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1 Introduction

In July of 2008, Apple launched its “App Store”, which allogveonsumers that owned an Ap-
ple iPhone to purchase and download third-party applinat{apps”) to their smartphone. This
proved to be a wildly popular new product for consumers, aadyriirms started developing and
marketing apps for Apple’s App Store, as well as for compgeplatforms such as Google’s An-
droid Marketplace, Blackberry’s App World, and others. Stiieated a classic instance of platform
competition where the different smartphones try to attitacsumers on one side of the market and
application developers on the other. Interestingly, dgwets continued to prioritize creating apps
for Apple’s platform well after Google’s platform overto@pple’s in installed basg,and further,
the nature of app competition differed on Apple’s platforersus Google'Q,deSpite identical
terms from the platforms themsel\gsThis paper will examine the forces that led to these out-
comes using detailed data on consumer behavior to illumih&trole that consumer heterogeneity
plays in the choices made by app developers on the oppodg@tthe market.

Economists have long been interested in the theory of n&teffects and their impIicationJ&.
More recently, a number of papers have moved toward estignagtwork effects, including such
notable examples as Rysman (2004) and Ackerberg and Gowasen (2006). The most closely
related paper to this projectlis Gowrisankaran, Park, arsifay (2011), which looks at indirect
network effects in the adoption of DVDs. As in that settinige tsmartphone industry is char-
acterized as having an indirect network effect, althoughtlkie development of mobile software
applications instead of the availability of content. Wheatinique about the smartphone setting is
the availability of detailed consumer-level choice dat#hiea smartphone market, allowing for an
empirical investigation of how the characteristics of aamers that join a platform affect choices
made on the other side. Furthermore, the demand systensisdtting is simpler, as consumers

very rarely purchase more than one smartphone (i.e. consusiegle-home”).

1See Ellisoni(2011a)

2In 2010, 75% of apps on Apple’s platform had an upfront prideereas 57% of apps on Google’s platform were
available free, and supported by ad revenue (Distimo,/2010)

3Both platforms take a 30% share of all sales processed ingtwes.

4See Farrell and Klemperer (2007) for a survey.



This paper will first examine how the characteristics of thesumers on each platform affect
software developers’ choices of which platforms to devdtmp It is natural to assume that a
platform with more users is more attractive to developdthpagh this paper will examine how
the types of users on each platform appeal to developerg, thexpaper will examine how within-
platform competition affects developers’ choices. It soahatural to assume that developers view
a platform that has few other developers on board as moca#e. These first two questions
could be seen as related to the classic question of prodcatiém choice: should a firm locate
far from its competitors (i.e. prioritize a platform withwier competing apps available), or close
to demand (i.e. prioritize a platform with more consumerswith a more “profitable” type of
consumerH Detailed data on consumer characteristics on each pladoahles the measurement
of these competing forces and the quantification of the valaeed on different characteristics by
developers.

A final question in this paper is how the tradeoff of multi-hamversus single-homing affected
the development of this industry. The cost of developing gm @an be quite large; the cost of
“porting” it to additional platforms is typically less, albugh the relative cost of cross-development
determines the tradeoff between single-homing (devetpfon one platform) and multi-homing
(developing for multiple platforms).

The approach will be to first provide reduced-form evidencdhese three questions. Then,
a structural model will be constructed and estimated towraghese features in this setting. This
will then allow counterfactual simulations to measure #lative effects of these forces in shaping
the observed industry outcome. We will find that the first@fféhe composition of the user base,
appears to be much more significant than within-platform petition and multi-homing costs in
explaining the market outcome.

The contributions of this paper are first, an examinatiorhefihteraction of network effects
and individual characteristics in a data-rich setting, aadond, an analysis of the forces that can

lead to different forms of within-platform competition asss different platforms. This setting is

5In|Gentzkow, Shapiro, and Sinkinson (2012), my co-authogslaexamine product location choice in the news-
paper setting.



ideal for an examination of network effects with individdedterogeneity as consumer demand is
simplified by single-homing and rich individual-level datiee available.

The paper proceeds as follows: Section 2 describes inetialtdetails and the data used in
estimation. Section 3 provides a descriptive analysis efddta. Section 4 discusses a structural
model of firm choices. Section 5 presents results of the asitim and counterfactual exercises.

Section 6 concludes.

2 Industry and Data Description

2.1 Industry

The market for smartphones has exploded since Apple’sdatiiion of the iPhone in 2007. Sig-
nificantly, in 2008, Apple introduced it's “App Store”, cttigag a platform through which software
developers could create and market applications to consur@®mpeting smartphone platforms
emerged, with Google’s Android Marketplgmmd Research In Motion’s Blackberry App Wofld
offering similar capabilities for users of Android and Biaerry smartphon%.Consumers have
responded enthusiastically to the market for “apps”: in2@B.2 billion mobile applications, or
“apps”, were downloaded to smartphones (Ellison, 2011)e&ly 2012, over half of US mobile
subscribers owned a smartphone, and in 5 short years, thigenapplication industry has grown
from nothing to employ nearly 500,000 people in the Uniteat&t alone (Mandel, 2012).

However, app developers face a choice in which platform teeld@ their applications for.
Beyond the cost of developing an app for a single platformxels a cost to “port” the software to
work with another platforrg

. Therefore, the smartphone platforms face the traditiomalgided

market conundrum of attracting consumers on one side (wigbeshome), and app developers on

8Launched in October of 2008 and rebranded as “Google Plag0i®.

“Launched in April of 2009.

8Additional smartphone platforms exist, such as SymbiamjaBand Windows Phone. However, the three men-
tioned are the dominant platforms in terms of the number gfiegtions offered and the market size. See Ellison
(2011a)for details.

Discussions with industry sources indicate that portingtsdell dramatically in 2011 with the advent of cross-
platform development tools. This could potentially be usesegment the analysis.



the other side (who may single-home, or multi-home at antewhdil cost). This further creates an
indirect network effect in that a consumer’s choice to jopiaform can increase the value of that
platform for all members of it in the next period by attragtimore app developers.

While development costs can be large, cross-developmetg can be large as well. Towards
the end of the time period used in this paper, cross-devedoptnols started to become available.
This had the effect of lowering, but not eliminating, craksrelopment cos During the time

period of this study, cross-development costs were coreide be significant.

2.2 Data Sources

The data to be used in this project comes from both public aoprigtary sources. The first data
source used in this project is Nielsen’s Mobile Insightsyeyrof the US mobile phone market.
Nielsen conducts a monthly cross-sectional survey of ZblB consumers, gathering data on in-
dividual characteristics and product choices (see Sioking012 for more details on this dataset).
This provides data for both the installed bases of each gfldtéorms as well as the characteristics
of the individuals on each platform, and in particular, tierage income levels of the users of each
type of smartphone.

The second data source is a hand-collected dataset of theemahapps that are available in
the competing app stores.

Both data sources have been compiled for November 20082D1l§. The following section

will provide a descriptive analysis of the data.

3 Descriptive Analysis

This section provides descriptive analysis to establishesbasic features of the market for mobile
applications. This analysis will take a reduced-form appy treating many factors as exogenous.

Figure[1 provides a sense of trends in both the installedsbakthe competing platforms, and

10see “The Cross-Platform Conundrum”, Accenture Consul2dd 2), for details on the situation facing developers
who wish to multi-home.



the number of apps available for each platform. Of interesihat Apple continues to maintain a
strong lead in the number of apps available well after Ardisnirpasses Apple in installed base.
However, as we see in Figure 2, Android had the most successglower income househo

only approaching Apple among higher income house@ltdmvards the end of the data period. A
likely cause for this is that Android handsets were often enadhilable at lower initial price points

than iPhone

3.1 Demand for Applications

The first feature of the market to establish is that consumessond to the availability of apps in
their decisions about which smartphones to purchase. [[ast@ws the results from a regression
of the share of consumers opting for each of the three snarpplatforms in a given month, on
the log of the number of apps available on each platform thraitm Controls include platform
fixed effects and platform-specific time trends. Of note &t general, the Blackberry platform
is in decline, while the Android and Apple platforms are gimgvrapidly (see Figurel1). For that
reason, we get that without platform-specific time trenaguimn 1), the result is only a weak
increase in demand from apps. However, when we drop the Béawk platform (column 2), we
gain strong statistical significance and a much larger miadei Finally, allowing for platform-
specific time trends in purchase shares (column 3), we seththavailability of apps does have a

statistically significant impact on demand for smartphones

3.2 Supply of Applications

Table[2provides some initial evidence that developersordpo the installed base of a platform
when deciding which platform to develop for. Here, “ingtdllbase” is measured as the share of

US adults who own a smartphone that runs a particular opgragistem, and not a platforms share

pefined as survey respondents reporting annual HH incomp taf 50K

?Defined as survey respondents reporting annual HH incomessf&1 00K

131t wasn’t until October of 2011 that Apple had an iPhone mdbat was free on a 2-year contract (the two-year
old iPhone 3GS). In contrast, there had been many Androicels@vailable free on contract since June of 2010.



of all current smartphon@.This measure is used as the total market for smartphoneswsrgy
quickly during this time period. The first four columns shagults regressing the change in the
number of apps available for a platform on either the rawaliedi base (columns 1 and 2), or the
monthly change in installed base (columns 3 and 4). Thetseard quite robust in suggesting that
developers prefer to release apps for platforms that agedand that are growing more quickly.
The final two columns regress a platform’s monthly share lohpps released that month on the
change in installed base to show that the result is robuditmshares instead of levels.

Table[3 attempts to determine if the composition of a platfsruser base affects that plat-
form’s appeal to developers. First, we divide up consuma fiour income groups based on
household income: (1) Under $50K, (2) $50K-$75K, (3) $75K08K, and (4) Over $100K. This
table regresses the share of apps released for a platforta imstialled base among each of these
four income groups. The main result is that increases iraliest base among the lower income
groups do not lead to a statistically significant increasepratform’s share of apps being released.
However, for the higher income groups, the relationshigasigically significant. This provides
evidence that developers prefer platforms with higher mmeasers. A likely mechanism is that
those consumers present a greater profit potential for@gijaih developers. Appendix Tablgs 6
and_T provide additional robustness checks for this, firghmowing that the result is even stronger
if Blackberry is omitted, and second that the result is robosontrolling for the total installed
base of each platform.

Finally, Table[4 attempts to examine the effect of app coitipeton the supply for apps.

It is natural to think that app developers would be drawn tdaf@rm on which they would

face relatively less competition. Tallé 4 regresses theatiopin’s share of apps released in a
month on both its installed base, and the humber of currgags'g@er user” on that platform, as a
measure of within-platform app competiti@.‘l’ he results are strong and statistically significant:

while developers seek to develop apps for platforms witbdaiinstalled bases of users, they

14For example, an installed base for Blackberry of 0.03 womigly 3% of American adults own a blackberry
smartphone.

15The number of “apps per user” is calculated as the total nuwio@pps divided by: (installed base share among
US adults X 220M).



prefer to avoid platforms where they will have to competehvatlarger number of applications.
Unfortunately, at this point the data cannot distinguistween within-platform competition and
a story of developing first for a platform with a larger intdl base, and then later releasing the
software for other platforms. | am in the process of proayadditional data to shed light on this

difference.

4  Structural Analysis

In every time period, there aiefirms that consider developing an “app” for one or more platf®.
The cost of developing an app is given 8y and the cost of developing it for each additional
platform onceC has been paid is. Firms choose to develop for any combination of the follayvin
three platforms: Apple, Android, and Blackberry. Firms nago choose the outside option of
not developing an app in this period. If a firm decides to dgveln app, it becomes available in
the following time period. For now we will ignore time subigts as the following applies to each
time period.

Firms choose a “bundle” of platforms to develop for. There &rpossible bundles: three

singletons, three pairs, all platforms, and no platforméiri#’s profit from a bundleB is

EBR —C—c(|B|—1)+¢B

wherep is a platform in bundld3 andeg is a bundle-specific firm shock distributed i.i.d. type
| extreme value. We normalize the profit from the outsideaptd 0. The functiorR(p) denotes
the revenue earned from releasing an app on platfarifo capture the dynamics identified in the

previous section, the functidR(p) will be parameterized as

R (p) = ap+ B1Zp jow + B2Zp high + VZ
ptotal

The components of this revenue function area constantZy, 0w, the platform’s penetration



among low-income user&; high, the platform’s penetration among high-income users;ﬁéﬁ%,
the number of apps available on platfopdivided by the total installed base of the platform. The
idea is to capture the appeal of a platform as a function ofidex base characteristics, but also
capture the effect of competition.

This model contains the following parameters;, 81, 32, y,C, andc. Denote the parameter
vector by 8. Given this setup and a parameter vector, we can computehtire sf firms that
choose each bundle in each time perigd(6). Then, the number of apps on a platform in a time

periodt, X is equal to

Xpt (0) = X1y (0) + (6
pt (6) = Xpt—1) (6) prSB(t 1) (0)

That is, we are able to compute the evolutiorXgf given a parameter vector. This allows us
to estimate the parameter vectbusing a minimum distance estimator to fit the observed data on
Xpt to the values predicted by the model.

We will treat the characteristics of a platform’s users, $iee of its installed base, and the

number of potential entrants as exogenous, although thiibevielaxed in future work.

4.1 Identification

In the above model, the values of the platform fixed effegfs,relative to the development costs
would not be identified from the available data. Therefore,will fix C to a constant value and
estimate other parameters relativeCtoThe ap terms will be identified by the share of the outside
option. However, these are not the parameters of most sitdrestead, it will be the components of
the revenue functiory, B2, andy, which will be identified by the relative shares for each fiolah

in each time period. Additionally, the cross-developmerstc will be identified relative taC by
the correlation between app growth across platforms thatatabe explained by the components
of the revenue function. As there is no data on actual rev@aueosts, the actual estimates are of

little interest. Instead, counterfactual simulationd Wwé used to investigate the impact of various



features of this industry on the growth of apps.

5 Results

Results for the baseline model are given in Table 5. The val@is fixed at 20 andN is fifty
thousand. All estimated parameters have the expected s@jar@ significant (the competition
parametey is weakly significant). Of note is that the cross-developiaest,c, is estimated to be
12% of the fixed development co& = 20). Figurel4 shows the fit of the model at the estimated
parameter vector.

Once estimated, the model can be used to analyze the impertdrihe composition of the
installed base, the effect of competition, and the effeatros-development costs. Each will be

analyzed separately in counterfactual simulations below.

5.1 Composition of the Installed Base

This counterfactual simulation will hold the parameterteeéixed, but change the composition of
the installed bases of the Android and Blackberry platforfe example, as shown in Figure 2,
Apple captured more high-income users than Android. Ferc¢bunterfactual, total installed base
will remain the same for Android and Blackberry, but the mbhagh and low income users will
be set to Apple’s mix.

As seen in Figuré]5, when Android has Apple’'s mix of high-immusers, it does indeed
surpass Apple in number of apps. Blackberry benefits as aldtipugh not nearly as much. This
provides evidence of the fact that if Android had been moreeassful at the high end of the
smartphone market, their app library would have surpasggtes shortly after their installed base
surpassed that of Apple. As will be seen below, no other @tadtual has Android surpassing

Apple’s true app library size, indicating that this effexwery strong.
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5.2 Effect of Competition

This counterfactual examines the degree to which competftiom existing apps is a factor in
developers’ choice of platforms. As shown in Table 5, theveste ofy is negative, implying that
developers are deterred from developing for a platform #itvéiady has a large number of apps
available. This counterfactual will set that parameterat of its value to determine the impact of
competition on developer choice.

As seen in Figurgl6, reducing the effect of competition hagificant impact on the growth
of apps over time. Apple in particular benefits significariyit has the most apps available, and

so the effect of competition on developer choice would bengtest for Apple.

5.3 Effect of Cross-Development Costs

This counterfactual examines the effect of changing theafateveloping for additional platforms,
c. As might be expected, the platform that is currently thetrappealing to developers would want
to increasee, while platforms that are less attractive would like to Imw@ This counterfactual
will examine the impact of halving and doubling the estinfte obtained in the structural model.
As seen in Figurgl7, when cross-development costs are hawetloid benefits significantly.
Of additional interest is that in later periods when Andrgich more attractive platform, Apple
benefits as well from the lower cross-development costsomtrast, Figurel8 shows that Android

suffers considerably when cross-development costs atdetbiand Apple is relatively unaffected.

6 Conclusions

This paper provides strong evidence that the compositiarsefs attracted to a platform on one
side of the market is a strong determinant of the attracéigsrto the other side of the market. If

Android had managed to attract the same mix of users as Agyglgwould not have lagged in the

6Consistent with its position in the market, Google createaiyrtools to reduce the cost of developing for Android,
such as the App Inventor for Android software.
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number of apps available. While there is also evidence thiaipetition and cross-development
costs were significant factors in the development of thisigtiy, the effect from the composition

of users is the strongest.

12
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Figure 5: Counterfactual 1: Android and Blackberry have Apple’s Ugiex
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Figure 6: Counterfactual 2: Reduce Effect of Competition on Platf@hoice
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Figure 7: Counterfactual 3a: Cross-Development Costs are Halved
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Figure 8: Counterfactual 3b: Cross-Development Costs are Doubled
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Tables

In all tables, a dash (-) for a standard error indicates thatparameter was fixed in the given
specification. Any parameters listed withuaor o are indicating that the estimated parameters are

means and standard deviations of random normal varialeigsectively.

Table 1: Demand for Mobile Applications

Dependent Variable: Monthly Share
of Purchases by Smartphone Platform

(1) (2) 3)

Log(apps) 0001937 0.02248** 0.004216**
(0.001084 (0.003171) (0.001433
Platform FEs X X X
Platform Time X X
Trends
Blackberry Included X X
N 117 78 117
R? 0.1217 0.3646 0.9062

Data reflect observations from 39 months of data. The depgn@eiable is the monthly share
of total smartphone purchases that go to each of the threer platforms: Apple, Android, and
Blackberry. The independent variable is the natural |lalgariof the number of apps available on
that platform in that month. All specifications include fdain fixed effects. Specifications (2) and
(3) further include platform-month fixed effects. Specifica (2) omits the Blackberry platform
from the regression. Statistical significance is denoted,byand*** for the 10%, 5%, and 1%
levels of significance. All standard errors are clusterati@month level.
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Table 2: Supply of Mobile Applications

Dependent Variable: Monthly Change in Apps Available

Independent Variable (2) (2) 3) 4)
Installed Base (%) 128745  147,8988"**
(16,267.82) (21,740.25)
Change in Installed Base (%) 44943 346 2523"
(183 657.7) (178 9258)
Platform FEs X X
N 99 99 96 96
R? 0.1828 0.5376 0.0631 0.3517
Dependent Variable: Monthly Share of New Apps Released
Independent Variable (5) (6)
Installed Base (%)
Change in Installed Base (%) Br10* 7.5186**
(4.3752 (2.0386)
Platform FEs X
N 91 91
R? 0.0367 0.7406

Data reflect observations from up to 32 months of data. Them#gnt variable is either the
monthly change in the level of apps available on each of treeetimajor platforms, or the share of
new apps released that month that are on that platform. Tependent variable is either the share
of US Adults that own a smartphone of that platform type, @ ttonthly change in that figure.
Statistical significance is denoted hy*,and*** for the 10%, 5%, and 1% levels of significance.
All standard errors are clustered at the month level.
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Table 3: Supply of Apps vs Income Groups

Dependent Variable: Monthly Share of Apps Released for tidPha

Installed base among: (1) (2) 3) (4)
HH Income <$50K —0.3759
(0.7257)
HH Income 04667
$50K-$75K (0.4338
HH Income 0.8534*
$75K-$100K (0.3577)
HH Income >$100K 1.1919*
(0.3448
N 78 78 78 78
R? 0.0009 0.0020 0.0092 0.0320

Data reflect observations from 26 months of data. The depgvdeable is a platform’s monthly
share of apps released that month. The independent vaisabie installed base among a certain
income group. Statistical significance is denoted By, and*** for the 10%, 5%, and 1% levels
of significance. All standard errors are clustered at thetmtavel.

Table 4: The Effect of Within-Platform Competition

Dependent Variable: Monthly Share
of Apps Released for a Platform

(1) (2)

Apps per User —245175* —24.9705**
(3.7483 (3.7800
Installed Base (%) 3829 2.4629**
(0.4876 (0.5138
Platform FEs X X
Blackberry Included? X
N 91 64
R 0.8292 0.7006

Data reflect observations from up to 32 months of data. Ther#gnt variable is a platform’s
monthly share of apps released that month. The independaable is the installed base and the
current number of apps divided by the installed base in uStadistical significance is denoted by
* o and™* for the 10%, 5%, and 1% levels of significance. All standardrsrare clustered at

the month level.
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Table 5: Estimated of Structural Parameters

Parameter Estimate
A Android 3.664™
(1.611)
QApple 17.530*
(5.833
OBlackberry —2.905"
(1.1378
B1 —92.85"*
(33.385)
B2 75572
(30.590)
y 17274
(89.623
C 2.423*
(0.9941

Data reflect observations from up to 32 months of data. Ther#gnt variable is a platform’s
monthly share of apps released that month. The independaable is the installed base and the
current number of apps divided by the installed base in uStadistical significance is denoted by
* o and*™* for the 10%, 5%, and 1% levels of significance. All standardrsrare clustered at
the month level.
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Appendix

A Robustness Checks

The following tables provide robustness checks for theceddorm analysis:

Table 6: Supply of Apps vs Income Groups

Dependent Variable: Monthly Share of Apps
Released for a Platform, Omitting Blackberry

Installed base among: (1) (2) 3) 4)
HH Income <$50K 0635
(0.5607)
HH Income 1.6512*
$50K-$75K
(0.703)
HH Income 1.6716**
$75K-$100K
(0.5972
HH Income >$100K 1.7836"**
(0.485))
N 52 52 52 52
R? 0.0118 0.0517 0.0749 0.1515

Data reflect observations from 26 months of data. The depgvdeable is a platform’s monthly
share of apps released that month. The independent vaisabie installed base among a certain
income group. The Blackberry platform is omitted from thelgsis. Statistical significance is
denoted by',** ,and*** for the 10%, 5%, and 1% levels of significance. All standardrsrare
clustered at the month level.
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Table 7: Supply of Apps vs Income Groups

Dependent Variable: Monthly Share of Apps
Released for a Platform

Installed base among: (1) (2) 3) (4)
HH Income <$50K —12.0836**
(4.3592
HH Income —8.3300
$50K-$75K
(5.8860
HH Income 5.8540
$75K-$100K
(4.6224)
HH Income >$100K 5.2275**
(1.7606
Total Installed Base 9669 8.6550 —5.8326 —6.6686*
(3.0629 (5.6818 (5.2400 (2.6681)
N 78 78 78 78
R2 0.0947 0.0244 0.0228 0.0945

Data reflect observations from 26 months of data. The depgndeable is a platform’s monthly
share of apps released that month. The independent vaisdhle installed base among a certain
income group. Statistical significance is denoted 5y, and*** for the 10%, 5%, and 1% levels
of significance. All standard errors are clustered at thetmtavel.
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