None None 1, 2, 7, 8, 24 

customer and third party 6, 10, 11, 20 4, 13, 14, 17 3, 5, 12, 16, 15, 18, 21, 22 9, 23 

data flow on-demand None None None 1, 2, 24 

continuous None None None 7, 9, 23 

both 6, 10, 11, 19, 20 4, 13, 14, 17 3, 5, 12, 16, 15, 18, 21, 22   

data type numeric/sensor data None None None 1 

visual data None None None 2 

multimodal data 6, 10, 11, 19, 20 4, 13, 14, 17 3, 5, 12, 16, 15, 18, 21, 22 7, 8, 9, 23, 24 

Note. Dimensions and characteristics with high discriminatory power are highlighted in grey. These elements could differentiate archetypes exclusively. 
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Table 43: Comparison between the business model archetypes (part 2) 
 

Dimension Characteristic Cloud orchestrator Data orchestrator Aggregator Niche specialist 

v
a

lu
e

 d
e

liv
e

ry
 

key partners technology partners 6, 10, 11, 19, 20 4, 13, 14, 17 3, 5, 12, 16, 15, 18, 21, 22 1, 2, 7, 8, 9, 23, 24 

system integrators 6, 10, 11, 19, 20 4, 13, 14, 17 12, 16, 15, 18, 21, 22 1, 7 

data brokers 10, 19, 20 4, 13, 14, 17 None None 

academic/research institutions 20 17 None 1, 23, 24 

customer 
relationships 

self-service portal 6, 10, 11, 19, 20 4, 13, 14, 17 3, 5, 12, 16, 15, 18, 21, 22 1, 2, 8, 9, 24 

communities 6, 10, 11, 19, 20 4, 13, 14, 17 3, 5, 12, 16, 15, 18, 21, 22 7, 9, 23 

customer support 6, 10, 11, 19, 20 4, 13, 14, 17 3, 5, 12, 16, 15, 18, 21, 22 1, 2, 7, 8, 9, 23, 24 

industry focus specific 

   

1, 2, 7, 8, 9, 23, 24 

generic 6, 10, 11, 19, 20 4, 13, 14, 17 3, 5, 12, 16, 15, 18, 21, 22 

 

sales channels platform interface and partners 

  

3, 5, 12, 16, 15, 18, 21, 22  2, 7, 8, 9, 23, 24 

platform interface, partners and 
marketplace 

6, 10, 11, 19, 20 4, 13, 14, 17 

 

1 

v
a

lu
e

 c
a

p
tu

re
 

pricing model consumption-based 6, 10, 11, 19, 20 4, 13, 14, 17 3, 16, 22 1, 23 

tiered 6, 10 4, 13, 14, 17 5, 12, 16, 15, 18, 21, 22 1, 2, 23, 24 

seat-based 19 14 5 24 

freemium 6, 10, 11, 19, 20 3, 17 3, 5, 12, 16, 15, 18, 21, 22 1, 2, 8, 9, 24 

revenue streams direct sales 6, 10, 11, 19, 20 4, 13, 14, 17 3, 5, 12, 16, 15, 18, 21, 22 1, 2, 7, 8, 9, 23, 24 

indirect sales 10, 11, 19, 20 4, 13, 14, 17 16, 15, 18, 21, 22 1, 7 

ancillary services 6, 10, 11, 19, 20 4, 13, 14, 17 5, 12, 16, 15, 18, 21, 22 1, 2, 7, 8, 9, 24 

Note. Dimensions and characteristics with high discriminatory power are highlighted in grey. These elements could differentiate archetypes exclusively. 
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