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Abstract—In the era of mobile Internet, mobile game apps
(i.e., applications) enable users to play games on mobile devices
anywhere at any time. Such a change has brought a dramatic
revolution to the traditional gaming industry. In this paper, we
aim at having a comprehensive understanding of the ecosystem
of mobile game apps. To this purpose, we conduct a large-scale
measurement study over all game apps hosted by four leading app
stores in China, which cover both Android and iOS platforms. We
collect information of over 75 000 mobile game apps in a period
of three months (October 2014–January 2015). With obtained
datasets, we study the scale, evolution, and overlap of game apps
in different app stores from a macroscopic level. We find that
none of major app stores can provide a complete set of all game
apps. We also investigate download patterns of mobile game apps
and the impacts brought by user comments and ratings. We
observe clear Pareto effect and power-law effect for game app
downloads, and there is no strong positive correlation between
app score and the number of its downloads. Last, we characterize
the features of popular and unpopular game apps and confirm
the negative impacts of embedded ads and paid items. We believe
our measurement results can provide useful insights and advice
for users, developers, and app store operators.

Index Terms—Measurement study, mobile Internet, mobile
game apps, popularity analysis.

I. INTRODUCTION

THE PAST decade has witnessed the rapid growth of
mobile Internet, and mobile penetration has reached a

very high level in recent years [1]. Nowadays, almost every-
one has a mobile device (e.g., smartphone, iPad). According
to the report in [2], the worldwide shipment of smartphones
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has reached 1432.9 million in 2016. Driven by the preva-
lence of mobile devices, a large number of mobile applications
have been developed and widely installed by mobile users. As
reported in [3], 150 billion mobile apps have been downloaded
in 2015, and the number is predicted to reach 200 billion
until 2018.

Typically, users are downloading mobile apps from a mobile
app store (e.g., Apple’s App Store [4], Google Play [5], etc.),
which contains a large set of diverse mobile apps. App devel-
opers (either individuals or companies) can upload their apps
to one or more app stores for fast distribution among mobile
users [6]. The mode of app store provides a profitable oppor-
tunity for app developers to benefit from app development. In
addition to the most famous Apple’s App Store and Google
Play, many other companies, such as smartphone vendors, tele-
com operators, software companies and so on, also run their
own app stores. The major reason behind their initiatives lies
in that, app stores have been becoming a very important por-
tal of mobile Internet, which is similar to the role of search
engine for the traditional Internet.

An overview of app markets in China is presented as below
to reflect the importance of game apps. In China, among
various types of mobile apps, game apps account for the
largest portion in the market due to their popularity among
users [7]. As reported in [8], mobile game apps take up 24%
of the total revenue of the gaming market. Moreover, 53.3%
of mobile users who have paid for app downloads are actually
paying for game apps [9]. Most of existing research studies
focused on analyzing user behaviors [10], app usage [11], mal-
ware detection [12], [13] and trustworthiness [14] of mobile
apps. However, there is very limited work to specifically study
mobile game apps as a whole. Differently, our work focuses
our attention on characterizing and understanding the ecosys-
tem of mobile game apps, which has not been fully revealed
and well studied.

Our objective is to comprehensively understand the ecosys-
tem of mobile game apps from different angles and identify
key factors driving the popularity of game apps. To this
purpose, we conduct a large-scale measurement study by
retrieving all necessary information over three months from
four leading app stores in China, namely, SnapPea [15],
MobileAsst [16], AppChina [17] and PushSync [18]. A ded-
icated platform is developed and deployed to collect and
process data. By conducting in-depth analysis, we obtain quite
a few interesting and insightful results, which we believe can
greatly benefit users, app developers and app store operators.
Since user behaviors are similar, we believe that our findings
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will also have reference meanings for the operation of other
app platforms. In summary, our contributions in this paper can
be listed as follows:

• To have a big picture of the ecosystem, a distributed
high-performance crawler is developed to collect the
information over 75,000 mobile game apps from four
leading app stores in China. Through analyzing the data,
we find that none of the app stores can provide a com-
plete set of game apps. The comparative study among
the four stores enables us to identify all game genres of
each store, which are rather diverse due to different user
appetites associated with each app store.

• The download patterns are investigated from multiple
aspects. We verify that the download pattern of mobile
game apps follows Pareto Effect and Power-Law Effect
with truncations on both ends, which was firstly reported
by Petsas et al. [19]. A new metric based on entropy
theory is proposed to quantify the stability of app daily
downloads. The features of user comments and ratings
are also examined.

• We analyze typical characteristics of popular game apps
from multiple angles (e.g., downloads, entropy, ratings,
comments and categories), in order to identify major
factors that determine the popularity of game apps. We
observe that popular game apps achieve more stable daily
downloads. Moreover, the popularity of game apps does
not correlate well with app size. Most popular game apps
are in the category Leisure & Puzzle. The results are
helpful for game app developers to enhance their designs.

The rest of this paper is organized as follows. Section II
describes our measurement methodology and obtained
datasets. Section III provides a macroscopic analysis of the
whole ecosystem of mobile game apps. Section IV studies
the download patterns of mobile game apps from multiple
aspects. Section V analyzes typical characteristics of popular
game apps. Section VI discusses the limitations of our work
and possible extension for future study. Section VII surveys
related work in the field. Finally, we conclude this paper in
Section VIII.

II. MEASUREMENT METHODOLOGY

To examine the characteristics of mobile game apps, we
conduct a large-scale measurement study and collect abundant
information from mobile app stores. Next, we will describe our
methodologies for data collection and data analysis.

A. Data Collection

To facilitate our data collection, we build a dedicated data
collection platform as illustrated in Fig. 1.

The platform consists of a set of hosts (e.g., crawling hosts,
game information parser, comment parser) to enable paral-
lel crawling and information processing. Crawling hosts are
responsible for crawling Web pages from mobile app stores
and then pass them to both game information parser and com-
ment parser. The game information parser and comment parser
are used to extract useful information and comments related
to a mobile game app from Web pages. All the parsed results

Fig. 1. Architecture of our data collection platform.

Fig. 2. Major components of our Scrapy-based Web page crawler.

are finally stored into a MySQL database. In addition, we also
replicate all the Web pages on a file server to ease further
analysis. Our crawler is designed to run at around 22:00 each
day, and it is implemented to crawl its known apps before
moving to the index pages of app stores to search new apps.
The running time is influenced by multiple factors such as net-
work conditions, the total number of game apps maintained
by the store and crawling depth. It normally takes several
hours (e.g., 1.5 hours for AppChina, 7 hours for PushSync) to
complete the crawling task on one app store.

The core module of our data collection platform is a
high-performance crawler, which is implemented based on
Scrapy [20], an open-source collaborative framework for Web
page crawling. Scrapy provides an easy approach to customize
a Web spider according to user requirements. Fig. 2 depicts
main components of our crawler implementation.

Generally, our crawler contains six major components:
Scrapy Engine is responsible for controlling data flows among
all components of the system; Scheduler is responsible for
dispatching crawler tasks to a scheduler queue; Downloader
fetches the next crawler task from the queue, downloads the
Web page and then passes it to the spiders; Spiders are cus-
tomized components which are used to parse the Web pages,
extract useful items, store additional URLs to the scheduler
for further crawling; SQL Pipeline is responsible for process-
ing items once they have been extracted by the spiders, and
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TABLE I
AVAILABILITY OF INFORMATION ITEMS ON

EACH MOBILE APP STORE

our customized pipeline can feed them to the database; CSV
ItemExporter helps to export all captured items into a CSV
file for storage.

B. Dataset Description

It is generally known that mobile OS vendors and device
manufacturers will pre-install a number of apps such as news
app, calendar or game center on devices before the devices are
purchased by users. Telecom operators will also promote their
apps by their distribution channels. To reduce the bias intro-
duced by this kind of mobile app stores, we choose to obtain
information of mobile game apps from independent third-party
mobile app stores. In our measurements, we select four popu-
lar third-party mobile app stores in China as our targets, which
include:

• MobileAsst [16] is the largest Android-based app store in
China that occupies 19% of market share [21] and owns
120 million users by Dec. 2015 [22]. It is claimed to
provide safe and fast distribution of mobile apps.

• SnapPea [15] is known as a simple, elegant and reliable
app store among Chinese Android users. Its service was
first launched in 2010.

• AppChina [17] is quite popular among experienced
mobile game players because it shares abundant strategy
tips on their Web forum to assist game players win the
games. AppChina requires less steps for app developers
to release their apps.

• PushSync [18] is a free iOS-based app store for
iPhone/iPad users, especially for those who have their
iPhone jailbroken. It provides accurate number of down-
loads for each iOS-based app. On the contrary, Apple app
store does not provide such important information.

According to the survey report in [9], over 62.1% of
mobile users in China choose third-party app stores as their
default venue to download apps. The above app stores provide
abundant information on mobile game apps. By parsing and
extracting Web pages, we can create a detailed profile for each
game app.

TABLE II
STATISTICS OF OUR DATASETS

Fig. 3. Total number of mobile game apps in each app store.

Table I shows the availability of the above information items
on each mobile app store.

We performed data collection over a period of three months
from Oct. 2014 to Jan. 2015, and retrieved information of over
ten thousand mobile game apps from each store. The statistics
of our datasets is shown in Table II. In the following sections,
we will perform detailed data analysis over obtained datasets.

III. MACROSCOPIC VIEW OF THE ECOSYSTEM

OF MOBILE GAME APPS IN CHINA

In this section, we perform a macroscopic analysis on the
ecosystem of mobile game apps, which enables us to have a
high-level picture on the scale and main features of mobile
game apps in China.

We first plot the evolution of the total number of unique
mobile game apps in each app store in Fig. 3. It is observed
that the number of mobile game apps distributed by each
app store is pretty stable. Among four app stores, MobileAsst
distributes the highest number of mobile game apps, which
is around 18 thousand per day. There also exist some small
variations in terms of the total number of mobile game apps
during the whole measurement period. We conjecture that it is
caused by the removal of less popular games and the addition
of new games, which are performed by app store operators
periodically.

Different app stores classify mobile game apps in different
ways. Fig. 4 shows the total number of game apps for each cat-
egory and the average number of downloads per game in each
category. For app store operators, such kind of information is
useful to help determine the resource allocated to a particular
app category and improve app distribution efficiency. There
is high download correlation for game apps within the same
category. We found that users show different appetites on dif-
ferent platforms. For AppChina, Quiz ranks the first among all
categories in terms of the total number of downloads and the
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Fig. 4. Total number of game apps for each category and the average number of downloads per game in each category.

average number of downloads per game. For SnapPea, in spite
that Leisure Time has the largest number of game apps and
the highest total number of downloads, its average number of
downloads per game is smaller than Parkour Racing and Tower
Defense. In MobileAsst, Leisure & Puzzle is the most highly
downloaded category. For PushSync, Action ranks the first in
terms of the total number of downloads, while Internet Games
ranks the first in terms of the average number of downloads
per game.

Next, we investigate the overlap of mobile game apps dis-
tributed by different mobile app stores. We aggregate all
the mobile game apps collected from each app store and
check their overlaps.1 Fig. 5 shows the pairwise-intersection
of mobile game apps for the four mobile app stores. The
values for the top-100 popular mobile game apps are shown
in parentheses. We observe that there exists significant over-
lap between SnapPea and MobileAsst. These two app stores
share 38% common game apps among top-100 game apps.

1If two game apps have the same title and version number, we consider
them as the same game app.

Fig. 5. Pairwise-intersection of all and top-100 mobile game apps for the
four mobile app stores (top-100 shown in parentheses).

However, the overlap among other mobile app stores is com-
monly less than 16% of their hosted game apps. An interesting
observation is that, in spite that PushSync is an iOS-based
mobile app store, it still shares quite a few common game apps
with other Android-based mobile app stores (e.g., SnapPea,
MobileAsst, AppChina). The figure also indicates that none
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Fig. 6. Size distribution of mobile game apps.

of the major mobile app stores on its own can provide a com-
plete set of mobile game apps. It also points out that mobile
game app developers may not prefer to release their apps on
all the third-party app stores because it is both time-consuming
and costly to provide apps on too many app stores. Uploading
an app to more app stores will increase the operational and
promotion cost. In addition, app stores have different applica-
tion procedures, review requirements, and so on, implying the
investment of more human resources. Moreover, if a game app
becomes popular, the app store will promote the app by putting
the app on the front page or allocating more recommendation
resources, and that is why we can see a higher overlap rate
on the top-100 popular apps.

Fig. 6 illustrates the size distribution of mobile game apps in
different app stores. Due to resource constraints (e.g., battery,
storage, bandwidth) on mobile devices, it is not surprising to
find that most of mobile game apps are smaller than 100 MB.
Over 90% of mobile game apps have a size in the range of
1 MB to 100 MB. One interesting finding is that iOS-based
mobile game apps (e.g., apps on PushSync) are generally
larger than Android-based mobile game apps. It may be caused
by specific program structure of iOS apps. For the same game
app, its iOS version is commonly larger than its Android
version. For example, the Android built-in Unity module auto-
matically compresses the textures in game scenes, while iOS
will not perform compression in default.

IV. UNDERSTANDING USER BEHAVIORS

IN MOBILE GAME APP STORES

In this section, we investigate download patterns of mobile
game apps and examine how the downloads are impacted by
different factors.

A. Download Patterns of Game Apps

We first plot the cumulative distribution of the number of
downloads for all game apps in Fig. 7. For most of Android-
based game apps, the number of downloads ranges from
100 to 1,000,000. However, the number of app downloads
on PushSync is much smaller than that on other Android-
based app stores. Nearly 20% of iOS game apps on PushSync
received no downloads. We conjecture that the main reason is
that PushSync has a much smaller user population and quite

Fig. 7. CDF of the number of downloads for all game apps.

Fig. 8. CDF of game app downloads.

a few unpopular game apps haven’t been removed from the
app store timely.

Fig. 8 further plots the CDF of the percentage of downloads
as a function of game app ranks. The normalized game ranking
is calculated from the game ranking. We first sorted all the
apps by their total number of downloads in the descending
order. ri represents the ranking of the app and di represents
the total number of downloads of the app. The normalization
equations are presented as follows:

Ri = ri

N
,

Di =
∑j=i

j=1 dj
∑j=N

j=1 dj

.

We observe that 20% of mobile game apps contribute to
around 90% of the downloads. Moreover, the top 2% of game
apps account for over 60% of all the downloads. The observa-
tions clearly point out the download pattern of mobile game
apps follows a typical Pareto principle [23], which has also
been confirmed in [19]. Such Pareto effect of app downloads
can facilitate the distribution of mobile apps by performing
effective caching [24] or P2P app sharing. In fact, we have
observed the Matthew effect for app downloads. The Matthew
effect can be explained intuitively as follows. A top-ranked
app has a better chance to be discovered and downloaded by
mobile users because popular apps have more opportunities to
be recommended by app stores.

To have a better understanding, we plot the number of down-
loads for game apps ranked by their popularity in Fig. 9.



798 IEEE TRANSACTIONS ON NETWORK AND SERVICE MANAGEMENT, VOL. 13, NO. 4, DECEMBER 2016

Fig. 9. The number of downloads for game apps ranked by their popularity.

The distribution of app downloads follows a similar pattern
across four app stores. It is obvious to observe that there exists
a Zipf-like distribution [25] in the center body and sharp trun-
cations at both ends. The truncation for higher-ranked apps is
largely due to the fetch-at-most-once principle, which has been
first observed in peer-to-peer file-sharing system [26]. Due to
the fetch-at-most-once principle, users normally download an
app only once, which results in that the number of downloads
for popular games is not as high as predicted by the Zipf’s
law. The truncation for lower-ranked apps can be explained by
a phenomenon called clustering effect [19], which unveils that
users tend to download the next app from the same category
as their previously-downloaded app. It causes that less popular
game apps gain more downloads than predicted by the Zipf’s
law.

B. Entropy of Daily Downloads

In order to study the fluctuation of daily downloads of game
apps, we calculate the measure of entropy of daily downloads
for each game app. Denote the entropy of the j-th game app
over a period of T days as Hj(T). The definition of Hj(T) is
given by:

Hj(T) = − 1

ln T

T∑

i=1

dji
∑T

i=1 dji
ln

dji
∑T

i=1 dji
,

where dji is the number of downloads of game app j on day i
since it has been uploaded to the app store. A higher entropy
value implies that the number of daily downloads of a game
app is more stable. After normalization, the value of entropy
is in the range of [0, 1].

Fig. 10 illustrates the CDF of 60-day normalized entropy
of game apps in different categories. Obviously, there exists
significant difference between PushSync and MobileAsst in
terms of CDF curves. The figure shows that the entropy values
of most mobile game apps on MobileAsst are close to 1. The
high entropy of MobileAsst may be caused by the rounding
operation of the number of total downloads. For a given app
on MobileAsst, if its number of total downloads is less than
10,000, the number displayed on the app store is accurate.
However, in case that the number of total downloads is higher
than 10,000, the last four digits will be rounded to all zeros.
For example, 87,650 will be displayed as 80 thousands on
the app store. Therefore, the variance of daily downloads will
be reduced by such rounding operation, resulting in a high
entropy value. The figure also points out the category of a
game app has almost little influence on its entropy.

C. User Comments and Ratings

Fig. 11 depicts the cumulative distribution of the number
of comments related to each game app. About 30% of the
game apps in the Android platform receive no more than one
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Fig. 10. CDF of 60-day normalized entropy of game apps in different categories.

Fig. 11. Cumulative distribution of the number of comments on mobile
game apps.

Fig. 12. Cumulative distribution of scores for each mobile game app.

comments, while the percentage is even much larger in the
iOS platform which is close to 80%. We further observe that
the number of comments of most games on PushSync is less
than 100, however the number of comments on SnapPea can
reach more than 10,000. We conjecture that it is caused by the
fewer number of users on PushSync and its privacy protection
mechanism. It is reported in [27] that iOS users take more
concerns on security for such third-party app stores, and they
are unwilling to register accounts to post comments because
of the identification and tracking-related privacy threats.

Fig. 12 plots the cumulative distribution of scores for each
game app. In this figure, we can observe that 80% of iOS

Fig. 13. Spearman correlation coefficient between different fields.

game apps do not receive a score on PushSync. It is because
that low-ranked game apps do not have a score on PushSync.
However, the condition is quite different on MobileAsst. Most
of the game apps obtain a score higher than 6 (note that,
the highest score is 10, and the initial score of each game
is set to 6).

We have done a deeper investigation about game app down-
loads, comments and scores, and found the positive correlation
in terms of Spearman correlation between the numbers of
downloads, comments and app scores on MobileAsst and
PushSync. According to Fig. 13, the number of comments
has a relatively stronger positive relationship with the num-
ber of scores. It indicates that the one who posts a comment
will prefer to give a score for the app at the same time.
The low interdependency between the number of downloads
and the number of comments on PushSync is because that
PushSync allows users to make comments without check-
ing their downloads. However, MobileAsst will do the check.
From our measurement results, the Spearman correlation coef-
ficient between the number of downloads and the number of
comments on the four sites is higher than that of Pearson. This
indicates that the rank based on the number of comments can
reflect the rank based on the number of downloads.

We usually judge whether a mobile game app is popular
by its number of downloads. However, is a large number of
downloads a reliable indicator for a popular game with high
score? We further conduct more investigation to show the rela-
tionship between app score and the number of downloads in
Fig. 14. However, it is easy to find that there is no strong pos-
itive relationship between them, which means that a game app
with a large number of downloads may not have a high score.
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Fig. 14. Correlation between score and the number of app downloads.

This phenomenon is possibly caused by fake downloading
introduced by third parties (e.g., game developers, advertise-
ment companies).

V. POPULARITY ANALYSIS OF MOBILE GAME APPS

In this section, we analyze typical characteristics of popular
game apps. Our main purpose is to identify major factors that
impact the popularity of a game app. The results can help game
app developers to design more popular game apps. To ease
our presentation, MobileAsst and PushSync are selected as the
representative for Android and iOS app stores respectively.

A. Characteristics of Popular Game Apps

In our measurement, Popular Game Apps are defined as
game apps whose total downloads rank the top 1% among all
the game apps in a given app store, and the rest 99% game
apps are defined as Unpopular Game Apps. Since our platform
cannot obtain the accurate number of daily downloads for each
game app, we can only define Popularity as the number of total
downloads. It is possible that an unpopular game app has a
low and stable daily download rate, while a popular game app
only has a few sharp spikes in terms of the number of daily
downloads.

Fig. 15. Daily downloads of popular and unpopular game apps.

Fig. 15 depicts the CDF of the number of daily downloads
for popular and unpopular game apps. The number of daily
downloads for popular game apps is much higher than that of
unpopular games. The daily downloads of most popular games
on MobileAsst reach 10,000, which is also higher than that on
PushSync.

Fig. 16 further plots the CDF of the entropy of both popular
and unpopular game apps. We observe that the entropy of
popular game apps is generally higher than that of unpopular
games. It indicates that popular game apps can attract much
more stable daily downloads than unpopular game apps.

We then examine whether the app size has impacts on the
popularity of a game app. Fig. 17 provides a scatter plot to
depict the relationship between the app size and the number
of app downloads in MobileAsst and PushSync. The points
above the threshold line correspond to popular games. The
figure shows that the sizes of most popular games range from
0.1 MB to 100 MB and there is no obvious causal relationship
between the app size and the number of app downloads. It
confirms that the app size doesn’t play a key role to determine
the popularity of a game app.

B. Impacts of Ratings, Comments and Categories

In a third-party app store, users can rate and comment on
apps on their features and usability. These scores and com-
ments are helpful for other downloaders to determine whether
to download an app or not.

Fig. 18 shows the distribution of average scores of all game
apps, namely, the sum of scores divided by the number of
scores received by a game app. As the number of scores
received by an app also reflects its popularity, we observe that
popular game apps normally have a higher score than unpop-
ular game apps on the Android-based MobileAsst. However,
the phenomenon on PushSync is not as pronounced as that
on MobileAsst. It is a bit counter-intuitive to see that a few
unpopular game apps have a higher score than popular game
apps. We conjecture that it is caused by the variance intro-
duced by the small number of scores received by unpopular
game apps. For example, an unpopular game may have a high
score when only a few users download it and rate it with a
good score.
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Fig. 16. Entropy of popular and unpopular game apps.

Fig. 17. Relationship between the app size and the number of app downloads.

Fig. 18. Cumulative distribution of average scores of all game apps. (Note: nScores is the number of scores received by an app.)

Fig. 19 illustrates the CDF of the number of comments
for popular and unpopular game apps. It is not surprising
to see that popular game apps receive more comments than
unpopular game apps. Most popular game apps on MobileAsst
receive over 100 comments. However, it is a bit strange that
18% of popular game apps on PushSync receive no comments
completely.

We further plot the number of daily comments for the top-5
game apps on MobileAsst and PushSync in Fig. 20(b). The
number of daily comments and the number of downloads are
mostly stable. The peak of downloads occurs every 7 days, and
usually occurs on Sunday. Some special peaks are possibly the
results of promotion activities [28], system recommendation,
version updates, and so on [29].

We also investigate the impact of game category. From
Fig. 21, we can find that the category Leisure & Puzzle
accounts for 34% of popular games, which is significantly
higher than other categories. Such kind of game apps are suit-
able for killing fragmented leisure time. Users can quickly
start the game app, play for a while and then quit the game.
We also find that a large fraction of Poker & Chess games
are unpopular games, and Children category has very few
games in both popular and unpopular games. We conjec-
ture that the unpopularity of Poker & Chess game apps
is caused by the homogenity among such kind of games.
In addition, there are already many popular online poker
and chess Web sites on the Internet (e.g., Tencent Games,
Shanda). It also indicates the selection of game category when
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Fig. 19. CDF of the number of comments for popular and unpopular
game apps.

Fig. 20. The number of daily comments for top-5 game apps.

developing a game app is critical for a game app to be
popular.

C. Impacts of In-App Ads and Purchases

Game apps can be generally classified into paid apps and
free apps based on their difference on the revenue model. For
paid game apps, a user needs to pay for one-time charge in
order to download the app. For free game apps, most apps
contain either advertisements or in-app purchases instead [30].
In-app purchases include all items that a user should pay in
a game app, such as game props that enable a user to have

Fig. 21. Classification on MobileAssistant.

Fig. 22. Percentage of game apps embedded with Ads on MobileAsst.

Fig. 23. Percentage of game apps embedded with paid items on MobileAsst.

super capacity, game stages that a user should pay to play,
VIP privilege for advertisement removal, etc.

In our measurement, all the four third-party app stores only
provide free game apps. Therefore, we only focus on the study
of free game apps in this paper. Next, we will investigate the
impacts of embedded items (e.g., in-app ads, in-app purchases)
on the popularity of game apps.

Fig. 22 shows that 67% of popular game apps do not con-
tain any advertisements, while 68% of less popular game apps
contain advertisements. Based on the above observation, we
infer that more in-app advertisements will deteriorate user
experience, and thus prevent the prevalence of an app.

In Fig. 23, we show the percentage of game apps embed-
ded with in-app purchases (i.e., paid items) on MobileAsst.
The figure points out that, 92% of popular games contain no
paid items, while 23% of less popular games contain paid
items. It indicates that users are uncomfortable with game apps
embedded with paid items.
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VI. LIMITATIONS AND FUTURE WORK

In spite that we have made significant efforts, there still exist
quite a few technical and non-technical obstacles that limit the
scope and depth of our study. In this section, we would like
to briefly discuss some limitations of our work and possible
extension for further investigation.

First, although it is possible that duplicate apps may be
maintained by the same app store, the detection of duplicate
apps is not easy, which highly depends on the definition of
duplicate apps. If we strictly define duplicated apps as files
without any difference, then there are almost no duplicated
apps in the same app store. However, we do find game apps
with the same title but different version numbers, which can
be defined as duplicated apps in some sense because these
apps are highly similar. For this study, we only consider
two game apps with the same title and version number as
the same game app. In the future study, we can relax the
definition of duplicate apps (e.g., game apps with the same
title but different version numbers, or game apps with sim-
ilar game contents) for the detection. The attrition rate of
addition/deletion of game apps on MobileAsst ranges from
−0.1% to 0.1%, which is the lowest, and the rate on Appchina
ranges from −10% to 11%, which is the biggest. The rates on
PushSync and SnapPea are [−0.6%, 0.9%] and [−6%, 9%]
respectively.

Second, the categorization of game apps on four app stores
is quite different. It is not easy to come up with a common
categorization across the four app stores. Thus, it is possible
that overlapping apps are categorized into different categories
on separate app stores. Actually, we observe that around 95%
of overlapping apps are marked into different categories in
different app stores, in spite that some categories have similar
names. In the next step, we also plan to investigate how to
design a common categorization framework based on attributes
and labels of game apps.

Third, there are be both positive and negative comments
on a game app, which have different impacts on its popular-
ity. In this study, we mainly focus on the correlation between
the number of comments and the popularity of a game app,
without studying the contents in the comments. In our future
work, we need to perform text analysis to classify positive
and negative comments and investigate their impacts in more
details.

Fourth, the number of daily downloads on a few app
stores will be rounded when the number is large, which will
impact the accuracy of measurement statistics. For example,
on MobileAsst, when the number of total downloads of a
game app is higher than 10,000, the last four digits will
be rounded to all zeros. In this case, the variance of daily
downloads will be reduced by such rounding operation. In
addition, game apps studied in this work are mostly free
apps. It is because that almost all apps in the third-party
app stores in China are free, and users are accustomed to
downloading for free especially for those Android apps. In
the next step, we also plan to extend our measurement scope
to cover more game app stores, including both paid and free
game apps.

VII. RELATED WORK

Due to the popularity of mobile Internet, there have been
plenty of research works to study the characteristics and
user behaviors in the mobile app ecosystem from different
perspectives.

Xu et al. [10] identified the diversity of usage behav-
iors of smartphone apps from spatial, temporal and user
perspectives based on anonymized network measurements.
Böhmer et al. [11] analyzed the behaviors of 4,100 users by
collecting data from virtual sensors on the Android mobile
devices. Tongaonkar et al. [31] studied the usage patterns of
mobile apps by examining the mobile advertisement traffic in
network traces. Li et al. [32] also studied user behaviors of
millions of Android users and gained a few important insights.
Petsas et al. [19] measured the app popularity distribution,
modelled user download behaviors and explored potential pric-
ing strategies for mobile apps. Zhong and Michahelles [33]
examined the long tail phenomenon in the mobile app market,
and found Google Play is dominated by the top 10% popu-
lar apps. Harman et al. [34] studied 32,108 non-zero priced
apps in the Blackberry app store and found strong correlation
between customer rating and the app rank. Liu et al. [35]
conducted a measurement work to analyze the application
popularity in both Android and iOS App Stores.

The measurements on user behavior and app popularity can
help on the recommendation of apps in a mobile app mar-
ket. In this field, there also exist quite a few research studies.
Zhu et al. [36] developed a mobile app recommendation
system that considers both app popularity and user security
preferences. Lin et al. [37] exploited latent user models derived
from Twitter datasets to address the cold-start problem in
app recommendation. The security issues of mobile apps also
receive significant attention. Yerima et al. [12] proposed a new
malware detection approach based on Bayesian classification
for Android-based mobile apps. Zhou and Jiang [13] collected
1,200 mobile malware samples and systematically charac-
terized their features from multiple aspects. Ng et al. [14]
investigated the trustworthiness of Android-based mobile apps
for App Stores in China.

Different from previous work, we conduct a large-scale
measurement study over four leading mobile app stores in
China, including both Android and iOS platforms, and focus
our attention solely on the ecosystem of mobile game apps. In
addition to providing a macroscopic view of mobile game apps
in China, we also analyze user behaviors and app popularity in
a much more comprehensive manner. To our knowledge, we
are the first to adopt the measure of entropy to evaluate the
stability of daily downloads of mobile game apps and unveil
its relationship with app popularity.

VIII. CONCLUSION

In this paper, we conducted a large-scale measurement study
on four representative mobile game app stores in China. We
performed a macroscopic analysis of the whole ecosystem of
mobile game app markets in China. We compared the four
app stores from multiple aspects to reveal the characteristics
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of each store. We also characterized the features of popular
game apps. This work is helpful for app developers or app
store operators to learn more details about Chinese game app
markets. As more and more game apps are distributed via
both Chinese app markets and global app markets, our findings
on Chinese app markets can also help to predict the trend
on the global app market. The comparison of Chinese app
stores will also be useful to improve the operation efficiency of
app store services. The characterization of popular game apps
can help app stores to capture user interests more accurately.
The comparison between Android game apps and iOS game
apps can also provide advice for researchers to investigate the
difference between Android users and iOS users. In the future
work, we will extend the scope of our study and compare the
difference between eastern and western app stores.
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