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Abstract
Despite increasing interest in technological platforms as innovation ecosystems, existing research offers little predictive
insight into how firms can identify users who are likely to become successful third-party providers. In our analysis, we
combine (a) the complete sales history of all applications related to a technological platform and (b) the complete history
of communications in all user and developer communities related to the platform. We employ logistic, extended Cox, and
Poisson regression models, combined with social network analysis. We show that the prior network positions of users,
their prior communication histories, and their prior user experiences from consumption can jointly predict the transition

from user to third-party developer (i.e. indicating entrepreneurial intention), the launch of a first platform application (i.e.
entrepreneurial action) and the sales of the application (i.e. entrepreneurial success). Our study contributes to the
literature in strategic management on the dynamics of innovation on technological platforms, explicitly linking the
production and consumption sides of the two-sided market. It also adds to the entrepreneurship literature by showing
how the entrepreneurial process manifests itself in the context of technological platforms.
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Abstract:
Despite increasing interest in technological platforms as innovation ecosystems, existing research
offers little predictive insight into how firms can identify users who are likely to become
successful third-party providers. In our analysis, we combine (a) the complete sales history of all
applications related to a technological platform and (b) the complete history of communications
in all user and developer communities related to the platform. We employ logistic, extended Cox,
and Poisson regression models, combined with social network analysis. We show that the prior
network positions of users, their prior communication histories, and their prior user experiences
from consumption can jointly predict the transition from user to third-party developer (i.e.
indicating entrepreneurial intention), the launch of a first platform application (i.e.
entrepreneurial action) and the sales of the application (i.e. entrepreneurial success). Our study
contributes to the literature in strategic management on the dynamics of innovation on
technological platforms, explicitly linking the production and consumption sides of the two-sided
market. It also adds to the entrepreneurship literature by showing how the entrepreneurial process
manifests itself in the context of technological platforms.
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INTRODUCTION
New and exciting ways of organizing innovation on technological platforms offer
opportunities to pose different empirical and conceptual questions about how key processes work
in such innovation ecosystems (Adner, 2012; Yoo, Boland, Lyytinen & Majchrzak, 2012). Today
we witness how technological platforms dominate in an increasing number of businesses (Gawer
& Cusumano, 2002; Adner & Kapoor, 2010). A platform is built upon an “ecosystem” owned by
a company that provides the technological architecture that allows different types of users and
complementary business partners to connect and benefit from the platform’s base functionality
(Suarez, 2012). Unlike traditional value chains, where businesses interact with non-overlapping
group of upstream suppliers and downstream buyers, platforms function as two-sided markets
where third-party providers offer competing goods and services on one side of the market, and
products compete to find end-users on the other side (Parker & Van Alstyne, 2005; Gawer,
2014). The two sides of the market are intrinsically connected and thus influence each other’s
potential success and failure (Rochet & Tirole, 2003). For platform owners, this organization
poses particular challenges in terms of the strategic management of innovation (Eisenmann, Park
& van Alstyne, 2006).

Examples of technological platforms are many. Traditional ones include industrial platforms
where modular products support economies of scale and scope by systematically re-using
components within a product family, based on well-designed interfaces within a common subsystem or design architecture (Wheelright & Clack, 1992). Today, people are perhaps more

2

familiar with the rising number of applications (apps) populating IT-based company-specific
platforms. The number of different apps running on, for example, the Apple iOS and Google
Android platforms is staggering, and over time specialization in type and quality is increasing.
Consider also that the “app economy” has grown unbelievably fast1. Yet, despite the rapidly
increasing economic significance of apps and platforms we have scant insights into how the
underlying dynamics of innovation are working in such systems (Thomas, Autio & Gann, 2014),
especially concerning the identification and involvement of third party providers (Piezunka,
2011).

Technology platforms allow for significant network effects and hence for reaping economies
of scope of innovation (Katz & Shapiro, 1986). Third-party providers are crucial for platformowning firms as they expand the available features and functionalities of the initial product
portfolio (Boudreau, 2012) and generate opportunities for additional network effects for the
proprietary platform owner (Mollick, 2012). And third party app developers can make it into big
business themselves2. We define third-party providers as individuals or firms who, on behalf of
the platform owner, develop applications targeted at end-users of the platform. Third-party
providers are often affiliated with a platform owner via arm’s-length contracts (Boudreau &
Lakhani, 2009). The third-party provider is rarely compensated directly for the development

1

The consulting house Asymco estimates that, in 2014, the rents generated by Apple iOS apps alone surpassed the
rents generated in the US from all film production in Hollywood, resulting in revenues of over $10BN for app
developers (http://www.asymco.com/2015/01/22/bigger-than-hollywood/). It is further estimated that the global
revenues from apps were $86.3Bn in 2013, supporting the creation of almost one million jobs in the EU countries
(Gigaom Research, 2014).
2
Consider, for example, how the app “Angry Birds” expanded almost overnight into a major diversified business.
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work; instead, the provider can enter a marketplace for applications that typically offers greater
reach than would otherwise be available to the provider3 (Ghazawneh & Henfridsson, 2013).

Relevant previous research has focused on entry strategies, platform quality, and consumer
expectations of platform functions (Cennamo & Santalo, 2013; Zhu & Iansiti, 2012), control
strategies for platform-owning companies (Boudreau, 2010), and competition between thirdparty developers (Boudreau & Jeppesen, 2014; Eisenmann, Parker & Van Alstyne, 2006). Key
aspects of innovation and entrepreneurship on platforms are addressed less in this relatively
infant research domain (Gawer, 2014). In order to generate successful platform strategies it is,
however, imperative for platform owners to understand the entrepreneurial process on platforms
much better: to identify and recruit third-party developers is the lifeblood of sustaining a platform
ecosystem. This is especially challenging since third-party developers self-select into their
developer role and so begin their entrepreneurial journey towards the launch of a product (e.g., an
app) and the generation of sales. Where most research previous almost exclusively focuses on
strategic management by the platform owner, add a more operational level by also focusing in the
individual third-party developer.

In this paper we aim to provide a more detailed understanding of the production side of
technology platforms. We explore whether structural conditions surrounding individual behavior
are useful for predicting the entrepreneurial process of third-party providers of apps. Hereby we
also seek to improve knowledge of the mechanisms supporting the traditional economic logic of
entrepreneurship; that is, how individuals seek entrepreneurial rents from spotting and evaluating
market opportunities, inventing and commercializing their inventions (Schumpeter, 1934). To
3

In the following, we use the terms “third-party provider” and “third-party developer” interchangeably.
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make such inferences we capture data prior to the individual decision to become an app
developer and to the launching and successful selling of an app on an online platform.

Furthermore, research on the provision of innovation on platforms tends to focus on supplyside explanations only, for example non-pecuniary motivations of third-party providers (Mollick,
2012). However, we specifically link data on the behavior of individuals on both sides of the
market into our explanation. Our paper demonstrates how (a) understanding the individual
relationships and structural positions in an online community connected to a platform and (b)
patterns of individual use of platform offerings both provide relevant input to a predictive model
of the likelihood that a given user will make the transition to becoming an entrepreneur. Hence,
we empirically investigate how nascent entrepreneurs, who are notoriously difficult to identify a
priori, may become informed about market opportunities and enact innovation in the new and
exciting context of the app economy, a phenomenon with dynamics of which we so far have only
negligible empirical knowledge. Being able to predict users’ entrepreneurial progress is of vital
importance for platform owners. This relates not only to knowing early in the process which
user-entrepreneurs are likely generate profits to the platform owner, but also to the platform
owner being able to incentivize particular individuals who show some developer intention to
continue their way towards user-entrepreneurship.

Primarily focused on how third-party providers progress through the entrepreneurial process,
we add two pieces of explanation to the growing literature on platforms and users as innovators
and entrepreneurs (von Hippel, 2005, Nambisan and Baron, 2012). First, we add the component
of individual patterns of consumption of platform offerings; that is, buying behavior as a “real”
demand-side driver catalyzing or accelerating the move to becoming a third-party app provider.
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We consider this original since most of the literature focuses exclusively on the mere use of
products, typically based on self-reported information on intensity and time of usage. Second, a
significant aspect of our study is that we only use behavioral data and thus do not rely on data
from focus groups, surveys or interviews that may be biased in several ways as well as expensive
to obtain. Relevant behavioral data, for example on communication (e.g., in user and developer
fora) and consumption (e.g., download and registration of software development kits, purchases
of apps) by users, are typically stored on the systems of the platform owner and therefore easily
available to the company.

We employ a unique data set obtained from a platform-owning company in the music
software industry. While the company has for more than a decade invited users to innovate their
products, supported by a strategy of “selective revealing” (Alexy et al., 2013) and a vibrant
online user community, the company allowed users in July 2012 to develop and sell apps to
complement their software products. The company chose an innovation model where users
interested in developing apps could be granted developer rights. These rights include access to a
restricted online community where developers can share information and create ideas, and access
to a software development kit and component library to support user’s programming activities
and reduce development cost (von Hippel & Katz, 2002). We regard the act of obtaining
developer rights as a clear indication that the end-user intends to develop an app. This, in turn,
we regard as an indicator of an underlying ambition to launch and sell apps and thus becoming an
entrepreneur. From the online community linked to the platform, we extracted all
communications that occurred between users over a period of more than 10 years. We then linked
this data to individual-level transaction data for all users. We included two types of transactions:
(a) all online app purchases by customers over an 18-month period, beginning with the opening
6

of the platform for third-party apps in July 2012 and (b) all purchases by customers of proprietary
software products offered by the platform owner over a period of 10 years.

Given the explorative nature of our study and the limited amount of knowledge on the
phenomenon, we follow Helfat’s (2007) “stylized facts” approach and refrain from generating
hypotheses that would be inappropriately specific4 at this stage. The paper progresses as follows:
First we offer a conceptual framework which guides our investigation through generating three
research questions. Second, we explain the qualities of our data as well as the methods we apply.
Next, we provide research results followed by a discussion section which links our findings to the
current literatures on technological platforms and entrepreneurship, outlines limitations of our
study and offers conclusion.

CONCEPTUAL FRAMEWORK
How should firms develop their technological platform? Theory suggests that platforms can
be developed as two-sided markets and that this can be done simultaneously from both sides
(Parker & Van Alstyne, 2005). Still, firms face strategic challenges with regard to deciding either
to promote the demand-side of the platform and its content through marketing campaigns or
discounts, or to focus on involving third-party developers and thereby develop the supply-side of
the platform (Gawer & Cusumano, 2012; Boudreau, 2012). If a firm follows the latter strategy,
two important questions emerge: (a) how to create a suitable base of developers who can
differentiate the platform products and (b) how to make sure that developers launch apps that
4

“To put it bluntly, the current state of affairs where researchers feel they have to come up with hypotheses in order
to justify empirical work is counterproductive. It would make a lot more sense to simply identify a study as an
investigation of a potential empirical regularity and then explain the motivation behind the investigation” (Helfat,
2007:188).
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meet market demand. The imperative question then is whether firms, early on, can use a simple
set of leading indicators to predict which users may become developers and which of these
continue their entrepreneurial journey into market entry and making sales? Hence, identifying
successful third-party providers is important for the development of the platform innovation
ecosystem.

A line of research that is useful here focuses on customers or product users engaged in
innovation, supported by platform-related online communities (Jeppesen & Frederiksen, 2006).
Under certain conditions, some users may progress from sharing their advice and possible
inventions with other users (but without remuneration) to becoming entrepreneurs and
commercializing their inventions. Our research aims to shed light on who these users are and
why they create and sell their inventions. Explanations of user innovation typically revolve
around ability profiles (i.e., lead users; Shah & Tripsas, 2007, von Hippel, 2005) and various
external stimuli such as monetary rewards, firm or peer recognition (Shah, 2006; Jeppesen &
Frederiksen, 2006). Only recently were relational arguments introduced as an explanation for
user innovations and their success (Dahlander & Frederiksen, 2012). This relational view
suggests that both (a) communication patterns such as how much and to how many unique others
a user is connected and (n) structural position in the community network have predictive value
for potential engagement in innovation. User innovation studies are important but have remained
largely descriptive since most are based on qualitative or cross-sectional data.

Firms owning technological platforms must strategically manage the “input” side of their
two-sided markets. We are interested in predicting the transition from being a user consuming
products on one side of the market into being a developer and thus launching and selling products
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on the other side. While Thornton (1999) argues that the entrepreneurship literature has little to
offer regarding demand-side effects on entrepreneurial entry, White (1981) claims from an
institutionalist perspective that the emergence of markets and thus opportunities for consumption
and selling (e.g., platforms as two-side markets) is an initial condition for entrepreneurship to
unfold. Still, in the setting of technological platforms and third party providers, individual users
move through an entrepreneurial process of initially showing entrepreneurial intention by
registering as a developer (Krueger, Reilly & Carsrud, 2000). Therefore, in our setting,
entrepreneurial intent is not a purely cognitive process of opportunity recognition and evaluation
and thus about understanding the demand-side uncertainties and the trade-offs against
opportunity costs (Eckhardt & Shane, 2003). Entrepreneurial intent also includes user activities
such as obtaining authorization from the platform owner to access relevant proprietary tools and
information to enable the development of apps. The next step is that the developer actually
creates a functional product (i.e., she or he designs the functions and features of an app and
writes the code), obtains approval by the platform owner’s quality control unit and then launches
the product for sale on the platform market. This market entry represents entrepreneurial action
for the developer (McMullen & Shepherd, 2006). The last leg in the process is to generate sales,
which represent entrepreneurial success (Klein, 2008). However, what makes our story different
from the traditional entrepreneurship story is that in the context of a technological platform it is
not only the user making the transitioning to entrepreneur who profits from commercializing his
invention (Shah & Tripsas, 2007) but also the platform-owning company. Hence, platform
owners have an intrinsic interest in understanding the transition from product user to app
entrepreneur.

9

Behavioral explanations
Consumption
Typically consumption is understood as shaped by our needs and thus revealing our
preferences. Yet, at times, consumption provides more than pure utility, for example
opportunities to engage and to learn (Holbrook & Hirschman, 1982). The experiences derived
from using a product may help users develop their creativity and identify their own skills (Bem,
1972). Bandura (1977) explains how the discovery of one’s own expertise may lead to increased
self-efficacy. And particularly in the early stages of the entrepreneurial process, self-efficacy has
been shown to be a key motivational factor, increasing the likelihood that entrepreneurial
intentions will be formed and enacted (Ardichvili, Cardoso & Ray, 2003; McMullen &
Shepherd, 2006). If user experience can be linked to entrepreneurial intent and action, one might
also speculate as to whether there might be particular patterns of use and consumption that are
more likely to lead to entrepreneurial intent and action than others. Such patterns might involve
the number of different platform products owned by a user, the time a user has owned these
products and gathered experience with them, or a combination of these. Also in later stages of the
entrepreneurial process, when a user has made the transition to becoming a developer, platform
apps created by others may continue to serve as a source of learning. Comparing one’s own code
to code written by others, for example, may offer opportunities to increase one’s analytical
understanding of efficient code structures in general. Interacting with other developers may lead
to additional knowledge transfer, for example, about technology trajectories or market trends.
Although the process may not unfold in the manner of a coherent action plan (Autio et al., 2013),
these arguments suggest that platform users with a high number of purchases of and expenditure
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on platforms apps, and a long history of use of the platform, may be more likely to become app
entrepreneurs, and more likely to create successful apps, than users for whom this is not the case.
Communication patterns and network position
Entrepreneurship research has for two decades emphasised the importance of an
individual’s social relationships and network position as a catalyst for the process into
entrepreneurship (Birley, 1986; Hoang & Antoncic, 2003; Nanda & Sørensen, 2010). Also,
recent research robustly show that users’ relationships and structural position in networks in
online communities organized around particular platform products influence innovative and
entrepreneurial behavior (von Hippel, 2007; Dahlander & Frederiksen, 2012; Autio, Dahlander &
Frederiksen, 2013). Several specific mechanisms may be at work: First, users who are connected
to a larger number of unique individuals may simply have access to more information than
others, which may enable them to make better-informed choices about becoming a developer and
differentiating their product. Second, users who span otherwise non-connected individuals may
obtain opportunities through information arbitrage about, for example, future exchange
opportunities. Such information access also means that they may be able to better assess how
ideas for potential apps are evaluated by other users (i.e., potential consumers). Additionally,
they are also be better positioned to acquire novel information serving as input to the opportunity
recognition process. Third, there are status hierarchies in online communities (Dahlander &
Frederiksen, 2012). Some individuals enjoy particularly prestigious social positions and may
therefore be preferred by other users as a source of advice on problem solving and new ideas for
future product use and development (Morrison, Roberts & Midley, 2000). Through their status
position, particular individuals may be able to influence technological trajectories and thereby
shape the future of demand (Autio et al., 2013). Each of these mechanisms may make it easier for
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individuals with such communication patterns and network positions to understand potential
markets, recognize opportunities, and reduce uncertainty in general. Jointly, they offer these
individuals specific incentives to venture into becoming developers and subsequently to launch
and sell their products. These arguments are well-aligned with Podolny’s argument that networks
behave like markets where relations between individuals take the form of both pipes for
information flows as well as prisms for assigning status (Podolny, 2001). Hence, we propose that
certain users in the online community, due to their communication patterns and structural
position in the communication network, have a higher probability to make the transition to
becoming third-party providers than other users.

The arguments above motivate three overall research questions that will guide our
empirical analysis. First we ask: to which degree can transition from product user to third-party
developer (i.e., entrepreneurial intention) be predicted? That is, do community-active users who
are about to register as a developer, already differ from other users in terms of their community
activity, network position, and consumption history before they display such intention (RQ1)?
Second, we investigate to what extent developers who will launch an app (i.e., entrepreneurial
action) can be identified beforehand, based on leading indicators. That is, do community-active
developers who are about to launch their first app already differ from other developers in terms
of their community activity, network position, and consumption history before launch activity
can be observed (RQ2)? Finally, we investigate how well sales of apps launched by third-party
providers can be predicted. That is, do developers whose apps sell successfully already differ in
terms of their community activity, network position, and consumption history from other
developers who launch an app before the sales begin (RQ3)?
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DATA AND METHODS
Research setting
Our research setting is a firm-owned music software platform. The firm offers a range of
complementary products for producing, processing and recording music. Related to the platform
is a vibrant online community that allows users to interact, discuss future technological features
and functions, and collaboratively solve problems related to the products offered by the platformowning firm. Users can buy the proprietary company software (i.e., the base products of the
platform) and various types of extension apps in a secure online store operated by the company.
For users who wish to become app developers, the firm offers a software development kit and
code libraries (similar to software platforms such as Apple iOS or Google Android) and access to
a gated online forum for developers. Only registered developers are allowed to offer their apps on
the online marketplace ( see Figure 5 in Appendix) where they compete with other userdeveloped and company-developed apps, grouped into instrument categories such as guitar or
drums, and genres such as metal or house. Price and user ratings are displayed. All apps have a
file format that is reserved for products of the platform-owning firm and is incompatible with
competing platforms.
The company opened for user-contributed apps in July 2012. The number of users registered
as app developers reached 1,657 by mid-December 2013. Between early 2012 and midDecember 2013, a total of 59,747 app sales were recorded (average price: USD 46, min: USD 3,
max: USD 211). The total app sales for the first eleven months of 2013 amounted to USD 2.8mn
with 11,284 users active as app consumers (average expenditure per consumer: USD 248). The
distribution of app sales in the first eleven months of 2013 is shown in Figure 1a. The
distribution of app launches per between January 2012 and February 2014 is shown in Figure 1b.
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Besides operating the partly user-driven app market, the company also hosts an online
community. In total 1,085,613 posts were created by 27,297 unique individuals since the
discussion forum first was launched in February 2002. 9,466 of these individuals were identified
as active in the period December 2011 to December 2013. Figure 2 shows the development of
posting activity up to December 2013. For the year December 2012 to December 2013 a total of
225,908 posts were made in the community. This is more than 20% of all posts ever made. Each
post is nested in a thread within the community. When posting in the community, individuals
have the option to either start new threads or respond to existing threads. The distribution of
individuals per thread is right-skewed with 22% of new threads never answered, 23% only
including 2 individuals, 77% with max 5 individuals, 10% +10 individuals, 1% +30 individuals,
and 0.1% +70 individuals. It is important to notice that 68% of the active community participants
are registered users of at least one proprietary software product offered by the platform owner.
Data sources
The data material for our analysis was obtained in the form of two snapshots of the platform
owner’s database. The database contains sales transaction data, together with a complete user
forum extraction, lists of users registered as app developers and users registered as members of
app producing companies, and multiple other related datasets regarding individuals and products.
The database snapshots were extracted in the end of December 2012 and December 2013,
respectively. The different data sources were received as raw data tables, and it was possible to
link the tables based on user IDs and product IDs, enabling detailed data extractions of sales and
and communication metrics on the individual user level. The data tables used in this paper were
the following: App sales list, Product extensions sales list, Extraction of all posts from user
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community forum, List of product registrations by user ID (purchased products), Demographic
data for userIDs (only geography variables are available), List of users registered in a usercompanies (not dated), List of free product extension downloads by user IDs, Registered app
developer user IDs (not dated), Date where the user companies were registered, App product
details (Title, description and release dates), List of user-company names with company IDs, List
of user company IDs’ launched apps, and Price list for apps.
A total of 1,411 individual users were registered as developers in December 2012 and 1,657
in December 2013, an increase by 246 new developers over one year. Only 278 (20%) of the
1,411 developers registered in December 2012 were also community members, compared to 378
(23%) in December 2013. Although these numbers suggest that entrepreneurial intentions are to a
considerable extent formed “outside” the user community, they also indicate that 4.4% of the
community members were developers in December 2012 (278 out of 6,292)5 whereas this was
only the case for 0.3% of the users from outside the community (1,133 out of 448,860). This
suggests that it may be much more relevant and possible for the platform owner to identify future
developers from within the community. Indeed, the probability that an active community member
becomes a developer is more than 50 times higher than the probability that a user who is not a
community member becomes a developer (for related research, see Dobrev & Barnet, 2005).
Measures
Dependent variables
Entrepreneurial intention was measured a binary indicator that took the value 1 when a user
(a) signed up as a developer on the platform-owning firm’s website and received the software
5

While this seems a very low ratio of entrepreneurship relative to the overall community population we emphasis
that entrepreneurship is a rare event. Also our ratio is not different from other settings, for example, Nanda &
Sørensen (2010) find a similarly low entry rate for entrepreneurship in Denmark and Dobrev & Barnett (2005) show
a similar low rate of entrepreneurial entry in their sample of MBA alumni of an elite U.S. business school.
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development kit required to program apps for the company’s proprietary software platform or (b)
registered a new/existing app-producing user company in the hosting company’s database, and 0
otherwise.
Entrepreneurial action. The date of a user’s first app launch is not available from the
datasets and thus an alternative approach for identifying entrepreneurial action was taken. The
first database snapshot from the platform owner was received in mid-December 2012, and the
second snapshot in mid-December 2013. Neither the registration date as a developer, nor date a
user registers as part of an app-developing company, were available due to the SQL architecture
implemented by the company. However, combining these two data snapshots allowed
identification of the individuals who transitioned from a user to become a developer during the
period of time. By December 2012 a total of 455,152 unique user IDs were were recorded in the
company’s database, and 6,292 of these had showed activity in the community defined as having
either started new discussion threads or responded to existing posts by other users. In Dec2013
these figures had increased to 554,767 and 10,532 users, respectively.
Entrepreneurial action is defined as a user launching or being involved in launching his first
app. Thus this represents the entry step into the market but not its magnitude. Showing action is
conditioned on first becoming a developer given the setup by the platform owning company,
where only registered app developers have access to the required software development kit, and
only registered user companies have access to market their apps on the webshop likewise
operated by the platform owner.
Entrepreneurial success can be measured in multiple ways, for example, by developers’ total
app sales value, total unit sales, average user rating of launched app(s), number of user ratings, or
a combination hereof. The most tangible measure of success is perhaps value generated.
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However, since there were no sales registered (yet) for several apps by December 2013, we used
the total unit sales registered for all apps launched by the respective developer as the measure.
Explanatory variables
Social network metrics were calculated based on interactions in the user community. Due to
the architecture of the online community, each post is either a new thread or a response to a an
existing post. This enabled us to construct a social network from the posts, with users represented
by nodes and posts represented by directed edges6. The following network metrics were
calculated for each of the 10,532 community-active users for the periods December 2011 to
December 2012 and December 2012 to Dec2013, respectively: Number of posts by user in the
analysis period, Number of threads started by user in the analysis period, Community tenure of
user since his or her first post (not limited by the analysis period), Number of other users active
in the same threads as the user, Number of unique other developers that user had received posts
from, Nodal degree centrality (Wasserman & Faust, 1994) of the user in the community, and
Network prestige (indegree; Alexander, 1963). Prestige has previously been shown to influence
decision-making for entrepreneurial activities (Van Praag, 1999). Burt’s measure of constraint
was also calculated, indicating the user’s opportunity for information arbitrage. This measure was
introduced by Burt (2004) as a measure of structural hole spanning in social networks by actors.
This measure represents an index between 0 and 1 for information arbitrage, where 0is
completely unconstrained and 1 is completely constrained. Ability to span structural holes
influences an individual's social capital (Walker, Kogut, & Shan, 1997) and social capital has
been shown to have a positive impact on entrepreneurship entry and success (Westlund &

6

The poster was interpreted as the sender, and the poster of the post to which the sender was responding was
interpreted as the receiver. All directed edges were summarized into a weighted network for the given analysis
period. A similar approach was used by Dahlander and Frederiksen (2012).
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Bolton, 2001). Therefore we link structural hole spanning activities in the online community to
the entrepreneurship process.
In some cases a given network metric may be missing or undefined for a given user. A user
may, for example, be active in the community by starting a lot of threads, but never receive any
responses and thus not be part of the network. In such cases, the missing values for the
community and network metrics were set to zero in the datasets, with the exception of Burt’s
measure of constraint, which was left as missing since it is not defined for isolates in networks
(Burt, 2004).
Besides the community and network features extracted from the community, various
measures of individuals’ consumption history were extracted from the data. These variables
include: Number of unique proprietary base products of the platform owner registered by the
user, Days since first unique proprietary base product from the platform owner was registered by
the user, Number of times the user had registered such products (some products are registered
multiple times for the same user), Number of apps purchased by the user, Total value of app
purchases by the user, Number of free apps downloaded by the user. Where no consumption was
detected for a user by a given consumption metric, we imputed a value of zero.
Control variables
Various additional measures were calculated. One of these was the duration between the first
and the second app purchase, a measure often used to identify key customers for novel products
(Cardozo, Smith, & Viswanathan 1988). This variable was missing for approximately two thirds
of the community-active users, and for those where it could be calculated, it was insignificant
when added to the logistic regression model for RQ1.
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We also calculated control variables related to community post content. We applied
supervised and unsupervised text mining techniques to the posts users made in 2012. This way
we derived clusters of similar writing styles and topics discussed by user, inspired by previous
research on transition into entrepreneurship by Dobrev and Barnett (2005). However, none of the
cluster membership variables constructed in this way has a significant relationship with our
dependent variables. We further identified keywords such as “SDK” (short for software
development kit, which in this context is software used to develop apps), and “platform” with
high discriminative power between regular users and developers in the community. The same
applied for the highly discriminating keywords.
In modeling a developers’ app sales we include the average price of the apps as a predictor.
However, app prices in a professional community may be correlated with app quality, and thus
we make no attempt to interpret the effect of app prices on sales as causal.
Estimation strategy
Three different modeling approaches are chosen to address each of our research questions
separately7. The main purpose is to understand what drives entrepreneurial intention, action, and
success, at each stage of the entrepreneurial process. Further, the desired sample for RQ3 would
not be nested in the previous RQs but further include developers who are community inactive, as
this allows for us to quantify the importance of community membership for app sales. We restrict
our focus to those individuals identified as developers by December 2013, whom we can also
identify in the community the previous year as communicating users. We focus on the 59 users
we identified as communicating users in December 2012 and as developers in December 2013.

7

It was considered to model the three RQs in one nested Heckman selection model, but this idea was abandoned
because directly conditioning interpretations on nested models would not necessarily reflect the managerial reality in
which our models would be implemented and interpreted.
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We compare these 59 users to the 5,955 users who were also active in the community between
December 2011 and December 2012.
To predict entrepreneurial intention (RQ1) - operationalized as the transition from user to
registered developer in the period December 2012 to December 2013, we formulated a logistic
regression model. To predict entrepreneurial action (RQ2), we formulated an extended Cox
regression model, using the same input variables. For each quarter between January 2012 and
October 2013, community activities in the previous six months were evaluated, and community
activity measures and network metrics were calculated8.
A simplified approach was taken in the prediction of app sales (RQ3)9. The observations
were the 103 developers who had apps on the market by December 2013 and could already in
December 2012 be identified as users from their community activity or purchase history. Their
app sales in the next year were the dependent variable, and their consumption and
communication metrics (as evaluated by December 2012) were the explanatory variables. Before
estimating the full model, a reduced model was estimated taking as input only a dummy for
community membership10 together with the consumption measures and the developer’s mean app
price. Missing network and communication metrics for these developers were imputed by zeros,
except for Burt’s measure of constraint for which no meaningful imputation values exists. This
variable was thus omitted in the further analysis.
8

The rationale for this was that we assume users to be more active in the community in the period leading up to the
launch of their app, and six months was deemed a reasonable time period for developing an app. This was verified in
various interviews conducted with employees from the platform owning company.
9
Whereas in RQ2 it is both possible and meaningful to dynamically analyze app launches, in RQ3 it is less
meaningful to do so. This is because it is unclear when in the process to evaluate product- and user characteristics. In
order to obtain network metrics, time must be treated as discrete periods, similarly to RQ2. We expect each incident
of an app sale to be partly predictable by the developer’s network activities up to the sales incident. However, given
the discrete time periods and a potentially strong correlation between an apps launch time and its sales per time
period, sales- and network activities may peak within the same time period, hampering estimation of any time
dependence.
10
The rationale for including a dummy for community membership was that, among the developers who had
launched apps, there were also developers who had not been active in the online community.
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The data were processed and analyzed in SAS 9.4, SAS Text Miner 13.2, and R 3.0.3, using
the packages ‘network’ (version 1.9.0), ‘sna’ (version 2.3-1), ‘igraph’ (0.6.6), and ‘Zelig’ (4.011). In the model outputs we only report significant variables, in order to provide a clear
overview of the significant predictors of the different stages of entrepreneurship. Logarithmic
variable transformations were performed for all explanatory variables except Burt’s measure of
constraint which was logit transformed. Univariate11 and bivariate descriptive statistics12 are
reported in Table 1.

RESULTS
In an initial step, we assessed if user-developers actually differed from regular users. Figure
3 shows a profile plot of differences in terms of standardized variables between those who were
registered as developers by December 2013 (1,657) and those who were not (554,767). A
MANOVA revealed that the multivariate difference between the groups (p< .001). While no
causality can be inferred from this result, it suggests that developers may be a different type of
users, and that future developers might share similarities with current developers.
RQ1 - Predicting entrepreneurial intention
Table 2 reports the results of the logistic regression predicting new developers in the year
December 2012- December 2013 from the set of regular users in the community and their
11

Table 1 also reports summary statistics for each explanatory variable in its level form. The skewness is partly
remediated by the applied transformations. In order to check for robustness, the logistic regression model in RQ1
was also estimated using rank transformations of the covariates, where similar patterns of parameter estimates and
significance were obtained.
12
Many of the correlation coefficients are high, which is expected due to similarities in many of these measures, for
example, the network measures; degree centrality, prestige, the summary of number of posts, and to a certain degree
the number of inputs received from app developers in the community are all highly correlated, which is no surprise,
since the first measures the sum of all ties, the second measure only incoming ties, the third the number of outgoing
ties, and the latter a subset of incoming ties. This suggests that only one of these may be significant in a given model,
as including multiple of these measures will likely result in high levels of multicollinearity. However, Wasserman &
Faust (1994) recommends using both variables in social network analysis, because they conceptually attempt to
measure different structural properties of the network. The same applies for the variable set consisting of the number
of product registrations and number of different products owned, and the products sets number of apps purchased
and app purchase value.
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communication-, network- and consumption metrics by December 2012. Out of 3,911 users in
the community in December 2012 with more than one post made, 50 made the transition into
becoming developers. These transitions indeed represent relatively rare events, and the below
results were confirmed for robustness using estimation methods intended for rare events as
mentioned in the methods section. Here we report the results obtained in the naïvely reduced
model, where insignificant predictors were removed one at the time, until every remaining
variable was significant. The number of apps purchased was positively related to the probability
of users transitioning into developer status (p<.001). Also the number of software products
purchased by the users from the platform owner had a positive effect (p<.05). Prestige was found
to be positively related to entrepreneurial intention (p<.001), and likewise was the number of
unique contacts that a user had in the community identified as a positive predictor of
entrepreneurial intention (p<.05). The other considered variables were not significant. The Maxrescaled R-squared measure of the model suggests that it predict 12.5% of the variation in who
among the community members will venture into entrepreneurship within the next year of
previously unseen data. As this measure is not informative regarding the actual predictive power
of the model, Figure 4 adds to this overview by summarizing the ROC curve for the model. The
ROC curve shows how the model successfully identifies a subset of the new developers who are
particularly salient for the model (Hanley & McNeil, 1982).
RQ2 - Predicting entrepreneurial action
Out of 1,657 developers registered by December 2013, 1,534 had not launched their first app
by Dec2012. 123 developers launched their first app between December 2012 and December
2013, and these events were modeled using an extended Cox regression model. In Table 3 only
significant predictors are summarized. Notice first that prestige again had a positive parameter
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estimate (p<0.001), which suggests that those with many incoming ties are more likely to launch
apps. Degree centrality has a negative impact on the likelihood of launching apps (p<0.001). This
suggests that when keeping incoming ties fixed, then additional ties (by definition: outgoing) has
a negative effect on the probability of launching first app (p<0.001). We also find that the
parameter estimate for product tenure is negative. This suggests that among developers additional
product tenure is negatively correlated to launching an app (p=0.012). We find that starting more
threads is likewise negatively correlated with the launch of developers’ first apps (p=0.032).
RQ3 - Predicting entrepreneurial success
The dependent variable measuring entrepreneurial success was app launchers’ aggregated
app unit sales in the year December 2012 to December 2013, predicted based on characteristics
by December 2012 and measured on the same set of predictors as introduced in the previous
models. The dummy variable for community membership was first introduced and showed
positive and significant (p<0.001). In order to obtain a more informative results for which
communication- and network measures that had a predictive power for successful app sales, the
dummy variable for community membership was replaced by the more detailed network- and
communication metrics previously introduced. These were number of posts by the developer,
number of threads started, and number of contacts in the community. Regarding the network- and
communication measures, the number of community contacts held by the app producer had a
positive effect on the user’s total app sales for the period (p=0.033). Prestige likewise had a
positive effect (p<0.001). Keeping other variables constant, an increase in number of threads
started was found to have a negative effect on sales (p<0.001).
In terms of consumption metrics, we found that the number of products owned were
positively related to app sales (p<0.001). We found that the number of apps purchased by the
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developers was very right skewed with many developers having no registered app purchases. We
thus included this variable as a dummy for app purchases or not, and found that this variable had
a positive effect on sales (p<0.001). The control variable “mean price of a developers apps”
controlling for latent app characteristics, had a positive effect on expected sales (p<0.001).
A simple and interpretable pseudo R-square for Poisson regression was calculated by logtransforming the observed and predicted counts, then correlating them, and finally squaring this
correlation to obtain the pseudo R-squared. This measure yielded 0.3649, suggesting that 36.5%
of the future sales success can be predicted by these user characteristics at a previous point in
time.
Summarizing our results across the three models, we find evidence that high levels of
community prestige for a user predict entrepreneurship on the platform well. We also find that
prior consumption (i.e. number of proprietary software products registered, and app purchases)
adds significantly to predicting entry into the different stages of user entrepreneurship. Two
additional interesting general findings are: a) that agenda setting, as represented by starting new
threads, has a negative effect on entrepreneurship, while holding the other variables constant and
b) Despite visible in the mean comparison in Figure 3, in none of our models are Burt’s
constraint was significant and thus users who span structural holes and so may enjoy benefits of
information arbitrage are not more likely to enter into any stage of entrepreneurship than other
users.

DISCUSSION AND CONCLUSION
For platform owners it is vital to be able to develop the supply-side of their innovation
ecosystem. Our empirical analysis offers robust identification of those users who are likely to
move from platform users into third party developers in the next time period as well as for
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predicting who, among users communicating in the platform community, are likely to progress
into launching an app and be successful in selling apps.
Interestingly, our results from predicting first app launches indicates that developers
launching their first apps are frequently being talked to by other users - and in particular so in
threads started by others. This suggests that developers showing entrepreneurial action are
developers successful in elaborating on agendas (threads) started by other users to an extent
where their posts create sub-threads, as indicated by the positive prestige parameter estimate.
Thus, such users can be opinion leaders by agenda moderating even without starting new threads.
In the agenda moderating process the input they receive may provide developers with increased
insight into promising new ideas for app development, estimate demand uncertainties, and/or
these incoming ties may provide them with a feeling of prestige and being able to provide useful
information to other users (Wasko & Faraj, 2000). This response from a potential market of users
may in turn drive their confidence in being successful in their entrepreneurial endeavor. Still, the
finding that technology probing and so agenda setting by starting new threads is negative
significant in most of our models is surprising as well as in opposition to findings by Autio et al.
(2013). Also, we find in Model 2 that product tenure has a negative effect on launching an app.
This is surprising but indicates that the population of app developers who progress into market
entry of their app are not long time product users and thus are not as such drawing on long-term
experience with the software product of the platform as a basis for their app creation.
Finally, because our data is captured at the time of initiation of the platform it allows us to
complement Mollick’s (2012) study and thus offer empirical analysis about the formation stage
of a marketplace for third party user generated content.

Theory contribution
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Our research elaborates on three conceptual strands. First, we add to prior studies that
demonstrate that user communities constitute an important determinant in explaining user
entrepreneurship (Autio et al. 2013). We connect this literature to the current discussion about
platform strategy and organization of innovation via platforms (Gawer, 2014; Boudreau, 2012).
Second, our findings introduce a new type of explanation that should be included for obtaining a
better understanding of the transition process into user entrepreneurship on platforms, namely,
the consumption history of each user. By highlighting how consumption patterns play a role in
predicting entrepreneurship relative to use experience, we believe, we are opening an original
agenda for future research. This agenda is interested in explanations from the ‘real’ demand-side
and thus to include insights on innovation arriving from the field of marketing (Hauser, Tellis &
Griffin, 2006).
Second, the attention to user purchase and product registration offers a different approach
into studies of user innovation than focusing mainly on individuals who self-report their product
use, product related abilities or how certain stimuli affect their motivation for invention (von
Hippel, 2005; Jeppesen & Frederiksen, 2006; Shah, 2006). Whereas research on user innovation
yields important insights into the organization of innovation too often the focus has ignored
overall behavioral measures. We believe our study serves as an inspiration for an alternative
approach13.
Still, related to the user innovation literature, one interpretation of our findings is that
specific customers in consumer products with latent abilities and preference patterns benefit more
strongly from adopting new apps because of their leading-edge needs and qualities (von Hippel,
1986), and they therefore consume more apps as they are better equipped and maybe appreciate

13

We acknowledge that it is challenging to obtain data that allows for studies of how users over time consume,
communicate as well as produce innovation but still encourage researchers to explore this new trajectory.
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potential and features of a new app (Schreier, Oberhauser & Prügl, 2007). This interpretation is
aligned with studies showing that lead users therefore have a higher probability for becoming
user entrepreneurs (Autio et al. 2013).
Third, we contribute to studies in entrepreneurship by offering two contributions. First,
research tends to have theorized about opportunities themselves (Shane & Venkataraman, 2000)
rather than examined the conditions that prompt individuals to perceive opportunities, evaluate
them, and act upon them (Choi & Shepherd, 2004). This has lead the conceptual lens to focus on
the entrepreneurial process (McMullen & Shepherd, 2006). Yet, we explore empirically how the
entrepreneurial process unfolds and, in particular, we demonstrate that only some parts of our
behavioral explanations are useful for predicting progress along the entrepreneurial process (i.e.
intention, action and success). Thus, while we caution to think that our explanations are equally
useful for predicting the entrepreneurial process at each stage we still maintain that some
explanations (i.e. community prestige and number of app purchase) are applicable for making
prediction across all entrepreneurial stages. This also supports the view that entrepreneurship is
perhaps not to understand as one homogenous strive towards commercialization of an invention
but can usefully be thought of as a series of different stages where different factors determine the
individual’s choice for progressing into the next stage and thus for pursuing opportunities
(McMullen & Shepherd, 2006; ). Second, research shows that social relationships and network
position influence individuals’ decision to become an entrepreneur (Birley, 1986; Nanda &
Sørensen, 2010). Yet, how such mechanisms work in an online setting is less evident. Research
in entrepreneurship has only to a limited degree connected to the new type of innovation system
that a technological platform constitutes (Nambisan & Baron, 2012). This is a system where both
individual third party providers as entrepreneurs benefit from their efforts but also the platform
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owner benefits. This implies that entrepreneurship among users who become developers and
potentially successful in selling their apps have also strategic importance on an extended
organizational level, namely, for the platform owning firm.

Managerial implications
For managers interested in promoting innovation on their platform our research encourages
to pay particular attention to the extent to which a user consumes and communicates in the online
community connected to the platform. This, in order to be informed early on, about this user’s
possible progression into entrepreneurship and thus the development of the supply-side of the
platform.
Also, our model predicts a number of false positives. While these users are wrongly
predicted to become developers, at first glance makes prediction results less actionable for
companies, we think that this result is important. This is because it suggests that a larger group of
users, similar to future developers can be probed for entrepreneurial involvement. Thus, this
indicates that these individuals may be more open to respond to strategic action from the
platform owner such as recognition or pecuniary incentives to facilitate a transition into future
entrepreneurship.

Limitations
As in most studies ours does come without limitations. Yet, these limitations serve to open
up for formulating new research questions. For example, it is clear that our data has only to a
limited degree allowed to control for individual level explanations such as individual ability and
motivational drive. We are currently gathering survey data among developers on the platform to
be able to assess to what degree our prediction model based on simple behavioral data is superior
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relative to survey based individual perspectives of motivational stimuli as well as individual level
and types of experience and education.
While we do not have the benefit of random-assignment of users and developers or a natural
experiment in our study, we undertake several additional tests to outline the sources of such
endogeneity and to control for such spurious correlations.
Another limitation relates to generalizability of results since we focus solely on one platform
in one specific industry domain. Like related studies (Autio et al. 2013) we acknowledge this
limitation and how relative difficult it is to gather data for these large-scale empirical
investigations in similar settings. Yet, we strongly support that more comparative analysis of the
process of user entrepreneurship in various platform setting are conducted.
Limitations specifically regarding the estimation of the model seeking to answer RQ1: In
predicting new developers, we argue to constrain our focus to community members by the valid
argument that the likelihood of transitioning into entrepreneurship is almost 60 times higher for
community members than other users. However, by that decision, we simultaneously disregard
most new developers, by this choice. By this limited focus, we are able to use network- and
communication metrics in the prediction process, but we fail to be able to explain what make
users from outside the community venture into entrepreneurship. However, we do show, that
developers from within the community are significantly more likely to launch their first app than
developers from outside the community, indicating that it is indeed most important to understand
the transitioning into entrepreneurship of users already active in the community.
Limitations specifically regarding the estimation of the model seeking to answer RQ2: In
modeling app launches, there is an independence problem between some events, as some user
companies consist of multiple developers. Thus, multiple developers may experience their first
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app launch in the same one app launch. The extent of this independence problem is hard to
quantify. We may expect users within the same user company to be correlated on multiple
explanatory variables, but the contrary may also be the case, if these users divide the work
between them in such a way that e.g. one user is active in marketing within the community,
whereas the other user is active in app purchases and development.
Limitations specifically regarding the estimation of the model seeking to answer RQ3: In the
modeling of app sales characteristics of the apps may be included as predictors, as different types
of apps may experience different demand and thus perform differently in terms of sales. This has
not (yet) been implemented in our current analysis.

Conclusion
Our study breaks new ground for the understanding of the entrepreneurial process in a platform
setting and thereby on how innovation comes about on the supply-side in such ecosystem.
Therefore, the study informs strategic management of platform owners. By using a large-scale
empirical study we emphasis, in particular, how behavioral explanations, which are low cost and
easy accessible for the platform owner, provide robust prediction for who will progress through
the different stages of entrepreneurship. Also, we contribute by offering an original type of
explanation for entry and success in the entrepreneurial process by emphasizing how the
consumption histories of users impact their subsequent decision for transitioning into
entrepreneurship. This explanation complements other structural explanations for
entrepreneurship on platforms that we offer, namely, user prestige in the online community
connected to the platform. As the number of platforms rapidly increases and platforms gain
significance in the economy our empirical study enriches our understanding of how the dynamics
of innovation and entrepreneurship work in such ecosystems.
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APPENDIX
Figures

(a)

(b)

Figure 1: Monthly app sales 2013 Jan-Nov (a) and monthly app launches Jan2012 to Feb2014
(b).

Figure 2: Monthly number of posts in forum, Feb 2002 - Nov 2013.

35

Figure 3: Profile plot of developers and users.

36

Figure 4: ROC curve for the prediction of new developers.
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Figure 5: The platform’s marketplace for user and company developed apps.
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