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Abstract

In order to generate more revenue and reach more users, developers build cross-

platform apps. To implement cross-platform apps, developers can either use multiple

native development frameworks, or they can use hybrid development frameworks that

generate cross-platform apps for each platform. Such hybrid apps are based on one

single codebase. Hence, developers only need to implement and maintain one codebase

and the hybrid development framework will then generate apps for each supported

platform.

Little is known about the consistency in the perceived quality of cross-platform

apps. The majority of existing work on the consistency of cross-platform apps are

from a developer’s perspective (e.g., the CPU utilization of cross-platform apps).

Consistency in the perceived quality of cross-platform apps is reflected in star ratings

and user reviews. Studies show that users rely heavily on star ratings and user

reviews to determine the quality of apps. Good star ratings and user reviews of an

app increase the number of downloads and eventually generate more revenue.

The goal of this thesis is to understand the consistency in the perceived quality of

cross-platform apps. In particular, we study the consistency in star ratings and user

reviews of cross-platform native apps and cross-platform hybrid apps.
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We first study the consistency in star ratings and user reviews of cross-platform na-

tive apps. We identify 19 native cross-platform apps from the set of the most popular

apps in Android and iOS. We find that cross-platform native apps lack consistency in

star ratings and user reviews. Users perceive the quality of the studied cross-platform

native apps differently across platforms. For the same app, users complain differently

across platforms.

We then study the consistency in star ratings and user reviews of cross-platform

hybrid apps. We identify 24 hybrid cross-platform apps from the set of most popular

apps in Android and iOS. We find that cross-platform hybrid apps have better con-

sistency in star ratings and user reviews. However, the improvement in consistency

is small and developers should not rely on hybrid development frameworks to achieve

consistency in star ratings and user reviews. We further analyze the releases of cross-

platform hybrid apps. We find that releases consistency of cross-platform hybrid apps

is still lacking. Hybrid development frameworks offer little help to developers who

wish to keep a consistent release schedule across their supported platforms.
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Chapter 1

Introduction

How users rate a mobile app via star ratings and user reviews is of utmost importance

for the success of an app. Recent studies and surveys show that users rely heavily

on star ratings and user reviews that are provided by other users, for deciding which

app to download [34, 41]. However, understanding star ratings and user reviews is

a complicated matter, since they are influenced by many factors such as the actual

quality of the app and how users perceive such quality relative to their expectations,

which are in turn influenced by their prior experiences and expectations relative to

other apps on the platform (e.g., iOS versus Android). Nevertheless, star ratings and

user reviews provide developers with valuable information for improving the user’s

overall impression of their app.

In an effort to expand their revenue and reach more users, app developers com-

monly build cross-platform apps, i.e., apps that are available on multiple platforms

(e.g., Android and iOS). As star ratings and user reviews are of such importance

in the mobile app industry, it is essential for developers of cross-platform apps to

maintain a consistent level of star ratings and user reviews for their apps across the



3

various platforms on which they are available.

Nowadays, developers build native cross-platform apps (i.e., different code base

for each supported platform), or use hybrid development frameworks to build cross-

platform apps. To build cross-platform hybrid apps, developers create a single code-

base using web technologies (i.e., HTML, Javascript and CSS) and use a hybrid

development framework to generate a hybrid app that runs on multiple platforms [7].

In this thesis, we first explore the consistency in the perceived quality as reflected

in star ratings and user reviews of cross-platform native apps. We identify 19 cross-

platform native apps and collect the star ratings and user reviews of them. We use

statistical tests to determine the consistency of star ratings of cross-platform native

apps. We find that 68% of the studied cross-platform native apps receive inconsistent

star ratings across platforms. By manually tagging the user reviews, we find that

for 59% of the studied cross-platform native apps, users complain more frequently

about app crashing of the iOS version of the apps. We also find that users complain

most often about functional errors on both Android and iOS. Lastly, we study the

negative impact ratio, which is defined as the number of 1-star reviews divided by

the number of 2-star reviews [22]. We find that the negative impact ratio of the same

complaint type varies even for apps that have identical distributions of star ratings.

Our findings show that for cross-platform native apps, the consistency as reflected in

star ratings and user reviews is lacking. Developers should allocate different quality

assurance efforts for their apps on different platforms.

Next, we explore the consistency in the perceived quality as reflected in star

ratings and user reviews. We also explore the consistency in the releases of cross-

platform hybrid apps. With cross-platform hybrid apps, we can control for many
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confounding factors as cross-platform hybrid apps are using the same codebase. We

identify 24 cross-platform hybrid apps and collect their star ratings, user reviews and

releases. We use statistical tests to determine the consistency of star ratings of cross-

platform hybrid apps. We find that 54% of the studied cross-platform hybrid apps

receive inconsistent star ratings across platforms. Using a topic modelling technique

named Twitter-LDA, we find that for the same raised topic in a review, star ratings

could be up to four times as high across platforms. We manually match the releases

across platforms and we find that only 8% of the studied cross-platform hybrid apps

have consistent number of releases. Compared to cross-platform native apps, cross-

platform hybrid apps have slightly better consistency in perceived quality as reflected

in star ratings. Nevertheless, developers should not completely rely on hybrid devel-

opment frameworks to ensure the consistency in perceived quality as reflected in star

ratings, user reviews and releases.

1.1 Research Statement

Maintaining the consistency in the perceived quality of cross-platform apps is chal-

lenging. Cross-platform apps can be built natively (a code base for each supported

platform) or using hybrid development frameworks (with a common code base). Lit-

tle is known about the consistency in the perceived quality as reflected in the star

ratings and user reviews of the two types of cross-platform apps. Therefore, in-depth

empirical studies are needed to better understand the consistency in the perceived

quality of cross-platform apps and to help developers improve the consistency of their

apps.
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1.2 Thesis Overview and Organization

The thesis is organized along two studies.

• Study I: Studying the consistency of star ratings and 1 & 2-star user reviews

for top free cross-platform Android and iOS native apps

In our first study we analyze whether or not cross-platform native apps achieve

consistency as reflected through their star ratings and user reviews. We manu-

ally identify 19 cross-platform apps and conduct an empirical study on their star

ratings and user reviews. By manually tagging 9,902 1 & 2-star reviews of the

studied cross-platform apps, we discover that the distribution of the frequency of

complaint types varies across platforms. Finally, we study the negative impact

ratio (i.e., number of 1-star reviews divided by the number of 2-star reviews) of

a complaint type and find that for some apps, users have higher expectations on

one platform. All our proposed techniques and our methodologies are generic

and can be used for any app. Our findings show that 68% of the studied cross-

platform apps do not have consistent star ratings, which suggests that different

quality assurance efforts need to be considered by developers for the different

platforms that they wish to support.

• Study II: Studying the consistency of star ratings, reviews and releases of top

free cross-platform Android and iOS hybrid apps

In our second study we analyze whether or not cross-platform hybrid apps

achieve consistency as reflected through their star ratings, user reviews and

releases. Using a heuristic that is based on string-matching and code layout, we
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identify 24 cross-platform hybrid apps from a set of 11,500 popular1 Android and

iOS apps. We find that 13 out of 24 cross-platform hybrid apps do not receive

consistent star ratings across platforms. We run Twitter-LDA on user reviews

and find that the star ratings of the reviews for the same raised topic in a review

could be up to four times as high across platforms. By studying the releases of

cross-platform hybrid apps, we show that hybrid development frameworks offer

little help to developers who wish to maintain release-consistency. Only two

apps in our study have consistent releases. Our findings suggest that while cross-

platform hybrid apps are slightly better at providing consistent star ratings and

user reviews, they do not improve the consistency in star ratings and user

reviews at a great extent when compared to cross-platform native apps. Hence,

developers should not solely rely on hybrid development frameworks to achieve

consistency in star ratings and reviews.

1.3 Thesis Contribution

The main contributions of this thesis are as follows:

1. Our work is one of the first to study in-depth the consistency in the perceived

quality of mobile apps as reflected in their star ratings and user reviews.

2. We demonstrate an approach that combines star rating and user reviews to

evaluate the consistency in the perceived quality of apps across platforms.

3. All our proposed techniques and our methodologies are generic and can be used

for any app.

1500 most popular apps for all 23 categories in the Google Play Store
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Chapter 2

Background and Related Work

Both cross-platform native and hybrid apps have recently been popular subjects

among software engineering researchers. First, we discuss related work on cross-

platform native apps and second, we discuss related work on cross-platform hybrid

apps. Third, we discuss related work on analyzing star ratings and reviews of apps.

For a more general overview of research on app stores, we refer to Martin et al.’s

survey of app store analysis in software engineering [30].

2.1 Cross-Platform Native Apps

Cross-platform apps have recently gained much attention in mobile app research.

Joorabchi et al. [19] implement a tool named CHECKCAMP to detect inconsisten-

cies in cross-platform native apps. Joorabchi et al. find that functionality, data,

layout and style are the four most pervasive type of inconsistency in cross-platform

native apps. In another study, Joorabchi et al. [18] survey and interview mobile app

developers. They find that maintaining behavioural consistency is an important task
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for developers of both cross-platform native apps and cross-platform hybrid apps. The

behavioural consistency, as stated in Joorabchi et al.’s study, includes same function-

ality and a similar look-and-feel across different platforms. 10 out the 12 interviewees

in Joorabchi et al.’s study prefer building cross-platform native apps to cross-platform

hybrid apps. Man et al. [27] developed CrossMiner which captures 7 app issues from

user reviews of cross-platform apps raised on Google Play, App Store and Windows

Store. They discover that cross-platform apps for different platforms generate differ-

ent issues across platforms in their reviews. They also find that crashing and network

issues raise more user concerns compared to other types of issues.

While prior work does not distinguish between cross-platform native and hybrid

apps, this thesis studies cross-platform native and hybrid apps separately as cross-

platform native and hybrid apps are built differently.

2.2 Cross-Platform Hybrid Apps

Smutny [48] discusses the advantages of cross-platform hybrid apps that are built

using HTML5. He highlights four characteristics of hybrid development frameworks,

including PhoneGap, and outlines nine examples of such frameworks. Ohrt and Tu-

rau [36] compare nine hybrid development frameworks and outline their advantages

and drawbacks. The majority of the related work on hybrid apps focuses on compar-

ing the software quality (e.g., memory usage) of hybrid apps across different hybrid

development frameworks.

Dalmasso et al. [9] refer to hybrid development frameworks as “write once run any-

where tools”. They compare several popular hybrid development frameworks, such

as PhoneGap & Titanium. They find that apps that are developed by PhoneGap
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consume the least memory, CPU and power. A similar study by Heikotter et al. [15]

also shows that PhoneGap is the most viable hybrid development in terms of the look

and feel of PhoneGap apps. Palmieri et al. [38] compare application programming

interfaces, programming languages, and supported platforms of four hybrid develop-

ment. They conclude that Rhodes stands out from other hybrid development because

of its support for web-based services and the MVC framework. Viennot et al. [50]

created the PlayDrone dataset that has over 1.1 million Android apps. Viennot et

al. identify 59,354 hybrid apps that are built using PhoneGap, Adobe Air, or Tita-

nium. Ali and Mesbah [2] use a tool named ClassyShark to inspect class names of 1.1

million Android apps in the PlayDrone dataset. Their study focuses on identifying

hybrid apps. Ali and Mesbah identify 15 thousand hybrid apps from these 1.1 million

Android apps.

This thesis is different from most of the related work because we focus on analyzing

star ratings, user reviews and releases whereas previous studies focus on the hybrid

development or the characteristics of the software artifacts that are produced using

such hybrid development frameworks.

2.3 Analyzing Star Ratings and Reviews of Apps

Several prior studies have primarily investigated the users’ overall impression and

its provided user experience of mobile apps based on user feedback. In most cases,

such investigations were based on analyzing star ratings and user reviews without a

particular focus on cross-platform aspects.

Martin et al. [30] conduct a survey in app store analysis in which they describe

and compare studies that focus on analyzing star ratings and user reviews. Harman et
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al. mined 32,108 BlackBerry apps and found a strong correlation between the average

star rating of an app and the number of downloads [14]. Khalid et al. [22] manually

classified the 1 & 2-star reviews for 20 free iOS apps into 12 complaint categories.

Khalid et al. find that users complain the most about functional errors and give

more 1-star rating than 2-star ratings to issues that are related to privacy and ethics.

Pagano and Maalej [37] studied how and when users provide feedback on iOS apps

and discovered that most user feedback is provided by app users shortly after a new

app release. Pagano and Maalej manually analyzed 1 to 5-star reviews and identified

17 types of topics that are raised in user feedback. In another study by Khalid et

al. [21], they mined user reviews of 99 free apps from the games category (and other

app categories) in Android to develop strategies for developers on how to test their

apps. Khalid et al. found that while the number of device models that are mentioned

in reviews is large, a limited number of device models account for most of the reviews.

Chen et al. implemented “AR-Miner”, a tool that automatically collects reviews

and applies LDA modelling on the collected reviews [8]. Their goal is to find and

present the most “informative” reviews. Fu et al. built WisCom, which is capable

of detecting inconsistencies and identifying topics in user reviews using LDA [10].

They conducted their study on Android apps. Guzman and Maalej combined LDA

with sentiment analysis [13]. Their study outlined an automated approach for ex-

tracting reviews that contain feature-related information for requirements evolution

tasks. McIlroy et al. [31] studied 20 Android apps and 4 iOS apps and built an au-

tomated approach to categorize reviews according to the raised complaints in them.

Yichuan et al. [51] proposed a framework named “CrossMiner” which identifies seven

types of issues that are raised in 1 & 2-star reviews of cross-platform apps. Using
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“CrossMiner”, Yichuan et al. conducted two case studies on the reviews of two cross-

platform apps: eBay and Spotify. They found that for both eBay and Spotify, users

are concerned about different issues across the platforms on which these two apps are

available.

In summary, most existing work on users’ overall impression and its provided

user experience as reflected by the user-provided information (i.e., star ratings and

reviews) focuses primarily on a single app store. Yichuan et al.’s study analyzes

cross-platform apps, however their study is relatively small.
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Chapter 3

Study I: Studying the Consistency

of Star Ratings and 1 & 2-Star

User Reviews for Top Free

Cross-Platform Android and iOS

Native Apps

In this chapter, we study the behavior consistency as reflected in star ratings and user

reviews of cross-platform native apps. We identify 19 cross-platform native apps.

First, we analyze the difference in star ratings that are received on the Android and

iOS versions of these apps. Second, we aim to understand the differences in user

complaints that are shown in 1 & 2-Star reviews. Third, we study the negative impact

ratio1 for the same complaint type. Our findings show that cross-platform native apps

lack behavior consistency and different quality assurance efforts need to be considered

1the number of 1-star reviews divided by the number of 2-star reviews
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by developers for the different platforms that they wish to support.
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3.1 Introduction

More than 1.2 billion smartphones were sold in 2014, which is an increase of 28.4% as

compared to 2013 [24]. Most of these smartphones are running the Google Android

or Apple iOS platform. As of the second quarter of 2015, Android and iOS together

have a market share of 96.7% worldwide [43]. Both Android (Google Play Store) and

iOS (App Store) have an official app store with more than 1.5 million apps available

as of July, 2015 [42].

As shown in earlier work [34], users rely heavily on star ratings and reviews to

decide whether an app is worth downloading or not. A 2015 survey [41] shows that

77% of the users will not download an app that has a star rating which is lower

than 3 stars. In addition, Nayebi et al. [35] find that app developers often deviate

from their time-based release scheduling in order to address issues that are raised in

user reviews. Consequently, it is important for apps to achieve high star ratings and

good user reviews. Hence, developers are constantly seeking ways to improve the star

ratings and user reviews of their apps.

Developers can make their app available for multiple platforms to reach more users

and increase revenue. In order to maximize the revenue, apps must be top apps on all

platforms for which they are available. Hence, developers should strive for delivering

high-quality apps on all platforms. Indeed, Joorabchi et al. [18] find that developers

aim to provide a consistent user experience for such cross-platform native apps. A

consistent user experience is defined by various aspects, from having screen-to-screen

functional consistency [18] to receiving consistent star ratings and sentiments that are

reflected in user reviews across platforms. However, the consistency of star ratings

and user reviews of cross-platform native apps has not be explored in depth.
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As understanding of the star ratings and user reviews is so critical for developers,

we look into whether developers succeed in providing consistent star ratings and

user reviews for their cross-platform native apps. We base our investigation on a

comparison of the star ratings and user reviews for apps that are available in both

the Google Play Store and the App Store. We manually identify the 19 cross-platform

native apps that exist in the top 50 free apps chart of both stores. We study apps that

exist in both top 50 charts, to ensure that we study apps that receive a similar level

of attention of developers for both platforms due to the popularity of these highly-

ranked apps. We collect two snapshots of star ratings and user reviews for the 19

studied apps. The snapshots are almost one year apart. In total, we analyze 34,258

star ratings that are collected for 19 cross-platform native apps. We then collect and

manually analyze 9,902 1 & 2-star reviews from the two snapshots. Throughout this

chapter, we focus on the star ratings and user reviews of cross-platform native apps

at both the platform level and the app level to ensure that our comparisons control

for the actual apps.

We notice that the results from analyzing two snapshots of star ratings and user

reviews are similar yet some differences do exist. The goal of our study is not to

report the exact values that are derived from studying one snapshot. Instead, our

key goal is to highlight the commonalities and differences among the two snapshots,

while providing a window into the life of the app developers of these cross-platform

native app across a one-year time period. Therefore, our findings will reflect the

overall trend across both the snapshots. We also discuss findings that varied across

both snapshots. We address the following three research questions:

(RQ1) How consistent are the star ratings of cross-platform native apps?
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At least 68% of the studied cross-platform native apps do not receive a con-

sistent distribution of star ratings on both platforms. 58% of the studied

cross-platform native apps are rated higher on Android. The difference in

the distribution of star ratings of cross-platform native apps suggests that

users perceive the quality of these apps differently across platforms.

(RQ2) How consistent are the 1 & 2-star reviews for cross-platform native

apps?

For 59% of the studied cross-platform native apps, users complain in 1 & 2-

star reviews more frequently about the crashing of the iOS versions of apps.

On both platforms, users complain the most often about functional errors.

For the same app, users complain differently across platforms. Developers

can benefit from analyzing reviews for consistency-improving guidances.

(RQ3) Are the most negatively impacting complaints consistent across

platforms?

A complaint type has a higher negative impact on the star ratings if more 1-

star reviews than 2-star reviews are found. We find that the negative impact

ratio varies even for apps that have identical distributions of star ratings.

The same complaint type for the same app can have a different impact on

the star ratings across both platforms.

3.2 Empirical Study Design

In this section, we describe the design of our empirical study of star ratings and user

reviews of cross-platform native apps. Figure 3.1 gives an overview of the steps of
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Figure 3.1: Overview of our empirical study

our study. In the remainder of this section, we describe each step in more detail.

3.2.1 Selecting Cross-Platform Native Apps

We focus on apps from the Google Play Store and App Store due to their dominating

market share [43]. In particular, we focus on popular apps in the U.S. version of

the stores as these are the most likely to receive a large number of star ratings and

reviews. AppAnnie [3] tracks the top apps for both app stores. Prior research shows

that the quality and maturity of apps vary considerably within the market, which

echos with similar findings in the studies of Sourceforge [16] and GitHub [20]. It

is advisable to start with a well-defined selection strategy instead of attempting to

cover a large number of apps. Hence, we decided to study the top free 50 apps charts

from Oct 30, 2015. Our intuition is that if a cross-platform native app can reach the

top 50 free apps chart in both app stores, we are more confident that both versions

of the app 1) are likely to have reached a mature stage and 2) have plenty of user-

feedback to analyze. We are also confident that the companies that produce such

apps are committed to delivering their apps on both platforms. We use free apps

instead of paid apps due to the fact that free apps account for more than 90% of
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total app downloads [39]. Also, our study of free apps helps us better control for

confounding factors that affect the star ratings and user reviews (e.g., user reviews

are likely influenced by how much a user paid for an app).

Cross-platform native app developers do not always use identical names for the

same app across platforms. For example, Skype is a popular app for communication

and it exists in both top 50 apps charts. In the App Store, the full name of Skype is

Skype for iPhone while in the Google Play Store, the full name is Skype - free IM &

video calls. Due to the naming discrepancies, we did not use an automated approach

to match apps across stores. Instead, we manually inspected the top 50 apps charts

and manually identified 19 cross-platform native apps in these 50 apps. We verify

whether the collected 19 cross-platform native apps are native apps by downloading

the apps and examining the look and feel of the apps [44]. We find that the collected

19 cross-platform apps are native apps.

3.2.2 Collecting Star Ratings and Reviews

Neither the App Store nor the Google Play Store provide public APIs to collect the

entire set of reviews for apps. However, given an app ID, such as 284882215 for the

Facebook app, Apple offers a public RSS (Rich Site Summary) feed that allows us to

collect the 500 most recent star ratings and reviews for the app [4]. We use a crawler

for the Google Play Store [1] to collect the star ratings and reviews for Android apps.

The 500 most recent star ratings and reviews provide only a momentary snapshot of

the star ratings and user reviews of the app. Martin et al. warned about using reviews

that are collected during a short time frame for review analysis [29]. Therefore, we

collect two snapshots of the 500 most recent star ratings and reviews for the studied
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cross-platform native apps. The first snapshot of star ratings and reviews are collected

from Nov 11, 2015 to Nov 20, 2015 across both stores. The second snapshot of star

ratings and reviews is collected during the time period from September 1, 2016 to

September 7, 2016.

3.2.3 Analyzing Star Ratings

We intend to analyze the star ratings from both the perspective of a platform and

from the perspective of an app. In particular, we first analyze the distribution of all

collected star ratings at the platform level. We then analyze the distribution of all

star ratings at the app level. We are interested in whether the distribution of star

ratings that is observed at the app level is reflected as well at the platform level.

3.2.4 Tagging Reviews

A 2015 survey shows that 77% of the users will not download an app whose star rating

is lower than 3 stars [41]. Therefore, understanding what users are complaining about

in 1 & 2-star reviews is critical for developers who want their apps to receive higher

star ratings. In their prior studies of analyzing the user issues that are raised in the

reviews of mobile apps, McIlroy et al. [31] find that 1 & 2-star reviews have the most

negative sentiment in them.

We manually tag all 1 & 2-star reviews from both snapshots of the 500 most

recent reviews for the studied cross-platform native apps. The thesis author and

a postdoctoral fellow participate in tagging, and both of them have and frequently

use smartphones powered by Android and iOS. We start our tagging process with

the 12 existing complaint types as identified by Khalid et al. [22] in their study of
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complaints made in the user reviews of 20 free iOS apps. We do not use the tags

that are identified in Pagano and Maalej’s [37] study because their tags are not

oriented towards user complaints (e.g., they have tags about “praise”). Table 3.3

shows the identified complaint types and their descriptions. In case we encounter a

new complaint type, we add it to the list and restart the tagging process. If a review

does not contain a specific complaint or does not contain descriptive content, e.g.,

“this app is bad”, this review is tagged as ‘Not Specific’. Every review can be tagged

with multiple complaint types.

To validate our manual tagging process, we follow the following procedure. To

validate the definition of complaint types, the author of this thesis and a postdoctoral

fellow tag the same 50 reviews. Then, any difference in tags were discussed and the

definition of the complaint types is firmed up when necessary. Next, the thesis author

tags 1,000 reviews for iOS and 1,000 reviews for Android using those definitions. The

postdoctoral fellow tags a statistically representative sample (95% confidence level

and 10% confidence interval) of 88 reviews for both iOS and Android and the results

are compared with those of the thesis author. We find that after the consolidation

of definition, the thesis author and the postdoctoral fellow agree on the tags of the

majority of the user reviews. We find that 87.5% of the reviews have identical tags.

5.7% of the reviews have one or more common complaint tags and 6.8% of the reviews

have completely different tags. We investigate reviews that have completely different

tags and find that the discrepancies in most cases stem from reasonable yet different

interpretations. For example, one Netflix user complains that: “No empire - Won’t

let me watch empire ... Everything else works :( empire Is the only thing I watch”.

The thesis author interpreted this review as a complaint about not having the show



3.3. EMPIRICAL STUDY RESULTS 19

“Empire” on Netflix and tagged the complaint as ‘Uninteresting Content’. The post-

doctoral fellow interpreted this review as a complaint about a ‘Functional Error’ that

prevents this user from watching the show “Empire” on Netflix. We believe that both

tags are justifiable. Therefore, differences in the tags of such reviews are difficult to

overcome and cannot be completely resolved. Nevertheless, the thesis author and the

postdoctoral fellow have discussed and reinforced the descriptions for complaint types

with the intention of minimizing the ambiguity of the compliant types. Finally, the

thesis author restarts the manual analysis of all reviews with the updated descriptions

of complaint types. All our data is made publicly available on our website2.

3.3 Empirical Study Results

In this section, we present the results of our empirical study. In each section we

discuss the motivation, approach and results for a research question. For each result,

we discuss how we came to the result, based on the collected data from the two

snapshots. The first snapshot is denoted as snapshot S1, whereas the second snapshot

is denoted as snapshot S2.

3.3.1 How Consistent Are the Star Ratings of cross-platform

native apps?

Motivation: Star ratings are the simplest quantification of users’ overall impression

and its provided user experience. Mudambi and Schuff [34] show that Amazon users

rely heavily on star ratings and reviews for deciding which product to purchase.

2http://sailhome.cs.queensu.ca/replication/cross-platform-mobile-apps/
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Figure 3.2: Distribution of star ratings of cross-platform native apps on Android and
iOS across snapshots S1 and S2
(The leftmost bar for each app represents the frequency of 1-star ratings,
while the rightmost bar represents the frequency of 5-star ratings)

Kim et al. [23] find that word of mouth is the overall top purchase determinant in

app stores. The results from these two studies show that app users will more likely

download apps with higher star ratings. In order to increase the revenue of cross-

platform native apps, developers of such apps aim to maximize the star rating of their

apps on all platforms. To find whether developers succeed in achieving consistently
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high star ratings on all their supported platforms, we analyze whether there is a

difference in the star ratings that are given by users for the same app across different

platforms. In particular, for a cross-platform native app, we want to know whether the

distribution of star ratings is similar across platforms. Differences in the distribution

of star ratings of the same app on two platforms indicate a difference in users’ overall

impression. Hence, developers of such apps need to look deeper into their user reviews

to better understand the differences in users’ overall impression across platforms.

Approach: We compare the distribution of the star ratings for both versions of

each cross-platform native app in three ways, using the average star rating, a Mann-

Whitney U test, and the skewness and kurtosis of both distributions. We use all

available star ratings, namely 1 to 5-star ratings, so the distribution of the star ratings

can be viewed as a list of integers from 1 to 5.

We first calculate the average star rating for each cross-platform native app on

both studied platforms. In addition, we count the number of 1 & 2-star reviews as

these are the most likely to contain user complaints [22]. To decide whether the

star ratings for the iOS and Android-version of the same app differ significantly,

we perform a Mann-Whitney’s U test with a Bonferroni correction. The Bonferroni

correction adjusts the significance level by dividing the default significance level by

the number of comparisons, which reduces the chance of getting false positive results

when doing multiple pair-wise comparisons. The default significance level for the

Mann-Whitney’s U test is α = 0.05. Thus, at an app level, if the p-value computed by

the Mann-Whitney’s U test is smaller than 0.0026, which is the result of 0.05 divided

by 19 (the number of studied apps in this chapter), we conclude that the two input

distributions are significantly different. On the other hand, if the p-value is larger
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than 0.0026, the difference between the two input distributions is not significant. It

is important to note that at a platform level, the significance level of the Mann-

Whitney’s U test remains at 0.05 as only one comparison is carried out between the

star ratings in Android and star ratings in iOS.

In addition, we calculate Cliff’s delta d [26] effect size to quantify the difference

in the distributions of star ratings for each cross-platform native app. Cliff’s delta

returns a number between -1 and 1. The absolute value of the returned number is

used to assess the magnitude of the effect size. We use the following threshold for

interpreting d, as provided by Romano et al. [45]:

Effect size =



negligible(N), if |d| ≤ 0.147.

small(S), if 0.147 < |d| ≤ 0.33.

medium(M), if 0.33 < |d| ≤ 0.474.

large(L), if 0.474 < |d| ≤ 1.

We calculate the skewness and kurtosis for the review ratings of both studied ver-

sions of each cross-platform native app. The skewness of a distribution captures the

level of symmetry in terms of mean and median, i.e., the skewness of the distribution

of star ratings represents how positive or negative users feel about that version of

the app. A negative skew means that users feel negative (i.e., more lower star rat-

ings) about the app, while a positive skew means that users feel positive (i.e., more

higher ratings). A skewness smaller than -1 or larger than 1 means that the skew is

substantial [12].

Kurtosis explains the peakedness of a distribution. The Gaussian distribution has
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Table 3.1: Statistics of the star ratings of cross-platform native apps (500 reviews for
each cross-platform native app on each platform in snapshots S1 and S2)

App
Name

App Type
Average Rating

M.W.2
Effect3 1&2-star

Android iOS Ratio1 Size Ratio1

Snapshot S1:
Amazon Shopping 4.0 3.0 1.4 Y M 0.4
Facebook Social 2.9 2.4 1.2 Y S 0.8
Hulu Entertainment 3.0 2.7 1.1 Y N 0.8
Instagram Photo & Video 4.2 4.1 1.0 N N 0.8
Kik Social 2.9 3.2 0.9 N N 1.2
Madden NFL Games 4.3 3.8 1.1 Y S 0.6
McDonald’s Food & Drink 3.4 2.3 1.5 Y M 0.6
Messenger Social 3.5 2.5 1.4 Y M 0.5
Netflix Entertainment 3.4 2.9 1.2 Y S 0.8
Pandora Music 3.7 4.7 0.8 Y M 5.0
Pinterest Social 4.2 3.5 1.2 Y S 0.5
Pop the Lock Games 4.1 4.4 0.9 Y N 1.7
Skype Social 3.5 3.9 0.9 Y N 1.4
Snapchat Photo & Video 2.4 2.2 1.1 N N 1.0
SoundCloud Music 4.3 4.5 1.0 N N 1.8
Spotify Music Music 3.5 4.7 0.7 Y M 5.4
Subway Surfers Games 4.4 3.9 1.1 Y S 0.5
Twitter Social 3.8 3.4 1.1 Y N 0.7
WhatsApp Social 4.2 4.3 1.0 N N 1.1

Values across all apps 3.7 3.5 1.0 Y4 N 0.93

Snapshot S2:
Amazon Shopping 4.0 2.9 1.4 Y M 0.4
Facebook Social 3.3 2.8 1.2 Y S 0.7
Hulu Entertainment 3.4 2.2 1.6 Y M 0.5
Instagram Photo & Video 4.1 2.7 1.5 Y M 0.2
Kik Social 4.1 2.8 1.5 Y M 0.3
Madden NFL Games 3.9 4.1 1.0 N N 1.3
McDonald’s Food & Drink 3.6 1.9 1.8 Y L 0.4
Messenger Social 2.9 2.3 1.3 Y S 0.7
Netflix Entertainment 4.2 3.0 1.4 Y M 0.3
Pandora Music 3.9 4.2 0.9 Y N 1.4
Pinterest Social 4.6 2.9 1.6 Y L 0.1
Pop the Lock Games 4.2 4.0 1.0 N N 0.5
Skype Social 3.7 2.9 1.3 Y S 0.6
Snapchat Photo & Video 2.7 2.8 1.0 N N 1.1
SoundCloud Music 4.0 4.5 0.9 N N 3.5
Spotify Music Music 4.4 4.5 1.0 N N 0.8
Subway Surfers Games 4.2 4.7 0.9 Y S 3.2
Twitter Social 4.2 3.3 1.3 Y S 0.3
WhatsApp Social 4.3 4.1 1.0 N N 0.7

Values across all apps 3.9 3.3 1.2 Y4 S 0.60

1Ratios in this and following tables are calculated by Android / iOS.
2Mann-Whitney’s U test with Bonferroni corr.: Y: p-value smaller than 0.0026. N: otherwise
3Effect size: N: negligible. S: small. M: medium
4Mann-Whitney’s U test without Bonferroni corr.: Y: p-value smaller than 0.05. N: otherwise
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a kurtosis of 3. A kurtosis higher than 3 means that the distribution has a higher

peak than the Gaussian distribution, while a kurtosis lower than 3 means that the

distribution is flatter. A high kurtosis means that users have a relatively strong

consensus on the average star rating of the app, while a low kurtosis means that

there is no clear consensus (i.e., agreement) between the users.

Results: In snapshot S1, we collect 9,500 reviews of Android cross-platform native

apps and 9,500 reviews of iOS cross-platform native apps. In snapshot S2, we collect

8,505 reviews of Android cross-platform native apps and 6,753 reviews of iOS cross-

platform native apps. In total, we analyze 34,258 star ratings and reviews across both

snapshots of the studied cross-platform native apps. Table 3.1 shows that 14 out of

19 cross-platfrom apps have different distributions of star ratings in snapshot S1 and

13 out of 19 cross-platform native apps have different distributions of star ratings in

snapshot S2. The results from the two snapshots indicates that at least 68% of the

studied cross-platform native apps do not receive the same distribution of star ratings

on Android and iOS. We now present the results of our analysis on the star ratings

of cross-platform native apps.

The difference between star ratings in Android and iOS is negligible or

small when considering all apps together. Table 3.1 shows that the distribution

of star ratings in Android (with an average of 3.7) and iOS (average of 3.5) in snapshot

S1 are significantly different according to the Mann-Whitney’s U test without Bon-

ferroni correction. However, Cliff’s Delta shows that the difference is negligible. The

total number of low-star (i.e., 1 or 2-star) reviews in snapshot S1 is 3,059 for iOS and

2,605 for Android. The last row of Table 3.2 shows that the skewness and kurtosis for

both platforms are similar, which shows that both distributions are evenly symmetric
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and peaked. The histogram of the star ratings given for all studied Android and iOS

apps in Figure 3.2 confirms that similarity.

At a platform level, the difference of star ratings that are collected in snapshot S2

changes from negligible to small in snapshot S1. As shown in Table 3.1, Cliff’s Delta

shows that the difference is small even though the p-value from Mann-Whitney’s U

test indicates the difference is significant. The average star rating at a platform level

is 3.9 in Android and 3.3 in iOS, whereas in snapshot S1, the average star ratings

are 3.7 and 3.5 respectively. The 1 & 2-star ratio decreases from 0.93 in snapshot

S1 to 0.60 in snapshot S2. Even though our crawler collects more star ratings from

Android users in snapshot S2, iOS users provide more 1 & 2-star reviews. The graph

on the right side of Figure 3.2 shows that while the number of 5-star ratings is clearly

larger in Android, cross-platform native apps in iOS receive more 1-star ratings and

the number of 2-star ratings remains similar across platforms. Thus, both of our

snapshots of star ratings suggest that at a platform level, the difference between star

ratings in Android and iOS is negligible or small.

Almost twice as many cross-platform native apps have a higher average

star rating in Android than in iOS. This observation highlights the importance

of performing our analysis at the app level, since app-level differences are likely not

to be visible when the reviews are examined as a whole. In snapshot S1, when we

examine closely the star ratings for each app, we find that 11 cross-platform native

apps have average ratings that are higher on Android than on iOS. Table 3.1 shows

the average star ratings for all apps. Out of these 11 cross-platform native apps,

McDonald’s, Amazon and Messenger show the largest difference in average star rating

on Android and iOS. For these three apps, the differences in the average star ratings
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are larger than 1. The effect sizes that are calculated for the star rating distributions

of these apps indicate that the star ratings differ at a medium level. We notice that

the Android versions of these three apps have half as many 1 & 2-star reviews as

their iOS counterparts. Table 3.2 shows that the ratio of skews for these apps has a

negative sign, which means that their star ratings are skewed in different directions.

For Messenger, the skewness ratio shows that users of that app have a polarized view

on the users’ overall impression of the app: for the Android version, users are as

positive as they are negative for the iOS version. The skew of -30.80 for Amazon

shows that the star ratings for the Android version is much more skewed than the

star ratings for the iOS version.

In snapshot S2, we find 13 cross-platform native apps whose average star ratings

are higher in Android, while we find 11 apps in snapshot S1. We find that the

differences in average star ratings change over time. For example, the difference in

average star ratings for the app Pinterest increases from 0.7 to 2.7 stars, and the effect

size for Pinterest is large in our snapshot S2 in contrast to small in snapshot S1. This

change highlights the dynamic nature of star ratings over time. Nevertheless, we

continue to observe more Android versions of the cross-platform native apps getting

higher average star ratings in Android than their iOS counterparts.

Users are more satisfied about music apps in iOS than in Android. In

snapshot S1, we find three music apps, Pandora, SoundCloud, and Spotify Music,

that have higher average star ratings in iOS. In fact, they have the highest average

star ratings of the studied cross-platform native apps. The kurtosis ratios of these

apps are smaller than 0.7, which indicates that the star rating distribution of these

apps have a higher kurtosis for iOS. This suggests that there exists a strong agreement
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across iOS users regarding the quality of these apps, while Android users have more

scattered opinions on the quality of these apps.

Using star ratings from snapshot S2, we find the average star ratings for these

three music apps remains higher in iOS than in Android. As shown in Table 3.1 for

snapshot S2, the average star ratings of Pandora, SoundCloud and Spotify are 0.3,

0.5 and 0.1 star higher in iOS respectively. Nevertheless, the differences in the star

ratings for this type of cross-platform native app across the two studied platforms are

becoming much smaller.

Table 3.2: Skewness and kurtosis ratio for the distribution of star ratings of the stud-
ied cross-platform native apps in snapshot S1 and S2

App Name
Skewness Ratio1 Kurtosis Ratio1

Snapshot S1 Snapshot S2 Snapshot S1 Snapshot S2

Amazon -30.8 -11.8 2.1 2.0
Facebook 0.1 -1.4 0.7 1.0
Hulu -0.1 -0.5 0.9 0.6
Instagram 1.0 -4.0 1.1 2.6
Kik -0.4 -8.6 1.0 2.6
Madden NFL 1.8 0.7 1.9 0.7
McDonald’s -0.6 -0.5 0.7 0.6
Messenger -1.0 0.1 1.1 0.6
Netflix -3.6 34.5 1.0 2.9
Pandora 0.2 0.7 0.2 0.6
Pinterest 2.6 -24.8 2.3 7.3
Pop the Lock 0.6 1.4 0.5 1.6
Skype 0.5 -10.8 0.7 1.4
Snapchat 0.9 1.6 0.9 1.1
SoundCloud 0.8 0.6 0.6 0.5
Spotify Music 0.1 1.0 0.1 1.0
Subway Surfers 2.0 0.5 2.3 0.3
Twitter 1.8 6.0 1.4 3.1
WhatsApp 0.9 1.2 0.8 1.4

Ratings of all apps 1.4 2.9 1.2 1.7
1Ratios in this and following tables are calculated by Android / iOS.
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3.3.2 How Consistent Are the 1 & 2-Star Reviews for cross-

platform native apps?

Motivation: In order to improve the star ratings and user reviews of a cross-platform

native app, developers must know what unsatisfied users are complaining about.

Knowing which types of complaints are commonly made about a specific version

of their cross-platform native app, helps developers better understand the challenges

that are associated with developing for the platform on which that version is running.

In addition, by analyzing the differences in user complaints, developers can get a

deeper understanding of the differences in the expectations and concerns of users

across all supported platforms.

Approach: To find out what users complain about in cross-platform native apps,

we analyze all 1 & 2-star reviews for the studied apps. We manually tag all 1 & 2-star

reviews as described in Section 3, starting from the set of complaint types found by

Khalid et al. [22] (see Table 3.3). For each cross-platform native app, we apply the

Mann-Whitney U test on the distribution of complaint types using the same setting

as described in Section 4.3.1 (i.e., using a Bonferroni correction).

Results: In snapshot S1, we find 2,605 1 & 2-star reviews in the 9,500 reviews

of Android cross-platform native apps users. We find 3,059 1 & 2-star reviews in

the 9,500 reviews of iOS cross-platform native apps users. In snapshot S2, we find

1,809 1 & 2-star reviews in the 8,505 reviews of Android cross-platform native apps

users. Finally, we find 2,429 1 & 2-star reviews in the 6,753 reviews of iOS cross-

platform native apps users. In total, we manually tag all 9,902 1 & 2-star reviews

from snapshots S1 and S2 for the studied cross-platform native apps. We now present

the results of our manual analysis of the 1 & 2-star user reviews.
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Table 3.4: Ratio of the percentage of frequency of complaint types in snapshot S1

App Name Ratio of the Percentage of Frequency of Complaint Types
Compliant Type # 1 2 3 4 5 6 7 8 9 10 11 12 13

Snapshot S1:
Amazon 0.5 0.2 0.9 0.4 1.6 8.0 0.7 - 1.9 13.4 3.3 0.8 5.1
Facebook 1.3 0.6 0.6 1.0 0.6 - 0.1 2.1 0.2 0.4 0.6 1.5 3.2
Hulu 0.6 1.1 0.2 - 0.7 0.6 0.1 6.8 0.6 - 0.7 0.8 1.7
Instagram 0.5 0.4 - 0.6 1.1 - - 8.7 0.4 - - 0.6 5.0
Kik 0.7 0.8 0.3 0.9 1.7 - 0.4 0.8 0.8 0.4 1.1 0.4 2.3
Madden NFL 0.3 0.6 - 2.8 0.5 - - 0.4 0.5 - 2.9 1.4 2.5
McDonald’s 1.7 0.7 - 0.6 0.9 - 0.2 0.3 1.3 0.5 0.5 0.8 1.6
Messenger 0.6 0.6 0.3 1.7 0.4 - 0.7 0.4 1.9 3.5 0.9 1.1 3.0
Netflix 0.5 0.7 - 0.2 1.1 - 0.1 2.8 2.6 - 1.0 0.9 5.5
Pandora 0.6 2.3 0.5 0.7 1.0 - - 0.1 0.2 - - - 2.1
Pinterest 0.9 0.4 0.7 0.5 1.4 - 0.7 4.5 3.1 0.7 0.4 1.3 4.0
Pop the Lock 0.4 - 1.9 0.9 0.6 - - - 0.6 - 1.7 0.7 1.0
Skype 2.0 0.7 1.5 1.7 0.7 - 2.6 0.2 2.2 1.1 0.5 1.0 2.4
Snapchat 0.2 1.4 - 2.3 4.6 0.1 1.1 2.5 - 2.3 3.4 0.6 3.4
SoundCloud 0.4 0.8 - 0.4 1.8 - 0.6 - - - 1.5 3.0 6.7
Spotify Music 1.4 0.7 0.4 0.4 1.8 2.1 - 1.9 0.3 - 0.2 0.7 1.3
Subway Surfers 0.1 - 1.2 0.6 0.1 - - - 2.5 - 0.3 0.6 15.9
Twitter 3.2 6.7 0.1 0.1 4.1 - 0.8 - 4.8 3.8 1.4 0.8 10.9
WhatsApp 0.3 0.1 - 1.2 0.4 - - 1.7 1.2 - 2.3 0.2 4.6

Snapshot S2:
Amazon 4.5 1.5 - 0.2 0.8 1.0 0.1 0.6 1.7 1.7 1.2 1.7 1.2
Facebook 1.0 0.9 0.4 0.1 0.8 - - 10.7 0.9 0.3 0.3 0.6 2.3
Hulu 1.2 0.5 0.7 0.0 1.4 8.0 - 0.5 2.1 1.0 1.3 3.0 1.7
Instagram 1.1 2.5 0.2 0.1 1.7 - 0.5 - 0.7 - 0.5 3.0 7.4
Kik 0.6 - 4.2 1.1 0.4 - - - 0.9 - 10.5 0.3 12.6
Madden NFL 2.6 1.4 3.1 1.9 0.5 0.7 - - - - 0.8 1.5 1.3
McDonald’s 0.3 - - - 1.3 - - - 1.2 - 0.9 0.6 1.8
Messenger 0.3 0.9 0.7 0.3 1.4 - 0.6 3.4 1.7 1.2 0.6 0.6 2.7
Netflix 0.6 1.9 - - 1.0 6.5 0.4 0.4 2.2 - 0.9 0.6 1.7
Pandora 0.2 0.7 2.0 - 17.6 - - 5.9 0.7 1.3 1.5 - 3.5
Pinterest 0.4 - 4.1 0.5 0.5 - 0.8 - 2.9 - 0.9 0.5 4.3
Pop the Lock - - 0.8 - - - - - - - 1.5 - 4.0
Skype 0.8 0.2 0.2 0.8 0.9 - 0.3 0.7 0.4 0.3 1.3 0.4 5.6
Snapchat 0.7 3.1 0.1 0.5 1.6 - 0.1 0.4 0.3 1.1 3.8 1.3 0.9
SoundCloud - - 0.3 - 0.6 - - - - - 0.7 - 1.1
Spotify Music 0.7 - 0.5 0.7 0.9 - - - - - 0.1 - -
Subway Surfers 0.7 0.3 0.2 1.7 0.4 - - - - - 1.2 0.3 3.3
Twitter 1.4 0.7 0.8 0.4 0.5 - 1.7 4.2 0.3 1.4 - 0.5 4.6
WhatsApp 1.7 0.3 - - 0.9 - - - 0.2 - - - 3.9

Example: Amazon has 11.3% of reviews in Android and 24.7% of reviews in iOS tagged as “App Crashing”.
Hence, Amazon’s ratio of the percentage frequency of “App Crashing” is 0.5 (11.3% divided by 24.7%).
Note: “-” represents that the number of complaints is 0 in one or both platforms
Note: Entries in bold are discussed in the text
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Table 3.5: Ratio of the frequency of complaint types in snapshot S1

Complaint Type Percentage of1 (%) Percentage
Android iOS Ratio

Snapshot S1:
App Crashing 13.55 23.14 0.59
Compatibility 8.71 11.31 0.77
Feature Removal 2.76 6.96 0.40
Feature Request 10.86 15.14 0.72
Functional Error 32.71 30.37 1.08
Hidden Cost 1.31 2.39 0.55
Interface Design 2.07 6.24 0.33
Network Problem 6.79 3.27 2.08
Privacy and Ethical 5.95 7.26 0.82
Resource Heavy 2.00 2.03 0.99
Uninteresting Content 6.68 7.88 0.85
Unresponsive App 8.41 10.85 0.78

Not Specific 19.88 7.49 2.65

Snapshot S2:
App Crashing 15.04 20.58 0.73
Compatibility 7.41 7.04 1.05
Feature Removal 4.98 12.23 0.41
Feature Request 3.98 13.59 0.29
Functional Error 33.33 30.22 1.10
Hidden Cost 3.15 1.48 2.13
Interface Design 1.71 5.60 0.31
Network Problem 6.08 4.16 1.46
Privacy and Ethical 4.42 5.31 0.83
Resource Heavy 3.10 1.85 1.67
Uninteresting Content 9.51 10.21 0.93
Unresponsive App 7.85 7.78 1.01

Not Specific 22.61 9.14 2.47
1Note that these percentages do not add up to 100 as a
complaint can be tagged with multiple types.

58% of the studied cross-platform native apps have a different distri-

bution of complaint types between their Android and iOS counterparts.
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In snapshot S1, we find 11 out of 19 cross-platform native apps whose distribution

of complaint types are different across platforms. For these 11 cross-platform native

apps that receive different types of complaints, we check whether their most frequent

complaint type is the same across the Android and iOS versions. 9 out of these 11

apps do not share a common most frequent complaint type. For example, Amazon

users complain most about a crashing app in iOS but they complain most about a

functional error in Android. A deeper investigation of these 9 apps shows that 5 out

of them have ‘App Crashing’ as the most frequent complaint type on one platform

and ‘Functional Error’ on another. In snapshot S2, we find 7 cross-platform native

apps that have a different distribution of complaints between their Android and iOS

counterparts. Four of them do not share a common most frequent complaint type.

The three cross-platform native apps that share a common most frequent complaint

type all have functional error as the most frequent complaint type.

Users have different complaints even for apps whose overall star ratings

are consistent. In snapshot S1, we find that for 5 apps, Instagram, Kik, Snapchat,

SoundCloud and WhatsApp, their overall star ratings are not significantly different

across platforms. However, the 5 apps have large differences in their distributions of

complaints. Table 3.4 shows the ratio of the frequency of complaint types in Android

and iOS for each app. We find that Instagram has 8.7 times more complaints about

a network problem in Android. SoundCloud has 3 times more complaints about

‘Unresponsive App’ in Android. WhatsApp has 10 (i.e., ratio is 0.1) times more

complaints about ‘Compatibility’ in iOS.

In snapshot S2, we find 6 cross-platform native apps whose distributions of star

ratings are not significantly different across platforms. They are: 1) Madden NFL,
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2) Pop the Lock, 3) Snapchat, 4) SoundCloud, 5) Spotify Music and 6) WhatsApp.

For those 6 cross-platform native apps, we find that the distributions of complaint

types varies. For example, as shown in Table 3.4, Madden NFL receives 3.1 times

more complaints about ‘feature removal’ on Android, and Snapchat has 10 times more

complaints about ‘feature removal’ on iOS. This finding emphasizes that star ratings

alone are not sufficient for studying the differences in user reviews of cross-platform

native apps.

For more than 59% of the studied cross-platform native apps, users

complain more frequently about a crashing app in iOS. At a platform level,

‘App Crashing’ is one of the most frequent complaint types for both Android and

iOS. In snapshot S1, we find that 13.6% of the complaints are about ‘App Crashing’

in Android and 23.1% in iOS. In particular, 14 of the studied apps have more ‘App

Crashing’ complaints (i.e., ratio < 1), as shown in the first column of Table 3.4.

In snapshot S2, we find that 15.0% of the complaints are about ‘App Crashing’ in

Android and 20.6% in iOS. At a platform level, iOS users complain more about ‘App

Crashing’ than Android users.

Compared to the results in snapshot S1, in which we find users are complaining

about a crashing app for every cross-platform native app, we find 17 out of 19 cross-

platform native apps that receive complaints about a crashing app in snapshot S2. As

shown in Table 3.4, we find 10 cross-platform native apps whose users complain more

frequently about crashing app in iOS. Although the number of cross-platform native

apps that receive more complaints about the crashing in iOS is decreasing from 14

to 10 apps, our results still suggest that cross-platform developers need to pay extra

attention to the crashing issues in the iOS version of their apps.
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Identifying the root cause of this phenomenon is difficult. There are two possible

scenarios that may help to explain the phenomenon: 1) iOS users may be more

sensitive to crashing issues or 2) apps may crash more often in iOS. For developers,

the two possible scenarios require them to spend more effort on their iOS app to avoid

crashing issues.

In more than 62% of the studied apps, iOS users complain more about

compatibility issues. In snapshot S1, we find that 13 out of 19 (68%) studied

cross-platform native apps receive more complaints about compatibility issues from

iOS users. In snapshot S2, we find that 62% of the studied cross-platform native

app receive more complaints about compatibility issues from iOS users. As shown in

table 3.4, we find 13 studied cross-platform native apps that receive complaints about

compatibility issues, and 8 of cross-platform native app have a ratio that is less than

1, which indicate that iOS users complain more often about compatibility issues.

Surprisingly, despite the availability of more than 24,000 Android devices [33],

users complain more often about compatibility issues for the iOS version of a cross-

platform native app. One possible reason is that iOS users try to run a new app

on an older device, which may not be compatible. A Snapchat user complains: “I

like snapchat but... I would really like it if snapchat could make it possible to use the

lenses on the IPod 5th gen.”

3.3.3 Are the Most Negatively Impacting Complaint Types

Consistent Across Platforms?

Motivation: In addition to the frequency of complaints, we are also interested in their

severity, namely, the negative impact on the star rating of the app. Negative impact
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of a complaint type refers to how badly app users experience an issue corresponding

to its complaint type. As discussed earlier, app users consider star ratings as the most

important determinant for app purchases. Understanding what types of complaints

have a high negative impact on the star rating help developers to understand what

users dislike the most.

Approach: The negative impact ratio of a complaint type is calculated by exam-

ining all the 1 & 2-star reviews that have that complaint, then dividing the number

of 1-star reviews by the number of 2-star reviews [22]. We calculate the negative

impact ratio at both the app level and platform level. A complaint type that has a

negative impact ratio that is larger than 1 implies a higher negative impact than a

complaint type of which the negative impact ratio is lower than 1. For example, if an

equal number of users are complaining about ‘App Crashing’ and ‘Network Problem‘,

and ‘App Crashing’ receives a higher negative impact ratio than ‘Network Problem’,

developers may want to solve crashing issues first since such 1-star complaints will

have a stronger impact on the overall star rating of the app.

We also calculate the ratio of negative impact ratio for each complaint type for

each app across both platforms. The ratio of negative impact ratios is calculated

by dividing the negative impact ratio in Android by that in iOS. A ratio of negative

impact ratios larger than 1 for a complaint type indicates that users are more annoyed

when they make such complaints in Android relative to the same complaint type in

iOS.

Results: Negative impact ratios vary even for apps of which the distri-

butions of star ratings across platforms are identical. In snapshot S1, we find

three cross-platform native apps, Instagram, Snapchat and WhatsApp, that have the
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Table 3.6: Ratio of negative impact ratios for cross-platform native apps in snapshots
S1 and S2

App Name Ratio of Negative Impact Ratios
Compliant Type # 1 2 3 4 5 6 7 8 9 10 11 12 13

Snapshot S1:
Amazon 0.3 - 1.0 2.2 1.0 - 1.7 - 0.3 - 0.5 0.3 1.1
Facebook 1.6 2.5 - 3.3 1.3 - - - - 0.9 1.3 0.8 0.6
Hulu 0.3 0.9 0.6 - 0.7 - - 0.6 0.8 - 0.9 0.5 2.1
Instagram - - - 12.0 0.4 - - - - - - - -
Kik - 1.0 - 1.1 1.4 - - 1.0 - - - 0.3 -
Madden NFL 0.6 0.2 - 2.0 0.4 - - - 1.1 - 1.2 1.6 0.6
McDonald’s 0.3 0.4 - 1.5 1.1 - - - 0.6 0.1 0.8 0.9 0.9
Messenger 0.9 0.5 0.1 0.7 0.8 - - - 1.4 0.5 0.4 0.4 0.4
Netflix 1.4 2.4 - 1.3 1.6 - - 1.5 3.0 - 4.1 2.9 1.2
Pandora 0.2 - 0.6 - 1.3 - - - - - - - -
Pinterest 2.0 - 0.4 - 0.7 - 0.5 - 1.5 - 1.3 0.5 -
Pop the Lock - - 11.2 0.5 - - - - - - 2.3 1.3 0.9
Skype 0.6 0.4 - 0.7 1.0 - 0.4 - - 0.1 0.5 1.1 -
Snapchat 0.4 0.8 - 0.7 0.7 0.3 - 1.8 - - - 0.7 2.5
SoundCloud 0.6 1.5 - 0.7 0.6 - - - - - - - -
Spotify Music 0.1 - 0.3 1.0 0.4 - - - 8.0 - - - -
Subway Surfers - - - - - - - - - - - 0.6 1.5
Twitter - - 1.0 0.2 1.2 - 0.2 - 4.0 - - - 2.3
WhatsApp 0.4 - - 0.2 0.3 - - - 1.0 - - - 0.6

Snapshot S2:
Amazon 0.2 1.6 - 0.7 0.5 - - - 2.6 0.5 2.7 - 0.3
Facebook 4.8 9.5 - 0.3 2.5 - - - - - 1.0 24.0 1.2
Hulu 1.7 - 0.8 - 1.1 - - 1.8 - - 2.7 1.3 0.2
Instagram 3.0 - - 0.6 0.3 - 3.0 - - - - - -
Kik - - - 3.9 0.4 - - - 0.3 - - - -
Madden NFL 1.9 2.0 - - 1.1 0.9 - - - - 0.9 - 0.8
McDonald’s - - - - 0.3 - - - - - - - -
Messenger 0.7 0.6 5.5 - 2.5 - 0.3 4.6 0.8 1.8 0.3 0.8 0.3
Netflix - 1.1 - - 0.3 - - 0.1 - - 0.9 - 0.7
Pandora 0.9 1.0 11.0 - - - - - - - 2.9 - 1.5
Pinterest 1.3 - 0.3 - 0.2 - - - - - 0.6 - 2.2
Pop the Lock - - 1.9 - - - - - - - - - -
Skype 0.1 - - 1.3 0.8 - - 2.6 0.2 - 0.2 - 0.2
Snapchat 0.4 0.4 0.3 0.4 0.2 - - - 1.0 1.6 - 0.2 0.0
SoundCloud - - - - - - - - - - - - -
Spotify Music - - - - 0.5 - - - - - - - -
Subway Surfers - - - - 0.1 - - - - - - - 1.9
Twitter 0.9 - 0.5 - 0.2 - 0.7 - - - - 3.2 0.9
WhatsApp - - - - 1.9 - - - - - - - 0.7

Note: “-” represents the number of complaints is 0 in one or both platforms
Note: Entries in bold are discussed in the chapter
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same distribution of star ratings across platforms, as shown in Section 4.3.1. How-

ever, the ratios of negative impact ratio for certain complaint types show differences

in users’ star ratings towards different complaint types as shown in Table 3.6. For

example, for Instagram, the negative impact ratio for ‘Feature Request’ is 12 times

higher in Android, and for WhatsApp, the negative impact ratio for ‘Feature Request’

is 5 times higher in iOS. We examine the complaints for Instagram regarding ‘Feature

Request’. We find that iOS users are requesting support for HD video, support for

Arabic hashtags, and a picture adjustment tool. In Android, users are requesting HD

video, a feature to copy URLs, and auto-save of pictures. For WhatsApp, we also find

that users are requesting different features. Different requested features might help

to explain the big difference in negative impact ratio because users may deem some

features essential and others optional. For example, this user considers animated GIF

support for WhatsApp essential for iOS: “Add gif support!!!! This would get my 5

stars right away! ”

In snapshot S2, we also find that the negative impact ratio varies even for apps

of which the distribution of star ratings across platforms is identical. As shown in

Table 3.6, there are 6 apps whose distributions of star ratings across platforms are

identical: Madden NFL, Pop the Lock, Snapchat, SoundCloud, Spotify Music, and

WhatsApp. We examine the negative impact ratio in Table 3.6 and find that the

negative impact ratio varies in one or multiple complaint types. For example, for the

Madden NFL app , the negative impact ratio for the second complaint type, ‘Com-

patibility’ is 2. Having 2 as the negative impact ratio for ‘Compatibility’ indicates

that Android users give more 1-star ratings regarding compatibility issues than iOS

users for this app. For the Spotify Music app, the negative impact ratio for the fifth
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complaint type, ‘Functional Error’ is 0.5. Having 0.5 as the negative impact ratio

for ‘Functional Error’ indicates that iOS users give more 1-star ratings regarding a

functional error of the Spotify Music app. Although the negative impact ratio of a

complaint type does not remain the same over time, the differences in the negative

impact ratio varies even for apps whose distributions of star ratings across platforms

are identical. To improve the overall star ratings, developers can use negative impact

ratios to identify the complaints that annoy users the most for each of the platforms

on which their app is available.

Users have higher expectations on one platform than on the other for

some apps. In snapshot S1, we find that for Netflix, its ratios of negative impact

ratio for all complaint types are greater than 1. In other words, Android users tend

to give more 1-star ratings than 2-star ratings for any type of issues for Netflix. We

also find that for Hulu, Messenger and WhatsApp, the ratio of negative impact ratio

is always lower than 1 except for one complaint type. In snapshot S2, we find that

Hulu, Messenger, WhatsApp have most ratio of negative impact ratio lower than 1

except for one complaint type. In S2, we find that there are 5 complaint types for

Netflix whose ratios of negative impact ratio is smaller than 1. Differences in the

negative impact ratios over snapshot S1 and S2 indicate that the ratio of negative

impact ratio could change over time. We also find that, for Facebook, Skype, and

Spotify Music, the negative impact ratios are higher on one platform for the majority

of the complaint types. For example, the ratios of negative impact ratio for Spotify

Music are all lower than 1, which indicate that the iOS users tend to give more 1-

star ratings than 2-star ratings for the majority of type of issues for Spotify Music.

Similarly, Skype has 11 complaint types whose ratios of negative impact ratios are
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lower than 1. The Spotify Music and Skype examples suggest that the expectations

of users are changing overtime, as indicated by the varying ratios of negative ratios

of a cross-platform native app.

Having a larger ratio of negative impact ratios for most complaint types on a

single platform implies that users believe that every type of issue of the app is more

severe and critical, which eventually suggests that users on this platform have a

higher expectation on the users’ overall impression of the app. In order to achieve

consistent star ratings and user reviews for apps for which users have a particularly

high expectation on one platform, developers need to spend more time and effort

in solving user-raised issues on this specific platform or to identify new strategies to

properly meet the high expectations of users.

3.4 Threats to validity

3.4.1 External validity

The findings of our RQ1 highlight the risk of analyzing star ratings at a platform

level, since such an analysis reveals limited information for developers to improve the

star ratings of their own cross-platform native apps. Instead, developers should focus

on comparing their cross-platform native apps on an app versus app basis. While

our specific findings might not generalize, our findings do highlight the existence of

differences across platforms for the same app. Moreover, all our proposed techniques

and our methodologies are general and can be used for any app.
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Threats due to our selection of apps on the U.S. app stores

We study top cross-platform native apps in the U.S. app stores. Lim et al. investigate

the country differences in mobile app user behavior [25]. Lim et al. focus on user

adoption of the app store concept, app needs and rationale for selecting or abandoning

an app. They show that there are differences between users of different countries and

such differences might lead to different ratings, For example, they find that users from

the U.S. are more likely to download medical apps. We focus on the U.S. versions

of the app stores as the U.S. versions of the app stores have a large number of star

ratings and reviews in English. The results of our study could change if our study

is expanded to other non-U.S. stores. Future studies need to examine whether our

findings hold for other regional app stores.

Threats due to our selection of cross-platform native apps

The studied cross-platform native apps are apps that exist in the top 50 apps charts

in both Google Play Store and App Store. The number of studied apps is small

compared to the entire app stores. It is possible that the studied cross-platform

native apps do not represent all cross-platform native apps. However, the goal of our

study is not to derive a wide ranging theory about cross-platform native apps. We

think that such a theory is not achievable and it would also vary between apps. The

19 studied cross-platform native apps are selected by carefully going through the top

50 free apps in both the iOS App Store and Google Play Store. Hence, we focus only

on top apps and we document the challenges that top app developers are facing.
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Threats due to different expectations of users on different platforms

Different expectations on the users’ overall impression between Android and iOS users

have been mentioned and discussed by various researchers and industry experts. For

example, Benenson et al. [5] finds that if users have a technical background, then they

are more likely to have an Android phone. Benenson et al. also find that having an

Android phone is positively correlated to being more security-aware. Interestingly,

Schick claims that iOS app users are often richer than Android users, based on annual

income [47]. The abovementioned examples show that different expectations on the

users’ overall impression by users of different platforms do exist to some extent, but

the impact of such differences on our study is not clear. For instance, it is not clear

whether the “fact” that iOS app users are often richer than Android users makes iOS

users more tolerant towards issues related to “Hidden Cost”. Or, whether the fact

that Android users being more security aware makes them more critical of security

or privacy issues in an app. Moreover, completely understanding the differences in

expectations is more complicated than understanding the users’ overall impression of

cross-platform native apps. The goal of this chapter is to investigate such differences

and to explore as much as possible the rationale for such differences (within the

limitation of the available data about apps). The target audience of this chapter

(i.e cross-platform native app developers) is not able to change the expectation of

users. However, such developers must adapt to such varying expectations in order

to achieve better star ratings and more favorable user reviews. Thus, future studies

should carefully study the differences in expectations of users across platforms.
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Threats due to feature inequalities of cross-platform native apps

The existence of feature inequalities of cross-platform native apps is no secret among

both mobile app users and researchers. Feature inequalities can be divided into two

types based on the source of introduction: 1) feature inequalities that are introduced

by developers and 2) feature inequalities that are introduced by the platform. We

acknowledge the fact that feature inequalities that are introduced by developers may

exist but we also recognize the efforts by developers who try to make the user ex-

perience as consistent as possible across platforms. Developers’ efforts to make the

user experience consistent across platforms are noted in Joorabchi et al.’s [18] sur-

vey. For example, Joorabchi et al. find that developers would like their mobile apps

to behave similarly across platforms and they highlight feature equality as a sub-

set of the behavior consistency. This suggests that developers are actively avoiding

feature inequalities that are introduced by themselves. On the other hand, feature

inequalities that are introduced by platform may be difficult or impossible for cross-

platform native app developers to resolve. For example, Apple allows developers to

use Touch ID, a fingerprint recognition feature, for their mobile apps. This feature

is only available for iOS devices such as the iPhone. Another example are widgets in

Android, which are part of the home screen customization. Developers use widgets

to display a “quick glance” of the status of their apps. Widgets are not available on

iOS devices. Solving the feature inequality in the above example is unrealistic for

developers. In short, feature inequalities do exist and they may have an impact on

the results of our study. However, developers of the top cross-platform native apps

are actively minimizing feature inequalities (by either ensuring similar functionalities

whenever possible or by devising alternative features to bridge such inequalities due
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to platform differences).

3.4.2 Internal validity

In this chapter, we conducted a manual tagging of user complaints. In S1, we notice

that 19.88% of the complaints in Android and 7.49% of the complaints in iOS are

tagged as ‘Not Specific’. In S2, we find 22.61% of the complaints in Android and

9.14% of the complaints in iOS are tagged as ‘Not Specific’.

We find that there are three main reasons a review gets tagged as ‘Not Specific’:

1) insufficient information about the app itself, 2) use of foreign language and 3) no

information given at all. We counted the number of words in 1 & 2-star reviews

for the studied cross-platform native apps and we find that on average, a 1 & 2-star

review for the studied cross-platform native app on Android has 22 words, while in

iOS, the average number of words per review is 39. The smaller average number of

words in reviews in Android may help to explain the rationale for Android having a

larger number of reviews that are tagged ‘Not Specific’. Nevertheless, as these non-

specific complaints also reflect the characteristics of users with respect to platforms,

we have not removed them from the results.

3.5 Conclusions

Analyzing the star ratings and reviews of cross-platform native apps, i.e., mobile apps

that are developed with native development frameworks and are available on multiple

platforms, provides app developers a unique insight of how app users across different

platforms perceive the users’ overall impression of their apps. The majority of prior
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work on mobile apps is done from a developer’s perspective or limits the app selection

to one app store.

In this chapter, we study the users’ overall impression of cross-platform native

apps using two snapshots of star ratings and user reviews. The snapshots are collected

almost one year apart. We analyze 34,258 star ratings collected for 19 cross-platform

native apps and discover that at least 68% of the cross-platform native apps receive

different distributions of star ratings across platforms. By manually examining 9,902 1

& 2-star reviews, we tag user reviews in 12 complaint types and analyze the frequency

as well as the negative impact of such complaints on star ratings of complaint types.

The most important findings of our work are:

1. In order to understand how users rate the quality of a cross-platform native app,

it does not suffice to only analyze the received star ratings that are received

across all supported platforms.

2. At least 68% of the cross-platform native apps in our study do not receive the

same distribution of star ratings on Android and iOS.

3. Users have different complaints for the iOS and Android version of the same

cross-platform native app, even though that app may have received similar star

ratings on both platforms.

4. For the same app, users on two platforms judge the severity of issues differently.

Our findings show that cross-platform native apps are far from achieving consis-

tent star ratings and user reviews across platforms. Consistency in star ratings and

user reviews is far more complex than delivering the same high quality top apps. To

increase revenue, developers are encouraged to focus on improving consistency in star
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ratings and user reviews of their cross-platform native apps. In addition, developers

must be aware that users of different platforms have different priorities and expecta-

tions. Hence, the main implication of our results is that while developers are treating

cross-platform native apps as separate projects already in many cases, as shown in

Joorabchi’s study [18], they should consider adjusting development priorities and re-

quirements to the differing desires of the users of each platform for which their app

is available.
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Chapter 4

Study II: Studying the Consistency

of Star Ratings, Reviews and

Releases of Top Free

Cross-Platform Android and iOS

Hybrid Apps

In this chapter, we study the behavior consistency as reflected in star ratings, user

reviews and releases of cross-platform hybrid apps. We identify 24 hybrid apps in

Android and iOS apps. First, we find whether or not the star ratings of hybrid apps

are consistent across platforms. Next, we use Twitter-LDA to check the consistency

of star ratings of users who raise the same issues in their reviews. Third, we manually

match the releases of cross-platform hybrid apps and we find the consistency in releases
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is lacking. Developers should not solely rely on hybrid development frameworks to

achieve the consistency in the star ratings, reviews given by their users.
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4.1 Introduction

Developers build native cross-platform mobile apps or use hybrid development frame-

works to build cross platform apps. To increase revenue, mobile app developers make

their apps available on as many platforms as possible. Since creating cross-platform

apps using native development frameworks requires a deep understanding of differ-

ent programming languages and frameworks, hybrid development frameworks are

becoming popular among developers. Apps that are created using hybrid develop-

ment frameworks are a subset of cross-platform apps and are commonly referred to

as cross-platform hybrid apps. In 2014, approximately 5% of the apps in the Google

Play Store were cross-platform hybrid apps [50].

Developers use hybrid development frameworks to save on development costs. A

small to medium-sized cross-platform development project costs $35,000 to $70,000

using native development kits, but only $20,000 to $40,000 using hybrid develop-

ment frameworks [49]. Also, in contrast to developing apps using native development

frameworks, hybrid development frameworks allow developers to work on a single

codebase, from which corresponding apps on multiple platforms are generated. Typ-

ically, cross-platform hybrid apps are wrapped inside a container, i.e., a component

that allows web browsing, which is provided by the hybrid development frameworks

on supported platforms [46].

Maintaining a consistent user experience is one of the most valued tasks for cross-

platform developers. As shown in Joorabchi et al.’s study [18], developers try to make

their apps look and behave similarly across the platform the apps are available on.

Whether developers succeed in delivering a consistent look and behavior, is partially

reflected from the star ratings and user reviews of the apps. The developers’ efforts in
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ensuring such consistency can also be shown in the release information of their apps.

Release consistency is important because users of different platforms have the same

updates at the same time. In the case of cross-platform hybrid apps, part of the effort

of ensuring the consistency of the apps is done by the development frameworks. Thus,

the selection of development frameworks, either native or hybrid, could potentially

influence the consistency of star ratings, user reviews and releases of an app.

In the previous chapter, we showed that cross-platform apps that are developed

using native frameworks achieve a low consistency of star ratings and user reviews.

Little is known about the influence of hybrid development frameworks on the consis-

tency of star ratings, user reviews and releases. In this chapter, we explore in depth

the consistency of the star ratings, user reviews and releases of 24 cross-platform hy-

brid apps, which were identified from a set of 11,500 popular apps, on Android and

iOS. In particular, we address the following research questions:

RQ1 How consistent do users rate cross-platform hybrid apps?

13 out of 24 cross-platform hybrid apps receive an inconsistent distribution of

star ratings across both studied platforms. For 12 of these apps, the effect

size of the difference on the two studied platforms ranges between small and

large. Compared to the previous chapter on cross-platform native apps in top

50 charts, the studied cross-platform hybrid apps have more consistent overall

star ratings across platforms.

RQ2 How consistent do users, who raise the same issues in their reviews,

rate a cross-platform hybrid app across platforms?

We use Twitter-LDA to extract the issues (topics) that are raised in user re-

views. For the same raised topic in a review, star ratings can be four times
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Figure 4.1: Overview of the empirical study design.

as high on one of the platforms. More than twice of the review topics receive

higher average star ratings in Android. Similar to the findings in the previous

chapter, we find that users show a strong preference for cross-platform hybrid

apps on certain platforms. Developers can analyze the differences in user rat-

ings for reviews in which the same issues are raised, to better understand the

priorities of users across platforms.

RQ3 How consistent are the releases across platforms?

Release consistency refers to users on different platforms receiving the same

updates at the same time. We find that only two of the studied apps release

consistently across Android and iOS. Three times as many cross-platform hy-

brid apps release more frequently in iOS than in Android. Hybrid development

frameworks are of little assistance to developers who wish to maintain a con-

sistent release schedule across platforms.
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4.2 Empirical Study Design

In this section, we describe the design of our empirical study of star ratings, user

reviews and releases of cross-platform hybrid apps. Figure 4.1 gives an overview of

the steps of our study. In the remainder of this section, we describe our data collection

process in more detail.

4.2.1 Identifying Cross-Platform Hybrid Apps

We focus on apps from the Google Play Store and App Store due to their dominant

market share [43]. In particular, we focus on popular apps in the U.S. version of

the stores as these are the most likely to receive a large number of star ratings and

reviews. AppAnnie [3] tracks the top apps for both app stores. We collect all top

500 free apps for every category in the Google Play Store and App Store. We use

free apps instead of paid apps due to the fact that free apps account for more than

90% of the total app downloads [39]. In addition, when studying free apps, it is

not necessary to account for differences in app prices across platforms, which may

influence expectations and opinions of users. Compared to the previous chapter in

which the studied cross-platform native apps are collected from top 50 free apps, the

studied cross-platform hybrid apps in this chapter are collected from top 500 free

apps of different categories. We expanded our selection to ensure that we get a large

number of cross-platform hybrid apps.

Since cross-platform hybrid apps are a subset of cross-platform apps, we divide

the identification of cross-platform hybrid apps into two steps: (1) identifying cross-

platform apps, and (2) identifying cross-platform hybrid apps from the set of cross-

platform apps.
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Step 1: Identifying cross-platform hybrid apps using string matching. App

developers do not always use identical names for the same app on different platforms.

For example, Skype is a popular app for communication which exists in both app

stores. In the App Store, the full name of Skype is Skype for iPhone while in the

Google Play Store, the full name is Skype - free IM & video calls. Since there are more

than 20 categories in the Google Play Store and App Store, manually identifying cross-

platform apps is time-consuming and impractical. To identify cross-platform apps, we

first use a script to identify apps with the exact same name across both platforms. We

then extract cross-platform apps using a combination of string matching and manual

inspection. We use the following two heuristics:

(H1) We check if the app name and developer name match exactly across both stores.

(H2) (a) For all apps that do not match H1, we check for apps that have at least

one common word in the app name. We exclude common words that are

frequently used by app developers such as “the”. Among these apps that

have one word in common, we check if the text similarity of the author

names is at least 80% using the difflib library1 in Python.

(b) Once we obtain a set of potential cross-platform apps in step (a), we man-

ually examine the app name and the author name to make a decision on

whether the app is cross-platform by visiting the official page of the app

on both app stores.

Step 2: Identifying cross-platform hybrid apps from the identified cross-

platform apps. To identify cross-platform hybrid apps, we collect the APK files from

1https://docs.python.org/2/library/difflib.html
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the Google Play Store for the identified cross-platform apps. The APKs are collected

from a dataset which crawls the most popular 11,500 Android apps from the Google

Store in 2013. Developers usually do not publish what development frameworks were

used to build an app. Hence, we assume that if an app exists in both app stores and

its Android version is developed using a hybrid development framework, it is likely

that its iOS counterpart is also developed by the same framework, and we consider

this app a cross-platform hybrid app. Typically, after decompilation, the source files

of a cross-platform hybrid app are stored in a folder named “www” in the “assets”

folder. The source files of the cross-platform hybrid apps are HTML, Javascript, or

CSS files. We consider an app hybrid if we can find HTML or Javascript files in

the “www” folder of the Android version of the app. To validate whether the apps

that are cross-platform hybrid apps in 2013 are still hybrid in 2016, we collect and

examine the identified cross-platform hybrid apps using APKs collected in November,

2016. As a final sanity check of our process, we manually downloaded and installed

the identified cross-platform hybrid apps on an Android and an iOS device, to make

sure that they are cross-platform hybrid apps.

Using A Public Dataset of cross-platform hybrid apps

Recently, a public dataset of cross-platform hybrid apps [2] was published. We do

not use this dataset because of two reasons: (1) cross-platform hybrid apps in this

public dataset are collected in 2014 but not verified using the latest APKs, and

(2) the majority of the cross-platform hybrid apps are non-popular “zombie apps”.

For example, the median number of downloads is 100 for the apps in this public

dataset and the median number of ratings is 4, whereas for our studied apps, the
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median number of installs is 100,000 and the median number of ratings is 2,466.

The number of installs and the number of ratings are collected from the Google

Play store [11]. In addition, it is very difficult to devise an accurate automated

identification approach for cross-platform hybrid apps. For example, the automated

approach presented by Ali and Mesbah [2] identifies cross-platform hybrid apps that

are developed with PhoneGap using the class name “org.apache.cordova”. PhoneGap

is only one of the development frameworks that are based on Apache Cordova. For

example, Intel XDK [32] is also built upon Apache Cordova. Therefore, using the class

name “org.apache.cordova” to identify cross-platform hybrid apps that are developed

with PhoneGap would end up missing such apps.

4.2.2 Collecting Star Ratings, Reviews and Releases

After we identify 28 cross-platform hybrid apps, we collect their star ratings, user

reviews, and release information for them. Neither the App Store nor the Google

Play Store provide public APIs to collect the entire set of reviews for apps. However,

given an app ID, such as 284882215 for the Facebook app, Apple offers a public RSS

(Rich Site Summary) feed that allows us to collect the 500 most recent star ratings

and reviews for the app [4]. We use a crawler for the Google Play Store [1] to collect

the star ratings and reviews of Android apps. The 500 most recent star ratings and

reviews provide only a momentary snapshot of the app. Martin et al. [29] warned

about using reviews that are collected during a short time frame for review analysis

when doing long-term research studies. However, this is precisely what a developers

will use when analyzing the star ratings and user reviews of an app, as old reviews

may not reflect those of the latest version of their app. The collected reviews in our
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study are collected from Feb 14, 2016 to Feb 20, 2016 across both stores.

We exclude 4 cross-platform hybrid apps from the 28 identified cross-platform hy-

brid apps because the number of collected reviews is smaller than 50 in either Android

or iOS platform. A small number of star ratings and reviews may introduce bias in

the analysis of star ratings and reviews. The excluded cross-platform hybrid apps are:

ACP Clinical Guidelines, Trucker App & GPS, BCBSTX and ADT Pulse. Thus, 24

cross-platform hybrid apps remain as the main subjects of our study. Table 4.1 shows

the number of collected reviews for the 24 studied cross-platform hybrid apps. The

median number of collected reviews for a cross-platform hybrid app is 500 for the

Android version of the app and 340 for the iOS version of the app.

The release information of cross-platform hybrid apps, namely the release versions

and release notes, are collected from AppAnnie. AppAnnie provides release versions

and release dates from as early as 2008. We collect all available release information

of all studied 24 cross-platform hybrid apps.

4.3 Empirical Study Results

In this section, we present the results of our empirical study. In each section we

discuss the motivation, approach and results for a research question.

4.3.1 How Consistent Do Users Rate Cross-Platform Hybrid

Apps?

Motivation: Star ratings capture user’s overall impression of an app and its provided

user experience. A 2015 survey shows that 69% of the app users consider app rating
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Table 4.1: The number of collected reviews for the 24 studied cross-platform hybrid
apps.

App Name # of Collected Reviews Total
Android iOS

ACTPhoto 425 202 627
America First Mobile Banking 500 349 849
BCBSIL 105 53 158
Bethpage Mobile Banking 214 109 323
Big Fish Casino - Free SLOTS 500 500 1,000
CouponCabin - Coupons & Deals 291 215 506
Fertility Friend Tracker 500 500 1,000
Golden 1 Mobile 500 336 836
Hertz RentACar 500 500 1,000
Homes.com For Sale, Rent 500 500 1,000
Kronos Mobile 500 185 685
Linksys Smart Wi-Fi 500 443 943
Photo Translator Free 500 500 1,000
RE/MAX Real Estate Search 500 282 782
Recipes by Ingredients 500 103 603
Red Robin Customizer 478 314 792
SchoolsFirst FCU Mobile 500 425 925
Shoeboxed Receipt Tracker 106 500 606
Singletracks Lite: MTB Trails 126 92 218
The Betty Crocker Cookbook 498 500 998
Voya Retire 197 112 309
WNYC 392 317 709
WRAL News App 500 500 1,000

Median value across all apps 500 340 814

an important or very important factor when they decide whether to download the app

or not [41]. In addition, 77% of the app users will not download an app that is lower

than 3-stars. Since a larger number of app downloads usually generates more revenue

for free apps (through the servicing of advertisements within the app), developers

of cross-platform hybrid apps can benefit from a high star ratings of their apps on
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all platforms. In this study, we are interested in whether cross-platform hybrid apps

on different platforms receive consistent star ratings. For a cross-platform hybrid

app, we analyze the consistency of the two distributions of star ratings across the

two studied platforms. Inconsistent distributions of star ratings indicate difference in

user’s overall impression of the app. As Joorabchi et al. point out in their survey [18],

achieving consistency in software quality is one important task for app developers.

Consequently, consistency in software quality positively aligns with consistency in

users’ overall impression of the app. Additionally, having a bad app on one platform

can discourage users of other platforms to not download the app, for example, through

negative word of mouth advertising. Therefore, developers of cross-platform hybrid

apps that have inconsistent star ratings across platforms need to consult user reviews

to better understand the differences in users’ overall impression across platforms.

Approach: We intend to analyze the star ratings at both the platform level and

the app level. In particular, we first analyze the distribution of all collected star

ratings at the platform level. We then analyze the distribution of all star ratings at

the app level. We are interested in the consistency of the distribution of the star

rating at both levels.

We compare the distribution of the star ratings for both versions of a cross-

platform hybrid app by using the average star rating, the skewness and the kur-

tosis [17] of both distributions. A small number of reviews of an app could bias the

results of the study. Therefore, apps that have less than 50 reviews are excluded.

We first calculate the average star rating for each studied cross-platform hybrid

app across both studied platforms. We use the Mann-Whitney U test [28] to test

the significance level of the difference of means between the two distributions since
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Table 4.2: Statistics of the star ratings of cross-platform hybrid apps (500 reviews for
each studied cross-platform hybrid app on each platform)

App
Name

App
Type

Average Rating
M.W.2

Effect3

Android iOS Ratio1 Size

ACTPhoto Education 1.7 2.2 0.8 Y N
America First Mobile Banking Finance 3.3 2.5 1.3 Y S
BCBSIL Health & Fitness 1.9 1.8 1.0 N N
Bethpage Mobile Banking Finance 2.7 2.7 1.0 N N
Big Fish Casino - Free SLOTS Games 4.5 4.3 1.0 N N
CouponCabin - Coupons & Deals Shopping 2.8 4.2 0.7 Y M
Fertility Friend Tracker Health & Fitness 4.8 4.7 1.0 N N
First Niagara Mobile Banking Finance 2.5 2.1 1.2 Y S
Golden 1 Mobile Finance 2.8 2.3 1.2 Y S
Hertz RentACar Travel 2.8 4.1 0.7 Y M
Homes.com For Sale, Rent Lifestyle 3.2 3.3 1.0 N N
Kronos Mobile Business 1.7 2.0 0.8 N N
Linksys Smart Wi-Fi Utilities 2.6 2.1 1.2 Y S
Photo Translator Free Travel 3.9 2.8 1.4 Y M
RE/MAX Real Estate Search Lifestyle 2.7 2.9 0.9 N N
Recipes by Ingredients Food & Drink 3.1 3.4 0.9 N N
Red Robin Customizer Lifestyle 1.6 1.7 0.9 N N
SchoolsFirst FCU Mobile Finance 3.2 2.7 1.2 Y S
Shoeboxed Receipt Tracker Business 2.0 4.3 0.5 Y L
Singletracks Lite: MTB Trails Sports 2.7 3.5 0.8 Y S
The Betty Crocker Cookbook Food & Drink 3.5 2.9 1.2 Y S
Voya Retire Finance 2.3 2.1 1.1 N N
WNYC News 2.4 2.3 1.1 N N
WRAL News App News 4.3 2.7 1.6 Y L

Values across all apps 3.0 3.1 1.0 Y N

1Ratios in this and following tables are calculated by Android / iOS.
2Mann-Whitney’s U test: Y: p-value smaller than 0.001. N: otherwise
3Effect size: N: negligible, S: small, M: medium, L: large

that test does not require a normal distribution. We use the Bonferroni correction to

adjust the default significance level of the Mann-Whitney U test, which is α = 0.05.

Specifically, to decide whether the star ratings for the iOS and Android-version of the

same app differ significantly, we perform a Mann-Whitney U test with the significance

level α = 0.001 (0.05/24) since we study 24 apps in this chapter.

In order to quantify the difference in star ratings, we calculate Cliff’s delta (d) [26]
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effect size on the its two distributions of star ratings in Android and iOS. The range

of Cliff’s delta d is [-1, 1]. The absolute value of the Cliff’s delta d is used to quantify

the differences in two distributions. In particular, we use the following thresholds for

interpreting d [45]:

Effect size =



negligible(N), if |d| ≤ 0.147.

small(S), if 0.147 < |d| ≤ 0.33.

medium(M), if 0.33 < |d| ≤ 0.474.

large(L), if 0.474 < |d| ≤ 1.

Consistent distributions of star ratings across platforms will have a p-value that

is larger than 0.001 in the Mann-Whitney U test, which suggests that both Android

users and iOS users rate the app similarly. On the other hand, inconsistent distribu-

tions of star ratings across platforms will have a p-value that is smaller than 0.001

in the Mann-Whitney U test. The effect size (negligible, small, medium or large)

quantifies the difference between the distributions.

We calculate the skewness and kurtosis for both studied versions of each stud-

ied cross-platform hybrid app. The skewness of a distribution captures the level of

symmetry in terms of mean and median, i.e., the skewness of the distribution of star

ratings represents how positive or negative users feel about that version of the app. A

negative skew means that users feel negative (i.e., more lower star ratings) about the

app, while a positive skew means that users feel positive (i.e., more higher ratings).

While there is no official threshold for skewness, a skew smaller than -1 or larger than

1 means that the skew is substantial [12].

Kurtosis explains the peakedness of a distribution. The Gaussian distribution has
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Table 4.3: Skewness and kurtosis ratio for the distribution of star ratings of the stud-
ied cross-platform hybrid apps

App Name Skewness Kurtosis
Android iOS Ratio1 Android iOS Ratio

ACTPhoto 1.7 0.8 2.0 1.2 -1.2 -1.0
America First Mobile Banking -0.4 0.5 -0.7 -1.6 -1.3 1.2
BCBSIL 1.3 1.4 0.9 0.3 0.8 0.4
Bethpage Mobile Banking 0.3 0.3 1.0 -1.5 -1.3 1.2
Big Fish Casino - Free SLOTS -2.5 -1.9 1.3 5.9 2.4 2.5
CouponCabin - Coupons & Deals 0.2 -1.6 -0.1 -1.8 0.8 -2.1
Fertility Friend Tracker -3.5 -3.5 1.0 11.8 12.7 0.9
First Niagara Mobile Banking 0.6 0.9 0.6 -1.2 -0.7 1.8
Golden 1 Mobile 0.2 0.7 0.2 -1.6 -1.0 1.7
Hertz RentACar 0.1 -1.4 -0.0 -1.8 0.6 -3.0
Homes.com For Sale, Rent -0.2 -0.4 0.5 -1.6 -1.6 1.1
Kronos Mobile 1.8 1.1 1.6 2.0 -0.3 -7.2
Linksys Smart Wi-Fi 0.4 0.9 0.4 -1.5 -0.8 1.9
Photo Translator Free -1.0 0.2 -5.2 0.3 -1.6 -0.2
RE/MAX Real Estate Search 0.3 0.1 2.6 -1.5 -1.8 0.8
Recipes by Ingredients -0.1 -0.5 0.3 -1.9 -1.3 1.5
Red Robin Customizer 2.0 1.6 1.2 2.4 0.9 2.7
SchoolsFirst FCU Mobile -0.2 0.2 -1.1 -1.6 -1.6 1.0
Shoeboxed Receipt Tracker 1.2 -1.6 -0.7 -0.2 2.1 -0.1
Singletracks Lite: MTB Trails 0.3 -0.5 -0.6 -1.5 -1.3 1.2
The Betty Crocker Cookbook -0.4 0.1 -4.5 -1.5 -1.5 1.0
Voya Retire 0.8 1.0 0.8 -1.1 -0.9 1.2
WNYC 0.8 0.8 0.9 -0.7 -0.7 1.0
WRAL News App -1.6 0.3 -5.2 1.1 -1.5 -0.8
1Ratios in this and following tables are calculated by Android / iOS.

a kurtosis of 3. A kurtosis higher than 3 means that the distribution has a higher

peak than the Gaussian distribution, while a kurtosis lower than 3 means that the

distribution is flatter. A high kurtosis means that users have a relatively strong

consensus on the average star rating of the app, while a low kurtosis means that

there is no clear consensus (i.e, agreement) between the users. Table 4.3 shows the

skewness and kurtosis for ratings of the studied cross-platform hybrid apps.
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Ideally, the ratings of an app have a high skew (i.e., users are positive) and high

kurtosis (i.e., users give similar ratings to the app). A low kurtosis indicates that

users feel very differently about the app, leaving room for possible improvements to

make all users enjoy the app. Hence, developers can study the kurtosis of the ratings

of their apps to identify possible improvements.

Results: 13 out of 24 (54%) cross-platform hybrid apps have a signif-

icantly different distribution of star-ratings. For 12 out of these 13 (92%)

cross-platform hybrid apps, the effect size of the difference ranges from small to large,

as shown in Table 4.2, indicating that for these 12 apps the difference will be no-

ticeable. More than half of the studied cross-platform hybrid apps have at least a

small effect size, which shows that, even though hybrid development frameworks ad-

vertise their “single codebase” selling point, apps built using these frameworks lack

consistency in how users rate them. However, compared to the previous chapter,

cross-platform hybrid apps get more consistent star ratings from users of Android

and iOS. In our previous study, we find 14 out of 19 (74%) apps whose star rating

distributions are statistically different, but the percentage drops to 54% when the

study subjects change from cross-platform apps to cross-platform hybrid apps. This

suggests that when compared to apps that are developed natively, it is more likely

for cross-platform hybrid apps to achieve a better consistency in the distribution of

star ratings, but the current level of consistency in star ratings is still too low.

The difference in the average of star ratings across platforms can be

as large as two stars. We observe that the app “Shoeboxed Receipt Tracker”

receives an average rating of 2.0 in Android and 4.3 in iOS, the largest difference in

the averages of star ratings in our study. Accordingly, the skewness of this app in
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iOS indicates a strong right skew, while in Android, the skewness shows a strong left

skew. The skewness of star ratings of the app “Shoeboxed Receipt Tracker” indicate

that iOS users rate the users’ overall impression high while Android users are not

satisfied about the users’ overall impression of the app. In the results of RQ2, we

follow up and analyze user reviews for that particular app to better understand the

large difference in star ratings.

6 out of 24 (25%) studied cross-platform hybrid apps are finance apps

and all of their average star ratings are the same or higher in Android.

Finance apps are the most occurring type of app in our study. Our explanation is

that developers prefer a cross-platform hybrid approach for their finance apps mainly

because such apps are primarily an interface to a web service and already have a

website. Hence, the transition to a web-based cross-platform hybrid app is easy. We

find that all 6 identified finance apps are backed by a website with a “log in” feature,

which indicates that users have access to functionality that help them to manage

their accounts after logging in. The popularity of building finance apps using hybrid

development frameworks suggests that if developers wish to build cross-platform apps

for their existing website, building a cross-platform hybrid app can be a viable option.

However, as the median of the average ratings of finance apps is 2.8 in Android and

2.4 in iOS, building a cross-platform hybrid app does not necessarily mean that its

users consider the app of high quality.

14 cross-platform hybrid apps have higher average star ratings in Android and 10

of the remaining cross-platform hybrid apps have higher or equal average star ratings

in iOS. Without considering categories of the apps, these two numbers do not reveal

an interesting story. We find that the average star ratings for 5 finance apps are
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higher in Android and the average star rating of 1 finance app is the same across

both Android and iOS. As mentioned above, finance apps are most likely an interface

to existing websites, such as a portal that simply directs users to the login page of the

websites. Thus, the features of such “portal apps” are equivalent on both Android

and iOS. One possible explanation for this observation is that Android users are more

generous in giving star ratings than iOS users.

Hybrid development frameworks do not guarantee consistency in star ratings

across platforms. However, hybrid cross-platform apps show higher consis-

tency in star ratings compared to native cross-platform apps.

4.3.2 How Consistent Do Users, Who Raise the Same Issues

in Their Reviews, Rate a Cross-Platform Hybrid App

across Platforms?

Motivation: Knowing the popular topics in user reviews helps developers understand

better what users care about. As discussed earlier, the star ratings play an important

role in attracting potential users. Hence, we pay particular attention to topics that

have an extreme (i.e., large and small) inconsistency in star ratings. For developers,

knowing the topics that result in large inconsistency in star ratings could help them to

identify important tasks related to the topics, and hence, prioritize their development

efforts. Different from the first RQ in which we study the star ratings of cross-platform

hybrid apps that share the same codebase, we focus on whether such cross-platform

hybrid apps can achieve consistency across particular topics that are raised in user

reviews across platforms in this RQ.
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Approach: To find out what users discuss on cross-platform hybrid apps, we use

Twitter-LDA [52] to extract discussion topics from all 1 to 5-star reviews for the 24

identified cross-platform cross-platform hybrid apps. Twitter-LDA has been widely

used for topic modeling purposes in microblogs, such as Twitter. Compared to the

original LDA by Blei [6], Twitter-LDA is able to identify more meaningful topics in

short documents, such as tweets. In Twitter, each tweet can have a maximum of 140

characters. We find that on average, a review from an iOS user has 170 characters,

and a review from an Android user has 96 characters. The number of characters

of reviews from Android and iOS users suggests that using Twitter-LDA will yield

better results than the original LDA. As shown in Table 4.1, the combined median

number of reviews for a cross-platform hybrid app is 814.

Since Twitter-LDA is an unsupervised learning algorithm, it is difficult to analyze

and compare topics that are returned by different runs of Twitter-LDA. Combining

user reviews of an app from the two studied platforms makes the comparison possible,

as one common set of topics will be extracted from the reviews of the app on both

platforms. Hence, we combine the user reviews of each cross-platform hybrid app

and run Twitter-LDA at the app level. For example, we run Twitter-LDA on the

combined set of user reviews from Android and iOS for the app “Discover Mobile”.

Twitter-LDA requires users to input the number of topics and we set the number of

topics to be 10. Hence, we run Twitter-LDA 24 times in total with the number of

topics set to 10 for each of the 24 runs.

In order to ensure the meaningfulness of the results of the Twitter-LDA runs, we

preprocess the user reviews through the following steps:

1. Change all words to lower case (e.g. App to app)
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Figure 4.2: Distribution of ratios of the average star ratings for Twitter-LDA topics

2. Remove punctuation

3. Remove English stop words (e.g. the)

4. Stem user reviews using the Porter stemmer [40] from the Python NLTK library

(e.g. meeting to meet)

Each user review will be assigned one topic. For user reviews that are assigned

the same topic by Twitter-LDA, we examine the differences in star ratings across

Android and iOS. We are interested in the topics that have large differences in terms

of average star ratings across platforms.

Results: For the same raised topic in a review of a cross-platform hybrid
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app, star ratings from Android and iOS may differ up to four times. Ta-

ble 4.4 shows the ten topics that have the largest difference in average ratings across

two versions of an app. The ratio in Table 4.4 is calculated as the average star rat-

ing in Android divided by that of iOS. The largest ratio in Table 4.4 is 4.71 for the

app Shoeboxed Receipt Tracker, which indicates that iOS users give an average star

rating that is 4 times higher than Android users. We notice that the Shoeboxed

Receipt Tracker app has four topics whose star ratings in user reviews differ greatly.

Table 4.4 shows that the Shoeboxed Receipt Tracker app has four topics in the top

ten topics that have the largest difference in average ratings. For all the four topics of

the Shoeboxed Receipt Tracker app, the average star ratings are higher in iOS. The

number of reviews of the four topics varies. For the topic that results in the largest

ratio of average star ratings, the number of reviews of this topic is one in Android

and 62 in iOS. For the other three topics, the difference in the number of reviews that

are assigned to the three topics is smaller. The above observations further suggest

that the inconsistency in user reviews of the app Shoeboxed Receipt Tracker is severe

and thus developers of Shoeboxed Receipt Tracker should spend time to address the

inconsistency in user reviews.

We read the reviews of the topics for the app Shoeboxed Receipt Tracker and we

find that the iOS version of the app may have better users’ overall impression than its

Android counterpart. For example, as shown in Table 4.4, top keywords of the topic

of Shoeboxed Receipt Tracker that ranks the third include “reimburse”, “feature”,

“google”, “concept”, “give” and “password”. The keywords of this topic suggest

that reviews that are assigned to this topic are related to the log-in feature or app

credentials. We manually examine the reviews of this app that are assigned to this
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topic and we find that Android users are having problems logging into the app while

iOS users do not have this problem. We studied reviews of other cross-platform hybrid

apps, but we were not able to find other references to login issues. Hence, the issue is

specific to the Shoeboxed Receipt Tracker app on Android. An Android user gives a

1-star rating and complains that “very frustrating it won’t give option to log in with

Google plus like it did on desktop.” Another Android user complains that “Despite

all the bad reviews I thought I’d give this a try. When I tried to create an account it

failed, I tried it twice and it failed both times” On the other hand, an iOS user gives a

5-star rating and states that “Just getting started but looks great. I have just logged in

my first three receipts.” Similarly, we find that for reviews related to the fifth topic in

Table 4.4, Android users are having problems uploading the receipts while iOS users

do not have this problem. For example, an Android user complains that “I relied on

it for a business trip recently and it failed to upload 90% of the receipts I wanted to

save for reimbursement.” while an iOS user states that “Love this app, I just wish it

didn’t take so long for the receipt to be uploaded into the system.”

Understanding the cause of the above observation of the Shoeboxed Receipt

Tracker app is difficult as the iOS version of the app could be intrinsically better

than its Android counterpart (for example, because of iOS-specific features that were

added over time). Equally possibly, the Android operating system may need to better

accommodate older apps on newer Android phones. For example, the issue about the

inability to upload receipts could be a bug in the Android operating system. We

examined the release notes of the Shoeboxed Receipt Tracker app and found that the

upload issue only exists in Android. For example, a release note from July 26, 2016

includes “- Fixed crashes around uploads - Stability improvements”. We could not
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find similar release notes for the iOS platform. Developers of the Shoeboxed Receipt

Tracker app should work on solving the inconsistency in user reviews. More impor-

tantly, we find that even for cross-platform hybrid apps that are created using one

codebase, the inconsistency in user reviews exists and can be staggering, as shown in

the case of the Shoeboxed Receipt Tracker app.

More than double of the Twitter-LDA topics receive higher average

star ratings in Android than in iOS. In total, Twitter-LDA identifies 240 topics

for reviews of the 24 studied cross-platform hybrid apps. For each Twitter-LDA topic,

we calculate the ratio of average star ratings using the average star rating of reviews

in Android divided by that in iOS. Figure 4.2 shows the number of Twitter-LDA

topics and their ratios of average star ratings. We consider the ratio of average star

ratings of a topic:

1. Favors Android, if the ratio is higher than 1.1.

2. Equivalent, if the ratio is higher than 0.9 and lower than 1.1.

3. Favors iOS, if the ratio is lower than 0.9.

We find that for 99 Twitter-LDA topics, the average star ratings of the reviews

under these topics are more than 10% higher in Android. In contrast, for 56 Twitter-

LDA topics, the average star ratings of the reviews under these topics are more than

10% in iOS. 85 Twitter-LDA topics receive equivalent average star ratings across

platforms. The fact that 77% more Twitter-LDA topics receive higher average star

ratings in Android reviews may suggest that Android users could be more gener-

ous in giving high star ratings. Other possible explanations are better support of

a platform for cross-platform hybrid apps, or different expectations of users across
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platforms. More importantly, less than half of the Twitter-LDA topics receiving

equivalent average star ratings across platforms suggests that apps created by hybrid

development frameworks do not receive consistent star ratings even for the same top-

ics users are discussing. However, as argued previously, it is difficult to understand

the root cause of the above observation. Therefore, developers should not solely rely

on hybrid development frameworks as a method to ensure consistency in user reviews.

Hybrid development frameworks do not guarantee consistency in user reviews

across platforms.

4.3.3 How Consistent are the Releases Across Platforms?

Motivation: Providing the same release to users on different platforms is part of

the overall user experience. From a developer perspective, cross-platform hybrid

apps have the same code base, which indicates that developers have little reason to

have different releases across platforms. In addition, developers want to provide a

consistent user experience to users from different platforms, as shown in Joorabchi et

al.’s survey of mobile app developers [18]. Nevertheless, no prior study has focused on

the release consistency of cross-platform hybrid apps. Therefore, we study whether

cross-platform hybrid apps have consistent releases across platforms in this RQ.

Approach: The releases of cross-platform hybrid apps are collected from AppAnnie

and we collect all releases since May 2015 for our studied cross-platform hybrid apps.

In order to connect the releases in Android with releases in iOS, we manually compare

the version numbers and release notes and identify matching releases. There are two

types of matching releases:
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Table 4.5: Example of exactly matching release notes from the Big Fish Casino - Free
SLOTS app.

Android release note iOS release note

• Introducing a brand new
slot machine: Treasures of
the Tomb!

• Choose your path to dis-
cover BIG WINS in Egypt!

• Hit SCATTERS to win free
chips and free spins!PLUS!

• Bug fixes and performance
improvements

• Introducing a brand new
slot machine: Treasures of
the Tomb!

• Choose your path to dis-
cover BIG WINS in Egypt!

• Hit SCATTERS to win free
chips and free spins!PLUS!

• Bug fixes and performance
improvements

1. Exact match, if the release notes are identical across platforms

2. Partial match, if the release notes are similar across platforms

Table 4.5 and 4.6 show examples of exactly and partially matching release notes.

Due to the variation in the version numbers and release notes, we identify matching

releases manually in an effort to achieve better accuracy. There are two main reasons

for matching releases manually.

1. Developers tend to use templates when writing the release notes,

and such templates vary from app to app. For example, several release

notes of the app Marriott International contain the following text: “Thank you

for choosing the Marriott Mobile App!” An automated approach would match

such releases because of the above text, but such irrelevant text should not be

considered during the matching.
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2. Developers may alter the semantics in writing release notes, which

makes matching releases more difficult. For example, the release note

of one version of the app BCBSIL in Android is “Now available in Spanish.

Ability to send ID card”, while on iOS, the release note is “Added Spanish

language capabilities. Ability to email your ID”. Both releases were published

on Dec 23, 2015 and have version number 2.6, suggesting that the two releases

are matching. However, an automated approach may not be accurate enough

to identify those two releases as matching.

In order to understand the inconsistency in two releases being a partial match

instead of an exact match, we manually analyze the release notes across the platforms

and categorize the differences as follows:

1. Android-specific features, if one or more features are mentioned only in the

release note of Android

2. Android-specific issues, if one or more issues are mentioned only in the release

note in Android

3. iOS-specific features, if one or more features are mentioned only in the release

note of iOS

4. iOS-specific issues, if one or more issues are mentioned only in the release note

of iOS

For example, the two release notes that are shown in Table 4.6 partially match

because the Android release addresses Android-specific issues (i.e., “Fixes for Android

5 Lollipop”). Two partially-matched releases can be classified into multiple categories.
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Table 4.6: Example of partially matching release notes from the Linksys Smart Wi-Fi
app. The differences between the release notes are highlighted in bold.

Android release note iOS release note

• Ability to set up your router
via the mobile app

• Device List fixes and im-
provements to correctly dis-
play more devices

• Upgrading internal libraries
to improve performance and
security

• Support for additional
router models

• Fixes for Android 5 Lol-
lipop

• Improvements for login is-
sues and 3G/4G connec-
tions

• Numerous other bug fixes

• Ability to set up your router
via the mobile app

• Device List fixes and im-
provements to correctly dis-
play more devices

• Upgrading internal libraries
to improve performance and
security

• Support for additional
router models

• Improvements for login is-
sues and 3G/4G connec-
tions

• Numerous other bug fixes

For example, if the Android release note describes Android-specific features and the

iOS release note describes iOS-specific features, the two partially-matched releases

are categorized into (1) Android-specific features and (2) iOS-specific features.

The thesis and a postdoctoral fellow of this study independently matched the

releases and a cross validation is performed on the resulting matching. Four differences

in the matching of the two coders (i.e., the thesis author and the postdoctoral fellow)

are discovered and discussed. The differences are mainly caused by platform-specific

information in the release notes. For example, we find two releases of the Linksys
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Table 4.7: Results of release-matching for the 24 studied cross-platform hybrid apps

App Name # of Releases Ratio1 # of Exact # of Partial
Android iOS Releases Releases

ACTPhoto 0 0 - 0 0
America First Mobile Banking 2 2 - 0 0
BCBSIL 6 7 0.86 5 1
Bethpage Mobile Banking 3 1 3.00 0 1
Big Fish Casino - Free SLOTS 3 10 0.30 1 0
CouponCabin - Coupons & Deals 2 2 1.00 2 0
Fertility Friend Tracker 6 9 0.67 0 1
First Niagara Mobile Banking 1 2 0.50 0 1
Golden 1 Mobile 4 5 0.80 3 1
Hertz RentACar 2 5 0.40 1 0
Homes.com For Sale, Rent 17 13 1.31 10 1
Kronos Mobile 10 11 0.91 0 0
Linksys Smart Wi-Fi 4 5 0.80 2 2
Photo Translator Free 0 0 - 0 0
RE/MAX Real Estate Search 10 14 0.71 6 1
Recipes by Ingredients 0 0 - 0 0
Red Robin Customizer 1 1 1.00 0 1
SchoolsFirst FCU Mobile 7 10 0.70 2 2
Shoeboxed Receipt Tracker 1 9 0.11 0 0
Singletracks Lite: MTB Trails 1 1 1.00 1 0
The Betty Crocker Cookbook 3 3 1.00 0 2
Voya Retire 10 8 1.25 6 1
WNYC 2 6 0.33 1 0
WRAL News App 7 7 1.00 0 3

Median across all cross-platform hybrid apps 3 5 0.83 0 1
1Ratios in this and following tables are calculated by Android / iOS.

Smart Wi-Fi app almost identical with their only difference being the text “Fixes

for Android 5 Lollipop”. The author of the thesis thinks that “Fixes for Android 5

Lollipop” makes the two releases a partial match and the postdoctoral fellow thinks

the two releases are an exact match. The author of the thesis and the postdoctoral

fellow reinforce the definition of the release matching and decide that platform-specific

information should not be excluded from the comparison of releases.

Results: cross-platform hybrid apps have more Android-specific issues and

more iOS-specific features. The rightmost column of Table 4.7 shows that there
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are 18 pairs of partially matching release notes. By manually analyzing the 18 pairs

of partially matching release notes, we find that 10 of them have Android-specific

issues and 6 of them have iOS-specific issues. In contrast, we find that 3 of them have

Android-specific features and 6 of them have iOS-specific features. The inconsistency

in partially matched release notes suggests that developers spend more effort on fixing

issues in Android while introducing or modifying more features in iOS.

4 of the studied cross-platform hybrid apps release more frequently

in Android while 12 apps release more frequently in iOS. Table 4.7 shows

the number of releases across Android and iOS. We find three cross-platform hybrid

apps that do not have any releases since May 1, 2015 on either platforms. The

release ratio of these three cross-platform hybrid apps cannot be calculated. Only

seven of the studied cross-platform hybrid apps have the same number of releases.

This observation contradicts our original expectation in which we anticipate a similar

release frequency due to the “single codebase” characteristic of cross-platform hybrid

apps. The large difference in release frequency can be caused by several possible

reasons: (1) cross-platform hybrid apps may have less issues on Android so developers

do not need to update the Android versions of the app as frequently as their iOS

counterpart. (2) developers may prefer iOS over Android so they introduce more

features and updates on iOS. Understanding the difference in release frequency is

more complicated than analyzing the release notes. Developers are less likely to

publicly express their preference of platforms because they do not want to upset

users of the unpreferred platform. Also, depending on the maturity level of the

cross-platform hybrid apps on the two studied platforms, the number of issues that

developers face may also be different. Nevertheless, the fact that three times as many
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studied cross-platform hybrid apps have more releases in iOS indicates that the release

frequency is not consistent for cross-platform hybrid apps even though they share a

single codebase.

At a platform level, the median number of matching releases is small

compared to the average number of releases of the studied cross-platform

hybrid apps. Table 4.7 shows that the median number of exactly matching releases

is 0 while the median number of partially matching releases is 1. Both numbers are

small compared to the median number of releases of an app (3 in Android and 5

in iOS). This suggests that despite the fact that developers of cross-platform hybrid

apps use the same codebase for these apps, most releases in Android cannot be found

in iOS and vice versa. This indicates that the cross-platform hybrid apps have in-

consistent releases across platforms. A complete understanding of why the number

of exactly matching releases and the number of partially matching releases are much

smaller than the average number of releases of an app is difficult. Our analysis of

18 pairs of partially matched release notes shows that cross-platform hybrid apps

require different effort across platforms from developers. One possible explanation

for the differences in releases is that developers are simply updating the libraries that

are provided for a platform by the hybrid development framework. However, this

explanation is difficult to verify without access to the source code of cross-platform

hybrid apps. In addition, we looked up the keyword “library” in the release notes of

the studied cross-platform hybrid apps and we did not observe evidence in the release

notes that developers are simply updating their libraries. This shows that developers

of the studied cross-platform hybrid apps do not disclose details of implementation

such as which libraries are used in their apps. Nevertheless, the inconsistency in the
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releases of cross-platform hybrid apps exists and needs to be addressed by developers.

Hybrid development frameworks do not guarantee consistency in releases

across platforms. Developers tend to release more often on iOS.

4.4 Threats to validity

4.4.1 External validity

The findings of our RQ1 highlight the risk of analyzing the consistency in star ratings

at a platform level since it reveals limited information for developers to improve

their own cross-platform hybrid apps. Instead, developers should focus on comparing

their cross-platform hybrid apps on an app versus app basis. While our specific

findings might not generalize, our findings do highlight the existence of differences

across platforms for the same cross-platform hybrid app. However, all our proposed

techniques and our methodologies are general and can be used for any app.

4.4.2 Internal validity

The star ratings and reviews of this study is collected in a one snapshot setting. The

results of our study could be biased towards specific releases of the studied cross-

platform hybrid apps. To avoid bias, future studies should analyze another snapshot

of star ratings and reviews.

In this chapter, we configure Twitter-LDA with the same setting for all cross-

platform cross-platform hybrid apps. As mentioned earlier, we set the number of

topics to 10 and the number of iteration to 1,000. Using different number of topics
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and number of iterations may yield better results. However, there is no rule of thumb

that tells us the optimum parameters of Twitter-LDA. We observe that when setting

the number of topics to 10, the results from running Twitter-LDA on several cross-

platform cross-platform hybrid apps have better interpretability compared to other

settings such as 5 or 15. In addition, the number of reviews that are collected for

each cross-platform hybrid apps are close to 500. Therefore, it is reasonable to use

the same parameters for all executions of Twitter-LDA.

We identify cross-platform hybrid apps by a combination of string-matching heuris-

tics and the file structure of a decompiled Android APK file. Since app names, and

developer names can be different across different platforms, we have to choose a com-

bination of string-matching heuristics to reduce the number of manual inspection.

First of all, if both app names and developer names are exactly the same, we assume

that the matching pairs represent a cross-platform app. Secondly, the criteria we set

for manual inspection is fair, i.e. it is reasonable to assume that there exists at least

one common word between the apps on Android and iOS.

While doing manual inspection, we carefully examine the potential pairs to ensure

that there are no false positives. We visit the two studied app stores to collect

additional information, such as app logo and description of the app. The additional

information is carefully analyzed to guide the final decision on the identification of

cross-platform apps. In RQ3, we manually compare the release notes of two matching

releases of a cross-platform hybrid app across Android and iOS based on the two

authors’ interraters agreement, to reduce the bias that one author could introduce in

a manual comparison.
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Developers do not publish how they build their apps. In rare cases, a devel-

oper modifies the app store ID to reflect how the app was built. For example,

the app store ID in Google Play Store for app “Shoeboxed Receipt Tracker” is

“com.shoeboxed.android.phonegapapp”. Nevertheless, this appears to be an arbi-

trary habit in naming among developers. By manually decompiling apps that are

developed using hybrid tools, we find the file structure pattern of cross-platform hy-

brid apps as described previously. We are aware that it is possible that a natively

developed app can have the same file structure pattern as cross-platform hybrid apps,

but we think the probability of such a situation is rather is low.

4.5 Conclusions

Analyzing the star ratings, reviews and releases of cross-platform hybrid apps, i.e.,

mobile apps developed using hybrid development frameworks that are available on

multiple platforms, provides app developers a unique insight of how app users across

different platforms perceive the users’ overall impression of their apps. The majority

of prior work on mobile apps is done from a developer’s perspective or limits the app

selection to one app store.

In this chapter, we study the users’ overall impression of cross-platform hybrid

apps. We identify 24 cross-platform hybrid apps and find that they do a better job at

providing consistent user-perceived quality in comparison to cross-platform apps built

by native development kits. We use topic modeling on user reviews and find that even

for the same raised topic in a review, users on different platforms react differently

in star ratings. Lastly, we find that consistency in releases of cross-platform hybrid

apps is lacking and iOS users often are getting the same releases earlier than Android



4.5. CONCLUSIONS 80

users. The main contribution of our study is:

1. We demonstrate an approach that combines star rating, user reviews and re-

leases to evaluate the consistency of cross-platform hybrid apps across platforms.

2. We show that apps built by hybrid development frameworks still lack consis-

tency that needs to be addressed by developers.

Even though building mobile apps using hybrid development frameworks can save

time and reduce the development cost of an app, the consistency in star ratings, user

reviews and releases cannot be guaranteed by simply adopting hybrid development

frameworks. An interesting question is whether hybrid development frameworks help

developers to build high quality apps, aside from consistent apps. Given the fact that

only a small portion of the most popular apps are hybrid ones, there appears to be

a relation between the popularity of an app and the usage of a hybrid development

framework to build the app. This observation is supported by the relatively low

ratings that are given to the studied cross-platform hybrid apps. Future studies

should be done to deeper investigate the quality of cross-platform hybrid apps.
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Chapter 5

Summary and Future Work

This chapter concludes the thesis. The concepts presented throughout this thesis are

summarized and possible directions for future work are presented.

5.1 Summary

Developers build cross-platform native apps or use hybrid development frameworks

to build cross-platform apps. For apps that are built with hybrid development frame-

works (i.e., cross-platform hybrid apps), part of the efforts in ensuring the consistency

in the perceived quality is done with the hybrid development frameworks, as differ-

ent versions of the cross-platform hybrid apps share the same single codebase. In

this thesis, we explore whether cross-platform apps achieve consistency in the per-

ceived quality as reflected in star ratings and user reviews. We study releases as a

side investigation primarily. We find that the consistency in the perceived quality of

both cross-platform native apps and cross-platform hybrid apps is lacking with cross-

platform hybrid apps being slightly better in terms of the consistency in star ratings.



5.2. FUTURE WORK 82

Developers of cross-platform apps need to allocate different quality assurance efforts

to achieve consistency in the perceived quality.

5.2 Future Work

We believe that this thesis makes a major contribution towards understanding the

consistency in the perceived quality of cross-platform mobile apps as reflected in star

ratings and user reviews of cross-platform apps. However, there are many other open

challenges and opportunities for further improvements. In this section we discuss

possible future research directions.

• The studied apps are the most popular apps in Android and iOS. Our results

may not generalize for all apps in Android and iOS. Our study can be extended

to include more apps.

• The studied apps are collected from the U.S. app stores. Our results may not

generalize for apps in other app stores. Our study can be extended to include

apps from non-U.S. stores.

• We study only free apps. We exclude paid apps because we want to control

the factor of app price. However, paid apps are actively distributed in both

Android and iOS. Our study can be extended to include paid apps to benefit

developers of paid apps.

• We do not analyze the source code of the apps because we do not have access to

the code of the studied apps. However, open source apps exist in both Android

and iOS. Having access to the source code could possibly explain some of the
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observations in star ratings and user reviews. Our study can be extended to

open source apps.
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