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This study focuses on the problem of how complementors, or supply side in digital 

multisided platforms, increase their performance levels by strategically responding to 

consumer demand as the size of platforms grows and competition intensifies over time. 

Platform providers seek to increase product variety at the platform level to attract more 

consumers, create indirect network effects, and in turn, attract even more complementors. 

Increases in product variety at the platform level may contribute to platform growth 

through this virtuous cycle. This study shows, however, that individual complementors 

should strategically create variety in the products they launch rather than relying on these 

platform-level increases for network benefits, and adjust their strategies as a platform 

grows in size and competition intensifies. Extending the entrepreneurship theories of value 

creation to complementor behavior in platforms, this study finds that complementors gain 

superior performance advantages from concentrating their focus in creating product variety 

that meets the needs and preferences of consumers. Complementors benefit more from 

specializing within product categories than from spanning across categories when creating 

a variety of products in platforms. The study limits its examination of within-complementor 

performance changes in a platform in which complementor offerings are creative products. 
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Chapter 1: Introduction 
Multisided digital platforms (hereafter, “platforms”) have become prevalent as 

digital technology has increasingly permeated into today’s economy (Yoo, Boland, 

Lyytinen, & Majchrzak, 2012). Platforms depend on complementors to grow and prosper. 

The more complementors join a platform and launch a variety of products, the more 

variety-seeking consumers can be attracted, which, in turn, can attract even more 

complementors (Boudreau, 2012; Evans, 2003; Gawer & Cusumano, 2002, 2008; Rochet 

& Tirole, 2003; Rysman, 2009). That is, product variety manifests itself as a predictor of 

both complementor and platform performance (Boudreau, 2012; Brynjolfsson, Hu, & 

Smith, 2010; Hagiu, 2009). Complementors must decide strategically on how to use limited 

resources while creating a variety of products because attaining sustainable performance 

advantages is a growing struggle in increasingly crowded platforms (e.g., Boudreau, 2012). 

They can create variety in two ways leveraging categories: through diversification1 by 

offering products across categories or through specialization by offering products within 

categories. Complementors need to adjust these two strategies as platforms grow and 

competition intensifies (e.g., Boudreau & Jeppesen, 2015; Venkatraman & Lee, 2004). 

In platform studies, complementors are defined as co-creation partners (Adner & 

Kapoor, 2010), sources of innovation (Boudreau, 2010), providers of resources 

(Venkatraman & Lee, 2004), independent providers of complementary products (Boudreau 

& Jeppesen, 2015). Most of these studies focus on indirect network effects achieved by 

attracting larger numbers of complementors (Boudreau, 2012) and “the art of managing 

complementors” (Yoffie & Kwak, 2006). An emerging line of studies has examined issues 
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related to complementors such as the conditions influencing their product launch decisions 

(Venkatraman & Lee, 2004) along with the effects of intellectual property regimes 

(Ceccagnoli, Forman, Huang, & Wu, 2012), how complementors respond to resource 

dependencies (Altman, 2016), and how their product introduction strategies vary when 

challenged by competition from the providers of platforms (Cennamo, Gu, & Zhu, 2016). 

Beyond a limited number of emerging studies, the perspective of complementors, their 

heterogeneity in attributes and strategies, incentives to join a platform, ability to leverage 

resources and introduce product variety, and the ways they do so have been largely 

neglected despite the critical importance of these topics (McIntyre & Srinivasan, 2017). 

The prevailing view of complementors in the literature is incomplete. Most prior 

studies focus only on the quantities of complementors and complementor products 

(Srinivasan & Venkatraman, 2010). This view tends to homogenize complementors, while 

complementors are usually heterogeneous and their contributions to platforms depend on 

the heterogeneity in their variety creation strategies (Wareham, Fox, & Cano Giner, 2014). 

The homogeneous view fails to consider the different strategies that complementors deploy 

to create and launch a variety of products and services. Understanding variety creation is 

critical in platforms because it is through a variety of products and services that value is 

created by the complementors in platforms. Moreover, complementor performance is a 

likely predictor of platform performance (Adner, 2006; Adner & Kapoor, 2010; Gawer & 

Cusumano, 2002, 2008; Tiwana, Konsynski, & Bush, 2010). 
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The objective of the current study is to examine the complementors’ entrepreneurial 

acts through new product development and introduction strategies, and the effects of these 

strategies on their performance in the context of platforms with creative products. Creative 

products2 are chosen because variety can be important to appeal to consumers’ aesthetic 

and expressive tastes over and above their utility functions. Variety in creative products 

must respond to a balance between artistic and commercial demand (e.g., Lampel, Lant, & 

Shamsie, 2000). In this study, variety refers to differences in kind and category (Harrison 

& Klein, 2007) of products created by complementors in platforms. 

Complementors of creative products have two basic strategies to create variety. 

First, they may create variety through diversification across categories. Second, they may 

do so through specialization within categories. Moreover, complementors may change their 

strategies as a platform grows in size and competition intensifies. The choice of two 

strategies represents a fundamental problem in entrepreneurial opportunity formation3. 

Hence, the study conceptualizes complementor behavior in the pursuit of these strategies 

through the lens of the entrepreneurship theories of value creation. The entrepreneurial 

theories of value creation advance two ways that an entrepreneur can go about opportunity 

formation: opportunity discovery and opportunity creation (Alvarez, Barney, & Anderson, 

2013; Sarasvathy, Dew, Velamuri, & Venkataraman, 2003). This study explores 

opportunity creation and elaborates it further by integrating knowledge and demand 

articulation concepts (e.g., Zollo & Winter, 2002) in the context of creative products. 



 4 

The propositions on complementor strategies are tested using rich, large-scale data 

from a digital multisided platform in which complementor offerings are creative products. 

The sample is from ravelry.com (Ravelry), a platform with approximately seven million 

total users and quarter million creative products offered by complementors. The findings 

indicate that complementors achieve superior performance advantages through improved 

knowledge and demand articulation capabilities when they create variety through 

specialization within product categories. The effect weakens but persists as a platform 

grows in size and competition intensifies. The performance advantages of variety creation 

through specialization within categories are increasingly more evident as a higher level of 

product variety is created. Further analyses also show that two strategies may be 

complementary rather than contradictory, positively reinforcing each other. 

This study contributes to the emerging literature on complementor strategies and 

performance in platforms by offering a conceptualization of variety and value creation in 

IT-enabled, platform-based markets from complementors’ perspective (e.g., Ceccagnoli et 

al., 2012; Cennamo et al., 2016; Venkatraman & Lee, 2004). Moreover, it elaborates the 

opportunity creation view in the entrepreneurship theories of value creation by integrating 

the knowledge and demand articulation concepts (e.g., Alvarez et al., 2013; Sarasvathy et 

al., 2003). This study also extends the prior work in information systems on the effects of 

product variety to platforms with creative products (e.g., Brynjolfsson, Hu, et al., 2010). 

The rest of the study is organized as follows. In the next section, an overview of the 

literature in related research areas is presented. The theoretical base upon which the study 
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is built is discussed, and the hypotheses regarding the variety creation strategies of 

complementors in platforms and their effects for complementor performance are proposed. 

Next, the research setting and data are described, and the methodology is discussed. The 

results are presented and the evidence from a large set of robustness tests is reported in the 

following section. The study is concluded by discussing the limitations, contributions, 

implications, and future research directions. 
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Chapter 2: Theory Background and Hypotheses 

PLATFORMS AND COMPLEMENTORS 

Platforms have been studied from three extant views (i.e., IO economics, 

technology management, and strategic management); all prevalently taking platforms’ 

perspective with a limited attention paid to platform complementors (McIntyre & 

Srinivasan, 2017). Studies in information systems (IS) literature complement these views 

by examining the implications of “digital” (e.g., Eaton, Elaluf-Calderwood, Sørensen, & 

Yoo, 2015; Tiwana, 2015). These studies contribute to platform literature by examining 

the strategic implications of digital infrastructures such as how infrastructure modularity 

can mediate the relationship between complementors and the providers of platforms, and 

affect complementor product performance (e.g., Tiwana, 2015; Tiwana et al., 2010). They 

also show how digital interfaces such as application programming interfaces emerge as 

critical components of variety control and governance in platforms (e.g., Eaton et al., 2015; 

Ghazawneh & Henfridsson, 2013). The research also reports how digital infrastructures 

can exhibit “generative” characteristics and facilitate variety creation through 

complementor products (e.g., Henfridsson & Bygstad, 2013; Tilson, Lyytinen, & Sørensen, 

2010). 

Studies in the area usually focus on the providers of platforms with less attention 

paid to the complementors of platforms and their entrepreneurial behavior. In prior work, 

platform performance is explained by indirect network effects with a fundamental premise 

that more complementors attract more consumers, which, in turn, attract even more 

complementors. This tenet is succinctly noted by Katz & Shapiro (1994: 94): “systems that 

are expected to be popular -and, hence, have widely available components- will be more 

popular for that very reason.” In the pursuit of value creation through indirect network 
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effects, complementors have been treated as entities whose “quantities” should be 

maximized to achieve network effects, and who should be “managed” for desired outcomes 

(e.g., Boudreau, 2012; Yoffie & Kwak, 2006). In a limited number of studies, these desired 

outcomes include product variety as well. However, these studies also take platforms’ 

perspective and focus on how the providers of platforms should govern variety creation 

(e.g., Hagiu, 2009; Wareham et al., 2014). 

Studies that take the complementors’ perspective have shown that complementors 

are attracted to platforms with larger numbers of other complementors (hence, valuing 

direct network effect benefits), as well as to dominant and younger platforms 

(Venkatraman & Lee, 2004). They attain significant performance advantages by joining a 

platform, and increasingly so with intellectual property rights at hand (Ceccagnoli et al., 

2012). Complementors increase the number of products they launch in a platform, as the 

platform grows, but they are less likely to do so as competitive intensity increases 

(Boudreau & Jeppesen, 2015; Venkatraman & Lee, 2004). 

Finally, studies that focus on complementor-platform relationships show that 

complementors are usually discouraged from growing their businesses in a platform in 

which they observe competition from the provider of the platform (Zhu & Liu, 2016), and 

at times when they are not discouraged, they tailor the focus of their product introduction 

and innovation efforts (Wen & Zhu, 2016). Complementors of creative products respond 

to competition from the providers of platforms by launching more products initially in the 

same product category in which they observe competition, and when the competition 

intensifies, they launch products across categories. That is, they respond to the competition 

from the providers of platforms potentially by increasing the variety of their products 

(Cennamo et al., 2016). 
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Complementor strategies for the creation of product variety and the performance 

effects of strategies have not been adequately addressed yet. Entrepreneurship theories are 

underutilized in platform research despite the recognition of the potential value from and 

the calls for their use (e.g., Lusch & Nambisan, 2015; Majchrzak, Markus, & Wareham, 

2016). Entrepreneurship theories in general are underutilized in the broader IS literature 

(Del Giudice & Straub, 2011). 

COMPLEMENTOR BEHAVIOR AS AN ENTREPRENEURIAL ACT4 

Theories of entrepreneurial opportunity formation can explain the creation of 

product variety by a platform’s complementors. Like broader economic systems that 

depend on the pursuit of opportunities by prospective entrepreneurs (McMullen & 

Shepherd, 2006), platforms depend on the pursuit of variety creation by their 

complementors, as consumers seek variety in platforms (e.g., Hagiu, 2009). From 

platforms’ perspective, the central issue is whether complementors engage in this 

entrepreneurial action5 (no matter how they do so). From complementors’ perspective, the 

central issue is how they go about acting (i.e., how variety is created and launched). 

This study considers entrepreneurship theories to explain the entrepreneurial action 

by complementors; i.e., the discovery and creation views of opportunity formation 

(Alvarez & Barney, 2007; Eckhardt & Shane, 2003; Edelman & Yli-Renko, 2010; Shane 

& Venkataraman, 2000). The discovery view is predominantly about search. Entrepreneurs 

scan an environment for exogenous opportunities that originate from the changes in the 

environment. In this view, entrepreneurial action is about taking risks: entrepreneurs 

evaluate possible outcomes associated with an opportunity using relatively objective 

measures (e.g., cost, revenue potential, and probabilities of success). The creation view is 

about “the act of creating.” Entrepreneurial action is the main source of opportunities, 
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which “could not have been known without the actions taken by these entrepreneurs” 

(Alvarez & Barney, 2007: 15). In the creation view, entrepreneurial action exhibits 

uncertainty rather than risk because entrepreneurs cannot evaluate possible outcomes 

associated with an opportunity ex ante due to the lack of information (i.e., information 

required to evaluate an opportunity does not yet exist before the opportunity is created). 

COMPLEMENTOR OUTPUT THROUGH DISCOVERY VIS-À-VIS CREATION 

Next, opportunity formation theories will be briefly reviewed in terms of variety. 

Discovery logic 

The discovery logic argues that opportunities exist independent of entrepreneurs, 

just waiting to be discovered and exploited (Alvarez & Barney, 2007; Shane & 

Venkataraman, 2000). In a way, entrepreneurs bring “agency to opportunity” (Shane, 2003: 

7). This dominant logic explains entrepreneurial activity by search and discovery, and 

defines an opportunity as “the chance to meet a market need (or interest or want)” 

(Ardichvili, Cardozo, & Ray, 2003: 108). In platforms, the discovery logic is more line 

with the entrepreneurial pursuit of opportunities in contexts in which consumers define 

their problems, and complementors respond by their products, services, or ideas that solve 

these problems. Freelancer platforms constitute a good example. In a platform for freelance 

programmers, a computer programmer (as a complementor) may be better off discovering 

the best paying available jobs with the shortest times required for completion. According 

to the discovery logic, the success of opportunity discovery depends on the success of 

environmental scanning for a variety of consumer demand that can be fulfilled, and this 

could be achieved by entrepreneurial alertness (Kirzner, 1973). Following the discovery 

logic, complementor activity can be defined as an exploration of the available product or 

service categories for a variety of consumer demand (i.e., predefined problems) that a 
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complementor can fulfill. Forasmuch as a complementor has a broad expertise to launch a 

variety of products in different categories, the discovery logic and corresponding search 

theories guide entrepreneurial activity towards diversifying risk across product categories. 

The likelihood of success in responding to consumer demand is increased this way. 

Creation logic 

The creation logic complements the discovery logic, and fits better to explain the 

entrepreneurial activity in platforms in which tasks for complementors are not defined ex 

ante. The underlying assumption for the creation logic is that opportunities are not formed 

exogenously; they are instead brought into existence by entrepreneurial action (Baker & 

Nelson, 2005; Sarasvathy, 2001). Search and discovery have little value in the creation 

logic (Alvarez & Barney, 2007). The reason is that opportunities must be created before 

they can be searched for and discovered (Sarasvathy et al., 2003). When problems or 

opportunities are not well defined, they need to be formulated through iterations between 

consumers and complementors (e.g., Baer, Dirks, & Nickerson, 2013). For example, in a 

multisided 3D printing platform, consumer problems are usually only vaguely defined (not 

yet articulated) in regard to what is to be designed and printed for what purpose. Following 

the creation logic, opportunities emerge only after they are enacted in an iterative process 

of action and reaction (Alvarez, Barney, & Young, 2010; Weick, 1969). Entrepreneurial 

focus shifts from searching for a variety of available jobs or tasks across categories to 

creating the variety. Unlike a discovery process in which risk allocation is a main concern, 

complementors deal with uncertainty in a creation process6. Hence, unlike the discovery 

view in which quantifiable risks can be diversified into variety across categories, the 

creation view focuses on strategies that reduce uncertainty in the pursuit of opportunities. 
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COMPLEMENTOR OUTPUT IN PLATFORMS WITH CREATIVE PRODUCTS 

Discovery and creation views both explain the entrepreneurial actions of 

complementors but not adequately well in platforms in which complementor offerings are 

creative products. The discovery logic explains complementors’ entrepreneurial actions 

particularly well in platforms in which “opportunities out there to be discovered.” 

However, the discovery logic needs to be complemented by the creation logic to explain 

complementors’ entrepreneurial actions in other platforms. That is, complementor 

behavior in platforms in which consumer demand is relatively well defined can be 

explained by the discovery logic. Complementors search for the demand for variety that is 

present but not yet fulfilled. In platforms such as Upwork and UrbanSitter7, for example, 

complementors need to search for programming jobs and babysitting needs, respectively, 

in task categories or geographical areas that are not served despite the need. 

In platforms in which consumer demand for variety is not well defined and 

consumer needs are ambiguous and evolving, however, explaining complementor behavior 

requires an elaborate focus on “the act of creating.” In these platforms such as Etsy and 

Shapeways8, for example, complementors need to search for cues regarding partially 

defined (or not yet defined) consumer needs and preferences. Complementors need to enact 

demand for a variety of products they develop and launch. This is an inductive and iterative 

variety creation process as explained by the theories of opportunity creation logic such as 

effectuation (Sarasvathy, 2001) and bricolage (Baker & Nelson, 2005). However, neither 

effectuation nor bricolage fully addresses complementors’ entrepreneurial actions in 

platforms with creative products. 

Effectuation 

Effectuation, for example, assumes that opportunities are created by an 

entrepreneur using a variety of possessed means (i.e., resources) and using imagination 
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(Sarasvathy, 2001), through partnerships with other stakeholders (Read, Song, & Smit, 

2009). Entrepreneurs engage in opportunity creation by investing not any more resources 

than stakeholders can afford to lose (Dew, Read, Sarasvathy, & Wiltbank, 2009). 

Effectuation does not rely on a predictive risk evaluation and takes a different stance from 

the discovery view (Wiltbank, Dew, Read, & Sarasvathy, 2006). The emphasis is still on 

resources and control; i.e., what is controllable about the future (Sarasvathy & Dew, 2005). 

Effectuation considers variety as a unit of measurement for means (or resources) 

entrepreneurs utilize in their creations (Perry, Chandler, & Markova, 2012; Read et al., 

2009) but not as much as a unit for entrepreneurial creations. That is, variety is considered 

as a “given” rather than as a unit of measurement for the nature of entrepreneurial creations. 

Entrepreneurial bricolage 

Entrepreneurial bricolage is “making do by applying combinations of resources at 

hand to new problems and opportunities” (Baker & Nelson, 2005: 33; Lévi-Strauss, 1966; 

Miner, Bassoff, & Moorman, 2001). The theory fundamentally lays out a model of how 

entrepreneurs combine and recombine a variety of resources at hand for new purposes 

(Baker & Nelson, 2005). Following this logic, opportunities are created with a primary 

focus on the resources at hand and almost ignoring consumer needs and preferences 

(Fisher, 2012). The theory extends the resource-oriented view of opportunity formation by 

arguing that entrepreneurs are not limited by the variety in resources and their known uses 

(Phillips & Tracey, 2007). Entrepreneurial bricolage view implicitly recognizes variety in 

entrepreneurial creations that can potentially arise from a variety of resource use; i.e., 

combination and recombination of resources. Hence, the view acknowledges that resource 

variety is not limiting for entrepreneurs and can lead to a larger variety of creations but the 

performance effects are still unknown due to the lack of an explicit focus on these creations. 
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Creation logic in platforms with creative products 

Prior work on opportunity creation falls short in explaining complementor creations 

in platforms with creative products. In platforms, resource constraints and allocations, 

which are a main focus of opportunity creation theories such as effectuation and bricolage, 

constitute a smaller concern as compared to broader factor and product markets that 

entrepreneurship theories explain well (e.g., Alvarez & Barney, 2010; Short, Ketchen, 

Shook, & Ireland, 2010). This is because platforms usually provide complementors with 

resources for the development of new product variety (e.g., Eaton et al., 2015), as well as 

for its marketing and distribution (e.g., Tiwana, 2015). Critical resources whose uneven 

distribution is argued to shape entrepreneurial process in creation theories are provided 

rather uniformly to complementors such as in the form of boundary resources (e.g., 

Ghazawneh & Henfridsson, 2013). In addition, marketing and distribution of products are 

relatively standardized through governance rules that also define the rules of interactions 

with consumers in the same way for all complementors9 (Majchrzak et al., 2016). Hence, 

unlike what creation theories suggest, the entrepreneurial focus of complementors shifts 

from resource allocation to the creation of product variety that attracts and spawns demand. 

Similarly, in the prior work on opportunity creation, entrepreneurial action leading 

to “creative products” as entrepreneurial outcomes is not yet examined while variety in 

recognizing opportunities and (re)combining resources to exploit them is studied (e.g., 

Mair & Marti, 2009; Read, Song, & Smit, 2009). Creative products are experiential, 

exhibiting extreme demand uncertainty with short life cycles, and they are not consumed 

by purely goal-driven demand (Caves, 2000; DCMS, 1998; Hirsch, 1972; Tschang, 2007). 

Their demand is motivated by as much aesthetic and expressive value as utility. They evoke 

experiences, tap values and aspirations that are neither purely artistic nor purely 

commercial (Lampel et al., 2000). In creation theories, entrepreneurial outcomes are not 
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characterized, and studies have historically focused on commercial, utility-driven products 

(e.g., Bingham, Eisenhardt, & Furr, 2007; Shane, 2000, 2001; Wiklund & Shepherd, 2009). 

Unlike the consumers of these products, the consumers of creative products do not know 

what they need, and when they do, they may not be able to fully articulate these needs. 

Complementors as entrepreneurs cannot see “the end from the beginning” either (Alvarez 

et al., 2010: 30). That is, they do not know about the product variety that can respond to 

yet unarticulated consumer needs. The link between variety and performance outcomes is 

inherently unknowable (e.g., Caves, 2000; Ward, 2004). Hence, the entrepreneurial process 

of creating a variety of products that can attract demand becomes a resolution of unknowns. 

Knowledge and demand articulation 

 Theories of entrepreneurial opportunity creation remain limited on how 

entrepreneurs articulate knowledge about ambiguous consumer needs and preferences, 

particularly in relation to creative products, despite an extensive examination of 

entrepreneurs, their use of resources, and the origins of opportunities (Dimov, 2007; Hill 

& Birkinshaw, 2010; Nambisan & Zahra, 2016). In this study, the process through which 

complementors identify and create consumer demand for creative products is theorized by 

defining knowledge and demand articulation as key entrepreneurial capabilities of 

opportunity creation process. Demand articulation relates to knowledge articulation as a 

deliberate learning process through which demand is converted “from a vague set of distant 

wants into well-defined products” (Kodama, 1992, 1995: 8; Zollo & Winter, 2002). 

Demand articulation operates through an iterative, proactive, intrusive cycle with an 

assumption that environmental cues are not analyzable using objective methods and 

measures (e.g., Daft & Weick, 1984). Complementors engage in a process of trial and error, 

a process of testing and inventing using cues and signals from consumers about their 
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ambiguous needs. It is a cognitive as well as social effort directed at understanding causal 

links. Such causal links articulate knowledge through interactions with consumers such as 

through reviews, ratings, comments, communication in groups, forums, and actual demand 

on current offerings and hints for potential offerings. Complementors gradually specify 

demand for variety that does not currently exist by considering a diverse set of signals from 

consumers as well as technological possibilities (Nambisan & Zahra, 2016). Opportunities 

are interpreted, a process during which perceived opportunities are transformed into a 

variety of products through either diversification across or specialization within categories. 

VARIETY CREATION ACROSS VIS-À-VIS WITHIN CATEGORIES 

This study considers two ways through which variety can be created by 

complementors leveraging categories. First, complementors have a choice to create variety 

through diversification by offering products across categories. Second, complementors 

have a choice to create variety through specialization by offering products within 

categories. Variety creation process is likely to benefit more from within-category 

specialization than across-category diversification as its value focus diverges from seeking 

and processing information about imperfections across market categories (e.g., value does 

not originate from a discovery of product variety that is needed due to these imperfections) 

(e.g., Eckhardt & Shane, 2003; Klein, 2008). Specialization within a product category leads 

to a deeper learning in the category and assist complementors in immersing themselves 

into activity specific to the category, a process whose importance is partially recognized in 

theories focusing on creative imagination and contextual knowledge in entrepreneurial 

processes (e.g., Dimov, 2007; Shane, 2000; Zahra, Wright, & Abdelgawad, 2014). 

Similarly, a long period of immersion in a knowledge category is suggested as a precursor 

to success in the act of creation (Koestler, 1964). In what follows, this study theorizes on 
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how focusing on variety creation through within-category specialization can enhance 

complementors’ knowledge and demand articulation in platforms with creative products. 

On the importance of category knowledge 

In platforms in which complementor offerings are creative products, knowledge 

and demand articulation is likely to be enhanced by specialization within certain categories 

of products through an improved level of knowledge and understanding of the categories10. 

After complementors join a platform, key entrepreneurial decisions are likely to revolve 

around how to create variety. Product variety is considered a strategic response to demand 

uncertainty (e.g., Miller & Shamsie, 1999) as well as to competition from the providers of 

platforms, as reviewed before (e.g., Cennamo et al., 2016). Complementors’ decisions to 

create variety within or across product categories depend on how consumer demand varies 

within and across categories. Following this logic, platforms become key sources for value 

creation that depends heavily on demand heterogeneity, and complementors’ main pursuit 

can be defined as the revelation of this latent heterogeneity (e.g., Adner & Snow, 2010). 

In revealing and articulating demand, complementors need to engage in an iterative 

entrepreneurial process (Dimov, 2007; Dougherty, 1992). Such a process unfolds through 

interactions between complementors and consumers, and focuses on distilling and 

identifying heterogeneity. These interactions usually begin with the tests of entrepreneurial 

beliefs, for example, as complementors initially seed their creations in a platform. Beliefs 

are then shaped and refined to reflect the articulation of knowledge and demand as 

complementors observe consumer responses (Alvarez & Barney, 2007; Arrow, 1974). 

These responses convey category-specific knowledge in platforms. This knowledge 

defines the boundaries of consumer demand within which the amount of (within-category) 

heterogeneity is minimized, thereby helping complementors situate their offerings. This 
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process of dismantling knowledge leads to an improved level of understanding. Such an 

understanding can uncover causal links intervening between the actions required to create 

an opportunity and the performance outcomes of the opportunity (Zollo & Winter, 2002). 

Complementor-consumer interactions within categories 

Knowledge and demand articulation process requires close interactions with 

consumers. These close interactions can be achieved through within-category 

specialization. Unlike a traditional producer-consumer relationship with potential 

intermediaries in between, interactions between complementors and consumers are direct. 

The articulation becomes an interactive learning process in which complementors and 

consumers engage in a continued dialog that helps to reveal gradually the nature and details 

of entrepreneurial opportunities (e.g., Alvarez et al., 2013; Nambisan & Zahra, 2016). This 

revelation can be in at least two ways: through a selection mechanism in which feedback 

is received in the form of demand for current creations, or through reflections in the form 

of stimuli and substance for potential future creations (Bogers, Afuah, & Bastian, 2010; 

Zollo & Winter, 2002). Complementors can increasingly benefit from these mechanisms 

when they have an intimate understanding of consumers and their needs and preferences 

(e.g., Ye, Priem, & Alshwer, 2012). This is possible through close relationships and 

engaging in dialogs with consumers within the context of product categories in platforms. 

In so doing, complementors can understand consumers’ “recollections of past experiences 

and their future aspirations” (Garud & Giuliani, 2013: 159) within the context of specific 

product categories. For example, focusing on bracelets in the jewelry category in 

Shapeways, complementors can get a better grasp of knowledge such as the limitations of 

a 3D design and print for a bracelet and consumer expectations in the category, and engage 

in “meaning making” (Bruner, 1990) or “taste making” to create yet nonexistent demand. 
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Direct network benefits within categories 

Direct network effects can be created within categories and they are likely to benefit 

complementors in knowledge and demand articulation process. Platforms, perhaps most 

importantly, differ from traditional markets by network effects across participating groups 

or sides (Evans, 2003; Rochet & Tirole, 2003). As discussed, indirect network effects may 

not necessarily contribute to individual complementor performance because the effects of 

an additional consumer at one side of a platform are not necessarily distributed uniformly 

at the complementor side. Complementors need to engage in variety creation strategically11 

to accrue value from network effects. One way is to create direct network benefits for 

knowledge and demand articulation within categories. The deeper complementors 

articulate knowledge and the more successfully they identify and create demand for 

product variety within categories, the more consumers are likely to benefit from the 

outcomes of this process. Consumers, in turn, contribute to the articulation process and 

increase even more the likelihood that complementors identify the product variety that 

responds well to consumer wants. Hence, rather than quantity as it is usually assumed 

(McIntyre & Srinivasan, 2017; Srinivasan & Venkatraman, 2010), variety becomes a unit 

through which value in network effects is created. Complementors, focusing strategically 

on variety creation within categories, can integrate entrepreneurial behavior and strategic 

perspective (e.g., Hitt et al., 2011). This way, they can benefit from increasing returns to 

articulation rather than sequential acts of probing and learning as conceptualized in creation 

theories (e.g., Minniti & Bygrave, 2001; Sambamurthy, Bharadwaj, & Grover, 2003). 

Creative products and opportunity creation 

The nature of products in platforms in which complementor offerings are creative 

products poses additional peculiarities for opportunity creation process. Creative products 

are novel, experiential, and they exhibit inherent uncertainty (Tschang, 2007). The 
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opportunity creation process is similar to largely overlooked “creative imagination” in 

entrepreneurship theories. This process is engaged in through expectations of an imagined 

-unknown and unknowable- future based on a subjective interpretation of articulated 

knowledge (Chiles, Bluedorn, & Gupta, 2007; Lachmann, 1986). For creative products, the 

process depends on multiple factors such as personality, intrinsic motivation, knowledge, 

cognitive skills and abilities such as an “imaginative ability” (Amabile, 1996; Gloria-

Palermo, 2002; Woodman & Schoenfeldt, 1990). Among these factors, knowledge 

articulation presents itself as a prominent factor that is likely to change over time and have 

a varying impact on the outcomes for creative products12. This knowledge could be of two 

kinds: the direct knowledge of a specific category, and the knowledge on how to be 

entrepreneurial (Minniti & Bygrave, 2001). This study’s focus, category knowledge and 

expertise, is a source of complementors’ divergent expectations about an imagined future 

(Lachmann, 1986; Shane, 2000). In the context of creative products, opportunities become 

the products of creative human imagination directed toward an envisioned future by an 

ongoing articulation of knowledge and demand through interactions between 

complementors and consumers (Chiles et al., 2007; Lachmann, 1986; Sarasvathy, 2002). 

Creative products and within-category specialization 

Variety creation through specialization within categories is likely to provide further 

advantages in the creative products context for entrepreneurial opportunity formation. In 

the context, entrepreneurs contribute to the formulation of demand rather than only 

responding to it (e.g., Csikszentmihalyi & Getzels, 1971; Mumford, Reiter-Palmon, & 

Redmond, 1994). The demand has peculiarities. Complementors strive for simultaneously 

identifying and constructing product variety that is accessible and familiar to consumers in 

addition to being novel and useful (Amabile, 1996; Caves, 2000; Hirsch, 2000; Tschang, 
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2007). That is, product variety must be familiar for consumers to understand, accept, and 

acquire new creative products, but it also needs to be novel and meaningful for consumers 

to enjoy them (Amabile, 1996; Lampel et al., 2000). In platforms, complementors usually 

interact with a large number and heterogeneous set of consumers. A certain variety of 

products that is accessible, familiar, novel, and useful for a subset of consumers in a 

category is likely not to be so for another subset of consumers in another category. 

Categories provide important, almost strategic differentiators for knowledge and demand 

articulation process by drawing boundaries for complementors. Focusing on variety 

creation within categories, complementors can work closely with consumers, pursue 

multiple paths that are still relevant, and make discontinuous leaps in imagination 

(Dougherty, 1992). They can sustain accessibility and familiarity while taking creative 

leaps, and achieve “flexible specialization” (Lampel et al., 2000). This happens as they 

leverage tacit, local, path dependent knowledge that consumers value (Bogers et al., 2010). 

Creative products and complementor-consumer interactions 

Complementors with a focus on category-specific knowledge are likely to gain 

advantages in creating product variety that attracts consumer demand within familiar social 

domains. The locally available, path dependent knowledge is accumulated over time 

(Minniti & Bygrave, 2001) and constitutes “givens” from consumers (Sarasvathy, 2001). 

Complementors investigate opportunities that can be created using these givens. The task 

is to figure out when and how to break path dependencies so that the variety consumers 

value can be created. That is, variety that provides just enough stimulation to escape from 

satiation in a specific category, and that is novel and useful as well as familiar and 

accessible (Adomavicius, Bockstedt, & Curley, 2015; Lampel et al., 2000). This is a social 

process with direct and continual dialogs between parties in focal categories (Dimov, 2007; 
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Nonaka, 1994). Complementors must articulate and construct consumer demand while 

continuing the dialog (Anand & Peterson, 2000). The effectiveness of dialogs can be 

enriched when interactions are pursued in a narrower focus such as with consumers who 

broadcast cues and signals based on similar experiences and tastes. Categories help 

complementors concentrate their dialogs by defining a social domain (e.g., consumers with 

similar tastes) in addition to a product domain (e.g., products with similar attributes). As 

tastes are unstable and what is popular in a period becomes staid in the following period, 

these interactions may lead to opportunities that differentiate but do not break from existing 

artistic and aesthetic conventions (e.g., Lampel et al., 2000) of focal product categories. 

Positive feedback from within-category specialization 

In platforms with creative products, complementors can also benefit from a positive 

reinforcement on developing and launching creative products through specialization within 

product categories. Knowledge and demand articulation process relies heavily on -the art 

of- recognizing unusual, potentially valuable signals (Dougherty, 1992), and beyond just 

recognizing, acting on them. The artistic part is critical in the context because platform 

resources are usually broad and generic (e.g., Eaton et al., 2015) while complementor 

inquiries must be aesthetic and expressive (e.g., Lampel et al., 2000). The articulation 

process through which signals from consumers are transformed into creative products tends 

to be idiosyncratic. Complementors may increasingly customize platform resources as 

knowledge and expertise in a category encourage entrepreneurs to specialize within that 

category (Minniti & Bygrave, 2001). Hence, a positive feedback loop is likely to be formed 

between the positive effects of variety creation through within-category specialization on 

complementor performance and the variety creation process through specialization itself. 
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For all the reasons discussed, in platforms with creative products, complementors 

are expected to attract more demand while creating variety through specialization within 

categories than doing so through diversification across categories. The proposition 

implicitly assumes that the performance effects of two individual strategies are positive. 

This assumption is discussed in Appendix I, and tested prior to the interpretation of results. 

Hypothesis 1: Complementors meet consumer demand at a higher rate through 

variety creation by specialization within categories than through variety creation by 

diversification across categories. 

 

 

훽 <  훽  

 

The main proposition in this study argues for the importance of a within-category 

specialization in creating product variety in platforms with creative products by treating 

complementors as entrepreneurs and elaborating the creation logic in entrepreneurial 

opportunity formation through integrating knowledge and demand articulation concepts. 

In so doing, the theory developed in this paper distances entrepreneurial opportunity 

creation process further from the discovery and search logic that has long dominated the 

understanding of entrepreneurial processes through concepts like opportunity recognition 

and opportunity discovery, as well as of new product development and introduction 

processes (e.g., Katila & Ahuja, 2002; Zahra & George, 2002). The theory also explains 
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product variety creation in platforms with its implications for complementor performance, 

and in so doing, contributes to the emerging platform research on complementor strategies 

(e.g., Ceccagnoli et al., 2012; Cennamo et al., 2016; Venkatraman & Lee, 2004). In what 

follows, boundary conditions for the main proposition are introduced and theorized. 

LIMITS TO SUPERIOR BENEFITS FROM WITHIN-CATEGORY FOCUS: PLATFORM SIZE 

The performance effects of complementor strategies in creating product variety are 

likely to change as platforms grow in size through increasing numbers of complementors 

and complementor products, as well as consumers, whose demands are likely to be 

increasingly varied. Variety creation through across-category diversification is likely to 

benefit from these increases because the number of opportunities across all product 

categories is likely to grow. This is because, following the dynamics of indirect network 

effects in platforms, increasing demand variety attracts new complementors, who further 

contribute to product variety, which attracts even more variety-seeking consumers (Evans, 

2003; Katz & Shapiro, 1994; Rochet & Tirole, 2003), thereby increasing the number and 

variety of opportunities across categories in a platform, and even leading to new categories 

(e.g., Boudreau, 2012). Hence, the potential value for complementors in variety creation 

through across-category diversification is likely to increase as a platform grows in size. 

On the other hand, complementors are likely to miss emerging opportunities arising 

from an increasing variety of demand within categories due to both a degradation of input 

for knowledge and demand articulation (e.g., Boudreau & Jeppesen, 2015) and a priming 

effect of prior knowledge (e.g., Gruber, MacMillan, & Thompson, 2012b). First, a growing 

number of consumers within categories, each with distinct and differentiated needs and 

preferences, can cause dissonance, confusion, uncertainty, and “garbling” of cues 

(Boudreau & Jeppesen, 2015). This leads to a degradation of input for demand articulation 
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and a likely impediment to the positive performance effects from a within-category focus. 

Second, increasingly more specific knowledge developed within categories can blind 

complementors against new cues and signals, and prime them to opportunities that 

correspond to their prior knowledge (Shane, 2000). This “knowledge corridor” is likely to 

constrain the consequent variety of entrepreneurial creations (Gruber, MacMillan, & 

Thompson, 2012a; Ronstadt, 1988). That is, each complementor creates a knowledge 

corridor of understanding that represents the ability to develop reasonable conjectures 

within the corridor, hence, permitting the creation of some opportunities but not others 

(Eckhardt & Ciuchta, 2008; Venkataraman, 1997). Accordingly, knowledge articulation 

through within-category specialization can impede the success of opportunity creation as a 

platform grows in size, by turning category knowledge and expertise into a rigidity (e.g., 

Gruber et al., 2012a; Jeppesen & Lakhani, 2010; Leonard-Barton, 1992; Ward, 2004). 

Due to an expected increase in advantages from across-category diversification, 

and a decrease in advantages from within-category specialization, the returns to articulation 

breadth may increasingly supersede the returns to depth (e.g., Gruber et al., 2012a). That 

is, the relative advantages from variety creation through within-category specialization 

may erode as a platform grows in size and hosts an increasing number and variety of               

-potentially attractive- opportunities across categories (e.g., Boudreau & Jeppesen, 2015). 

Hypothesis 2: The superior performance effects of variety creation through 

specialization within over diversification across categories are negatively moderated by 

increasing platform size, as 

a. the performance effects of variety creation through diversification across 

categories are positively moderated by increasing platform size, and 

b. the performance effects of variety creation through specialization within 

categories are negatively moderated by increasing platform size. 
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훽 .   > 0  푤ℎ푖푙푒  훽 .   < 0 

 

LIMITS TO SUPERIOR BENEFITS FROM WITHIN-CATEGORY FOCUS: COMPETITION 

Complementors, when creating product variety through across-category 

diversification, can hedge risks against increasing competitive intensity within categories 

and prevent negative impacts on performance (Cennamo et al., 2016; Wen & Zhu, 2016). 

Hence, the positive relationship between variety through across-category diversification 

and performance may not be affected negatively as competitive intensity increases. 

On the other hand, complementors may observe limits to benefits from a within-

category focus as competitive intensity increases within categories. For complementors, 

knowledge and demand articulation through within-category specialization and expertise 

depends on interactions with consumers. Demand articulation is an inductive and iterative 

process, requiring interactions with consumers to be linked over time. Category knowledge 

is accumulated through these linkages (e.g., Nambisan & Zahra, 2016; Zollo & Winter, 

2002). Entrepreneurial ideas then originate from these linkages at different levels of 
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completeness through a flow of -sometimes tenuous and ambiguous- cues and signals from 

consumers (e.g., Hill & Birkinshaw, 2010) depending on the flow of these cues and signals. 

Increasing levels of competitive intensity within categories are likely to interrupt 

the dialogs with consumers, as well as the linkages of accumulated knowledge. This is 

because the level of consumer attention paid to the interactions between complementors 

and consumers diminishes due to an increasing crowding (Aral & Van Alstyne, 2011; 

Boudreau & Jeppesen, 2015; Piezunka & Dahlander, 2015). Complementor creations may 

begin to fall short in responding to consumer wants, and the returns to articulation from 

positive feedback loops may observe limits. That is, complementors’ -previously 

discussed- articulation benefits from direct network effects within categories can be 

impeded due to crowding out (e.g., Boudreau, 2012). In line with the anticipated negative 

effects of an increasing competitive intensity on the performance effects of variety creation 

through within-category specialization and with the expectations from an increasing level 

of competition among complementors in platforms (e.g., Venkatraman & Lee, 2004), the 

relative advantages of variety creation through specialization over diversification are likely 

to erode as competition intensifies within categories complementors offer products. 

Hypothesis 3: The superior performance effects of variety creation through 

specialization within over diversification across categories are negatively moderated by 

increasing competitive intensity, as the performance effects of variety creation through 

specialization within categories are negatively moderated by increasing competitive 

intensity. 
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Chapter 3: Methods and Measures 

RESEARCH CONTEXT 

This study focuses on platforms in which complementor offerings are creative 

products. In this context, the source of variety is a large number of complementors due to 

the multisided structure, and the characteristics of products pose peculiarities about 

consumer demand. In multisided platforms, complementors directly interact with 

consumers and offer a variety of products that strive to attract demand. In the context of 

creative products, variety is offered for products that carry aesthetic and expressive value. 

The sample in this study is from ravelry.com (Ravelry), a digital multisided 

platform with about seven million members and quarter million creative products offered 

by complementors. Similar to Etsy and Shapeways, Ravelry, as a platform provider, 

mediates transactions between creative complementors and consumers. Complementor 

products offered in Ravelry are digitized designs for bags, clothing, accessories, and etc. 

These products are called “design patterns.” Ravelry provides a digital infrastructure, 

through which it regulates interactions and transactions between complementors and 

consumers, and receives fees from the complementors. As of August 2016, Ravelry hosts 

over 42 thousand complementors who offer approximately 260 thousand digitized designs. 

Data and sample 

Theoretical predictions are tested using a longitudinal data set that consists of 

observations for over 12 thousand complementors (i.e., 12,258) and their approximately 

600 thousand transactions with consumers (i.e., 591,467). The sample spans 103 months 

of data between May 2007 and January 2016. At the time of data collection, the data was 

publicly accessible by a platform member, and the membership was free for individuals. 
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VARIABLES 

Dependent variable 

The dependent variable is the performance level of platform complementors. 

Performance is measured by the rate of consumer demand for a complementor’s products. 

This variable is calculated as follows. The raw data is collected at the product-month level 

for the number of times each product is acquired by consumers14. These numbers are 

aggregated to the complementor-month level and the demand for all products offered by a 

complementor is calculated. An exposure variable is then used in the estimator to transform 

these counts into the rate of consumer demand. The rate of demand is used in the model to 

align with the theorizing on demand articulation. The variable is similar to sales, which is 

a widely recognized performance measure in organization studies and in platform studies 

(e.g., Ceccagnoli et al., 2012; Helfat & Martin, 2014). In digital platforms, the number of 

transactions (e.g., downloads) emerges as an alternative to sales and accordingly consumer 

demand (e.g., Wen, Ceccagnoli, & Forman, 2015). The current study follows this practice. 

Independent variables 

Two independent variables are the variety measures as calculated by the antilog of 

the Shannon-Wiener index (Straathof, 2007). These variables are calculated as follows. 

Variety creation through diversification across categories 

This variable measures the level of variety created by a complementor across 

product categories (i.e., variety creation through across-category diversification). Variety 

is calculated using the antilog of the Shannon-Wiener index that is based on Shannon’s 

entropy measure (1948). The index has been used in organizational studies for similar 

purposes such as for measuring the variety of partners that are linked through IT systems 
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in Chi, Ravichandran, & Andrevski (2010). The index is shown to be a good fit to measure 

product variety for at least three reasons that are noted succinctly by Straathof (2007: 303): 

First, for symmetric product types the index equals the number of 
product types. Second, the index can be decomposed without losing its 
functional form. A consequence of this property is that aggregation of a 
product set always leads to a decrease in measured product variety. 
Third, the introduction or disappearance of a product type with a 
weight of zero does not cause a discrete change in the variety index.  

Hence, variety across categories (푉 ) for a complementor is calculated as follows: 

푉 = exp −∑ 푝 , 푙푛푝 ,    (1) 

where 푝 ,  is the proportion of products offered in the 푐th category in a total 퐶  categories 

in month 푡. 

Variety creation through specialization within categories 

This variable measures the level of variety created by a complementor within 

product categories (i.e., variety creation through within-category specialization). This 

variable is also calculated using the Shannon-Wiener index as discussed and as its prior 

use is referenced (e.g., Chi et al., 2010; Straathof, 2007). Calculating variety using the 

Shannon-Wiener index requires product clusters based on similarities and/or differences. 

A partitional clustering algorithm is applied first to find the clusters using product attributes 

as the selection criteria. That is, products that have similar attributes are grouped together 

and put in the same clusters, and other products are distinguished. This is done so in three 

steps. First, the term frequency-inverse document frequency (TF-IDF) matrix is calculated 

using product attributes. The TF-IDF matrix consists of product and attribute vectors (see 

Figure 1). The weighted scores in each cell of the TF-IDF matrix are calculated as follows: 

푤 , = 푡푓 , 푙푛 (푁 푑푓 )⁄    (2) 
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where 푤 ,  is the weighted frequency of an attribute 푚 in product 푛, 푡푓 ,  is a Boolean 

frequency (1 if 푚 is observed in 푛, and 0 otherwise –attributes do not repeat in a product), 

푁 is the number of products in a category, and 푑푓  is the number of products that have 

attribute 푚 in the category. Second, a principal component analysis (PCA) is run on the 

TF-IDF matrix to reduce the number of dimensions (i.e., attributes). When PCA is applied 

before clustering, the results improve systematically and significantly (Ding & He, 2004). 

Hence, the weights in the TF-IDF matrix are replaced with the components from the PCA. 

Finally, product clusters are calculated using the distances among product vectors in the 

TF-IDF matrix (i.e., using the column vectors in Figure 1 with the replaced PCA values). 

Given a set of products (푛 , 푛 , … ,푛 ), 푍 products are clustered into 퐾15 (≤푁) number of 

clusters 푆 = (푆 , 푆 , … , 푆 ) by minimizing the within-cluster sum of squares as follows: 

푆푆퐸 = ∑ ∑ ‖푛 −  푟 ‖    (3) 

where 푟  is the centroid of cluster 푆 . Finally, using these clusters, the Shannon-Wiener 

index is used to calculate variety through within-category specialization (see Equation 1). 

The resultant distributions of the variety measures are summarized in boxplots in Figure 2. 
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Figure 1: Representation of the TF-IDF Matrix used in this study 

 

 

Figure 2a: Box-plots for standardized variety measures (with outliers) 
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Figure 2b: Box-plots for standardized variety measures (without outliers) 

 

Moderators: Platform size and Competitive intensity 

The empirical model includes two moderators that are used in testing the second 

and third hypotheses: platform size and competitive intensity. Platform size is a month 

level and competitive intensity is a category-month level variable. Platform size is 

measured by the total number of complementor-consumer transactions and its first-order 

lag is included in the model. Both monotonically increasing and highly correlated, the 

number of transactions and the number of complementors lead to qualitatively similar 

results. The number of transactions is included in the model as a measure of size because 

it had a lower level of multicollinearity with the other variables in the model. The use of 

the number of transactions or complementors (and in traditional firms; the number of 

employees) is a customary measure of size (e.g., Ceccagnoli et al., 2012; Pavlou & Sawy, 

2011). Similarly, following other platform studies in which competitive intensity has been 

measured on the basis of whether, and the extent to which, complementors overlap in their 
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target domains (e.g., Cennamo & Santalo, 2013; Venkatraman & Lee, 2004), competitive 

intensity is measured by the number of products available in categories in which an existing 

complementor offers products. These numbers are averaged per complementor per month. 

Control variables 

This study has two types of control variables. First, total demand per month as the 

number of transactions in a month is included in the model as an exposure variable (i.e., 

the limit for consumer demand a complementor can hypothetically achieve in a month). 

The use of an exposure variable is superior to analyzing rates as direct response variables 

because it makes use of the correct probability distributions (Agresti, 2011; Long, 1997; 

Long & Freese, 2006). That is, assumptions about the distribution of a dependent variable 

are not violated by transforming, for example, counts into rates explicitly. As discussed in 

the following section, using an exposure variable in a model that estimates counts, the 

dependent variable becomes the rate of consumer demand for a complementor’s products. 

In a growing platform, as in the sample of this study, the amount of demand earlier in time 

is likely to be very small compared to that later in time. Including the exposure variable 

and controlling for these changes, the estimation leads to results that are more robust. 

The second set of control variables includes the number of products per 

complementor, complementor tenure, complementor popularity, and the ratio at which 

complementors offer free and paid products (i.e., the free/total ratio). In addition, monthly 

fixed effects (i.e., month dummies) are included in the model to control for systematic 

period effects such as seasonal effects that may have influence on the performance levels 

of all complementors at varying levels. These effects are explicitly included in the model 

as they are time-variant with potentially varying influence on complementor performance. 
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ESTIMATION 

In this study, the dependent variable takes only discrete nonnegative integer values. 

The linear regression estimation is inappropriate for modeling such variables, as the 

distribution of residuals is non-normal heteroscedastic. In these cases, a Poisson estimation 

is deemed appropriate (Hausman, Hall, & Griliches, 1984). However, the Poisson 

distribution requires the mean and variance to be equal, an assumption that usually does 

not hold true in count data (Cameron & Trivedi, 2013). Not surprisingly, the dependent 

variable in this study shows also the signs of significant overdispersion; i.e., the variance 

exceeds the mean. When there is overdispersion, the standard errors of coefficients tend to 

be underestimated in Poisson models, leading to spurious statistical significant levels 

(Cameron & Trivedi, 1986). A formal likelihood-ratio test is also run in the model, beyond 

descriptively observing a variance that is higher than the mean. The results of the test show 

that the significant overdispersion spuriously inflates the significance levels of coefficients 

(see Appendix II). Hence, the alternative of using a Poisson estimator is eliminated. 

In the presence of overdispersion, negative binomial models provide more robust 

results than Poisson models, overcoming the problem of spuriously deflated standard errors 

for coefficients. The negative binomial model is a generalization of the Poisson model and 

it incorporates into the conditional mean an overdispersion parameter that is permitted to 

vary across groups (i.e., complementors) (Hausman et al., 1984). In the current study, the 

focus is on within-complementor changes, and in a pursuit to isolate these changes, time-

invariant effects need to be controlled for (i.e., effects that may vary between 

complementors but not within complementors over time). In the sample of this study, these 

effects may include, for example, creative talent and intrinsic motivation, which can be 

assumed relatively stable within a complementor, but may vary significantly across 

complementors. These effects contribute to unobserved heterogeneity, and failing to 
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control for such effects can result in a specification error (Heckman, 1979). Following the 

considerations on the importance of controlling for time-invariant, unobserved 

heterogeneity and in line with the conceptual development proposed in this study (i.e., with 

a focus on within-complementor changes), a negative binomial fixed-effects estimator is 

deemed appropriate16, and the estimator developed by Hausman et al. (1984) is utilized. 

The model takes the following form: 

퐸 푦 , = 휆 , 훼 /휑 = exp (휷풙풊,풕)훼 /휑    푓표푟 푡 = 1, … , 푛  푎푛푑 푖 = 1, … , 푛 (4) 

where 푦 ,  are the count measures for the dependent variable (for complementor 푖 at time 

푡) and follows a negative binomial distribution, 풙풊,풕 are complementor- and time-variant 

independent variables, 훼  are the complementor-specific, time-invariant effects, and 휑  is 

the negative binomial overdispersion parameter that is allowed to vary across 

complementors. The regressors that are defined in 푥 ,  are listed and defined in Table 1. 

Following the model specification, the variance in this model is defined as 

(exp (휷풙풊,풕)훼 /휑 )(1 + 훼 /휑 ) and hence the variance to mean ratio becomes (1 +

훼 /휑 ). Estimation is done by using conditional maximum likelihood (MLE). In the MLE 

implemented, the joint probability of the counts (i.e., transaction counts) for each group 

(i.e., complementor) is conditioned on the sum of the counts for the group (that is, the 

observed ∑ 푦 , ). Hence, the conditional joint probability function is as follows, 

Pr 푦 , , … , 푦 , ∑ 푦 , =
(∑ 휆푖,푡)

푛푖
푡=1 (∑ 푦푖,푡+1)푛푖

푡=1

(∑ 휆푖,푡+∑ 푦푖,푡
푛푖
푡=1 )푛푖

푡=1
∏ (휆푖,푡 푦푖,푡)

(휆푖,푡) (푦푖,푡 )
  (5) 

and the conditional log-likelihood is as follows: 

푙푛퐿 = 푤 푙푛훤 휆푖,푡 + 푙푛훤 푦푖,푡 + 1 − 푙푛훤 휆푖,푡 + 푦푖,푡

+ 푙푛훤 휆푖,푡 + 푦푖,푡 − 푙푛훤 휆푖,푡 − 푙푛훤 푦푖,푡 + 1  

where 푤  is the weight for the 푖th group (i.e., complementor) and 훤 is the gamma function. 
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The exposure variable is incorporated into the estimator in the following form: 

퐸(푦 , ) = exp (휷풙풊,풕 + 푙푛휌 , )훼 /휑    푓표푟 푡 = 1, … ,푛  푎푛푑 푖 = 1, … ,푛 (6) 

where 푙푛휌 ,  is the natural logarithm of the exposure variable 휌 ,  (or the offset variable) 

whose coefficient is constrained to 1, thereby transforming the estimation for the dependent 

variable 푦 ,  counts into the rate of consumer demand for complementor 푖 at time 푡. 

Scholars have argued that the fixed-effects negative binomial estimator as 

developed by Hausman et al. (1984) and implemented in this study does not constitute a 

“true” fixed-effects model and the parametrization does not fully control for all time-

invariant covariates as discussed above (Allison, 2009; Allison & Waterman, 2002; 

Guimarães, 2008). However, the suggested alternatives (e.g., Allison & Waterman, 2002; 

Greene, 2006; Guimarães, 2008) suffer from an incidental parameters problem (Cameron 

& Trivedi, 2013). In this study, potential shortcomings in the utilized estimator are 

overcome by testing the robustness of original results in a Poisson fixed-effects estimator, 

which is a “true” fixed effects model (Cameron & Trivedi, 1986). The results from these 

robustness tests are consistent with the original results reported in the main results section. 
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Variable Unit of Analysis Definition 
Dependent variable   

Rate of demand for a 
complementor’s 
products 
 

Complementor-month The rate at which a complementor’s 
products are acquired by the consumers in 
the platform (based on transaction counts) 
 

Independent variables 
 

  

Variety creation 
through diversification 
across categories 

Complementor-month Complementor-level variety through 
diversification: Variety level created by 
complementors across product categories 
 

Variety creation 
through specialization 
within categories 

Complementor-month Complementor-level variety through 
specialization: Variety level created by 
complementors within product categories 
 

Platform size 
 

Month Total number of complementor-consumer 
transactions (first-order lagged variable) 
 

Competitive intensity 
 

Complementor-month Average number of products in categories 
in which complementors launch products 
 

Control variables 
 

  

Number of possible 
transactions (exposure) 
 

Month Upper bound for the dependent variable in 
a month and transforms it into a rate 

Number of products per 
complementor 
 

Complementor-month Number of products offered by a 
complementor 

Complementor tenure 
 

Complementor-month Number of months since a complementor 
has a product for sale 
 

Complementor 
popularity 
 

Complementor-month Number of ratings a complementor 
receives 
 

Complementor 
free/total products ratio 
 

Complementor-month Ratio of free products to all products 
offered by a complementor 

Seasonal effects 
 

Monthly dummies 11 dummies to control for monthly effects 

Time-invariant effects 
 

Complementor Unobserved heterogeneity that is time-
invariant is controlled by the specification 

Table 1: List of variables and their definitions 
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Chapter 4: Results 
 Variable Mean S.D. 1 2 3 4 5 6 7 8 
1 Rate of demand for a compl.’s products 1.03 1.55         
2 Variety through diversification 2.66 2.45 0.25        
3 Variety through specialization 3.38 3.90 0.35 0.90       
4 Nat. log of total transact. (platform size) 14.20 0.99 0.00 0.01 0.02      
5 Nat. log of competitive intensity 8.16 1.73 0.14 0.45 0.44 0.57     
6 # of complementor products 5.58 10.63 0.45 0.64 0.80 0.04 0.35    
7 Complementor tenure 36.31 24.86 0.11 0.26 0.28 0.48 0.45 0.23   
8 Complementor popularity (nat. log) 3.19 1.87 0.37 0.51 0.56 -0.08 0.33 0.50 0.36  
9 Compl. free products ratio (nat. log) -0.43 0.73 -0.24 -0.56 -0.61 -0.05 -0.38 -0.58 -0.20 -0.40 

Significance levels are not reported due to the longitudinal structure of the data. 

Table 2: Descriptive statistics and correlation structure 

Summary statistics and Pearson correlations are shown in Table 2. Due to the 

nonlinearity in hypothesized relationships and the use of indices (e.g., Shannon-Wiener 

variety), Spearman correlations are also reported in Appendix III. The pairwise correlations 

are consistent across two methods. Table 3 shows the estimations for the main models17. 

The results from Model 1 provide support for the assumptions discussed in Appendix I (p 

< 0.01). That is, the results indicate that variety creation by complementors through both 

across-category diversification and within-category specialization has positive effects on 

the rate of demand for a complementor’s products. The effects are nonlinear. The quadratic 

terms for the variety effects are negative and significant (p < 0.01); hence, they form 

concave down (inverted-U shaped) relationships. That is, excessive levels of variety 

creation using either strategies impede the positive performance effects (see Figure 3a, b). 

Following the guidance provided by Lin, Lucas, & Shmueli (2013) for the studies 

with large samples, effect sizes are calculated in addition to coefficients (based on both 

coefficients, and more intuitively, incidence rate ratios –IRRs). Moreover, confidence 

intervals are reported. Due to the nonlinear nature of the variety effects, the marginal effect 

sizes for each variable are calculated using the delta method. The delta method is an 

approximation that is appropriate to use in large samples (Vance, 2009). The method 

creates a linear approximation of a nonlinear function (using Taylor approximation), and 
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computes the variance of the simpler linear function to estimate the standard errors 

(Oehlert, 1992; Xu & Long, 2005). The procedure is consistent with taking the derivative 

of two variety functions, and calculating effect sizes at the derivative holding other 

variables at their means. The variety measures are standardized in the model to make them 

comparable. The results in Table 4 show that one standard deviation increase in variety 

creation through across-category diversification is positively associated with the rate of 

consumer demand for a complementor’s products approximately 1.14 times (i.e., 14%). 

Similarly, one standard deviation increase in variety creation through within-category 

specialization is positively associated with the rate of consumer demand for a 

complementor’s products approximately 1.24 times (i.e., 24%). The sizes of the two variety 

effects on complementor performance have practical, in addition to statistical, significance. 
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DV: Rate of demand for a complementor’s products Model 1 Model 2 Model 3 
Variety through diversification across categories 
 

.135*** 
(.0060) 

.011 
(.0386) 

.058*** 
(.0214) 

Variety through diversification across categories SQ 
 

-.026*** 
(.0010)   

Variety through specialization within categories 
 

.217*** 
(.0067) 

.317*** 
(.0370) 

.334*** 
(.0203) 

Variety through specialization within categories SQ 
 

-.016*** 
(.0008)   

Interaction diversification variety x platform size 
  

.003 
(.0027)  

Interaction specialization variety x platform size 
  

-.017*** 
(.0025)  

Interaction diversification variety x competitive intensity 
   

-.002 
(.0021) 

Interaction specialization variety x competitive intensity 
   

-.024*** 
(.0019) 

Platform size 
 

-.257*** 
(.0042) 

-.303*** 
(.0040) 

-.289*** 
(.0041) 

Competitive intensity 
 

.116*** 
(.0030) 

.170*** 
(.0028) 

.154*** 
(.0028) 

Number of complementor products 
 

.007*** 
(.0002) 

.006*** 
(.0002) 

.007*** 
(.0002) 

Complementor tenure 
 

-.007*** 
(.0001) 

-.007*** 
(.0001) 

-.006*** 
(.0001) 

Complementor popularity 
 

.193*** 
(.0020) 

.214*** 
(.0019) 

.209*** 
(.0020) 

Complementor free/total product ratio 
 

-.034*** 
(.0038) 

-.099*** 
(.0035) 

-.090*** 
(.0035) 

Seasonal (month) dummies Multiple Multiple Multiple 
Wald chi2 
Log likelihood 

88,044 
-941,381 

85,861 
-943,065 

87,363 
-942,695 

Robust standard errors in parentheses, N = 591,467 (12,258 groups), *p < 0.1; **p < 0.05; ***p < 0.01. 

Table 3: Fixed-effects negative-binomial models 
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* Dotted lines are means, and dashed lines are the 1st, 2nd, and 3rd quartiles for the corresponding variable. 
** Color shaded areas around the line graphs are the 95% confidence intervals for each variety measure. 

Figure 3a: The relationships between variety and the rate of demand in 99th percentile 

 
* Dotted lines are means, and dashed lines are the 1st, 2nd, and 3rd quartiles for the corresponding variable. 
** Color shaded areas around the line graphs are the 95% confidence intervals for each variety measure. 

Figure 3b: The relationships between variety and the rate of demand in complete data 
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Hypothesis 1 focuses on a comparison between the effects of two strategies 

complementors deploy to create variety, and proposes that complementors will observe a 

higher rate of consumer demand for their products when creating variety through within-

category specialization than doing so through across-category diversification. Using the 

effect sizes that result from the delta method estimation discussed earlier (as reported in 

Table 4), a chi-square comparison test is run. There is a significant difference between the 

two variety effects, supporting Hypothesis 1 (p < 0.01). As a robustness check, the effect 

sizes are calculated using the delta method also at quartiles (in addition to means) and the 

resultant effects are compared. Even though the size of the difference varies across these 

tests (not surprisingly, due to the nonlinearity of the effects), the statistical significance of 

the difference persists across all test points. Table 5 shows the results at the median (p < 

0.01), and the rest of the analyses are reported in the following section on robustness tests. 

 
DV: Rate of demand for a complementor’s products Coefficients IRR [95% Confidence Interval] 
Variety through diversification across categories 
 

.135*** 
(.0062) 

1.144 .123 
 

.147 
 

Variety through specialization within categories 
 

.217*** 
(.0066) 

1.242 .204 
 

.230 
 

Comparison test statistic (chi-square) 48.36***    
Robust standard errors in parentheses, *p < 0.1; **p < 0.05; ***p < 0.01. 

Table 4: Sizes for variety effects using delta-method and the comparison test 

 
DV: Rate of demand for a complementor’s products Coefficients IRR [95% Confidence Interval] 
Variety through diversification across categories 
 

.149*** 
(.0066) 

1.161 .136 
 

.162 
 

Variety through specialization within categories 
 

.229*** 
(.0071) 

1.257 .215 
 

.243 
 

Comparison test statistic (chi-square) 40.31***    
Robust standard errors in parentheses, *p < 0.1; **p < 0.05; ***p < 0.01. 

Table 5: Effect sizes using delta method and comparison test are replicated at medians 
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Hypotheses 2 and 3 propose negative moderating effects of platform size and 

competitive intensity, respectively, on the superiority of positive performance effects of 

variety creation through within-category specialization over that of variety creation 

through across-category diversification. From an empirical standpoint, four possible 

scenarios can lead to this outcome18 (see Figure 4). In the first scenario, the interaction 

terms could be positive for both variety measures. In the second scenario, the interaction 

terms could be both negative. In the third scenario, the interaction with variety creation 

through diversification could be nonpositive while the interaction with variety creation 

through specialization is positive. In this case, the results would not support the hypotheses. 

In the fourth scenario, the interaction with variety creation through diversification could be 

nonnegative while the interaction with variety creation through specialization is negative. 

Hypothesis 2 and Hypothesis 3 both propose the case in this fourth scenario. The results 

are shown in Models 2 and 3, respectively, for platform size and competitive intensity 

(Table 3). 
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* Plots represent total effects (i.e., the combinations of main and interaction effects) 

Figure 4: Four possible scenarios for the theorized effects in Hypothesis 2 and 3 

It is worth noting before an interpretation of the results that, for the sake of clarity, 

only the interactions of moderator variables with the main effects of variety measures are 

reported. However, as the variety effects themselves are nonlinear, there may also be 

significant interactions between the quadratic forms of the effects and moderator variables. 
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The results of this difficult to interpret model (with three-way interactions) are reported in 

the following section on robustness tests. They are consistent with the results reported here. 

Model 2 shows the results of interactions between the variety measures and 

platform size. While the interaction between variety creation through specialization and 

platform size is negative and statistically significant (p < 0.01), the interaction between 

variety creation through diversification and platform size is not significant. As the platform 

size increases, while the positive effects of variety creation through specialization on the 

rate of demand are negatively moderated, the effects of variety creation through 

diversification remain unchanged. The latter effect has a positive sign as hypothesized but 

it is not significant. From a statistical viewpoint, Hypothesis 2 has partial support. This is 

because Hypothesis 2a does not have support at a statistically significant level but 

Hypothesis 2b does so. Following the main proposition in Hypothesis 2, the difference 

between the two variety effects becomes smaller under the moderation. In Figure 5, the 

moderating effect of platform size is plotted across low, medium, and high levels. As the 

platform size increases (from upper to lower lines19), the difference between the effects of 

variety creation through across-category diversification and that through within-category 

specialization becomes smaller. 

Model 3 shows the results of interactions between the variety measures and 

competitive intensity. While the interaction between variety creation through specialization 

and competitive intensity is negative and statistically significant (p < 0.01), the interaction 

between variety creation through diversification and competitive intensity is not 

significant, supporting Hypothesis 3. That is, as the competitive intensity increases, the 

positive effects of variety creation through specialization on the rate of demand are 

negatively moderated, while the effects of variety creation through diversification remain 

unchanged. The difference between the effects becomes smaller under the moderation, 
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following the proposition in Hypothesis 3. In Figure 6, the moderating role of competitive 

intensity is plotted across low, medium, and high levels of the variable. As the competitive 

intensity increases, the difference between the effects of variety creation through across-

category diversification and that through within-category specialization becomes smaller. 

The tests for Hypothesis 2 and 3 both show that the relative advantages from variety 

creation through within-category specialization over across-category diversification begin 

to erode while platform size and competitive intensity increase. However, the positive 

performance effects of within-category specialization continue to prevail. That is, the 

relationship posited in Hypothesis 1 weakens but persists under the moderated conditions. 

 

 
* Dotted lines are means, and dashed lines are the 1st, 2nd, and 3rd quartiles for the corresponding variable. 
** Vertical bar graphs around point estimates are the 95% confidence intervals for each variety measure. 
*** From upper to lower lines, platform size is low (1st quartile), medium (median), and high (3rd quartile). 

Figure 5: The relationships between variety and the rate of demand in 99th percentile 
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* Dotted lines are means, and dashed lines are the 1st, 2nd, and 3rd quartiles for the corresponding variable. 
** Vertical bar graphs around point estimates are the 95% confidence intervals for each variety measure. 
*** From lower to upper, comp. intensity is low (1st quartile), medium (median), and high (3rd quartile). 

Figure 6: The relationships between variety and the rate of demand in 99th percentile 

ROBUSTNESS TESTS 

In what follows, a number of alternative estimation methods and models are tested 

to check the robustness of findings. As discussed in the methods section, it has been argued 

that the estimator of negative binomial model that is currently implemented in this study 

(i.e., Hausman et al., 1984) is not a “true” fixed-effects model (Allison, 2009; Allison & 

Waterman, 2002) with the implication that it may not fully control for all time-invariant 

effects. Controlling statistically for any relatively time-invariant, unobserved heterogeneity 

such as creative talent and intrinsic motivation is critical for the analysis in this study. In 

the first robustness test, this potential weakness is addressed as follows. For the same 

models in Table 3, Poisson estimator is run because Poisson models are “true” fixed-effects 
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models (Cameron & Trivedi, 2013). Poisson estimator controls for time-invariant effects; 

hence, the risk of a specification error discussed earlier is averted (Cameron & Trivedi, 

1986; Heckman, 1979). The results of Poisson models are shown in Table 6 in Appendix 

IV, and are consistent with the results from the negative binomial models as reported 

earlier, confirming the robustness of the results to model specification and the estimator. 

Even though strong theoretical support and ample empirical evidence from prior 

work indicate that the performance effects of variety measures are of nonlinear -quadratic- 

nature, it is also possible that two variety measures have a statistically significant 

interaction. In data sets in which two independent variables are highly correlated, 

difficulties may arise in distinguishing between quadratic and interaction effects based 

purely on statistical grounds (Aiken & West, 1991). Simulations further show that when 

such an interaction exists but not included in the model, the estimation may indicate 

concave (or convex) relationship between the independent variables and dependent 

variable while the true relationship is convex (or concave) (e.g., Ganzach, 1997). In the 

data set of this study, two variety measures are highly correlated. This is not surprising, 

given that the two measures are the products of the same index (i.e., Shannon-Wiener 

variety). To ensure that the quadratic effects of variety measures on complementor 

performance are robust, the interaction is tested between variety creation through across-

category diversification and variety creation through within-category specialization. Table 

7 in Appendix IV shows the results for the model that includes both the quadratic effects 

and interactions. In line with the theoretical and empirical evidence, the quadratic effects 

of the variety measures persist. Even more assuring is that the effect sizes of two variety 

measures and the relative superiority of variety creation through within-category 

specialization over variety creation through across-category diversification are also 

consistent with the original findings. Moreover, the results show that there is a statistically 



 50 

significant and positive interaction between the effects of two variety strategies (p < 0.01). 

That is, two variety creation strategies discussed in this study positively reinforce each 

other in their associations with the rate of consumer demand. The result is in line with the 

theorizing in this study (see Discussion for details). Figures 7a, b in Appendix IV show the 

plots for the variety effects using the estimations in the model with the interaction term. 

In the methods section, the moderation effects of platform size and competitive 

intensity are tested as direct interactions with only the main effects of two variety strategies, 

even though the effects of the variety strategies are shown to be nonlinear (i.e., quadratic). 

As discussed earlier, this was done so for the sake of clarity and ease of interpretation. As 

a robustness check, two additional models are estimated with both the main and quadratic 

effects of two variety measures, and the interaction of the moderator variables with both 

the main and quadratic effects of two variety measures. The results are shown in Table 8 

in Appendix IV. The moderating effects of platform size and competitive intensity on 

variety creation through across-category diversification are not statistically significant 

while both moderators negatively moderate the positive effects of variety creation through 

within-category specialization, upholding the earlier evidence that is reported and 

discussed in support of Hypotheses 2 and 3. Because the results are difficult to interpret 

from the table in this complicated model with three-way interactions, the effects are plotted 

in Appendix IV for the moderating effects of platform size in Figures 8a, b, based on Model 

2 in Table 8, and competitive intensity in Figures 8c, d based on Model 3 in Table 8. 

In testing Hypothesis 1, the delta method is used to calculate the effect sizes and 

the two nonlinear (i.e., quadratic) variety effects are compared using these effect sizes. As 

discussed earlier, the delta method provides an approximation that is similar to taking the 

derivative of the quadratic functions, and calculating the value of the functions (at mean 

and median in the results reported earlier). As a robustness check, the delta method is 
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applied at the quartiles in addition to means (Table 9 in Appendix IV). The results are 

consistent with the original findings. The comparison tests indicate significant differences 

between the effects of variety strategies on complementor performance at each tested point. 

In the final set of robustness tests, the data set is split using the independent 

variables that divide complementors in subgroups. Splitting the data into separate groups 

is a suggested practice that takes advantage of large samples (Lin et al., 2013). For the 

analyses run on the splits, the mean value of a focal variable by complementors is calculated 

first. Then, using these means, the data set is split based on selected quartiles. In each 

analysis, the number of groups (complementors) is reported in addition to the sample size20. 

The first test in a subsample of the data focuses on complementor size. That is, the 

data is split according to the median of the average number of products each complementor 

launches. Then, the model is run in these subsamples. Because a large number of 

complementors have one or two products, the median is used rather than all quartiles in 

splits (the median for the average number of products is two). This test is important because 

information on complementors who launch only one product should not contribute to the 

estimation of the effects of variety on complementor performance, as variety is nonexistent 

for these complementors21. Table 10 in Appendix IV shows the results. Not surprisingly, 

Model 1 (i.e., data with only one or two products) does not produce meaningful results 

because the estimations for the variety measures depend only on complementors with two 

products. On the other hand, Model 2 (i.e., the rest of data with more than two products) is 

critical to ensure the robustness of the original results. The estimations from this model 

must be qualitatively similar, with close effect sizes for the variety measures. Table 10 

shows that the results in Model 2 follow the expectations for robustness. It is assuring to 

observe that the effect sizes for the two variety measures are similar to the original results, 

and the difference between the effects is in line with the one reported in the original results. 
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The second test in a split of the data focuses on the variety measures, which are the 

main explanatory variables in the original model. The data is first split according to the 

median of the average level of variety that complementors create both through across-

category diversification and through within-category specialization22. The model is 

estimated using the four scenarios of subsamples resulting from this split (i.e., low/low 

across/within variety, high/high across/within variety, low/high across/within variety, and 

high/low across/within variety). The results shown in Table 11, Appendix IV are in line 

with the original results, supporting the model interpretations that are made earlier. 

The third and fourth tests using splits focus on complementor tenure and popularity, 

respectively. In these tests, the data is split according to the quartiles of the average number 

of months since the first product of a complementor is launched, and products each 

complementor launches, respectively. The models are then estimated in these subsamples. 

In Appendix IV, the results are shown in Table 12 and 13, respectively, for complementor 

tenure and popularity, and they are qualitatively similar to the original findings. 
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Chapter 5: Limitations 

This study is not without important limitations. Two main limitations of the study 

relate to the issues on generalizability and utilized constructs. First, a single digital 

multisided platform is examined in a particular context. The empirical evidence provided 

in favor of the hypotheses may be context specific. The use of variety as a unit of analysis 

is expected to make the findings generalizable to other platforms (even though the effects 

sizes should vary depending on the context) but this argument is at best tentative. Second, 

the measurements of the variety constructs have explicit and implicit assumptions. Variety 

creation through diversification is measured using categories. The use of product categories 

for this purpose is in line with prior work on platforms (e.g., Boudreau, 2012; Cennamo & 

Santalo, 2013). However, it must also be acknowledged that the extent to which product 

categories (or genres) indicate variety may be debatable. Similarly, the variety construct 

for specialization within categories relies on product attributes for clusters. This construct 

might be improved if these attributes are examined qualitatively. However, doing so may 

not be feasible in a sample as large as the one used in this study. Finally, changes in the 

level of variety could be due to innovations as well as imitations. Similarly, the size of the 

sample does not permit examining the potential effects of such a qualitative distinction. 
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Chapter 6: Discussion and Implications 

This study is one of the early attempts to examine complementor strategies and 

performance in digital platforms using product variety as the unit of analysis in a pursuit 

to make generalizable propositions. The first major contribution of this study is to elaborate 

the entrepreneurial opportunity formation theories (i.e., opportunity discovery and 

creation), and extend them to variety and value creation and co-creation in IT-enabled, 

platform-based markets. This study conceptualizes variety creation in platforms as an 

entrepreneurial process and as a mean to value creation in platforms. The development in 

this study articulates the microfoundations of value co-creation process, and in so doing, 

brings into the attention of platform literature the role of complementors as creative 

entrepreneurs. The theory and findings in this study show that complementor performance 

benefits from a discovery logic, which is associated with diversification across categories 

in this study (e.g., in a freelancer platform, a programmer may be better off discovering the 

best paying available problems with the shortest times required to solve across categories). 

Complementor performance also benefits, and even more prominently, from a creation 

logic, which is associated with specialization within categories in this study (i.e., problems 

are not defined and specified ex ante but need to be formulated by complementors). 

In platforms, complementors are able to increase their performance levels more by 

focusing their limited resources on creating and launching a variety of products in specific 

categories than by doing so across categories. This finding complements the opportunity 

discovery and related organizational search logic, which has largely dominated the research 

on new product development and introduction (e.g., Katila, 2002; Katila & Ahuja, 2002; 

Lopez-Vega, Tell, & Vanhaverbeke, 2016). The findings that complementors benefit from 

within-category specialization increasingly more as they increase the level of variety they 

create and that the relationship reverses at a certain level of variety (see Figure 3a) highlight 
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the explicit treatment of value creation in platforms using variety as a nontrivial matter. 

That is, complementors may achieve marginal performance advantages from seeding their 

creations across categories initially, when the level of variety they create is minimal. 

However, they predominantly benefit from focusing on specific categories, as the level of 

variety they create increases. This finding does not conform to the prescription that 

entrepreneurs should focus on a niche market, prove the success of their products in the 

niche, and scale up afterwards. The finding may be explained by the complementors’ need 

to manage extreme demand uncertainty for creative products as well as by the relatively 

low costs of creating a number of new products in different categories in digital platforms. 

This study also elaborates the entrepreneurial opportunity creation theories by 

underscoring the importance of knowledge and demand articulation in variety creation and 

value co-creation in platforms with creative products. This study shows that knowledge 

and demand articulation are critical but neglected concepts in explaining the 

entrepreneurial creation process. In so doing, the theory developed in this study distances 

entrepreneurial opportunity creation further from the search logic that has long dominated 

the understanding of entrepreneurial value creation process through concepts such as 

opportunity recognition and opportunity discovery (Short et al., 2010; Venkataraman, 

Sarasvathy, Dew, & Forster, 2012). The development in this study does not adopt the 

arguments the more recent work has offered as an alternative theorizing for entrepreneurial 

opportunities. Such a theorizing argues that problem formulation is not a required step in 

creating entrepreneurial solution – consumer need pairs (e.g., von Hippel & von Krogh, 

2016). The development in this study as supported by the empirical findings underlines 

(not undermines) the importance of knowledge articulation and demand generation, and it 

does so through an examination of variety creation. This is an early step to examine value 

co-creation using opportunity creation theory and elaborating it by knowledge articulation. 
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The theoretical development and findings in this study on variety in addition to 

quantity (of complementors and their products) have direct implications for studies that 

focus on fostering complementor creations (e.g., Tilson, Lyytinen, & Sørensen, 2010; 

Wareham et al., 2014), and value co-creation in platforms (e.g., Adner & Kapoor, 2010; 

Ceccagnoli et al., 2012). This study shifts the focus from treating complementors as 

quantities to understanding their variety creation processes with implications on how value 

creation can be facilitated. The implications include the ways in which complementors and 

platforms could simultaneously attain performance gains as a platform grows in size. This 

study shows that increases in the quantity and variety of products in a platform may not 

create equally favorable conditions for the providers of platforms and their individual 

complementors. These increases may positively contribute to the growth of platforms. 

However, they may not necessarily contribute to the performance levels of individual 

complementors. The providers of platforms may need to develop policies to resolve this 

conflict. Based on the findings in this study, they need to find a balance between 

encouraging the specialization of their complementors and attracting more complementors. 

In the context of creative products, variety in addition to quantity may act as a mean 

through which value in network effects is created (hence the need for the balance). This 

finding contributes to and complements the prior work on the “lemons problem” 

explanation of negative effects due to growth (e.g., Boudreau, 2012; Boudreau & Hagiu, 

2009). The current study offers variety as a new unit of analysis in examining these effects. 

This study contributes also by extending the scope of prior work on product variety 

to platforms in which offerings are creative products and the source of variety creation 

exhibits multiplicity (i.e., multiple sides). The peculiarities due to the nature of creative 

products are shown and their role in facilitating variety creation in platforms is discussed. 

The conceptualization offered in this study hence shows that the entrepreneurial creation 
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process in this context may be different from the previously studied product introduction 

processes in electronic markets with usually mass-market products (e.g., Brynjolfsson, Hu, 

et al., 2010) for at least two reasons. The type of variety that is created in the context of 

this study responds to aesthetic and expressive tastes in addition to utility functions. 

Moreover, product variety is largely created and launched by independent complementors. 

The findings also reveal that variety creation through across-category 

diversification and variety creation through within-category specialization can be 

complementary rather than contradictory23. This finding is in line with the way two variety 

creation strategies are conceptualized in this study. These two strategies are assumed to 

constitute two ends of a continuum. This assumption follows the argument in prior work 

for the complementarity between the opportunity discovery and opportunity creation logics 

(Edelman & Yli-Renko, 2010; Zahra, 2008). Even though tensions may arise between two 

variety creation strategies, complementors are likely to engage in both simultaneously. This 

may be due to less-than-strict resource constraints (Keyhani, Lévesque, & Madhok, 2015). 

Production is an individual creative process and distribution is handled by the providers of 

platforms. Hence, resource constraints are limited except possibly for time and attention, 

which can be split between two strategies. Prior work on new product introductions 

similarly argues that two competing product introduction strategies may have a positive 

interaction when resources are not strictly scarce (i.e., Katila & Ahuja, 2002). This line of 

reasoning is based on the assumption that some resources such as information and 

knowledge may be infinite (Schapiro & Varian, 1999), and supported empirically in other 

related work (e.g., Nerkar, 2003). The focus on knowledge articulation may be one of the 

reasons for the similar insights that are gained from the theory and findings in this study. 
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PRACTICAL IMPLICATIONS 

The theory about variety in platforms offers guidance for platform complementors 

on how to use alternative strategies to attain sustainable performance advantages as a 

platform grows in size and competition intensifies. The guidance provided by the theory 

advanced in this study offers a way to achieve entrepreneurial success for complementors 

after joining a platform in which the offerings are “creative products.” The results indicate 

that complementors can gain brief performance advantages in seeding their creations across 

categories early on, when they initially join a platform; however, these advantages quickly 

erode as they increase the level of product variety they develop and launch. Based on these 

results, complementors are better off initially focusing their limited resources on testing 

different categories with their creations and identifying categories to specialize in, and then 

concentrating their focus on the selected categories. While success in demand articulation 

relies on within-category specialization, these initial experiments can be critical in 

identifying a fit for the creative talent of complementors. Complementors can also attain 

visibility in increasingly crowded platforms by engaging in these initial experiments. 

The results further show that complementors should remain focused on within-

category specialization but they should continue to test different categories as a platform 

grows in size and competition intensifies. This is because the superiority of within-category 

specialization weakens but persists as a platform grows in size. This may be due to the 

creative products context in which product life cycles are short and consumer demand tend 

to exhibit extreme fluctuations. Complementors can benefit from within-category 

specialization while remaining open to new (and potentially more attractive) opportunities. 

The study also provides guidance on how the providers of platforms can promote 

the sustainability of complementor performance, and accordingly, platform performance. 

The results show that increases in the level of variety may not create equally favorable 
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conditions for the providers of platforms and individual complementors. The providers of 

platforms may develop policies to encourage a balance between within-category 

specialization and across-category diversification while they attract more complementors. 

Such a policy may help them respond to the “lemons problem,” or the negative effects due 

to growth at the platform level, and contribute to platform success in the long term. 
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Chapter 7: Future Research Directions 

This study constitutes an early attempt to examine closely complementor strategies 

and behavior in platforms with creative products, and provides guidance for future 

research. Complementors are the main source of value creation in platforms, and the value 

creation process depends on their entrepreneurial activity. Entrepreneurship theories 

traditionally focus on the characteristics of entrepreneurs and the entrepreneurial creation 

process when it comes to the role of creativity (Dimov, 2007; Ward, 2004; Whiting, 1988). 

These theories can be further extended by future research to explain the pursuit of creative 

products in digital platforms. This extension requires a focus on entrepreneurial outcomes 

that carry aesthetic and expressive value in addition to utility (Caves, 2000; 

Csikszentmihalyi & Getzels, 1971; Lampel et al., 2000; Tschang, 2007). This study 

integrates knowledge and demand articulation concepts to examine the entrepreneurial 

processes underlying these outcomes, and shows how complementors can strategically 

engage in these processes. In addition to knowledge and demand articulation, the theory 

and practice of art and design may also inform future theorizing on entrepreneurial creation 

processes in the creative products context (e.g., Dempster, 2006; Gero & Maher, 2013). 

From a strategy perspective, the emerging strategic entrepreneurship literature 

(e.g., Hitt, Ireland, Camp, & Sexton, 2001; Hitt et al., 2011) might be extended to explain 

the entrepreneurial process in platforms in which success depends on managing 

intraplatform competition. This study demonstrates that platforms with creative products 

constitute a fruitful setting for the advancement of an emerging theory on the role of 

opportunity creation in performance outcomes through collaborations, as developed in the 

studies on strategic entrepreneurship (e.g., Ketchen, Ireland, & Snow, 2007). Future 

research on complementor strategies might also be advanced to examine the ways 

complementor products are displayed (or visualized as products may be digital) as a part 
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of value co-creation in platforms. Studies on this topic might benefit extensively from the 

studies on visual aesthetics; i.e., “the beauty or the pleasing appearance of things” 

(Moshagen & Thielsch, 2010; Palmer, Schloss, & Sammartino, 2013; Tractinsky, 2012: 1). 

This study is also a call for a further articulation of an entrepreneurial perspective 

in studying complementor behavior in digital multisided platforms. More platform studies 

that take the complementors’ perspective are needed (Cennamo et al., 2016). This call is 

extended to platforms with creative products as the context poses additional peculiarities. 

This call might be responded by moving beyond system-level theories in examining 

platforms, such as network effects and resource-based view, and extending the use of 

entrepreneurship theories on value creation to complementor activity in platforms. Value 

creation and co-creation in platforms rely on demand and supply heterogeneity24 (Adner & 

Snow, 2010). Leveraging entrepreneurship theories can advance the understanding on how 

heterogeneity is produced and exchanged. It can also complement the studies that examine 

platforms by using network effects, resource-based, modular systems, or other theoretical 

lenses (e.g., Boudreau, 2012; Hagiu, 2009; Tiwana, 2015; Venkatraman & Lee, 2004). This 

study takes an early step in this direction, and elaborates the entrepreneurship theories to 

understand variety creation strategies deployed by complementors in platforms. Variety is 

offered as a generalizable unit of analysis that might be suitable to use in studying 

heterogeneity in several ways. This study demonstrates only one of these potential uses. 

Future research can also extend this study by examining the effects of product 

variety that may be varied at more granular levels. For example, innovations and imitations 

both constitute variety but their effects are likely to diverge. These potentially divergent 

effects of variety have been introduced to the platform literature as “value-enhancing” and 

“value-destroying” variety (e.g., Wareham et al., 2014) but have not been yet extended. 

Variety measures developed in this study can be further elaborated to obtain more granular 



 62 

measures, which, in turn, might lead to new insights. Moreover, studies on variety in other 

dimensions of complementors’ entrepreneurial process, such as product visualizations and 

their effects on complementor performance, might also contribute to the platform literature. 

Methodologically, the model proposed in this study requires further support from 

the tests in other empirical contexts. Beyond this evident need, variety measures can be 

more granularly examined in a smaller sample, perhaps using qualitative methods. 

Moreover, this study extends the use of a simple but powerful product variety measure by 

clustering a large number of products offered by complementors in a platform. The 

implementation in this study provides a guidance for the use of computationally powerful 

methods in classifying heterogeneity in platforms. These platforms usually host large 

numbers and variety of not only products but also complementors and consumers. Future 

research might advance the use of these techniques in other digital platform contexts. 
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Chapter 8: Conclusion 

This study examines variety creation in the context of platforms with creative 

products. The study offers conceptualizations for two variety strategies deployed by 

complementors in these platforms: variety creation through within-category specialization 

and across-category diversification. The performance implications of these strategies for 

complementors are discussed, propositions are developed and tested using a rich data set. 

The moderating effects of two critical boundary conditions on the effects of performance, 

increasing platform size and competitive intensity, are considered in developing and testing 

further propositions. In advancing the propositions, this study elaborates entrepreneurial 

opportunity creation theories by integrating knowledge and demand articulation concepts. 

The theory and results are interesting, in several ways complementary to existing theories 

and platform literature, as well as challenging to some existing presumptions. 

The main finding is that complementors achieve higher performance advantages 

when creating variety through specialization within product categories than when creating 

variety through diversification across product categories. This finding challenges some of 

the prevalent organizational search assumptions and related “returns to diversification” 

arguments. This comparative relationship is found to weaken but persist as a platform 

grows in size and competition intensifies. Hence, complementors are better off focusing on 

variety creation through within-category specialization in platforms in which offerings are 

creative products. However, they may need to adjust their strategies along the way to 

sustain their performance levels. Further analyses showed that two strategies may be 

complementary rather than contradictory, ceteris paribus, positively reinforcing each other. 

Hence, and to summarize, this study shows that complementors benefit from variety 

creation using either strategies, but they benefit significantly more when they engage in 
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variety creation through within-category specialization. This, in turn, may contribute to the 

positive performance effects of variety creation through across-category diversification. 

Further empirical tests on the relationships show that the main proposition in this 

study (i.e., the superiority of within-category specialization over across-category 

diversification) is stronger at the higher levels of product variety. Complementors benefit 

from variety creation through specialization increasingly more as they increase the level of 

variety they create. This relationship relates to another interesting finding, as follows. 

Complementors may gain marginal benefits from variety creation through diversification 

across categories when they initially begin to launch a variety of products. This finding 

challenges another prevalent assumption that entrepreneurs should find a niche category, 

specialize in the category, and scale up to other categories when they are proven successful. 

The findings of the current study suggest that complementors should initially seed their 

creations across categories (at the minimal levels of activity), articulate cues and signals 

from consumer responses (e.g., demand, ratings, reviews), and then concentrate their 

limited resources on variety creation within certain categories. The theorizing in this study 

is built on knowledge and demand articulation concepts. These concepts may sustain 

validity across contexts along with the use of variety as a generalizable unit of analysis. 

Hence, these conclusions can be qualitatively generalizable across other platform contexts. 
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Appendix I: Effects of entrepreneurial variety creation on consumer 

demand 

Launching product variety as an entrepreneurial process is motivated by consumer 

interest25. Variety creation is defined as a reflection of the complementors’ envisioned 

future, through which complementors interact with consumers. For several reasons, 

entrepreneurial variety creation leads to an increased consumer interest in the form of 

economic demand. Variety in products creates stimulation for consumers in a market that 

is satiated by existing products and attributes, and hedges them against preference 

uncertainty (i.e., the uncertainty of future needs and preferences). Variety also fulfills an 

external motivation for social conformity in relation to factors such as popularity and 

fashion, and for social distinctiveness (Ariely & Levav, 2000; Kahn, 1995; McAlister & 

Pessemier, 1982). Hence, entrepreneurial variety creation is effective because a variety of 

experiences is valued at the consumption side (e.g., consumers like to try different 

products). This is partly because a repeated consumption of the same product may lead to 

diminishing satisfaction over time (e.g., wearing the same accessory every day). 

Consumers purposefully select variety to reduce the chances of repetition as product 

variety protects consumers against satiation (Adomavicius et al., 2015). Variety constitutes 

real options for consumers, whose needs and preferences are varied and shaped by the 

variety created by entrepreneurs (i.e., complementors). Cues and signals from these varied 

needs contribute to the creation of further variety by entrepreneurs (Clarkson, Janiszewski, 

& Cinelli, 2013; Dimov, 2007; Sarason, Dean, & Dillard, 2006; Tam & Hui, 2001). 

Entrepreneurial variety creation may generate consumer interest, but it may not 

necessarily generate actual demand. Value due to variety created by entrepreneurs may be 

overestimated by consumers (Chernev, 2006); hence, the actual demand may be lower than 

the initial interest as consumers struggle with managing complex choices at the increasing 
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levels of variety (Iyengar & Lepper, 2000; Shah & Wolford, 2007). Moreover, product 

cannibalizations are more likely to emerge as the level of variety increases. That is, new 

products tend to cannibalize the consumer demand for existing products (Wan, Evers, & 

Dresner, 2012). Hence, product variety is likely to influence demand performance at 

diminishing marginal rates, empirically producing a concave downward (inverted-U 

shaped) relationship between variety and consumer demand (Wan & Dresner, 2015). 

The line of work on the effects of product variety in IT-enabled markets also shows 

that a large variety of products is a main driver of the adoption of these markets, and 

increasing levels of variety attract more of the variety-seeking consumers (e.g., 

Brynjolfsson, Hu, et al., 2010; Chaparro-Peláez, Agudo-Peregrina, & Pascual-Miguel, 

2016; Hinz, Eckert, & Skiera, 2011). Excessive levels of variety can, on the other hand, 

impede the positive demand effects of variety; hence, there are diminishing returns to 

variety as consumer search, cognitive, and other related costs increase along with product 

variety, even though digitalization partially mitigates these costs (Brynjolfsson, Dick, & 

Smith, 2010; Brynjolfsson, Hu, & Simester, 2011). In this study, the focus is on variety 

creation through diversification across product categories and variety creation through 

specialization within product categories. In line with the extant literature, the individual 

effects of both variety creation strategies deployed by complementors on the rate of 

consumer demand are expected to be positive, but also diminishing at the extreme levels 

of variety creation. These developments constitute the basis for the two assumptions. 

Assumption A: The rate at which a platform’s complementors meet consumer 

demand has an inverted-U shape relationship (i.e., concave downward) with the increases 

in product variety through diversification across product categories. That is, the rate of 

demand for a complementor’s products first increases with increasing variety offered 

across categories, and then begins to decrease with the excessive levels of variety. 
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Assumption B: The rate at which a platform’s complementors meet consumer 

demand has an inverted-U shape relationship (i.e., concave downward) with the increases 

in product variety through specialization within product categories. That is, the rate of 

demand for a complementor’s products first increases with increasing variety offered 

within categories, and then begins to decrease with the excessive levels of variety. 
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Appendix II: Model selection 

Overdispersion is a problem violating the equal mean and variance assumption of 

Poisson distribution. The descriptive statistics indicate a large difference between the mean 

and variance of the dependent variable, providing preliminary evidence for overdispersion: 

 
 Mean Variance Observations 
DV: Rate of demand for a complementor’s products 5.72 29.73 591,467 

The likelihood-ratio test also indicates a significant overdispersion, as follows: 

 
 Coefficient Standard error [95% Confidence Interval] 

Log of the dispersion parameter (alpha) -.548 .0039 -.556 -.541 
Dispersion parameter (alpha) .578 .0022 .574 .582 
 
Comparison statistic (chibar-square) 1.1e+06***    

*p < 0.1; **p < 0.05; ***p < 0.01 

The likelihood-ratio is a formal test of the overdispersion parameter alpha (H0: 

alpha=0). When the overdispersion parameter is zero, the negative binomial distribution is 

equivalent to a Poisson distribution. In this case, the alpha is significantly different from 

zero (p < 0.01), a result indicating that the use of Poisson distribution is not appropriate. 

 Finally, the fit of the fixed-effects estimator to the data is tested. Hausman statistic 

(Hausman, 1978) tests a null hypothesis stating that the coefficients are equal when 

estimated by a random effects estimator and when estimated by a fixed effects estimator: 

 
 Coefficient 

Comparison test statistic (chi-square) 2201.73*** 
*p < 0.1; **p < 0.05; ***p < 0.01 

The result supports the use of a fixed effects model, in line with the specification used (p < 

0.01). This is also in line with the theorizing in this study, which is proposed as a selection criterion 

in deciding between the two estimators in longitudinal data (Certo, Withers, & Semadeni, 2016). 
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Appendix III: Spearman correlations 

 
 Variable Mean S.D. 1 2 3 4 5 6 7 8 
1 Rate of demand for a compl.’s products 1.03 1.55         
2 Variety through diversification 2.66 2.45 0.25        
3 Variety through specialization 3.38 3.90 0.35 0.90       
4 Nat. log of total transact. (platform size) 14.20 0.99 0.00 0.01 0.02      
5 Nat. log of competitive intensity 8.16 1.73 0.14 0.45 0.44 0.57     
6 # of complementor products 5.58 10.63 0.45 0.64 0.80 0.04 0.35    
7 Complementor tenure 36.31 24.86 0.11 0.26 0.28 0.48 0.45 0.23   
8 Complementor popularity (nat. log) 3.19 1.87 0.37 0.51 0.56 -0.08 0.33 0.50 0.36  
9 Comp. free products ratio (nat. log) -0.43 0.73 -0.24 -0.56 -0.61 -0.05 -0.38 -0.58 -0.20 -0.40 

Significance levels are not reported due to the longitudinal structure of the data. 
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Appendix IV: Robustness tests 

DV: Rate of demand for a complementor’s products Model 1 Model 2 Model 3 
Variety through diversification across categories 
 

.023*** 
(.0032) 

-.034** 
(.0145) 

-.082*** 
(.0088) 

Variety through diversification across categories SQ 
 

-.008*** 
(.0004)   

Variety through specialization within categories 
 

.136*** 
(.0026) 

.762*** 
(.0140) 

.637*** 
(.0083) 

Variety through specialization within categories SQ 
 

-.005*** 
(.0002)   

Interaction diversification variety x platform size 
  

-.001 
(.0010)  

Interaction specialization variety x platform size 
  

-.044*** 
(.0009)  

Interaction diversification variety x competitive intensity 
   

.002 
(.0008) 

Interaction specialization variety x competitive intensity 
   

-.048*** 
(.0008) 

Platform size 
 

-.511*** 
(.0025) 

-.519*** 
(.0025) 

-.528*** 
(.0025) 

Competitive intensity 
 

.168*** 
(.0023) 

.184*** 
(.0022) 

.166*** 
(.0023) 

Number of complementor products 
 

.003*** 
(.0001) 

.004*** 
(.0001) 

.005*** 
(.0001) 

Complementor tenure 
 

-.006*** 
(.0001) 

-.005*** 
(.0008) 

-.004*** 
(.0001) 

Complementor popularity 
 

1.185*** 
(.0031) 

1.180*** 
(.0031) 

1.156*** 
(.0031) 

Complementor free/total product ratio 
 

-.182*** 
(.0022) 

-.180*** 
(.0022) 

-.169*** 
(.0022) 

Seasonal (month) dummies Multiple Multiple Multiple 
Wald chi2 
Log likelihood 

533,360 
-1,324,363 

540,461 
-1,320,594 

542,990 
-1,318,659 

Robust standard errors in parentheses, N = 591,467 (12,258 groups), *p < 0.1; **p < 0.05; ***p < 0.01. 

Table 6: Fixed-effects Poisson models 
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DV: Rate of demand for a complementor’s products Original Interaction 
Variety through diversification across categories 
 

.135*** 
(.0060) 

.138*** 
(.0063) 

Variety through diversification across categories SQ 
 

-.026*** 
(.0010) 

-.044*** 
(.0022) 

Variety through specialization within categories 
 

.217*** 
(.0067) 

.216*** 
(.0067) 

Variety through specialization within categories SQ 
 

-.016*** 
(.0008) 

-.027*** 
(.0014) 

Interaction diversification variety x specialization variety 
  

.030*** 
(.0031) 

Platform size 
 

-.257*** 
(.0042) 

-.257*** 
(.0042) 

Competitive intensity 
 

.116*** 
(.0030) 

.116*** 
(.0030) 

Number of complementor products 
 

.007*** 
(.0002) 

.007*** 
(.0002) 

Complementor tenure 
 

-.007*** 
(.0001) 

-.007*** 
(.0001) 

Complementor popularity 
 

.193*** 
(.0020) 

.193*** 
(.0020) 

Complementor free/total product ratio 
 

-.034*** 
(.0038) 

-.036*** 
(.0038) 

Seasonal (month) dummies Multiple Multiple 
Wald chi2 
Log likelihood 

88,044 
-941,381 

88,296 
-941,334 

Robust standard errors in parentheses, N = 591,467 (12,258 groups), *p < 0.1; **p < 0.05; ***p < 0.01. 

Table 7: Comparison between the original model and a model with the interaction 
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* Dotted lines are means, and dashed lines are the 1st, 2nd, and 3rd quartiles for the corresponding variable. 
** Color shaded areas around the line graphs are the 95% confidence intervals for each variety measure. 

Figure 7a: The relationships between variety and the rate of demand in 99th percentile 
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* Dotted lines are means, and dashed lines are the 1st, 2nd, and 3rd quartiles for the corresponding variable. 
** Color shaded areas around the line graphs are the 95% confidence intervals for each variety measure. 

Figure 7b: The relationships between variety and the rate of demand in complete data 
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DV: Rate of demand for a complementor’s products Model 1 Model 2 Model 3 
Variety through diversification across categories 
 

.135*** 
(.0060) 

.094 
(.0657) 

.043 
(.0326) 

Variety through diversification across categories SQ 
 

-.026*** 
(.0010) 

-.178*** 
(.0128) 

-.111*** 
(.0067) 

Variety through specialization within categories 
 

.217*** 
(.0067) 

1.212*** 
(.0677) 

.965*** 
(.0333) 

Variety through specialization within categories SQ 
 

-.016*** 
(.0008) 

-.104*** 
(.0103) 

-.090*** 
(.0054) 

Interaction diversification variety x platform size 
  

.002 
(.0045)  

Interaction diversification variety SQ x platform size 
  

.010*** 
(.0009)  

Interaction specialization variety x platform size 
  

-.068 
(.0047)  

Interaction specialization variety SQ x platform size 
  

.006*** 
(.0007)  

Interaction diversification variety x competitive intensity 
   

.008** 
(.0033) 

Interaction diversification variety SQ x competitive 
intensity 
   

.008*** 
(.0006) 

Interaction specialization variety x competitive intensity 
   

-.070*** 
(.0032) 

Interaction specialization variety SQ x competitive intensity 
   

.007*** 
(.0005) 

Platform size 
 

-.257*** 
(.0042) 

-.272*** 
(.0041) 

-.236*** 
(.0043) 

Competitive intensity 
 

.116*** 
(.0030) 

.112*** 
(.0029) 

.073*** 
(.0032) 

Number of complementor products 
 

.007*** 
(.0002) 

.008*** 
(.0002) 

.008*** 
(.0002) 

Complementor tenure 
 

-.007*** 
(.0001) 

-.007*** 
(.0001) 

-.006*** 
(.0001) 

Complementor popularity 
 

.193*** 
(.0020) 

.191*** 
(.0020) 

.186*** 
(.0020) 

Complementor free/total product ratio 
 

-.034*** 
(.0038) 

-.030*** 
(.0037) 

-.023*** 
(.0038) 

Seasonal (month) dummies Multiple Multiple Multiple 
Wald chi2 
Log likelihood 

88,044 
-941,381 

90,902 
-940,804 

91,492 
-940,356 

Robust standard errors in parentheses, N = 591,467 (12,258 groups), *p < 0.1; **p < 0.05; ***p < 0.01. 

Table 8: Fixed-effects negative-binomial models for full model of interactions 
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* Dotted lines are means, and dashed lines are the 1st, 2nd, and 3rd quartiles for the corresponding variable. 
** Color shaded areas around the line graphs are the 95% confidence intervals for each variety measure. 

Figure 8a: The relationships between variety and the rate of demand in 99th percentile 
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* Dotted lines are means, and dashed lines are the 1st, 2nd, and 3rd quartiles for the corresponding variable. 
** Color shaded areas around the line graphs are the 95% confidence intervals for each variety measure. 

Figure 8b: The relationships between variety and the rate of demand in complete data 
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* Dotted lines are means, and dashed lines are the 1st, 2nd, and 3rd quartiles for the corresponding variable. 
** Color shaded areas around the line graphs are the 95% confidence intervals for each variety measure. 

Figure 8c: The relationships between variety and the rate of demand in 99th percentile 
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* Dotted lines are means, and dashed lines are the 1st, 2nd, and 3rd quartiles for the corresponding variable. 
** Color shaded areas around the line graphs are the 95% confidence intervals for each variety measure. 

Figure 8d: The relationships between variety and the rate of demand in complete data 
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DV: Rate of demand for a complementor’s products Coefficients IRR [95% Confidence Interval] 
1st Quartile (25th Percentile)    
Variety through diversification across categories 
 

.170*** 
(.0073) 

1.186 .156 
 

.185 
 

Variety through specialization within categories 
 

.237*** 
(.0074) 

1.267 .222 
 

.251 
 

Comparison test statistic (chi-square) 
 

24.45*** 
 

 
  

2nd Quartile (50th Percentile)    
Variety through diversification across categories 
 

.149*** 
(.0066) 

1.161 .136 
 

.162 
 

Variety through specialization within categories 
 

.229*** 
(.0071) 

1.257 .215 
 

.243 
 

Comparison test statistic (chi-square) 
 

40.31*** 
 

 
  

3rd Quartile (75th Percentile)    
Variety through diversification across categories 
 

.128*** 
(.0060) 

1.136 .116 
 

.139 
 

Variety through specialization within categories 
 

.214*** 
(.0065) 

1.239 .201 
 

.227 
 

Comparison test statistic (chi-square) 
 

56.09*** 
 

 
  

Robust standard errors in parentheses, *p < 0.1; **p < 0.05; ***p < 0.01. 

Table 9: Delta method effect sizes and comparison tests at major quantiles 
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DV: Rate of demand for a complementor’s products 
Model 1 

(Size<Median) 
Model 2 

(Size>Median) 
Variety through diversification across categories 
 

.267*** 
(.0366) 

.115*** 
(.0066) 

Variety through diversification across categories SQ 
 

.0264 
(.0452) 

-.024*** 
(.0011) 

Variety through specialization within categories 
 

-.501*** 
(.0998) 

.237*** 
(.0070) 

Variety through specialization within categories SQ 
 

-.876** 
(.1123) 

-.019*** 
(.0008) 

Platform size 
 

-.302*** 
(.0078) 

-.316*** 
(.0053) 

Competitive intensity 
 

.041*** 
(.0049) 

.173*** 
(.0042) 

Number of complementor products 
 

.344*** 
(.0119) 

.007*** 
(.0002) 

Complementor tenure 
 

-.006*** 
(.0003) 

-.007*** 
(.0001) 

Complementor popularity 
 

.206*** 
(.0044) 

.192*** 
(.0023) 

Complementor free/total product ratio 
 

.043*** 
(.0184) 

-.048*** 
(.0039) 

Seasonal (month) dummies Multiple Multiple 
Wald chi2 
Log likelihood 

26,683 
-286,378 

67,428 
-650,546 

Number of observations 295,753 295,714 
Number of groups 7,169 5,089 

Robust s. errors in parentheses, Total N = 591,467 (12,258 total groups), *p < 0.1; **p < 0.05; ***p < 0.01. 

Table 10: Negative-binomial model replications for the splits of complementor size 
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DV: Rate of demand for a complementor’s products 
 

Model 1 
(Low across 
Low within) 

Model 2 
(Hi across 
Hi within) 

Model 3 
(Low across 

Hi within) 

Model 4 
(Hi across 

Low within) 
Variety through diversification across categories 
 

.300*** 
(.0486) 

.156*** 
(.0070) 

.192*** 
(.0736) 

.080 
(.1298) 

Variety through diversification across categories SQ 
 

-.095 
(.0580) 

-.029*** 
(.0011) 

-.276*** 
(.0922) 

.491** 
(.2192) 

Variety through specialization within categories 
 

1.331*** 
(.0843) 

.209*** 
(.0071) 

.954*** 
(.0033) 

-.003 
(.2760) 

Variety through specialization within categories SQ 
 

-.280** 
(.1118) 

-.014*** 
(.0008) 

-.810*** 
(.0363) 

-1.594** 
(.6448) 

Platform size 
 

-.292*** 
(.0082) 

-.327*** 
(.0057) 

-.245*** 
(.0173) 

-.290*** 
(.0206) 

Competitive intensity 
 

.018*** 
(.0051) 

.181*** 
(.0045) 

.024** 
(.0134) 

.136*** 
(.0152) 

Number of complementor products 
 

.023*** 
(.0014) 

.007*** 
(.0002) 

.021*** 
(.0009) 

.148*** 
(.0154) 

Complementor tenure 
 

-.005*** 
(.0003) 

-.007*** 
(.0002) 

-.006*** 
(.0005) 

-.014*** 
(.0007) 

Complementor popularity 
 

.208*** 
(.0045) 

.186*** 
(.0025) 

.133*** 
(.0083) 

.312*** 
(.0129) 

Complementor free/total product ratio 
 

-.101*** 
(.0179) 

-.031*** 
(.0041) 

-.099*** 
(.0150) 

.308*** 
(.0377) 

Seasonal (month) dummies Multiple Multiple Multiple Multiple 
Wald chi2 
Log likelihood 

22,699 
-255,711 

60,325 
-580,862 

6,280 
-60,300 

5,356 
-38,911 

Number of observations 265,352 265,323 30,395 30,397 
Number of groups 6,547 4,479 547 685 

Robust s. errors in parentheses, Total N = 591,467 (12,258 total groups), *p < 0.1; **p < 0.05; ***p < 0.01. 

Table 11: Negative-binomial model replications for the splits of variety measures 
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DV: Rate of demand for a complementor’s products 
 

Model 1 
(Tenure in 

Quart. 1) 

Model 2 
(Tenure in 

Quart. 2) 

Model 3 
(Tenure in 

Quart. 3) 

Model 4 
(Tenure in 

Quart. 4) 
Variety through diversification across categories 
 

.032 
(.0216) 

.246*** 
(.0165) 

.133*** 
(.0118) 

.047*** 
(.0091) 

Variety through diversification across categories SQ 
 

-.030*** 
(.0034) 

-.056*** 
(.0038) 

-.024*** 
(.0019) 

-.012*** 
(.0013) 

Variety through specialization within categories 
 

.482*** 
(.0277) 

.405*** 
(.0188) 

.337*** 
(.0120) 

.158*** 
(.0083) 

Variety through specialization within categories SQ 
 

-.054*** 
(.0049) 

-.065*** 
(.0040) 

-.028*** 
(.0016) 

-.006*** 
(.0008) 

Platform size 
 

-.252*** 
(.0243) 

-.360*** 
(.0207) 

-.279*** 
(.0128) 

-.282*** 
(.0071) 

Competitive intensity 
 

.100*** 
(.0066) 

.024*** 
(.0060) 

.070*** 
(.0055) 

.157*** 
(.0058) 

Number of complementor products 
 

.018*** 
(.0010) 

.016*** 
(.0005) 

.007*** 
(.0002) 

.006*** 
(.0003) 

Complementor tenure 
 

-.008*** 
(.0006) 

.000 
(.0006) 

-.003*** 
(.0004) 

-.009*** 
(.0002) 

Complementor popularity 
 

.197*** 
(.0058) 

.263*** 
(.0047) 

.195*** 
(.0038) 

.186*** 
(.0034) 

Complementor free/total product ratio 
 

-.122*** 
(.0126) 

-.005*** 
(.0093) 

-.085*** 
(.0071) 

.035*** 
(.0057) 

Seasonal (month) dummies Multiple Multiple Multiple Multiple 
Wald chi2 
Log likelihood 

10,874 
-157,385 

19,409 
-213,097 

25,795 
-254,434 

34,626 
-313,287 

Number of observations 149,265 152,655 148,972 140,575 
Number of groups 5,993 2,649 1,935 1,681 

Robust s. errors in parentheses, Total N = 591,467 (12,258 total groups), *p < 0.1; **p < 0.05; ***p < 0.01. 

Table 12: Negative-binomial model replications for the splits of complementor tenure 
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DV: Rate of demand for a complementor’s products 
 

Model 1 
(Popularity 
in Quart. 1) 

Model 2 
(Popularity 
in Quart. 2) 

Model 3 
(Popularity 
in Quart. 3) 

Model 4 
(Popularity 
in Quart. 4) 

Variety through diversification across categories 
 

-.074 
(.0547) 

-.041 
(.0275) 

.078*** 
(.0161) 

.092*** 
(.0076) 

Variety through diversification across categories SQ 
 

.030 
(.0297) 

.011 
(.0094) 

-.019*** 
(.0036) 

-.018*** 
(.0011) 

Variety through specialization within categories 
 

1.202*** 
(.0828) 

.355*** 
(.0385) 

.183*** 
(.0202) 

.202*** 
(.0075) 

Variety through specialization within categories SQ 
 

-.724*** 
(.0625) 

-.146*** 
(.0176) 

-.025*** 
(.0046) 

-.014*** 
(.0008) 

Platform size 
 

-.316*** 
(.0239) 

-.346*** 
(.0136) 

-.353*** 
(.0086) 

-.310*** 
(.0060) 

Competitive intensity 
 

.074*** 
(.0101) 

.059*** 
(.0075) 

.054*** 
(.0056) 

.138*** 
(.0050) 

Number of complementor products 
 

.037*** 
(.0084) 

.054*** 
(.0034) 

.011*** 
(.0006) 

.007*** 
(.0002) 

Complementor tenure 
 

-.009*** 
(.0008) 

-.007*** 
(.0004) 

-.006*** 
(.0003) 

-.005*** 
(.0002) 

Complementor popularity 
 

.477*** 
(.0175) 

.661*** 
(.0122) 

.762*** 
(.0085) 

.179*** 
(.0032) 

Complementor free/total product ratio 
 

-.174*** 
(.0290) 

-.078*** 
(.0157) 

-.039*** 
(.0089) 

-.023*** 
(.0046) 

Seasonal (month) dummies Multiple Multiple Multiple Multiple 
Wald chi2 
Log likelihood 

7,104 
-80,881 

13,584 
-150,032 

27,169 
-246,168 

41,153 
-456,454 

Number of observations 147,893 147,855 147,971 147,748 
Number of groups 5,002 2,921 2,375 1,960 

Robust s. errors in parentheses, Total N = 591,467 (12,258 total groups), *p < 0.1; **p < 0.05; ***p < 0.01. 

Table 13: Negative-binomial model replications for the splits of compl. popularity 
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1 In this study, diversification (or specialization) is not used as a formal strategy construct with its 
meaning as in business unit diversification. It is instead used to differentiate complementors’ 
across-category focus from their within-category focus in creating a variety of products. 
2 Examples for creative products include arts and crafts, film (movies), fashion work, video 
games, advertising, and publishing work (DCMS, 1998, 2001; Tschang, 2007). 
3 In this study, opportunities are defined as products of a creative process that involves a gradual 
synthesis of streaming ideas over time (Dimov, 2007). 
4 Complementors as entrepreneurs can be individuals, groups of individuals, or organizations, 
participating in a platform as product developers, service providers, designers, or idea generators. 
5 Entrepreneurial action is a behavior in response to a judgmental decision about an opportunity. 
Entrepreneurs are assumed to respond to change and create change through entrepreneurial action 
(Hébert & Link, 1988; McMullen & Shepherd, 2006). 
6 Under the conditions of uncertainty, unlike those of risk, probabilities associated with 
alternative states are not quantifiable (Knight, 1921; Miller, 2007). 
7 Upwork allows potential employers to post jobs and tasks that freelancers then bid to take. 
UrbanSitter connects parents with babysitters, who can be booked through the platform. 
8 Etsy is a platform in which complementor products are handmade or vintage items and supplies. 
These items include art, photography, clothing, jewelry, quilts, household ornaments, and toys. 
Shapeways is a 3D printing platform and service, through which 3D objects can be printed. 
9 Except in platforms in which products can be advertised such as through paid product rankings 
(e.g., positions in a top products list); hence, advantages can be attained using financial resources. 
10 Product categories usually correspond to product genres in platforms. Examples for categories 
include clothes, bags, and shoes in Etsy, or bracelets, cufflinks, and earrings in Shapeways. 
11 Complementor creations that involve strategic decisions relate to strategic entrepreneurship, 
which is defined as entrepreneurial action with a strategic perspective (Hitt et al., 2001). 
12 The focus on knowledge articulation is also in line with an entrepreneurial action view, which 
involves knowledge and motivation (Higgins & Kruglanski, 2000; McMullen & Shepherd, 2006). 
The current study focuses on the former. 
13 The conceptual development offered in this study is agnostic about the change in the effects of 
variety creation through across-category diversification due to the moderation of competitive 
intensity; the change in the coefficient is expected to be very small or insignificant in magnitude. 
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14 The number is a sum of the consumer acquisition counts per product offered for a fee or free. 
The counts correspond to the number of “projects” created by consumers after these acquisitions. 
In testing comparative effects, any systematic biases are expected to cancel out. However, to 
ensure robustness against a systematic bias, two-sample Kolmogorov-Smirnov tests are carried 
out. 93.14% of the 18,145 pairwise tests do not indicate any systematic differences (p < 0.01). 
15 “Gap statistic” is used to find optimum 퐾 clusters (Tibshirani, Walther, & Hastie, 2001). 
16 Hausman test also indicates a better fit with a fixed-effects (than a random-effects) model 
(Appendix II). 
17 One additional model including all the variables (i.e., main effects, quadratic forms, and their 
interactions) is also developed and estimated. However, the results of this model are not reported 
due to the extreme multicollinearity, hence, unreliable coefficient estimates (Goldberger, 1991). 
18 Hypothetically, four more scenarios can also be observed for the theorized effects. One of the 
variety effects may remain unchanged while the other effect may increase or decrease. That is, 
another two-by-two combination can lead to four additional scenarios. However, in statistical 
practice, adding a moderator would change the coefficients of the variables that are moderated 
even if the amount of change is not statistically significant. Thus, these scenarios are not 
explicitly considered but they are already covered by the scenarios shown in Figure 4 for 
Hypothesis 2 and 3, which propose a decrease in the difference between the effects. For example, 
as long as the positive effects of variety through within-category specialization is negatively 
moderated, it does not matter whether the positive effects of variety through across-category 
diversification remain unchanged or decrease, the latter of which is covered in Scenario II. 
19 The increase is from the upper to the lower line (not the reverse) because the coefficient of 
platform size is negative in the main model. The estimated negative coefficient is in line with the 
expectations that increasing platform size does not necessarily benefit individual complementors. 
20 Even though the data set is split according to the quartiles, which contain approximately the 
same number of observations per quartile, the number of groups (complementors) differs as the 
number of observations per complementor differs. This is why the number of groups is reported. 
21 These observations are included to contribute to the overall explanatory power of the model. 
22 The medians are used in this split for the sake of clarity. This is because splitting by quartiles 
leads to 16 different scenarios (i.e., a 4 by 4 combination) which would be difficult to interpret. 
23 The complementarity holds true ceteris paribus. The relationship may change when moderating 
effects are considered, as in Hypothesis 2 and 3, and potentially with other confounding effects. 
24 Otherwise, the focus may shift to efficiency, such as an efficient flow of products from 
suppliers to consumers, a problem that could be explained by operations management theories. 
25 This study acknowledges that (i) complementors could also be intrinsically motivated, (ii) 
consumers do not constitute the only party complementors have interactions with, and (iii) 
consumer interest could be in forms other than directly wealth producing such as appreciation, 
popularity and fame (for similar treatments, see Glynn, 2000; Rindova et al., 2009). However, the 
scope and focus of the current study is on consumer interest in the form of economic demand. 


