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Abstract

We study the competition effects of platforms entering their own marketplaces in the context of
mobile applications. Using a rich panel dataset of monthly observed applications on the most
prominent mobile ecosystems, Apple and Android, we seek to understand how the launch of a new
application by the platform owner affects consumers and third-party developers (developers). We
find evidence that Apple’s efforts have positive effects on developers and encourage innovation. But
on the Android platform, introduction of a Google app decreases the number of users for developers'
apps. This is likely a substitution effect rather than suppression as developers do not decrease their
expansion on the Android platform. In general, we find evidence of platform vertical integration

having positive impacts for consumers and developers, and only quite weak evidence of suppression.
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1 Introduction

Over the last two decades, the digital economy as a whole and the mobile application (app) economy
in particular, have experienced dramatic growth. According to the International Telecommunication
Union (2023), the number of individuals using the internet worldwide grew from 1 billion in 2005 to
4.9 billion in 2021. These figures correspond to 16% and 63% of global population respectively. Our
dataset alone has captured more than 700 billion app downloads between 2014 and 2021 (see Figure
1.1). " With the growth of digital economy, there has been also increased discussion about its
regulation. The increased push towards a regulatory framework for digital markets has recently
precipitated in regulatory proposals in the form of American Innovation and Choice Online Act in the

US, and the Digital Markets Act in the EU.

Much of the recent debate on digital markets regulation has revolved around the question whether a
platform owner should be allowed to directly participate in its own marketplace and compete with
third-party providers. The concern is that platforms may have an incentive to engage in what might
be considered anticompetitive behavior, such as sabotaging rivals, charging excessive fees, and self-
preferencing. This question is also discussed in the context of Amazon, which allegedly engaged in
unfair competition against third-party sellers on its own platform (see e.g. Ford & Stern, 2022), and

in the context of Google for its search engine (Deutscher, 2021).

In this work we focus on the app market and investigate how the introduction of an app by the
platform owner (Apple on App Store and Google? on Play Store) affects third-party apps on the same
platform. Using a detailed panel dataset from Sensor Tower - a major mobile app consultancy - which
contains data on apps available on the two most prominent platforms’ app stores - App Store and
Google Play - at the monthly level, we assess the effects of a first-party app launch on a set of market
outcomes for other apps, some of which could be considered to be competitors to the first-party app.
A first-party app is one provided by the platform provider. We examine whether a platform engages
in activities that decrease use of third-party apps of the same category, which we call suppression,3
or instead stimulates the app market. We focus on the following outcome metrics: 1.) Quantity

demanded for third-party apps, measured by the monthly number of similar third-party app

! The number of downloads during that period is likely higher than we state, due to our dataset not being universal.
2 Although the parent company name is Alphabet, we will refer to the company as Google as this is the name most
associated with Android and the Play Store.

3 Our analysis is unable to separate substitution effects and the effects of acts that suppress apps by third parties,
but we are able to make inferences.



downloads and the monthly number of active users of these third-party apps; 2.) Innovation and
quality-improving activity of third-party app providers, measured by monthly number of application
updates; and 3.) Entry by new apps, measured by the monthly number of new third-party apps
similar in category to the platform’s app. We measure whether an app is similar to the platform’s app
by examining whether it is in the same app category, as defined by the platform. This measure
includes rival apps, but also apps that are not substitutes for the platform’s app. Because our data
does not tell us which apps consumers consider to be substitutes, we do not examine self-

preferencing or app-specific sabotage.*

We add to the empirical literature on the effects of mobile platforms launching their own apps in at
least three important ways. First, to the best of our knowledge, this study is the first to look at the
effects of first-party app launches on demand and competition metrics. Previous studies have focused
on the effects of platforms’ app entry on innovation. Second, we contribute new information on the
debate over innovation impacts. Existing results on the effects of first-party apps on third-party app
innovation are mixed. Lastly, in contrast to prior literature, which is limited to studies of a few
selected app releases on Google Play, our dataset allows us to consider first-party app launches in
both Google Play and App Store in a more comprehensive manner, thereby making our results more

generalizable.

Our results find that third-party developers often benefit from a platform providing its own apps. On
the Apple platform, we find that launches of Apple apps are associated with increased downloads of
third-party apps, more app development, and more updates of third-party apps. We do not find the
same for Google: The launch of Google apps appears to be inconsequential for rival app downloads

and may have a small negative effect on the number of third-party app users.

% To assess sabotage targeted at direct rivals, we would need well-defined app categories that were restricted to
apps that consumers consider to be substitutable for the platform’s apps. For example, if we were to test for targeted
sabotage arising with the entry of the Google News & Weather app, the comparison group would consist of apps
offering sufficiently similar news content, news aggregation, weather forecasting, or other related functionality that
consumers would consider them to be substitutes. App categories in our data are not defined with substitutability
in mind, so we are unable to specifically test for targeted sabotage. This is a well-known problem in the empirical
literature on the mobile app ecosystems. For example, Ershov (2022) states: “Defining a relevant market for
competition is important. Apps in the same category could be broadly considered to be competitors, but categories
include thousands (or tens of thousands) of apps and are too broad.” The most popular remedy relies on suggestions
of similar apps on the Play Store to construct a network and perform cluster analysis. This was the approach
undertaken by Kesler, Kummer, and Schulte (2017), Wen and Zhu (2019) and Ershov (2022) among others. We intend
to use this approach in future research.



The remainder of the paper proceeds as follows. The next section summarizes the relevant literature.
Section 3 describes the hypotheses we are testing. Section 4 discusses data and presents some
descriptive statistics on the mobile app market. The next section presents our empirical approach

and results. Section 6 concludes.

2 Literature

There is a number of recent studies addressing digital platforms’ entry into their own marketplaces.
Zhu (2018) provides an overview of related empirical work. A subset of that research deals
specifically with the mobile application market. Two studies are in particular closely related to our
work and looked at innovation activity (number of app updates) in response to first-party app entry.5
Interestingly, the two reports arrive at opposite conclusions. Foerderer, Kude, Mithas, and Heinzl
(2018) examine implications following the launch of the Google Photos app on the Android platform.
The authors find that following the entry, innovation activity of similar apps increased, and hold that
this increase is attributable to what they call ‘attention spillovers’ - an increased user interest in the
relevant category of apps as a whole, perhaps making updates profitable. Wen and Zhu (2019)
address not only actual entry, but also the threat of entry by Google into the Android app market.
Here the authors find that both entry threat and actual entry lead to a reduction in innovation activity
of similar apps. One possible explanation for these contrasting results from the two studies could be
their app choices: While Foerderer et al. (2018) focus on a single app, Google Photos, Wen and Zhu
(2019) focus on three other apps, namely Android restricted user activity, Podcasts and Flashlight.
Therefore, it might be that this divergence of results is due to the differences in the apps studied:
While some developers of third-party apps might innovate in response to first-party entry, perhaps
because of ’attention spillovers’ or a desire to match or exceed the features of the first-party app,
other developers believe innovation responses would be unprofitable. This slow-down in third-party
innovation could be because the platform engaged in sabotage of its rivals, or because the first party

is better suited for providing apps that consumers prefer.

Several other studies deal with market entry for mobile apps, although in different contexts than that
of first-party entry. For instance, Liu (2017) and Bresnahan, Orsini, and Yin (2014) analyze app
developers’ decisions on which platform to enter (Apple’s App Store vs. Google’s Play Store). Ershov

(2022) studies game apps that become very successful upon entry. His research question is whether

5 We are unaware of any work that would assess the effects of app entry directly on the humber of downloads,
perhaps due to limited availability of relevant data.



the entry of such “superstar” apps promotes or reduces entry of new apps in the same category. The
main finding is that in popular categories the first effect dominates, while in less popular categories

it is the latter.

There is a growing body of literature on self-preferencing on platforms. Most of this literature is
theoretical. Padilla, Perkins, and Piccolo (2022) examine under what circumstances platforms may
have an economic incentive to foreclose third-party providers from their markets. Hagiu, Teh, and
Wright (2022) consider a counterfactual scenario in which platforms are prohibited from
participating in their own marketplace. They find that such a ban would have negative consequences
in terms of economic welfare, even if the platform is otherwise engaging in self-preferencing. They
conclude that a ban on self-preferencing alone would be a better policy measure than an outright ban
on a platform’s participation in its own marketplace. In practice, however, such regulatory restriction
on self-preferencing would be likely difficult and costly to enforce. Zennyo (2022) goes even one step
further by concluding that self-preferencing is beneficial for consumers, and that is because self-
preferencing leads to lower equilibrium seller commissions, which are then passed on to the
consumers. Moreover, somewhat surprisingly, the author finds that self-preferencing increases
aggregate economic welfare and is therefore pro-competitive compared to the benchmark scenario

of no preferencing.

We are aware of two empirical studies investigating Amazon’s activity as a seller on its own
marketplace. Zhu and Liu (2018) find that Amazon is more likely to enter into competition with third-
party sellers in product spaces that are more successful in terms of sales and ratings. Lee and Musolff
(2021) find that Amazon tweaks its algorithms so that products sold by Amazon are displayed more
prominently than third-party products, which they also find aligns with consumers’ preferences as

consumers would often prefer Amazon’s products anyway.

3 Hypotheses

Debates in the political arena about app stores include assertions that Apple with its App Store and
Google with its Play Store exercise market power in ways that harm rivals and consumers. One
prominent speaker on the subject, Senator Richard Blumenthal (D-CT) (Blumenthal, 2021), who is
one of the sponsors of the Open App Markets Act,6 argues that the companies repress competition

from startup app companies, which discourages innovation and raises prices. Targeting Apple, he

6 Open App Markets Act (2022).



asserts that the company has stifled competition by preventing third-party app stores on iPhones,
requiring app developers to use Apple’s payment system, and “penaliz[ing] app developers for telling
users about discounted offers.”” This targeted statement highlights a difference between Apple’s and
Google’s policies, namely that Google allows non-Google app stores on its Android platform and
allows third-party app providers to tell users on the platform about discount offers. Apple does not

allow these.

According to the Congressional Research Service (2022), proponents of regulating the app stores also
hold that Apple and Google hinder competition by: (1) Requiring developers to use the platforms’
payment systems; (2) Giving themselves preferential access to platform technologies; (3) Biasing app

store search algorithms; and (4) Using data from rivals to develop their own apps.

The above arguments appear to envision a situation where an app store provider offering app
downloads x;; > 0 decides whether to engage in suppression activity s; = 0 against rival apps y; =
0, where i = [1, 1] represents a particular app and t = [1, T] is the production period. Choosing s; >
0 decreases y;, which is the quantity demanded of other apps. This suppression is profitable for the
app store provider if additional revenue from providing more x;; is greater than the costs of
suppression8 plus the decline in app store revenue collected from rivals’ sales. The revenue from
increasing x;; includes the value of user data that would be received from x;; and the revenue loss

from the lower y, includes the lower value of user data that the app store might have received.

This calculus affects Apple and Google differently: Because Google allows third-party app stores and
sideloading on its platform, acts of suppression through its Play Store might incentivize consumers
to use alternative app stores or sideloading. Consumer migration to these alternative sources of apps
could increase revenue losses and data losses for Google, which would decrease its incentive to
suppress. However, if the suppression incentivizes consumers to change platforms rather than app

stores within the platform, Apple’s and Google’s incentives should be nearly the same.

Suppression can take many forms. Some forms would lower v;, the value of the app store, in
particular for rival apps. These forms of suppression might include the app store provider decreasing

the quality of users’ experiences, of availability of rival app stores or sideloading, of application

7 Blumenthal (2021). See also Netherlands Authority for Consumers & Markets (2019, p. 40), and U.S. House,
Committee of the Judiciary (2022, p. 99)

8 Suppression costs may be negative, as when providing higher quality resources or connectivity to rivals creates
higher costs.



programming interfaces (APIs) that app developers use to provide their apps, or of the payment
system. Other forms of suppression might be specific to particular rival apps, such self-preferencing

or imposing arbitrary requirements for the rival app to be in the app store.

But an app store provider offering app x;; > 0 might also have an incentive to increase v;. For
example, if a platform feature affects all apps, or all apps of a particular type, an improvement in the
feature would positively impact both the demand for x;; and for y,. Other features might be specific
to rival apps, but increasing their quality might have attention spillovers, providing the app store
with an incentive to increase v;. Also, if the profit margins to the platform for x;, are greater than
those for y,, the introduction of x;; > 0 increases the profitability of increasing the number of

consumers that use the platform, which would increase demand for both x;; and y,.

As in the case of suppression, the differences between Apple and Google policies affect incentives to
increase quality. More specifically, Google’s incentive to improve quality could be higher than Apple’s
by the extent to which an improvement in quality decreases consumers’ use of sideloading and
alternative app stores. But as before, both platform providers’ face competition from each other as
consumers choose mobile phones in part on their experiences with app stores and apps. This would

tend to make Apple’s and Google’s incentives for quality to be nearly the same.

Unrelated to suppression or platform quality, the app store provider’s provision of its own apps
might create attention spillovers for rival apps, resulting in an increase in demand for these apps
exceeding any substitution effect from x;; > 0. This spillover effect should be similar for both

platforms.

This discussion leads to three hypotheses. The first hypothesis is that attention spillovers created by
an app developer increasing its own-app offerings increase the demand for rival apps. We fail to
reject this spillover hypothesis if we find that the introduction of first-party apps increases the
downloads or number of users of rival apps. Given our belief that spillovers should affect both app
stores in similar ways, we fail to reject the spillover hypothesis only if the introduction of first-party

apps is positive for both Apple and Google.

Our second hypothesis is that when an app store increases its own-app offerings, the incentives to
suppress outweigh the incentives to improve platform quality, leading to a lower demand for rival
apps. We fail to reject this suppression hypothesis if we find that the introduction of first-party apps

decreases demand for rival apps. We assess changes in demand by examining numbers of downloads



and numbers of users. We note that there should be a substitution effect between x;; and some apps

in y;, which might also explain why the introduction of x;; leads to a decrease in y;,.

Our third hypothesis is nearly the reverse of the second one, namely that when an app store increases
its own-app offerings, the incentives to improve platform quality and the effects of attention
spillovers outweigh the incentives to suppression, leading to greater demand for third-party apps.
We fail to reject this quality hypothesis if we find that the introduction of first-party apps increases

demand for third-party apps.

There are six possible combinations of outcomes for our tests of how the introduction of first-party

apps affects demand for third-party apps:

1. Positive impacts on both platforms -- we reject the suppression hypothesis and fail to reject
both the spillover and quality hypotheses, but we would be unable to disentangle these two
effects with our data.

2. Positive impact on one platform and no impact on the other platform -- we reject the spillover
hypothesis, reject the suppression hypothesis, and fail to reject the quality hypothesis for the
demand-increasing platform.

3. Positive impact on one platform and a negative impact on the other platform - we reject the
spillover hypothesis, reject the suppression hypothesis and fail to reject the quality
hypothesis for the demand-increasing platform, and reject the quality hypothesis and fail to
reject the suppression hypothesis for the remaining platform.

4. Negative impact on one platform and no impact on the other platform - we reject the spillover
hypothesis, reject the quality hypothesis, and fail to reject the suppression hypothesis for the
demand-decreasing platform.

5. Negative impact on both platforms - we reject the spillover and quality hypotheses and fail
to reject the suppression hypothesis.

6. No impact on both platforms - we reject the spillover, quality, and suppression hypotheses.

The arguments in support of regulation also appear to envision a situation where an app store
provider offering app x;; > 0 affects rivals’ incentives to innovate. The innovation envisioned
appears to take two forms. The first is that the platform’s suppression reduces the number of rivals,
which in turn decreases diversity of supplier opinions expressed in the marketplace. This decrease

in opinions may or may not affect innovation, which we define as Schumpeterian creative destruction



in the product space. This creative destruction is influenced by many features of the business
environment, including regulations, information, expected profits, and the abilities of those creating

or adopting the new product to turn it into a successful business.

Previous studies provide conflicting or inconclusive findings regarding whether the number of firms
in an industry affects innovation (Symeonidis, 1996). But since many debating in the policy arena
believe that the number of rivals is relevant to innovation, we test how first-party app introduction
affects the number of rivals. This leads to our fourth hypothesis, namely that when an app store
increases its own app offerings, third parties increase (conversely, decrease) their introduction of
apps. We fail to reject this entry-inducing hypothesis if we find that third parties significantly
increase (conversely, decrease) their introduction of apps when the app store increases its number

of apps.

The second form of innovation apparently envisioned in the pro-regulation arguments is about firms’
incentives and abilities to improve their apps. Third-party app developers using a platform that
chooses x;; > 0 and s; > 0 might find their abilities to improve their app hindered by the
suppression. On the other hand, if x;; > 0 and v; = 0, third parties might find an improved ability to
improve their apps. Third-party app developers might also upgrade their apps in response to the
introduction of a first-party app if the latter is of a higher quality than the third parties’ existing apps.
This leads to our fifth hypothesis, namely that when an app store increases its own-app offerings,
third parties upgrade their apps, perhaps because of some combination of the platform improving
the profitability of third-party app upgrades or because the first-party app is of higher quality than
the third parties’ existing apps. We fail to reject this innovation-enabling hypothesis if we find that
third parties increase their app upgrades when the platform increases its own apps. We are unable
with our data to distinguish between the two potential causes. We are also unable with our data to
test whether the platform discourages innovation, but such a hypothesis would be rejected if we fail

to reject the innovation-enabling hypothesis.

Results from these analyses also inform our suppression and quality hypotheses. In general, firms
enter markets when they perceive profit opportunities. If we find that the introduction of a platform
app positively impacts entry in an app category, this would be evidence in support of the quality

hypothesis and against the suppression hypothesis.



4 Data and descriptive statistics

4.1 Data

Our primary data source is Sensor Tower, a leading mobile analytics company. We have a monthly
panel of apps over time, ranging from January 2012 to May 2021 for Apple and January 2014 to May
2021 for Android. The dataset is not universal, but it is fairly rich: It encompasses all apps that fulfill
at least one of the two following criteria: 1.) Apps that have at least 100,000 worldwide all-time
downloads; or 2.) Apps that have at least $100,000 worldwide all-time net revenue. According to
Sensor Tower, apps which meet these qualifications account for roughly 96% of all-time downloads
and 99% of all-time revenue globally. This gives us a total of 406,900 unique apps over our timespan.

Table 4.1. lists the variables we observe for each app in each month.
[INSERT TABLE 4.1 ABOUT HERE]

Tables 4.2 and 4.3 show summary statistics on some of the variables listed in Table 4.1, for Apple and
Google respectively. These statistics were calculated from observations at the app-month level (with
the exception of the number of entrants, which was calculated at the category-month level).
Unsurprisingly, most of the variables in those tables (notably the variables that we will use as
outcome variables in Section 5), show a skewed distribution with a longer right tail. Therefore, the
data is consistent with the anecdotal evidence and our own perceptions of the app market: There is
a large mass of relatively small apps, and a handful of very successful apps. The last row in each of
the tables (“impact”) is an indicator equal to 1 if the respective platform launched an app in category
¢ and month t. Accordingly, the probability of Apple launching an app in a given category and month

is 0.03. The corresponding probability for Google is more than double of Apple’s, at 0.07.

[INSERT TABLES 4.2 AND 4.3 ABOUT HERE]



4.2 Descriptive statistics

In this section, we demonstrate some patterns of application downloads over time. More specifically,
we decompose the number of downloads over time into three components: 1.) A trend component;

2.) A seasonal component; and 3.) An irregular component, i.e.,

where Y;is the number of downloads, T;is a long-term trend component, S; is a seasonal pattern (in
this case, monthly), and & is a random, irregular component. Figures 4.1, 4.2, 4.3 show time trends
for App Store, Play Store, and both platforms combined respectively. The first panel in each Figure
shows the original time series of Yy, the second panel shows Ty, the third panel displays S; expressed
in months, and the fourth panel shows g.. We adopt the ‘X11’ decomposition method, widely used by
many government agencies and statistical offices for forecasting (notably, the US Census Bureau and
Statistics Canada). This time-series decomposition method is considered superior to the traditional
symmetric-moving-average standard for several reasons. It allows the seasonal component to vary
over time, it preserves the boundary observations, and in general it retains less serial correlation in

the irregular component.?
[INSERT FIGURES 4.1, 4.2, AND 4.3 ABOUT HERE]

Patterns are similar across platforms, even if orders of magnitude are different: Apple has about 2.5
billion monthly downloads in the beginning of 2020, while Google has about 9 billion monthly
downloads at the same time, suggesting that Android’s global user demand for apps is nearly 4 times
that of Apple’s. Expectedly, the general trend is that the number of users and their interest in apps
are growing over time. In the trend line for Play Store in Figure 4.2, two discrete jumps are noticeable:
One at the beginning of 2016 and another at the beginning of 2020. The reason for the 2016 jump is
unclear, but the 2020 jump is likely due to the pandemic increasing the demand for online

applications (Wang and Jamison, 2021).

Seasonal patterns reveal that the number of downloads tends to be higher in January and December
for both platforms, probably reflecting a holiday effect. The month(s) with lower-than-usual number

of downloads depend on the platform: For Google that month is February, and for Apple, the months

9 We refer the interested reader to Dagum and Bianconcini (2016) for more details.



with lower-than-usual downloads are September-November. September-November months are also
low for Google, but not as low as February. The positive effect of the pandemic on downloads is clearly
visible in the irregular series, which is the fourth and last panel in each graph. On aggregate, number

of downloads in April 2020 was 15% higher than would have been expected.

5 Empirical analysis

Our empirical strategy relies on an approach where we compare the outcomes for apps exposed to
the launch of a platform app (e.g. Google Photos, Apple Podcasts), to outcomes for all other
applications. Our dataset contains 30 apps published by Apple, and 114 apps published by Google

during the sample period.

We define the group of third-party apps exposed to platform app entry as those that belong to the
same primary category as the entering app. We use the categories defined by each platform. For
example, for Apple Podcasts, the primary category is Entertainment. Each platform defines categories

differently. The empirical approach can be formalized as:
Yie = a-impacty + B -ratings; 1 + fi + fr + € (5.1

Here, Y;; denotes an outcome of interest. The term impact, is an indicator variable equal to one, if app
i belongs to category c, and a platform app has entered category c either in month ¢, or month ¢ - 1.
The control variable ratings;;_1 captures the average rating of app i at the end of month ¢t - 1. The
terms f; and f; denote app and time fixed effects respectively. They control for time and app-specific
idiosyncrasies. Finally ¢ is the error term. Because we have cross-sectional fixed effects in the

specification, i.e., app fixed effects, we do not include a nominal constant.

The outcome variables we consider are global number of downloads, US number of downloads,
monthly active users, number of monthly updates, and number of new apps. The first three variables
proxy for demand, the fourth measures innovation activity, and the fifth represents levels of market
entry following a platform app launch, which some observers view as affecting innovation. For the

first three variables, we use the transformation Y;; = log(z;; + 1), as the respective distributions



of those variables in levels are heavily skewed.1? We estimate the regression equations separately for

Apple and Google.

The main coefficient of interest is a, in particular its sign. It is intended to capture the effect of
platform app entry on outcome variables. Section 3 describes how we interpret a; otherwise, we have

no a priori expectation about its sign.

We used ordinary least squares (OLS) for our regressions. The dependent variables are censored to
be non-negative, but OLS is a good approximation while being computationally less burdensome than

alternatives and facilitates our including fixed effects.

Tables 5.1 - 5.4 show the results of estimating Equation 5.1. In each of these tables, the even-
numbered columns contain results for the full regression equation, while odd columns show results
without the rating control variable, for reference. The coefficients shown are for impact, and
ratings; ., for regressions on global number of downloads, US number of downloads, monthly
active users, and number of monthly updates. For regression on number of new apps in a category,
we use average ratings rather than app-specific ratings as the control variable because the dependent

variable is measured at the category level, not the app level.

In Tables 5.1 and 5.2, we summarize the effects on demand metrics for the Apple and Google
platforms, respectively. The first two columns in each table show results with the global number of
downloads as the dependent variable. We find that the launch of Apple apps was followed by a
statistically significant 7% increase in downloads of apps in the same category. On the other hand,
we fail to find a statistically significant change in demand for Google. When looking at the effects on
US downloads in columns 3 and 4, we find no statistically significant effects on either platform.
Finally, columns 5 and 6 show the results for monthly active users globally. Because the global active
users variable is only available for apps that meet a certain threshold in number of downloads, these
results may suffer from selection bias, and should be interpreted as reflecting more popular apps."

There is a fairly large positive effect for Apple, but the estimate is too noisy to be statistically

10 We also scale the logarithm by +1 to circumvent the issue of 0 downloads. This approach is commonplace in the
empirical literature.

11 The sample selection is also visible in the reduction in number of observations.



significant. Google shows a statistically significant -5% effect, which implies a reduction in users of

more popular apps in the relevant category on the Play Store.
[INSERT TABLES 5.1 AND 5.2 ABOUT HERE]

Given these results, we reject the spillover hypothesis. While we cannot specifically reject it applying

only to Apple, we know of no evidence that iPhone users are different from Android users in this way.

Regarding Apple, we reject the suppression hypothesis and fail to reject the quality hypothesis on a
global basis. Because these results apply only to all users globally, but not to US users specifically, we
cannot say that this is definitive evidence that Apple improves its App Store, i0S, or iPhone quality in
response to providing its own apps, but our findings support that conclusion. Also, because our
findings are for apps within the same categories as the Apple apps and not limited to actual rivals, we
cannot say that Apple does not seek to hinder specific rivals, but we find no evidence to support a
conclusion of suppression by Apple. The accusations against Apple cited in Section 3 were general

conclusions, not specific to particular apps.

It is curious that we find that the addition of Apple apps appears to stimulate downloads, but not

numbers of users. We will address this in our discussion of the regression on app updates.

Regarding Google, we reject the quality hypothesis and fail to reject the suppression hypothesis. That
the negative effect is on numbers of users and not on downloads, it appears that the effect of the
addition of Google apps leads users to quit using apps they already have but newcomers to the Play
Store and those moving up to a new Android phone continue to download these third-party apps. As
aresult, even though we cannot reject the hypothesis that Google engages in suppression, the pattern
in Table 5.2 appears more consistent with a substitution effect than a suppression effect because app
developers do not respond to Google by leaving the market, implying that they believe that they can
compete (Table 5.4).

Tables 5.3 and 5.4 summarize our findings regarding innovation and entry effects for Apple and
Google respectively. Columns (1) and (2) show results for number of updates by apps in the same
categories as the platform app entry, while columns (3) and (4) show results for new entry in the

relevant categories.” On the Apple platform there is a slight, but statistically significant, increase in

12 The noticeable difference in number of observations between first two columns and the last two columns is due
to the first two regressions being at app-month level, while the latter two are at category-month level.



the number of updates per app, and there is also an increase in new apps entering; about 20 more
apps would enter a category, in which an Apple app has been recently launched. The uptick in app
updates is consistent with our findings in Table 5.1 that the launch of an Apple app stimulates rivals’
downloads, but not their numbers of users, as an update means that existing users would need to
download the update. The stimulus of updates is also consistent with the notion that Apple apps lead

others to increase their quality and innovation.
[INSERT TABLES 5.3 AND 5.4 ABOUT HERE]

The increase in number of entrants when Apple introduces an app implies that app developers view
the App Store, i0S platform, and iPhone as providing the developers with increased profit potential.
This is consistent with our earlier rejection of the suppression hypothesis and failure to reject the
quality hypothesis, i.e., it appears that Apple’s increased activity in its App Store is correlated with

increased profit potential for other app developers.

The corresponding results for Google are all statistically indistinguishable from zero. This is
consistent with our earlier rejection of the quality hypothesis as it does not appear that Google app
entry stimulates rivals to improve quality or innovate. These findings inform our conclusions
regarding the suppression and quality hypotheses: If rivals thought that Google rivalry would lead to
the platform suppress their businesses, we would expect negative impacts on entry. The same would
be true if the rivals viewed Google’s apps as meaningful substitutes for their apps. This leads us to

conclude that the evidence for suppression from Google is weak.

Our findings provide lessons for those advocating that Apple be required to allow rival app stores
and sideloading. We find no empirical support for the theory that Apple’s tighter controls on apps

harms rivals and consumers; indeed, we find evidence that the opposite is true.

6 Summary

Our research attempts to shed light on the consequences of platforms’ direct participation as a
supplier in their own marketplaces. Specifically, we do so in the context of mobile applications. We
conclude that the platform’s apps do not provide spillover effects. And we find only weak evidence
for platforms sabotaging rivals, but the evidence is limited to Google and to Google’s apparent impact

on the number of users of rival apps. Google’s introduction of its apps appears to have no impact on



user downloads of rival apps nor on entry by other app developers, implying that Google has little

effect on its rivals.

In contrast, we find evidence that Apple has positive impacts on app developers. More specifically,
the introduction of Apple apps appears to lead others to update their apps, leading to higher quality
and innovation. Also the provision of Apple apps appears to have a positive impact on the entry into
its App Store, implying that Apple improves the quality of its platform to the benefit of consumers
and app providers. Our evidence is not conclusive in that we do not find statistical significance for

regressions limited to US users nor for the number of people using popular rival apps.

It is not immediately clear, why there would be a different effect for global downloads and US
downloads for Apple. Surprising also is the divergence of results between Apple and Google. These
differences might be because of category definitions -- Apple identifies 25 categories, while Google
has 52 - or differences in the numbers of apps launched -- Apple has 30 apps, while Google has 114
- perhaps implying that Google’s apps have smaller effects at the margin. The differences might also
be due to variances in the characteristics of the platforms’ user bases. These questions should be

examined in future research.

Recently there has been an intensive public debate about whether digital platforms should be
allowed to sell apps in their own marketplace. An often-mentioned argument against platform
participation, is that platforms are able to abuse their position by means of self-preferencing, that is,
promoting their own products over third-party providers. One aspect of this matter is whether
players in fact do engage in such practices, and another question is whether and to what extent self-
preferencing can be harmful to consumers or competition. Self-preferencing has been most
commonly associated with the case of Amazon, but other platforms may not be immune from this

phenomenon.

While we are unable to directly test for self-preferencing in this study, we find little to no evidence of
negative effects of platform participation. Therefore, we conclude that a policy that bars platforms
from direct participation in the mobile application market seems unsupported by the evidence.

Future research should examine targeted self-preferencing.
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Figures and Tables

Figure 1.1: Cumulative number of app downloads since 2014
Cumulative app downloads over time
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Data Source: Sensor Tower. Note that the cumulative number of downloads is assumed to be zero prior to 2014, as
our data becomes available in 2014. Note also, that the cumulative number of downloads shown above is a floor
estimate - it shows downloads only for those apps included in our dataset.
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Figure 4.1: Download patterns of App Store applications

Time series decomposition of app downloads from App Store
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Figure 4.2: Download patterns of Google Play applications
Time series decomposition of app downloads from Play Store
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Figure 4.3: Download patterns of all applications
Time series decomposition of app downloads from all platforms
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Table 4.1: Dataset variables and their definitions

Variable names

Variable definitions

App name

Name of the mobile app

App ID

Unique app-identifying code provided by each
platform. This variable uniquely identifies all apps in
our dataset

Publisher name

Name of the app publisher (can be a person or entity)

Publisher ID

Unique publisher-identifying code provided by each
platform

Worldwide number of downloads

Number of download instances of an app in a specific
month, worldwide

US number of downloads

Number of download instances of an app in a specific
month, within the US

Worldwide revenue

Monthly revenue of an app from app sales and in-app
purchases, worldwide (does not include advertising
revenue)

US revenue

Monthly revenue of an app from app sales and in-app
purchases, within the US (does not include advertising
revenue)

App release date

The date on which an app was initially released on a
given platform

Version number at the beginning of the
month

App’s version number at the beginning of the month

Count of version updates per month

Number of updates made to an app within a month

Primary app category

Primary app category as defined by the respective
platform

Secondary app category (App Store apps
only)

Secondary app category as defined by the respective
platform

Free/paid app indicator

An indicator variable showing whether an app is free
or paid

App price Price of an app in a given month
In-app-purchase indicator (App Store apps An indicator variable showing whether an app includes
only) any purchase options within the app

Monthly rating counts for 1,2,3,4 and 5-star
ratings

Number of 1,2,3,4,5-star ratings for an app in a given
month (1 variable for each rating, 5 variables in total)

Cumulative rating counts for 1,2,3,4 and 5-
star ratings

Number of all 1,2,3,4,5-star ratings for an app to date
(1 variable for each rating, 5 variables in total)

Monthly rating average

Arithmetic mean over monthly ratings for an app

Cumulative rating average

Arithmetic mean overall ratings to date for an app

App descriptions

Textual description of an app, explaining its purpose
and functions, as displayed on each platform’s app
store




Table 4.2: Summary statistics - Apple

Statistic Mean Median St. Dev. Min Max N

global downloads 15,368.57 1,451 129,446.60 0 63,785,252 14,416,137
US downloads 3,670.76 8 40,029.10 0 18,400,971 14,416,137
global active users 326,090.10 40,739 5,102,964.00 0 689,500,972 2,694,796
log(global downloads + 1) 7.06 7.28 245 0 17.97 14,416,137
log(US downloads + 1) 3.12 2.20 339 0 16.73 14,416,137
log(global active users +1) 10.40 10.61 225 0 20.35 2,694,796
# updates 0.34 0 0.80 0 21.00 14,416,137
# entrants 75.47  44.00 142.06 0 1,879.00 2,825
rating 3.85 4.06 0.82 1 5.00 8,281,594
impact 0.03 0 0.16 0 1.00 14,414,033

Summary statistics are calculated at the app-month level, except for # entrants, which is calculated at the category-month

level. The variable ‘impact’ (last row) is an indicator whether a platform entered a certain app category in a specific

month. Therefore, it represents the empirical probability of platform entry.

Table 4.3: Summary statistics - Google

Statistic Mean Median St. Dev.  Min Max N

global downloads 46,966.61 4,094 419,247.10 0 155,915,196 10,440,274
US downloads 3,733.94 0 37,291.28 0 32,489,526 10,440,274
global active users 495,059.10 67,921 9,704,604.00 0 1,531,885,062 3,520,357
log(global downloads + 1) 7.97 8.32 281 0 18.86 10,440,274
log(US downloads + 1) 1.96 0.00 3.50 0 17.30 10,440,274
log(global active users +1) 1097 11.13 217 0 21.15 3,520,357
# updates 0.44 0.00 093 0 31.00 10,440,274
# entrants 41.58  36.00 3230 0 223.00 4,538
rating 4.00 4.11 0.56 1 5.00 9,728,445
impact 0.07 0.00 025 0 1.00 10,440,274

Summary statistics are calculated at the app-month level, except for # entrants, which is calculated at the category-month

level. The variable ‘impact’ (last row) is an indicator whether a platform entered a certain app category in a specific

month. Therefore, it represents the empirical probability of platform entry.



Table 5.1: Demand effects of Apple apps

log (global downloads;;)

log (US downloads;;)

log (global active users;;)

impact,; 0.0744** 0.0664** -0.0028 0.0055 0.1952 0.1015
(0.0235) (0.0318) (0.0166) (0.0339) (0.1175) (0.0735)
rating; ¢, 0.3953*** 0.3544** 0.4744*
(0.0182) (0.0207) (0.0276)
Num.Obs. 14414033 8029219 14414033 8029219 2694703 2506433
R2 0.741 0.829 0.806 0.876 0.726 0.828
Std.Errors by: App.ld  by: App.ld  by: App.ld  by: App.ld  by: App.ld  by: App.Id
& Month & Month & Month & Month & Month & Month
FE: App.Id X X X X X X
FE: Month X X X X X X

*p<0.1,* p<0.05 **p<0.01

Table 5.2: Demand effects of Google apps

log (global downloads;;) log (US downloads;;) log (global active users;;)
impact; -0.0285 -0.0253 -0.0201 -0.0215  -0.0637** -0.0508*
(0.0229) (0.0244) (0.0190) (0.0202) (0.0302) (0.0293)
rating; ¢, 0.1110*** 0.0200 -0.0847**
(0.0277) (0.0281) (0.0349)
Num.Obs. 10440274 9219499 10440274 9219499 3520357 3372457
R2 0.635 0.691 0.716 0.741 0.557 0.689
Std.Errors by: App.ld  by: App.ld  by: App.ld  by: App.ld  by: App.ld  by: App.Id
& Month & Month & Month & Month & Month & Month
FE: App.Id X X X X X X
FE: Month X X X X X X

*p<0.1,*p<0.05 ***p<0.01



Table 5.3: Effects of Apple apps on innovation and entry

# updates;; # entrants;;
impact; 0.0126** 0.0143* 17.5258*** 19.8247**
(0.0054) (0.0080) (4.4411) (4.3509)
rating; ¢, 0.0925***
(0.0074)
avg.rating; ;_, 58.7330
(67.5689)
Num.Obs. 14414033 8029219 2712 1968
R2 0.374 0.452 0.880 0.858
. . by: Primary  by: Primary
Std.Errors kﬂyarﬁﬁp'ld & kﬂyarﬁﬁp'ld & Category & Category &
Month Month
FE: Month X X X X
FE: Primary X X
Category
FE: App.ld X X

*p<0.1,*p<0.05 **p<0.01



Table 5.4: Effects of Google apps on innovation and entry

# updates;; # entrants;;
impact, -0.0007 -0.0011 -0.9477 0.6866
(0.0047) (0.0049) (1.3108) (1.1303)
rating; ¢4 0.0618***
(0.0037)
avg.rating; ¢4 -49.5084***
(14.9885)
Num.Obs. 10440274 9219499 4538 4086
R2 0.355 0.388 0.795 0.822

by: App.ld & by: App.ld & by: Primary  by: Primary

Std.Errors Month Month Eﬂitri%ory & Eﬂitri%ory &
FE: Month X X X X

e rmary X x
FE: App.Id X X

*p<0.1,*p<0.05 ***p<0.01



