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Abstract
Research Summary: Acquisitions can shift the market

structure of a digital platform in ways that affect subse-

quent entries and hence the platform's base of com-

plementors. Synergies that complementor acquirers

accrue can be entry-deterring. We develop a two-by-two

typology of acquisition synergies in a multisided plat-

form based on the two sides of a platform market (user

side or complementary-technology side) and two sources

of synergies (economies of scale or economies of scope).

We then leverage over 279,000 app developers' entry

decisions into product categories in Apple's iOS App

Store, over 71 million customer reviews, and over 12,000

unique software development kits to construct measures

of synergies. Our paper contributes to the platform litera-

ture by demonstrating the entry-deterring effects of syn-

ergies that complementor acquirers can exploit.
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Managerial Summary: Wedevelop the following typol-

ogy of four types of acquisition synergies by integrating the

multisidedness feature of digital platforms with the main-

stream strategy research: complementary-technology-side

economies of scope, complementary-technology-side

economies of scale, user-side economies of scope, and

user-side economies of scale. We show that (1) acquisition

synergies are entry-deterring, (2) synergies derived from

economies of scope have stronger effects than those

derived from economies of scale, and (3) synergies derived

from the technology side have stronger effects than those

derived from the user side. We highlight the significant

competitive and regulatory implications of our findings.

For example, one standard-deviation increase in technol-

ogy-side economies of scope is associated with 55 deterred

entries in 1 month or a $2.80 million potential loss in

annual revenue.

[Correction added on 15 July 2024, after first online

publication: Research Summary and Managerial Sum-

mary have been corrected in this version.]
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1 | INTRODUCTION

Complementors are crucial for value creation in a platform market. While the platform owner
creates the infrastructure and plays an orchestrator role, complementors offer complementary
products, services, and functionalities, influencing the quantity, quality, and diversity of experi-
ence that a platform can provide to consumers (Cennamo, 2018; Miric et al., 2023; Rietveld
et al., 2021). Recent platform literature has increasingly emphasized the role of complementors
and especially factors that affect complementors' population dynamics (Agarwal et al., 2023;
Rietveld et al., 2019; Rietveld et al., 2020; Rietveld & Ploog, 2022). We contribute to this growing
body of literature by investigating the relationship between two fundamental processes that
shape the dynamics of a platform's complementor base: acquisitions and market entries.
Whereas acquisitions of complementors can significantly change the industry structure through
consolidation of market power, market entries contribute to the addition of new capacity.1

However, if synergies derived through acquisitions deter market entries, then researchers and

1We thank the SMJ editor for an insight related to this point.
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policymakers should pay serious attention to the anticompetitive implications of acquisitions of
complementors in platform markets.

Acquisitions of complementors are economically significant. There were 872 acquisitions of
complementors in Apple's iOS App Store alone between 2008 and 2015. According to available
information in Securities Data Company Platinum, the average total assets of acquirers was
$24.18 billion while the corresponding average of the targets was $2.86 billion. A particularly
visible example, Facebook's $22 billion acquisition of Whatsapp in 2014 (Economist, September
17, 2016) has been under the scrutiny of the US Federal Trade Commission for several years.
After Activision Blizzard's $5.9 billion acquisition of the mobile game development company
King, the Activision CEO, Bobby Kotick, noted that the deal “solidifie[s] [the company's] posi-
tion as the largest, most profitable, standalone company in interactive entertainment”
(BBCNews, 2015). And, of course, Activation was subsequently acquired by Microsoft in 2023, a
deal valued at $69 billion (Forbes). The deal provoked yet another debate on underlying anti-
trust concerns for (or against) tightening the regulatory scrutiny of technological firms' acquisi-
tions (Economist, July 15, 2023).

While acquisitions of complementors can lead to the consolidation of complementors in a
platform and ultimately influence the platform's vibrancy, innovativeness, and long-term
growth, extant research on acquisitions in platform markets has primarily focused on those ini-
tiated by platform owners. These are either between-platform acquisitions (e.g., Correia-da-Silva
et al., 2019; Farronato et al., 2024; Ivaldi & Zhang, 2022; Song, 2021) or a platform owner's
acquisitions of its complementors (e.g., Khan, 2017; Wen & Zhu, 2019). Platform owners differ
substantially from complementors. Platform owners are large and dominant, but few in num-
ber. While platform owners' high-profile acquisitions can attract substantial public attention,
acquisitions by complementors are much more frequent. Attending only to platform owners
may result in oversight of an important source of the anticompetitive behaviors in platform
markets. In addition, because complementor acquirers are more abundant, studying them
makes it more empirically feasible to unpack acquirer heterogeneities in market power. There-
fore, the lack of research on the effect of acquisitions of complementors on subsequent entries
constitutes a critical literature gap. We hence ask the following research question: When do
acquisitions of complementors in a platform's product categories deter future entries?

We address this important gap by studying the impact of acquisitions of complementors in a
given product category on potential entrants' decisions to enter this category. We go beyond the
traditional literature's approach of anchoring on the number of acquisitions (e.g., Berger
et al., 2004) (which we control for). We instead unpack the detailed synergies from different
sides of a platform that complementor acquirers can derive, and we then examine the associa-
tions between each type of synergy and future market entries in a product category. In particu-
lar, as shown in Figure 1, we develop a typology of synergies from complementor acquirers'
multisidedness in interacting with both the user side (i.e., individual customers who use com-
plementors' product offerings) (Hagiu & Wright, 2015; Ozalp et al., 2018; Rietveld &
Eggers, 2018; Rochet & Tirole, 2006) and the complementary-technology side (i.e., software
development kits [SDKs], that enable complementors to develop and integrate product features)
(Agarwal et al., 2023; Agarwal & Kapoor, 2023; Chen et al., 2022; Hukal et al., 2022; Miric
et al., 2023). Moreover, for each side, we further separate synergies that originate from econo-
mies of scale (abbreviated as EOSL) from those that originate from economies of scope (abbrevi-
ated as EOSP). EOSL-type synergies come from the lower marginal costs through aggregated
demand and production (Argote & Epple, 1990; Feldman, 2022; Karim & Capron, 2016) and
usually accrue when acquirers and targets have overlapping product categories. By contrast,
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EOSP-type synergies arise when a firm exploits its fungible resources in product markets other
than the current one to increase the productivity of its otherwise idle or underutilized resources
(Feldman, 2022; Helfat & Eisenhardt, 2004; Karim & Mitchell, 2000; Levinthal & Wu, 2010;
Rumelt et al., 1994) and usually accrue when acquirers and targets are located in different prod-
uct categories. We develop novel empirical measures for each type of synergy—the user-side
EOSL, the user-side EOSP, the technology-side EOSL, and the technology-side EOSP—and dem-
onstrate the usefulness of leveraging large-scale text analyses for developing computational
measures of synergies in the platform market.

Our research contributes to the platform strategy literature and informs the debate on anti-
trust policy in this important market. First, we document how complementor acquirers' syner-
gies are negatively related to market entries. Specifically, we build on the unique multisided
feature of the platform market (Armstrong, 2006; Hagiu & Wright, 2015; Ozalp et al., 2018) and
the classic concepts of EOSL and EOSP in strategic management (Farronato et al., 2024;
Feldman, 2022; Karim & Capron, 2016; Ozalp et al., 2018; Parker et al., 2021; Rumelt
et al., 1994) to develop a theory-based typology of complementor acquisition synergies, con-
struct detailed empirical measures for each type of synergy, and provide nuanced evidence
regarding the entry-deterring effects of each type of synergy. Our second contribution to the
platform literature is to shift the focus from platform-owner-initiated acquisitions to acquisi-
tions of complementors in general. By doing so, our study sheds light on a neglected aspect of
acquisitions in platform markets and answers the call from platform strategy scholars for more
research on complementor dynamics (Boudreau, 2012; Cennamo, 2018; Rietveld et al., 2020).
Finally, our paper has important policy implications. As researchers and regulators have
become increasingly concerned about how consolidation of a platform market can stifle innova-
tion and hinder competition (Khan, 2017; Parker et al., 2021; Zhu & Liu, 2018), there is an
increased need for a better understanding of the underlying mechanisms through which acqui-
sitions can deter future entries. For example, one of our key findings is that increasing comple-
mentary-technology-side economies of scope by one standard deviation is associated with
55 deterred entries in a month or a $2.80 million potential loss in annual revenue.

FIGURE 1 A stylized diagram of the multisided platform market of Apple's iOS App Store. We developed

this diagram by building on prior platform studies (e.g., Cennamo, 2021; Hagiu, 2014; Hagiu & Wright, 2015;

Kapoor & Agarwal, 2017; Ozalp et al., 2018; Rietveld et al., 2020) to reflect the multisidedness of the platform

market (Apple App Store). In the diagram, dotted lines show the different sides affiliated with the multisided

platform; double-arrowed solid lines describe the second unique feature of a platform market where, unlike a

traditional industry, the different sides interface directly with each other because the platform enables these

interfaces. The three affiliated sides that our study focuses on include complementors (app developers, which

also include acquirers), users, and complementary technologies (SDKs). Depicted by the double-arrowed lines,

app developers interface directly with complementary technologies (SDKs) when adopting them and users

(by providing them mobile apps).

4 WANG ET AL.

 10970266, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sm

j.3639 by T
est, W

iley O
nline L

ibrary on [26/07/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



2 | THEORY AND HYPOTHESES

2.1 | Complementor acquirers' synergies in a multisided platform

We describe the mechanisms through which acquisitions of complementors affect entries by
integrating prior mergers and acquisitions research with the unique multisidedness feature of a
platform market (Hagiu, 2014; Hagiu & Wright, 2015; Ozalp et al., 2018; Parker et al., 2021;
Rietveld et al., 2020). According to classic economics and strategy literature, economies of scale
and scope are the two basic channels through which acquisitions can deter entry: they allow an
acquisition to create more value than the simple sum of the parts, resulting in a stronger com-
petitive advantage over other firms and, in turn, deterring future entrants (Feldman, 2022;
Puranam & Vanneste, 2016). Yet these two concepts were mostly developed in traditional
industries characterized by linear value chains, which differ from the platform settings where
multisidedness plays a central role (Cennamo, 2021; Farronato et al., 2024; Li & Agarwal, 2017;
Miric et al., 2021; Ozalp et al., 2018; Parker et al., 2021; Zhu & Liu, 2018). This fundamental dif-
ference requires us to reconceptualize economies of scale and scope in the context of platforms.

EOSL arises when an acquisition occurs in the same market and the combined entity can
leverage the increased scale to lower cost or increase willingness to pay (Argote & Epple, 1990;
Feldman, 2022; Karim & Capron, 2016). EOSP arises when an acquisition spans different mar-
kets, across which the acquirer gains advantage through sharing or reallocating resources
(Feldman, 2022; Helfat & Eisenhardt, 2004; Karim & Mitchell, 2000; Levinthal & Wu, 2010;
Rumelt et al., 1994). We interact these two economies with the two sides of a platform
to develop the following typology: the user-side EOSL, the user-side EOSP, the complementary-
technology-side EOSL, and the complementary-technology-side EOSP.

Economies of scale (EOSL) Economies of scope (EOSP)

User side Quadrant 1. When the products and
services of the acquirer and of the target
serve overlapping product categories such
that the scale of the user base will
increase.

Quadrant 2. When a common user base
can be potentially leveraged across the
acquirer's and the target's nonoverlapping
product categories.

Complementary-
technology side

Quadrant 3. When the acquirer's set of
complementary technologies can be
applied in overlapping product categories
with the target.

Quadrant 4. When the acquirer's set of
complementary technologies can be
applied across nonoverlapping product
categories with the target.

2.2 | Complementor acquirers' economies on the user side

We first focus on economies from the user side (as shown in Figure 1). We define users as the
ultimate consumers that purchase and utilize the final products or services provided by com-
plementors; users are critical sources from which complementor acquirers can derive synergies
(Agarwal et al., 2023; Clough & Wu, 2022; Gregory et al., 2021; Ozalp et al., 2018;
Rietveld, 2018). While some complementor acquirers (such as those that offer social networking
apps) achieve user-side EOSL by gaining a larger base of engaged users in the same market

WANG ET AL. 5
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(Farronato et al., 2024), others achieve user-side EOSP by serving a common set of users that
have correlated preferences across different product categories (Schmidt et al., 2016; Ye
et al., 2012). Below, we distinguish between these two types of economies.

User-side EOSL (Quadrant 1) arise when an acquirer and its target serve overlapping prod-
uct categories such that the acquirer's value proposition can be amplified over the increased
user base post-acquisition. Fundamental to user-side EOSL are positive direct network effects, a
key source of competitive advantage in digital platform markets (Agarwal et al., 2023;
Cennamo, 2021; Farronato et al., 2024; Hukal et al., 2022; Ozalp et al., 2018; Parker et al., 2021;
Rietveld & Eggers, 2018; Rietveld & Ploog, 2022; Shapiro & Varian, 1999).2 For instance, when
game players can connect with other players in massive multiplayers games, they can commu-
nicate, collaborate, and compete with each other, deriving utilities from these social interac-
tions (Agarwal et al., 2023; Cennamo & Santal�o, 2019; Farronato et al., 2024; Rietveld &
Ploog, 2022). Acquiring more users can enhance network effects by creating more interaction
opportunities in the enlarged user network (e.g., Afuah, 2013; Dhebar, 2016; Iansiti, 2021; Lee
et al., 2016). Moreover, since information-based products (such as video games, movies, and
mobile apps) exhibit high fixed cost yet close to zero marginal costs, the aggregated user base
enables the acquirer to amortize the fixed costs, increase product offerings, and scale up with
hyper speed (Giustiziero et al., 2023; Parker et al., 2021; Shapiro & Varian, 1999). User-side
EOSL can be illustrated by Zynga's acquisition of Rising Tide Games, a social casino game com-
pany. The acquisition served to “further its commitment to Social Casino games” (Zynga, 2015)
and enabled it to leverage Rising Tide's user base to create additional other social games, rapidly
increasing performance gains (Takahashi, 2015). Overall, when acquisitions on the user side
solidify complementor acquirers' economies of scale, they reduce the ability of a new entrant to
achieve a critical mass of users and, consequently, deter its entry.

Hypothesis 1a. Complementor acquirers' economies of scale on the user side will
be negatively associated with the likelihood of subsequent entry into the product
category.

User-side EOSP (Quadrant 2) occurs when a common user base can be potentially leveraged
across an acquirer's and its target's nonoverlapping but related product categories (Miric
et al., 2021; Ozalp et al., 2018; Parker et al., 2021; Rietveld et al., 2020; Schmidt et al., 2016; Ye
et al., 2012). When the markets are nonoverlapping, an acquisition expands the complementor
acquirer's product portfolio, thus offering users a richer set of experiences. However, these mar-
kets need to be related in the sense that user preferences are correlated across them, ensuring
that existing users are likely to try the new products or services (though in a different product
category) offered by the merged entity (Miric et al., 2021; Schmidt et al., 2016; Ye et al., 2012).3

2Extant literature has proposed and studied various types of network effects—for instance, (1) same-side (direct) versus
cross-side (indirect) network effects, where the scholarly interest lies in the externalities from one side of platform
participants to the other side; (2) positive versus negative network effects, where the interest lies in whether the
externalities of affected participants are positive or negative; and (3) the four possible scenarios that can be defined
based on the two dimensions (e.g., see Eisenmann (2007) for the fundamentals). Here we focus on positive user-side
network effects (e.g., Iansiti, 2021) to reflect the mechanism of user-side economies of scale.
3In traditional industry contexts relatedness across markets has been theorized based on the product market and
technologies (e.g., Silverman, 1999). In the multisided digital platform that we conceptualize (shown in Figure 1), we
distinguish relatedness between two product categories in terms of user-side relatedness and complementary-technology-
side relatedness. For details of complementor acquirers' user-side relatedness to the target's product categories, please
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Research at the platform level shows that exploiting correlated user preferences across markets
is a key rationale behind platforms' envelopments into adjacent markets (Condorelli &
Padilla, 2020; Eisenmann et al., 2011).

Acquisitions enable an acquirer to integrate a target's features in the adjacent product cate-
gories and bundle those with its own core products (Chao & Derdenger, 2013; Ye et al., 2012).
Leveraging correlated user preferences across product categories facilitates users' one-stop shop-
ping, increases their utilities of adopting one product and their stickiness to it, and, conse-
quently, forecloses potential rivals' access to such users (Parker et al., 2021). An acquirer can
further enhance user experience by making the acquirer's and target's markets interoperable
(Cennamo et al., 2018; Jacobides et al., 2018; Kretschmer & Claussen, 2016). An example at the
complementor level in the mobile app market is Facebook's acquisition of Branch, a company
that specialized in facilitating users' conversations and news sharing. The acquisition not only
enabled Facebook to “improve its News Feed”4 but also expand from its core market (social net-
working) to an adjacent market (news) with a standalone product.5 Acquisitions like this will
make it harder for a new complementor to compete with Facebook when it comes to news shar-
ing among users. Hence, when acquirers are in a position to leverage EOSP on the user side,
such acquisitions will be negatively associated with future entries.

Hypothesis 1b. Complementor acquirers' economies of scope on the user side will
be negatively associated with the likelihood of subsequent entry into the product
category.

2.3 | Complementor acquirers' economies on the
complementary-technology side

Complementary technologies here refer to technologies in a platform that can be deployed by
complementors to enhance the value or functionalities of their products and services (e.g.,
Agarwal & Kapoor, 2023; Hukal et al., 2022; Teece, 1986). While the platform owner can pro-
vide complementary technologies, such as SDKs that enable developers to realize basic app
functionalities (e.g., UIKit6 to display objects on screen for users to interact with), third-party
providers can also offer such technologies that can be used to integrate and enhance additional
features (e.g., Open Graphics Libraries, or OpenGL,7 for rendering graphs, for instance, in
mobile games).8 We argue that EOSL and EOSP can exist on the side of complementary tech-
nologies in digital platform markets (Ganco et al., 2020).

refer to the user-side measures based on “comentioning” later in the manuscript and the “correlated user preferences”
section in online Appendix B; and, for details of acquirers' technology-side relatedness to the target's product categories,
please refer to complementary-technology-side measures based on “technological fungibility” later in the manuscript
and measures in online Appendix C based on “technology cosharing.”
4Source: https://www.theverge.com/2014/1/13/5303702/facebook-acquires-link-sharing-app-branch-for-15-million,
accessed on November 28, 2023.
5Source: https://laughingsquid.com/potluck-2-0-an-iphone-app-for-reading-curated-news-and-discussing-it-with-
friends/, accessed on November 28, 2023.
6Please find Apple's Developer Documentation at https://developer.apple.com/documentation/uikit/about_app_
development_with_uikit.
7Please find additional information at https://en.wikipedia.org/wiki/OpenGL.
8We provide in online Appendix D each product category's top-ten used SDKs and their frequency of usage.
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Complementary-technology-side EOSL (Quadrant 3) occurs when an acquirer's set of comple-
mentary technologies can be applied in overlapping product categories with the target to reduce
the cost and effort of developing, maintaining, or scaling its product or service. When an
acquirer and the target operate in overlapping product categories, the acquirer can integrate the
technological features from both entities, strip away redundancies, and amortize costs over
aggregated demand (Capron et al., 1998; Rabier, 2017; Rumelt, 1982; Teece, 1986). For product
development, complementary technologies provide standardized tools and libraries so that com-
plementors do not have to “reinvent the wheel” for common functionalities. Such standardiza-
tion makes it faster and more efficient to develop multiple applications or iterations (Miric
et al., 2023; Parker et al., 2021). For product maintenance and updates, complementary technol-
ogies with a common set of tools or libraries help streamline the processes. An update or patch
can be applied across all products using the same complementary technology and thus reduce
time and fragmentation. For product scaling, complementary technologies help ensure that
complementors' products run smoothly even as the user base or data volume grows. The shared
tools or libraries ensure connectivity, caching, and optimized queries, which can handle larger
data volumes and more concurrent users. Repetitive usage of technologies for scaling purposes
also avoids high adjustment costs, which is a main reason for digital companies' hyper scalabil-
ity (Giustiziero et al., 2023).

The potential advantages that acquirers may accrue translate into competitive disadvantages
for potential entrants, thereby reducing their entry motivations. For example, Veeva, a cloud
computing provider for life science industries, acquired Selligy, which specializes in customer
relationship management (CRM). The acquisition makes the target (Selligy) part of their “many
CRM products and services, which can be used in a variety of commercial applications,”9 hence
strengthening the acquirer's (Veeva) position in the overlapping product category (business).

In sum, acquirers' enhanced economies of scale on the complementary-technology side of
the platform market are likely to deter potential entrants.

Hypothesis 2a. Complementor acquirers' economies of scale on the complemen-
tary-technology side will be negatively associated with the likelihood of subsequent
entry into the product category.

Complementary-technology-side EOSP (Quadrant 4) occurs when a common set of comple-
mentary technologies can be applied across nonoverlapping product categories of an acquirer
and its target so that the acquirer can more efficiently produce multiple products, services, or
functionalities. While nonoverlapping, these markets are related in terms of complementary
technologies (as explained in greater detail in Appendix C), meaning that they are fungible
across markets of the acquirer and the target (Jacobides et al., 2018; Levinthal & Wu, 2010;
Sakhartov & Folta, 2014). Fungible digital technologies are akin to general purpose technologies
that have a wide range of applications (Agarwal & Kapoor, 2023; Hukal et al., 2022; Parker
et al., 2021; Shapiro & Varian, 1999). Specifically, when the shared complementary technologies
can be applied across multiple markets, technology fungibility allows complementors to expand
the variety of their offerings without proportional increases in costs.

Furthermore, when complementary technologies are fungible in related markets across the
acquirer and the target, the post-merger integration of the two entities' technologies is smoother
and the acquirer is able to provide more coherent experiences to customers (across its own and

9Source: https://www.10bestcrm.com/software/systems/2017/february/selligy/, accessed on November 28, 2023.
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the target's markets), increase their utilities, and hence increase their stickiness to its products.
The shared complementary technologies may support plug-ins or extensions, which allow an
acquirer to directly integrate its target's products and services. This capability helps the acquirer
quickly add diverse features or integrations to its existing products or services. Doing so allows
users to conduct one-stop-shopping in the companies' products that they have already used
and, consequently, reduces the need to promote a completely new functionality. After users
start to use the added functionality, the shared complementary technology can further ensure
they have a consistent experience due to the common design principles and user experience
guidelines. Together, complementary-technology-side EOSP eases the process for an acquirer to
leverage user familiarity and create a unified experience across diverse product offerings.

We illustrate our argument with an example: in 2013, Yandex, a major European internet
company operating in multiple app categories, including search engines, e-commerce, and
online advertising, acquired KinoPoisk, a movie database company. Through this acquisition,
Yandex could leverage the complementarity between its search technologies, machine learning,
and personalization algorithms with the target's extensive database (from the Entertainment
app category) to develop personalized movie recommendation systems for users.10 Besides,
Yandex was also able to bundle movie streaming with its other services offered to users.

In sum, acquirers' enhanced economies of scope on the complementary-technology side of
the platform market are likely to deter potential entrants.

Hypothesis 2b. Complementor acquirers' economies of scope on the complemen-
tary-technology side will be negatively associated with the likelihood of subsequent
entry into the product category.

Ex ante we expect that the four sources of synergies accrued from acquisitions will each
deter future complementors' entries. We do not have a theoretical basis to expect that one type
of synergy will be more strongly associated with entry deterrence than another and thus leave
their individual strengths to empirical testing.

3 | EMPIRICAL ANALYSES

3.1 | Sample and data

Our empirical context is the App Store of Apple's iOS mobile platform from 2008 to 2015, which
includes 279,184 app developers' potential decisions to enter 23 primary product categories
(as of November 2015). Apple's App Store is an economically significant market, and its revenue
reached $46.6 billion in 2018.11 We obtained product-category information for the US App Store
from Apple's iTunes website as of October 2015; we acquired release history and other informa-
tion from an app analytics company that derives data from Apple's Enterprise Partner Feed Pro-
gram. We obtained proprietary data from 71,752,510 app reviews to capture information on the
user side and data from a total of 12,545 SDKs adopted by 441,947 apps to capture information
on the side of complementary technologies.

10Source: https://yandex.com/company/press_center/press_releases/2013/2013-10-15, accessed on November 28, 2023.
11The source is sensortower.com, an analytics company: https://sensortower.com/blog/app-revenue-and-downloads-
2018, accessed on February 2, 2020.

WANG ET AL. 9
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We collected the data on acquisition events that occurred in Apple's App Store from
Crunchbase and the AngelList database. We identified all acquisitions that had occurred in the
App Store through cross-checking companies' websites, app developer pages, news reports, and
the Internet Archive (internetarchive.org) to match event companies to app developers
and corresponding product categories. In all, we were able to identify 872 completed acquisi-
tions in this market between July 2008 and November 2015.

We then used this sample of acquisition events to create the study variables. For the
measures of user-side synergies, we collected reviews for every app included in acquirers' app
portfolios before the time of each acquisition's announcement. For the measures of complemen-
tary-technology-side synergies, we used the information compiled from acquirers' app portfolios
at the time of acquisition announcements and were able to construct the acquirers' product-
portfolio information for 746 acquisitions. We then collected SDKs for all apps in acquirers' app
portfolios that adopted SDKs. Our unit of analysis is an app developer's decision to enter a prod-
uct category in a month (i.e., developer-month-category); the advantage of the developer-
month-category-level analysis is that it enables us to control for developer-month fixed effects
to mitigate concerns of developer heterogeneities (due to fixed attributes) and time trends (e.
g., due to economy- or platform-specific attributes) in entry decisions and to control for category
fixed effects.

3.2 | Variables

3.2.1 | Dependent variable: Entry likelihood

A developer's entry into a product category was measured as a dichotomous variable that equals
1 in the month that the developer first released app product(s) in the focal product category.
For the same developer-month, we coded all of the other categories the developer could have
entered but did not as 0.

3.2.2 | Measures of complementor acquirers' user-side synergies

We used the target's product category(ies) when accounting for acquisition events because tar-
get companies tend to have a more focused business scope, which may better reflect the strate-
gic intention of acquisitions (e.g., Chatterjee, 1986; Miric et al., 2021).12 Following prior studies
in the platform literature (Karim & Capron, 2016; Karim & Mitchell, 2000; Miric et al., 2021),
we measure EOSL by counting only acquisitions in which the acquirer and the target have over-
lapping product category(ies) and EOSP by counting only acquisitions in which the acquirer
and the target do not have any overlapping product category. The rationale is that when an
acquirer and a target share a product category, the merged entity is more likely to serve similar
products or services to a larger user base and hence achieve user-side economies of scale,
whereas when an acquirer and a target do not share a product category, the merged entity is
more likely to serve the same user base with different products and services and hence achieve

12Because a target may have apps in multiple product categories at the time of acquisition, the number of category
months affected by acquisition events is greater than the number of sampled acquisitions.

10 WANG ET AL.
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user-side economies of scope. We visualize these measures in Figure 2. The distribution of over-
lapping versus nonoverlapping acquisitions in our sample is 51% versus 49%.

To construct the user-side measures, we exploited the extent to which the acquirer's user-
reviewers comentioned the features of the target's product category(ies), essentially tapping into
correlated user preferences (e.g., Chao & Derdenger, 2013; Parker et al., 2021; Schmidt
et al., 2016; Ye et al., 2012). The comentioning is reflected by the red dashed line in Figure 2
linking the acquirer's user base to the target's category(ies). The first step of measure construc-
tion is to capture the unique features of a product category. In order to do so, we pooled all user
reviews (71,752,510) during the studied time window and applied natural language processing
(NLP) techniques to extract the top 100 unique (noun) keywords of each category.13 Then, for
each acquisition event, we calculated the total number of occurrences where an acquirer's user
reviews comentioned the top keywords of the target's category(ies) (i.e., comentioni, where i
here denotes an acquisition). We then calculated comentioning as a percentage—that is, an
acquisition's comentioning score divided by the maximum across all sampled acquisitions (i.
e., comentioni=max comentionið Þ). We then averaged across nonoverlapping acquisitions (where
the acquirer and the target do not have any overlapping category) in a 3-month moving time
window leading up to (and including) the focal month in a category to construct the measure:
user-side EOSP. We used the same approach to calculate the average of overlapping acquisitions
(where the acquirer and target have overlapping product category(ies)) to construct the
corresponding measure: user-side EOSL.

3.2.3 | Measures of complementor acquirers' complementary-technology-
side synergies

We used SDKs, software tools, and libraries that developers use to create applications and inte-
grate functionalities to measure complementary technology. Again, we operationalized EOSL

FIGURE 2 User-side synergies when taking into account the two sides of complementors and users. In the

diagram depicting a single acquisition event (i), CA
i is a vector of categories denoting that the acquirer's (A)

products are in certain category(ies) of the category vector; UA
i refers to users of said acquirer's product(s).

Similar notations are adopted for the target by replacing A with T. The solid black lines show existing users'

usage of the respective company's product(s) before the acquisition announcement. The key is to show the

dashed red line, which links the acquirer's users (UA
i ) to the target's product category(ies). When the acquirer

and the target share the same product category(ies) (i.e., when the acquirer's category vector (CA
i ) and the

target's category vector (CT
i ) have positive values on the same category(ies)), the underlying mechanism stems

from user-side economies of scale; however, when they do not overlap in product categories (i.e., when the

vectors CA
i and CT

i do not simultaneously have positive values in any same category(ies)), the underlying

mechanism stems from user-side economies of scope.

13The specific NLP procedure is described in online Appendix E.

WANG ET AL. 11
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by counting only acquisitions in which the acquirer and the target have overlapping product
category(ies) and EOSP by counting only acquisitions in which the acquirer and the target have
no overlapping product category.

To construct the complementary-technology-side measures, we exploit SDK heterogeneities
in terms of their fungibility—whereas some SDKs are general-purpose technologies that can be
widely applied across product categories, other SDKs are specific-purpose technologies with
more restricted range of category applications (e.g., Agarwal & Kapoor, 2023; Jacobides
et al., 2018; Levinthal & Wu, 2010; Sakhartov & Folta, 2014). To gauge the fungibility of each
individual SDK, we pooled all SDKs adopted by all apps in Apple's App Store during the studied
time window (2008–2015) and constructed an SDK-to-category matrix. Each cell of the matrix
represents an SDK's (s) percentage of usage in a category (c) (denoted as Pc

s). We then developed
a composite measure by taking into account (1) the acquirer's frequency of usage of an SDK (ns)
and (2) said SDK's percentage of usage in the target's category, then summed across all SDKs of
the acquirer and all categories of the target (i.e.,

P
c

P
s ns �Pc

s

� �
). A greater value of the measure

means an acquirer adopts more technologies that can be applied in the target's market category
(ies) and therefore has a greater ease of applying these SDKs to the category(ies). We then
aggregated to the category level by averaging across the nonoverlapping acquisitions to build
the variable, complementary-technology-side EOSP, and averaged across the overlapping acquisi-
tions in the same 3-month moving time window to construct the variable, complementary-tech-
nology-side EOSL. We scaled down the measures by 1000 for ease of interpretation.

3.3 | Control variables

At the category level, we controlled for acquisition intensity as the cumulative number of acqui-
sitions in the 3 months leading up to (and including) a focal month in a category. To consider
the effects of competition, we controlled for category size (measured as the number of devel-
opers) in each product category. Additionally, we added category fixed effects to account for cate-
gory-specific time-invariant unobservables.

We also controlled for the growth of a product category to address the concern that market
expansion may influence both entries and acquisitions. Specifically, we used a flow variable—
the number of apps released in a category month—as the building block to construct the mea-
sure of category growth in app products. Based on Dess and Beard (1984), we first regressed the
flow variable (i.e., number of released apps in a category month) on year dummy variables in a

FIGURE 3 Complementary-technology-side synergies when taking into account the two sides of

complementors and complementary technologies. In a similar vein as Figure 2 above, the diagram (Figure 3)

reflects economies of scale (i.e., when CA
i and CT

i have positive values on the same category(ies)) and economies

of scope (i.e., when CA
i and CT

i do not simultaneously have positive values on any same category(ies)) on the

side of complementary technologies (SDKs), where SDKA
i denotes the complementary technologies (SDKs) of

the acquirer's products, and SDKT
i that of the target.

12 WANG ET AL.
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random-coefficient maximum likelihood model, where each coefficient has its own mean and
standard deviation and can vary across categories. The year 2008 was set as the baseline. We
then obtained the estimated coefficients for each category; for instance, the “Games” category
has a set of predicted regression coefficients. Following this, we used the predicted coefficients
to divide the average value of the variable, monthly app releases, during the entire study period,
which spanned from 2008 to 2015. Thus, the annual growth measure is in the form of a
predicted regression coefficient divided by a corresponding average value.

Finally, in the fixed-effects models, developer-month fixed effects were accounted for through
group specification. It is important to note that the fine-grained developer-month fixed effects

TABLE 1 Descriptive statistics and correlations.

Observations Mean
Standard
deviation Minimum Median Maximum

(1) Entry 8,767,477 0.079 0.269 0 0 1

(2) User-side economies of
scope

8,767,477 0.037 0.078 0 0 0.537

(3) User-side economies of
scale

8,767,477 0.150 0.168 0 0.098 0.702

(4) Complementary-
technology-side
economies of scope

8,767,477 0.001 0.005 0 0 0.063

(5) Complementary-
technology-side
economies of scale

8,767,477 0.041 0.109 0 0.001 1.015

(6) Acquisition intensity 8,767,477 2.720 2.959 0 2 17

(7) Category size 8,767,477 29.320 32.269 0.020 18.903 173.620

(8) Category growth in app
products

8,767,477 1.694 0.918 −2.791 1.607 4.700

(1) (2) (3) (4) (5) (6) (7) (8)

(1) Entry 1.000

(2) User-side economies of
scope

0.028 1.000

(3) User-side economies of
scale

0.084 0.206 1.000

(4) Complementary-
technology-side
economies of scope

0.037 0.248 0.072 1.000

(5) Complementary-
technology-side
economies of scale

0.045 −0.007 0.463 0.036 1.000

(6) Acquisition intensity 0.111 0.344 0.710 0.201 0.228 1.000

(7) Category size 0.135 0.136 0.493 0.237 0.515 0.521 1.000

(8) Category growth in app
products

−0.085 −0.003 0.060 −0.054 0.093 −0.028 −0.012 1.000

Note: The unit of analysis is a developer-month-category.

WANG ET AL. 13
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absorb month fixed effects (because there was no within-group variation for months), developer
fixed effects (such as whether the developer is an incumbent or a new entrant to the platform),
and developer-month-specific attributes (such as developer experiences that vary over time but
do not vary across categories).

Table 1 provides the descriptive statistics (i.e., number of observations, mean, standard devi-
ation, minimum, median, and maximum) and correlations of the dependent variable, the four
theorized synergy measures, and control variables.

4 | ESTIMATION APPROACH

4.1 | Developer-month fixed-effects linear probability models to
estimate entry likelihood

To test the hypotheses, we constructed a developer-month-category panel, with each observa-
tion reflecting a Developerd's decision at a Montht to enter a Categoryi. That is, the unit of analy-
sis is a developer-month-category. Apple's App Store included 23 primary categories as of
2015.14 We applied ordinary least square models to estimate the linear probability (e.g., Starr
et al., 2019) of an app developer's decision in a month to enter a category. With the developer-
month fixed-effects model specification, the interest lies in within-group effects—that is, an
entry decision into a certain product category is rendered conditional on the existence of alter-
native product categories. Thus, we followed the logic of case–control designs to differentiate
realized entry events from a set of control cases that could have happened but were not realized
(e.g., Carnabuci et al., 2015; Rogan & Sorenson, 2014). For the realized case group, we extracted
all developer-month-categories in which an entry occurred. Control cases included all of the
other categories a focal developer could have entered in the month but did not (i.e., all
Developer−Month−Categoryi observations in which an entry did not occur). The final sample
consisted of 8,767,477 developer-month-category observations.

The developer-month fixed-effects linear probability models take the following form:

Prob Entryditð Þ=F
β0+Complementor_Acquirers_Synergies0it �~β
+γ1 �Acquisition_Intensityit+Z0

it �~γ+λdt+ui+εdit

 !
ð1Þ

where the dependent variable, Entrydit, is a dummy variable that takes a value of 1 when
Developerd enters Categoryi at Montht, and 0 otherwise; β0 is the intercept, which captures the
baseline entry probability; the coefficient vector, ~β, relates to the measures for the four hypothe-
sized synergies; γ1 denotes the effect of the control variable Acquisition_Intensityit on entry
probability; Z0

it is the vector of time-variant category control variables, and ~γ denotes their coef-
ficients; λdt represents the developer-month fixed effects; ui denotes category fixed effects; and
εdit is the error term.

14The app economy follows industry dynamics with emergence and evolution of product categories over time. For
instance, because our studied time window and main data collection ended before the end of the year 2015 when a new
category, “Lifestyle,” was opened, this new category is not included in our sample.

14 WANG ET AL.
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4.1.1 | Collinearity tests

We checked for multicollinearity via two approaches. First, we calculated the variance inflation
factor (VIF) for each of the models in Table 2 and obtained an average VIF of 2.69 and a maxi-
mum of 7.26, all below the suggested threshold of 10 (Belsley et al., 1980; Cennamo &
Santal�o, 2019). In the second approach, we applied the test suggested by Belsley et al., 1980,
which combines the condition index and variance decomposition. We found that all of the
models are well below the suggested threshold (30), with an average conditional index of 3.87
and a maximum of 17.47 (Intriligator et al., 1996). With respect to variance-decomposition pro-
portions at relatively large conditional index values, the theorized variables all have proportions
lower than 50% (Belsley et al., 1980). Hence, multicollinearity is not a concern.

4.1.2 | Regression results

As shown in Table 2, we first ran a baseline model without any acquisition-related measures
(Model 1), then entered user-side economies of scale and user-side economies of scope in Model
2, complementary-technology-side economies of scale and complementary-technology-side econo-
mies of scope in Model 3, and finally entered all four theorized measures in Model 4. Because
the dependent variable (entry) is binary, we need to report McFadden's pseudo-R-squared
which can be calculated based on the log likelihood of an estimated model and the log likeli-
hood of the intercept-only model (Cameron & Trivedi, 2005; McFadden, 1973). All models in
Table 2 exhibit high goodness of fit (i.e., when pseudo-R-squares are between .2 and .4
according to McFadden (1979)). Additionally, we conducted likelihood ratio tests (Cameron &
Trivedi, 2005, p. 234) to assess model improvements and report test statistics following prior
research that also used binary outcome variables (e.g., Zhou, 2011). Note that the baseline entry
probability, as reflected by the intercept, is low, ranging from 0.88% (in Model 1) to 0.90%
(in Model 3), which is typical for market entry research and sets a benchmark for us to later
gauge effect sizes of our theorized relations.

Hypothesis 1a predicted that acquirers' user-side economies of scale will be negatively asso-
ciated with entry likelihood. As shown in Models 2 and 4 in Table 2, the coefficients on the var-
iable, user-side EOSL, are positive but not statistically significant. The hypothesis was therefore
not supported by the coefficient on the main measure (based on comentioning). A possible
explanation is that aspiring potential entrants perceived the scale of user base (involved in the
acquisition deal) as a positive signal about market potential, a force that may offset the entry-
deterring effects. In a supplementary analysis where we used alternative user-side measures to
capture the occurrence of social interactions among users,15 we found that the coefficient on

15We focused on the user-side direct network effects (Iansiti, 2021). We developed a dictionary of keywords that indicate
“social” functionalities and calculated keyword frequency in a review text (r) of an app as Kr . We utilized a combination
of both inductive and deductive approaches. First, we derived keywords from the literature on network effects (e.
g., Afuah, 2013; Eisenmann et al., 2011; Iansiti, 2021; Katona et al., 2011; McIntyre & Srinivasan, 2017). We then
derived keywords by closely examining a subset of user reviews (using the linguistic research software AntConc) in
order to bridge the gap between theory and reality. The resulting dictionary included the following keywords: “social
network,” “social networking,” “networking,” “social,” “social life,” “social apps,” “social media,” “social sports,”
“friends,” “friend,” “family,” “buddies,” “buddy,” “players,” “group,” and “network marketing.” We standardized the
keyword frequency (Kr) with the length of the review text (Nr), which provided the standardized frequency (Kr

Nr
). To

account for the fact that positive reviews are better indicators that an app possesses desirable “social” functionalities

WANG ET AL. 15
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user-side EOSL is negative and significant (Model 2 in Table B.1 of Appendix B:
β=− :0005,p= :000). Hence, our nuanced finding is that the entry-deterring effect of user-side
EOSL is significant when social interactions (that likely enable the merged entity to better lock
in the user base) are present.

Hypothesis 1b predicted that acquirers' user-side economies of scope will be negatively
related to the entry likelihood. As can be seen, the coefficients on the variable, user-side EOSP,
are negatively associated with the entry likelihood (Model 2: β=− :0149,p= :000; Model 4:
β=− :0120,p= :000), thus providing strong support for Hypothesis 1b.

Moving to the complementary-technology side, Hypothesis 2a predicted a negative relation-
ship between acquirers' economies of scale on the side of complementary technologies and the
likelihood of future entry. This hypothesis is tested by the coefficients on the variable, comple-
mentary-technology-side EOSL, in Models 3 and 4, which are consistently negative (Model 3:
β=− :0091,p= :000; Model 4: β=− :0100,p= :000), thus supporting the hypothesis (H2a).
Finally, Hypothesis 2b predicted a negative association between acquirers' economies of scope
on the complementary-technology side and a potential entrant's entry probability. The hypothe-
sis is tested via coefficients on the variable, complementary-technology-side EOSP, which, as
shown, are consistently negative (Model 3: β=− :2934,p= :000; Model 4: β=− :2531,p= :000).
Thus, Hypothesis 2b is supported.

It is worthwhile to point out that, while three of the four types of acquisition synergies sig-
nificantly reduce a new entrant's likelihood of entering a market product, acquisition intensity
is instead positively associated with entry likelihood. The reason is perhaps that the sheer num-
ber of acquisitions may indicate the hotness of a market and therefore attract new entrants as
in traditional industry settings (e.g., Berger et al., 2004). In contrast, our findings on synergy
measures' entry-deterring effects suggest that simply counting the number of acquisitions as in
traditional industrial organization research may not be sufficient. We instead emphasize each
individual acquisition event's underlying synergies16 and thus reveal the loci where entry-deter-
ring effects stem from.

4.1.3 | Effect sizes

Based on regression estimates in Model 4 of Table 2, we interpreted effect sizes in four ways
(as shown in the header of Table 3):17 (1) percentage point change in entry likelihood (e.

from consumers' perspectives, we then used the rating scale (Rr) (from 1 to 5) associated with the review. The product of
this variable with the standardized keyword frequency (i.e., Kr

Nr

� �
�Rr) captures the extent to which consumers

communicated positive impressions of an app product's “social” functionalities. Next, we calculated the sum of the
scores across all reviews of an app (a) at the time of an acquisition, and then calculated the total across all apps in an
acquirer's portfolio at the time of the acquisition announcement. The resulting measure captures whether social
interactions are present, and it can be expressed as

P
a

P
r

Kr
Nr

� �
�Rr . We again aggregated the measure to the category

level by averaging it across the overlapping acquisitions in the same 3-month moving window to derive the variable,
user-side EOSL (social interactions), and averaged it across the nonoverlapping acquisitions to generate the variable,
user-side EOSP (social interactions). We then scaled down the variables (i.e., dividing by 1000) to ease the interpretation
of regression coefficients.
16Though our synergy measures are at the product-category level, they are aggregated from each acquisition event when
we unpack them across the four types of theorized economies. We provide a visual aid of how individual acquisitions
are distributed across the measures in online Appendix F, in which one figure (Figure F.1) shows the distribution of
nonoverlapping acquisitions across user-side EOSP and complementary-technology-side EOSP, and the other figure
(Figure F.2) visualizes overlapping acquisitions as distributed across user-side EOSL and technology-side EOSL.
17Source: https://sensortower.com/blog/app-store-revenue-update, accessed on July 13, 2023.

16 WANG ET AL.
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g., Starr, 2019; Starr et al., 2019), (2) percentage of the effect in proportion to the baseline entry
probability, (3) number of entries, and (4) estimated dollar value. All effect sizes are in terms of
the change in the outcome variable (e.g., percentage change in entry likelihood) from one

TABLE 2 Developer-month fixed-effects OLS linear probability models testing acquirers' economies of scale

and economies of scope on user- and complementary-technology sides.

(1) (2) (3) (4)

Baseline User side
Complementary-
technology side Full model

User-side economies of scope −0.0149 −0.0120

(.000) (.000)

User-side economies of scale 0.0006 0.0014

(.520) (.191)

Complementary-technology-
side economies of scope

−0.2934 −0.2531

(.000) (.000)

Complementary-technology-
side economies of scale

−0.0091 −0.0100

(.000) (.000)

Acquisition intensity 0.0004 0.0005 0.0005 0.0005

(.000) (.000) (.000) (.000)

Category size −0.0004 −0.0004 −0.0004 −0.0004

(.000) (.000) (.000) (.000)

Category growth in app
products

0.0239 0.0240 0.0235 0.0236

(.000) (.000) (.000) (.000)

Constant 0.0089 0.0088 0.0090 0.0089

(.000) (.000) (.000) (.000)

Developer-month fixed effects Yes Yes Yes Yes

Category fixed effects Yes Yes Yes Yes

Developer-month-categories 8,767,477 8,767,477 8,767,477 8,767,477

Developer-months 430,479 430,479 430,479 430,479

Log likelihood −683,198 −683,133 −683,068 −683,027

Log likelihood of intercept-
only model

−879,606 −879,606 −879,606 −879,606

McFadden's pseudo R-squared .2233 .2234 .2234 .2235

Model comparison likelihood
ratio test

χ2(2) vs. Model
1 = 129.81

χ2(2) vs. Model
1 = 260.83

χ2(4) vs. Model
1 = 343.02

Model comparison likelihood
ratio test p-value

(.000) (.000) (.000)

Note: (1) p-Values are in parentheses (two-sided). (2) The group of fixed effects was set at the developer-month level. (3) The
developer-month fixed effects absorb developer attributes and month fixed effects. (4) The category fixed effects absorb time-
invariant category attributes. (5) Multicollinearity was not an issue in any model according to results of two approaches of
collinearity tests (the average VIF is 2.69; the average conditional index is 3.87).
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standard deviation increase of the corresponding independent variable. We illustrate our
approach with one of the four hypothesized synergy measures: user-side EOSP. A one standard
deviation increase in acquirers' user-side EOSP corresponds to (1) a 0.09% decrease in a potential
entrant's entry probability, (2) an 11% decline relative to the baseline entry probability,
(3) 40 deterred entries, or (4) a $2.07 million potential loss of annual revenue for the would-
have-been entrants had they entered the affected product category.18

A comparison of the magnitude of potential loss of annual revenues from a one standard
deviation increase in the corresponding synergy measure suggests the following ranking (from
highest to lowest magnitude of effect): (1) complementary-technology-side EOSP ($2.80 mil-
lion), (2) complementary-technology-side EOSL ($2.41 million), and (3) user-side EOSP ($2.07
million). Another interesting pattern is that, for both the user side as well as the complemen-
tary-technology side, the corresponding effect sizes of scope economies are consistently larger
than those of scale economies. We discuss the implications of our findings in the concluding
section.

4.1.4 | Robustness checks and supplementary analyses

Besides the main results presented in the paper, we report in online appendices the following
robustness checks and supplementary analyses. First, whereas for each of the four types of
economies we only described one operational measure in the manuscript due to space con-
straints, we provide in the online appendix additional measures, descriptions, and results to
provide additional validation (please see Appendix B for user-side alternative measures, and
Appendix C for alternative complementary-technology-side measures). Second, to address the
potential endogeneity of acquisitions, as a robustness check we implemented an instrumental
variable approach (Angrist & Pischke, 2008, p. 203; Starr et al., 2019) and two-stage least square
estimation (with details shown in Appendix G). We acknowledge that it was challenging to find
an ideal instrument to capture the cross-category variation within the relatively closed system
of Apple's App Store and caution that we are not able to draw strict causal inferences (all our
hypotheses and interpretations are hence worded as associations rather than causal effects).
Third, we conducted a robustness check by controlling for month fixed effects in modified
model specifications (i.e., with developer fixed effects instead of developer-month fixed effects),
to absorb the potential confounding effects of macro factors, such as platform generational tran-
sitions, macroeconomic factors, behaviors of the competing platform Android, technological
trends, and regulatory changes. The results are shown in Appendix H. Fourth, we conducted
tests on the impact of potential confounding variables (Frank, 2000; Xu et al., 2019) and con-
cluded that our estimated effects are not confounded by other unobserved variables
(Appendix I). Fifth, as a supplementary analysis (Appendix J), we compared regression coeffi-
cients based on the full model (Model 4) in Table 2 in order to evaluate which type of com-
plementor acquirers' synergies is more or less entry-deterring. Finally, to account for acquirers
with more abundant resources (i.e., cash or investment from financial markets) as an alterna-
tive explanation, in a robustness check (Appendix K) we controlled for acquirers' total assets,
number of employees, and whether they were publicly listed.19 Results remained qualitatively
the same.

18Please see the detailed notes under Table 3 regarding how the four types of effect sizes were calculated.
19We thank an anonymous reviewer for this insight.

18 WANG ET AL.
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5 | DISCUSSION AND CONCLUSION

The rise of digital platforms has attracted increasing scrutiny from academic scholars and regu-
latory agencies due to potential anticompetitive behaviors by dominant firms. And yet most of
the attention has been focused on platform owners and how they build market power at the
expense of complementors and consumers (Khan, 2017; Parker et al., 2021; Zhu & Liu, 2018).
We add to this line of inquiry by extending the focus from platform-owner-initiated acquisitions
(Correia-da-Silva et al., 2019; Farronato et al., 2024; Khan, 2017; Song, 2021; Thatchenkery &
Katila, 2022; Wen & Zhu, 2019) to all acquisitions of complementors. Rather than only looking
at the number or the intensity of acquisitions as in the traditional industrial organization litera-
ture, our study emphasizes firm heterogeneities and unpacks potential synergies that acquirers
can accrue through acquisitions. Specifically, we build on the multisided nature of platform
markets to distinguish between four sources of synergies—economies of scale and scope on the
user side, and economies of scale and scope on the complementary-technology side.

We find consistent entry-deterring effects for user-side economies of scope (H1b), comple-
mentary-technology-side economies of scale (H2a), and complementary-technology-side econo-
mies of scope (H2b). However, we find entry-deterring effects for user-side economies of scale
(H1a) only in the presence of social interactions in the user base. These findings support prior
research that recognizes demand-side factors as crucial sources of competitive advantage in
platform markets (Rietveld et al., 2020; Rietveld & Eggers, 2018) while extending this line of
work by showing which specific user-side factors are associated with lower market entries
(Khan, 2017).

Overall, our results indicate that user-side scope economies are stronger than scale econo-
mies and the technology-side synergies are stronger than the user-side synergies when it comes

TABLE 3 Effect sizes based on regression estimates in Model 4 of Table 2.

Complementor
acquirers' synergies

Percentage-
point change

Percentage relative to
baseline entry probability

Number
of entries

Dollar value
(million USD)

User-side economies of
scope

−0.09 −11% −40 −2.07

User-side economies of
scale

0.02 3% 10 0.52

Complementary-
technology-side economies
of scope

−0.13 −14% −55 −2.80

Complementary-
technology-side economies
of scale

−0.11 −12% −47 −2.41

Note: Each cell reports effect size based on estimates from Model 4 of Table 2. The first two types of effect size—percentage-
point change and percentage relative to baseline entry probability—can be derived directly from the regression estimates,
whereas the last two—number of entries and dollar value—rely on certain assumptions that we explain here. The number of

entries was calculated based on the assumption that the average number of entries in a category-month in our data (i.e., 384.56)
corresponds to the baseline entry probability (i.e., intercept in each regression model). The effect size in terms of dollar values
was calculated based on the annual revenue in the Apple App Store from 2014 to 2015 (i.e., $14.28 billion) and the total
number of app developers in our sample (279,184) (which owned about 95% of apps in the store). The estimated dollar value
represents the total annual revenue by the “would-have-been” entrant developers if they “had entered the affected market.”
The estimated dollar values are likely to be conservative and will be larger with a stricter assumption (e.g., not all app
developers earn positive revenues).
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to deterring future entries. The specific ranking of effect sizes, when increasing the
corresponding synergy measure by one standard deviation, is as follows: (1) complementary-
technology-side EOSP (55 deterred entries or a $2.80 million potential loss in annual revenue for
would-have-been entrants), (2) complementary-technology-side EOSL (47 deterred entries or a
$2.41 million potential loss in annual revenue), and (3) user-side EOSP (40 deterred entries or a
$2.07 million potential loss in annual revenue). The stronger effects of scope economies com-
pared to scale economies may reflect the fact that the ecosystem-like structure in which multi-
ple categories of products interact and complement each other can offer an acquirer stronger
competitive advantages than a structure based on a single category of service offerings in a plat-
form market (e.g., Agarwal & Kapoor, 2023; Kapoor & Agarwal, 2017). Customers using multi-
ple products from the same complementor may find more seamless connections and better user
experiences, and thus can be more loyal and stickier. In contrast, the product offering in a sin-
gle category may not be as protected and may be more susceptible to imitation and, conse-
quently, offer opportunities for market entrants.

We also noted that the effects of technology-side synergies were stronger than user-side syn-
ergies, and this may indicate that having a stronger technological foundation may yield more
significant and longer-lasting competitive advantages than merely having a larger user base.
Technological capabilities can lead to features, efficiencies, or services that competitors find
hard to replicate. By contrast, due to users' multi-homing tendency (Cennamo et al., 2018;
Chung et al., 2024; Li & Zhu, 2021), competitive advantages afforded by the scale of a larger
user base, without other competitive moats, can be more transient, especially if competitors
offer similar or better features. Moreover, superior technology often translates to faster load
times, better personalization, fewer glitches, and a more seamless user experience. Even with a
smaller user base, this can lead to higher user engagement, loyalty, and word-of-mouth refer-
rals. The competition between Apple's iOS and Google's Android in the mobile operating sys-
tem market illustrates that technological strengths have granted Apple significant competitive
advantages in areas like profitability, user engagement, and brand loyalty, even though Google
has a far larger user base.

The above conjectures are also consistent with a comparison between Uber and Lyft. The
large user base afforded by the ride-hailing business has not allowed Uber to achieve superior
performance due to the competition from Lyft. Instead, what has given Uber a competitive edge
over Lyft is the addition of Uber Eats. Uber's competitive advantage can be attributed to econo-
mies of scope and the underlying ability to integrate unique technologies across two distinct
business lines (food and beverage delivery and ride hailing). Nevertheless, we acknowledge that
our study only provides initial evidence in an important yet understudied domain. We hope
future research can use our findings as a steppingstone to gain a deeper understanding of our
conjectures.

6 | CONTRIBUTIONS

First and foremost, our study helps deepen our understanding of the mechanisms through
which complementor acquisitions influence subsequent complementor entries. The important
influence of economies of scale and scope have been well-documented in the mainstream strat-
egy literature (e.g., Feldman, 2022; Karim & Capron, 2016; Rumelt et al., 1994) and have been
recently highlighted in the platform literature as well (e.g., Farronato et al., 2024; Miric
et al., 2021; Ozalp et al., 2018; Parker et al., 2021). However, to the best of our knowledge, our

20 WANG ET AL.
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study is the first empirical attempt to tease apart economies of scale and economies of scope on
both the user side and the complementary-technology side in a digital platform market. Our
study thus contributes conceptually as well as methodologically to the literature by developing
a typology that distinguishes between four difference sources of acquisition synergies and
operationalizing each of the four theoretical constructs with multiple measures. Based on this
typology we are able to compare the relative (entry-deterring) strengths of different synergy
sources. We find that the synergies derived from economies of scope have stronger entry-deter-
ring effects than those from economies of scale, and that synergies derived from the technology
side have a stronger entry-deterring effect than their counterparts on the user-side. Please see
online Appendix J for related details.

Relatedly, our paper extends the acquisition literature, in particular the research stream on
acquisition synergies (Devos et al., 2009; Feldman & Hernandez, 2021; Rabier, 2017), from tra-
ditional industries to digital platforms. We do this by directly recognizing the multisided nature
of a platform market in developing and testing our hypotheses. In the spirit of cross-side net-
work effects (Eisenmann, 2007; Zhu & Iansiti, 2012), our user-side hypotheses (H1a and H1b)
link the synergies derived from the user side to the entry decisions on the developer side; simi-
larly, our complementary-technology hypotheses (H2a and H2b) link the synergies derived
from the complementary-technology side to the entry decisions on the developer side. Moreover,
whereas the traditional research on acquisition synergies has been primarily focused on the
input (or supply) side of synergies (akin to the complementary-technology side in a digital plat-
form), our paper responds to calls for a more balanced view by conceptualizing (and measuring)
the demand (or user) side (e.g., Adner & Levinthal, 2001; Mawdsley & Somaya, 2018). User-side
synergies arise primarily because interactions with one another improve users' utilities or users
can ex post enjoy lower search and transaction costs through one-stop shopping (Ye
et al., 2012).

Our work also contributes to the emerging research stream that examines competitive and
regulatory implications of acquisitions in platform markets (Khan, 2017; Miric et al., 2021; Par-
ker et al., 2021; Thatchenkery & Katila, 2022; Wen & Zhu, 2019). Our findings can provide use-
ful new insights to inform the current debate around antitrust concerns. On one side of the
debate, proponents call for regulating technology giants and their acquisitions in order to cur-
tail their growing market power, whereas an opposing view regards regulators' tightened scru-
tiny on technological firms' acquisitions as misguided (Economist, July 15 2023). Our findings
suggest a more nuanced and balanced view of acquisitions in that some acquisitions, but not all
of them, are potentially anticompetitive and that this heterogeneity stems from underlying syn-
ergies that accrue differentially to different acquirers. Additionally, our study complements
prior work, which has primarily focused on platform-owner-initiated acquisitions (Correia-da-
Silva et al., 2019; Farronato et al., 2024; Khan, 2017; Song, 2021; Thatchenkery & Katila, 2022;
Wen & Zhu, 2019), by examining acquisitions of complementors in general. Thus, we not only
identify an omitted and potentially anticompetitive force on the platform market, but we also
unpack acquirer heterogeneities in market power that accrue from each of the four types of
acquisition synergies. Our research thus contributes to a more complete understanding of the
loci of market power in a digital platform market. We nevertheless encourage future studies
that are more amenable to causal inferences to offer stronger policy prescriptions.

Our study also makes methodological contributions. We developed novel measures of syner-
gies by exploiting the multisided feature of platforms. For instance, the user-side-synergy mea-
sures integrate information from the developer side (i.e., acquirers' and targets' products and
the corresponding categories) as well as information from the user side of the platform (i.
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e., acquirers' user bases). Similarly, the complementary-technology-side synergy measures com-
bine information from the complementary-technology side of the platform market (i.e., SDKs)
with information from the developer side (i.e., acquirers' and targets' products and the
corresponding categories). Moreover, we applied NLP techniques to process the data of millions
of user reviews. Future research can build on the dictionary of keywords we developed to study
social network effects and adopt our keyword-ranking approach to capture category-specific
user preferences and cross-category correlations of user preferences.

6.1 | Limitations and directions for future research

We acknowledge some limitations and related directions for future research. First, we admit
that our explanations for why certain type of synergies (e.g., EOSP) have stronger effect than
others (e.g., EOSL) can be speculative. In the absence of any compelling theoretical arguments,
we did not theorize on the stronger effect of scope versus scale economies or the stronger effect
from the technology side than the user side. Instead, our primary contribution lies in carefully
measuring the four sources of potential synergies and showing their empirical relationships
with subsequent market entries. Future researchers can use our typology (and related findings)
to investigate whether and the conditions under which scope economies are stronger than scale
economies and, similarly, whether and under what conditions technology-side synergies domi-
nate user-side synergies. Second, our research design does not permit us to draw causal infer-
ences. In spite of our careful empirical design (e.g., case–control panels with developer-month
fixed effects and category fixed effects), it is reasonable to argue that there might be unobserved
factors that may affect both acquisitions and entries. However, we developed multiple robust-
ness checks and supplementary analyses (as described in Section 4.1.4) to mitigate major con-
cerns around endogeneity (Appendix G), confounding variables (Appendices H and I), and
alternative explanations (Appendix K). We nevertheless encourage future research to use other
identification strategies, such as difference-in-differences that exploits exogenous shocks (e.g.,
Chung et al., 2024; Farronato et al., 2024; Wen & Zhu, 2019), to draw direct causal inferences.
Third, we acknowledge boundary conditions that may limit the generalizability of our results.
Our empirical findings are based on one digital platform market—Apple's iOS App Store—
where multiple sides coexist: complementors, complementary technologies, and users. Hence,
our findings may only be generalizable to other digital platform markets and especially to con-
texts that mimic the characteristics of our empirical context, such as the presence of com-
plementors on one side and at least one of the other two sides of the market. For example, the
enterprise software industry (e.g., Angeren & Karunakaran, 2023; Thatchenkery & Katila, 2022)
is another digital platform context where our findings could apply. Fourth, while we were able
to obtain comprehensive information of acquirers' app products, user bases, and SDKs, the
corresponding information for targets was not as comprehensive for reasons such as “killer
acquisitions,” situations in which targets' products were withdrawn from the App Store post-
acquisition (e.g., Cunningham et al., 2021).

7 | CONCLUSION

It is well-recognized in the strategy literature that acquisitions are often used by firms to shape
market structure and enhance their own competitive advantages. The synergies that acquirers
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derive can serve as powerful deterrents to future entries and thus have long-lasting effects on
competitive dynamics. Digital platform markets have garnered increasing attention, both from
strategy scholars as well as regulatory agencies concerned with the anticompetitive effects of
acquisitions by powerful firms. Research on acquisitions in digital platform markets has, how-
ever, focused mainly on platform owners even though significant acquisition activity can be
attributed to complementor acquisitions more generally. To address this critical gap, we lever-
age the unique multisided nature of a digital platform market to conceptualize four different
types of synergies that complementor acquirers can accrue. We develop multiple measures for
each of these synergies to examine their associations with entry likelihood in a sample of hun-
dreds of acquisitions that took place between 2008 and 2015 in a prominent digital platform
market, Apple's iOS App Store. We discuss the implications of our findings for both research as
well as policy and hope that our study can serve as a bridge between platform strategy scholars
and the mainstream strategy literature as well as a foundation for future research on other digi-
tal platform contexts.

ACKNOWLEDGMENTS
The dissertation on which this study is based was sponsored by a grant from the Strategy
Research Foundation (SRF-DP2014-134) awarded to the first author. He would also like to
thank industry experts Chris Chang, Scott Milliken, Aswin Shibu, Dmitriy Malchenkov, and
Nitin Sriram for providing access to some data used in this study, and to acknowledge the
industry insights provided by Arun Vijayavergiya, Tobias Batton, Chris Correa, Rosa Villegas,
and Gabriel Adauto. The authors appreciate the insightful feedback on earlier versions of this
work from Mary Benner, Gwen Lee, Violina Rindova, Deepak Somaya, Qiankun Zhou, and
seminar participants at the USC Management and Organization Department, Ohio State Uni-
versity, Santa Clara University, Fordham University, Temple University, Peking University,
Tsinghua University, 2016 SMS Special Conference in Hong Kong, 2017 INFORMS/Organiza-
tion Science Dissertation Proposal Competition, 2020 SMS Annual Conference, and 2022 West
Coast Research Symposium. We also thank Lillian Beckwith, Grace Cao, Shiyang Chu, Xinhui
Han, Catherine Harrington, Deepak Kumar Jha, Sanjana Moody, Shilpa Nanjundaiah, Yilin
Shi, Charu Singh, Fu Yu, and, in particular, Unnati Shah for their invaluable research
assistance.

DATA AVAILABILITY STATEMENT
Research data are not shared.

ORCID
Yongzhi Wang https://orcid.org/0000-0003-3243-632X

REFERENCES
Adner, R., & Levinthal, D. (2001). Demand heterogeneity and technology evolution: Implications for product

and process innovation. Management Science, 47(5), 611–628.
Afuah, A. (2013). Are network effects really all about size? The role of structure and conduct. Strategic Manage-

ment Journal, 34(3), 257–273.
Agarwal, S., & Kapoor, R. (2023). Value creation tradeoff in business ecosystems: Leveraging complementarities

while managing interdependencies. Organization Science, 34(3), 1216–1242.
Agarwal, S., Miller, C. D., & Ganco, M. (2023). Growing platforms within platforms: How platforms manage the

adoption of complementor products in the presence of network effects? Strategic Management Journal, 44
(8), 1879–1910.

WANG ET AL. 23

 10970266, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sm

j.3639 by T
est, W

iley O
nline L

ibrary on [26/07/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://orcid.org/0000-0003-3243-632X
https://orcid.org/0000-0003-3243-632X


Angeren, J. V., & Karunakaran, A. (2023). Anchored inferential learning: Platform-specific uncertainty, venture
capital investments by the platform owner, and the impact on complementors. Organization Science, 34(3),
1027–1050.

Angrist, J. D., & Pischke, J.-S. (2008). Mostly harmless econometrics. Princeton University Press.
Argote, L., & Epple, D. (1990). Learning curves in manufacturing. Science, 247(4945), 920–924.
Armstrong, M. (2006). Competition in two-sided markets. RAND Journal of Economics, 37(3), 668–691.
BBC News. (2015). Candy crush maker king bought by activision blizzard. BBC News.
Belsley, D. A., Kuh, E., & Welsch, R. E. (1980). Regression diagnostics: Identifying influential data and sources of

collinearity. John Wiley.
Berger, A. N., Bonime, S. D., Goldberg, L. G., & White, L. J. (2004). The dynamics of market entry: The effects of

mergers and acquisitions on entry in the banking industry. Journal of Business, 77(4), 797–834.
Boudreau, K. J. (2012). Let a thousand flowers bloom? An early look at large numbers of software app developers

and patterns of innovation. Organization Science, 23(5), 1409–1427.
Cameron, A. C., & Trivedi, P. K. (2005). Microeconometrics: Methods and applications. Cambridge University

Press.
Capron, L., Dussauge, P., & Mitchell, W. (1998). Resource redeployment following horizontal acquisitions in

Europe and North America, 1988–1992. Strategic Management Journal, 19(7), 631–661.
Carnabuci, G., Operti, E., & Kov�acs, B. (2015). The categorical imperative and structural reproduction: Dynamics

of technological entry in the semiconductor industry. Organization Science, 26(6), 1734–1751.
Cennamo, C. (2018). Building the value of next-generation platforms: The paradox of diminishing returns. Jour-

nal of Management, 44(8), 3038–3069.
Cennamo, C. (2021). Competing in digital markets: A platform-based perspective. Academy of Management Per-

spectives, 35(2), 265–291.
Cennamo, C., Ozalp, H., & Kretschmer, T. (2018). Platform architecture and quality trade-offs of multihoming

complements. Information Systems Research, 29(2), 461–478.
Cennamo, C., & Santal�o, J. (2019). Generativity tension and value creation in platform ecosystems. Organization

Science, 30(3), 617–641.
Chao, Y., & Derdenger, T. (2013). Mixed bundling in two-sided markets in the presence of installed base effects.

Management Science, 59(8), 1904–1926.
Chatterjee, S. (1986). Types of synergy and economic value: The impact of acquisitions on merging and rival

firms. Strategic Management Journal, 7(2), 119–139.
Chen, L., Tong, T. W., Tang, S., & Han, N. (2022). Governance and design of digital platforms: A review and

future research directions on a meta-organization. Journal of Management, 48(1), 147–184.
Chung, H. D., Zhou, Y. M., & Ethiraj, S. (2024). Platform governance in the presence of within-complementor

interdependencies: Evidence from the rideshare industry. Management Science, 70(2), 799–814.
Clough, D. R., & Wu, A. (2022). Artificial intelligence, data-driven learning, and the decentralized structure of

platform ecosystems. Academy of Management Review, 47(1), 184–189.
Condorelli, D., & Padilla, J. (2020). Harnessing platform envelopment in the digital world. Journal of Competition

Law & Economics, 16(2), 143–187.
Correia-da-Silva, J., Jullien, B., Lefouili, Y., & Pinho, J. (2019). Horizontal mergers between multisided platforms:

Insights from Cournot competition. Journal of Economics & Management Strategy, 28(1), 109–124.
Cunningham, C., Ederer, F., & Ma, S. (2021). Killer acquisitions. Journal of Political Economy, 129(3), 649–702.
Dess, G. G., & Beard, D. W. (1984). Dimensions of organizational task environments. Administrative Science

Quarterly, 29(1), 52–73.
Devos, E., Kadapakkam, P.-R., & Krishnamurthy, S. (2009). How do mergers create value? A comparison of

taxes, market power, and efficiency improvements as explanations for synergies. Review of Financial Studies,
22(3), 1179–1211.

Dhebar, A. (2016). Bringing new high-technology products to market: Six perils. Business Horizons, 59(6),
713–722.

Eisenmann, T., Parker, G., & Van Alstyne, M. (2011). Platform envelopment. Strategic Management Journal, 32
(12), 1270–1285.

Eisenmann, T. R. (2007). Platform-mediated networks: Definitions and core concepts. Harvard Business School
Module Note 807-049.

24 WANG ET AL.

 10970266, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sm

j.3639 by T
est, W

iley O
nline L

ibrary on [26/07/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Farronato, C., Fong, J., & Fradkin, A. (2024). Dog eat dog: Balancing network effects and differentiation in a dig-
ital platform merger. Management Science, 70(1), 464–483.

Feldman, E. R. (2022). Divestitures: Creating value through strategy, structure, and implementation. McGraw Hill.
Feldman, E. R., & Hernandez, E. (2021). Synergy in mergers and acquisitions: Typology, lifecycles, and value.

Academy of Management Review, 47, 549–578. https://doi.org/10.5465/amr.2018.0345
Frank, K. A. (2000). Impact of a confounding variable on a regression coefficient. Sociological Methods &

Research, 29(2), 147–194.
Ganco, M., Kapoor, R., & Lee, G. K. (2020). From rugged landscapes to rugged ecosystems: Structure of interde-

pendencies and firms' innovative search. Academy of Management Review, 45(3), 646–674.
Giustiziero, G., Kretschmer, T., Somaya, D., & Wu, B. (2023). Hyperspecialization and hyperscaling: A resource-

based theory of the digital firm. Strategic Management Journal, 44(6), 1391–1424.
Gregory, R. W., Henfridsson, O., Kaganer, E., & Kyriakou, H. (2021). The role of artificial intelligence and data

network effects for creating user value. Academy of Management Review, 46(3), 534–551.
Hagiu, A. (2014). Strategic decisions for multisided platforms. MIT Sloan Management Review, 55(2), 77–80.
Hagiu, A., & Wright, J. (2015). Marketplace or reseller? Management Science, 61(1), 184–203.
Helfat, C. E., & Eisenhardt, K. M. (2004). Inter-temporal economies of scope, organizational modularity, and the

dynamics of diversificatio. Strategic Management Journal, 25(13), 1217–1232.
Hukal, P., Kanat, I., & Ozalp, H. (2022). Different strategy playbooks for digital platform complementors. MIS

Quarterly Executive, 21(1), 1–15.
Iansiti, M. (2021). Assessing the strength of network effects in social network platforms: Harvard Business School

Working Paper 21-086.
Intriligator, M. D., Bodkin, R. G., & Hsiao, C. (1996). Econometric models, techniques and applications (2nd ed.).

Pearson.
Ivaldi, M., & Zhang, J. (2022). Platform mergers: Lessons from a case in the digital TV market. Journal of Indus-

trial Economics, 70(3), 591–630.
Jacobides, M. G., Cennamo, C., & Gawer, A. (2018). Towards a theory of ecosystems. Strategic Management Jour-

nal, 39(8), 2255–2276.
Kapoor, R., & Agarwal, S. (2017). Sustaining superior performance in business ecosystems: Evidence from appli-

cation software developers in the iOS and android smartphone ecosystems. Organization Science, 28(3),
531–551.

Karim, S., & Capron, L. (2016). Reconfiguration: Adding, redeploying, recombining and divesting resources and
business units. Strategic Management Journal, 37(13), E54–E62.

Karim, S., & Mitchell, W. (2000). Path-dependent and path-breaking change: Reconfiguring business resources
following acquisitions in the U.S. medical sector, 1978–1995. Strategic Management Journal, 21(10–11),
1061–1081.

Katona, Z., Zubcsek, P. P., & Sarvary, M. (2011). Network effects and personal influences: The diffusion of an
online social network. Journal of Marketing Research, 48(3), 425–443.

Khan, L. M. (2017). Amazon's antitrust paradox. Yale Law Journal, 126(3), 710–805.
Kretschmer, T., & Claussen, J. (2016). Generational transitions in platform markets—The role of backward com-

patibility. Strategy Science, 1(2), 90–104.
Lee, J., Song, J., & Yang, J.-S. (2016). Network structure effects on incumbency advantage. Strategic Management

Journal, 37(8), 1632–1648.
Levinthal, D. A., & Wu, B. (2010). Opportunity costs and non-scale free capabilities: Profit maximization, corpo-

rate scope, and profit margins. Strategic Management Journal, 31(7), 780–801.
Li, H., & Zhu, F. (2021). Information transparency, multihoming, and platform competition: A natural experi-

ment in the daily deals market. Management Science, 67(7), 4384–4407.
Li, Z., & Agarwal, A. (2017). Platform integration and demand spillovers in complementary markets: Evidence

from Facebook's integration of Instagram. Management Science, 63(10), 3438–3458.
Mawdsley, J. K., & Somaya, D. (2018). Demand-side strategy, relational advantage, and partner-driven corporate

scope: The case for client-led diversification. Strategic Management Journal, 39(7), 1834–1859.
McFadden, D. (1973). Conditional logit analysis of qualitative choice behavior. In P. Zarembka (Ed.), Frontiers in

econometrics. Academic Press.

WANG ET AL. 25

 10970266, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sm

j.3639 by T
est, W

iley O
nline L

ibrary on [26/07/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.5465/amr.2018.0345


McFadden, D. (1979). Quantitative methods for analyzing travel behaviour of individuals: Some recent develop-
ment. In D. A. Hensher & P. R. Stopher (Eds.), Behavioural travel modeling. Routledge.

McIntyre, D. P., & Srinivasan, A. (2017). Networks, platforms, and strategy: Emerging views and next steps. Stra-
tegic Management Journal, 38(1), 141–160.

Miric, M., Ozalp, H., & Yilmaz, E. D. (2023). Trade-offs to using standardized tools: Innovation enablers or crea-
tivity constraints? Strategic Management Journal, 44(4), 909–942.

Miric, M., Pagani, M., & El Sawy, O. (2021). When and who do platform companies acquire?: Understanding the
role of acquisitions in the growth of platform companies. MIS Quarterly, 45(4), 2159–2174.

Ozalp, H., Cennamo, C., & Gawer, A. (2018). Disruption in platform-based ecosystems. Journal of Management
Studies, 55(7), 1203–1241.

Parker, G., Petropoulos, G., & Van Alstyne, M. (2021). Platform mergers and antitrust. Industrial and Corporate
Change, 30(5), 1307–1336.

Puranam, P., & Vanneste, B. S. (2016). Corporate dtrategy: Tools for analysis and decision-making. Cambridge
University Press.

Rabier, M. R. (2017). Acquisition motives and the distribution of acquisition performance. Strategic Management
Journal, 38(13), 2666–2681.

Rietveld, J. (2018). Creating and capturing value from freemium business models: A demand-side perspective.
Strategic Entrepreneurship Journal, 12(2), 171–193.

Rietveld, J., & Eggers, J. P. (2018). Demand heterogeneity in platform markets: Implications for complementors.
Organization Science, 29(2), 304–322.

Rietveld, J., & Ploog, J. N. (2022). On top of the game? The double-edged sword of incorporating social features
into freemium products. Strategic Management Journal, 43(6), 1182–1207.

Rietveld, J., Ploog, J. N., & Nieborg, D. B. (2020). Coevolution of platform dominance and governance strategies:
Effects on complementor performance outcomes. Academy of Management Discoveries, 6(3), 488–513.

Rietveld, J., Schilling, M. A., & Bellavitis, C. (2019). Platform strategy: Managing ecosystem value through selec-
tive promotion of complements. Organization Science, 30(6), 1232–1251.

Rietveld, J., Seamans, R., & Meggiorin, K. (2021). Market orchestrators: The effects of certification on platforms
and their complementors. Strategy Science, 6(3), 244–264.

Rochet, J.-C., & Tirole, J. (2006). Two-sided markets: A progress report. RAND Journal of Economics, 37(3),
645–667.

Rogan, M., & Sorenson, O. (2014). Picking a (poor) partner: A relational perspective on acquisitions. Administra-
tive Science Quarterly, 59(2), 301–329.

Rumelt, R. P. (1982). Diversification strategy and profitability. Strategic Management Journal, 3(4), 359–369.
Rumelt, R. P., Schendel, D., & Teece, D. J. (Eds.). (1994). Fundamental issues in strategy: A research agenda. Har-

vard Business School Press.
Sakhartov, A. V., & Folta, T. B. (2014). Resource relatedness, redeployability, and firm value. Strategic Manage-

ment Journal, 35(12), 1781–1797.
Schmidt, J., Makadok, R., & Keil, T. (2016). Customer-specific synergies and market convergence. Strategic Man-

agement Journal, 37(5), 870–895.
Shapiro, C., & Varian, H. R. (1999). Information rules: A strategic guide to the network economy. Harvard Business

School Press.
Silverman, B. S. (1999). Technological resources and the direction of corporate diversification: Toward an inte-

gration of the resource-based view and transaction cost economics. Management Science, 45(8), 1109–1124.
Song, M. (2021). Estimating platform market power in two-sided markets with an application to magazine adver-

tising. American Economic Journal: Microeconomics, 13(2), 35–67.
Starr, E. (2019). Consider this: Training, wages, and the enforceability of covenants not to compete. ILR Review,

72(4), 783–817.
Starr, E., Frake, J., & Agarwal, R. (2019). Mobility constraint externalities. Organization Science, 30(5), 961–980.
Takahashi, D. (2015). Zynga buys rising tide startup, bringing back one of its former casino game execs.

Retrieved from https://venturebeat.com/games/zynga-buys-rising-tide-game-startup-headed-by-former-
casino-game-exec/

Teece, D. J. (1986). Profiting from technological innovation: Implications for integration, collaboration, licensing
and public policy. Research Policy, 15(6), 285–305.

26 WANG ET AL.

 10970266, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sm

j.3639 by T
est, W

iley O
nline L

ibrary on [26/07/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://venturebeat.com/games/zynga-buys-rising-tide-game-startup-headed-by-former-casino-game-exec/
https://venturebeat.com/games/zynga-buys-rising-tide-game-startup-headed-by-former-casino-game-exec/


Thatchenkery, S., & Katila, R. (2022). Innovation and profitability following antitrust intervention against a dom-
inant platform: The wild, wild west? Strategic Management Journal, 44(4), 943–976.

Wen, W., & Zhu, F. (2019). Threat of platform-owner entry and complementor responses: Evidence from the
mobile app market. Strategic Management Journal, 40(9), 1336–1367.

Xu, R., Frank, K. A., Maroulis, S. J., & Rosenberg, J. M. (2019). Konfound: Command to quantify robustness of
causal inferences. The Stata Journal, 19(3), 523–550.

Ye, G., Priem, R. L., & Alshwer, A. A. (2012). Achieving demand-side synergy from strategic diversification: How
combining mundane assets can leverage consumer utilities. Organization Science, 23(1), 207–224.

Zhou, Y. M. (2011). Synergy, coordination costs, and diversification choices. Strategic Management Journal, 32
(6), 624–639.

Zhu, F., & Iansiti, M. (2012). Entry into platform-based markets. Strategic Management Journal, 33(1), 88–106.
Zhu, F., & Liu, Q. (2018). Competing with complementors: An empirical look at Amazon.com. Strategic Manage-

ment Journal, 39, 2618–2642.
Zynga. (2015). Zynga rides the social casino wave and acquires rising tide games. Retrieved from https://www.

zynga.com/blog/zynga-rides-the-social-casino-wave-and-acquires-rising-tide-games/

SUPPORTING INFORMATION
Additional supporting information can be found online in the Supporting Information section
at the end of this article.

How to cite this article: Wang, Y., Yue, L. Q., Rajagopalan, N., & Wu, B. (2024). The
entry-deterring effects of synergies in complementor acquisitions: Evidence from Apple's
digital platform market, the iOS app store. Strategic Management Journal, 1–27. https://
doi.org/10.1002/smj.3639

WANG ET AL. 27

 10970266, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sm

j.3639 by T
est, W

iley O
nline L

ibrary on [26/07/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://www.zynga.com/blog/zynga-rides-the-social-casino-wave-and-acquires-rising-tide-games/
https://www.zynga.com/blog/zynga-rides-the-social-casino-wave-and-acquires-rising-tide-games/
https://doi.org/10.1002/smj.3639
https://doi.org/10.1002/smj.3639

	The entry-deterring effects of synergies in complementor acquisitions: Evidence from Apple's digital platform market, the i...
	1  INTRODUCTION
	2  THEORY AND HYPOTHESES
	2.1  Complementor acquirers' synergies in a multisided platform
	2.2  Complementor acquirers' economies on the user side
	2.3  Complementor acquirers' economies on the complementary-technology side

	3  EMPIRICAL ANALYSES
	3.1  Sample and data
	3.2  Variables
	3.2.1  Dependent variable: Entry likelihood
	3.2.2  Measures of complementor acquirers' user-side synergies
	3.2.3  Measures of complementor acquirers' complementary-technology-side synergies

	3.3  Control variables

	4  ESTIMATION APPROACH
	4.1  Developer-month fixed-effects linear probability models to estimate entry likelihood
	4.1.1  Collinearity tests
	4.1.2  Regression results
	4.1.3  Effect sizes
	4.1.4  Robustness checks and supplementary analyses


	5  DISCUSSION AND CONCLUSION
	6  CONTRIBUTIONS
	6.1  Limitations and directions for future research

	7  CONCLUSION
	ACKNOWLEDGMENTS
	DATA AVAILABILITY STATEMENT

	REFERENCES


