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Abstract
In recent years, business model design has received increased attention as a perspective to associate business model innovation with firm performance. In this view, fitness between a business model’s elements leads to high performance and conversely, high performance requires fitness between the design elements. However, so far there have been few insights into the concrete content and structure of design element configurations that enable high performance. Based on an investigation of 188 entrepreneurial ventures operating in the context of the Internet of Things (IoT), this study develops a taxonomy of IoT business models comprising a total of 108 design elements. By applying a k-Modes clustering approach, we further identify such high performing business model configurations. Finally, based on a random forest analysis, our study finds that the design of the business model components customer relations, revenue model, market approach, and solution are the most important in determining firm performance.
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[bookmark: _Toc1564352]Introduction
Scholars have referred to business models as core vehicles to determine the economic returns when firms commercialise new technologies (Chesbrough, 2010; Chesbrough & Rosenbloom, 2002). Business models define “the manner by which the enterprise delivers value to customers, entices customers to pay for value, and converts those payments to profit.” (Teece, 2010, p.172). They are commonly conceptualised as systems made up of interrelated components each comprising various elements. Collectively, these systems allow firms to create and capture value through the exploitation of business opportunities (Afuah & Tucci, 2003; Amit & Zott, 2001; Baden-Fuller & Mangematin, 2013; Baden-Fuller & Morgan, 2010; Klang et al., 2014; Lindner, Vaquero, Rodero-Merino, & Caceres, 2010). However, firms achieve high economic returns only when they establish ‘fitness’ between their business model elements (Afuah & Tucci, 2003; Casadesus-Masanell & Ricart, 2010; Morris et al., 2005; Teece, 2010). That is, the co-occurrence elements creates internal synergies for the firm (Matsuyama, 1995; Milgrom & Roberts, 1990, 1995).
The relationships between organisational attributes, such as business model elements, lies at the heart of configurational research (Dess, Newport, & Rasheed, 1993; Meyer, Tsui, & Hinings, 1993). In the business model domain, configurational studies have assessed the performance effect of business model design themes, such as novelty- or efficiency-centred business models, which indicate the dominant source of value creation among business model elements (Cosenz, 2017; Leppänen, 2017; Zott & Amit, 2007). 
However, research analysing business model elements in regard to their content and structure is scarce (Amit & Zott, 2010). By content, we refer to design choices such as offering a “subscription”-model to generate revenues, or targeting B2B customers. By structure, we refer to the linkages between these elements. Moreover, little is known about how these configurations relate to firm performance. This study seeks to address this knowledge gap. 
Underlying the configurational view is the idea that business models, when analysed at a certain level of granularity, are not unique, but reveal patterns across different firms (Gassmann, Frankenberger, & Sauer, 2016). This allows firms to imitate existing business models in the market space (Casadesus-Masanell & Zhu, 2013) and compete with their originators. The purpose of this research is therefore to conduct a fine-grained, domain-specific examination of business model elements and investigate how configurations of these design elements are related to firm performance. This allows practitioners to understand how to identify and imitate high-performing business model designs. Our research setting is the Internet of Things (IoT), which has received vast attention as one of the most important and disruptive emerging technology domains (Lee & Lee, 2015; Manyika et al., 2013), driving firms to design innovative business models (Nelson & Metaxatos, 2016).
We rely on an inductive mixed-method approach. The use of scalable machine-learning techniques (comprising clustering and classification methods) for our data analysis allows us to overcome methodological limitations of existing studies. It enables an in-depth analysis of 188 IoT business models along 108 dimensional characteristics. We initiate our research with a taxonomy development (Nickerson, Varshney, & Muntermann, 2013) to identify the relevant design elements of IoT-related business models. This initial step consolidates empirical insights from the analysis of 188 IoT ventures and extant theories from management research. In a second step, we apply a clustering approach to identify recurring combinations of design elements. We then use another clustering over these combinations to identify high-performing business model configurations. Finally, we rely on an ensemble of classification trees to identify which combination of design elements distinguish high-performing from low-performing business models and the relevance of business model components in doing so.
[bookmark: _Toc1564353]Theoretical Background
Prior research on configurations offers a valuable foundation to identify fitness between business model elements. Organisational configurations denote “any multidimensional constellation of conceptually distinct characteristics that commonly occur together.” (Meyer et al., 1993, p.1175). The space of possible combinations of organisational characteristics is theoretically hardly comprehensible. However, configurational research has found that these attributes reveal a tendency to fall into coherent patterns that occur because of causal interdependency between them (Dess et al., 1993; Meyer et al., 1993; Short, Payne, & Ketchen, 2008). This is why configurations are able represent a large fraction of the group of observed organisations (Miller, 2017). Configurational research stresses an equifinality assumption, i.e., the assumed possibility of a system to reach the same state through different configurations (Katz & Kahn, 1978).
Management research has referred to ‘configurations’ by different names, including typologies (Miles & Snow, 1978), archetypes (Miller & Friesen, 1978), generic strategies (Porter, 1980), and gestalts (Miller, 1981). Further, scholars associate organisational configurations with performance (e.g., Porter, 1996) and have more recently highlighted the configuration of a business model’s elements to explain firm performance and competitive advantage (Klang et al., 2014).
The logic of a business model’s value capture and creation mechanisms can be formulated on different abstraction levels, depending on the intended function (Massa & Tucci, 2014). Business models may reflect attributes of real firms, cognitive schemas, or formal conceptual representations (Massa, Tucci, & Afuah, 2017). Low levels of abstraction typically relate to business models as attributes of real firms. For instance, Amit and Zott conceptualise business models as activity systems that describe the content, structure, and governance of transactions, i.e. the design elements a firm establishes in order to create and capture value (Amit & Zott, 2001; Zott & Amit, 2010). Similarly, Casadesus-Masanell and Ricart (2010, 2011) relate to the field of system dynamics (Forrester, 1961; Sterman, 2000) to analyse how firms can achieve competitive advantage. While associating firm performance with a consistent set of business model elements, this latter conceptualisation tends to reveal idiosyncratic profiles (cfr. Sterman, 2000) grounded in the unique resource base of the firm (Barney, 1991). For example, the representation of Telmore’s business model by Casadesus-Masanell and Ricart (2010) links a number of highly firm-specific elements, such as “Six month maximum contractual regulation”, “Simple IT systems”, and “Non-unionized students in customer service” (cfr. Barabba et al., 2002; Cosenz, 2017; Groesser & Jovy, 2016; Köpp & Schwaninger, 2014; Porter, 1996).
Component-based business model conceptualisations in the form of taxonomies (e.g., Demil & Lecocq, 2010; Gassmann, Frankenberger, & Csik, 2014; Joyce & Paquin, 2016; Osterwalder & Pigneur, 2010) are commonly used to facilitate the cognitive alteration or ideation of complete sets of business model elements, so called components (Aversa, Haefliger, Rossi, & Baden-Fuller, 2015; Baden-Fuller & Haefliger, 2013; Clauss, 2016). Following this view, scholars have reached consensus about the main components reflecting Teece’s (2010) often-cited definition. These are the value proposition, target segments, value chain organisation, and revenue capture mechanisms (Foss & Saebi, 2017). Gassmann and colleagues (2014) provide a holistic conceptualisation in line with these four components. Accordingly, ‘What’ refers to the core of the offering comprising bundles of goods and services offered to the customer, also often referred to as the value proposition. ‘Who’ addresses the target customer segment the firm interacts with. ‘How’ details the resources, partners, and activities required to provide the offering. ‘Why’ describes the way by which profit is generated to facilitate sustainable business operations. We refer to business model components as structured sets of design elements. Although researchers share common sense about these main components, there exists little consensus about the individual design elements those components entail (Foss & Saebi, 2017; Massa et al., 2017). 
Business model scholars have leveraged configurational approaches for empirical inquiries on business model design themes as causal determinants for firm performance. Design themes refer to the orchestration of business model elements. In their seminal paper, Amit and Zott (2001) studied 59 e-business firms. They observed four distinct design themes embedded in their business models: Efficiency, Complementarities, Lock-In, and Novelty. Zott and Amit (2007) studied 190 entrepreneurial, publicly-listed companies and found that novelty-centred business model designs are positively associated with firm performance. Kulins and colleagues (2016) applied a qualitative comparative analysis (QCA) to study more complex combinations of design themes across 41 entrepreneurial firms. Leppänen (2017) analysed the performance effects of design theme combinations with respect to the firms’ underlying strategy, based on a sample of 232 publicly traded firms. Aversa et al. (2015) applied a QCA to study the performance effects of configurations of multiple business models for 28 Formula One racing firms. They found that firms profit from the joint adoption of two specific business models that allowed each to access valuable resources and enhance the other’s capability development. Together, these studies highlight that (1) firm performance can be associated with configurations of business model design themes, (2) there exist equifinality for high performing business model design that follow certain design themes, combinations of those, or portfolios of business models.
These results provide valuable theoretical foundations for the configurational nature of business model design, yet fundamental issues remain. The afore-mentioned studies have nearly exclusively focused on the configurations of design themes, as opposed to design elements. In our view, however, only these latter organisational configurations relating to the content and structure of business model elements can “meaningfully capture the complexity of organisational reality” (Ketchen & Shook, 1996, p.441). Scholars relating to the field of system dynamics (e.g., Casadesus-Masanell & Ricart, 2010) analyse combinations of design elements. However, they relate firm performance to firm-idiosyncratic element combinations that do not account for organisational configurations. Component-based conceptualisations could represent a valuable foundation to identify configurations of business model elements. So far however, scholars have devoted little attention to the interlinkages between their components (Furnari, 2015). Overall, these issues suggest that extant research lacks fine-granular, domain-specific, business model conceptualisations to enable observation and analysis of organisational configurations of design elements. This is the gap we address in this study.
[bookmark: _Toc1564354]Methodology
For the purpose of our research, we applied a mixed methods approach and studied 188 empirical cases to inductively build a theory of business model design (Eisenhardt, 1989; Yin, 2014). Building theory from empirical case evidence allows us to generate theoretical constructs and midrange theories (Eisenhardt, 1989). Our research question is grounded in the emerging relevance of business models for the IoT and the lack of plausible existing theory to provide guidance on their design. In particular, little is known about how to configure design elements of business models to facilitate high firm performance. 
Based on its replication logic, the theory building process leverages each case as a distinctive analytic unit to extend nascent theories in a field (Eisenhardt, 1989). This process of creating theory is achieved by recursive loops between the empirical evidence, related literature in the field, and the emerging theory itself (Eisenhardt & Graebner, 2007). In contrast to laboratory experiments, examining cases in a real-world context enables investigation and reasoning about the phenomenon in its realistic complexity. Moreover, case studies allow us to gather rich, empirical descriptions of a phenomenon in a real-world context and to integrate of various data sources (Yin, 2014). This is especially valuable when the phenomenon is emerging and theoretical rationales are still nascent. Using multiple cases also ensures the creation of more generalisable as well as deeper grounding in empirical evidence. In order to gain deep insights into each of our 188 cases along 108 design elements and their interrelations we conducted the following three steps.
First, we developed an IoT-specific business model taxonomy following the taxonomy development method proposed by Nickerson and colleagues (2013). Second, for identifying cross-case pattern, we applied an unsupervised machine-learning approach, i.e. k-modes clustering (Hastie, Tibshirani, & Friedman, 2016). Clustering allowed us to identify common combinations of design elements and – by considering only the high-performing ventures in our sample – high-performing business model configurations. Finally, we relied on inductive machine learning in the form of random forests (Breiman, 2001) to examine the importance of business model components on firm performance. The following subsections explain our research setting, data sampling, and data collection in greater detail.
Setting
This study focuses on business models in the Internet of Things (IoT). IoT aims to consolidate the digital sphere and the physical sphere by equipping physical things with sensors and communication technology that facilitate the collection and analysis of data on top of which digital services can be created (Yoo, Henfridsson, & Lyytinen, 2010). The IoT is an attractive setting for several reasons. First, the IoT already drives business model innovation (Porter & Heppelmann, 2014), serving as a key source for future competitive advantage (Bohnsack & Pinkse, 2017). Second, IoT is becoming ubiquitous and increasingly important (Lee & Lee, 2015; Manyika et al., 2013). For instance, Gartner (Gartner, 2017) anticipates that by 2020, the IoT will encompass about 20 billion “things”. Applications span various industries ranging from healthcare to mobility to home automation (Manyika et al., 2015). Third, there is a looming need for tools to facilitate practitioners in assessing opportunities and threats related to the IoT from a business model perspective. Despite the necessity for firms to adapt to the new digital reality, organisations often lack guidance on how to leverage an IoT context. For instance, the growing number of commercial failures of existing IoT applications indicates that these often only insufficiently address market needs (Nelson & Metaxatos, 2016). A main reason for this is seen in an overemphasis of technological feasibility on these solutions (Smith, 2017). 
Sampling and Data Collection
Our sample comprises 188 entrepreneurial ventures. We sampled ventures through the online startup database Crunchbase that were categorised under the tag ‘Internet of Things’. The appendix comprises the full sample. To select the ventures, we used three selection criteria. First, the venture had to meet the definition of IoT developed by the European Research Cluster on the Internet of Things: “A dynamic global network infrastructure with self-configuring capabilities based on standard and interoperable communication protocols where physical and virtual things have identity, physical attributes and virtual personalities and use intelligent interfaces and are seamlessly integrated into the information network” (Vermesan et al., 2014, pp.15f.). Second, the firm had to be active in terms of its business operations. Third, the venture had to disclose sufficient information to enable us to adequately assess its business model design. For instance, firms operating in ‘stealth mode’ were not taken into consideration. In order to improve the robustness and generalisability of our results, we aimed for variation in terms of industries, technologies, and market segments across the selected ventures (Eisenhardt & Graebner, 2007). Moreover, we only sampled ventures that were founded after 2014 due to our intended focus on entrepreneurial firms (cfr. Bhide, 2000). For evaluative purposes, we relied on a convenience sampling of two additional ventures, which provided us with exhaustive access to primary interview data.
For each venture, we collected evidence of its business model design elements and financial performance. Therefore, we relied on two main data sources: company websites and Crunchbase profiles. We triangulated these data sources with complementary secondary data comprising news articles and official social media profiles (LinkedIn, Twitter, Facebook) to improve the robustness of our theory (Jick, 1979; Yin, 2014). 
Data Analysis
In the following, we describe the three steps of our data analysis in detail, the Taxonomy development, the Cluster analysis, and the Analysis of feature importance. 
Taxonomy Development
A taxonomy represents an established mechanism to organise knowledge in a field by providing a set of unifying constructs that facilitate its systematic description (Glass & Vessey, 1995; Wand, Monarchi, Parsons, & Woo, 1995). Therefore, taxonomies are particularly useful to analyse complex domains and hypothesise relationships among concepts (Glass & Vessey, 1995; Law, Wong, & Mobley, 1998; Nickerson et al., 2013). They also contribute to theory building (Doty & Glick, 1994), especially in the context of configurational research (Dess et al., 1993). They organise facts and data into meaningful sets, out of which theories can be developed (Dess et al., 1993). In the context of our study, we relied on the iterative taxonomy development approach by Nickerson and colleagues (2013). This approach is well suited for our context because it incorporates both empirical and theoretical evidence. Hence, we can build on pre-existing management concepts while taking context-specific, undocumented empirical evidence into account.
The first step of the taxonomy development approach is to determine a meta-characteristic that serve as the foundation for subsequently selecting characteristics or design elements. We defined our meta-characteristic as the main components of a business model and selected the conceptualisation by Gassmann and colleagues (2014) who distinguish between the four components ‘Who?’, ‘What?’, ‘How?’, and ‘Why?’. This step limits the chances of “naïve empiricism” – referring to the definition of a large number of characteristics in the hope that patterns emerge – and instead reflects the expected use of a taxonomy (Aldenderfer & Blashfield, 1984; Nickerson et al., 2013).
The second step comprises the selection of objective and subjective ending conditions to terminate the iterative process. We chose and adapted the following ending-conditions from Nickerson et al. (2013, p.344):
· Objective conditions: (i) all objects have been examined; (ii) at least one object is classified under every characteristic of every dimension; (iii) no new dimension or characteristics were added in the last iteration; (iv) every dimension is unique and not repeated; and (v) every characteristic within the correpsonding dimension is unique.
· Subjective conditions: (i) concise – the number of dimensions is meaningful; (ii) robust – the dimensions and characteristics allow for sufficient differentiation between the objects; (iii) comprehensive – all objects/IoT ventures can be classified; (iv) extendible – new dimensions or characteristics can be added; (v) explanatory – the classification sufficiently characterise IoT ventures; and (vi) available – the information necessary for an objects classification is typically available and interpretable.
A key function of the objective ending conditions is to generate dimensions of mutually exclusive and collectively exhaustive characteristics. However, for certain dimensions, cumulative, combinatorial, or non-mutually exclusive characteristics may apply. For example, a firm may focus on several distinct customer segments, cover multiple IoT layers (spanning physical devices and software applications), and apply multiple means for the monetisation of its products and services. This is not a unique property of the chosen unit of analysis (cfr. Nayyar, 1993; Püschel, Röglinger, & Schlott, 2016). In fact, it has been discussed in ontology development research as the concept of slot cardinality; it defines how many characteristics may maximally exist for any instance (e.g., venture) in a certain dimension (Noy & McGuinness, 2001). Multiple cardinality is contrary to the recommendation of Nickerson and colleagues (2013). However, for the above-mentioned reasons we applied it nevertheless to accommodate the reality of IoT business models. Furthermore, we intentionally focused on a generalisable abstraction level (i) to limit the cognitive load of the taxonomy user and (ii) to make the taxonomy more intuitive to use. Hence, we kept the dimensions and characteristics to a reasonable number while preserving taxonomic completeness in order to achieve comprehension, application, and ultimately usefulness of the taxonomy (Nickerson et al., 2013).
The third step concerns the decision on which approach to use to derive the dimensions and business model elements for the taxonomy. The process allows for two different approaches in each iteration. One is the empirical-to-conceptual approach, which creates elements and dimensions based on the identification of common characteristics from the sample. Another is the conceptual-to-empirical approach, which relies on extant theory to devise elements and dimensions before validating these dimensions and elements on the sample. In total, we conducted three iterations until we reached our predefined ending conditions. 
Following the recommendation of Nickerson and colleagues (2013), we initiated the first iteration with a conceptual-to-empirical approach as we felt sufficiently knowledgeable about digital business models and the IoT but lacked data. We then examined a subset of 50 ventures to test the appropriateness of each dimension. Although the dimensions aligned to the meta-characteristic, we noticed that the they insufficiently described certain important aspects of the business model, indicating a lack of collective exhaustiveness. The consumer interaction intensity dimension exemplifies this well. Some business models rely on a cost-intensive highly-engaged type of relation, especially in cases where the product requires a high level of customisation (e.g., DSP Concepts) or when requiring significant integration efforts (Measurance). Conversely, some business models rely on loose interaction, for example chatbots, in order to provide some level of support without increasing the costs of the solution (Butterfleye)
Rather than pursuing one of the two typical approaches, the second iteration can be described as a back-and-forth between the study of our sample ventures and extant theory until we had examined an enlarged subset of 100 firms. More specifically, in line with an empirical-to-conceptual approach, we discussed notable business model related differences for the studied cases among the researchers, followed by an investigation of corresponding theoretical concepts. For instance, for the definition of the application domain dimension, we observed the limitations of traditional segmentation by industry and setting, and leveraged existing application domains developed by scholars to define relevant segments.
Once we felt that the iterated taxonomy was well suited for our subsample, we conducted interviews with top-level managers from two additional ventures. In the course of these interviews, we provided them with a preliminary version of our taxonomy and let them explain their business model sub-layer by sub-layer. These interviews (each lasting ~2 hours) were particularly helpful for refining individual manifestations of the taxonomy. 
In the third iteration, we applied the empirical-to-conceptual approach comprising a review of the full sample. We terminated the taxonomy development when we felt that we were able to describe all ventures adequately.
Throughout the taxonomy development, we tried to ensure construct validity, by defining each of the 108 design elements. Further, multiple researchers independently classified the ventures. and discussed classification differences until consensus about the classification was reached.
Cluster Analysis
We relied on cluster analysis for the identification of configurations. Cluster analysis allows us to identify clusters in data along a large number of characteristics (Ketchen & Shook, 1996). It is a statistical technique for grouping samples, performed by minimising the variance between the cases within a group and maximising between-group variance (Ketchen & Shook, 1996). 
In our study, clustering facilitated the identification of similarities between the sampled ventures models based on their taxonomic classifications. As the business model elements are categorical, we used one-hot encoding for categorical features. Each venture was represented by a vector of length 108, reflecting the 108 distinct elements of the taxonomy. Each value in the vector was labelled as ‘1’ if the venture had the property, and as ‘0’ otherwise. This means that a business model can theoretically consist of 2108 unique combinations of design elements (or characteristics). Those vectors were then used as input features for the clustering.
We applied the k-Modes clustering algorithm for categorical data with a Python implementation (Huang, 1997, 2009; Huang & Ng, 2003). This approach captures the conceptual similarity between business models that can be defined as the degree of coincidence of elements (Rumble & Mangematin, 2015). We selected k-Modes as our clustering algorithm as other clustering algorithms such as k-Means rely on distance metrics like Euclidian distance, which would not work for categorical data. Similar approaches represent cluster centroids as means, which would also not work on our data as it is nominal.
K-Modes clustering extends the standard k-Means by applying a simple matching dissimilarity measure, using modes to represent cluster centres, and updating modes with the most frequent values in each iteration (Huang, 2009). This approach ensures that the iterative process converges to a local minimum.
The dissimilarity (Hemming distance) between two objects (i.e. business models) X and Y described by m characteristics is defined as 
, where  is 0 if = and 1 if 
Thereby,  and  describe the values of attribute j in  and , where a higher number of mismatches of characteristics between  and  expresses a higher dissimilarity. The dissimilarity between an object  and a cluster centre  is then calculated as
 () = 1-  for  and 1 for  (Ng, Li, Huang, & He, 2007). 
Here  is the categorical characteristic of attribute j in  ,while  is the count of objects in cluster l and is the number of objects whose attribute characteristic is r. 
The k-Modes clustering represents cluster centroids as the vectors of modes (i.e., the most frequent value) of categorical attributes. This means that a data set of m categorical features has a mode vector Z of m categorical values (z1, z2, ..., zm). This mode vector of a cluster then minimises the sum of between-object distances within a distinctive cluster and the cluster centroid (Huang, 1998).
Defining the most appropriate number of clusters is one of the biggest challenges in this approach (Ketchen & Shook, 1996). We combined both a statistical (i.e., Silhouette score) as well conceptual a priori constraints to set the number of clusters (Hair, Anderson, Tatham, & Black, 1992). For this purpose, we used a grid search over the possible search space of hyperparameters (i.e. number of clusters). We thereby conceptually constrained the number of possible clusters between 2 and 30. We then calculated the average Silhouette score for each cluster number and chose the local maxima of this value. The Silhouette score is an approach for cluster interpretation and validation of consistency by indicating how well each object lies within its cluster (Rousseeuw, 1987). This value indicates the similarity of an object to its individual cluster (cohesion) in relation to all other clusters (separation). The silhouette score ranges from −1 to +1, where values close to 1 indicate that the object is properly matched to the right cluster. High scores by the majority of objects in a cluster indicate good clustering. Therefore, we calculated the average score across all objects per number of clusters.
Our clustering approach results in each business model being characterised along nine sub-component cluster memberships, where the number of combinations describes how many clusters empirically exist per sub-component. Those results are displayed in Table 3‑1.
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	Sub-component Name
	Number of Dimensions                  (Design Elements)
	Number of            Combinations
	Average Silhouette Score

	Solution
	3 (12)
	10
	0.177

	Ecosystem
	3 (17)
	2
	0.2727

	Market
	3 (11)
	19
	0.651

	Customer Relation
	2 (7)
	18
	0.775

	Resources
	4 (13)
	2
	0.294

	Partners
	3 (18)
	2
	0.159

	Activities
	4 (18)
	2
	0.274

	Revenues
	2 (8)
	19
	0.855

	Costs
	1 (3)
	7
	1.0



Analysis of feature importance
Finally, for analysing the large number of cases and identifying patterns within them we used another machine-learning technique: a classification tree (Quinlan, 1986). Tree-based machine learning approaches fit a relatively simple model on partitions of the feature space divided by a set of rectangles. Although, this approach is conceptually quite simple, it is very powerful in terms of both performance and interpretability of the model and its results (Hastie et al., 2016). For splitting the nodes and pruning the classification tree, we used the Gini impurity measure, which measures the quality of a split of the feature space and describes how frequently a randomly chosen object from the data set would be incorrectly classified if it was randomly classified given the distribution of true class in the subset. The Gini impurity can be computed as 1 - (weighted sum of probabilities) (Quinlan, 1986). The aim of this approach is to use the cluster membership for each firm along the sub-layer of our business model taxonomy (i.e. solution, ecosystem, market, customer relation, activities, resources, partners, revenue, and cost) to define a model that discriminates between high- and low-performing business models. In other words, this means predicting if a business model is successful or not based on its combination of design elements.
Therefore, we used an ensemble of decision trees to average many noisy but approximately unbiased models, thereby reducing the variance. Thus, we could capture complex interactions of design elements with relatively low bias. Such an ensemble of averaged and de-correlated decision trees is called random forests. For the purpose of this research, we used random forests with 1000 estimators (i.e., single decision trees) (Breiman, 2001). 
To draw conclusions from this approach, we used the measure of feature importance. The higher the value of the feature importance variable, the more important is the feature. The importance of a feature, also known as Gini importance, is computed as the (normalised) total reduction of the feature space caused by that feature (Breiman, 2001). For our context, this measure indicates how important a combination of design elements on the sub-layer level is in predicting if a business model is high-performing.
[bookmark: _Toc1564355]Findings
A taxonomy of IoT business models
The taxonomy builds on the four business model components developed by Gassmann et al. (2014): What does the company offer to target customers? Who are the target customers? How does the firm create its offering? Why does the company generate profits? We define the following taxonomic structure for a business model (cfr. Leroux, 2018):


What?
The “what?”-component refers to the content of the value proposition of an IoT company, which is defined as “the benefits customers can expect from (…) products and services” (Osterwalder, Pigneur, Bernarda, Smith, & Papadakos, 2014, p.6). Anderson et al. (2006) identified three interpretations of value proposition: “all the benefits” for the customers, all the favourable points of differentiation from the competition, and a restricted number of key differentiation points (p.4). Accordingly, in the first sub-component, solution, we distinguish three dimensions: benefits (solution type), format (solution form), and differentiation (competitive strategy). The second sub-component is the ecosystem, which has four dimensions: the levels in the IoT reference architecture which a specific firm covers to create value, the core function that the firm realises, the ownership of the ecosystem, and interoperability with third-party solutions.
Solution. The solution types (Table 4‑1) are developed in reaction to the explicit or latent customer and user needs. Based on a survey conducted by Zebra Technologies for the Strategic Innovation Symposium at Harvard University (Zebra Technologies, 2017), we identify four generic types of problems commonly solved by IoT solutions. 


[bookmark: _Ref532429443][bookmark: _Toc1564401]Table 4‑1: Taxonomy dimension – Solution Type
	Design element
	Description
	Representative cases
	Source(s)

	Mitigation 
	Solution to reduce risks and uncertainty.
	Kyontracker, HAAS Alert, SensrTrx
	(Fleisch, 2010; J. Manyika et al., 2015; Osterwalder & Pigneur, 2010; Zebra Technologies, 2017)

	Execution
	Solution to enable the production and repairing of another good or the performance of an activity.
	Seebo, Pycom
	

	Improvement 
	Solution to increase the value and quality of products, services, and processes.
	Dattus, Agroptima, Senseware
	

	Control 
	Solution to influence actions and behaviours of objects and persons.
	Cloudleaf
	



The solutions are provided in the form of goods, services, or as bundles of both (Table 4‑2). Turber et al. (2014) refer to these forms as the ‘carriers of competences’. We adopt the classification developed by Parry et al. (2011) to distinguish between goods and services in the taxonomy.
[bookmark: _Ref532429524][bookmark: _Toc1564402]Table 4‑2: Taxonomy dimension – Solution Form
	Design element
	Description
	Representative cases
	Source(s)

	Goods
	Tangible offerings which last over time, exist independently from their owner, and for which ownership rights may be established.
	Onion
	(Parry et al., 2011; Turber et al., 2014)

	Service
	Intangible offering existing only via other things. The production cannot be distinguished from consumption.
	Agroptima, Flytrex
	



Competitive strategies aim at differentiating a provider’s solutions from those in the market to facilitate the creation a unique value proposition (Table 4‑3). Adapting Porter’s generic strategies (1980) – i.e., overall low costs, differentiation, and focus – to our empirical observations, we distinguish between seven competitive strategies for the IoT. Individual ventures may combine several strategies, which makes them not mutually exclusive.
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	Design element
	Description
	Representative cases
	Source(s)

	Low cost
	The solution is cheaper than the competition.
	GPSDome, Onion
	(Kans & Ingwald, 2016; Osterwalder & Pigneur, 2010; Porter, 1980)

	Innovation
	The solution is new or significantly different compared to other products on the market.
	Flytrex, Keriton, 75F
	

	Performance
	The solution is more efficient and/or effective than other solutions on the market.
	Cognosos, Wesavy
	

	Customisation
	The solution can be adapted to individual specifications.
	Scriptr, Momenzz
	

	Turnkey
	The solution comprises all the necessary components for valuable operation, and can be used out-of-the-box.
	Senseware, Watty
	

	Design
	The solution is intuitive, easy to use, and functional. It can also relate to the aesthetical quality.
	Soofa , Include, Kwik
	

	Integration
	The solution seamlessly integrates with the other solutions used by the customer.
	Seebo
	



Ecosystem. In the following, we discuss four taxonomy dimensions pertaining to the ecosystem sub-component: IoT layers, core functions, interoperability, and ecosystem ownership. The IoT combines multiple technologies in a complete stack that is essential to value creation (Püschel et al., 2016). In the taxonomy, we distinguish between seven IoT layers to locate the offering of each sampled venture within the IoT ecosystem (Table 4‑4). An IoT venture can provide offerings across multiple IoT layers. Therefore, these characteristics are not mutually exclusive.


[bookmark: _Ref532429930][bookmark: _Toc1564404]Table 4‑4: Taxonomy dimension – IoT layer
	Design element
	Description
	Representative cases
	Source(s)

	Device 
	The “things” in the IoT. Combination of the machinery layer (i.e. sensors and actuators) and logical capability layer (i.e. software and OS).
	Butterfleye, Watty, DSP Concepts 
	(Aazam, Khan, Alsaffar, & Huh, 2014; Borgia, 2014; Cisco, 2014; Turber et al., 2014; Vatsa & Singh, 2015; Yaqoob et al., 2017)

	Content 
	Texts, images, videos, metadata, and other types of data in a digital format.
	Terbine,
	

	Network 
	Physical transport layer (gateways, cables, radio waves, and other hardware) coupled with logical transmission layer (standards and protocols).
	Cirrent , Morsemicro
	

	Management 
	Aggregation and storage of data; cloud or edge computing.
	ProxToMe, WayLay
	

	Application 
	Final presentation of the relevant data, which can be edited, controlled and/or monitored.
	Butterfleye, Watty, Wexus
	

	Service 
	Practical usage of the application and content for effective use by the users; communication and collaboration between people.
	Watty, Wexus, Flytrex, Wesavy
	

	Security 
	Secure devices, systems, and processes between all layers; ensure privacy of users.
	Wia, GPSDome, Hideez, Cryptalabs
	



Based on our empirical findings and the theoretical insights developed by Lee and Lee (2015) and Porter and Heppelmann (2014), we define five core functions, which IoT solutions provide (Table 4‑5). Each of the first four functions builds on the previous one; for instance, the monitoring is a precondition to offer a controlling function (Porter & Heppelmann, 2014).


[bookmark: _Ref532429986][bookmark: _Toc1564405]Table 4‑5: Taxonomy dimension – Core Function
	Design element
	Description
	Representative cases
	Source(s)

	Monitoring
	Observing the state and usage of a product, as well as its environment.
	Butterfleye, Measurence
	(Lee & Lee, 2015; Porter & Heppelmann, 2014)



	Controlling
	Influencing the mode of operation of a product.
	Hideez
	

	Optimisation
	Improving products, processes, and systems to achieve their highest performance levels.
	Jooxter
	

	Automation
	Facilitating a product or system to self-sufficiently perform tasks and operations such as diagnosis, servicing, and customisation.
	Flytrex
	

	Sharing & collaboration
	Exchanging data “between people, between things, or between people and things” (Lee & Lee, 2015, p. 434).
	Cirrent, WayLay, Terbine
	



Interoperability is defined as the seamless communication between and integration of solutions from different vendors and a key value driver in the IoT (Yaqoob et al., 2017). McKinsey estimates that interoperability could be responsible for 40% of the potential value created by the IoT (Manyika et al., 2015). The ability for devices to communicate and operate together largely hinges on the use of established interface standards and translation schemes between applications and operating systems (Manyika et al., 2015). However, competitive pressures and continuing rapid technological evolution tend to impede the use of such a homogeneous infrastructure (Elkhodr, Shahrestani, & Cheung, 2016). In the context of interoperability, we distinguish between three mutually-exclusive ecosystem types: open, limited openness, and closed (Table 4‑6).


[bookmark: _Ref532430385][bookmark: _Toc1564406]Table 4‑6: Taxonomy dimension – Interoperability
	Design element
	Description
	Representative cases
	Source(s)

	Open
	Solution based exclusively on open protocols and standards; seamlessly integrate with other solutions via APIs, SDKs, or other outbound links.
	DSP Concepts, Wesavy
	(Elkhodr et al., 2016; Manyika et al., 2015; Yaqoob et al., 2017)

	Limited Openness
	Mix of open and proprietary standards, protocols; limited links with third party solutions (SDKs, APIs).
	Senseware
	

	Closed
	Integration only within proprietary ecosystem.
	Watty
	



Finally, the ecosystem ownership dimension differentiates companies developing their own ecosystem from companies leveraging existing ecosystems from third parties (Table 4‑7). Companies promoting their own ecosystems integrate the different layers of their offering under one proprietary umbrella. Alternatively, firms may restrict their solution to one or more layers, while collaborating with existing platforms or solutions from third parties. 
[bookmark: _Ref532430121][bookmark: _Toc1564407]Table 4‑7: Taxonomy dimension – Ecosystem Ownership
	Design element
	Description
	Representative cases
	Source(s)

	Own
	Development and exclusive use of a proprietary ecosystem with no integration with other products.
	Watty, Flytrex
	Empirical

	Existing
	Integrates with solutions from partners.
	DSP Concepts, IOPipe
	


[bookmark: _Toc514425322]
Who?
The business model component “who?” defines the target customer for which value is created (Gassmann et al., 2014, p.55). This component is split into two sub-components: the market sub-components specifies the targeted customer, and the relations sub-component defines the channels to address the customer and the relation intensity.
Market. The nature of the IoT broadens the traditional frontiers of market sectors. Manyika et al. (2015) argue that a sole focus on industry verticals constraints the location of value creation by an IoT solution. They adopt a complementary lenses of the market setting, defined as the “context of the physical environment in which systems can be deployed” (Manyika et al., 2015, p.18). To reduce the potential combinational space for a market setting into a comprehensive set of characteristics, we identify three generic application ecosystems (Table 4‑8): smart environments, smart industry, and smart health & well-being. They represent three archetypical combinations adapted from insights by Borgia (2014).
[bookmark: _Ref532430225][bookmark: _Toc1564408]Table 4‑8: Taxonomy dimension – Application Ecosystem
	Design element
	Description
	Representative cases
	Source(s)

	Smart environments
	Use of IoT solutions in objects, buildings, and infrastructure/conditions humans are encompassed by on a daily basis. Includes smart city, home, workplace, and mobility.
	Watty, Soofa, Transitscreen, Gluehome, Ween
	(Aggarwal, Ashish, & Sheth, 2014; Atzori, Iera, & Morabito, 2010; Sharma & Tiwari, 2016; TongKe, 2013)

	Smart industry
	Use of IoT solutions in industrial activities. Includes smart manufacturing, agriculture, logistics, and transportation.
	Petasense, Agroptima
	

	Smart health & wellbeing
	Use of IoT solutions to improve the health and everyday life of users. Includes smart medical devices and smart consumer goods.
	Keriton, Glanceclock, MysteryVibe
	



The customer dimension refers to the customer types transactions are directed at (Table 4‑9). Business-to-consumer (B2C) concerns companies that sell goods and services to the end customers. In business-to-business (B2B) markets, a firm’s direct customer is a business itself (Kotler & Keller, 2012). In business-to-government (B2G), companies sell their products to governments and other public organisations in public markets.
[bookmark: _Ref532430273][bookmark: _Toc1564409]Table 4‑9: Taxonomy dimension – Customer
	Design element
	Description
	Representative cases
	Source(s)

	B2C
	Focus on solutions for end-consumers.
	Watty, Wesavy
	(Kotler & Keller, 2012)

	B2B
	Focus on solutions for business customers.
	Butterfleye, DSP Concepts
	

	B2G
	Focus on solutions for government and public institutions.
	Soofa,
	



The market segment dimension refers to the structure of the customer segment. We adopt the five structure types that have been proposed by Osterwalder and Pigneur (2010); these are listed in Table 4‑10.
[bookmark: _Ref532430309][bookmark: _Toc1564410]Table 4‑10: Taxonomy dimension – Market Segment
	Design element
	Description
	Representative cases
	Source(s)

	Segmented
	Focus on a customer group with relatively homogenous needs.
	Wesavy
	(Osterwalder & Pigneur, 2010)


	Niche
	Focus on a solution for the needs of a very specific market segment.
	Nohocare
	

	Mass
	No specific distinction between target groups.
	Glanceclock, Meural
	

	Diversified
	Focus on multiple segments.
	DSP Concepts, Measurence
	

	Multi-sided
	Intermediary between two or more interdependent segments.
	Slock.it, Terbine
	



Customer Relation. The customer relation sub-component includes two dimensions: interaction intensity and retention. Interaction intensity describes the degree of the interaction between the firm and its customers. We distinguish between two types that are described in Table 4‑11.
[bookmark: _Ref532430496][bookmark: _Toc1564411]Table 4‑11: Taxonomy dimension – Interaction Intensity
	Design element
	Description
	Representative cases
	Source(s)

	Loose
	Customer do not interact directly with an employee from the company (transactional).
	Butterfleye, Glanceclock
	Empirical

	Highly engaged
	Direct interaction between customer and employee (relational). Comprises personal assistance, co-creation with the user, communities.
	DSP Concepts, Measurence
	



In general, the acquisition of new customers is more expensive to companies than selling in established relationships (Meldrum & McDonald, 1995). Retention describes how the firm retains its customer base and increases the chances of additional sales. Based on theories on customer retention and switching costs, we incorporate five general retention tactics into our taxonomy (Burnham, Frels, & Mahajan, 2003; Meldrum & McDonald, 1995) (Table 4‑12).
[bookmark: _Ref532430546][bookmark: _Toc1564412]Table 4‑12: Taxonomy dimension – Retention
	Design element
	Description
	Representative cases
	Source(s)

	Validating customer’s choice
	Activities to validate the customer’s choice of supplier, for example through advertisement, influencers, ensuring positive user experience, or post-purchase service activities.
	Momenzz
	(Burnham et al., 2003; Meldrum & McDonald, 1995; Nagengast, Evanschitzky, Blut, & Rudolph, 2014)


	Value
	Enhancing the value of the exchange, that is enhancing the utility that customers gain from using the solution and by offering add-ons or complements.
	Wesavvy
	

	Procedural switching costs
	Time, capital, and effort costs to evaluate, learn to use (learning curve trap), or setup a new product or technology (technological lock-in).
	Wia
	

	Financial switching costs
	Costs of terminating long term contracts (contractual lock-in) and loosing fidelity benefits.
	Soofa
	

	Industry standard 
	Leverage the network effect to enforce publicly-accepted standard, or build upon an industry standard from a third party.
	IoPipe
	


[bookmark: _Toc514425325]
How?
In the “How?” business model component, we differentiate the value-creation mechanisms by separate resources, partners, and activities sub-component.
Resources. We adopt the definition of a firm as “all assets, capabilities, organisational processes, firm attributes, information, knowledge etc. controlled by a firm that enable the firm to conceive of and implement strategies that improve its efficiency and effectiveness” (Barney, 1991, p.101). The resource-based view posits that the internal resources of a firm are better contributors to competitive advantage than external factors (Barney, 1991), and differentiates them into three generic categories: human resources, physical resources, and organisational resources (David & David, 2017). We rely on this categorisation for the taxonomy (Table 4‑13). Companies build competitive advantages through the combination of multiple, complementary resources. However, the aim of the above-mentioned distinction is to scrutinise those that are most crucial in the course of the value creation.
[bookmark: _Ref532430738][bookmark: _Toc1564413]Table 4‑13: Taxonomy dimension – Key Internal Resources
	Design element
	Description
	Representative cases
	Source(s)

	Human resources
	Employees, training, experience, knowledge, skills, and abilities.
	DSPConcepts
	(Barney, 1991; David & David, 2017)

	Physical resources
	Plant and equipment, technology, raw materials, and machines.
	Onion
	

	Organisational resources
	Structure of the organisation, strategic and planning processes, information systems, databases, and intellectual properties such as patents, trademark and copyrights.
	Connectric
	



The various technologies that are typically used in the layer architecture of IoT solutions can be complemented with technologies from other domains. We call this blend of technology the technology combination. Although these technologies are not part of the dominant technology stack we identify five technologies that are regularly leveraged as part of IoT solutions (Table 4‑14).
[bookmark: _Ref532432397][bookmark: _Toc1564414]Table 4‑14: Taxonomy dimension – Technology Combination
	Design element
	Description
	Representative cases
	Source(s)

	Blockchain
	Use of distributed ledger technologies in IoT or vice versa.
	Slock.it
	(MIT Technology Review, 2018)



	Artificial intelligence
	IoT data processed through machine learning, neural networks, deep learning, or other Artificial Intelligence technology.
	Xesol, Imagimob
	

	Robotics
	Machine moving independently and making complex movements.
	Ready-Robotics
	

	3D printing
	Supports computer assisted transformation of material to create a three-dimensional object.
	Astroprint
	



Data has turned into a key asset for companies leveraging digital technologies (Bharadwaj, El Sawy, Pavlou, & Venkatraman, 2013). Therefore, its use represents an integral aspect of a firm’s business model. In the taxonomy, we include the dimensions data usage and data source identified by Püschel et al. (2016) to accommodate for its importance. Table 4‑15 lists four related characteristics.
[bookmark: _Ref532430945][bookmark: _Toc1564415]Table 4‑15: Taxonomy dimension – Data Source 
	Design element
	Description
	Representative cases
	Source(s)

	Product state
	The internal state retrieved through actuators, sensors, and further components at a given time.
	Podtrackers, ReadyRobotics
	(Püschel et al., 2016)

	Product context
	The local conditions surrounding the IoT hardware and software at a given time.
	Sensibo, Ween
	

	Product usage
	The parameters defining the usage mode of a particular solution, especially in relation to other components (hard- and software).
	Leantagra
	

	External data
	Information not generated or shared at another layer in the IoT infrastructure than the device layer.
	Slock.it, Scanalytics
	



The second dimension relating to data is the data usage (Table 4‑16); it describes how data is used. We adopt two characteristics (Püschel et al., 2016): transactional and analytical.
[bookmark: _Ref532431186][bookmark: _Toc1564416]Table 4‑16: Taxonomy dimension – Data Usage
	Design element
	Description
	Representative cases
	Source(s)

	Transactional
	Data is traded or leveraged as part of the process for the intended use of the IoT solution (descriptive).
	Glanceclock, Meural
	(Püschel et al., 2016)

	Analytical
	Data is processed to derive particular insights (analytical, prescriptive, predictive).
	Slock.it, Robby
	



Partners. Supply chains are “more extended, more complex and more global” (van Sabben & van Wijk, 2018, p.3). Therefore, value creation and capture is based on an increasing number of interactions between market players. This leads firms to enter different kinds of partnerships along the value chain to leverage value creation synergies (Chesbrough & Schwartz, 2007). To categorise the essential partners of a given firm (Table 4‑17) we distinguish between the different IoT layers on which partners provide hard- and software components to complement the firm’s offering. We further distinguish between partners providing (sales or marketing) channels partners and those engaging in co-creation practices.
[bookmark: _Ref532432427][bookmark: _Toc1564417]Table 4‑17: Taxonomy dimension – Partners
	Design element
	Description
	Representative cases
	Source(s)

	Component supplier
	Supplies hardware and software components.
	Flytrex
	(Aazam et al., 2014; Cisco, 2014; Püschel et al., 2016; Turber et al., 2014; Vargo, Maglio, & Akaka, 2008; Vatsa & Singh, 2015; Yaqoob et al., 2017) 

	Content partner
	Supplies texts, images, videos, metadata, and other types of data in a digital format.
	Meural, Depict
	

	Network provider
	Supplies the physical transport and logical transmission layers.
	Watty
	

	Management partner
	Supplies the tools for aggregating, storing, and computing data.
	Instapio
	

	Security provider
	Provides hard- and software components to secure the solution.
	EmbarkTrucks, Calipsa
	

	Channel partner
	Supplies a means to communicate and sell an IoT solution to the market.
	Lattis
	

	Value co-creation partner
	Customer applying skills and know-how as a contribution to value creation.
	DSPConcepts
	



Given the limited access to resources and knowledge, the success of new ventures often relies on various institutional support (Table 4‑18). From our sample, we identified six types of support: incubators, accelerators, corporate programs, universities, boards of directors, and boards of advisors. 


[bookmark: _Ref532432461][bookmark: _Toc1564418]Table 4‑18: Taxonomy dimension – Institutional Support
	Design element
	Description
	Representative cases
	Source(s)

	Incubator
	Institution providing basic services such as office space and management training to ventures.
	MysteryVibe
	(Bergek & Norrman, 2008; Osterwalder et al., 2014)

	Accelerator
	Timed program including mentorship, networking opportunities, and seed investment.
	Agroptima, SAMLabs
	

	Corporate program
	Accelerator program within a corporation.
	Chargifi, CarFit
	

	University
	Support from higher education institution in various areas including business development, legal and financial support.
	CocoonCam
	

	Board of directors
	Group of people elected by the stockholders who establish and oversee management policies.
	DSP Concept
	

	Board of advisors
	Group of people providing non-binding strategic advices to the management of a company.
	Silk Labs
	



In addition to these institutional supporters, new ventures nurture a close relationship with investors (Table 4‑19). Based on the classification scheme used by the startup database Crunchbase and on empirical evidences from the sample, we identified five main types of investors in IoT companies.


[bookmark: _Ref532432503][bookmark: _Toc1564419]Table 4‑19: Taxonomy dimension – Investor
	Design element
	Description
	Representative cases
	Source(s)

	Angels
	High net worth individuals personally funding new venture formation in return for equity.
	Koto, Flytrex
	Empirical



	Public fund
	Non-repayable funding by the government.
	Agroptima
	

	Venture capitals
	Specialised firms providing capital and complementary support for new ventures in return for equity.
	Robby, Cognosos
	

	Corporate venture capitals
	Corporation venture capital arm investing in new ventures in return for equity.
	DSP Concepts
	

	Crowdfunding
	Funding by raising small amounts of money from large number of people.
	MysteryVibes
	



Activities. Key activities are those actions undertaken by an organisation to most crucial for value creation and distribution (Osterwalder & Pigneur, 2010). The operational focus describes key activities performed by an IoT company. Porter (1980) distinguishes primary activities – these relate directly to the creation of the offering – from secondary ones – those which support execution of primary activities. Primary activities comprise in- and outbound logistics, transformation operations of input into outputs, marketing and sales activities, and services. Secondary activities include procurement, research and development, human resource management, and activities related to the maintenance of the company infrastructure. As discussed earlier, value creation in IoT contexts scatter activities traditionally concentrated within a single firm into to an ecosystem of collaborating ventures. Combining insights on the distinction between activities as suggested by Porter (1980) and those from our empirical observations, we included four operational foci for the IoT related taxonomy: Operations, Marketing & Sales, R&D, and Services (Table 4‑20)


[bookmark: _Ref532432571][bookmark: _Toc1564420]Table 4‑20: Taxonomy dimension – Operational Focus
	Design element
	Description
	Representative cases
	Source(s)

	Operations
	Activities related to transforming inputs (resources) into outputs (goods and services).
	Onion, Pycom
	(Johnson, Whittington, Scholes, Angwin, & Regner, 2014; Porter, 1985; Slack, Chambers, & Johnston, 2010)

	Marketing & Sales
	Activities related to raising customer’s awareness and ensuring increasing sales.
	Meural, Glanceclock
	

	Services
	Activities to increase the offering’s value of through complementary services.
	Parkbob
	

	R&D
	Activities focusing on the introduction, development, and enhancement of products and processes.
	DSP Concept
	



Furthermore, all firms promote their solution with customer acquisition activities. Therefore, they may opt for online and/or offline channels to raise solution awareness or share relevant information among/with customers. We included five empirically relevant customer acquisition channels in the taxonomy (Table 4‑21).
[bookmark: _Ref532432540][bookmark: _Toc1564421]Table 4‑21: Taxonomy dimension – Customer Acquisition Channel
	Design element
	Description
	Representative cases
	Source(s)

	Search Engine marketing
	Increasing the venture’s online visibility mainly through search engine optimisation of the venture’s web presence.
	Meural
	(Kotler & Keller, 2012)

	Email marketing 
	Newsletters and customised massage sent via email.
	Watty
	

	Social Media marketing
	Promotion of pictures, videos, and other content on social media.
	Vinaya
	

	Event marketing
	Participation and organisation of events including sports, charity, culture, and professional fairs.
	Petasense
	

	Content marketing
	Engaging in the creation and distribution of material to promote and demonstrate the value of the firm’s offering.
	Switch Automation
	



In addition to their offering per-se, companies also compete on the customer service they provide. We distinguish between five types of customer services that depict commonly observable manifestations (Table 4‑22).
[bookmark: _Ref532432646][bookmark: _Toc1564422]Table 4‑22: Taxonomy dimension – Customer Service Channel
	Design element
	Description
	Representative cases
	Source(s)

	Personal            assistance
	Direct human communication and exchange in the course or following the sales process.
	Soofa
	(Osterwalder & Pigneur, 2010)

	Customised  channels
	Assisting personnel assigned to specific customers (e.g. account managers).
	Wexus
	

	Self service
	Tools and processes for customer assistance.
	Kwik
	

	Community
	Development and maintenance of online communities for peer-to-peer assistance.
	Onion
	

	Automated       services
	Automated assistance tools incorporating rich customer information, such as chatbots.
	Litmus
	



Complementing creation-related activities, ventures rely distribution activities/channels to deliver the offering to their customers. Kotler and Keller (2012) define those as “the set of pathways a product or service follows after production, culminating in purchase and consumption by the final end user” (p.415). Management scholars distinguish distribution channels based on two attributes (Osterwalder & Pigneur 2010): i) the company owns a channel and manages the distribution by itself or it engages in partnerships for this activity; (ii) there exists a direct or indirect relationship between the customer and the venture. Our sample revealed four empirically relevant we distribution channels for IoT ventures (Table 4‑23).


[bookmark: _Ref532432673][bookmark: _Toc1564423]Table 4‑23: Taxonomy dimension – Distribution
	Design element
	Description
	Representative cases
	Source(s)

	Direct online
	The company maintains an own online platform for direct sales to the end consumers.
	Atmoph
	(Kotler & Keller, 2012; Osterwalder & Pigneur, 2010)

	Direct offline
	The firm has a sales team directly reaching out customers.
	Macrofab
	

	Indirect offline
	The company relies on brick and mortar stores of sales partner (e.g. retailers, wholesalers).
	MysteryVibe, Include
	

	Indirect online
	The firm sells via a partner’s online store.
	Meural, Butterfleye
	



Companies frequently rely on multiple distribution channels. This practice is termed “multichannel marketing” (Kotler & Keller, 2012, p.416). Consequently, the characteristics listed in Table 4‑23 are not mutually exclusive.
[bookmark: _Toc514425329]Why?
The “Why?” business model component refers to the potential of revenue streams in respect to the cost structure implied by the value creation mechanisms to facilitate the business model’s financial viability (Gassmann et al., 2014).
Revenue. The revenue model refers to the nature of revenue streams that results from providing the solution to a customer. Osterwalder and Pigneur (2010) describe two types of revenue models: (i) transactional revenues: the provision of the offering implies a single payment; (ii) recurring revenues: over the offerings’ lifecycle its provision is accompanied by multiple, recurring payments. In the course of our taxonomy development, we complemented these with three empirically observed types (Table 4‑24).


[bookmark: _Ref532432725][bookmark: _Toc1564424]Table 4‑24: Taxonomy dimension – Revenue Model
	Design element
	Description
	Representative cases
	Source(s)

	One-time sale
	Selling full ownership rights of a good.
	Hideez Glanceclock
	(Dijkman, Sprenkels, Peeters, & Janssen, 2015; Osterwalder & Pigneur, 2010)

	Subscription
	Selling access to a solution and continuous maintenance for a limited period of time.
	Wexus Petasense
	

	Advertising
	Generating revenue through advertisement fees of third parties.
	Wesavvy
	

	Brokerage
	Generating revenue from intermediation services between two or more parties.
	Slock.it, Terbine
	

	Licensing
	Selling intellectual property in the form of licensing fees.
	DSP Concepts
	



The pricing strategy dimension refers to the mechanisms used for price discrimination between different customers. Our empirical observations allowed for the identification of three distinct mechanisms used (Table 4‑25).
[bookmark: _Ref532432772][bookmark: _Toc1564425]Table 4‑25: Taxonomy dimension – Pricing Strategy
	Design element
	Description
	Representative cases
	Source(s)

	Fixed price
	Price fixed for individual services and products.
	Hideez
	(Osterwalder & Pigneur, 2010)

	Feature-dependent
	Price is a function of product features, such as quality, customisation, and design.
	Wexus, WigWag
	

	Volume- or Usage dependent
	Price is a function of the quantity purchased.
	Remicro
	



Costs/Profit. This dimension is concerned with the essence of the logic, which facilitates the firm to generate sustainable profits. Scholars have identified two main influencing factors: (i) the margin and (ii) the volume of units sold (Horngren, Datar, & Rajan, 2012). Accordingly, we include margin and sales volume in the taxonomy. Additionally, our IoT-centred sample indicated that the number of transactions or the usage in services-based contexts or for solutions provided “as-a-service” served as an additional important profit mechanism (Table 4‑26).
[bookmark: _Ref532432797][bookmark: _Toc1564426]Table 4‑26: Taxonomy dimension – Profit Effect 
	Design element
	Description
	Representative cases
	Source(s)

	Margin 
	Profit is mainly driven by large differences between the cost of a solution and the sales price.
	American-Robotics
	(Horngren et al., 2012)

	Sales volume
	Profit is mainly driven by high sales volumes that may compensate for low margins.
	Hideez
	

	Use/Transaction
	Profit driven by the usage intensity of the solution (e.g., number of transactions)
	Wexus
	



High-Performing Business Model Configurations
For identifying and describing high-performing configurations of business model design elements, we selected a subset of 31 high performing ventures. To determine high financial performance, we used a proxy; we checked if the venture received a Series A funding. Use of Series A funding as a proxy is supported by prior literature (cfr. Baum & Silverman, 2004; Short, Mckelvie, Ketchen, & Chandler, 2009). 
We then applied another k-Modes clustering to those high-performing ventures to identify business model configurations (BMCs) along the nine sub-layers. We searched the possible space of configurations between 2 and 20 clusters and identified 4 clusters as the most appropriate number based on the Silhouette score (0.053) (Rousseeuw, 1987). In the following discussion, the underlying configurations of these four clusters are referred to as BMC1, BMC2, BMC3, and BMC4. Table 4‑27 provides an overview of our full taxonomy (comprising components, sub-components, dimensions, and design elements) as well as these four BMCs. 
The similarity between the four BMCs was calculated using the Hamming distance and is displayed in Table 4‑27. Similarity can range from 0 to 1, with 0 indicating that no combination of design elements is the same for two BMCs, and 1 indicating that all design elements for two BMCs are equal. 


[bookmark: _Ref532432821][bookmark: _Toc1564427]Table 4‑27: Hamming distance between BMCs
	
	BMC1
	BMC2
	BMC3
	BMC4

	BMC1
	1
	
	
	

	BMC2
	0.22
	1
	
	

	BMC3
	0.33
	0.44
	1
	

	BMC4
	0.33
	0.44
	0.44
	1



The solutions across all BMCs create value either as control tools (BMC1, BMC2, BMC3), or execution and improvement tools (BMC4). Interestingly, the similarity in their solution type is matched by high similarities in the relating ecosystem properties. Most remarkable, the operational focus across all configurations focuses on four specific layers: the device, management, application and service layers. Firms relating to BMC1 and BMC3 complement their offerings through collaborations with partners on the network and security layer. In regard to the necessary interplay of multiple technologies for a complete IoT solution this main focus on a limited selection of layers in all four configurations is particularly interesting. Notably, all configurations operate on the Device, Management, Application, and Service layer.
We further observed ecosystem similarities across the high performing ventures. Independent from the configuration, we observed solutions built around closed and proprietary ecosystems. These properties highlight the prioritisation of control over interoperability to other ecosystems. One major difference of the ecosystem configuration concerns the core functions of the solutions. BMC1 and BMC2 monitor, control, and optimise, BMC3 comprises solutions to monitor and control, BMC4 is limited to monitoring. 
These core functions are based rely on the combination of primary technologies relating to the IoT layers with complementary ones. Our observations revealed artificial intelligence as a technology enabling solutions across all four BMCs. For instance, Zoox, developing autonomous cars, leverages machine learning as part of a car’s environment mapping (BMC1). Further, Cocoon Cam uses artificial intelligence to monitor breath patterns of new-born babies (BMC3). Considering that all high-performing companies leverage such data for analytical rather than transactional purposes, the configurational fit of characteristics along the different business model dimensions becomes apparent. Interestingly, we did not observe any type of institutional support such as incubators, or universities to be associated with any high performing configuration.
The subsequent subsections provide details on each of the four identified BMCs. To enhance understanding of their fundamentally abstract character, we illustrate individual characteristics and configurational fit between them relying on illustrative examples from the sample cases.
[image: ]
[bookmark: _Toc1564384]Figure 4‑1: IoT business model taxonomy and high-performing configurations
BMC1
Firms relating to BMC1 dominantly offer solutions that depict control tools. For instance, Avi-on provides a solution for lighting and building controls that allows for remote management for various contexts including warehouses, manufacturing, office, and outdoor infrastructure. These solutions typically comprise both goods and services. Both features are characteristic for three out of the four high-performing configurations. For instance, Avi-on comprises various hardware components such as low-power, long-range Bluetooth chips and different sensors, but equally software elements, such as a the Avi-on app, through which the user can control the lighting system. Another example represents The Yield, a company providing analytics for the agricultural and aquacultural sector. The Yield’s solution comprises both sensors and software – including an app – for data analytics. In the context of farming, together these components facilitate the analysis and prediction of the microclimate to support famer’s decision making on planting, harvesting, and crop protection among others.
BMC1 companies aim to differentiate their solutions from the competitive environment through turnkey characteristics and superior performance. For instance, Avi-on prominently puts significant emphasis on the ease of installment, use and potential adjustments of its lightning control solution. Cognosos, a company providing solutions to support business operations, such as inventory management or asset tracking, exemplifies the focus on ‘unmatched’ performance. In the context of asset tracking, the company highlights the optimisation potential of its solution, which includes the improvement of asset utilisation, reduction of labour costs and turnaround time. 
A natural consequence of solutions that comprise both goods and services, the operations of BMC1 ventures span across multiple IoT layers. As described earlier a common feature among high performing configurations is to provide the physical devices that are part of any IoT solution. Thereby, BMC1 provides a relatively complex set of functions comprising monitoring, controlling, and optimising processes. For instance Cognosos unlocks optimisation potentials essentially by providing a ‘complete’ or “true end to end IoT solution [spanning from] low cost battery powered devices to a revolutionary long range wireless network and an extensible and configurable IoT platform.” Here, sensors and network gateways facilitate assets to be tracked online and deliver timely information to the cloud. Cognosos’ proprietary IoT platform then facilitates optimised or data-based decision making based on data analytics. 
BMC1’s market profile is characterised by a diversified portfolio of dominantly B2B clients around applications for the Smart Industry ecosystem. For instance, Cognosos highlights the capability of its end-to-end IoT solution to meet demands across a wide range of industries. Another example is Cloudleaf, a company developing end-to-end solution for location tracking and condition monitoring. While being dominantly active in multiple indoor contexts ranging from warehouses, to distribution centres and factories, CEO Mahesh Veerina sees enormous application potential also for out-door contexts and eventually end-to-end contexts spanning various locations.
A differentiating characteristic of BMC1 is a loose interaction intensity in terms of client relation. Among high-performing configurations only BMC3 shares this property. For instance, N.thing, a venture developing solutions in the context of smart farming, offers its solutions mainly through a conventional online store. To ensure customer retention BMC1 relies dominantly on financial switching costs. For instance, N.thing’s solutions imply high purchasing costs that deters customers from switching to competing providers. 
The provision of BMC1 solutions critically dependents on internal physical resources. as they dominantly develop the physical devices internally. Examples comprise Avi-on’s control devices, The Yield’s sensors and probes. A further example represents Zoox’ that is developing a developing an end-to-end solution for autonomous driving. This also includes the design of a “symmetrical, bidirectional, zero-emissions vehicle from the ground up.”
In terms of data as a resource, BMC1 represents a distinct profile as it relies dominantly on data related to the actual state, context, and usage the physical devices. For instance, in the agriculture context, The Yield relies on five types of data: (i) personal information for identification, (ii) information about the farm collected by its sensors (or manually entered by the farmers), (iii) aggregated and anonymsed data from other farms, (iv) data from data analytics, (v) and to a certain extent publicly available external data.
Ventures relating to BMC1 primarily partner for Components, Network, and Security. Flytrex, exemplifies the crucial role of component partners. Flytrex provides end-to-end drone delivery solutions for which it relies on drones from manufacturers like DJI. Similarly, The Yield relies on hardware components from Bosch and uses Microsoft Azure for the secure hosting of their data platform.
To secure investments BMC1 ventures primarily raise funding from Business Angels and Venture Capitalists. 
BMC1 is characterised by an operational focus on R&D and Services. For instance, Zoox heavily invests in R&D in terms of both hardware and software for the development of its autonomous driving solution. Services, on the other hand, refer to activities which contribute to the value of the provided solution. For instance, The Yield commits to the installation and support of its solutions.
BMC1 ventures primarily rely on subscriptions for their revenue models. Thereby, the monthly rates are either feature- or volume-/usage-dependent, allowing the ventures to match their value capture to varying customer needs. For instance, Connecterra, a firm developing a famers’ assistant leveraging artificial intelligence, offers three different feature-dependent subscription plans. Similarly, Flytrex offers three pricing options for access to its drone control centre. Here, one of the differencing pricing factors is the type of drone provided.
BMC2
In regard to the What? component BMC2 and further BMC3 nearly fully resemble BMC1. Ventures relating to BMC2 also develop control tools comprising most often both goods and services. Smappee exemplifies this configuration. The firm provides a solution for energy consumption management for electricity, solar, gas, and water. The solution provides an energy monitor to monitor real-time energy production and consumption, but further can be used as a controller to optimise timing and appliance assignment of energy flows. Further BMC2 is also characterised by a focus on performance-related and turnkey features for the development of competitive advantages. 
Resembling BMC1, ventures relating to BMC2 operate in diversified segments, dominated by business customers. However, in contrast to the prior configuration, BMC2 ventures primarily develop solutions in the context of Smart Environment applications. This is exemplified by Smappee’s energy management solution that serves both business and consumers.
Ventures in BMC2 engage intensively with their customers. For instance, DSP Concept provides a complex suite of algorithms for audio processing. DSP Concepts’ solutions such as TalkTo, developed for near-field and far-field voice control, are being integrated into its customers products. Therefore, they provide different services ranging from design to consulting to accelerate product development and achieve end-customer satisfaction. 
Naturally, BMC2 reveals an operational focus on R&D and Services, resembling that of BMC1. However, unlike physical resources in BMC1, the key internal resources of ventures in BMC2 are dominantly human and organisational resources. For instance, DSP Concepts highlights its engineering team comprising specialists for various audio related topics, which are core to its ability to support the development of its customers’ products. The company further offers customised IP development for certain applications, based on its “deep domain knowledge and the Audio Weaver® system”, a graphical development environment for the integration of audio-features into embedded products. Another example is depicted by Ushr, a company developing high-definition mapping technology for autonomous driving, which emphasises its long-established experience in mapping engineering.
Unlike BMC1, ventures relating to BMC2 primarily rely on External Data as a key resource. For instance, Ushr relies on vehicle sensors to map “roadway, road objects and geometric road features.” Similarly, DSP Concept takes voice from its customers’ users as an input for its suite of audio processing algorithms. 
BMC2 ventures receive funding dominantly from corporate venture capital units. For instance, DSP Concepts has received funding from BMW i Venture, which facilitates the integration of its technology into automotive applications, based on the teams’ experience and network.
In contrast to BMC1, BMC2 ventures rely primarily on one-time sales for their revenue model, while establising feature-dependent price discrimination. For instance, Smappee’ energy monitor is offered at for a fix price that includes 5 years of service.
BMC3
In terms of the sub-components solution and ecosystems, the characteristics of BMC3’s resemble those of BMC1 and BMC2. That is, companies of this configuration offer control solutions to their clients that differentiate themselves from competition by performance and turnkey properties. 
Unlike the previous configurations, BMC3 ventures focus their solutions on monitoring and controlling, opposed to optimisation. For instance, Silvair provides a platform for connected lighting management. Besides advanced commissioning and maintenance tools, Silvair’s solution support the monitoring of large-scale installations in commercial environments. It further enables tailored and advanced lightning control strategies
BMC3 differs from the previous configurations in regards to the operational focus. Marketing and Operations represent those areas with the highest relevance for BMC3 ventures. This is different from previous configurations that are characterised by an operational focus on R&D and Services. Meural exemplifies a focus on marketing activities. The company creates smart art frames that allows users easily display own images or existing art works. Thereby Meural heavily relies on social media for the promotion of its product, including Twitter, Facebook, Instagram, and Pinterest.
Firms relating to BMC3 leverage external data as an essential part in the creation of their offering. For instance Meural, offers a membership, through which the customers can access and display thousands of famous art pieces and exclusive works from partners.
BMC3 is characterised by low intensity in customer interaction. For instance, both Atmoph, a company offering smart frames that can function as ‘smart digital windows’, and Meural distribute their products majorly through online stores. 
Component, Network, and Security partners are most relevant for BMC3 related companies. In terms of component partners, for instance, Cocoon Cam that provide smart baby monitoring relies on external suppliers for the physical components of its solution. Venture capitalists represent the main source of capital for BMC3 firms. In contrast to other configurations, these ventures rely dominantly on fixed pricings as their revenue model. For instance, opposed to a subscription-based revenue model, Cocoon Cam, offers its baby monitoring solution for a fixed price and creates potential additional revenue through cross-selling a kit for the power cable of the baby monitor.
BMC4
The solutions provided by firms relating to BMC4 differ from those of all other configurations. In contrast to the previous configurations that focus on the development of control tools, BMC4 is characterised by solution types around execution and/or improvement tools. Further the provision of services opposed to bundles comprising complementary physical goods dominates this configuration. For instance, Seebo offers an industrial IoT platform for applications such as predictive maintenance, remote monitoring, or root cause investigation. Thereby, a main focus lies on the use of machine learning techniques to improve financial key parameters. In the case of predictive maintenance these are lower service costs and productivity increase through the anticipation and prediction of asset failure. Another example for an execution tool is Scriptr, a company providing a software platform for data management. Scriptr’s portfolio comprises various applications, ranging from account management solutions, asset tracking, and other data management services across a diverse set of industries. On its website the company describes this portfolio as follows: “Scriptr.io offers a set of solutions that enable integrating volumes of data from multiple sources, extracting meaningful knowledge and orchestrating the result into established enterprise processes.”
Accordingly, BMC4 also relies on different competitive strategies than the previous configurations. Turnkey and Integration are focal themes for firms in these configurations. For instance, both Seebo and Scriptr emphasise a seamless integration into various ecosystems. For instance, Scriptr highlights that its platform is “device agnostic and integrates with the widest range of devices, gateways, clouds, device management platforms, telematics solutions and enterprise systems.”
BMC4 is further the only configuration in which the offered solutions focus dominantly on monitoring functions, in contrast to extended functionalities by the previous configurations. Another differentiating factor is the operational focus by ventures relating to this configurations. These firms excel particularly in Operations and Marketing and Sales. This is achieved building on superior human and organisational resources. For instance, Seebo has developed extensive knowledge on predictive maintenance and condition monitoring, some of which they have published as part of a public knowledge library. The company has further filed a number of patents. 
Consistent with other configurations, BMC4 firms develop solutions for B2B customers. For instance, Scriptr positions itself clearly as an enterprise solution. Another example represents Sensorberg, a venture facilitating digital facility management based on the use of connected sensors and actuators. On its website the company highlights the applicability of its solution for residential buildings, coworking spaces, offices, and storage spaces and targets those in charge for the management of these facilities.
Further similarities with other configurations constitute the partnerships established in this configuration. The related ventures closely engage with component partners while receiving investments from corporate venture capitalists. Corporate capital is well suited to establish close relationships with aforementioned business clients. Unlike BMC3, firms in this configuration dominantly develop subscription models for which feature-based variants are established to create reoccurring revenue streams. For instance, Seebo relies on a subscription model for which the rates depend on the “number of users, platform functionality, and integration needs.”
The importance of business model sub-components
Lastly, we analysed the relationship between element combinations of individual sub-components and firm success. Therefore, we implemented a decision tree to discriminate high-performing and low-performing business models across the whole dataset by their combination of design elements.
For this purpose, we used a binary dummy variable, called venture performance, where 0 indicates that the startup did not receive Series A funding (i.e. low performance), while 1 indicates the presence of Series A funding (i.e., high performance/success). Using Series A funding is a common success proxy for startup firms and frequently applied in management research (e.g., Baum & Silverman, 2004). Since we focused on firms that are not older than four years and controlled for rival explanations for achieving Series A funding, we assume that it can be used as an explanatory factor for firm performance. The high- and low-performing ventures were not significantly different in firm age, technology trend, and location.
We used the configuration of design elements in each sub-component as input features for the decision trees. This means that each venture is characterised by its membership along the nine sub-components. Thus, each business model is a configuration of nine clusters. For instance, the business model of the venture Accerion is characterised by solution configuration 3, ecosystem configuration 1, market configuration 5, customer relation configuration 4, resource configuration 2, partner configuration 2, activities configuration 2, revenues configuration 2, and cost configuration 4.
The random forest consists of an ensemble of decision trees each of which is an inductive discriminative model that divides the feature space between high-performing and low-performing business models. Table 4‑28 indicates the feature importance of sub-component configurations in descending order.


[bookmark: _Ref532432861][bookmark: _Toc1564428]Table 4‑28: Feature Importance of sub-component configurations
	Sub-component configurations
	Feature importance

	Customer relation
	0.20

	Revenue
	0.20

	Market
	0.18

	Solution
	0.15

	Cost
	0.09

	Ecosystem
	0.08

	Partners
	0.05

	Resources
	0.04

	Activities
	0.04



The results show that the component configurations of customer relation and revenue model are the most important features in defining high-performing business models. These features are followed by the market addressed by the venture and the solution provided to the customer. Consequently, these four customer-centric combinations of design elements are most relevant in separating high-performing from low-performing business models in the IoT industry.
[bookmark: _Toc1564356]Discussion and Conclusion
Contributions
This study adds to theories of business model innovation and the study of IoT ventures. Prior research emphasises the configurational nature of business models relying on terms such as architecture (Teece, 2010) or system (Afuah & Tucci, 2003). However, empirical insights on the corresponding configurations of design elements have been scarce. Addressing this gap, we inductively explored the content and structure of design elements to eventually understand which configurations of design elements indicate high-performing business models, and which configurational choices are most important in defining business model performance.
Our research makes three core contributions. The first contribution is the introduction of a taxonomy of domain-specific, fine-grained, design choices of business models providing insights into the content of the business model design elements of IoT ventures. A second contribution relates to the structure of design elements through the identification of high-performing business model configurations in the IoT domain. The third contribution is insight into the varying importance of business model design elements. 
Content of IoT Business Model Design Elements
Our study provides insights for business model theories related to the relevant fine-grain dimensions in the IoT. Prior research has developed generalisable business model taxonomies identifying the value proposition (“what?”), target customer (“who?”), value creation (“how?”), and value capture (“why?”) as the key components that organise various design elements (Foss & Saebi, 2017; Gassmann et al., 2014). In the context of the IoT, our research suggest that business models components can be further differentiated into externally observable 26 sub-components and 108 concrete design elements, collectively allowing for a more focused business model design (Al-Debei & Avison, 2010). We extend research on IoT ventures by consolidating studies on the IoT (e.g., Püschel et al., 2016; Turber et al., 2014), business model research (e.g., Osterwalder & Pigneur, 2010), and adjacent management fields (e.g., Kotler & Keller, 2012) into a fine-granular and holistic business model taxonomy. 
Our empirical insights suggest that despite a theoretically infinite design space, IoT ventures rely on a comprehensible amount of business model elements within each component. For instance, revenue is generated based on one or multiple selections of one-time payments, subscriptions, advertising, brokerage, or licensing. In most cases, it is just a choice between one-time payments and subscriptions.
Structure of IoT Business Model Design Elements
As a second theoretical contribution of our study, the identification of high-performing business model element configurations, adds to theories on business model innovation. Prior research has analysed performance implications of design themes (e.g., Zott & Amit, 2007). Our research reveals performance implications based on configurations of design elements. We identify four high-performing configurations and thereby provide specificity on equifinality in business model design. Among a multitude of further manifestations of fitness, complementarities within IoT business models for instance emerge when ventures focus on control tools and aim to differentiate themselves from competition through performance and turnkey while operating on the IoT layers of management, application, and service. The four high-performing configurations confirm that equifinality exists for configurations of design elements. However, interestingly these configurations only rely on a small set of possible design elements and show major overlaps. This indicates that the potential for equifinality in high-performing business models is limited within a given context – at least at any specific moment in time. Nevertheless we assume that there exist further “plausible, yet not empirically manifested, configurations” (Soda & Furnari, 2012) that can be associated with high performance.
Variance of Component Importance
As a third theoretical contribution of our study, we further support theories on business model component design. Prior research has drawn attention to the conscious design of individual business model (sub-)components to drive firm performance, including customer relationships (Storbacka & Nenonen, 2009), revenue models (Amit & Zott, 2010; Gebauer, Haldimann, & Saul, 2017; Gebauer, Saul, Haldimann, & Gustafsson, 2017; Prahalad & Hammond, 2002), market orientation, and solutions (Morgan, Vorhies, & Mason, 2009; Zott & Amit, 2008). We find empirical support for the individual importance of these sub-components. Our configurational approach, however, also indicates that performance is the result of ‘fitness’ within these sub-components. In terms of solution for instance, IoT ventures need to align what we referred to as the solution form, type, and competitive strategy. 
Limitations and Future Research
This empirical study develops theories on the configuration of business model design elements in the IoT. It has a number of limitations that warrant caution but also bear opportunities for future research. 
Methodological approach. First, our research approach primarily relied on the use of secondary, publicly-available data and that limited the business model dimensions we were able to consider. Underlying our research approach has been the idea that important business model design elements are easily observable (Teece, 2010). However, to be in line with Nickerson and colleagues (2013), we had to exclude some internal business model dimensions such as the cost structure, data ownership, and contractual ties governing the relations between partners. Second, due to data collection from digital sources, certain offline characteristics we included – such as offline advertising and distribution in brick-and-mortar stores – were more difficult to observe. From a contrary point of view, however, these restrictions have led to a taxonomy that can be used as a tool for business model analysis by internal and external parties. 
Findings. First, although domain specificity is an advantage of this study, it limits the generalisability of our results. In particular, we assume the identified relationship between design element configurations and firm performance to be highly context-dependent (Teece, 2010). To increase the generalisability of our configurational insights on business model design, future research might conduct complementary studies incorporating variance in technology domains or organisational context. Second, the dynamic evolution of the underlying technologies of the IoT implies a natural co-development of design elements of IoT business models. Hence, the taxonomy of business model design elements should not be interpreted prescriptively and as incorporating the ‘best’ or ‘correct’ ones, as these cannot be defined and furthermore change over time (Nickerson et al., 2013). Further research on the theoretical rationale for business model design element choices could examine the dynamic nature of such choices over time.
Overall, through this study, we hope to generally improve understanding of business model design and support guidance for the development of much-needed practice-oriented tools for ventures operating in the IoT. 
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