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User participation is increasingly being seen as a way to mitigate the challenges that firms face in innovation,
such as high costs and uncertainty of customer acceptance of their innovations.  Thus, firms are establishing
online platforms to support users in innovating services, such as iOS and Android platforms for mobile data
service (MDS) innovation.  Mobile phone platforms are characterized by technology (toolkits) and policy
(rules) components that could influence user’s innovation.  Additionally, attributes of user innovators (lead
userness) are expected to drive their innovation behavior.  Yet it is unclear how these characteristics jointly
impact users’ service innovation outcomes.  To address this knowledge gap, we propose a model that builds
on user innovation theory and the work design literature to explain the influences of lead userness, design
autonomy, toolkit support, and their interactions on user’s innovation outcomes (innovation quantity) on these
platforms.  We conceptualize toolkit support in terms of two constructs (i.e., ease of effort and exploration), and
design autonomy in terms of three constructs (i.e., decision-making autonomy, scheduling autonomy, and work-
method autonomy).  The model was tested using survey and archival data from two dominant mobile phone
platforms (i.e., iOS and Android).  As hypothesized, lead userness, exploration through toolkits, and ease of
effort through toolkits positively affect users’ innovation quantity.  Additionally, decision-making autonomy
and work-method autonomy influence innovation quantity, but scheduling autonomy does not.  Further, the pro-
posed three-way interactions between lead userness, toolkit support, and design autonomy constructs on users’
quantity of MDS innovation are largely supported.  The findings enhance our understanding of user innovation
on mobile phone platforms.
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Introduction

Engaging customers or users in the process of service
innovation is increasingly seen as an approach to sustain
firms’ competitive advantage (Lusch et al. 2007; Magnusson
et al. 2003).  Service innovation refers to service offerings not
previously available to the firm’s customers, including an
addition to the current service mix or a change in existing
services (Menor and Roth 2007).  User innovators can offer
several benefits, such as contributing diverse and commer-
cially attractive ideas, and even creating the innovation at a
relatively low cost (Carbonell et al. 2009).  Prior research has
reported that anywhere from 19% to 76% of innovations in
various fields could be attributed to user innovators (Shah et
al. 2012).  To enable user innovation, firms are establishing
online platforms (Boudreau and Lakhani 2009; Ebner et al.
2009).  For example, Apple iOS and Google Android are two
dominant platforms where users can create new mobile data
service (MDS) applications.  Adapting from previous defini-
tions (Boudreau 2012; Tiwana et al. 2010), we define mobile
phone platforms as software-based systems that provide func-
tionality to support the development of mobile applications
and transactions among multiple sets of actors.  Indeed, MDS
are among the most popular form of IT-enabled services in
current customer markets (Leimeister et al. 2014).  MDS
refers to digital data services available on or accessible via
mobile devices (Hong and Tam 2006; Lee et al. 2009).  It
includes services such as mobile banking, gaming, news,
shopping, location-based information, and internet surfing.
The market for mobile services is growing rapidly with
revenues of U.S. $41.1 billion in 2015 and expected to hit
U.S. $101 billion by 2020 (Statista 2016), of which MDS has
exceeded voice revenues (Lopes 2014).

As the market for MDS applications is highly competitive
(Gupta 2013), MDS innovation becomes vital for phone and
carrier companies.  Yet, while the participation of external
innovators (user innovators and professional developers) is
essential for MDS innovation, the rate of innovator attrition
on such platforms is high (Burrows 2010; Kim 2010).  Par-
ticularly, user innovators of MDS face barriers, such as lack
of necessary knowledge and uncertainty about the process of
applications development (Moon and Bui 2010).  These chal-
lenges prevent host firms and customers from availing the
benefits of user innovation (Boudreau 2012).  Indeed, several
studies observed that user innovators produce more original
and higher user value ideas than professionals (Magnusson et
al. 2003; Matthing et al. 2004).  With these barriers and bene-
fits, it is important to understand how to encourage user
innovation of MDS (Boudreau and Hagiu 2009).  We are
further motivated to explore this phenomenon as user MDS
innovation differs from IT innovation contexts previously
studied.

First, user innovators of MDS can be characterized by their
lead-userness, that is, the extent to which they are ahead of
other users (pure users or consumers) in experiencing market
needs, and expect to benefit significantly from obtaining
solutions to these needs (von Hippel 2005).  This differs from
professional developers who create MDS applications as their
career.  Second, users typically may not have the complete
knowledge needed to create and publish new MDS applica-
tions (Hughes 2011).  Yet, host firms want to encourage
broad-based participation in these innovation platforms
(Boudreau 2010, 2012) for which they provide innovation
toolkits.  Innovation toolkits refer to coordinated sets of
design tools that aim to enable users to take part in innovation
(Franke and von Hippel 2003).  Toolkits become particularly
relevant for them as MDS user innovators both generate ideas
and develop new MDS applications (Ye et al. 2011), as op-
posed to users in other innovation communities such as Dell
Ideastorm, who propose and evaluate innovation ideas but do
not implement them (Di Gangi and Wasko 2009).  Although
innovation toolkits constitute a key technology component of
mobile phone platforms, there is little study of how they work
in conjunction with other user and platform factors to stimu-
late user innovation, as per our literature review on mobile
phone platforms in the following section.

Third, user’s participation in MDS innovation differs from
user participation in more structured innovation contexts, such
as crowdsourcing competitions where the innovation task,
reward, and time period are typically specified (Ye and
Kankanhalli 2013).  While users’ development of MDS inno-
vations is not structured in this way, it is still likely to be
influenced by the platform’s policy (rules) component.
Mobile phone platforms typically set a number of policies to
regulate innovators’ behaviors, which determine the design
autonomy afforded to user innovators (Boudreau 2012;
Boudreau and Hagiu 2009).  We define design autonomy as
the extent to which individuals perceive that the platform
allows them freedom and discretion to schedule work, make
decisions, and choose methods for design and innovation
(adapted from Breaugh 1999).  Indeed, prior studies have
highlighted the need to examine how platform owners’
control can be balanced against the autonomy of independent
innovators on such platforms (Boudreau 2012; Tiwana et al.
2010).

The above differences coupled with the lack of prior research
highlight the need to examine the effects of key user charac-
teristics (lead userness), and platform technology (toolkit
support) and policy (design autonomy) components on user’s
MDS innovation.  Motivated thus, we develop a theoretical
model to answer the following research question:  How do
their lead userness, perceptions of design autonomy, and
toolkit support in mobile phone platforms jointly affect user
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MDS innovation outcomes?  To develop the model, we draw
on user innovation theory to explain the effects of lead user-
ness and toolkit support, and the work design literature to
understand how design autonomy impacts user innovation.
Broadly speaking, user innovation theory (von Hippel 2005)
describes the motivations, processes, and outcomes of user
innovation.  It posits that user innovators are characterized by
their lead userness.  It also proposes that knowledge of both
needs and solutions are required for innovation, from which
the dimensions of toolkit support are inferred that can help
gain such knowledge.  The work design literature (e.g., Grant
and Parker 2009) suggests that autonomy is a key enabler for
complex and nonroutine work, such as innovation.  We use
this literature to conceptualize the dimensions of design
autonomy for our model.  Further, user innovation theory sug-
gests that user, tool, and design characteristics could interact
in influencing creativity and innovation (von Hippel 2005).
Also, the work design literature shows mixed findings2 on the
relationship between design autonomy and creativity, sug-
gesting that contingent factors may influence the relationship.
This leads us to propose three-way interaction effects between
lead userness, toolkit support, and design autonomy dimen-
sions on user innovation.

Our model was tested using survey and archival data of user
MDS innovators from both Google Android and Apple iOS
platforms, and was found to be largely supported.  Our study
thus contributes to the user innovation and IT platform
literatures by developing a theoretical model to explain the
impacts of user and platform characteristics on MDS user
innovation.  It theorizes, operationalizes, and tests the direct
and interaction effects of the focal constructs on user’s MDS
innovation.  It also provides insights to practitioners on how
lead-userness and perceptions of design autonomy and toolkit
support can be managed for enhancing users’ MDS innova-
tion outcomes.

Conceptual Background

In this section, we start off by introducing the research con-
text (mobile phone platforms) for our model and then
summarize prior research on user innovation to position our
study.  Subsequently, we describe the theoretical foundations,
that is user innovation theory and the work design literature,
from which the dimensions of lead userness, toolkit support,
and platform design autonomy are conceptualized respec-
tively.  Last, we describe the literature on innovation phases
which we use to theorize interactions between the user and
platform characteristics for MDS innovation.

Mobile Phone Platforms and Related Literature

Software-based platforms such as the Apple iOS are emerging
as a salient model for application development and software-
based services (Tiwana et al. 2010).  Unlike traditional soft-
ware development, they leverage the expertise of a diverse
developer community to create new applications.  With in-
creasing interest in these platforms, various conceptualiza-
tions of IT platforms have been proposed (see Table A1 in
Appendix A).  Of these, Tiwana et al. (2010) describe how IT
platforms have been defined in various ways, for example, as
software families (Eisenmann et al. 2006) and infrastructural
investments (Fichman 2004).  From the commonalities of
these conceptualizations, Tiwana et al. define a software-
based platform as the extensible codebase of a software-based
system that provides core functionality shared by the modules
that interoperate with it, and the interfaces through which they
interoperate (e.g., Apple iOS), where modules are the add-on
software that connect to the platform to add functionalities
(e.g., iOS apps).  They then define the collection of the plat-
form and its modules as a platform-based ecosystem.

Viewing IT platforms in economic terms as compared to the
technical perspective above, previous research (e.g., Boudreau
2012) has defined platforms as multisided networks where
they support the interactions and transactions of multiple sets
of actors and facilitate technical development.  Boudreau
(2012) gave the example of the Google Android platform
where network effects result from a large number of external
software producers creating new applications.  Synthesizing
the literature above, we define mobile phone platforms (e.g.,
Apple iOS and Google Android) as software-based systems
that provide functionality to support the development of
mobile applications and transactions among multiple sets of
actors.

The platform actors include consumers/users, external (third-
party) application creators, and the platform owner.  The
application creators can be professional developers or user
innovators, the latter being the focus of our study.  Indeed,
user innovation is crucial to the success of mobile phone
platforms, where innovation success is typically measured
through its quantity (Boudreau 2010; Ordanini and Parasura-
man 2011).  In our study, too, the quantity of user innovations
is important as it can increase the diversity of MDS applica-
tions and enhance the sustainability of the platform (Boudreau
2010).  At the same time, the quality of apps on mobile phone
platforms determines customer acceptance and platform
sustainability (Boudreau and Hagiu 2009).  Further, while
attitudinal outcomes, such as satisfaction (Franke and von
Hippel 2003) and behavioral outcomes, such as innovation
willingness (Matthing et al. 2006) may be useful, they are not
as objective indicators of user innovation performance like the

2Some studies reported positive impacts (e.g., Zhou 1998) of design auton-
omy on creativity, while others observed no impact (De Jong et al. 2011).
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quantity of MDS created.  Thus, we adopt innovation quantity
as our main outcome variable (so as to maintain model parsi-
mony), but also test the model with quality measures in our
post hoc analyses shown in Appendix B.  Measuring the
outcome variable objectively from the MDS platforms is an
advantage of this study as compared to subjective measures of
the intention to innovate in prior research.

In mobile phone platforms, typically individual users or small
teams of them participate in application creation (Boudreau
2012).  User innovators are particularly important to study as
they have been found to generate more valuable ideas than
professionals in other innovation contexts (Magnusson et al.
2003; Matthing et al. 2004), which may be attributed to their
lead userness (von Hippel 2005).  However, as user inno-
vators face technical barriers (Kim 2010) and policy controls
(Tiwana et al. 2010) on these platforms, it is vital to under-
stand how user and platform (technical and policy) charac-
teristics together play a role in shaping user MDS innovation.

As per the definition and discussion above, we characterize
mobile phone platforms by two salient components (i.e., the
technical component to enable application development, and
the policy component to provide the rules under which the
development and transactions take place).  The technical com-
ponent of the platform includes the operating system (OS),
tools, and libraries to support application creation.  Of these,
innovation toolkits are a key and relevant component for our
study since they provide access to the OS and libraries, and
can support MDS innovation by users who may not have the
required IT knowledge to innovate (Boudreau 2010, 2012). 
Specifically, Apple provides the Xcode development environ-
ment with the iOS software development kit (SDK), while
Google provides the Android Studio and SDK.  Along with
API libraries, these tools can support all stages of MDS appli-
cation development (i.e., design, development, debugging,
testing, and publishing).  The tools also provide analytics for
each MDS application in the market, including reviews and
ratings, which allows user innovators to gain information
about the market needs as well as others’ innovations (Harker
and Taheri 2011).

The policies and rules constitute the other important compo-
nent of mobile phone platforms.  The policies for registering,
developing, and publishing applications govern the transac-
tions among the associated actors.  For example, Apple Store
provides guidelines on the criteria by which new applications
are evaluated, rewarded, or penalized (Apple 2015).  These
rules are likely to influence the design autonomy of user
innovators, which is an important but understudied charac-
teristic of mobile phone platforms (Boudreau 2012; Boudreau
and Hagiu 2009).  Previous studies have highlighted the need
to examine how platform owners’ control can be balanced

against the autonomy of independent innovators on such
platforms (Tiwana et al. 2010).  

While the above discussion suggests the need to understand
the effects of lead userness, toolkit support, and design
autonomy on user innovation in such platforms, there are
limited prior studies in this area.  This can be seen from our
review of past research related to IT platform level innovation
in Table A2 in Appendix A.  We classified the past research
in terms of the nature of innovation antecedents studied (i.e.,
pool of producers/innovators), the contest task (i.e., for inno-
vation contests), and platform features.  With respect to inno-
vators, these studies mainly examined characteristics of the
whole pool (e.g., Boudreau 2012; Boudreau et al. 2011),
rather than that of individual innovators as we do.  With
respect to platform features, prior research has studied the ef-
fect of platform regulation on profits and other organizational
outcomes (Boudreau and Hagiu 2009) as well as the impacts
of the level of access and giving up control in handheld com-
puting platforms on the number of new handheld devices
developed (Boudreau 2010).  Thus, there is a lack of research
in this stream that examines the impacts of technical and
policy-related platform features on user innovation.

We also reviewed another stream of related literature:  past
empirical studies on service innovation at the user level (see
Table A3 in Appendix A).  From the table it can be seen that
several studies investigated the influence of user charac-
teristics such as technology readiness (Matthing et al. 2006),
leading edge status (Morisson et al. 2000), and trend leader-
ship (Kankanhalli et al. 2015), which are related to the ahead
of trend dimension of lead userness.  However, we did not
find studies examining the impact of lead userness (which
includes ahead of trend and unmet needs dimensions, as dis-
cussed in the next section) on user innovation behavior, as we
do.  Regarding toolkits, prior research has studied the impact
of toolkit support in an aggregated manner.  For example,
Franke and von Hippel (2003) noted that innovation toolkits
can serve heterogeneous needs of users designing security
software.  Kankanhalli et al (2015) measured toolkit support
as a single construct and found direct and moderating (with
anticipated enjoyment) effects on innovation intention.  Thus,
research studying the impacts of the various dimensions of
toolkit support is lacking, that too, on user innovation behav-
ior.  Further, past literature suggested (von Hippel 2005), but
did not model and test, that user, tool, and design character-
istics could interact in influencing creativity and innovation.

Overall, our reviews identified gaps related to the constructs
of interest (i.e., lead userness, design autonomy, and innova-
tion toolkits) and their interactions that help to theoretically
motivate our study.  As a result, we draw on the user inno-
vation theory, work design, and innovation phases literatures
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to study the impacts of lead userness, innovation toolkit,
design autonomy, and their interactions on user MDS innova-
tion, which will be introduced in the following sections. 

User Innovation Theory

The motivation for user innovation theory derives from the
shift to user-centered innovation from the traditional firm-
centered innovation (von Hippel 2005).  Von Hippel and his
colleagues observed that users rather than firms are often the
initial developers of commercially significant products and
services (Lilien at al. 2002; Urban and von Hippel 1988).  The
theory posits that innovation among users tends to be con-
centrated on lead users (people with high lead userness) of
those products or services (Morrison et al. 2000; von Hippel
1986).  Lead userness (Franke et al. 2006, von Hippel 1986)
refers to the degree to which people possess two key
characteristics:  (1) they are at the leading edge of important
trends in a market and so are currently experiencing needs
that will later be experienced by many others (ahead of trend
dimension), and (2) they expect to benefit significantly by
obtaining solutions to those needs (high expected benefits, or
strong unmet needs dimension).  Those who have strong
unmet needs expect significant benefits from innovating to
fulfil them (Faullant et al. 2012; Schreier and Prugl 2008).
Some studies (e.g., Schuhmacher and Kuester 2012) also label
this dimension as “dissatisfaction” with existing services.

Prior studies found both knowledge and personality related
antecedents of lead userness, that is, consumer knowledge,
use experience, locus of control, innovativeness (Schreier and
Prugl 2008), creativity, betweenness centrality (Kratzer and
Lettl 2008) and divergent thinking (Faullant et al. 2012).
Particularly, lead userness should be distinguished from its
antecedents such as innovativeness (a personality trait that
refers to a person’s generalized predisposition toward innova-
tions; Im et al. 2003) and creativity (the ability to produce
novel and useful ideas; Amabile 1988).  Further, lead userness
has been linked to various outcomes, such as coming up with
new product concepts (Herstatt and von Hippel 1992), inno-
vative behavior, innovation attractiveness (Franke et al.
2006), idea quality (Schuhmacher and Kuester 2012), and
propensity of knowledge sharing (Jeppesen and Laursen
2009).  In sum, people with high lead userness are usually the
first to try out new applications related to the service domain
(ahead of trend dimension), which allows them to be leaders
in identifying problems/ unmet needs with existing services
(Faullant et al. 2012).  Thus, they are able to anticipate cus-
tomer needs ahead of others in the market.  Also, their unmet
needs are strong (unmet needs dimension) whereby they
expect great benefits from creating solutions that would
satisfy those needs.  As a key characteristic of user inno-

vators, we include lead userness as an antecedent of user’s
MDS innovation in our model.  Building on prior studies
(e.g., Faullant et al. 2012; Schuhmacher and Kuester 2012)
we consider lead userness as composed of two dimensions:
ahead of trend and unmet needs.  This is also supported by
Franke et al. (2006) who find that the dimensions of lead
userness are “conceptually independent dimensions rather
than reflective” (p. 311) and suggest that the two dimensions
“do have an independent meaning, are not inter-changeable,
and cannot be merged into an index variable without loss of
information” (p. 303).

Other than explaining the characteristics of user innovators,
user innovation theory also suggests how firms can help users
participate in innovation activities.  Specifically, innovation
requires two types of knowledge, need-related and solution-
related (von Hippel 2005).  The first type refers to the knowl-
edge of a need, problem, or opportunity for change that lead
users possess.  The second type refers to the knowledge of a
solution or technique for satisfying the need, solving the prob-
lem, or capitalizing on the opportunity that innovating firms
possess.  Von Hippel and Katz (2002) noted that it could be
sticky to transfer need-related knowledge from users to the
firm, whereas it could be sticky to transfer solution-related
knowledge from the firm to users.  They suggested that the
time and cost of innovation will be reduced if need-related
design tasks are assigned to users and solution-related tasks
are assigned to the firm/manufacturer.  Thus, they proposed
toolkits as an effective way to assign need-related design
tasks to users such that they can create a custom product or
service design according to their unmet needs.  Subsequently,
the firm will take the design (e.g., for a semiconductor chip)
and perform the solution-related tasks (e.g., manufacture the
chip).

However, in our study context, we note that user innovators
developing MDS applications complete the entire innovation
development by themselves (i.e., both need and solution
related tasks).  Accordingly, toolkits for MDS innovation
should support both aspects of innovation requirements (i.e.,
exploring needs’ knowledge and providing solution knowl-
edge).  Borrowing from prior literature (Kankanhalli et al.
2015) we consider two dimensions of toolkit support:  (1) ex-
ploring innovation ideas (exploration) and (2) reducing inno-
vation effort (ease of effort).  Innovation toolkits can support
exploration by allowing user innovators to search for existing
innovations and trends in the market to enhance their own
ideas and to experiment with them (e.g., Apple iOS provides
analytics, ratings, and popularity of existing applications in
the market).  Thus, exploration support through toolkits
should help to fulfill the need-related knowledge requirement
for innovation.  Such support should be particularly important
during idea generation, when need-related knowledge is usu-
ally collected for deciding what innovation should be created.
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Innovation toolkits can also reduce users’ effort for innova-
tion through providing module libraries and development
tools (e.g., Google Android provides SDK and APIs).  Ease
of effort support through toolkits should, thus, help fulfil the
solution-related knowledge requirement for innovation.
Solution-related knowledge includes the specific details of
how innovations should be implemented and deployed.  Thus,
such support should be particularly important during idea
implementation, when solution-related knowledge is required.
To summarize, toolkit support is defined as the extent to
which the user innovator perceives that the platform tools will
facilitate exploration and ease of effort for MDS creation.
Thus, deriving from user innovation theory, we include
exploration and ease of effort as antecedents reflecting the
technical component of platforms in our model.

As discussed earlier, other than toolkits that characterize the
technical component, a relevant characteristic related to the
policy component of platforms for MDS user innovators is
design autonomy, which we conceptualize using the work
design literature.

Work Design Literature and Autonomy

For several decades, work design studies (e.g., Hackman and
Oldham 1980) have attempted to describe and explain how
jobs and roles are structured and enacted.  This, in turn,
informs how work design affects a multitude of outcomes
including attitudinal (e.g., satisfaction) and behavioral (e.g.,
performance and productivity) outcomes (Fuller et al. 2006). 
Among various job characteristics, this literature suggests that
job autonomy is a key enabler for complex and nonroutine
work (Grant and Parker 2009), such as innovation.  In work
environments, job autonomy is determined by factors such as
benevolent leadership (Wang and Cheng 2010) and has been
linked to various positive outcomes such as job ownership,
satisfaction, well-being, and performance (e.g., Chung-Yan
2010).  In the IS literature as well, job autonomy has been
related to positive outcomes such as low turnover intention
(e.g., Shih et al. 2011), job satisfaction (Morris and Venkatesh
2010), and employees’ trying out new IT (Ahuja and Thatcher
2005).

The concept of autonomy comprises three dimensions (Mor-
geson and Humphrey 2006), scheduling autonomy (i.e., the
degree of freedom people have regarding the scheduling,
sequencing, or timing of their task), decision making autoa-
nomy (i.e., the extent of freedom people have regarding the
choice of task type and task goals), and work-method
autonomy (i.e., the degree of choice people have regarding the
procedures or methods for performing tasks) (Breaugh 1999). 
People may perceive high autonomy when there are limited
instructions and requirements imposed on them (Grant and

Parker 2009).  In contrast, if there are many rules, norms, and
restrictions, users may perceive low autonomy during the
process of new service design.  

On mobile phone platforms, user MDS innovators can experi-
ence different degrees of autonomy.  Decision-making
autonomy may be impacted by platform rules about what kind
of applications can be created, which matters when innovation
ideas are being generated.  These rules could be administra-
tively enforced through standard-form licensing contracts or
documentation (Manner et al. 2013).  For example, Apple
Store prespecifies the criteria by which applications are
evaluated, rewarded, or penalized (Apple 2015).  The App
Store Review Guidelines say “if your app doesn’t do some-
thing useful, unique or provide some form of lasting entertain-
ment … it may not be accepted.”  Other guidelines also
restrict the kind of applications that can be created on the plat-
form.  These rules and their enforcement are likely to affect
individual’s perception of decision-making autonomy.

Additionally, rules about how applications may be developed
are enforced through contracts and policy documents (Manner
et al. 2013), for example, through the Program License Agree-
ment (PLA) or Human Interface Guidelines (HIG) in Apple
Store.  For example, App Store rejects apps that do not notify
and obtain user consent before collecting, transmitting, or
using location data.  This could affect the individual’s percep-
tion of work-method autonomy (e.g., the need to conform to
prescribed methods for collecting customer information as per
PLA and HIG), which would, thus, matter during innovation
implementation.  Google Play also has a few administrative
rules about app design methods, although these are considered
less onerous than App Store.3

Further, the sequencing of application development and
launch is to some extent controlled by the platform owner
(Apple 2015; Tiwana et al. 2010).  For example, App Store
Review Guidelines suggest that the sequencing or scheduling
of application development and launch will be controlled or
monitored.  Hence, user innovators’ perception of scheduling
autonomy may be affected, which will be particularly impor-
tant during innovation implementation and launch.  Addition-
ally, Tiwana et al. (2010) note that on such platforms, shared
beliefs or norms could affect developers’ behaviors (e.g., how
to schedule their development activities).  Overall, as per the
work design literature, we expect that the dimensions of de-
sign autonomy will impact user’s MDS innovation outcomes.

However, when reviewing the literature relating design auton-
omy to innovation we found few studies (e.g., Lewis et al.

3http://www.cultofmac.com/329381/app-store-vs-google-play-is-it-time-
apple-stopped-being-a-control-freak/
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2002) that have empirically examined the relationship,
although several other studies have suggested so (e.g., Grant
and Parker 2009).  Specifically, Lewis et al. (2002) reported
that directive control possessed by project teams in the form
of scheduling autonomy led to greater project innovation in a
chemical company, while participative control in the form of
decision-making autonomy showed no effect on such innova-
tion.  Other related studies mainly focused on examining the
effects of design autonomy on individual creativity, but here,
too, the findings have been mixed with some studies ob-
serving positive impacts for certain autonomy dimensions
(e.g., Greenberg 1994; Zhou 1998) while others found no
impacts (e.g., Greenberg 1994;  De Jong et al. 2011).  Such
mixed findings highlight the possibility of contingency factors
determining the impacts of design autonomy on innovation,
which could be modeled as interaction effects (Chin et al.
2003).  Additionally, past literature has suggested that the
impacts of lead userness could be affected by contextual
factors (Wellner 2015) and the effects of innovation toolkits
could depend on the degree of design freedom afforded to
user innovators and the innovation needs of these users (von
Hippel 2005).  Thus, we expect interactions between lead
userness, the dimensions of toolkit support, and those of
design autonomy on user MDS innovation, which can be
explained based on the innovation phases literature described
next.

Innovation Phases Literature
and Interaction Effects

Other than the theory of user innovation discussed earlier, the
literature on innovation phases has offered theoretical explan-
ations of how innovation takes place.  Innovation has been
defined as a process that involves the generation and imple-
mentation of new ideas, practices, or artefacts (Axtell et al.
2000).  Although innovation is recognized as a complex,
iterative process, and several classifications of innovation
phases exist, most approaches identify two key innovation
phases (Axtell et al. 2000; Wolfe 1994).  The first is an
“awareness” of the innovation, or idea suggestion/generation
phase, while the second is an implementation phase.  This
categorization of phases allows us to explain the interaction
effects between lead userness, design autonomy, and toolkits
on innovation outcomes.

Particularly, prior literature suggests that the antecedents for
idea generation and idea implementation differ (Axtell et al.
2000; Axtell et al. 2006).  In terms of toolkit support, explora-
tion of existing applications through toolkits is more likely to
be salient for idea generation, when user innovators are
seeking new ideas (see Table A4 in Appendix A).  On the
other hand, ease of effort through using module libraries and
APIs would be important for idea implementation, as these

can reduce the implementation effort.  Among the three
dimensions of autonomy, decision-making autonomy is more
relevant for the idea generation stage.  For example, Axtell et
al. (2000) found that idea production ownership (related to
decision-making autonomy) is positively correlated to idea
generation.  Further, during the idea generation stage, toolkit
exploration support can enhance user innovators’ exploration
for new ideas while decision-making autonomy will enable
user innovators to freely choose among various new ideas for
innovation.  As a result, the effects of lead userness on user
innovation will be affected by exploration support and
decision-making autonomy.  Thus, a joint moderation effect
of decision autonomy and exploration on the relationship
between lead userness and innovation is expected.

On the other hand, method and scheduling autonomy are more
relevant for the idea implementation stage.  Axtell et al.
(2000) observed that individual method control (akin to work
method and scheduling autonomy) is positively correlated to
idea implementation.  During the idea implementation stage,
toolkit ease of effort support can provide user innovators
relevant modules and components for creating MDS appli-
cations, while method and scheduling autonomy provide the
freedom to choose methods and scheduling in implementing
ideas to create innovations.  Thus, these two dimensions of
autonomy are expected to complement ease of effort in influ-
encing the effect of lead userness on user innovation.  Our
model encompassing the variables discussed above is
presented next.

Research Model and Hypotheses

User service innovation has been defined as the new services,
or changes in services’ production or delivery created by
users (Magnusson et al. 2003), which can range from incre-
mental to radical changes.  As discussed in the “User
Innovation Theory” subsection above, our dependent variable
captures the success of user service (here, MDS) innovation
through its quantity.  We utilize user innovation theory to
identify and conceptualize lead userness and toolkit support
constructs (i.e., exploration and ease of effort) and their rela-
tionship to the quantity of user’s service innovation.  Further,
based on the work design literature, we conceptualize and
relate design autonomy constructs (i.e., decision-making
autonomy, scheduling autonomy, and work-method auton-
omy) to the quantity of user’s service innovation.  Last,
drawing from the innovation phases literature, we hypothesize
that lead userness and certain dimensions of design autonomy
and toolkit support would interact to impact the quantity of
user service innovation.  The proposed model is shown in
Figure 1. 
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Figure 1.  Proposed Theoretical Model

Lead Userness

As discussed in the “User Innovation Theory” subsection,
lead userness is composed of two dimensions:  ahead of trend
and unmet needs.  People with high lead userness are usually
the first to try out new applications related to the service
domain (ahead of trend dimension), which allows them to be
leaders in identifying problems/unmet needs with existing
services (Faullant et al. 2012).  Thus, they are able to antici-
pate customer needs ahead of others in the market (von
Hippel 2005).  Also, their unmet needs are strong (unmet
needs dimension) whereby they expect great benefits from
creating solutions that would satisfy those needs.  This should
drive them to innovate to satisfy their needs (Franke et al.
2006).  For MDS innovation, too, user innovators are seen to
have strong ahead of trend unmet needs (Kim et al. 2012) that
can motivate them to create new MDS applications.  For
example, a classic car enthusiast created one of the first apps
to collect and display classic car model pictures.  Together,
the lead userness dimensions should increase individual’s
likelihood of carrying out MDS innovation.  Indeed, prior
studies have reported lead users’ higher probability to inno-
vate (Morrison et al. 2000) and create a greater number of
ideas (Matthing et al. 2006).  Thus,

H1: Lead userness is positively related to the quan-
tity of user’s service innovation.

Toolkit Support

As a dimension of toolkit support, ease of effort refers to the
perceived extent of support provided by innovation toolkits to

reduce time and effort for users to innovate.  Through pro-
viding module libraries and development aids, toolkits can
save time and effort of user innovators for design and imple-
mentation activities during MDS creation.  As per user inno-
vation theory (von Hippel 2005), the knowledge provided to
user innovators about the means of MDS innovation through
such tools will reduce development effort and result in more
innovations being created.  With the support of innovation
toolkits to ease the effort of collecting information and
designing new applications, users may be more productive in
innovation development and hence produce a higher quantity
of MDS applications in a time period.

H2: Ease of effort through toolkits is positively
related to the quantity of user’s service
innovation.

As a second dimension of toolkit support, exploration refers
to the perceived extent of support that innovation toolkits
provide in terms of exploring information about published
innovations, customer preferences, and market trends, to
develop innovation ideas and experiment with them.  This al-
lows user innovators starting with their initial ideas to search
for and collect relevant market information (Franke and Piller
2004) and enables them to shape their ideas accordingly. 
Prior IS literature has also argued that through exploration,
users can modify how features of a system are used (Sun
2012) and the resultant performance outcomes (Hsieh et al.
2011).  With exploration support, users may readily align
their ideas with external market information and experiment
with them to create more MDS innovations.  In contrast, with
a low level of exploration support through innovation toolkits,
users may be overwhelmed by the challenges of exploring the
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market in order to develop and experiment with their inno-
vation ideas (Randall et al. 2005).  Thus, 

H3: Exploration through toolkits is positively
related to the quantity of user’s service
innovation.

Design Autonomy

As a dimension of design autonomy, scheduling autonomy
refers to the degree of freedom individuals have regarding the
scheduling, sequencing, and timing of their tasks (Breaugh
1999).  For MDS innovation, scheduling autonomy is
reflected in individual’s perception of the platform regulations
and policies on the prescribed sequencing and scheduling of
new MDS creation.  With high scheduling autonomy, users
feel that they can self-govern the sequence and schedule of
the innovation process.  In contrast, with a low level of sched-
uling autonomy, users are unable to control the timing of the
design activity and may be hampered in their innovation
efforts.  For example the rigorous app review process at
Apple Store could introduce uncertainty about when their new
MDS would be published (Apple 2015).  Building on the
work design literature, scheduling autonomy provides users
better control of their time (Parker et al. 2001) for innovation
and thereby should enable them to be more productive in
MDS innovation.  Therefore,

H4: Scheduling autonomy is positively related to the
quantity of user’s service innovation. 

Decision-making autonomy refers to the degree of freedom
that individuals have regarding the choice of the type and
goals of their tasks (Morgeson and Humphrey 2006).  For
MDS innovation, individual perception of decision-making
autonomy could be affected by platform regulations on the
content and type of MDS applications that can be created
(Apple 2015).  For example, Google Play Store places restric-
tions on violent content of apps, although the restrictions vary
for different maturity levels.4  With high decision-making
autonomy, users have the freedom to materialize their ideas
through self-design.  In contrast, with a low level of decision-
making autonomy, individuals may feel that they cannot
freely decide what they want to do (Gagne and Deci 2005). 
With the feeling of being constrained in their choices (Silver
1991), users may be less motivated to participate in self-
design.  Thus, the perception of decision-making autonomy
allows users to create the MDS innovations of their choice,
leading to a greater number of innovations.  Hence we expect

H5: Decision-making autonomy is positively related
to the quantity of user’s service innovation. 

Work-method autonomy refers to the degree of choice people
have regarding the procedures and methods for completing
tasks (Breaugh 1999).  With high work-method autonomy,
users can choose the method for their design and may feel that
they can control the process.  In contrast, with low work-
method autonomy, users may feel that they have to conduct
the activity using a particular method and perceive a lack of
freedom.  For MDS innovation, user’s perception of work-
method autonomy could be affected by platform rules on the
prescribed procedures or methods for new MDS application
creation.  For example, Apple Store applications are restricted
to be developed only on iOS.  With high work-method auton-
omy perception, users can use the methods that they find most
appropriate which could allow them to be more productive in
new MDS development.  These conditions can result in a
greater number of innovations being created.  Thus,

H6: Work-method autonomy is positively related to
the quantity of user’s service innovation.

Interaction Effects

The user innovation literature suggests that innovation out-
comes would be determined by satisfaction of user needs
using toolkits depending on the degree of design freedom
afforded to user innovators (von Hippel 2005).  This suggests
three-way interactions between lead userness, and different
dimensions of toolkit support and design autonomy in
influencing user’s service innovation outcomes.  Three-way
interactions are suggested when the relationship between an
independent variable and a dependent variable (in this case
quantity of user MDS innovation) is contingent on two other
independent variables (Dawson and Richter 2006).  Specifi-
cally, as discussed in the earlier subsection on innovaton
phases and interaction effects and elaborated below, we
expect three-way interactions between (1) lead userness,
work-method autonomy, and ease of effort, (2) lead userness,
scheduling autonomy, and ease of effort, and (3) lead user-
ness, decision-making autonomy, and exploration, in im-
pacting the dependent variable (DV).  While we argue for
these effects, we also take note of observations from the pre-
vious literature that proposing specific hypotheses related to
three-way interactions is complex, and they are best inter-
preted from empirical findings (Angst and Agarwal 2009;
Dawson and Richter 2006; Jaccard and Turrisi 2003).

As discussed in our arguments for H1, user innovation will
primarily be driven by lead userness, which leads to a greater
number of innovations being produced.  However, this effect4https://support.google.com/googleplay/androiddeveloper/answer/188189?hl=en
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is likely to depend on the perceived toolkit support available.
Specifically, the ease of effort facilitated through toolkits can
reduce the implementation barriers for innovation (e.g.,
through providing module libraries and development aids;
Franke and von Hippel 2003; Kankanhalli et al. 2015).  As a
result, such support should allow users’ innovation ideas to be
materialized more rapidly leading to a greater number of
innovations generated (i.e., a positive two-way interaction
between lead userness and ease of effort).  In contrast, with
low or without ease of effort support, users may encounter
difficulties and barriers in implementing their ideas.  Thus, the
effect of lead userness on innovation may be lower than for
the high ease of effort support condition.

Further, work-method autonomy is likely to enhance the sup-
portive effect of ease of effort on lead userness’ impact on
quantity of innovations.  When the degree of work-method
autonomy is high (Morgeson and Humphrey 2006), ease of
effort can enable user innovators (depending on their lead
userness) to create more MDS innovations, since they have
greater freedom to choose the procedures and work methods
most suitable for them (Manner et al. 2013) to develop the
new applications (e.g., the programming language with which
they are most familiar and comfortable).  In contrast, when
work-method autonomy is low, it may be less possible for
user innovators (again depending on their lead userness) to
readily implement their innovation ideas even with easing of
effort, as their use of methods to develop the ideas into MDS
innovations may be restricted.  For example, if a user inno-
vator wants to develop various mHealth applications on the
Android platform, greater ease of effort from API libraries
and reusable UI elements can increase the number of appli-
cations created for the same level of lead userness.  Further,
this interaction effect of lead userness and ease of effort on
quantity of MDS innovation can be increased if there is
greater choice of work method (e.g., the freedom to develop
the applications using various programming languages).  In
other words, work-method autonomy will compound the ef-
fect of ease of effort on the relationship between lead userness
and quantity of MDS innovation.  Hence, 

H7: Lead userness will have the strongest, most
positive relationship with the quantity of user’s
service innovation if work-method autonomy
and toolkit ease of effort are high.

As discussed in our arguments for the previous hypothesis, we
expect a positive two-way interaction between lead userness
and ease of effort on the quantity of innovations produced. 
However, this effect is also likely to depend on scheduling
autonomy.  When scheduling autonomy is high, user inno-
vators would be able to control their timing and scheduling
(Breaugh 1999) of carrying out the innovation implementation

and launch (e.g., there would not be uncertainty about how
long their application review will take).  With the help of
innovation toolkits that ease their effort, user innovators with
high scheduling autonomy will be able to make better use of
the time saved for their innovation activities (Kossek and
Michel 2010).  Hence, with the effort reduction or time
savings through ease of use and the freedom to use the time
as they wish for innovation activities, user innovators would
be able to design more applications in a period of time
depending on their lead userness.  In contrast, with low sched-
uling autonomy (Morgeson and Humphrey 2006), the freedom
to plan and schedule innovation activities is restricted, which
may hinder user innovators and dampen their innovation
momentum even with the easing of effort by innovation tool-
kits.  In other words even if they can save time due to ease of
effort, this time may not be used as efficiently for MDS
innovation when there is low scheduling autonomy.  Taking
the previous example of a user innovator who wants to
develop various mHealth applications on the Android plat-
form, greater ease of effort from API libraries and reusable UI
elements can increase the number of applications created for
the same level of lead userness.  This interaction effect of lead
userness and ease of effort on quantity of MDS innovation
can be increased if there is greater control of schedule (e.g.,
there is no uncertainty in the review duration for publishing
new MDS on the platform).  In other words, scheduling
autonomy will compound the effect of ease of effort on the
relationship between lead userness and quantity of MDS
innovation.

H8: Lead userness will have the strongest, most
positive relationship with the quantity of user’s
service innovation if scheduling autonomy and
toolkit ease of effort are high.

Last, we also expect a positive two-way interaction between
lead userness and exploration with toolkits.  High exploration
support through toolkits enables user innovators to better
compare their ideas with other applications in the market and
collect information about customer preferences (Kankanhalli
et al. 2015) than low exploration support.  Greater toolkit
exploration, hence, will enable more of user innovators’ inno-
vation ideas (that depend on their lead userness) to be honed
and materialized, leading to a greater quantity of innovations
produced.

However, this effect is likely to depend on the level of
decision-making autonomy.  With high decision-making
autonomy, individuals can determine their choice of tasks and
set their own goals for task completion (Morgeson and
Humphrey 2006).  With the help of exploration tools, user
innovators (depending on their lead userness) with high
decision-making autonomy can explore more possibilities for
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MDS innovation in the market and have the freedom to imple-
ment them.  In contrast, with low decision-making autonomy,
even if their innovation ideas can be explored through the
tools, the individual may be restricted in which ideas they can
implement (e.g., due to content restrictions) as MDS inno-
vations.  Under these conditions, even with the support of
exploration tools, user innovators may not be able to imple-
ment all the desired MDS innovations (resulting from their
lead userness) due to the lack of decision-making autonomy.
For example, if an user innovator wishes to create more
cartoon applications (based on their lead userness) and the
exploration capability helps them hone their ideas of topics
based on market preferences, the number of applications can
still be restricted if some of the content is not allowed due to
the defamation policy of App Store.  Therefore, 

H9: Lead userness will have the strongest, most
positive relationship with the quantity of user’s
service innovation if decision-making autonomy
and toolkit exploration are high.

In addition to the above interactions, we do not hypothesize
other moderating effects for the following reasons.  First, we
do not expect decision-making autonomy to moderate the
effect of ease of effort on the quantity of user’s MDS inno-
vation.  This is because decision-making autonomy is more
related to the idea generation phase (Axtell et al. 2000) while
ease of effort is more salient during idea implementation. 
Second, we do not expect work-method autonomy and sched-
uling autonomy to moderate the effect of exploration on the
quantity of user’s MDS innovation.  This is because these two
dimensions are more related to the idea implementation phase
(Axtell et al. 2000) while exploration is more salient during
idea generation.  Thus, we do not hypothesize three-way
interactions between lead userness and these combinations of
design autonomy and toolkit support dimensions on our DV.

Research Methodology

Survey methodology was employed to test the research
model.  Interviews with user innovators were conducted to
validate the instrument and enrich our understanding of the
study context.  

Data Collection

The survey was conducted on the Apple developer forum5 and

Code Android Group,6 which are based on the iOS and
Android platforms respectively, that have the highest market
share and support users to design MDS applications (Bou-
dreau and Lakhani 2009).  The two platforms are appropriate
to test our model for several reasons.  First, as the rules,
policies, and innovation toolkits differ for the two platforms,
there would be variances in design autonomy and toolkit
support perceptions that allow us to test our model (see Table
A5 in Appendix A).  Further, even within a platform, there
could be variance due to individual perceptions.  As the tech-
nology adoption literature observes that individuals have dif-
ferent perceptions toward the same technology (e.g., Brown
et al. 2010; Davis et al. 1989), in this context, too, individual
users could have different perceptions toward design auton-
omy and toolkit support on one platform.  Second, it was pos-
sible for us to mine the archival data from these two platforms
to assess our dependent variable (i.e., the quantity of user
service innovation).  We were also able to collect data on
innovation quality outcomes (the number of downloads and
radicalness) for our post hoc analysis.  The use of such objec-
tive measures can help reduce the risk of common method
variance and hence increase the validity (Podsakoff et al.
2003) of our findings.  

In order to reach users who have participated in MDS innova-
tion, online survey links were created and posted on the iOS
user group and Android group to recruit those who had
already created an MDS application.  We posted the links in
the two platforms for two weeks with the help of the adminis-
trators to highlight the survey invitation.  In appreciation of
the respondents’ effort, we offered a token amount of $10 for
each response.  To verify that the respondents were users of
iOS or Android applications, they were asked to answer
specific questions related to iOS or Android applications,
such as the default icon of “iOS or Android market,” default
web browser used, and default applications for reading PDF
files in iOS or Android phone.  After this we checked if the
person was an actual innovator (based on the apps created),
and last we checked if the person was a professional devel-
oper (by asking about their occupation and employer) and if
they develop apps for a living.  At this point we filtered out
those who worked as developers in a company or rely on app
development for a living.  A total of 156 responses were re-
ceived of which 1467 valid responses remained after removing

5http://developer.apple.com/devforums/

6http://www.codeandroid.org/

7An a priori power analysis using G*Power indicated that a sample size of
126 is needed to detect a medium effect (size 0.15) for our main model, with
a desired power of 0.80 at alpha level of 0.05 (as per Cohen 1988).  However,
a sample size of 961 is needed to detect a small effect (size 0.02) with the
desired power and alpha level.  Thus, our sample size of 146 is able to detect
medium or large effects for the model with sufficient power, but not small
effects.
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Table 1.  Operationalization of Constructs

Construct

Items

SourcesIn this platform…

Design
Autonomy

Scheduling
Autonomy

SAU1 I can choose any time to develop the application
Adapted from
Breaugh (1999);
Morgeson and
Humphrey (2006)

SAU2
I can set my own schedule for completing the application
development

SAU3
I have control over the sequencing of application
development activities

Work-
method
autonomy

WAU1
I have a lot of freedom to choose any method to design
applications

Adapted from
Morgeson and
Humphrey (2006))

WAU2 I am allowed to use any method to design applications

WAU3 I can choose my own method to develop applications

Decision-
making
autonomy

DAU1 I can choose to develop any application I like

DAU2 I have control over which type of applications I design

DAU3
I can decide what application should be designed on my
own

Toolkit
Support

Ease of
Effort

EOE1
The development tools help me save a lot of effort for
collecting information and designing new service
applications for the market 

Kankanhalli et al.
(2015) 

EOE2
With the help of the development tools, it is easy to collect
information and design applications for the market

EOE3
With the help of the development tools, it is easy to use
component library for service application design

Exploration

EXP1
The development tools enable me to extensively explore
service applications in the market

EXP2
The development tools help me explore my peers’ latest
developed applications

EXP3
With the help of the development tools, I can experiment
with (ideas of) creating service applications

Lead
Userness
(Formative)

Ahead of
Trend

LUSA1 I usually find out about new applications earlier than others Faullant et al. (2012)

LUSA2 I am always the first one to adopt new service applications
Kratzer and Lettl
(2008)

Unmet
Needs

LUSB1 The current applications cannot fulfil my particular needs
Schuhmacher and
Kuester (2012) 
Franke et al (2006)

LUSB2
I have new needs that are not satisfied by current
applications

Faullant et al. (2012)
Franke et al (2006)

Note:  The definition and meaning of the term platform was clarified in the questionnaire introduction

incomplete and duplicate data.  Of these, 78 responses were
from the iOS platform and 68 from the Android platform. 
Since a web-based survey design may suffer from non-
response bias (Roztocki 2001), we tested for such bias by
comparing the early and late respondents as recommended in
Armstrong and Overton (1977).  T-tests of the differences
between the earliest 10% of respondents and the last 10% of
respondents in terms of demographics, the number of applica-
tions developed, and average downloads, revealed no system-
atic differences.  Thus, nonresponse bias is not expected here.

Operationalization of Model Variables

We operationalized the independent variables (two dimen-
sions of lead userness, two dimensions of toolkit support, and
three dimensions of design autonomy) as reflective constructs.
Lead userness was modeled as a multidimensional formative
construct (Petter et al. 2007) with its two reflective dimen-
sions (ahead of trend and unmet needs).  The dimensions of
toolkit support and design autonomy were separate constructs
as per our model in Figure 1.  These variables were measured
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with items adapted from previously validated instruments (see
Table 1).  All items for the independent variables were mea-
sured using seven-point Likert scales anchored from “strongly
disagree” to “strongly agree.”

The dependent variable, quantity of user’s service innovation
(QNT), was assessed by the number of MDS applications the
user created in the 3 month period after the rest of the model
variables data were collected through the survey.  We
included age, gender, programming skill, tenure, education,
and platform (iOS versus Android) as control variables in our
model.  Of these, individual ability was controlled for by pro-
gramming skill and education level.  Further, differences in
the platform popularity and other unobserved platform charac-
teristics were controlled for by the platform dummy variable.

Data Analysis and Results

We pooled the data across the two platforms for better gener-
alizability.  As required, we checked for sample homogeneity
prior to that based on Chow’s test (Chow 1960).  Our results
show support for pooling the samples, F (6, 134) = 1.17, p >
0.05.  Further, our platform dummy variable allowed us to
account for unobserved differences across the two platforms.
The demographic information about the respondents is listed
in Table 2.

Instrument Validation

To validate our instrument, convergent validity and discrim-
inant validity were tested (Hair et al. 2006).  We assessed
convergent validity by examining the Cronbach’s α (CA >
0.7), composite reliability (CR > 0.7), average extracted vari-
ance (AVE > 0.5), and factor analysis results (Straub et al.
2004).  Table 3 shows that the CA, CR, and AVE for each
reflective construct in the model satisfy the thresholds.  Also,
convergent validity was demonstrated since the factor loading
(see Table 4) of each item on its intended construct was larger
than 0.6 (Hair et al. 2006).  In addition to validity assessment,
we also checked for multicollinearity.  The variance inflation
factor (VIF) values for all constructs were found acceptable
(i.e., between 1.32 and 2.01).

Discriminant validity was assessed by examining the
indicator-factor loadings and comparing AVEs with inter-
construct correlations as suggested in Straub et al. (2004).
The results in Table 4 show that all indicators load more
strongly on their corresponding constructs than on other con-
structs.  The results in Table 3 show that the AVEs are larger
than the inter-construct correlations.  Thus, the constructs
demonstrate discriminant validity.  For the formative con-

struct, lead userness, we assessed the construct validity by
examining the weights of the two dimensions (LUSA and
LUSB) in contributing to the construct (Petter et al. 2007). 
These weights were found to be significant, thus demon-
strating acceptable construct validity (see Table A6 in
Appendix A).  Also, the VIF value for LUSA and LUSB to
LUS is 1.88, which is acceptable.  Since we collected data for
our independent variables and dependent variable from two
independent sources, common method variance (CMV)
should not be an issue in our study (Podsakoff et al. 2003). 

Results of Hypothesis Testing

Moderated multiple regression (MMR) analysis is the method
of choice to detect moderator effects in field research and is
superior to strategies such as comparison of subgroup-based
correlation coefficients (Dawson and Richter 2006; Jaccard
and Turrisi 2003).  Other than linear regression, the data was
also analyzed using Poisson regression since the DV (the
quantity of MDS innovations) is a count variable, for robust-
ness.  Interaction terms for moderating hypotheses were com-
puted by cross-multiplying the mean-centered items of the
relevant constructs.8  Further, the terms were entered in hier-
archical steps of controls first, then main effects, followed by
all corresponding second-order and the three-way interaction
terms, as suggested in prior research (Dawson and Richter
2006; Jaccard and Turrisi 2003).  

The path coefficients and explained variances for the regres-
sion model (Model 3) are shown in Table 5.  The model
explains 61% of the variance in the quantity of user’s service
innovation.  We also conducted incremental F test of the R2

change.  The results in Table 5 suggest that the independent
variables and interactions offer unique contributions to the
explanation of the variance in the quantity of users’ service
innovation (F1 = 9.50, p < 0.001; F2 = 6.82, p < 0.001).

As hypothesized (H1), lead userness is found to affect the
dependent variable.  Consistent with our predictions, both
exploration and ease of effort dimensions of toolkit support
are positively related to the quantity of user’s service inno-
vation, thereby supporting H2 and H3.  Further, decision
making and work-method autonomy dimensions of design
autonomy are found to positively affect the quantity of user’s
service innovation (H5 and H6 are supported).  However,
scheduling autonomy does not impact the quantity of user’s
service innovation (H4 is not supported).

8Since lead userness is a formative second order construct, we used a two-
stage PLS approach for estimating its interaction effects.  We used PLS to
estimate the latent variable scores and then used those scores in multiple
linear regression analysis (Henseler and Fassott 2010, p. 724).
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Table 2.  Demographic Statistics of Respondents

Demographic Variables
Frequency
(N = 146) Percentage Demographic Variables

Frequency
(N = 146) Percentage

Gender
Male 114 78.0% Programming

Skill
1 (Low) 9 6.2%

Female 32 22.0% 2 12 8.2%

Age

< 20 24 16.4% 3 27 18.5%

21–25 41 28.0% 4 (Medium) 30 20.5%

26–30 43 29.4% 5 32 21.9%

31–35 22 15.0% 6 20 13.7%

36–40 7 4.8% 7 (High) 16 11.0%

> 40 9 6.4% Tenure <  6 months 23 15.8%

Education

High School 3 2.1% 7–12 months 30 20.5%

Diploma 10 6.8% 13–18 months 55 37.7%

Bachelors 54 37.0% >18 months 38 26.0%

Masters 71 48.6% Platform iOS 78 53.4%

Doctorate 8 5.5% Android 68 46.6%

Table 3.  Descriptive Statistics, Correlations, AVE

1 2 3 4 5 6 7 8 9 10 11 12 13

1. Age 1.00

2. Gender 0.17 1.00

3. P. Skill 0.44** 0.01 1.00

4. Educ. 0.24* -0.03 0.49*** 1.00

5. Tenure 0.44** -0.13 0.61*** 0.54 1.00

6. LUSA 0.20* 0.12 0.06 -0.02 -0.04 1.00

7. LUSB 0.12 0.20 0.02 0.01 -0.08 0.40*** 1.00

8. EOE 0.29 -0.03 0.23*** 0.08 0.26 0.20 0.12 1.00

9. EXP 0.26 0.03 0.14** 0.17 0.15 0.22* 0.32* 0.39* 1.00

10. SAU 0.21 -0.14 0.11 0.05 0.27 0.07* 0.10* 0.05 -0.03 1.00

11. DAU 0.05* 0.12 -0.11 0.02 0.03 0.15** 0.22* -0.11 -0.02 0.29** 1.00

12. WAU 0.25* -0.06 0.06 0.07 0.19 0.11 0.01 0.11 0.10 0.31* 0.11* 1.00

13. QNT 0.22* 0.13 -0.02 -0.08 -0.05 0.21** 0.23* 0.47* 0.36* 0.08 0.21* 0.15* 1.00

Mean 21.95 0.73 4.71 2.45 10.9 4.35 4.52 4.95 5.22 5.33 5.30 5.17 3.20

SD 5.35 0.44 1.31 0.68 4.14 0.73 0.68 0.86 0.72 1.06 1.04 1.16 1.95

CA – – – – – 0.70 0.73 0.74 0.74 0.73 0.70 0.83 –

CR – – – – – 0.82 0.83 0.88 0.89 0.83 0.80 0.89 –

AVE – – – – – 0.62 0.65 0.77 0.80 0.63 0.60 0.75 –

Notes:  1.  – Indicates that the value is not applicable for single indicator variable
2.  Ease of Effort (EOE), Exploration (EXP), Scheduling Autonomy (SAU), Decision-Making Autonomy (DAU), Work-Method 

Autonomy (WAU), Quantity of User Service Innovation (QNT), Lead Userness (LUS)
3. Significance at *p < 0.05, **p < 0.01, ***p < 0.001
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Table 4.  Factor Analysis Results

1 2 3 4 5 6 7

Ease of Effort

EOE1 0.33 0.90 -0.11 0.31 0.06 0.02 0.06

EOE2 0.37 0.91 0.02 0.27 0.05 0.05 0.15

EOE3 0.14 0.68 0.01 0.13 0.14 0.13 0.15

Exploration
 

EXP1 0.91 0.41 0.05 0.15 0.08 0.05 0.04

EXP2 0.86 0.26 0.06 0.20 0.00 0.04 0.04

EXP3 0.69 0.20 0.12 0.14 0.01 0.05 0.11

Scheduling
Autonomy

SAU1 0.11 0.22 -0.03 0.86 0.13 0.02 0.02

SAU2 0.28 0.35 0.13 0.86 -0.04 0.04 0.01

SAU3 0.04 0.23 -0.01 0.80 0.04 0.01 0.02

Decision-
making
autonomy

DAU1 0.06 -0.06 0.96 0.08 0.26 0.22 -0.02

DAU2 0.03 -0.03 0.70 -0.08 0.11 0.10 0.12

DAU3 0.04 0.01 0.75 -0.04 0.15 0.14 0.21

Work-method
autonomy

WAU1 0.01 0.10 0.13 0.07 0.88 0.21 0.25

WAU2 0.00 0.00 0.09 0.00 0.84 0.20 0.21

WAU3 0.12 0.06 0.44 0.07 0.91 0.31 0.24

Lead Userness

LUSA1 0.02 0.01 0.10 0.28 0.11 0.50 0.85

LUSA2 0.14 0.02 0.25 0.14 0.11 0.49 0.80

LUSB1 0.11 0.28 0.19 0.02 0.24 0.79 0.43

LUSB2 0.22 0.10 0.34 0.14 0.21 0.86 0.46

Eigenvalue 3.32 2.94 2.50 2.36 1.92 1.34 1.15

Variance explained (%) 18.01 15.91 12.12 10.01 8.65 6.86 6.19

Cumulative Variance (%) 18.01 33.92 46.04 56.05 64.70 71.56 77.75

MIS Quarterly Vol. 42 No. 1/March 2018 179



Ye & Kankanhalli/User Service Innovation on Mobile Phone Platforms

Table 5.  Results of Hypotheses Testing

DV= QNT

1 2 3 (OLS) 4 (Poisson)

Age 0.14 (0.011) 0.10 (0.009) 0.06 (0.003) 0.05 (0.010)

Gender -0.02 (0.042) -0.08 (0.001) -0.10 (0.002) -0.15 (0.002)

Prog.  Skill 0.01 (0.009) 0.09 (0.006) -0.12 (0.002) -0.02 (0.008)

Education -0.05 (0.010) -0.05 (0.005) -0.05 (0.003) -0.08 (0.007)

Tenure 0.13 (0.092) 0.09 (0.006) 0.02 (0.002) 0.06 (0.005)

Platform -0.01 (0.008) -0.01 (0.005) -0.07 (0.003) -0.10 (0.012)

LUS 0.24** (0.008) 0.25** (0.005) H1supported 0.13* (0.004)

EOE 0.22* (0.007) 0.22** (0.004) H2 supported 0.12** (0.002)

EXP 0.37** (0.001) 0.34* (0.005) H3 supported 0.14* (0.004)

SAU -0.09 (0.080) -0.03 (0.028) H4 not supp. -0.05 (0.026)

DAU 0.20** (0.005) 0.21* (0.002) H5 supported 0.11* (0.003)

WAU 0.17* (0.003) 0.22* (0.003) H6 supported 0.12* (0.002)

EOE*SAU -0.08 (0.052) -0.03 (0.000)

LUS*EOE -0.05 (0.012) -0.03 (0.014)

LUS*SAU -0.04 (0.013) -0.03 (0.011)

EOE*WAU 0.17* (0.003) 0.10* (0.001)

LUS*EXP 0.02 (0.011) 0.01 (0.003)

LUS*WAU 0.01 (0.010) 0.01 (0.004)

EXP*DAU 0.08 (0.010) 0.03 (0.011)

LUS*DAU 0.03 (0.001) 0.01 (0.012)

LUS*EOE*WAU 0.09 (0.022) H7 not supp. 0.02 (0.009)

LUS*EOE*SAU 0.26* (0.003) H8 supported 0.14* (0.002)

LUS*EXP*DAU 0.20* (0.005) H9 supported 0.12* (0.002)

R2 0.10 0.37 0.61 Pseudo R2 0.14

 R2 (F Value) – 9.50*** 6.82*** Log likelihood -219.41

1. EXP– Exploration, EOE– Ease of Effort, SAU–Scheduling Autonomy, DAU–Decision-Making Autonomy, WAU– Work-Method Autonomy,
LUS– Lead Userness

2. Unstandardized regression coefficients are shown.  Robust standard errors are shown in the bracket.
3. Significance at *p # 0.05, **p # 0.01 ***p # 0.001
4. The number of observations is 146 for all the models
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Figure 2.  Interaction Plots for LUS*EOE*SAU

Figure 3.  Interaction Plots for LUS*EXP*DAU

In addition, significant interaction effects are found as per the
analysis (see Table 5).  Specifically, scheduling autonomy is
found to positively moderate the relationship between the ease
of effort and lead userness interaction and the quantity of
user’s service innovation (H8 is supported).  Also, decision-
making autonomy positively moderates the relationship
between the exploration and lead userness interaction and our
DV (H9 is supported).  However, work-method autonomy
does not moderate the relationship between the ease of effort
and lead userness interaction and the quantity of user’s
service innovation (H7 is not supported).  The results of the
Poisson regression (Model 4 in Table 5) are similar to the
OLS results in terms of the hypotheses supported.

To further interpret a three-way interaction, the relation
between one independent variable and the dependent variable
at high and low levels of one of the moderators may be
plotted in two separate graphs at high and low levels of the
other moderator (Aiken and West 1991; Jaccard and Turrisi
2003).  Such a plot allows a quick, visual indication of the
nature of an interaction effect, and the direction of the slopes
can be interpreted on the basis of face validity.  The 2 three-
way interaction hypotheses that were supported in Table 5 are
interpreted below.

For H8, Figure 2 shows the interaction between LUS and
EOE on QNT for low and high levels of SAU.  Our test
results also showed that the two-way interaction effect
(LUS*EOE) changes from 0.05 to 0.11 (T = 3.35, p < 0.01)
when going from the low SAU to the high SAU group.  The
positive change is seen in the positive sign of the three-way
interaction of LUS*EOE*SAU in Table 5.  As can be seen
from the figure, the difference in the slopes of the two lines
for low SAU increases for high SAU.  In other words, sched-
uling autonomy accentuates the interaction effect between
lead userness and ease of effort on the quantity of user’s MDS
innovation.  Furthermore, we conducted Dawson and
Richter’s (2006) slope difference test to accurately test this
hypothesis.  The results in Table A7 in Appendix A show that
slopes at high levels of ease of effort and scheduling
autonomy differed significantly from any other pair of slopes. 
Thus, H8 was supported.

For H9, Figure 3 shows the interaction between LUS and
EXP on QNT for low and high levels of DAU.  Our test
results also showed that the two-way interaction effect
(LUS*EXP) changes from -0.02 to 0.12 (T = 7.45, p < 0.001)
when going from the low DAU to the high DAU group.  The
positive change is seen in the positive sign of the three-way
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interaction of LUS*EXP*DAU in Table 5.  As can be seen
from the figure, the difference in the slopes of the two lines
for low DAU increases for high DAU.  In other words,
decision-making autonomy enhances the interaction effect
between exploration and lead userness on the quantity of
user’s MDS innovation.  Furthermore, slope difference test
results in Table A7 in Appendix A show that slopes at high
levels of exploration and decision-making autonomy differed
significantly from any other pair of slopes.  Thus, H9 was
supported.

Further, we conducted post hoc tests with innovation quality
outcome variables (popularity and radicalness) as shown in
Models 1 and 2 of Table B3 in Appendix B.  The results using
popularity as the DV are similar to the original results except
for one of the three-way interactions, whereas the results for
radicalness differ on two of the three-way interactions,
requiring further investigation in future research.  We also
conducted a post hoc test analyzing the two samples from the
iOS and Android groups separately.  Prior to that, we checked
for measurement invariance across the two samples following
Cheung and Rensvold (2002).  The results are materially
similar on the two platforms although, as we expected, the
mean values of the two IVs (i.e., EXP and DAU) are signifi-
cantly different across the two platforms (see Table A5 in
Appendix A).  As a last post hoc test, we examined the three
remaining interactions between toolkit support and design
autonomy dimensions (i.e., EXP*SAU, EOE*DAU, and
EXP*WAU), for which we did not hypothesize three-way
interactions with LUS.  As expected, they were not
significant.

Discussion and Implications

Through this study, we sought to explain how user (lead user-
ness) and platform (design autonomy and innovation toolkits)
characteristics on innovation platforms can jointly promote
user service innovation.  Specifically, we examined user’s
MDS innovation, which is a major source of innovation on
mobile phone platforms.  Our findings show that lead user-
ness and both dimensions of toolkit support (i.e., ease of
effort and exploration) positively influence the quantity of
new services created by users.  Additionally, two dimensions
of design autonomy (i.e., decision-making autonomy and
work-method autonomy) impact the quantity of new services,
but scheduling autonomy does not.  Further, there exists a
positive three-way interaction of scheduling autonomy, ease
of effort, and lead userness on the quantity of new services.
We also see a significant interaction of lead userness, explora-
tion, and decision-making autonomy on the DV.  However,
work-method autonomy does not moderate the relationship
between the ease of effort and lead userness interaction and

the DV.  In all, seven out nine  model hypotheses are sup-
ported.

Contrary to our initial hypothesis, scheduling autonomy does
not impact the quantity of user’s MDS innovation (H4 is not
supported).  While certain platform practices or rules (e.g.,
uncertainty in the time taken to review new MDS on Apple
Store) could impair scheduling autonomy, it appears that this
may not reduce the number of MDS produced, since user
innovators can adopt strategies to counteract them.  We note
that user innovators could have a few MDS projects at
different stages running concurrently, by which they can
mitigate the impact of such scheduling issues.  However,
under specific conditions of the other variables (e.g., ease of
effort saving time and enhancing the effect of lead userness),
scheduling autonomy still matters in order to utilize the time
saved productively (H8 is supported).

Further, the three-way interaction between lead userness, ease
of effort, and work-method autonomy is insignificant (H7 is
not supported).  This could be understood from the result that
the interaction effect of ease of effort and work-method
autonomy is positive (Table 5), but with the moderation of
lead userness, the overall three-way effect becomes insignifi-
cant.  When the degree of work-method autonomy is high,
ease of effort can enable user innovators to create more MDS
innovations, as they have greater freedom to choose the
procedures most suitable for them (e.g., the programming
language with which they are most familiar), but the strength
of this two-way relationship does not depend on lead user-
ness.  In other words, lead userness does not increase the
synergy between work-method autonomy and ease of effort; 
rather, it increases the opportunities for user innovation.

Theoretical Contributions

Our study offers significant theoretical contributions.  Most
importantly, it theoretically models and empirically tests the
impacts of key user (lead userness), and platform (toolkit
support and design autonomy) characteristics, on the quantity
of user service innovation.  Specifically, we are able to model
the influences of two salient aspects of innovation plat-
forms—toolkits representing the technology component and
design autonomy representing the policy component—on user
innovation behavior.  This is particularly valuable in the con-
text of MDS innovation on mobile phone platforms, which is
an emerging area with limited extant theory, and which is
differentiated from previously studied user innovation con-
texts (see the “Introduction”).  As we hypothesized, the user,
technology, and policy characteristics exhibit complex three-
way interaction effects on user innovation outcomes.
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Second, our work adds to user innovation research, where
individual characteristics have mainly been compared among
user innovators, professionals, and non-users (e.g., Magnus-
son et al. 2003, Matthing et al. 2004, Morrison et al. 2000)
and potential versus actual innovators (Kankanhalli et al.
2015), rather than studying the impact of lead userness within
user innovators as this research does.  This allows us to
robustly examine the relationship between a continuous
measure of lead userness and objective innovation outcomes
(quantity, popularity, and radicalness) for this target group.
We also extend research on user innovator characteristics in
another way.  While prior work has mainly explored the ante-
cedents and consequences of lead userness (e.g., Morrison et
al. 2000, Schreier and Prugl 2008) and suggested that the
impacts of lead userness could be affected by contextual
factors (e.g., Wellner 2015), the precise nature of these
contingencies is unclear.  Here, we explicate the conse-
quences of leader userness by uncovering its interaction
effects with specific toolkit support and design autonomy
dimensions on key innovation outcomes.

Third, we contribute significantly to innovation research on
design autonomy, which has received little research interest
until now in online and extra-organizational contexts as
compared to offline and organizational contexts (e.g., Guntert
2015).  This is a salient problem for online innovation plat-
forms as they embed rules or policies to control user
innovation (Boudreau 2012), yet obtaining a balance between
platform control and users’ design autonomy is critical for the
sustainability of such platforms (Tiwana et al. 2010).  Also,
there has been a lack of empirical study of how perceptions of
autonomy influence user innovation behavior, which we
remedy here through a natural comparison between two major
innovation platforms that vary on rules and policies (see Table
A5 in Appendix A).  Additionally, prior IS research has
mainly examined the aggregated effect of autonomy (e.g., on
turnover intention of IT personnel; Shih et al. 2011).  Our
results here show that the three dimensions of design auton-
omy act in different ways to facilitate user innovation,
supporting our position that it is valuable to model their
effects separately for a better understanding of their impact. 

Fourth, we add to research (e.g., Franke and Piller 2004)
regarding the effects of innovation toolkits on user innova-
tion.  While prior studies have examined if toolkit support in
aggregate enhances users’ satisfaction, willingness to pay for
user innovations (e.g., Franke and von Hippel 2003), and
intention to innovate (Kankanhalli et al. 2015), there is a lack
of understanding of the effect of toolkit support dimensions
(ease of effort and exploration) on actual innovation out-
comes.  Here, we uncover that toolkit support dimensions
both separately and jointly (with lead userness and specific
design autonomy dimensions) impact user innovation in terms

of quantity, popularity, and radicalness.  This also illustrates
the interdependencies among the three sets of characteristics
in influencing key innovation outcomes on mobile phone
platforms.

Practical Implications

From a pragmatic perspective, this study offers insights to
practitioners regarding the characteristics of user innovators
and the perceptions of design autonomy and innovation
toolkits in platform environments that can enhance user’s
service innovation.  First, as our findings show, identifying
and encouraging lead users (individuals with high lead user-
ness) in the user community is a valuable strategy for firms to
pursue in fostering user innovation.  While methodologies for
the lead user approach have been developed for company
teams,9 these techniques would need to be extended to online
user innovation communities.  Other than engaging individ-
uals with high lead userness to participate in MDS innovation,
our work suggests that it is also important that the user inno-
vators feel autonomous along various dimensions and obtain
toolkit support in order to produce a larger number of MDS
(and more radical or popular MDS as per our post hoc tests in
Appendix B).

Thus, second, platforms may relax the monitoring of what
kind of MDS can be created so that innovators can have more
leeway in creating the MDS apps in which they are interested.
While regulating quality, platforms may empower user inno-
vators to decide the content an MDS application intends to
deliver.  Such decision-making autonomy allows user innova-
tors to include their heterogeneous knowledge in the MDS
innovation, hence increasing the innovation quantity, radical-
ness (novelty), and popularity of MDS on these platforms.  In
this regard, Google Android’s lighter control approach of
allowing users to create mature content apps as long as they
rate the maturity appropriately seems to be preferable to
Apple iOS platform’s tight controls on app content (see Table
A5 in Appendix A).

Third, such platforms could allow user innovators to use their
own methods (e.g., using different programming languages)
for development and publishing of the MDS they are creating. 
Since such empowerment may cause some degree of techno-
logical incompatibility, platforms could provide conversion
tools to provide interoperability.  At the same time, platforms
like Apple iOS may still want to enforce certain (e.g., user
interface) guidelines to maintain the desired attributes of the
app (e.g., the look and feel) as per the firm’s strategy.  In this

9http://evhippel.mit.edu/teaching/
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way, platforms may be able to maintain a mix of providing
autonomy on some aspects of the innovation methods but not
others.

Fourth, this study finds that providing scheduling autonomy
together with ease of effort support for lead users is beneficial
to their productivity of creating MDS innovations.  Facili-
tating exploration along with decision-making autonomy is
also useful for enhancing productivity of lead users.  In this
regard, Apple iOS platform’s exploration tools are noteworthy
in providing customer information about downloads, in-app
purchases, and other analytics to support user innovation.  On
the other hand, providing both exploration capability along
with work-method autonomy may be counterproductive for
lead users as they may be overloaded by too many choice
options from both.

Limitations and Future Work

The findings of this study should be interpreted in light of its
limitations.  First, our study is restricted in its ability to make
broad generalizations by examining specific (although major)
mobile phone platforms (i.e., iOS and Android platforms), in
which users participate in all aspects of innovation.  Future
research could examine user innovation in other online
settings (e.g., brand communities for idea generation such as
Ideastorm, and crowdsourcing contests) by extending the
theoretical model.  Further, the robustness of the findings is
to some extent constrained by the sample size, which could be
expanded in future research.

Second, while this paper studied the influence of mobile
phone platform features on the outcome of user service
innovation, future work can explore the process of service
innovation.  For instance, researchers can investigate what
platform attributes influence ideation and implementation
phases in user service innovation and cause different out-
comes.  Another avenue is to apply a learning perspective to
explore the process and consequences of learning on user
service innovation behaviors.

Third, this study explores the influences of three salient sets
of antecedents (i.e., lead userness, design autonomy, and in-
novation toolkits) on use service innovation.  Future research
can examine other IT features, such as the IT artefacts sug-
gested by Yoo (2010), in the context of service innovation
and empirically test their influences on service innovation.
Other avenues could be to examine the influences of these
platform features on innovation of professional MDS
developers.  Fourth, other indicators of innovation quality
(e.g., expert ratings) and user value (e.g., customer satisfac-
tion) could be used as DVs in future research, although the

employment of an objective measure for the DV in this study
offers various advantages.  Here, it would also be useful to
compare the differences in antecedents of innovation quality
and quantity to understand how both outcomes could be
balanced.

Conclusion

Considering the importance of MDS innovations to the profit-
ability of the mobile industry, practitioners have expressed
substantial concerns about encouraging innovation behaviors
for MDS (Hong and Tam 2006).  At the same time, research
and understanding has been lacking on how firms can pro-
mote user’s MDS innovation through tools, the design
environment, and identifying characteristics of user innova-
tors.  To this end, we developed a theoretical model based on
user innovation theory and work design literature to examine
the influence of lead userness and key platform features (i.e.,
design autonomy and innovation toolkits) on the quantity of
user’s service innovation.  Our findings indicate that in addi-
tion to the direct effects of lead userness, toolkit support, and
design autonomy dimensions, these antecedents interact in
complex ways to influence user’s service innovation.  These
findings not only contribute to research on user service
innovation, but also inform practitioners on the characteristics
of user innovators and the design of platform tools and
policies to promote user’s service innovation.  

References

Ahuja, M. K., and Thatcher, J. B.  2005.  “Moving Beyond Inten-
tions and Toward the Theory of Trying:  Effects of Work
Environment and Gender on Post-Adoption Information Tech-
nology Use,” MIS Quarterly (29:3), pp. 427-460.

Aiken, L. S., and West, S. G.  1991.  Multiple Regression:  Testing
and Interpreting Interactions, Newbury Park, CA:  Sage.

Amabile, T. M.  1988.  “A Model of Creativity and Innovation in
Organizations,” Research in Organizational Behavior (10:1), pp.
123-167.

Angst, C. M., and Agarwal, R.  2009.  “Adoption of Electronic
Health Records in the Presence of Privacy Concerns:  The
Elaboration Likelihood Model and Individual Persuasion,” MIS
Quarterly (33:2), pp. 339-370.  

Apple.  2015.  “App Store Review Guidelines” https://developer.
apple.com/app-store/review/guidelines/.

Armstrong, J. S., and Overton, T. S.  1977.  “Estimating Non-
Response Bias in Mail Surveys,” Journal of Marketing Research
(14:3), pp. 396-402.

Axtell, C. M., Holman, D. J., Unsworth, K. L., Wall, T. D.,
Waterson, P. E., and Harrington, E.  2000.  “Shopfloor Innova-
tion:  Facilitating the Suggestion and Implementation of Ideas,”
Journal of Occupational and Organizational Psychology (73),
pp. 265-285.

184 MIS Quarterly Vol. 42 No. 1/March 2018



Ye & Kankanhalli/User Service Innovation on Mobile Phone Platforms

Axtell, C. M., Holman, D. J., and Wall, T. D.  2006.  “Promoting
Innovation:  A Change Study,” Journal of Occupational and
Organizational Psychology (79), pp. 509-516.

Boudreau, K.  2010.  “Open Platform Strategies and Innovation: 
Granting Access Vs. Devolving Control,” Management Science
(56:10), pp. 1849-1872.

Boudreau, K.  2012.  “Let a Thousand Flowers Bloom?  An Early
Look at Large Numbers of Software App Developers and
Patterns of Innovation,” Organization Science (23:5), pp.
1409-1427.

Boudreau, K., and Hagiu, A.  2009.  “Platforms Rules:  Multi-Sided
Platforms as Regulators,” in Platforms, Markets and Innovation,
A.  Gawer (ed.), London:  Edward Elgar, pp. 163-191.

Boudreau, K., and Lakhani, K. R.  2009.  “How to Manage Outside
Innovation,” Sloan Management Review (50:4), pp. 69-76.

Boudreau, K., Lakhani, K., and Lacetera, N.  2011.  “Incentives and
Problem Uncertainty in Innovation Contests:  An Empirical
Analysis,” Management Science (57:5), pp. 843-863.

Breaugh, J. A.  1999.  “Further Investigation of the Work Autonomy
Scales:  Two Studies,” Journal of Business and Psychology
(13:3), pp. 357-377.

Brown, S. A., Dennis, A. R., and Venkatesh, V.  2010.  “Predicting
Collaboration Technology Use:  Integrating Technology Adop-
tion and Collaboration Research,” Journal of Management
Information Systems (27:2), pp. 9-54.

Burrows, P.  2010.  “Apple vs.  Google:  How the Battle Between
Silicon Valley’s Superstars Will Shape the Future of Mobile
Computing,” BusinessWeek (http://www.businessweek.com/
magazine/content/10_04/b4164028483414.htm).

Carbonell, P., Rodriguez-Escudero, A. I., and Pujari, D.  2009. 
“Customer Involvement in New Service Development:  An
Examination of Antecedents and Outcomes,” Journal of Product
Innovation Management (26:5), pp. 536-550.

Cheung, G. W., and Rensvold, R. B.  2002.  “Evaluating Goodness-
of-Fit Indexes for Testing Measurement Invariance,” Structural
Equation Modeling (9:2), pp. 233-255.

Chin, W. W., Marcolin, B. L., and Newsted, P. R.  2003.  “A Partial
Least Squares Latent Variable Modeling Approach for Measuring
Interaction Effects:  Results from a Monte Carlo Simulation
Study and an Electronic-Mail Emotion/Adoption Study,” Infor-
mation Systems Research (14:2), pp. 189-217.

Chow, G. C.  1960.  “Tests of Equality Between Sets of Coefficients
in Two Linear Regressions”.  Econometrica (28:3), pp. 591-605.

Chung-Yan, G. A.  2010.  The Nonlinear Effects of Job Complexity
and Autonomy on Job Satisfaction, Turnover, and Psychological
Well-Being,” Journal of Occupational Health Psychology (15:3),
pp. 237-251.

Cohen, J.  1988.  Statistical Power Analysis for the Behavioral
Sciences (2nd ed.), Hillsdale, NJ:  Lawrence Erlbaum Associates.

Dawson, J. F., and Richter, A. W.  2006.  “Probing Three-Way
Interactions in Moderated Multiple Regression:  Development
and Application of a Slope Difference Test,” Journal of Applied
Psychology (91:4), pp. 917-926.

Davis, F., Bagozzi, R., and Warshaw, P.  1989.  “User Acceptance
of Computer Technology:  A Comparison of Two Theoretical
Models,” Management Science (35:8), pp. 982-1003.

De Jong, J. P. J., Parker, S. K., Wennekers, S.  and Wu, C.  2011. 
“Corporate Entrepreneurship at the Individual Level:  Measure-

ment and Determinants,” SCientific AnaLysis of Entrepre-
neurship and SMEs EMI Research Report No. H201108.

Di Gangi, P. M., and Wasko, M.  2009.  “Steal My Idea!  Organi-
zational Adoption of User Innovations from a User Innovation
Community:  A Case Study of Dell Ideastorm,” Decision Support
Systems (48:1), pp. 303-312.

Ebner, W., Leimeister, J. M., and Krcmar, H.  2009.  “Community
Engineering for Innovations:  The Ideas Competition as a Method
to Nurture a Virtual Community for Innovations,” R&D
Management (39:4), pp. 342-356.

Eisenmann, T., Parker, G., and van Alstyne, M.  2006.  ‘Strategies
for Two-Sided Markets,” Harvard Business Review (84:10), pp.
1-10.  

Faullant, R., Schwarz, E. J., Krajger, I., and Breitenecker, R. J. 
2012.  “Towards a Comprehensive Understanding of Lead User-
ness:  The Search for Individual Creativity,” Creativity and Inno-
vation Management (21:1), pp. 76-92.

Fichman, R.G.  2004.  “Going Beyond the Dominant Paradigm for
Information Technology Innovation Research:  Emerging Con-
cepts and Methods,” Journal of Association for Information
Systems (5:8), pp. 314-355.

Franke, N., and Piller, F. T.  2004.  “Value Creation by Toolkits for
User Innovation and Design:  The Case of the Watch Market,”
Journal of Product Innovation Management (21:6), pp. 401-415.

Franke, N., and von Hippel, E.  2003.  “Satisfying Heterogeneous
User Needs via Innovation Toolkits:  The Case of Apache
Security Software,” Research Policy (32:7), pp. 1199-1215.

Franke, N., von Hippel, E., and Schreier, M.  2006.  “Finding
Commercially Attractive User Innovations:  A Test of Lead-User
Theory,” Journal of Product Innovation Management (23:4), pp.
301-315.

Fuller, J. B., Marler, L. E., and Hester, K.  2006.  “Promoting Felt
Responsibility for Constructive Change and Proactive Behavior: 
Exploring Aspects of an Elaborated Model of Work Design,”
Journal of Organizational Behavior (27:8), pp. 1089-1120.

Gagne, M., and Deci, E.  2005.  “Self-Determination Theory and
Work Motivation,” Journal of Organizational Behavior (26:4),
pp. 331-362.

Grant, A. M., and Parker, S. K.  2009.  “Redesigning Work Design
Theories:  The Rise of Relational and Proactive Perspectives,”
The Academy of Management Annals (3:1), pp. 317-375.  

Greenberg, E.  1994.  “The Importance of Autonomy in Encour-
aging Creativity:  Managerial Implications from a Study in
Fashion Design,” Creativity and Innovation Management (3:3),
pp. 167-176.

Güntert, S. T.  2015.  “The Impact of Work Design, Autonomy
Support, and Strategy on Employee Outcomes:  A Differentiated
Perspective on Self-Determination at Work,” Motivation and
Emotion (39), pp. 74-87.

Gupta, S.  2013.  “For Mobile Devices, Think Apps, Not Ads,”
Harvard Business Review (91:2), pp. 71-75.

Hackman, J. R., and Oldham, G. R.  1980.  Work Redesign, 
Reading, MA:  Addison-Wesley

Hair, J. F., Black, W. C., Babin, B. J., Anderson, R. E., and Tatham,
R. L.  2006.  Multivariate Data Analysis (6th ed.), Upper Saddle
River, NJ:  Pearson Education.

MIS Quarterly Vol. 42 No. 1/March 2018 185



Ye & Kankanhalli/User Service Innovation on Mobile Phone Platforms

Harker, M., and Taheri, B.  2011.  “Marketing Applications:  From
Angry Birds to Happy Marketers,” paper presented at the
Academy of Marketing Conference, Liverpool, UK.

Henseler, J., and Fassott, G.  2010.  “Testing Moderating Effects in
PLS Path Models:  An Illustration of Available Procedures,” in 
Handbook of Partial Least Squares:  Concepts, Methods and
Applications, V. Esposito Vinzi, W, W, Chin, J. Henseler, H.
Wang (eds.), New York:  Springer, pp. 713-735.

Herstatt, C., and Hippel, E.  1992.  “From Experience:  Developing
New Product Concepts via the Lead User Method:  A Case Study
in a ‘Low-Tech’ Field,” Journal of Product Innovation
Management (9:3), pp. 213-221

Hong, S., and Tam, K. Y.  2006.  “Understanding the Adoption of
Multipurpose Information Appliances:  The Case of Mobile Data
Services,” Information Systems Research (17:2), pp. 162-179.

Hsieh, J J. P. A., Rai, A., and Xu, S. X.  2011.  “Extracting Business
Value from IT:  A Sense-making Perspective of Post-Adoptive
Use,” Management Science (57 :11), pp. 2018-2039.

Hughes, J.  2011.  iPhone & iPad Apps Marketing, Indianapolis, IN: 
QUE Publishing.

Im, S., Bayus, B. L., and Mason, C. H.  2003.  “An Empirical Study
of Innate Consumer Innovativeness, Personal Characteristics, and
New-Product Adoption Behavior,” Journal of the Academy of
Marketing Science (31:1), pp. 61-72.

Jaccard, J., and Turrisi, R.  2003.  Interaction Effects in Multiple
Regression, Thousand Oaks, CA:  Sage.  

Jeppesen, L. B., and Laursen, K.  2009.  “The Role of Lead Users in
Knowledge Sharing,” Research Policy (38:10), pp. 1582-1589.

Kankanhalli, A., Ye, H. J., and Teo, H. H.  2015.  “Comparing
Potential and Actual Innovators:  An Empirical Study of Mobile
Data Services Innovation,” MIS Quarterly (39:3), pp. 667-682.

Kim, B.  2010.  “An Empirical Investigation of Mobile Data Service
Continuance:  Incorporating the Theory of Planned Behavior into
the Expectation-Confirmation Model,” Expert Systems with
Applications (37:10), pp. 7033-7039.

Kim, J., Park, Y., and Lee, H.  2012.  “Using Case-Based Reasoning
to New Service Development from User Innovation Community
in Mobile Application Services,” World Academy of Science,
Engineering and Technology (6:12), pp. 1076-1079.

Kossek, E., and Michel, J.  2010.  “Flexible Work Schedules,” in
APA Handbook of Industrial-Organizational Psychology (Volume
1:  Building and Developing the Organization), S. Zedeck (ed.),
Washington, DC:  American Psychological Association, pp.
535-72.

Kratzer, J., and Lettl, C.  2008.  “A Social Network Perspective of
Lead Users and Creativity:  An Empirical Study among Child-
ren,” Creativity and Innovation Management (17:1), pp. 26-36.

Lee, S., Shin, B., and Lee, H. G.  2009.  “Understanding Post-
Adoption Usage of  Mobile Data Services:  The Role of Supplier-
Side Variables,” Journal of the Association for Information
Systems (10:12), pp. 860-888.

Leimeister, J. M., Österle, H., and Alter, S.  2014.  “Digital Services
for Consumers,” Electronic Markets (24:4), pp. 255.

Lewis, M. W., Dehler, G. E., and Green, S. G.  2002.  “Product
Development Tensions:  Exploring Contrasting Styles of Project
Management,” Academy of Management Journal (45:3), pp.
546-564.

Lilien, G., Morrison, P. D., Searls, K., Sonnack, M., and von Hippel,
E.  2002.  “Performance Assessment of the Lead User Generation
Process for New Product Development,” Management Science
(48:8), pp. 1042-1059.  

Lopes, M.  2014.  “U.S.  Mobile Data Revenue Surpasses Voice Call
Revenue:  Analyst,” Reuters (http://www.reuters.com/article/
2 0 1 4 / 0 3 / 1 3 / u s - u s a - m o b i l e p h o n e - d a t a -
idUSBREA2C24J20140313).

Lusch, R. F., Vargo, S. L., and O’Brien, M.  2007.  “Competing
Through Service:  Insights from Service-Dominant Logic,”
Journal of Retailing (83:1), pp. 5-18.

Magnusson, P. R., Matthing, J., and Kristensson, P.  2003. 
“Managing User Involvement in Service Innovation,” Journal of
Service Research (6:2), pp. 111-124.

Manner, J., Nienaber, D., Schermann, M., Krcmar, H.  2013.  “Six
Principles for Governing Mobile Platforms,” Wirtschafts-
informatik Proceedings, Paper 86.

Matthing, J., Kristensson, P., Gustafsson, A., and Parasuramsan, A. 
2006.  “Developing Successful Technology-Based Services:  The
Issue of Identifying and Involving Innovative Users,” Journal of
Services Marketing (20:5), pp. 288-297.

Matthing, J., Sanden, B., and Edvardsson, B.  2004.  “New Service
Development:  Learning From and With Customers,” Inter-
national Journal of Service Industry Management (15:5), pp.
479-498.

Menor, L. J., and Roth, A. V.  2007.  “New Service Development
Competence in Retail Banking:  Construct Development and
Measurement Validation,” Journal of Operations Management
(25:4), pp. 825-846.

Moon, M., and Bui, Q.  2010.  “How to Make Iphone Apps with No
Programming Experience,” Free the Apps (http://www.amazon.
com/kindle-storef/dp/B003TXS11U).

Morgeson, F. P., and Humphrey, S. E.  2006.  “The Work Design
Questionnaire (WDQ):  Developing and Validating a Compre-
hensive Measure for Assessing Job Design and the Nature of
Work,” Journal of Applied Psychology (91:6), pp. 1321-1339.

Morris, M. G.  and Venkatesh, V.  2010.  “Job Characteristics and
Job Satisfaction:  Understanding the Role of Enterprise
Resource,” MIS Quarterly (34:1), pp. 143-161.

Morrison, P. D., Roberts, J. H., and von Hippel, E.  2000.  “Deter-
minants of Innovation and Innovation Sharing in Local Markets,”
Management Science (46:12), pp. 1513-1527.

Ordanini, A., and Parasuraman, A.  2011.  “Service Innovation
Viewed  Through a Service Dominant Logic Lens:  A Conceptual
Framework and Empirical Analysis,” Journal of Service
Research (14:1), pp. 3-23.

Parker, S. K., Wall, T. D., and Cordery, J. L.  2001.  “Future Work
Design Research and Practice:  Towards an Elaborated Model of
Work Design,” Journal of Occupational and Organizational
Psychology (74:4), pp. 413-440.

Petter, S., Straub, D. W., and Rai, A.  2007.  “Specifying Formative
Constructs in Information Systems Research,” MIS Quarterly
(31:4), pp. 623-656.  

Podsakoff, P. M., MacKenzie, S., Lee, J. Y., and Podsakoff, N. P. 
2003.  “Common Method Biases in Behavioral Research:  A
Critical Review of the Literature and Recommended Remedies,”
Journal of Applied Psychology (88:5), pp. 879-903.

186 MIS Quarterly Vol. 42 No. 1/March 2018



Ye & Kankanhalli/User Service Innovation on Mobile Phone Platforms

Randall, T., Terwiesch, C., and Ulrich, K. T.  2005.  “Principles for
User Design of Customized Products,” California Management
Review (47:4), pp. 68-85.

Roztocki, N.  2001.  “Using Internet-Based Surveys for Academic
Research:  Opportunities and Problems,” in Proceedings of the
2001 American Society of Engineering Management National
Conference, Huntsville, AL, pp. 290-295. 

Schreier, M.,and Prügl, R.  2008.  “Extending Lead User Theory: 
Antecedents and Consequences of Consumers’ Lead Userness,”
Journal of Product Innovation Management (25:4), pp. 331-346.

Schuhmacher, M. C.  and Kuester, S.  2012.  “Identification of Lead
User Characteristics Driving the Quality of Service Innovation
Ideas,” Journal of Creativity and Innovation Management (21:4),
pp. 427-442.

Shah, S. K., Winston Smith, S., and Reedy, E. J.  2012.  “Who Are
User Entrepreneurs?  Findings on Innovation, Founder Charac-
teristics, and Firm Characteristics,” The Kauffman Firm Survey,
Kansas City, MO.

Shih, S. P., Jiang, J. J., Klein, G., and Wang, E.  2011.  “Learning
Demand and Job Autonomy of IT Personnel:  Impact on Turn-
over Intention,” Computers in Human Behavior (27:6), pp.
2301-2307.

Silver, M. S.  1991.  “Decisional Guidance for Computer-Based
Decision Support,” MIS Quarterly (15:1), pp. 105-122

Statista.  2016.  Worldwide Mobile App Revenues 2015-2020
(http://www.statista.com/statistics/269025/worldwide-mobile-
app-revenue-forecast/).

Straub, D., Boudreau, M., and Gefen, D.  2004.  “Validating
Guidelines for IS Positivist Research,” Communications of the
Association for Information Systems (13:24), pp. 380-427.

Sun, H.  2012.  “Understanding User Revisions When Using Infor-
mation System Features:  Adaptive System Use and Triggers,”
MIS Quarterly (36:  2), pp. 453-478.

Tiwana, A., Konsynski, B., and Bush, A. A.  2010.  “Platform
Evolution:  Coevolution of Platform Architecture, Governance,
and Environmental Dynamics,” Information Systems Research
(21:4), pp. 675-687.

Urban, G., and von Hippel, E.  1988.  “Lead User Analyses for the
Development of New Industrial Products,” Management Science
(35), pp. 569-582.  

Von Hippel, E.  1986.  “Lead Users:  A Source of Novel Product
Concepts,” Management Science (32:7), pp. 791-805.

Von Hippel, E.  2005.  Democratizing Innovation, Cambridge, MA:
MIT Press.

Von Hippel, E., and Katz, R.  2002.  “Shifting Innovation to Users
Via Toolkits,” Management Science (48:7), pp. 821-833.

Wang, A. C., and Cheng, B. S.  2010.  “When Does Benevolent
Leadership Lead to Creativity?  The Moderating Role of Creative
Role Identity and Job Autonomy,” Journal of Organizational
Behavior (31:1), pp. 106-121.

Wellner, K.  2015.  User Innovators in the Silver Market:  An
Empirical Study on Camping Tourists, Hamburg:  Springer
Gabler.

Wolfe, R. A.  1994.  “Organizational Innovation:  Review, Critique
and Suggested Research Directions,” Journal of Management
Studies (31:3) pp. 405-431.

Ye, H., and Kankanhalli, A.  2013.  “Leveraging Crowdsourcing for
Organizational Value Co-Creation,” Communications of the
Association for Information Systems (33:13), pp. 225-244.  

Ye, H., Kankanhalli, A., Goh, K.Y., and Sun, J.  2011.  “Investi-
gating Value Co-Creation in Innovation of IT-Enabled Services: 
An Empirical Study of Mobile Data Services,” in Proceedings of
the 30th International Conference on Information Systems,
Shanghai, China.

Yoo, Y.  2010.  “Computing in Everyday Life:  A Call for Research
on Experiential Computing,” MIS Quarterly (34:2), pp. 213-231.

Zhou, J.  1998.  “Feedback Valence, Feedback Style, Task Auton-
omy, and Achievement Orientation:  Interactive Effects on Crea-
tive Performance,” Journal of Applied Psychology (83:2), pp.
261-276.

About the Authors

Hua (Jonathan) Ye is a senior lecturer in the Department of Infor-
mation Systems and Operations Management at the University of
Auckland.  He obtained his Ph.D. from the National University of
Singapore.  His research interests are in IT-enabled open innovation,
service innovation, and crowdsourcing.  His research has been pub-
lished in MIS Quarterly, Journal of Strategic Information Systems,
Information and Management, Electronic Commerce and Research
Applications, Computers in Human Behavior, and Communications
of the AIS.  His research has also appeared in the proceedings of
premium IS conferences such as the International Conference on
Information Systems, the European Conference on Information
Systems, the Pacific Asia Conference in Information Systems, and
the Hawaii International Conference on System Sciences.  Jonathan
is currently serving as an associate editor for Electronic Commerce
and Research Applications and on the Editorial Review Board of
IEEE Transactions on Engineering Management.  He serves or has
served on several information systems conference committees.

Atreyi Kankanhalli is a professor in the Department of Information
Systems and Analytics at the National University of Singapore.  She
obtained her B. Tech. from IIT Delhi, M.S. from Rensselaer
Polytechnic Institute, and Ph.D. from the National University of
Singapore.  She has been a visiting scholar at the University of
California Berkeley, and the London School of Economics.  She has
considerable work experience in industrial R&D and has consulted
for organizations including World Bank and Bosch.  Her research
interests pertain to online communities and collaboration, IT innova-
tion, and adoption (particularly in e-government and healthcare). 
Her work has appeared in MIS Quarterly, Information Systems
Research, Journal of Management Information Systems, Journal of
the American Society for Information Science and Technology, IEEE
Transactions on Engineering Management, Communications of the
ACM, International Journal of Human–Computer Studies, and the
proceedings of the International Conference on Information Sys-
tems, among others.  She serves or has served on several information
systems conference committees and on the editorial boards of
journals including MIS Quarterly, Information Systems Research
and Journalof the Association for Information Systems.  She has
received the ACM SIGMIS Best Doctoral Dissertation Award and
the IBM Faculty Award among other honors.

MIS Quarterly Vol. 42 No. 1/March 2018 187



188 MIS Quarterly Vol. 42 No. 1/March 2018



RESEARCH ARTICLE

USER SERVICE INNOVATION ON MOBILE PHONE
PLATFORMS:  INVESTIGATING IMPACTS OF LEAD

USERNESS, TOOLKIT SUPPORT,
AND DESIGN AUTONOMY

Hua (Jonathan) Ye
Department of Information Systems and Operations Management, The University of Auckland Business School,

12 Grafton Road, Auckland 1142, NEW ZEALAND  {hua.ye.nus@gmail.com}

Atreyi Kankanhalli
Department of Information Systems and Analytics, National University of Singapore, 13 Computing Drive,

SINGAPORE 117417   {atreyi@comp.nus.edu.sg}

Appendix A

Additional Tables

Table A1.  Definitions of Platforms Related to IT in Previous Literature

Study Term Definition

Boudreau and
Hagiu (2009)

Multisided
platform,
e.g.  App
store

Platforms are products, services, or technologies that serve as foundations upon which
other parties can build complementary products, services, or technologies 
A multisided platform is both a platform and a market intermediary.  Distinct groups of
consumers and “complementors” interact through multisided platforms.  

Boudreau
(2012)

Handheld
computer
platforms

Computer platforms are a particular type of multisided platforms, which support
interactions across multiple sets of actors and can facilitate technical development. 
Network effects result from a large number of independent software producers creating
applications.

Ceccagnoli et
al. (2012)

Platform A platform refers to the components used in common across a product family whose
functionality can be extended by applications

Fichman
(2004)

IT platform An IT platform is broadly defined as a general-purpose technology that enables a family of
applications and related business opportunities.  This includes computing platforms (e.g.,
Palm OS), infrastructure platforms (e.g., wireless networking), software development
platforms (e.g., Java), and enterprise application platforms (e.g., ERP).

Tiwana et al.
(2010)

Software
based
platform

Software based platform is the extensible codebase of a software-based system that
provides core functionality shared by the modules that interoperate with it and the interfaces
through which they interoperate.  Module is an add-on software subsystem that connects to
the platform to add functionality to it (e.g., iOS apps, modular innovation).  the collection of
the platform and the modules specific to that platform as that platform’s ecosystem .
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Table A2.  Previous Research Related to IT Platform Level Innovation

Focus Study Constructs Method Key Findings

Producer/
Innovator
and Task
Features

Boudreau
et al.
(2011)

Independent variables
• Number of competitors
• Problem uncertainty

Dependent variable:
• Innovation performance 

Field data from 645
software innovation
contests in Topcoder
from 2001 to 2007

Unit of Analysis:
• Software contest

• More competitors will improve the
average innovation performance of the
contest

• More competitors enhance contest
innovation performance for highly
uncertain problems

Producer/
Innovator
Features 

Boudreau
(2012)

Independent variables
• Number of producers
• Producer diversity and

heterogeneity

Dependent variables
• Application variety on

the platform
• Individual producers’

scope 
• Time to new version

Field data from
application producers
on leading handheld
computer platforms
from 1999 to 2004
 
Unit of Analysis:  
• Producer level (5994

producers)
• Platform level (393

platform-months)

• Number of producers will increase variety
of application titles on the platform

• Heterogeneity and diversity of producers
and the number of producers on the
platform enhance the scope of individual
producers

• The number of producers  who produce
the same type of applications increases
the time for producers to develop a new
version

Platform
Features

Boudreau
and
Hagiu
(2009)

• Platform regulation on
multisided platforms

Case studies of digital
(Facebook, Topcoder)
and non-digital
(Roppongi Hills,
Harvard Business
School) platforms

•  Platform regulation involved using
strategic instruments, i.e., legal,
technological, informational and others
(along with price setting) to implement
desired outcomes.  The outcomes were
to minimize costs associated with a range
of externalities, complexity, uncertainty,
asymmetric information and coordination
problems

• The regulatory role played in these cases
by multisided platforms was pervasive
and at the core of their business models

Boudreau
(2010)

Independent variables
• Granting access vs. 

devolving control

Dependent variable
• Number of new devices

developed

Using data on 21
handheld computing
systems from 1990 to
2004

Unit of Analysis:
 • Platform level

• Granting greater levels of access to
independent hardware developer firms
accelerated the development of new
handheld devices by up to five times

• Where operating system platform owners
went further to give up control (beyond
just granting access to their platforms)
the incremental effect on new device
development was still positive but an
order of magnitude smaller

Tiwana et
al. (2010)

• Platform architecture
• Platform governance
• Environmental

dynamics

Conceptual • Platform architecture, governance, and
environmental dynamics affect innovation
on platforms and platform evolution
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Table A3.  Previous Empirical Service Innovation Research at User Level (Studies arranged by date
within each category)

Focus Study Constructs Method Key Findings

User
characteristics

Morrison et
al. (2000)

Independent variables 
• Leading-edge status
• In-house technical capabilities

Dependent variable
• Probability of user innovation

behavior

Survey of 122 users
of library information
systems OPAC

Leading-edge status and in-
house technical capabilities
positively affect user
innovation behavior

Matthing et
al. (2006)

Independent variable 
• Technology readiness

Dependent variables
• Propensity to adopt new tech-

based services
• Seek new tech and solve

related problems 
• Willingness to participate in

new tech-based service dev.
• Fluency (# of ideas)
• Flexibility (# of distinct

categories of ideas)
• Originality 

Survey of 1,004
Swedish users of
telecom services,
followed by experi-
ment with 52 users 

Technology readiness is
positively related to propen-
sity to adopt new tech-based
services, actively seek new
technologies and solve prob-
lems related to them, and be
willing to participate in new
technology-based service
development 

Potential “lead users,” are
capable of generating a
large, diverse and original set
of new service ideas

Kratzer and
Lettl (2008)

Independent variable 
• Betweenness centrality 

Dependent variables
• Lead userness
• Creativity

Experiment with 366
children in 16 school-
groups to develop
ideas on improving an
online application,
“CineKidStudio,” for
their personal use 

Betweenness centrality
positively affects the lead
userness and creativity of
children

Innovation
Toolkit
Features

Franke and
von Hippel
(2003)

Independent variables
• Heterogeneity of user needs
• Innovation toolkits

Dependent variables
• User innovation
• User satisfaction

Survey of 131
individual users for
open source Apache
security software 

 (no regression) 

Innovation toolkits can better
serve heterogeneous needs

Heterogeneous needs lead
users to customize their
software

User who customize their
software with the help of
innovation toolkits are more
satisfied than those who do
not customize
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Table A3.  Previous Empirical Service Innovation Research at User Level (Continued) (Studies arranged
by date within each category)

Focus Study Constructs Method Key Findings

User
Characteristics
and Innovation
Toolkit
Features

Kankanhalli
et al (2015)

Independent variables
• Trend leadership
• Anticipated enjoyment
• Anticipated extrinsic reward
• Anticipated recognition
• Toolkit support
• Potential vs. Actual innovator

Dependent variable
• Intention to innovate

Survey of 111
potential and 101
actual users for MDS
applications

Trend leadership and
anticipated extrinsic reward
influence both potential and
actual user innovators’
intentions to innovate 
Anticipated recognition and
toolkit support affect only
actual user innovators 

Anticipated enjoyment affects
only potential user innovators
Toolkit support strengthens
the influence of anticipated
enjoyment for actual user
innovators but weakens its
influence for potential user
innovators

Potential user innovators
value anticipated extrinsic
rewards less than actual
innovators do

Table A4.  Mapping Toolkit Support and Design Autonomy into Innovation Phases

Innovation Phases

Idea Generation Idea Implementation

Toolkit Support Exploration Ease of Effort

Design Autonomy Decision-making autonomy Work-method autonomy
Scheduling Autonomy
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Table A5.  Comparison between Android and IOS Platforms

iOS Android

Mean
(Android: 

iOS) p-value

Decision-
making
autonomy

• Need to pay $99 per year for the
base developer program that allows
access to iOS SDK and the right to
publish in Apple’s app store

• App Store Review Guidelines  have
many restrictions on type/ content of
apps that can be created (e.g.,
violent or adult content) (https://
developer.apple.com/app-
store/review/guidelines/)

• There is a one-time fee of $25 for
Google Play developers

• Apps that contain certain objection-
able content are not permitted in
Google Play at lower maturity rating
but are allowed if the maturity rating
is high (https://
support.google.com/googleplay/
androiddeveloper/answer/188189?h
l=en)

5.21:  4.13 0.001

Scheduling
autonomy

• Scheduling of app release is con-
strained by how long the review
process by Apple takes and
revisions if the app is rejected 

• Quick and mainly automated app
review process, but  app may be
removed and developer account
may be terminated for policy viola-
tions (https://play.google.com/
about/ enforcement.html#
enforcement-process)

5.41:  4.88 0.23

Work-
method
autonomy

• Development environment on Mac
• Programming language:  C, C++,

Objective C, Swift
• Apple has design and interface

guidelines that apps must use the
same basic UI elements

• Must publish and download the apps
via App Store

• More tablets, more commercial
infrastructure (e.g., payment
processing)

• Can develop apps anywhere since
Android SDK available for
Windows, Linux, Mac

• Programming language:  C, C++,
Java

• No enforced UI guidelines
• Can distribute apps openly (http://

developer.android.com/distribute/
tools/open-distribution.html)

• Less tablets, slower in introducing
payment processing, etc.

5.27:  5.31 0.75

Ease of
effort

• Xcode with iOS SDK is relatively
easy to use

• App configuration is complex
• Simulator is fast and responsive
• Relatively mature SDK, stable API
• Difficult to publish app

• Eclipse IDE with SDK is unwieldy,
Android Studio (in Beta) is better

• Easier app permissions
• Emulator is slower and can fail
• Changes in environment
• Different hardware manufacturers

use different OS versions
• Easy to publish app

5.10:  4.95 0.37

Exploration • Provides app creators tools to
explore existing applications in the
market

• Provides analytics, i.e., downloads
for free and paid apps, in-app
purchases, updates, information
available per country

• Provides app creators tools to
explore existing applications in the
market

• Provides information of current and
total installs

4.97:  5.75 0.01
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Table A6.  Item Weights for LUS

LUS
LUSA (Ahead of Trend) 0.58***

LUSB (Unmet Needs) 0.52***

***p < 0.001

Table A7.  Slope Difference Test Results

Pairs of Slopes t-value df

∆EOE high, SAU high/ EOE high, SAU low 2.14* 122

∆EOE high, SAU high/ EOE low, SAU high 2.85** 122

∆EOE high, SAU high/ EOE low, SAU low 3.01*** 122

∆EXP high, DAU high/ EXP high, DAU low 3.45*** 122

∆EXP high, DAU high/ EXP low, DAU high 2.88** 122

∆EXP high, DAU high/ EXP low, DAU low 8.12*** 122

Significance at *p # 0.05, **p # 0.01 ***p # 0.001

Appendix B

Post Hoc Tests for Alternate DVs

Various definitions and indicators of innovation quality have been proposed in the literature.  Typical indicators include the novelty, feasibility
(producibility), and user value of the innovation1 (e.g., Magnusson et al. 2003; Matthing et al. 2004).  In our study context, the feasibility
indicator is less relevant since we are considering MDS applications that have already been created by user innovators.  Rather, novelty and
user value are considered relevant to MDS innovation quality here.  Novelty or radicalness of the innovation has been noted as an important
quality indicator in several studies (Magnusson et al. 2003; Matthing et al. 2004) and will be included in our post hoc analysis.  Additionally,
customer downloads (popularity) as an indicator of potential user value and quality of the MDS application, especially for the paid apps (Liu
et al. 2012), is evaluated in our post hoc analysis.  This also aligns with previous work in OSS where downloads are often used as measures
of user value (Crowston et al. 2006).

Table B1.  Coding Schemes for Popularity and Radicalness 

Number of Downloads
Shown in Websites Popularity

Related Apps Available in the
Market Radicalness

<50 1 >10 1

50-100 2 9-10 2

100-500 3 7-8 3

500-1000 4 5-6 4

1000-5000 5 3-4 5

5000-10000 6 1-2 6

10000-50000 7 0 7

50000-250000 8

>250000 9

 

1Other indicators of innovation quality are based on expert evaluations or user outcomes such as user satisfaction.  However these data were not available in this
study.
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For MDS applications innovation quality, popularity was measured by the number of downloads (Ye et al. 2011).  Since a user innovator is

the unit of analysis, we computed the popularity of their service innovation by the average score of , where n is the total( )1
1n

D
Ti

n
i

i=



number of applications a respondent has developed,  Di is the number of downloads of i application, Ti is the number of months since  i
application has been published.  To obtain the number of downloads Di for each MDS application developed by a respondent, we mined archival
data from the platforms.  This was done by searching for the “publishers” name provided by the respondent and averaging the number of
downloads from their applications created as per the formula given above.  Since the Android and iOS platforms in our study indicate the
downloads of each application in an ordinal way (see column 1 of Table B1), we followed established data coding principles (De Vaus 2002)
to code the number of downloads using the scheme shown in Table B1.  Such nonlinear coding schemes have been found useful for assessing
number of downloads in previous studies (Fershtman and Gandal 2011).  The platforms also indicate the number of related apps available in
the market for each MDS app.  We used this information to measure radicalness (see Table B1), that was averaged for each user innovator. 
Both popularity and radicalness variables were collated 3 months after the survey and used for our post hoc analysis, as indicators of innovation
quality.

Table B2.  Descriptive Statistics and Correlations

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

1. Age 1.00

2. Gender 0.17 1.00

3. P. Skill 0.44** 0.01 1.00

4. Educ. 0.24* -0.03 0.49*** 1.00

5. Tenure 0.44** -0.13 0.61*** 0.54 1.00

6. LUSA 0.20* 0.12 0.06 -0.02 -0.04 1.00

7. LUSB 0.12 0.20 0.02 0.01 -0.08 0.40*** 1.00

8. EOE 0.29 -0.03 0.23*** 0.08 0.26 0.20 0.12 1.00

9. EXP 0.26 0.03 0.14** 0.17 0.15 0.22* 0.32* 0.39* 1.00

10. SAU 0.21 -0.14 0.11 0.05 0.27 0.07* 0.10* 0.05 -0.03 1.00

11. DAU 0.05* 0.12 -0.11 0.02 0.03 0.15** 0.22* -0.11 -0.02 0.29** 1.00

12. WAU 0.25* -0.06 0.06 0.07 0.19 0.11 0.01 0.11 0.10 0.31* 0.11* 1.00

13. QNT 0.22* 0.13 -0.02 -0.08 -0.05 0.21** 0.23* 0.47* 0.36* 0.08 0.21* 0.15* 1.00

14. Popu. 0.24* 0.04 0.18 0.01 0.25* 0.23* 0.18* 0.45* 0.38* 0.10 0.25** 0.35** 0.35*** 1.00

15. Rad. 0.05 -0.03 -0.11 -0.05 -0.16 0.21* 0.30* 0.07 0.30* 0.07 0.16* 0.17* 0.06 0.16* 1.00

Mean 21.95 0.73 4.71 2.45 10.9 4.35 4.52 4.95 5.22 5.33 5.30 5.17 3.20 2.91 3.91

SD 5.35 0.44 1.31 0.68 4.14 0.73 0.68 0.86 0.72 1.06 1.04 1.16 1.95 0.67 1.22

Notes: 1. Indicates that the value is not applicable for single indicator variable

2. Significance at *p < 0.05, **p < 0.01, ***p < 0.001

We post hoc test innovation quality outcome variables (popularity and radicalness).  Correlations and descriptive statistics are shown in Table
B2 and the regression results are shown in Models 1 and 2 of Table B3.  The results using popularity as DV are similar to the original results
except for one of the three-way interactions, whereas the results for radicalness differ on two of the three-way interactions, requiring further
investigation in future research.
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Table B3.  Post Hoc Test Results for Alternate DVs

Model 1 (DV = Popularity) Model 2 (DV = Radicalness)

Age 0.05 (0.004) 0.05 (0.008)

Gender -0.14 (0.005) -0.08 (0.008)

Prog. Skill -0.02 (0.02) 0.03 (0.000)

Education -0.01 (0.001) -0.13 (0.001)

Tenure -0.30 (0.11) 0.08 (0.010)

Platform 0.10 (0.009) 0.10 (0.011)

LUS 0.23* (0.003) 0.15* (0.009)

EOE 0.20* (0.011) 0.17** (0.005)

EXP 0.27** (0.008) 0.25** (0.004)

SAU 0.07 (0.007) -0.09 (0.011)

DAU 0.23** (0.005) 0.25** (0.001)

WAU 0.18* (0.001) 0.16* (0.005)

EOE*SAU 0.01 (0.002) 0.02 (0.004)

LUS*EOE 0.05 (0.004) 0.03 (0.010)

LUS*SAU -0.04 (0.005) 0.11 (0.003)

EOE*WAU 0.23* (0.002) 0.16* (0.002)

LUS*EXP -0.02 (0.11) 0.03 (0.005)

LUS*WAU 0.11 (0.12) 0.09 (0.005)

EXP*DAU 0.15 (0.004) 0.07 (0.008)

LUS*DAU 0.01 (0.004) -0.11 (0.000)

LUS*EOE*WAU 0.04 (0.005) 0.04 (0.001)

LUS*EOE*SAU 0.19** (0.010) 0.06 (0.001)

LUS*EXP*DAU -0.13 (0.012) 0.22* (0.008)

R² 0.32 0.23** (0.005)

References

Boudreau, K.  2010.  “Open Platform Strategies and Innovation:  Granting Access Vs. Devolving Control,” Management Science (56:10), pp.
1849-1872.

Boudreau, K.  2012.  “Let a Thousand Flowers Bloom?  An Early Look at Large Numbers of Software App Developers and Patterns of
Innovation,” Organization Science (23:5), pp. 1409-1427.

Boudreau, K., and Hagiu, A.  2009.  “Platforms Rules:  Multi-Sided Platforms as Regulators,” in Platforms, Markets and Innovation, A.  Gawer
(ed.), London:  Edward Elgar, pp. 163-191.

Boudreau, K., Lakhani, K., and Lacetera, N.  2011.  “Incentives and Problem Uncertainty in Innovation Contests:  An Empirical Analysis,”
Management Science (57:5), pp. 843-863.

Ceccagnoli, M., Forman, C., Huang, P., Wu, D. J.  2012.  “Cocreation of Value in a Platform Ecosystem:  The Case of Enterprise Software,”
MIS Quarterly (36:1), pp. 263-290.

Crowston, K., Howison, J., and Annabi, H.  2006.  “Information Systems Success in Free and Open Source Software Development:  Theory
and Measures,” Software Process:  Improvement and Practice (11:2), pp. 123-148.  

De Vaus, D.  2002.  Analyzing Social Science Data:  Fifty Key Problems in Data Analysis, London:  Sage.
Fershtman, C., and Gandal, N.  2011.  “Direct and Indirect Knowledge Spillovers:  The “Social Network” of Open-Source Projects,” RAND

Journal of Economics (42:1), pp. 70-91.
Fichman, R. G.  2004.  “Going Beyond the Dominant Paradigm for Information Technology Innovation Research:  Emerging Concepts and

Methods,” Journal of Association for Information Systems (5:8), pp. 314-355.
Franke, N., and von Hippel, E.  2003.  “Satisfying Heterogeneous User Needs via Innovation Toolkits:  The Case of Apache Security Software,”

Research Policy (32:7), pp. 1199-1215.

A8 MIS Quarterly Vol. 42 No. 1—Appendices/March 2018



Ye & Kankanhalli/User Service Innovation on Mobile Phone Platforms

Kankanhalli, A., Ye, H. J., and Teo, H. H.  2015.  “Comparing Potential and Actual Innovators:  An Empirical Study of Mobile Data Services
Innovation,” MIS Quarterly (39:3), pp. 667-682.

Kratzer, J., and Lettl, C.  2008.  “A Social Network Perspective of Lead Users and Creativity:  An Empirical Study among Children,” Creativity
and Innovation Management (17:1), pp. 26-36.

Liu, Z., Au, Y.A., and Choi, H.S.  2012.  “An Empirical Study of the Freemium Strategy for Mobile Apps:  Evidence from the Google Play
Market,” International Conference on Information Systems, Orlando, FL.

Magnusson, P. R., Matthing, J., and Kristensson, P.  2003.  “Managing User Involvement in Service Innovation,” Journal of Service Research
(6:2), pp. 111-124.

Matthing, J., Kristensson, P., Gustafsson, A., and Parasuramsan, A.  2006.  “Developing Successful Technology-Based Services:  The Issue
of Identifying and Involving Innovative Users,” Journal of Services Marketing (20:5), pp. 288-297.

Matthing, J., Sanden, B., and Edvardsson, B.  2004.  “New Service Development:  Learning From and With Customers,” International Journal
of Service Industry Management (15:5), pp. 479-498.

Morrison, P. D., Roberts, J. H., and von Hippel, E.  2000.  “Determinants of Innovation and Innovation Sharing in Local Markets,” Management
Science (46:12), pp. 1513-1527.

Tiwana, A., Konsynski, B., and Bush, A. A.  2010.  “Platform Evolution:  Coevolution of Platform Architecture, Governance, and
Environmental Dynamics,” Information Systems Research (21:4), pp. 675-687.

Ye, H., Kankanhalli, A., Goh, K.Y., and Sun, J.  2011.  “Investigating Value Co-Creation in Innovation of IT-Enabled Services:  An Empirical
Study of Mobile Data Services,” in Proceedings of the 30th International Conference on Information Systems, Shanghai, China.

MIS Quarterly Vol. 42 No. 1—Appendices/March 2018 A9



Copyright of MIS Quarterly is the property of MIS Quarterly and its content may not be
copied or emailed to multiple sites or posted to a listserv without the copyright holder's
express written permission. However, users may print, download, or email articles for
individual use.


