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ABSTRACT

Observational Learning (OL) in Information Systems (IS) literature, inferring product quality from the popularity
as an aggregated summary of the purchase history, differs from Word of Mouth (WOM) effects in that OL
offers less information and thus leaves more room for interpretation of the quality signal. Our study empirically
tests the asymmetric effect of the popularity of a platform on a sale conducted on that platform (within-popular-
ity effect) and the asymmetric spillover effects of the popularity of a platform on sales conducted on the other
platform (between-popularity effect) using multihoming games across two representative mobile platforms, i.e.,
Google Play and Apple’s App Store. Consideration of the multihoming games gives salience to the asymmetries
by controlling for matched game quality, a possible cause of simultaneity. We exploit a diverse panel data
framework to systematically address unavoidable econometrical issues and a dynamic panel data model to
control endogeneity of autoregression. Finally, by applying z-test to compare two matched pairs of coefficients,
we found that the within-popularity of the Google Play is significantly greater than that of the App Store,
whereas the between-popularity is significantly less. We speculate that contextual information, that is, information
publicly available about a platform’s policy, moderates the interpretation of OL signals, causing asymmetric
effects.

Keywords: Multihoming, Platforms, Asymmetric Effects, Observational Learning

I . Introduction a product. In Marketing and Information Systems

(IS) literature, numerous studies on Word-of-Mouth

Consumers often take the crowd opinion into ac- (WOM) established that customers are affected by
count in their purchase decisions. They may read reviews, specifically, from the aggregate review met-
or hear about what other customers have to say about rics such as average quality rating, the number of
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customer reviews, variance of ratings, textual content
of the ratings, etc (Chevalier and Mayzlin, 2006;
Dellarocas et al,, 2007; Zhang et al, 2013). In addition
to what others say about a product, customers are
also affected by what others do about a product by
observing the crowd’s attitude towards a product.
In housing markets, a house staying too long on
the market, even with a fantastic location and reason-
able price, raises skepticism around its value over
time. Restaurants that many people are waiting in
the line to get into may encourage customers to
wait for a long time with higher quality expectation.
“Observational learning (OL),” draxg inferences
about product or service quality from a mere ob-
servation of the crowd’s choice, has been studied
analytically in the economic and psychological liter-
ature (Bikhchandani et al., 1998, 2008) and, more
recently, empirically in the marketing (Chen et al,
2005; Zhang, 2010) and IS literature (Dewan and
Ramaprasad, 2012).

OL literature demonstrates that the information
gathered through observational learning signals the
quality and taste of a product or service, and differs
from WOM in that the OL embodies less information
than WOM (Chen et al, 2005). Prior research regard-
ing OL in an online environment shows that the
exposure to information about popular products re-
sults in making those products even more popular,
often leading to winner-take-all outcomes in the mar-
kets (e.g., Chen et al., 2005; Salganik et al., 2006).
The customers tag along with the collective actions
of a similar group and engage in herding behavior
(Banerjee, 1995). When doing that, customers inter-
pret the OL signals differently depending on the
context. For instance, customers interpret the same
OL information more influentially for narrow appeal
products than for broad appeal products (Tucker
and Zhang, 2011). Dewan and Ramaprasad (2012)

show that the OL effect becomes bigger in the tail
than in the body because people obtain a clearer
signal of quality. The insights from the contextual
research of the online OL effect are very important
from the perspective of the platform owners and
the service provider that determines the exposure
timing and channel of the product. Understanding
what parts customers perceive before making a pur-
chasing decision will be inevitably beneficial for serv-
ice providers who decide on appropriate time and
circumstances and support the platform managers
to provide a sustainable and better service. However,
the asymmetric effects of OL have been understudied
compared to the importance of the topic for practi-
tioners and academicians. In this study, we investigate
the asymmetric effects of OL in the context of mobile
application platforms, namely Apple’s App Store and
Google Play, due to their dominance in the market.
Since OL is based on drawing quality perception
given what others have chosen, we take app popular-
ity, which is communicated in the form of ranking
of an application on a platform, as a signal for poten-
tial buyers to infer how well an application is received
among other customers. Considering two separate
platforms on which the same applications are
launched, we investigate (1) if there are any popularity
effects within and between the two platforms and
(2) if there are any popularity effects, whether these
effects are asymmetric within and between the
platforms. To address our research questions, we
collected data from AppAnnie.com, an online plat-
form providing data analytics for app developers to
position their brands in the mobile app ecosystem.

Based on our investigation of the policies of the
two platforms and their exposure to the public
through the news, we identify platform-specific ac-
creditation policies for a newly-registered game. For

example, the App Store imposed a six-day review
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process of a game candidate before it is published
to their platform. Note that, according to Macworld
and Snell (2009), around 20% of apps are rejected
before they are registered to the platform. However,
Google Play drops unpopular games out of the basket
after publication on the platform. Given that each
consumer adopts a single platform, we hypothesize
that the two platforms may have asymmetric OL
effects since consumers selectively ingest the available
information about the applications on the platforms.

To show this asymmetry, we exploit multi-homing
games that are launched on both platforms. Since
we can control game specific attributes, the mul-
ti-homing games are well-matched with addressing
our research questions. The multi-homing strategy
has become very common in the mobile application
industry. The proportion of multi-homing applica-
tions on the two platforms was bided in 2.7%
(Mashable, 2010) in 2010 and reached 37%
(VisionMobile, 2015b) in 2015. Since multihoming
became almost a typical practice, such commonality
partially reduces selection bias.

In this study, we first empirically show that thxre
is a platform’s popularity effect on sales that accrue
on that platform ecosystem, which is called the with-
in-popularity effects. We explore whether plat-
form-specific entrance policies create different com-
petition environments for the applications hosted
on individual platforms, that result in asymmetric
within-popularity effects. The asymmetric effects of
OL can be identified at the quasi-experimental level
with multihoming. A game developer tends to roll
out a game of similar quality onto two different plat-
forms, sequentially or simultaneously, with the same
title. Therefore, we can partially control for quality,
which would otherwise potentially raise an endoge-
neity issue. Second, we can identify asymmetric spill-
over effects between the platforms. For example, the

high ranking of a game on the App Store might
not affect the sales of that application on Google
Play to the same extent that the same information
on Google Play affects sales on the App Store. We
call the popularity effect of a platform on sales on
the other platform as the between-popularity effect.
Asymmetric strength of between popularity suggests
sequential market entrance or multihoming strategy
of a game.

The rest of the paper is organized as follows. The
next section provides an overview of the literature
on within and between popularity effects and hypoth-
esis development. In section 3, we describe data,
and a model is presented to estimate our hypotheses.
In section 4, we report the results of the estimations.
We conclude our paper with a discussion and direc-
tions for future research in section 5.

II. Literature Review and Hypothesis
Development

In this section, as we provide a literature review
of our research questions, we also develop our
hypotheses. Our literature review covers the main
topics of platform policies, and within/between popu-
larity effects.

2.1. Observational Learning (OL)

Observational Learning (OL) in the Bandura’s so-
cial learning theory originally refers to learning
through observation with consistent social inter-
action (Groenendijk et al., 2013), that is, the process
of acquiring information through observing other
people’s behaviors. In certain environments, ranking
information of product and service is provided as

an indicator of online OL. The prior literature on
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OL also covers the research on herding behaviour
(Qiu et al, 2021), because herding and OL are affected
from information such as rankings or online WOM
that the information provided from the existing con-
sumers influences potential consumers’ decision
making (Lu et al, 2021; Qiu et al, 2021). As an
extension to this research stream, we hypothesize
that the OL behaviors of consumers may differentiate

depending on the platform characteristics

2.2. Multihoming

In the context of the mobile applications market,
multihoming refers to utilizing multiple platforms
as channels to achieve the same purpose.
Multihoming on various platforms occurs for both
app providers and consumers when they sell and
purchase the same service or product, respectively
(Li and Zhu, 2021). With technological advancement,
multihoming becomes more general and prevalent
for both buyers and sellers on the platforms (Bakos
and Halaburda, 2020). This study focuses on multi-
homing for the consumers side, which leads to variety
in platform policy designs and advertising strategies
(Zhang et al., 2022).

2.3. Mobile App Stores and Platform
Policies

The representative mobile app ecosystems include
Android-based Google Play and iOS-based Apple’s
App Store (Karhu et al., 2020; Mcllroy et al., 2016;
Yoon, 2014). Although competing platforms in the
same market tend to have their policies converge
into each other over time, the two representative mo-
bile platforms have their own review policy at the
time of our data gathering. In the case of the first

mover, Apple’s App Store, security is enhanced by

borrowing a closed policy, but compared to the late
comer, Google Play, access to participate in the mar-
ket is not easy (Karhu et al.,, 2020). Apple’s App
Store has a stringent qualification process for an
application in order to assure the app quality with
respect to safety, performance, business, design, and
legal issues. The policy states “don’t simply copy
the latest popular app on the App Store, or make
some minor changes to another app’s name or Ul
and pass it off as your own” to avoid clones of popular
apps (Apple, 2016). In sharp contrast, Google Play
has a relatively low entrance barrier. An application
is automatically checked only for security concerns,
and immediately published onto the market (Corral
et al,, 2014). Google Play emphasizes autonomy while
raising concerns about low security from the high
freedom in the market (Karhu et al., 2020). However,
Google Play removes unpopular applications from
the market every quarter (AppBrain, 2016). That said,
Google Play provides developers with initiative and
an autonomous development environment in order
to stimulate the market, whilst Apple’s App Store
rigorously strives to protect users and enhance
security.

Interestingly, there appears to be a difference be-
tween users’ perception of security and personal in-
formation protection depending on what platform
the specific consumer uses (Greene and Shilton, 2018;
Martin et al., 2017). That said, these two ecosystems
are giving consumers a different impression with their
own operational policies. Most consumers are, wheth-
er consciously or unconsciously, aware of the differ-
ence between these two markets (Greene and Shilton,
2018; Martin et al., 2017). Likewise, the public ex-
posure of the two unique policies may give strong
signals to both participants of the platform. Given
the differences between the App Store and Google
Play’s app admission policies, such a platform policy
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gives consumers a signal that games on that platform
are differentiated (horizontally different) or at least
the game quality is minimally guaranteed (vertically
qualified). Given this signal, in this paper, we demon-
strate that the policy information moderates the rela-
tive importance of OL for consumers when they
make purchase decisions. For example, consumers
rely less upon the popularity information if they be-
lieve that they need more alternative accessible in-
formation such as detailed textual comments or de-

scriptions
2.4. Within Popularity Effects

OL contains less information compared to WOM
and exposes only the actions of other consumers,
not the reasons behind their actions. Information
cascade theory explains that even there is a limited
amount of information available when heteroge-
neous consumers observe the purchase actions of
a high fraction of other consumers in the population,
the publicly-observed information overwhelms their
private beliefs, causing all subsequent consumers
to hold similar beliefs. Therefore, what game a user
downloads largely depends on the share of prior
choices in the basket of consideration (Bikhchandani
et al, 1998).

With over 150 thousand newly posted mobile
games a year on a platform (PocketGamer, 2016),
a platform recommends top-ranked games to help
consumers find more enjoyable ones by category.
The Apptentive (2012) shows that about thirty per-
cent of users find their apps from top-ranked apps.
Therefore, we hypothesize that the popularity of
a game on a platform further drives the sale of
that game on that platform, hence within popularity
effect.

HI: There exists the within popularity on both
platforms.

Prior literature also demonstrates our suspicion
about asymmetric OL effects on two platforms.
According to Tucker and Zhang (2011), the popular-
ity of a narrow-appeal product can step up its sales
more than that of an equally popular broad-appeal
product. The logic behind this interesting finding
is that a broad-appeal product fits to general taste
and thus has a higher chance of being chosen, induc-
ing customers to estimate higher quality for the nar-
row-appeal product. Dewan and Ramaprasad (2012)
show that the popularity effects of niche music sales
are asymmetric in the body and in the tail
Interestingly in the tail, the popularity effects are
stronger because it offers a relatively stronger signal
of music quality for niche music which has greater
quality uncertainty for the user. In our context of
application platforms, the popularity effect for a prod-
uct positioned among apps that are allowed to enter
into the platform based on a stricter screening process
(the policy of Apple’s App Store) would be different
than for the same product when entering into the
app market through a less limiting entrance policy
(the policy of Google App). Therefore, we hypothesize
that popularity effects are asymmetric across two
platforms of our focus.

H2: The within popularity effects are asymmetric
in platforms.

2.5. Between Popularity Effects

Although between-popularity effects across plat-
forms have been understudied, a similar concept of
‘spillover effects’ is explored in the marketing

literature. Spillover effects are well documented for
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a product category competing across different brands
(Roehm and Tybout, 2006) or for a specific brand
hosting different products (John et al., 1998; Lei et
al., 2008). Spillover effects among different products
in a brand are relevant to brand recognition and
its updating (Lei et al., 2008). The popularity of a
brand product increases the awareness of the consum-
ers about both brand and the product. Moreover,
a strong association between a new product and a
brand product renders information about the ex-
pected quality of the new product, creating a positive
or negative spillover, depending on how the custom-
er's expectations about the new product are met.

Spillover effects are also studied in the IS literature
to an extent. For example, a promotion from a store
on a location-based service platform not only in-
creases that store’s check-ins but also improves the
sales of its neighbors due to the fact that customers
are more likely to be aware of the neighbors (Liu
et al, 2014). In IT innovation literature, an innovation
success gives rise to other companies’ recognition,
bringing out active information sharing and collabo-
ration and eventually creating positive spillover ef-
fects on productivity (Cheng and Nault, 2012). In
the app market, the sales rankings of an app in a
particular platform bring spillover effect to another
platform, which confirms cross-platform correlation
(Ghose and Han, 2014). In this paper, we consider
the games that are launched on two platforms.
Therefore, in our context, we hypothesize that there
exists a positive spillover effect because the popularity
of a game on a platform makes that game visible
to all the users and also renders its quality and possible
fitness to a customer’s taste.

H3: There exist the between popularity effects across
both platforms.

The spillover effects can be observed across firms
in a pairwise relationship, where firms operate in
related businesses. In such a relationship, firms derive
asymmetric benefits from each other depending on
the context. For example, the spillover effect from
an organic search click-through on paid ad clicks
is three times stronger than vice versa (Yang and
Ghose, 2010), and bars’ promotions benefit neighbor-
ing restaurants in the same location but restaurants’
promotions do not (Liu et al., 2014). Similarly, in
our context, we hypothesize that the success of a
multihoming game on a platform does not provide
symmetric influence on the other platform hosting
the same game, since consumers of a platform may
interpret the success differently depending on the
platform policies and context.

H4: The between popularity effects are asymmetric
across platforms.

[MI. Data and Economic Estimation

To empirically test our hypotheses, we collected
mobile game data from AppAnnie.com, in which,
the details of games hosted by the App Store and
Google Play are available. The data include top charts,
app ranking history, price changes, reviews, and app
descriptions across Apple and Google Play
(AppAnnie, 2012). Since our interest is in under-
standing within and between popularity effects and
their asymmetry, we believe AppAnnie data is appro-
priate because AppAnnie lists only the high-ranking
popular games on respective platforms, that is, a
game is listed at AppAnnie only when its rank is
below 540 and 1500 for Google Play and the App
Store platforms, respectively.

Since a subset of the games listed at AppAnnie
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was overlapping for the App Store and GooglePlay,
we ended up pairing 661 games by matching their
titles from the two platforms. For these paired titles,
we traced all the details of the games on a weekly
basis from March 2013 to March 2015, making panel
data with 25,451 observations. Due to the limitation
of data availability of AppAnnie - neither below
540 ranked in Google Play nor 1,500 in the App
Store is available in AppAnnie and the rankings of
the games may change from one week to another-,
we considered the unavailable time periods of a game
as missing values, making our dataset an unbalanced
panel with fifty percent of games missed.

Unlike online markets for books, music, and mov-
ies, the market for apps is more welcoming to making
any changes in the pricing strategy or the set of
app features (Lee and Raghu, 2014). Because of that,
we removed the games of which the pricing strategy,
either from free to paid or from paid to free, has
been changed during the two-year period of data
collection. In addition, if a game had multiple ver-
sions, we considered only the first version of that
game because a newer version of that game may
offer additional features, providing higher quality
with relatively less user feedback and lower ranking.

Since either platform does not disclose the sale
data of a game, we infer it from publicly available
rank data from AppAnnie. In their paper, Garg and
Telang (2014) assume that the relationship between
app sales ranks and actual sales follows the Pareto
distribution (sales = b x (rank) - a + u), where a
logarithmic transformation of the same expression
provides In(sales) = In(b) - a x In(rank), and a, b,
and u are the model parameters. To identify the
diminishing marginal impact of within popularity
effect, we used the prior week’s ranking information,
In(RankB;), as a proxy to the popularity effect in

the current week. Thus, we created a dynamic panel

model framework (Menon and Kohli, 2013) below.

In(RankB;;) = B0 +B1ln(RankB;; ;) +B2Topl00A;, +
B3In(ReviewB; )+ B4RatingB;; + B5In(AgeB;;) + ¥t +
6 + &y [Model 1]

In Model 1 above, we have the following control
variables: First, we introduce Topl00A;; to estimate
the between popularity effect on sales. That is, if
a game ranks highly on a platform, the popularity
of that game will ignite an increase in sales of the
same game on other platforms. Second, we also con-
sider the two aggregate metrics of online WOMs,
the number of reviews (ReviewB;) and average rating
(RatingB;y, because these two metrics have been
known as factors to influence sales by reducing the
uncertainty of the product (Chevalier and Mayzlin,
2006; Liu, 2006). We also include the logarithmic
transformation of a game’s age, In(AgeB;,), to reflect
the diminishing marginal impact of time after the
release of a game (Ghose and Han, 2014). To control
for time-variant unobservables, we also incorporate
¥t — week dummies - into our model 1. Finally,
6; denotes unobserved time-invariant characteristics
of a game, and the variable &;; represents unobserved
factors that change over time and across games which
both affect the dependent variable.

In Model 1, the Ordinary Least Squares Regression
(OLS) estimation can be biased because of the correla-
tion between 6i and In(RankB;;.;). Therefore we elim-

inate 6i by first difference transformation:

AlnRankBi,t = {31 A lnRankBi,tfl + [32 ATOPIOOA“
+ B3 A InReviewB, + 4 A RatingB, + 35 A InAgeB,
+ Ayt + Agy [Model 2]

Since Aln(RankBi;—) is correlated with Aeg; by
construction, we consider 2SLS-IV based approach
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<Table 1> Description of the Variables

Variables Definition Mean Min Max
Rank®™ 25 iTune, download rank for current week t 336 1 1458
Rank® it Google Play, download rank for current week t 201 1 538
Review™ % ., |iTune, cumulative # reviews for current version by week t 108 0 8260
Review®™ it Google Play, cumulative # reviews for current version by week t 379 0 14764
Rating™ ** ;; |iTune, average rating for the version by week t 39 0 5
Rating® Google Play, average user rating for the version by week t 37 0 5
Age™ 4% |iTune, # weeks since the version released 20 1 211
Agec'P it Google Play, # weeks since the version released 28 1 276
Variables Definition Value Freq. %
Tooag™ A5 , , . 1 363 55%
0p100 i |1 if a game enters top 100 of iTune by week t. 0, otherwise
0 298 45%
o 1 515 78%
Topl00™ 1 if a game enters top 100 of Google Play by week t, otherwise 0
0 146 22%

(Anderson and Hsiao, 1982) which instruments A
In(RankB;—,) for Aln(RankB;,—,). Since consistent
estimations of the dynamic panel models require
longer panels (Tambe and Hitt, 2013), we first apply
Arellano and Bond generalized method of moments
(GMM) that uses lagged differences as instruments

to account for endogenous variables (Arellano and
Bover, 1995; Blundell and Bond, 2000). Note that
GMM is known to provide more effcient estimation
for over-identified instruments. Since lags over two
time periods were found insignificant, we only in-
clude the two lags of the ranking into the instrument

<Table 2> Results for Hypotheses 1 and 2 for Google Play Platform
Model 1 Model 2
(FD-GMM) (System-GMM)
0.936%** 0.6724**
InRank® ;,—
AN i (0.036) (0.030)
-0.992* -0.079
T loothe AS .
op s (0.033) (0.048)
-0.085** 0.123**
lA GPi
e (0.033) (0.041)
0.085** -0.080*
l Revi GP ;
TEREVIEWS ™ it (0.043) (0.048)
-0.045 -0.004
Ratings® .
ANES (0.049) (0.039)
o Wald x 2 (107) Wald x 2 (107)
Fit Statistics = 1265.15 = 176591
Note: **p < 0.001, **p < 0.05, *p < 0.1. Standard errors are shown in the brackets
178 Asia Pacific Journal of Information Systems Vol. 33 No. 1
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<Table 3> Results for Hypotheses 1 and 2 for the App Store Platform

Model 1 Model 2
(FD-GMM) (System-GMM)
‘ 0.607* 0.659°*
lnRankthe AS it—1
(0.045) (0.031)
: 0.797%% -0.090
Top100% ;
OPHY (0.081) *(0.049)
‘ 0,035 0.109
h’lA the A.S ;
g (0.033) (0.041)
0,085 -0.080*
InReviews™ 45
(0.018) (0.024)
‘ -0.043 0.112%
Rati the AS ;
angs - u (0.037) (0.039)
Wald x 2 (108 Wald x 2 (108
Fit Statistics x 2 (108) ald x 2 (108)
- 15365231 = 22301553

Note: **p < 0.001, *p < 0.05, *p < 0.1. Standard errors are shown in the brackets

matrix. Since we implement GMM after difference
transformation, we name our model as FD-GMM.
The results for FD-GMM are posted in the second
column of <Tables 2> and <Tables 3>. As a robustness
check, we run fixed effect estimation as well as Least
Squares Dummy Variable (LSDV) estimation and
we obtain quantitatively the same results with
FD-GMM.

A condition for the validity of Arellano and Bond
estimation is that the differenced error term is not
second-order serially correlated. However, our data
suffers from different serial correlation across the
differenced error term, i.., first-order to fourth-or-
der serial correlations are significant. Arellano and
Bover (1995) and Blundell and Bond (2000) revealed
that the lagged levels are often rather poor instru-
ments for first differenced variables, especially if
the variables are close to a random walk and they
offer System-GMM to address this issue. The mod-
ification of the estimator, System-GMM,, includes
lagged levels as well as lagged differences. Therefore,
we also consider System-GMM. The results of this

estimation are shown in the third column of <Tables
2> and <Tables 3>.

The Pagan-Hall test for heteroskedasticity suggests
that our data are heteroskedastic. We estimate
two-step standard robust errors with Windmeijer’s
(2005) correction. Results of all models are obtained
by applying Roodman’s program (Roodman, 2009).
We also test FGLS estimation to control for hetero-
skedasticity and find the same results with Windmeijer

correction.

IV. Interpretation and Conclusion

In this section, we first discuss our findings and

present our concluding remarks.
4.1. Results and Further Analysis
According to our findings, the estimates for the

popularity of prior time are positive and significant
on both platforms. That is, a lower-ranking (higher
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<Table 4> Summary of Asymmetries

Within-Popularity Between-Popularity
Model 1 5.63* -8.517%*
Model 2 -0.95 7470

Note: **p < 0.001, *p < 0.05, *p < 0.1.

popularity or higher customer downloads) of a game
induces users to easily identify and download that
game, bringing the ranking further down and making
the game more popular. Second and more interest-
ingly, estimates of T opl0OiT are negative and
significant. It means that the popularity of a game
on a platform entices users to download the game
on the other platform, by attracting the attention
of users of those platforms. The results for Hypotheses
1 and 3 are shown in <Tables 2> and <Tables 3>.

To test the asymmetric effects of popularity effect
that is proposed in Hypothesis 2 and 4, we deploy
the z test (Clogg et al., 1995), which is a commonly
used method to compare the coefficients of the
same model for two different platforms, where
7= Bios— pf*

{(SEBQOS)Q(SEB?)Z The results of the comparison
of coefficients that are reported in <Tables 2> and
<Tables 3>. are shown in <Table 4>.

From the results above, we conclude that with-
in-popularity effects are partially supportive but be-
tween-popularity effects are significantly different in
two platforms. With regards to within-popularity,
Google Play has higher observational learning effect
than the App Store does. Consumers of the App
Store will credit ranking information less since games
will be differentiated as well as their quality is guaran-
teed and so consumers are more likely to follow
recommendations. However, consumers of Google
Play tend to take the ranking information more seri-
ously and prefer games that are more appealing to

the general population.

Moreover, between-popularity in the direction of
the App Store to GooglePlay is eight times stronger
than that in the other way. Holding other factors
fixed, if a game gets into the top 100 on Apple App
Store, sales of that game on Google Play will increase
by 80%. The logic behind this interesting finding
is that consumers of Google Play may consider the
highly ranked games at the App Store Platform due
to the policies enforced at the App Store to differ-

entiate a game from the others.

4.2. Robustness Analysis

When testing our hypotheses, we consider only
the top 100 games to identify between-popularity
effects, which may raise concerns about the cut-ofts
used as game selection criteria. Therefore, we consid-
er different ranking criteria, e.g.,, top 25 and top
50, and the corresponding results are presented in
<Tables 5> and <Tables 6>, respectively. The results
show that within and between popularity effects in
both platforms remain the same regardless of the
cut-off criteria. In addition, popularity effects get
more critical for higher rank lists, i.e., the top 25
spillover effect is higher than the top 50, and the
top 50 is stronger than the top 100 one. Moreover,
the z-test to compare the coefficients of the two
models reports all significant results. Consequently,
the robustness analysis gives us more confidence
about our empirical model.

Finally, we considered possible sampling bias since
we only consider top-ranked games. Therefore, we
ran the Heckman model to control for any possible
self-selection bias. Even if the results do not support
our hypotheses of asymmetry (not significantly differ-
ent), the signs of gaps are the same as our expectation,
as shown in <Table 7>.
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<Table 5> Hypotheses Testing with Top 25

Google Play the App Store
Model 1 Model 2 Model 3 Model 4
; 0.923*** 0.609*** 0.664** 0.635%**
InRank’ ;-

. i (0.036) (0.044) (0.027) (0.030)
Top50! -0.998** -0.798*** -0.133*** -0.239**
poU 0.116) (0.104) (0.046) 0.049)

; -0.066*** 0.036* 0.115%* 0.112%*
InAge ;
BC it (0.031) (0.019) (0.040) (0.023)
InReviews 0.075* -0.075%* -0.070* -0.106**
" (0.040) (0.037) (0.048) (0.034)
Ratines - -0.046 -0.061 -0.004 -0.130**
88 i (0.045) (0.038) (0.036) (0.046)
Fit Stafistics Wald x 2 Wald x 2 Wald x 2 Wald x 2
= 1454.57 = 179220.91 = 2029.20 = 177939.23
Note: **p < 0.001, **p < 0.05, *p < 0.1. Standard errors are shown in the brackets
<Table 6> Hypotheses Testing with Top 50
Google Play the App Store
Model 1 Model 2 Model 1 Model 2
; 0.923*** 0.611%** 0.670*** 0.640***
InRank’ ;;—
" i (0.036) (0.042) (0.027) (0.033)
Top25 -0.989** 0.805*** 0.110*** 0.168***
Po i (0.114) (0.107) (0.059) (0.049)
InAge -0.061** 0.052** 0.111%* 0.116**
8 u (0.031) (0.018) (0.041) (0.026)
InReviews' . 0.065 -0.100** -0.067 -0.117**
i (0.040) (0.033) (0.050) (0.038)
Ratings -0.044 -0.068* -0.018*** -0.151**
1 i
g it (0.044) (0.036) (0.039) (0.050)
Fit Statistics Wald x 2 Wald x 2 Wald x 2 Wald x 2
1 1
= 1427.97 = 154549.47 = 195941 = 158485.87

Note: **p < 0.001, **p < 0.05, *p < 0.1. Standard errors are shown in the brackets

V. Conclusion

Word of mouth (WOM) and Observational
Learning (OL) have different in-fluences on consum-
ers’ choices. In particular, since OL offers more lim-

ited information than WOM does, consumers’ de-

pendency on OL information is coupled with an
alternative source of information, which is the poli-
cy-related information of a platform in the context
of this study. In particular, the ranking information
as an indicator of OL in an online environment acts

as an alternative index for users to efficiently make
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<Table 7> Results from Heckman Model

Google Play the App Store
- -L175%% 0,153+
Topl00 i (0.107) (0.058)
. 0‘041* 0.318***
lnAge) it (0.022) (0.026)
InReviews' ; 0068 o
it (0.019) (0.027)
o 0.089** 0.178***
Ratings' i (0.034) (0.049)
Constant 5.028*** 5.552%4%%
onstan (0.107) (0.191)
Selection Model
_ -0.803** 0.726"
i
InRank’ it—1 (0.025) (0.018)
- -0.386* 0384
Top100 ™" ;
op t (0.087) (0.057)
) 0.001 0.199***
InAge’ ;
nAge’ i (0.020) (0.023)
InReviews' ; P Py
it (0.016) (0.026)
o 0.025 0.079**
Ratings' i (0.027) (0.031)
Constant S e
(0.189) (0.147)
Fit Statistics Walii ;j 8(4) Wal—d 2?9275(4)

Note: **p < 0.001, *p < 0.05, *p < 0.1. Standard errors are shown in the brackets

purchase decisions, but it is also information that
can be displayed in different ways depending on
the platform’s internal operating policies. This study
first shows the existence of OL effects and then ex-
tends this finding to investigate the asymmetric im-
pact of popularity in different platforms. With the
consideration of different policies across two plat-
forms, this study sheds a light on how consumers
make purchase decisions for the same product multi-
homing on two platforms.

Our results provide an explanation for the current

practice of app multihoming across platforms.
Multihoming is a decision that has to be made strate-
gically by app platforms. Multihoming would allow
app developers to have access to a wider user base,
but also let the platform owners accommodate more
number of developers and users. From the developer’s
side, multihoming always benefits the app developer,
thanks to the between and within popularity effects.

However, this study was conducted based on the
cognitive behavior of consumers who use multi-

homing in purchasing decisions. Consumers are pro-

182 Asia Pacific Journal of Information Systems

Vol. 33 No. 1



Nadezda Koryakina, Yasin Ceran, Chul Ho Lee, Hyejin Mun

vided with various options when making a purchase
decision, but they naturally recognize the background
contexts of different options before deciding, so the
two platforms show different behavior patterns. That
is, consumers tend to use disclosed OL information
between/within platforms when they are using each
platform. In fact, despite the presence of previous
studies on the effects of management differences in
existing platforms, the research contributes as an
academic addition to the literature of multihoming
platforms and online OL that online OL is caught
up on with empirical evidence. In addition, the re-
search can suggest several guidelines for platform
owners, consumers, and app developers. In addition,
the research can be presented to platform owners
and developers as guidelines for different methods
of product and service exposure, promotion, and
operating strategies, as well as additional information
for consumers to make the right choice. In particular,
game developers who plan to enter the platform,
advertising experts who aim to increase app sales
using the platform, and companies participating to
utilize advertising sales may gain a difference depend-
ing on the recognition of the within/between effect.
Moreover, the study has made a substantial con-
tribution to game entrepreneurs and platform manag-
ers in that the research refers to the perceived ten-
dency of consumers before downloading. Based on
this, platform owners establish not only training
guidelines for newcomers but also business strategy
guidelines for game developers.

Although multihoming appears to be beneficial
for all sides involved in the platform ecosystem, it
has different implications on the platform owners
based on how platforms are governed and what kind
of policies they adopt. This study shows that platforms
should carefully steer their multihoming strategy con-

sidering their policy and regulations. For example,

Google Play, as one of the major app development
platforms, supports multihoming and chooses to be
less selective in terms of which applications to be
accepted to their platform, different than the the
App Store platform. This divergence in policies of
the two platforms gives Google a chance to gain
a higher benefit from the introduction of the App
Store game into the Google platform but a lower
loss from the introduction of its own game to the
other platforms. However, with its low-entry barrier,
Google Play may disappoint its consumers with
low-quality applications. That said, Google Play, with
a more effective OL, that is, since Google is more
relaxed in its restrictive policies in terms of accepting
applications onto the platform, would be better suited
to developing a recommendation system that would
incorporate suggestions steering customers to low-
er-ranking applications as well. Otherwise, the plat-
form may be locked into a high-ranking list of popular
games that would discourage the involvement of new
app developers. That would have a negative long-term
effect on maintaining a healthy app ecosystem.
Another suggestion for a platform such as GooglePlay
that enjoys higher OL effects would be that the plat-
form provides a larger sub-categorization of applica-
tions based on consumers’ preferences. This would
increase the surface space where popular games and
consumers interact with each other. On the other
hand, even though the App Store may offer a better
experience for customers by providing higher quality
applications due to its higher entry barrier, the plat-
form simply may deter and discourage developer
participation. Apps may mature and develop to their
perfection based on the feedback received from the
users. It is a tedious task to adjust an optimal level
of entrance for the App Store that would let apps
into the platform with an acceptable quality but yet
delay user feedback that would contribute to the
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tune-up of the application.

Finally, app developers may choose a strategic se-
quence of the launching of their applications on both
platforms. They may first choose to deliver their
product on Google Play with the expectation of early
development of the user base and receiving customer
feedback. However, it would require an extra effort

of showing their head to the audience among an

already popular game crowd. On the other hand,
developers may first choose to launch their app on
the App Store hoping to have access to a user base
that considers the application of a better quality due
to the App Store imposed standards. Once developers
catch momentum on the App Store, it would be
considerably easier for them to obtain a user base
at Google Play due to between popularity effects.
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