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Abstract. We study how platform owners’ decision to enter complementary markets

affects innovation in the ecosystem surrounding the platform. Despite heated debates
on the behavior of platform owners toward complementors, relatively little is known
about the mechanisms linking platform owners’ entry and complementary innovation.
We exploit Google’s 2015 entry into the market for photography apps on its own Android
platform as a quasi-experiment. We conclude based on our analyses of a time-series
panel of 6,620 apps that Google’s entry was associated with a substantial increase in
complementary innovation. We estimate that the entry caused a 9.6% increase in the likelihood of major updates for apps affected by Google’s entry, compared to similar but
not affected apps. Further analyses suggest that Google’s entry triggered complementary
innovation because of the increased consumer attention for photography apps, instead
of competitive “racing” or “Red Queen” effects. This attention spillover effect was particularly pronounced for larger and more diversified complementors. The study advances
our understanding of the effects of platform owner’s entry, explicates the complex mechanisms that shape complementary innovation, and adds empirical evidence to the debate
on regulating platforms.
History: Panos Constantinides, Ola Henfridsson, and Geoffrey Parker, Special Issue Editors; Youngjin

Yoo, Associate Editor. This paper has been accepted for the Information Systems Research Special
Issue on Digital Infrastructure and Platforms.
Supplemental Material: The online appendix is available at https://doi.org/10.1287/isre.2018.0787.
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1. Introduction

nance (e.g., Adner and Kapoor 2010, Gawer and Henderson 2007, Gilbert and Katz 2001).
Researchers have framed the decision to enter complementary markets as an aspect of platform governance to orchestrate complementors (Boudreau and
Hagiu 2009, Tiwana 2015, Wareham et al. 2014). Entry
has been studied in three streams of work on platform governance, the economics of multi-sided markets (e.g., Farrell and Katz 2000), platform engineering
and design (e.g., Eaton et al. 2015), and strategy (e.g.,
Gawer and Henderson 2007). These streams suggest
that entry may allow platform owners to appropriate
rents (Farrell and Katz 2000, Huang et al. 2013), foster integration (Adner and Kapoor 2010, Li and Agarwal 2017), and retain control over platform evolution
(Eaton et al. 2015, Gawer and Henderson 2007). However, there is also evidence of entry hurting complementors’ revenues, eventually causing them to hesitate
contributing to the platform in the future, thus “crowding out” complementary innovation (Gawer and Hen-

Platform owner’s entry into complementary markets
is a popular yet not well understood phenomenon. In
2015, Google entered the market for photography apps
on its Android platform with an all-purpose photography app, and began to compete with thousands of
complementors on its own platform, thus raising questions about the impact of such an entry on innovation
in the app ecosystem. Google’s announcement came
as a surprise to complementors and is in sharp contrast to the behavior of other platform owners. For
example, the enterprise software vendor SAP regularly
publishes a two-year road map informing complementors about its activities in markets complementary to
its enterprise software platforms (Parker et al. 2017).
These remarkably different practices sparked considerable interest in the behavior of platform owners
toward their complementary markets to understand
whether and how entry affects innovation in the platform ecosystem and implications for platform gover444
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derson 2007). If entry reduces complementors’ incentives to innovate, then it may appear to run counter
to the initial motivation to establish a platform, i.e.,
profiting from complementary innovation (Gawer and
Henderson 2007). Thus, analyzing the consequences
of entry on complementary innovation can help platform owners and policy makers determine the overall
impact of this governance decision.
The consequences of entry on complementary innovation are hotly debated, and ultimately an empirical
question. Prior work suggests several theoretical mechanisms for the effect of entry. The economics literature suggests a negative effect on complementary innovation. By entering complementary markets, platform
owners can potentially appropriate complementors’
rents and ultimately reduce complementors’ incentives
to innovate (Choi and Stefanadis 2001, Farrell and Katz
2000). As a reaction to expropriation by the platform
owner, complementors may invest available resources
in mechanisms to protect their innovations or eventually affiliate with competing platforms (Ceccagnoli
et al. 2012, Huang et al. 2013). Thus, entry may curb
complementors’ innovation.
By contrast, the management and marketing literatures suggest a positive influence of entry on complementary innovation via two different mechanisms:
Racing and attention spillover. First, studies on competitive dynamics suggest that entry may trigger racing
effects. According to this mechanism, entry puts complementors under direct competitive pressure, urging them to innovate, not to lag behind (Barnett
and Hansen 1996, Barnett and Pontikes 2008). Second, studies on consumer research suggest that entry
may trigger attention spillover effects. According to this
mechanism, entry stimulates innovation by attracting
consumers and providing complementors with new
demand and feedback to innovate (Li and Agarwal
2017, Liu et al. 2014).
Despite these theoretical disagreements about the
consequences of entry on complementary innovation,
there has been scant empirical research on this phenomenon. Most literature on entry is descriptive and
focuses on the managerial practices of platform owners (Gawer and Cusumano 2002, Gawer and Henderson 2007). Some studies investigated the consequences
for platform owners when complementors have appropriability concerns (Ceccagnoli et al. 2012, Huang et al.
2013). Yet, to our knowledge, these studies do not provide insights into the direct effects of entry on innovation and its underlying mechanisms, something that
we do in this study. The conflicting arguments outlined
above suggest the need for empirical research that identifies the effect of entry on complementary innovation
and untangles the underlying theoretical mechanisms.
This study tests the effects of entry on complementary innovation, thus contributing to the literature on

platform governance (e.g., Gawer 2014, Tiwana et al.
2010). We exploit Google’s release of Google Photos,
an all-purpose app for organizing, editing, and sharing digital photographs, to users of its smartphone
platform Android, as a quasi-experiment. This event
is intriguing because many photography-related apps
existed before Google’s entry and the release of Photos is an exogenous shock to complementors and their
innovation outcomes. In addition, this context allows
us to isolate the effects of entry on the innovation outcomes of photography-related apps, and to compare
them to a control group of complementors not affected
by entry. We use time-series panel data on a representative sample of 6,620 apps from the Google Play
Store, the largest store for Android apps worldwide.
We observe the apps monthly, beginning three months
before and ending three months after the release of
Google Photos, and estimate the impact of entry on
innovation following a difference-in-differences (DID)
framework. We model complementary innovation as
complementors’ decision to release a major update for
their app, in terms of adding new features or functionalities. We identify major updates by text-analyzing the
release notes published by complementors.
To preview our key results, our DID analyses of apps
affected by Google’s entry compared with apps not
affected by entry suggest strong and positive effects of
entry on complementary innovation. Subsequent tests
point toward an attention spillover effect as an explanation for the increase in complementary innovation:
Platform owners’ entry increases consumer demand
and feedback, which provides complementors with
new ideas and opportunities to innovate. Our analyses suggest that the attention spillover effect is more
pronounced for larger and more diversified complementors. One plausible explanation is that larger and
more diversified complementors perceive entry as an
opportunity to innovate rather than as a threat.

2. Theoretical Background

2.1. Platform Governance, Entry, and
Complementary Innovation
Platform strategies and governance have recently
gained significant attention (e.g., Gawer and Cusumano
2002, Parker et al. 2016, Rochet and Tirole 2003). We
define a platform as a system that brings system
adopters together with firms that provide complements
to the system, so-called complementors. Our focus is
platforms that support uncoordinated and generative
complementary innovation as is the case in mobile operating systems (Thomas et al. 2014, Yoo et al. 2010).1
Following Brandenburger and Nalebuff (1996), a complement to a product or service is any other product or service that makes the focal product or service more attractive. Mobile platforms, for example,
become more attractive with the availability of apps.
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Given that platforms are subject to multi-sided network effects (Katz and Shapiro 1994), winner-takesall dynamics (Rochet and Tirole 2003), and antitrust
regulations (Gilbert and Katz 2001), platform owners’
activities go beyond designing, developing, and distributing products and services to include decisions
for governing complementary innovation by orchestrating the behavior and contributions of complementors
(Boudreau and Hagiu 2009).
We draw on three streams of prior work on platform
governance to inform our investigation of platform
owners’ entry into complementary markets. These
three streams are the economics of multi-sided markets (e.g., Farrell and Katz 2000), platform engineering
and design (e.g., Eaton et al. 2015), and strategy (e.g.,
Gawer and Henderson 2007). See Online Appendix A
for an overview of selected studies on platform governance. First, we draw on research on the economics of
multi-sided markets that relies on analytical models to
study governance instruments (Anderson et al. 2014,
Farrell and Katz 2000, Rochet and Tirole 2003). These
studies view entry as a means to extract rents from
complementors and to recoup the initial investments
of platform owners in their platforms. Other models
studied two instruments closely related to entry, tying
and vertical integration. Tying refers to the practice
of making the sale of the platform conditional on the
purchase of a complement (Choi and Stefanadis 2001),
such as Microsoft’s decision to sell its Windows platform together with Internet Explorer. Vertical integration refers to the practice of making a complement a
feature of the core platform (Farrell and Katz 2000),
such as Apple integrating flashlight and blue light
reduction features into its iPhone operating system.
Second, we draw on prior work that studies platform
governance from a design and engineering perspective
(e.g., Ghazawneh and Henfridsson 2013). This work
recognizes that governance outcomes are the result
of a complex and dynamic sociotechnical negotiation
between platform owners and complementors often
mediated through technical artifacts and their characteristics, such as boundary resources (Eaton et al.
2015, Foerderer et al. 2018, Ghazawneh and Henfridsson 2013) or platform modularity (Tiwana et al. 2010).
From this perspective, entry relates to the notion of
“securing,” a “process by which the control of a platform and its related services is increased” (Ghazawneh
and Henfridsson 2013, p. 177). In this sense, entry may
serve as an instrument to secure technological control
over the platform in that it helps to ensure technological integration and direct platform evolution over time
(Tiwana et al. 2010).
Finally, we draw on strategy-related work on platform governance that provides rich descriptions of
governance practices (e.g., Gawer and Cusumano 2002,
Huber et al. 2017, Wareham et al. 2014). For example,
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the descriptions of Intel’s decision-making on complementors by Gawer and Cusumano (2002) and Gawer
and Henderson (2007) document a continuous balance
between implementing market-based competitive policies and approaches focused on committing to complementors. While these observations derive from platforms for coordinated innovation, more recent findings
suggest that governance practices may also matter on
platforms for uncoordinated innovation (e.g., Huang
et al. 2018, Huber et al. 2017). For example, Huang et al.
(2013) observe that firms are more likely to become
complementors for a platform if they have mechanisms
in place to safeguard against appropriation, such as
patents, copyrights, and downstream capabilities.
We extend prior work and contribute to the nascent
but rapidly evolving literature on platform governance
by providing insights into the consequences of entry,
in terms of platform owners’ decisions to release own
complements that overlap with functionality covered
by complementors’ products. Thereby, we respond to
calls for research to understand the impact of governance instruments (Gawer 2014, Tiwana et al. 2010, Yoo
et al. 2010).
2.2. Mechanisms to Explain the Effect of Entry on
Complementors’ Innovation: Racing and
Attention Spillover
Although entry has been subject to prior work on platform governance, the question of whether entry curbs
or fosters complementary innovation, and in particular, the theoretical mechanisms through which entry
might affect complementary innovation, remain understudied. As noted above, the wider economics literature suggests entry to curb complementary innovation (Choi and Stefanadis 2001, Farrell and Katz 2000,
Huang et al. 2013), whereas the management and marketing literatures suggest two mechanisms that support the alternative hypothesis that entry may in fact
stimulate complementary innovation. We refer to these
mechanisms as racing and attention spillover.
The racing mechanism suggests that increased innovation after entry reflects the result of supply-side
competitive dynamics (Gawer and Henderson 2007,
Tiwana 2015). According to the racing mechanism,
entry poses a competitive threat to complementors,
to which complementors respond by increasing their
innovation output. This rationale stems from work on
competitive dynamics or the “Red Queen” effect in the
strategic management literature (Barnett and Hansen
1996, Barnett and Pontikes 2008, Derfus et al. 2008). The
Red Queen effect means that performance differences
across firms (e.g., innovation) are the result of a continuous, escalating, and evolutionary contest (Derfus
et al. 2008). The only way firms can maintain their performance relative to others is by engaging in innovative actions, which leads to situations in which “all the
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firms end up racing as fast as they can just to stand still
relative to competitors” (Derfus et al. 2008, p. 61). Racing mechanisms have been documented in the context
of hardware platforms and Internet browsers (Gawer
and Henderson 2007, Tiwana 2015). Gawer and Henderson (2007), for example, find that Intel sometimes
deliberately entered complementary markets to inject
competition among complementors, with the ultimate
goal of stimulating complementors’ innovation outputs. Taken together, these arguments and case study
evidence for the racing mechanism suggest that entry
may foster complementary innovation by stimulating
supply-side competition.
In contrast to the racing mechanism, the attention
spillover mechanism suggests that increased innovation is the result of increased demand-side attention
and feedback following the platform owner’s market entry. Entry enlarges the overall number of consumers attracted to a market category from which
complementors stand to benefit, and which may eventually increase their innovation. For example, Li and
Agarwal (2017) observe that Facebook’s integration of
Instagram increased the demand for apps similar to
Instagram. The theoretical rationale for an attention
spillover effect derives from the wider literature on
consumer research, which has studied spillover effects
from a firm’s product market decisions such as advertising (e.g., Liu et al. 2014). Although such activities intuitively increase attention for a focal product
and reduce consumer demand for competing products,
more recent evidence indicates that a firm’s activities
can have positive spillover effects on same-category
products by increasing the overall number of consumers in a market category, in terms of “enlarging the
pie” for all market participants (Liu et al. 2014, Sahni
2016). Following this argument, entry might stimulate
complementary innovation by increasing demand and
feedback from consumers. Consumer feedback enables
innovation by opening new opportunities from which
complementors can draw to innovate (e.g., Brown
and Eisenhardt 1995, March 1991). Overall, the attention spillover mechanism suggests that entry increases
complementor innovation by increasing demand-side
attention.
We empirically assess the explanatory power of the
above two mechanisms as to how entry affects complementary innovation.

3. Method

3.1. Empirical Context: Release of the Google
Photos Android App
We study a platform owner’s entry decision in the context of mobile operating systems. We investigate the
consequences of Google’s 2015 entry into the category
of photography apps on its Android mobile operating system. On May 28, 2015, Google published the
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app Google Photos (hereafter referred to as Photos) in
the Google Play Store.2 Google described Photos as
an all-purpose app for organizing, editing, and sharing digital photographs. Photos addressed many of the
needs of the “pic or it didn’t happen” trend among
smartphone users: The app was promoted to decrease
users’ efforts in organizing photographs. It automatically grouped images by individuals, landmarks, and
objects shown in the images using machine learning
and artificial intelligence. In addition, the app included
the functionality to manipulate photographs. Finally,
Photos gave users extensive free online storage for pictures and videos. The event was relatively unanticipated by complementors. Photos received significant
media attention immediately after its release. Not only
did the technology press cover the release of Photos but
also major general press outlets picked up the news,
including the Wall Street Journal and the New York Times
(e.g., Swanson 2015). Five months after its introduction, Photos was reported to have reached 100 million
monthly users.3
3.2. Research Design
Figure 1 summarizes our research design. We exploit
Google’s introduction of Photos as a quasi-experiment.
The release of Photos allows us to compare innovation
outcomes of complementors affected by entry with the
innovation outcomes of complementors not affected
by entry, before and after the release of Photos. Our
identification strategy uses the release of Photos as an
exogenous shock to complementors to assess the consequences of platform owners’ entry for complementary
innovation.
Measuring innovation is complex; useful proxies are
often context-specific. Our unit of analysis is at the app
level, and we model innovation by major app updates,
in terms of complementors’ introducing new functionality or features in their apps. Prior work investigated
updates from a perspective of maintaining software
(Kemerer and Slaughter 1999); we argue that updates
are an important means of innovation. Software is technologically flexible, meaning that producers can redefine and shape software products after their market
release. We choose updates as a proxy for innovation
because updates allow us to isolate the decision to
innovate more thoroughly for two reasons. First, with
updates as a dependent variable, we can use app-level
controls for potential heterogeneity that may influence
the innovation decision. Second, unlike other measures
of innovation (e.g., new app releases), updates allow
us to more directly infer racing and attention spillover
effects. Other work that used updates in an innovation
context include Boudreau (2012), who used a count of
application updates in the context of handheld applications, and Tiwana (2015), who used the frequency of
updates to infer the speed of product evolution. New
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Figure 1. Research Design
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Notes. The figure illustrates the quasi-experimental research design implemented in this study. We exploit the release of the Google Photos app
on May 28, 2015 (dashed line) as an exogenous shock in photography apps that were affected by Google’s entry. Starting with March 2015, we
track a sample of apps in both groups before the release of Photos (pre-entry period) until three months after the release (post-entry period),
on a monthly time-series. We then estimate the DID. Our observation period deliberately excludes events that may confound the estimates,
including a general update of the Google Play Services in September, an Android operating system release in October, and a comprehensive
update of the Google Photos Android app in December.

app releases are an alternative proxy for innovation.
However, we do not rely on new app releases as a proxy
of innovation for our main estimations because there
is little variance that we can predict and because new
app releases are likely to occur with a substantial delay,
which our post-entry period might be unable to fully
capture or that might be confounded with other events
in case of an extended post-entry period.
3.3. Sample
Our analysis is at the app level. We collected data
directly from the Google Play Store. One advantage of
our sample is that it comprises app-level time-series
data on a representative selection of apps in the Google
Play Store, which helps to get a full picture of complementary innovation, account for time-invariant heterogeneity, and avoid potential selection bias that can
arise by using data on apps listed in top rankings or by
using a cross-sectional design. We compiled our data
in two steps.
First, we indexed apps in the Google Play Store
between July and December 2014. This step resulted in
a list of all apps available in the Google Play Store at
that time.
Second, in January 2015, we selected a random sample of 100,000 apps from our index. We observed
this sample monthly, tracking app-specific information, including an app’s average rating by customers,
the number of reviews, updates, and prices. So as not
to compare functional apps with content, we removed
apps labeled as “books and references,” “comics,”

“education,” “libraries and demos,” “news and magazines,” “wallpaper,” “widgets,” and “games.”
We compared our sample with population-level
characteristics published by AppAnnie, a major mobile
analytics firm, on the distribution of apps across categories and the distributions of average ratings, reviews,
and prices. We did not observe significant differences,
which increases confidence in the reliability of our
data.
3.4. Treatment and Control Group Construction
To identify apps affected by entry (treatment) and apps
not affected by entry (control), we use the Google
Play categorization system. Categories are particularly
suited for studying the effects of entry for two reasons. First, they share similar functionality and, second, they compete for the same consumer attention. As
to the first property, categories group apps of similar
functionality. For example, “communications” labels
apps that connect people, such as instant messaging
and video conferencing, whereas “photography” is a
label for apps that assist in capturing, editing, managing, storing or sharing photos. For the second property, categories allow consumers to explore apps that
serve a similar purpose, such as photography apps.
Empirically, categories reduce heterogeneity among
apps: User preferences, development costs, and prices
of apps in the same category are likely to be correlated.
Because Google published Photos in the category
“photography,” we define apps in the category “photography” as the treatment group. We chose apps in
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the category “entertainment” as the control group. The
selection of an appropriate control group is a matter of
theoretical reasoning and empirical observation. From
a theoretical perspective, entertainment apps are suitable because they have a comparably narrow functional
purpose and are unlikely to overlap with photography
apps. For example, entertainment apps include television program overviews or video streaming apps, but
not pure entertainment content. Our findings remain
robust when we use categories other than “entertainment” as the control group. Empirically, among all categories, entertainment apps showed the highest similarity in terms of the distribution of major updates,
ratings, reviews, and prices before entry. By focusing on two categories, we assume that we substantially minimized the unobserved heterogeneity among
the hundreds of thousands of apps in the Google
Play Store. We address potential concerns about our
choice of control group when assessing the robustness
of our results. Our regressions follow a DID framework (Angrist and Pischke 2009, Bertrand et al. 2004).
To allow enough time for estimating pre-entry differences, we define a three-month period, March 1, 2015
to May 27, 2015, as the pre-entry period. Correspondingly, we define the period from June 1, 2015 to September 1, 2015 as the post-entry period.4 Our final sample
includes 1,266 treatment apps and 5,354 control apps,
each observed over a six-month period, resulting in a
total of 39,720 app-month observations.
3.5. Variables
We model innovation as the complementors’ decision
to release a major update for their app, in terms of
introducing new functionality or features. Our dependent variable is MAJOR UPDATE, which we constructed by text-analyzing the release notes that complementors publish along with updates of their apps.
We used text analysis to identify updates that introduce new features, and exclude non-innovative
updates, including bug fixes and efficiency improvements. Prior work relies on release numbers (e.g., 2.0,
2.1) to distinguish minor from major updates (e.g.,
Boudreau 2012, Tiwana 2015). Although it is an informal convention that integer increases in release numbers indicate major updates (Kemerer and Slaughter
1999), this standard is ambiguous and not enforced
in many contexts. Therefore, following Kemerer and
Slaughter’s (1999) arguments, we used release notes
to gain richer insights into complementary innovation. Release notes textually describe key aspects of an
update. They provide detailed insights into the extent
and novelty of the changes. Release notes are visible to users of the Google Play Store. They are displayed below the product description in a section entitled “What’s new,” making them an important aspect
of communication between complementors and consumers. Release notes on the Google Play Store are
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limited to 500 characters, which requires complementors to be precise in their description of changes, thus
making release notes an accurate document for our
analyses.
Our approach to text analysis follows prior work
that has used word lists (i.e., dictionaries) to objectively
draw inferences from the text (Bao and Datta 2014).
Dictionaries use keywords or phrases to classify documents into categories or measure the extent to which
documents belong to a particular category (Bao and
Datta 2014). We constructed dictionaries for minor and
major updates by selecting a random subsample of 100
release notes from our sample and coding them into
minor and major updates based on working definitions
agreed on by the authors. Subsequently, in an iterative
procedure, we identified key words used in the release
notes of minor and major updates. The final dictionary for major updates includes, among other terms,
the words “feature,” “new,” and “major.” We automated the dictionary-scoring using the Natural Language Toolkit in Python 2.7. We implemented an algorithm that first removed filler words, punctuation, and
stop words from the release notes. We subsequently
lemmatized the release notes, which gave us a list of
unique words for each release note. We then scored our
dictionaries against the condensed release notes, yielding a measure of “word hits” for each of the dictionaries.5 We coded a release note as a major update if the
dictionary for major updates scored higher on a release
note compared to the dictionary for minor updates. In
case of draws, we discussed the release note and coded
it manually. Finally, we included the dichotomous variable MAJOR UPDATE into our model, which we coded
as 1 for apps that were updated with new features in a
given month and 0 for apps that received minor or no
updates.
The conventional DID framework relies on two indicators, one for indicating treatment assignment and
one for indicating the time period after the treatment.
The treatment indicator is PHOTOS, which is 1 if the
focal app is affected by Google’s release of Photos, i.e.,
if the app is in the treatment group. The time indicator
is AFTER, which is 1 for the periods after the release
of Photos. The DID is then given by interacting AFTER
with PHOTOS.
We operationalize the racing mechanism by monthly
differences in app ratings (RATINGDIFF). According to
the racing mechanism, increases in the innovation output of a complementor result from competitive pressure. The app rating system on Google Play offers
a unique opportunity to capture racing. Well rated
apps are perceived to fulfill user expectations, to have
an agreeable and engaging interface, and to be well
suited to consumer needs. Decreases in app ratings are
likely to capture the impact of competitive actions and
have implications for complementors (Tiwana 2015,
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Yin et al. 2014). RATINGDIFF is the monthly difference in consumers’ rating of an app on a scale from
1 to 5 stars, where 1 star represents a low rating and
5 stars represents a high rating. Thus, if racing effects
trigger innovation increases, we should observe that
these innovation increases are caused by deteriorating
consumer ratings after entry.
We operationalize the attention spillover mechanism
by monthly differences in the number of app reviews
(REVIEWSDIFF). According to the attention spillover
mechanism, increases in the innovation output of a
complementor result from increases in consumer attention. Monthly differences in the number of app reviews
capture changes in demand and feedback for an app.
Prior research used the number of reviews as a proxy
for consumer demand (Yin et al. 2014). In addition,
reviews provide complementors with evaluations of
multiple attributes of their app and help complementors understand consumer needs.6 Thus, if attention
spillover effects trigger innovation increases, we should
observe that these innovation increases are caused by
increasing numbers of consumer reviews after entry.
We logged REVIEWSDIFF to reduce skewness.
Variables included in the additional analyses are
PRICE, which is the price of an app in US$, PORTFOLIO SIZE, which is the count of total apps published
by a complementor before the release of Photos, and
PORTFOLIO DIVERSIFICATION, which is the number of categories in which a complementor had published apps before the release of Photos. See Online
Appendix C for descriptions of the variables used in
this study and how we obtained them from Google
Play.
Table 1 reports the summary statistics and correlations.
3.6. Empirical Model
To estimate our main variable of interest, MAJOR
UPDATE, we use the following specification:

MAJOR UPDATEi, t  β0 + β 1 AFTERt × PHOTOSi
+ Vi + Tt +  i, t ,
where MAJOR UPDATEi, t is measured in month t for
app i, PHOTOSi is an indicator variable for whether
app i is in the treatment group, AFTERt equals 1 if
the current month is after the release of Photos, Vi are
app fixed effects, and Tt are time fixed effects. App and
time fixed effects are collinear with the main effects of
AFTER and PHOTOS and are therefore omitted. The
coefficient of interest is β 1 , which can be interpreted
as the relative change of the treatment group, compared to the control group, caused by the treatment.
We cluster heteroskedasticity-robust standard errors at
the app level to adjust for the panel structure of the
data. We also estimate continuous variables to assess

Table 1. Summary Statistics and Correlations
Variable
1. MAJOR UPDATE
2. log (REVIEWS
(in thousands))
3. RATING
4. PRICE (in US$)

Mean S.D. Min. Max.
0.01 0.07 0
0.66 0.45 0.26

1
7.16

1

2

3

0.02

3.61 0.41 1.20 4.40 0.04∗ 0.16∗
0.12 0.79 0 42.60 −0.01 −0.05∗ −0.08∗

Notes. The table provides descriptive statistics for the variables used
in this paper. MAJOR UPDATE is an indicator variable (1  apps
that received a “major update”) that we derived from classifying
the change logs published by complementors. RATING is the mean
rating given by consumers to an app, which can range from 1 to 5
stars. REVIEWS is the count of reviews submitted for an app. PRICE
holds the purchase price of an app in US$. N  39,720 app-months.
∗
Significance at the 5% level.

the impacts of entry on price, reviews, and ratings. In
these cases, the model specification is similar and follows the same notation as above.

4. Results

4.1. Effects of Entry on Innovation
To investigate whether entry crowds out complementary innovation, we examine the change in the likelihood of a major update between treatment and control apps after the release of Photos. Table 2 shows
our estimations, specified as a linear probability model
(LPM) in Model 1 and as logit in Model 2. In Model
1, we observe a statistically significant positive coefficient of AFTER × PHOTOS, which indicates that the
probability of MAJOR UPDATE increases by 9.6% after
entry for treatment apps compared to that for the control apps. The increase in the likelihood suggests that
Google’s entry positively influenced complementary
innovation.
As Model 2 in Table 2 shows, the finding is robust
to a logit formulation. The predicted probabilities are
between 0 and 1. Thus, the potential bias of the LPM
that is evident if predicted values lie outside the range
of 0 and 1 is not an issue for our estimation. We focus
on LPM specifications hereafter because it enables us
to estimate a model using extensive app-level fixed
effects, whereas estimating logit models using a large
number of fixed effects may lead to inconsistent standard errors (Long and Freese 2006).
Figure 2 plots the marginal probability of MAJOR
UPDATE with the vertical line marking Google’s
release of Photos. We observe that treatment and control apps are on nearly identical trends before entry,
which provides evidence for the assumption of parallel pre-period trends. We also observe that the likelihood of MAJOR UPDATE shows a significant peak
after entry, whereas the time trend continues for control apps. Taken together, we find a significant shift
in complementary innovation after entry: It is more
likely that complementors release major updates for
their apps following entry.
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Table 2. Effect of Entry on MAJOR UPDATE

Specification

(1)
Major update

(2)
Major update

LPM

Logit

0.096∗∗∗
(0.009)
0.005∗∗∗
(0.001)

0.259
(0.181)
1.472∗∗∗
(0.193)
−5.382∗∗∗
(0.187)

Photos
After × Photos
Intercept
App fixed effects
Time fixed effects
Adj./Pseudo R-squared
F/Wald test

Table 3. Effect of Entry on RATINGDIFF and REVIEWSDIFF

Yes
Yes
0.039
63.180∗∗∗

No
Yes
0.121
658.51∗∗∗

Notes. The table shows the regression results of the change in the
likelihood of a MAJOR UPDATE following the release of Google Photos, compared with control apps. Model 1 reports the results of an
LPM; Model 2 shows the logit estimates in regular coefficient notation. In both models, the estimate of interest After × Photos indicates
a strongly positive increase in the probability of MAJOR UPDATE following entry, compared to control apps. Robust standard errors are
clustered on app and given in parentheses. N  39,720 app-months.
∗∗∗
Significance at the 0.1% level.

Figure 2. Marginal Probability of MAJOR UPDATE Over

Marginal probability of MAJOR
UPDATE

Time
Photo apps (treatment)
Non-photo apps (control)

0.2

0.1

0
March
2015

BEFORE
PHOTOS

AFTER
PHOTOS

September
2015

Notes. The figure plots the marginal probability of MAJOR UPDATE
over time as estimated by a logit specification. The solid line gives
the marginal probability for apps affected by the release of Photos
(treatment) and the dashed line gives the marginal probability for
apps not affected (control). The figure illustrates the nearly identical pre-entry trends and the significantly increased probability of
MAJOR UPDATE following entry. Note that this plot does not adjust
for app fixed effects.

4.2. Analyses of Mechanisms
If entry does not crowd out innovation, what theoretical mechanisms underlie this effect? We motivated racing and attention spillover mechanisms as two potential explanations. To assess the validity of these explanations, we follow Baron and Kenny’s (1986) three-step
procedure for mediation analysis.
Because the first step of the analysis is given by
regressing MAJOR UPDATE on AFTER × PHOTOS, we

Specification
After × Photos
Intercept
App fixed effects
Time fixed effects
Adj. R-squared
F-test

(1)
RATINGDIFF

(2)
REVIEWSDIFF

Linear

Linear

−0.002
(0.003)
−0.000
(0.000)
Yes
Yes
0.008
30.556∗∗∗

0.086∗∗∗
(0.014)
0.002
(0.002)
Yes
Yes
0.215
1,355.367∗∗∗

Notes. The table shows the regression results for RATINGDIFF
(Model 1) and REVIEWSDIFF (Model 2). Model 1 does not support
a significant change in RATINGDIFF. Model 2 supports a significant
positive change in REVIEWSDIFF. Robust standard errors are clustered on app and given in parentheses. N  39,720 app-months.
∗∗∗
Significance at the 0.1% level.

proceed with the second step, i.e., estimating the effects
of entry on the mediators. Table 3 shows the results.
In Model 1, we observe that entry does not have a
significant effect on RATINGDIFF. The coefficient of
AFTER × PHOTOS is near 0 and insignificant. Thus,
Model 1 does not support the second step of the mediation analysis for the racing mechanism. In Model 2,
we estimate the second step of the mediation analyses for the attention spillover mechanism. We observe
that entry has a significant positive effect on REVIEWSDIFF. The significant coefficient of AFTER × PHOTOS
shows that apps affected by entry receive more consumer reviews than those not affected by entry. This
finding indicates that entry increases consumer attention to apps in the same category as the entering app.
Thus, Model 2 supports the second step of mediation
analysis in assessing the attention spillover effect.
Finally, we assess the third step of the mediation
analysis. Table 4 shows the results. Model 1 provides the baseline. In Model 2, the coefficient of RATINGDIFF is insignificant, thus providing no support
for a mediation effect of RATINGDIFF. Taken together
with the findings from step 2, we conclude that racing effects are unlikely to explain the observed positive effect of entry on MAJOR UPDATE. In Model 3 in
Table 4 we observe a significant positive coefficient of
REVIEWSDIFF and we observe that the coefficient of
AFTER × PHOTOS decreases in magnitude and statistical significance. Taken together with the findings from
step 2, these observations suggest a partial mediation
of the effect of AFTER × PHOTOS on MAJOR UPDATE
via REVIEWSDIFF, which is supported by Sobel (p <
0.001), Aroian (p < 0.001), and Goodman (p < 0.001)
tests. In Model 4, we simultaneously test the racing and
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Table 4. Effect of RATING and NUMBER OF REVIEWS on
MAJOR UPDATE

Specification
After × Photos

(1)
Major
update

(2)
Major
update

(3)
Major
update

(4)
Major
update

LPM

LPM

LPM

LPM

0.096∗∗∗
(0.009)

0.094∗∗∗
(0.009)
0.004
(0.008)

0.037∗∗∗
(0.005)

0.036∗∗∗
(0.005)
0.010
(0.008)
0.474∗∗∗
(0.032)
0.004∗∗∗
(0.001)
Yes
Yes
0.156
86.689∗∗∗

Ratingdiff
Reviewsdiff
Intercept
App fixed effects
Time fixed effects
Adj. R-squared
F

0.005∗∗∗
(0.001)
Yes
Yes
0.039
63.180∗∗∗

0.004∗∗
(0.001)
Yes
Yes
0.033
58.952∗∗∗

0.482∗∗∗
(0.032)
0.005∗∗∗
(0.001)
Yes
Yes
0.177
92.750∗∗∗

Notes. The table shows the regression results of the final step of
the mediation analysis. Model 1 reports the baseline; Model 2 adds
RATINGDIFF; Model 3 adds REVIEWSDIFF to the baseline; Model 4
adds RATINGDIFF and REVIEWSDIFF. Robust standard errors are
clustered on app and given in parentheses. N  39,720 app-months.
∗∗∗
Significance at the 0.1% level.

attention spillover mechanisms, and find that the effect
of REVIEWSDIFF on MAJOR UPDATE remains significant while the effect of RATINGDIFF remains nonsignificant. Thus, the release of Photos seems to lead
to an increase in consumer attention to photography
apps in general, from which complementors stand to
benefit, thereby explaining why we observe a higher
likelihood of major updates in the affected category.7
4.3. Further Analyses: Do the Effects of Entry
Differ Depending on Complementors’
Resources or Diversification?
So far, our analyses suggest (1) that entry stimulates
complementary innovation and (2) that this effect can
be explained by an attention spillover mechanism.
Next, we explore additional context factors for these
two findings. One set of context factors in which we are
interested concerns characteristics of complementors’
app portfolios in terms of different sizes of complementors’ app portfolios (PORTFOLIO SIZE) as well as complementors’ degree of diversification in the app market
over categories (PORTFOLIO DIVERSIFICATION).
First, we explore whether PORTFOLIO SIZE and
PORTFOLIO DIVERSIFICATION influence the likelihood of a MAJOR UPDATE after entry. To examine
the influence of PORTFOLIO SIZE, we split the sample into three quantile groups based on the portfolio
size of complementors (low, medium, high). Table 5
shows the results when estimating our main model for
each quantile group. In all three models, the DID coefficient is positive and strongly significant, supporting
the main conclusions we derived earlier. Interestingly,

Table 5. Analyses by PORTFOLIO SIZE
(1)
Major
update

Subsample
Specification

(2)
Major
update

(3)
Major
update

Low quantile Medium quantile High quantile
group of
group of
group of
PORTFOLIO
PORTFOLIO
PORTFOLIO
SIZE
SIZE
SIZE
LPM

LPM

LPM

After × Photos

0.068∗∗∗
(0.010)

0.113∗∗∗
(0.018)

0.138∗∗∗
(0.021)

Intercept

0.005∗∗
(0.002)
Yes
Yes
0.024
23.973∗∗∗
21,936

0.006∗
(0.003)
Yes
Yes
0.051
16.866∗∗∗
9,774

0.004
(0.003)
Yes
Yes
0.064
24.057∗∗∗
8,010

App fixed effects
Time fixed effects
Adj. R-squared
F
N

Notes. The table shows the regression results of additional analyses
based on the portfolio size of complementors. Robust standard errors
are clustered on app and given in parentheses. N is given in appmonths.
∗∗∗
Significance at the 0.1% level.

we see differences in the magnitude of the reactions of
complementors depending on the size of their portfolio: In Model 1, we observe that small portfolio complementors are less likely to update their photography
apps compared to large portfolio complementors with
a larger stock of apps, as shown in Model 3. Overall,
the likelihood of complementors with large portfolios
issuing updates is approximately twice that of complementors with smaller stocks of apps.
We also investigate the effect of entry on MAJOR
UPDATE differs depending on complementors’ diversification (see Table 6). We again split the sample into
three quantile groups based on PORTFOLIO DIVERSIFICATION (low, medium, high). Table 6 shows the
results when estimating our main model for each quantile group. In all three models, the DID coefficient
is positive and strongly significant, supporting our
earlier findings. Similar to our findings for PORTFOLIO SIZE, more diversified affected complementors are
more likely to release a major update following the
release of Photos, compared to complementors with
more focused portfolios.
Second, we examine the role of PORTFOLIO SIZE
and PORTFOLIO DIVERSIFICATION for the salience
of the racing and attention spillover mechanisms.
Although our focus is on understanding how Google’s
entry influenced complementary innovation, the complementors’ decision to innovate is not entirely a function of the platform owner’s decisions because the
innovation trajectory of a platform is often an outcome of complex and dynamic sociotechnical negotia-
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Table 6. Analyses by PORTFOLIO DIVERSIFICATION

Subsample
Specification
After × Photos
Constant
App fixed effects
Time fixed effects
Adj. R-squared
F
N

(1)
Major update

(2)
Major update

(3)
Major update

Low-quantile group
of PORTFOLIO
DIVERSIFICATION

Medium-quantile group
of PORTFOLIO
DIVERSIFICATION

High-quantile group
of PORTFOLIO
DIVERSIFICATION

LPM

LPM

LPM

0.089∗∗∗
(0.013)
0.005∗
(0.002)
Yes
Yes
0.035
24.283∗∗∗
15,774

0.098∗∗∗
(0.012)
0.003∗
(0.002)
Yes
Yes
0.040
27.732∗∗∗
18,930

0.114∗∗∗
(0.025)
0.010∗
(0.004)
Yes
Yes
0.047
13.771∗∗∗
5,016

Notes. The table shows the regression results of additional analyses based on the portfolio diversification of complementors. Robust standard errors are clustered on app and given in parentheses. N is
given in app-months.
∗
Significance at the 5% level; ∗∗∗ significance at the 0.1% level.

tions between the platform owner and complementors
(Eaton et al. 2015).
Arguably, racing and spillover effects may be viewed
as creating different types of incentives to innovate for
complementors. Whereas racing effects may be viewed
as a threat or as a negative incentive to defend against a
potentially powerful entrant or platform owner, attention spillover effects can be viewed from an opportunity perspective, in terms of representing a positive
incentive by enlarging overall consumer interest in the
market niche. Therefore, whether entry is considered
a threat or an opportunity depends not only on the
specific innovations or actions of a platform owner but
also on complementor characteristics. If complementors cannot take advantage of a “growing pie,” they
are likely to see entry as a threat. In this case, the
motivation for complementors to increase their innovative efforts may be to counteract this threat. On the
other hand, if complementors are well endowed with
resources, then they may view a platform owner’s
entry as an opportunity and the motivation for increasing innovation efforts may be to participate in the
growing pie. This discussion suggests that for complementors that are more resourceful and diverse (diversity may create some synergy with their other products), the attention spillover effect may apply, whereas
for those that are less resourceful and diverse, the racing effect may be more salient.
To test these assertions, we examined whether the
racing and attention spillover mechanisms are more
or less salient depending on complementors’ PORTFOLIO SIZE and PORTFOLIO DIVERSIFICATION.
Models 1a and 1b of Table 7 show the low and high
quantile groups and provide the baseline for our analysis of the role of complementors’ portfolio size. Models

2a and 2b show that the attention spillover effect is of
greater valence for developers with more apps (0.592
versus 0.404). By contrast, we do not find support for
a racing effect: The coefficient of RATINGDIFF is close
to 0 and has no significant effect on a developer’s likelihood to release an update, independent of their portfolio size.
Models 3a and 3b in Table 7 show the low and high
quantile groups and provide the baseline for our analysis of the role of complementors’ diversification. Models 4a and 4b show that the attention spillover effect is
slightly stronger for more diversified complementors
(0.494 versus 0.462). We find no substantial support
for a racing mechanism. In Model 4a, the coefficient of
RATINGDIFF is insignificant. In Model 4b, the coefficient is weakly significant, close to 0, and in the opposite direction (i.e., positive; recall that the racing mechanism suggests that complementors increase innovation activities in response to deteriorating ratings).
Taken together, we find a stronger effect of entry for
larger and more diversified complementors. One plausible explanation might be that larger and more diversified complementors perceive entry as an opportunity
to innovate rather than a threat. As entry increases
demand for a category, a category becomes more
attractive to complementors, thus attracting investments from complementors with more resources.
4.4. Robustness Checks
Whereas our main results are stable across different
specifications, consistently pointing to the finding that
entry did not crowd out innovation, there are several alternative explanations. Next, we discuss five
approaches to ensure the robustness of our findings.
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Table 7. Mediation Analyses Split by PORTFOLIO SIZE and PORTFOLIO DIVERSIFICATION
(1a)
Major
update

Subsample
Specification
After × Photos

(1b)
Major
update

LPM

LPM

LPM

0.068∗∗∗
(0.010)

0.138∗∗∗
(0.021)

0.030∗∗∗
(0.007)
0.007
(0.010)

0.034∗∗
(0.011)
−0.009
(0.022)

0.404∗∗∗
(0.043)
0.004∗∗
(0.001)
Yes
Yes
0.12
30.5∗∗∗
21,936

0.592∗∗∗
(0.049)
0.004
(0.003)
Yes
Yes
0.20
41.3∗∗∗
8,010

Reviewsdiff

App fixed effects
Month fixed effects
Adj. R-squared
F
N

(2b)
Major
update

(3a)
Major
update

(3b)
Major
update

(4a)
Major
update

(4b)
Major
update

Low-quantile High-quantile Low-quantile High-quantile
Low-quantile High-quantile Low-quantile High-quantile
group of
group of
group of
group of
group of
group of
group of
group of
PORTFOLIO PORTFOLIO PORTFOLIO PORTFOLIO
PORTFOLIO PORTFOLIO PORTFOLIO PORTFOLIO DIVERSIFIDIVERSIFIDIVERSIFIDIVERSIFISIZE
SIZE
SIZE
SIZE
CATION
CATION
CATION
CATION

Ratingdiff

Intercept

(2a)
Major
update

0.005∗∗
(0.002)
Yes
Yes
0.024
24.0∗∗∗
21,936

0.004
(0.003)
Yes
Yes
0.064
24.1∗∗∗
8,010

LPM

LPM

LPM

LPM

LPM

0.089∗∗∗
(0.013)

0.114∗∗∗
(0.025)

0.035∗∗∗
(0.009)
0.014
(0.012)

0.034∗∗∗
(0.010)
0.037∗
(0.017)

0.462∗∗∗
(0.063)
0.005∗
(0.002)
Yes
Yes
0.14
29.7∗∗∗
15,774

0.494∗∗∗
(0.057)
0.004
(0.003)
Yes
Yes
0.16
25.5∗∗∗
5,016

0.005∗
(0.002)
Yes
Yes
0.035
24.3∗∗∗
15,774

0.010∗
(0.004)
Yes
Yes
0.047
13.771∗∗∗
5,016

Notes. The table shows the regression results of additional analyses based on the portfolio size and diversification of complementors. Robust
standard errors are clustered on app and given in parentheses. N is given in app-months.
∗
Significance at the 5% level; ∗∗ significance at the 1% level; ∗∗∗ significance at the 0.1% level.

First, there may be concerns about our measure of
innovation, which relies on app updates. We used
new app releases as an alternative proxy to check the
robustness of our measure of innovation. For each category, Google maintains a ranked list of the top 500 paid
and free apps that were newly released or updated
within the last 30 days. Although Google does not
specify further conditions for membership in the ranking, analyzing fluctuations in the lists allows us to draw
inferences on the number of new apps released to the
photography category compared to other categories.
We collected monthly snapshots of the Top 500 rankings for each category in the Google Play Store over
2015. For each category-month, we then counted the
apps that entered the rankings for the first time in 2015.
We then averaged the entrant count over the pre- and
post-treatment periods.
Figure 3 compares the average monthly new entrants
for the photography category with the average
monthly new entrants per category in the Google Play
Store before and after entry. We observe a substantial increase in entrants in the photography category
compared to all other categories. When estimating the
results using ordinary least squares (OLS) regressions
and category fixed effects, the difference is significant
at conventional levels (p < 0.05). The results support
the validity of our main finding that Google’s entry
increased complementary innovation.

Figure 3. Average Monthly Entrants into the Top 500 New

Apps Rankings for the Photography Category and Others,
Before and After the Release of Photos
12

10

8

6

4

2

Other
categories
before

Other
categories
after

Photography
category
before

Photography
category
after

Notes. The figure plots the average monthly entrants per category
into the top 500 new apps rankings for the “photography” category as compared to all other categories in the Google Play Store,
before and after the release of Photos. The whiskers give the standard
errors.

Second, we tested for heterogeneity between treatment and control groups. We investigated the assumption underlying the DID approach that sorting into
treatment and control groups is random. We tested
whether apps in the treatment and control groups
are statistically indistinguishable in terms of pre-entry
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Table 8. Robustness Check for Pre-Entry Heterogeneity of

Table 9. Robustness Check for Pre-Entry Parallel Trends of

Treatment and Control Groups

Treatment and Control Groups

Specification
Photos

(1)
Major update

(2)
Ratingdiff

(3)
Reviewsdiff

(4)
Price

LPM

Linear

Linear

Linear

Specification

0.007
(0.007)

0.006
(0.019)

0.017
(0.018)

0.033
(0.034)

Predictors
Time trend

Notes. The table shows the regression results of assessing pre-entry
differences of apps affected by entry and apps not affected. The intercept is omitted for the sake of brevity. The estimates indicate no
significant differences. Robust standard errors are clustered on app
and given in parentheses. N  19,860 in app-months.
∗
Significance at the 5% level; ∗∗ significance at the 1% level;
∗∗∗
significance at the 0.1% level.

observational characteristics. We observe in Table 8
that prior to entry, treatment and control apps show
similar characteristics: They have the same likelihood
of major update, the same average rating, receive a
similar number of reviews, and have the same average price. Despite observational equivalence, however,
there may still be an unobserved heterogeneity in the
time trends between treated and untreated apps that
our previous analyses did not reveal. Although we
have safeguarded our estimations by including time
fixed effects, there is the possibility that treatment
and control apps were on different pre-treatment time
trends. To assess differences in such trends, we follow
the procedure proposed by Bertrand et al. (2004) and
estimate models where we interact a continuous time
indicator (TIME TREND) with the treatment indicator PHOTOS for the pre-entry periods. Table 9 shows
estimations of pre-entry time trends for major update,
rating, reviews, and price. The estimates suggest that
there is a time trend in some of the outcomes used, but
that this trend is identical for apps affected by treatment and for control apps. The estimated coefficient of
PHOTOS × TIME TREND is not statistically different
from 0, further supporting our choice of the control
group. The results reinforce the claim that our fixed
effects strategy has effectively controlled for ex ante
heterogeneity in the groups.
Third, we conducted falsification tests to ensure that
our research design appropriately isolates the effect of
entry. Our research design is based on the assumption
that the release of Photos only affected photography
apps. We observed that entry did not affect our control
group of entertainment apps, which gives confidence
that the reaction to the treatment was as expected, in
terms of affecting photography apps. If we observe,
in addition, that entry did not alter complementors’
decision to update their apps in any category of the
Android ecosystem other than photography, then this
should provide substantial evidence for the identifying assumption of our research design. To investi-

Photos ×
Time trend

(1)
Major update

(2)
Ratingdiff

(3)
Reviewsdiff

(4)
Price

LPM

Linear

Linear

Linear

0.006∗∗∗
(0.001)

−0.013∗∗∗
(0.002)

0.000
(0.001)

−0.000
(0.000)

0.002
(0.001)

0.001
(0.001)

0.003
(0.002)

0.000
(0.002)

Notes. The table shows the regression results of assessing pre-entry
differences in time trends of apps affected by entry and apps not
affected. The intercept is omitted for the sake of brevity. The estimates indicate no significant differences. Robust standard errors are
clustered on app and given in parentheses. N  19,860 app-months.
∗∗∗
Significance at the 0.1% level.

gate this possibility, we reestimated our core regression predicting the likelihood of a MAJOR UPDATE for
each app category in our sample. Online Appendix E
summarizes these reestimations using the apps within
each category as a subsample. The results support our
identifying assumption, i.e., that the release of Photos was associated with significant changes in MAJOR
UPDATE only in the category for photography apps.
Fourth, we used an alternative identification strategy based on a more granular measure of similarity
between apps based on Hoberg and Phillips (2010).
Even within the photography category, some apps may
be more similar to Photos than others, thus apps within
the photography category may differ as to how they
are affected by entry. Therefore, we constructed an
additional measure of app similarity by computing
the cosine similarity of the descriptions of apps to the
description of Photos (Hoberg and Phillips 2010). This
measure has the advantage of being a continuous indicator of treatment. Mathematically, the cosine similarity is a measure of similarity between two vectors of an
inner product space in terms of the cosine of the angle
between these two vectors. This procedure yielded a
measure of PHOTOS OVERLAP defined between 0
and 1, where higher values indicate a higher similarity
of an app with Photos. We then reestimated our models
using PHOTOS OVERLAP as the treatment indicator
for apps affected by entry. Online Appendix F summarizes the procedure and the estimates obtained. The
analyses confirm our main finding. We observe positive and significant effects of entry on MAJOR UPDATE
and a mediating effect of REVIEWSDIFF on MAJOR
UPDATE. The coefficients show similar signs and significance as in our main estimation. In sum, when
using PHOTOS OVERLAP as a treatment indicator, we
find support for our main results.
Although we believe that the “photography” category is a reasonable choice for assessing the treatment
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effects and despite reasons that apps in the “social”
category may not be a good fit as a treatment group,
we also assessed the reactions of complementors in the
social category.8 In particular, we ran analyses in which
we extended the treatment group to include both
apps in the categories “photography” and “social.” See
Online Appendix G for the resulting estimates. When
extending the treatment group to “social” apps, we
find our main estimates confirmed. However, extending the treatment group leads to weaker effect magnitudes and lower explained variance. Thus, “social”
apps appear to be less affected by the release of Photos, strengthening the use of “photography” apps to
isolate the effects. We also computed the cosine similarity (Hoberg and Phillips 2010) between the description
texts of apps in the “social” category and Photos to
obtain a broad indicator of the similarity between apps
in the “social” category and Photos. The mean cosine
similarity we obtained is 0.162 (0.094), which is significantly lower than the mean cosine similarity between
“photography” apps and Photos, which is 0.284 (0.136).
Therefore, we conclude that using the “photography”
category as the treatment group is appropriate.

5. Discussion

5.1. Main Findings
Our goal in this study was to understand the consequences of a platform owner’s decision to enter the
market complementary to its platform for complementary innovation as well as implications for platform
governance. We assessed the consequences of entry
by exploiting a quasi-experiment in the context of
Google Photos, an Android app that Google released
in May 2015.
Our results yield three major findings. First, the
release of Google Photos triggered an increase in complementary innovation. We estimate a 9.6% increase
in the likelihood of a major update for apps affected
by Google’s entry, compared to apps not affected by
entry. This effect is robust to alternative specifications of innovation and various choices of the control
group, and accounts for any time-invariant app-level
heterogeneity.
Second, we found that the increase in complementary innovation is likely to result from an attention
spillover effect, and not from a racing effect. For photo
management apps, there was a strong increase in consumer attention as inferred from differences in the
number of reviews they received following Google’s
market entry, thereby creating a new and strong incentive for complementors to innovate.
Finally, we found that the attention spillover effect
is particularly pronounced for resourceful complementors. One plausible explanation is that complementors
with a larger or more diversified portfolio of apps perceive a platform owner’s entry and the consequent
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increase in consumer attention for a category as an
opportunity as opposed to a threat, and therefore may
direct their efforts toward that particular category.
5.2. Contributions
Our study makes three main contributions. First, we
provide evidence on the influence of platform owners’
entry on complementary innovation. Entry represents
a key decision in platform governance as it may allow
platform owners to appropriate rents, foster integration, and retain control over platform evolution (Farrell
and Katz 2000, Gawer and Henderson 2007). Because
prior work on the economics of multi-sided markets
viewed entry as a means to recoup investments and
argued that entry will erode complementors’ innovative efforts (e.g., Farrell and Katz 2000, Hagiu and Spulber 2013), our findings suggesting that entry fosters
complementary innovation contribute novel insights to
this discussion. Our findings also relate to prior work
from a strategy perspective that stressed the importance of platform leadership and commitment to not
squeezing complementors by infusing too much competition (e.g., Cusumano and Gawer 2002, Wareham
et al. 2014). We extend this work because our findings
suggest that entry may be one way to show platform
leadership as it gives complementors opportunities to
successfully innovate.
The second contribution of this paper is to untangle supply-side and demand-side explanations, i.e.,
whether entry triggers a complementor-side racing
mechanism (Barnett and Hansen 1996, Barnett and
Pontikes 2008) or a consumer-side attention spillover
mechanism (Liu et al. 2014, Sahni 2016). While racing and attention spillover mechanisms have been
described before, this study documents their relative
salience in influencing complementary innovation. The
finding that the positive effects of entry on complementary innovation are driven by demand-side attention spillover effects while there was no evidence for
supply-side racing effects can be interpreted in light of
same-side and cross-side network effects (Eisenmann
et al. 2006, Parker and Van Alstyne 2005).
Our finding that the observed innovation effects
are not related to racing effects means that Google’s
entry did not substantially stimulate complementorside direct network effects (see Online Appendix H).
Instead, Google’s entry seemed to stimulate cross-side
network effects, in terms of an indirect effect triggered
via the consumer side. Thus, entry could be interpreted
as reinforcing the cross-side positive network effects
that helped the platform ignite and grow.9
Extending the work on platform engineering and
design (e.g., Eaton et al. 2015, Ghazawneh and Henfridsson 2013), our work suggests that entry into complementary markets may not only help platform owners control the quality of add-on functionality in terms
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of securing such functionality but that it may also provide a resourcing instrument as entry provides complementors with “digital real estate [. . .] available for
their own innovations” (Parker et al. 2016, p. 175). In
addition, we contribute to the work on consumer attention by outlining potential consequences of attention
spillovers on complementary innovation as an important outcome for many firms (e.g., Li and Agarwal
2017, Liu et al. 2014).
Our final contribution is an improved understanding of the conditions that affect the salience of attention spillover effects. We extend prior work by suggesting that attention spillover effects may create stronger
incentives to innovate for some complementors than
for others and by identifying specific characteristics
of complementors that affect the salience of attention
spillover effects (Boudreau 2017). Considered in the
light of work on platform governance, we contribute
to a stream of research that recognizes differences in
the characteristics and behaviors of complementors
(Boudreau 2017, Boudreau and Jeppesen 2015).
5.3. Research Implications
Our study suggests at least three implications for
research. First, our research has implications for understanding the effects of entry on complementary innovation. Although focusing on whether platform owner’s
entry into complementary markets promotes or hurts
innovation is important, there is a need to understand
conditions that explain when the effects will be beneficial or detrimental. These conditions may be related to
the heterogeneity across platforms in that not all platforms are “born equal” (see Thomas et al. 2014). Such
heterogeneity can arise from the design, context, and
evolution of a platform.
From a design perspective, the differences between
product platforms and digital platforms may explain
the differing effects of entry. Whereas product platforms are based on single design hierarchies that coordinate distributed product development, such as in
supply chains or alliances (Gawer 2014), digital platforms are based on layered design hierarchies developed for uncoordinated innovation (Yoo et al. 2010),
such as in our study context. Complementor behavior on product platforms may deviate from the behavior observed on digital platforms as more recent studies indicate (Boudreau 2017, Boudreau et al. 2017, de
Reuver et al. 2017).
From a context perspective, the difference between
consumer and enterprise platforms may explain the
differing effects of entry. For example, attention
spillover may be less salient in enterprise contexts
because such contexts are often characterized by fewer
platform adopters, higher switching costs or more
sophisticated decision processes in client’s purchasing
departments.
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Finally, from an evolution perspective, platform
owner’s market entry should be interpreted in light
of a platform’s history. Whereas our study considers
Google’s entry into the market for photography apps,
additional insights may be obtained when considering a platform’s evolution. For example, Apple and
Google have taken different approaches to governing
their mobile platforms and balancing discipline and
autonomy of complementors (Mithas and Kude 2017).
Apple has been careful in opening its iPhone platform,
allowing few key complements in the beginning, but
gradually increasing access to the platform over time.
By contrast, Google’s Android platform has traditionally shown a largely uncontrolled mode of governance.
Over time, Google implemented a series of actions to
regain control over its platform, especially with the
goal of increasing complement quality and reducing
device and software fragmentation. We call for future
research on a platform’s evolution when studying market entries of platform owners. In the case of Google,
this means that the release of Photos as well as complementary innovation should be studied considering
Google’s control moves over time.
Second, our research has implications for understanding attention spillover and racing mechanisms in
complementary markets. For attention spillover mechanisms, our research raises important questions related
to their temporality and transferability. We call for
future research exploring whether attention spillover is
enduring. For complementors, if the effect is sustained,
they might benefit from Google’s entry. For platform
owners, if the effect is sustained, they have incentives to
enter complementary markets not only to capture value
but also to create new value. In addition, there is a need
to understand whether attention spillover spreads to
other platforms. For example, the release of the Google
Photos app may also affect complementors on Apple’s
iPhone platform, creating cross-platform innovation
dynamics that require future research. Closely related
is the question whether attention spillover mechanisms
are triggered if a large firm other than the platform
owner enters the complementary market. For example,
in 2016, Nintendo announced the release of its classical game Super Mario for Apple’s platform. Large
firms such as Nintendo have stronger market power
than many of the small complementors, which poses
questions as to whether such an entry may create similar attention spillover effects than the platform owner’s
entry and how such an entry compares to the effects
observed in this study. For the racing mechanism,
future research should consider two factors describing
ecosystem contexts: Power imbalance and ex ante information. Arguably, racing mechanisms may be muted
when complementors deliberately avoid competition
with the platform owner if market power is concentrated with the platform owner, whereas racing mechanisms might be more pronounced when power is more

458
equally distributed between platform owners and complementors. Racing mechanisms might be affected by
a platform owner’s upfront provision of information
about a planned market entry. The availability of such
ex ante information might influence a complementor’s
efforts to match a platform owner’s entry.
Third, our research has implications for understanding how the outcomes of a platform owner’s governance decisions are influenced by heterogeneity
among complementors (Boudreau 2017, Boudreau and
Jeppesen 2015, Tiwana 2015). Our results suggest that
the attention spillover mechanism is more pronounced
among complementors that are well endowed with
resources, in that they offer apps in different categories,
based on the argument that these complementors recognize the opportunities associated with increased
customer attention. Future research may build on these
insights and study the role of other complementor
characteristics for the salience of attention spillover
effects. For example, prior work has studied downstream capabilities and intellectual property rights as
factors influencing complementors’ sales and the likelihood of an initial public offering (Ceccagnoli et al.
2012). Future research may examine whether these and
similar factors also have an effect on the salience of the
attention spillover mechanism.
5.4. Policy and Managerial Implications
Our contributions have important policy and managerial implications. First, from a policy perspective, we
provide some new insights for regulatory and antitrust investigations into whether a platform owner’s
behavior affects consumer surplus and innovation. Our
findings imply that Google’s entry attracted consumers
to the focal market niche, which triggered more innovation from complementors at least in the short term.
However, we do not discount the possibility that entry
may have unintended consequences in the long run
by deterring complementors from making investments
in innovation that improves consumer choice and welfare. An implication of our research is that the standard economic models often used in antitrust analysis
should consider the two independent sides in the context of platforms, i.e., consumers and complementors,
and that regulators should consider the short-term and
long-term implications of entry.
Second, our findings have implications for platform owners. As our study involves a well known
instrument for governing complementary innovation,
it informs platform owners of the direct consequences
of their decision to enter complementary markets. Our
research suggests that platform owners should consider the consumer-side attention spillover mechanism
as a potential way to encourage complementary innovation. More broadly, the findings of this study highlight the need to focus on value creation logic and
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initiatives that leverage customer voice and customer
involvement (e.g., design thinking and empathy with
users) to enhance customer satisfaction (Hult et al.
2017, Saldanha et al. 2017) and innovation rather than
on value appropriation logic focusing on competition
among complementors.
Third, our findings have implications for complementors. At least in the short run, complementary
innovations in our study seem to benefit from an
increased inflow of consumer attention, whereas longterm consequences are difficult to assess based on
our research design. A recent article in The Verge provides anecdotal evidence about a small developer for
which the release of Google Photos in the long term
“drove a dagger into the heart” of their products, cutting their revenues by almost one-third (Newton 2016).
While our data does not allow generalizable analyses
of potential monetary consequences, the discussion on
actual profits of complementors and how that affects
their future propensity for innovation in the app economy is important and requires further research.
Finally, our findings have implications for start-ups
and entrepreneurs active in complementary markets.
These firms usually fear that platform owners enter
their market because they have comparably less power
to defend their position. Our findings illustrate the
implications of a platform owner’s entry into a popular niche in the complementary market such as photo
management. It seems likely that small complementors
face a trade-off between larger, popular market niches
that might be prone to entry by the platform owner
and less popular market niches in which entry might
be less likely.
To conclude, in this study, we assessed the consequences of Google’s entry into the market for photography apps on its own Android platform in 2015. Our
analyses suggest that complementors in the affected
market category were more likely to update apps after
Google’s entry. Our analyses support the explanation that the increased innovation does not represent
a competitive response to entry but instead results
from a spillover of consumer attention. This attention
spillover effect was particularly pronounced for larger
and more diversified complementors. These findings
provide new insights to inform platform governance
for leveraging complementary innovation, and should
be informative for policy makers, platform owners, and
entrepreneurs engaged in app development.
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Endnotes
1

The notion of uncoordinated and generative complementary innovation contrasts with the notion of product families and product
platforms in the organizational literature on distributed product
development (Thomas et al. 2014). Components in traditional modular architectures are product-specific (see Yoo et al. 2010), while
components in layered modular architectures are product-agnostic,
meaning that they can be bundled in a variety of unforeseen ways
with other platform components or external components. We also
distinguish between purposed and unpurposed innovation: Purposed innovation means that the platform owner seeks innovation
in particular areas, ways, and points in time; unpurposed innovation means that the platform owner seeks to stimulate unprompted
innovation without coordination.
2

The Google Play Store is a distribution service offered by Google.
At the time of the study, it is the official app store for the Android
operating system. The Google Play Store allows users to browse
and download applications developed for Android and published
through Google. The Google Play Store also offers music, books,
movies, and various other digital content.
3

Google had largely refrained from releasing its own Android apps
in the past that would have interfered with complementors. While
Google offered apps for their own services in Google Play, including email, camera or calendar, these services existed long before the
Android platform. By contrast, Google’s major competitor, Apple,
had entered complementary markets several times, e.g., in the cases
of iBooks (2010), Find My Friends (2010), and Garage Band (2011).
The release represented Google’s decision to decouple the photography features from its social network Google+ and to combine it with
the functionality of Google’s web and desktop photo service Picasa.
See Online Appendix B for a timeline of events that lead to the introduction of the Google Photos Android app. Several articles in the
trade press speculated that with Photos, Google not only intended
to get a foothold in the market for photography apps but also to
fuel Google’s advertising, cloud storage, and web service businesses.
Parallel to the release of the Google Photos Android app, Google
released a Google Photos web service and a Google Photos app to
Apple’s App Store. In this paper, we focus solely on the impact of
Photos on the market of photography apps on the Android platform. Although the trade press described Google+ and Picasa as
having superior functionality compared to their competitors, they
also stated that each lacked an appropriate user base. In 2016, Google
discontinued Picasa and announced a decision “to focus entirely on
a single photo service in Google Photos” (Sabharwal 2015).
4

Our choice of the pre-entry and post-entry periods is informed by
prior work (Li and Agarwal 2017) but also resulted from trading
off variance and standard errors. Longer periods may increase variance but may blur complementors’ reactions to entry because, with
increasing length, we cannot exclude confounding events. In particular, Google released an update to its Android software development
kits (SDKs) in late September, a new version of the Android operating system in October, and updated Photos with new features in
December. To deliberately avoid potentially confounding events, we
restricted our observation period to March–September.
5

We ensured the validity of the computer-assisted text analysis by
backward-coding a subset of the release notes. We drew a random
sample of 100 release notes from our data set and let two independent research assistants code the release notes into minor and major
updates based on our agreed on definitions. The results of this procedure increased our confidence that the algorithms used were accurately identifying major updates as the research assistants agreed

in 96 of 100 cases with the algorithm-based coding. See Online
Appendix D for exemplary release notes and their classification.
6

Relying on the number of reviews is also advantageous compared
to methods that infer demand from publicly available data on app
ranks, such as that proposed in Garg and Telang (2013). Rank-based
methods restrict potential investigations to ranked apps, whereas our
approach offers the advantage to study a representative sample.
7

We assessed the plausibility of these mechanisms through informal conversations with complementors and industry experts to gain
insights into the unique setting of this case.
8

First, because Photos is listed in the “photography” category, it
competes for consumer attention mostly with apps in the “photography” category rather than apps in the “social” category. Second, the social aspect of Photos, at least at the time of its introduction in 2015, is much less pronounced than for apps listed in the
“social” category that also offer photo functionality (e.g., Google+,
Instagram). Although Photos has social functionality (e.g., tagging
friends, sharing), most of the utility of the app derives from having a
fully-fledged tool for organizing, editing, and safely storing photos.
In fact, an important social feature of the app, i.e., shared albums,
was first introduced three months after the end of our observation
period. Therefore, we hypothesized that photography apps would
be much more affected by the release of Photos as several hundred
apps offered functionality for editing, organizing, and storing photos. Finally, apps in the “social” category show very diverse functionality or purpose (e.g., Facebook, Blogger or Badoo), which might
make it difficult to conclude that major updates of these apps are
related to overlaps with Photos. We thank an anonymous reviewer
for suggesting this additional analysis as a robustness check.
9

We thank an anonymous reviewer for suggesting this discussion.
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