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Abstract 

In six short years the mobile applications ("apps") market grew from only 500 apps to 

over a million available apps, which created a problem not only for customers who want 

to find the best apps but also for developers who want their apps downloaded.  To 

support app discovery, app stores feature top–ranking charts that rank apps by number 

of downloads or by revenue generated, as well as customer feedback in the form of star 

ratings and written reviews.  To better inform both customers and developers about how 

to locate or promote apps, this thesis extends the informational cascades model of 

popularity (ranks) by including elements of signaling theory, specifically customer–based 

signals (ratings and reviews)—hereby named the informational signals model.  This 

longitudinal study uses Apple App Store daily data on the past sales ranks of iPhone 

Business apps, together with posted customer ratings and reviews, to provide market–

based evidence of the effect of these signals on current sales ranks.  Research findings 

confirm the importance of observable actions, as evident in the past ranks, for the 

current ranking of mobile apps.  Moreover, the results also indicate that multiple aspects 

of observable feedback (customer ratings and reviews) must be considered when 

evaluating app quality, such as valence (average values or positive versus negative 

signals), volume (number of signals), and variance (overall agreement or disagreement 

on valence of signals).  Additionally, to examine the effect of informational signals across 

the global mobile apps market, this study takes into account the moderating effect of 

country culture dimensions, such as individualism versus collectivism and low–context 

versus high–context communication styles.  Overall, the findings based on 30 countries 

across the globe show that customers from different cultures vary in the way they share 

and receive informational signals.  Hence the cross–cultural focus of this thesis 

contributes to the informational cascades model and the signaling theory. 

Keywords:  app discovery; mobile apps; informational cascades; signaling; culture; 
customer feedback 
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Chapter 1.  
 
Introduction 

Anyone who has ever been to the movies knows that the size of the 
crowd in the theater has a big effect on how good the movie seems: 
comedies are never funnier and thrillers never more thrilling than in a 
packed movie house.  Psychologists tell us much the same thing: that 
when people are asked to consider evidence or make decisions in a 
group, they come to very different conclusions than when they are asked 
the same questions by themselves.  Once we're part of a group, we're all 
susceptible to peer pressure and social norms and any number of other 
kinds of influence that can play a critical role in sweeping us up in the 
beginnings of an epidemic.  (Gladwell, 2000, p. 177) 

The mobile applications (“apps”) market has experienced explosive growth from 

its inception in 2008 when Apple opened its revolutionary App Store.  Starting with only 

500 apps, the numbers quickly grew to 100,000 apps in 2009, over 250,000 apps in 

2010, double that number in 2011, and 1,000,000 apps in 2013 (Statista, 2014a).  In 

2015, there were more than 1.4 million apps available in the App Store (appFigures, 

2015).  The iPhone apps worldwide popularity topped 50 billion downloads in May 2013 

(Apple, 2013).  Only two years after, the total number of app downloads reached 100 

billion in June 2015 (AppleInsider, 2015).  The omnipresence of smartphones also 

resulted in the increased number of mobile app users.  By 2015, Apple sold 665 million 

iPhones globally (Statista, 2015a).  The global market reach of Apple apps is reflected in 

the number of app stores opening around the world.  Currently, there are App Stores in 

155 countries, with sales totalling over US $10 billion in year 2014 alone (Apple, 2014).  

As the number of apps is expanding, the same goes for their creators.  Shortly after 

opening the Apple App Store for third–party developers, there were over 125,000 app 

developers registered in Apple’s iPhone Developer Program (Apple, 2009).  Since then, 

the number of Apple developers have more than doubled to 272,000 (appFigures, 2015).  

The app market is lucrative, and by 2015 developers have earned a cumulative US $30 
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billion from app sales (AppleInsider, 2015).  While the number of developers rises, the 

app development cost is increasing.  Ken Yarmosh (2015) of Savvy Apps noted that 

apps built by the largest app companies likely cost between US $500,000 to $1,000,000; 

apps created by agencies cost between US $150,000 to $450,000; and apps developed 

by individuals likely cost between US $50,000 to $100,000.  Another estimate sets the 

average initial cost of developing a typical mobile app at approximately US $50,000 and 

the average time to develop to over three months for a single app (AnyPresence, 2013).  

VisionMobile research company surveyed more than 10,000 global developers and 

found that 50 percent of iOS developers are below the “app poverty line” of US “$500 

per app per month” (2014, p. 6).  Therefore, with the app prices as low as 99 cents, it is 

easy to see that it is not cost effective to invest greatly on app development and 

marketing only to sell a few thousand (or fewer) apps per year. 

Mobile apps growing trend is expected to continue in the future.  According to 

Gartner, one of the world's foremost information technology research companies, “by 

2017, mobile apps will be downloaded more than 268 billion times, generating revenue 

of more than US $77 billion and making apps one of the most popular computing tools 

for users across the globe” (2014, p. 1).  This abundance of choices creates a problem 

not only for the customers who will need to spend extra time searching for the most 

appropriate apps for their needs, but also for the developers who would like their apps to 

be discovered and downloaded by consumers.  App discovery has been identified by 

industry leaders as one of the main challenges for app developers (Application 

Developers Alliance - Emerging Technologies Working Group, 2014).  The inaugural 

AppConext (2013) conference was centered on analyzing the state of app discovery and 

the strategies required to increase mobile app downloads—such as using analytics to 

understand app users, promoting apps internationally, and localizing apps for global 

audiences.  As noted in the report by the Application Developers Alliance, “developers 

can make the most innovative app of the year or perhaps the decade, but if consumers 

cannot find it because of marketing obstacles, all of the engineering prowess will be for 

naught” (2014, p. 2).  Furthermore, a typical app shopper learns about products only on 

the app store and spends “just three to 10 minutes shopping for each product”, making 

discovery of new apps even more challenging (Ibid. p. 3).  According to Statista (2014b), 

the number of cumulative app downloads from the Apple App Store reached 85 billion in 
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October 2014, however it has been estimated that half of the “business goes to only 0.1 

percent of the available apps” (Application Developers Alliance - Emerging Technologies 

Working Group, 2014, p. 3). 

Moreover, as recently reported by appFigures (2015), with more than 128,000 

newly released Business apps worldwide, this was the fastest growing app category in 

the Apple App Store, in both the number of new apps and the number of developers.  

When considering the overall share of available active apps, the most popular categories 

in the Apple App Store in March 2015 were: Games 21.45%, Business 10.14%, 

Education 9.95%, Lifestyle 8.33%, and Entertainment 6.76% (Pocket Gamer, 2015).  

The popularity of Business apps may have ascended from the notion that “business 

apps profit from the smartphone’s ubiquity in almost all professional areas and thus are 

used to facilitate transactions or the exchange of information” (Statista, 2015b, p. 1).  

This trend is relevant to enterprises and information technology managers because more 

employees may use their mobile devices for “different types of work–related activities” 

(CIO, 2015, p. 1).  Accordingly, this study concentrates on business smartphone apps 

and their adoption across the globe. 

Mobile apps can be classified as experience–goods, whose quality cannot be 

established prior to consumption and therefore similar to movies, theatre, music, books, 

or games (Hanson & Putler, 1996; Kirmani & Rao, 2000; Lee & Raghu, 2014; Nelson, 

1970; Wells, Valacich, & Hess, 2011).  When choosing between several experience–

goods, especially when there is a great number of potential substitutes, consumers are 

faced with uncertainty about the quality of such goods, and must depend on information 

from others who have already purchased those products.  Therefore, it is becoming 

common practice in today’s marketplace to provide a summary of past consumers’ 

purchases in the form of book bestsellers lists, music top charts, movie box office lists, 

and other popularity rankings.  In the case of the mobile apps market, app stores feature 

‘Top Charts’ that rank apps by number of downloads or by revenue generated.  These 

charts can include all apps or only a specific category of apps.  See Appendix A for a 

more detailed overview of Apple App Store features. Similar to other online 

marketplaces, app stores do not disclose real sales information on any app.  Instead 

they provide “aggregate numbers or the rank data” (Garg & Telang, 2013, p. 1254).  
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Because app stores do not reveal the actual sales performance, in terms of number of 

downloads and/or revenue, researchers have commonly measured an app’s ranking as 

a proxy for an app’s sales (Lee & Raghu, 2014, p. 142).  App ranks have both indirect 

and direct relationships with app sales (Ifrach & Johari, 2014).  The past ranks listed in 

Top Charts reflect the number of app downloads for paid and free apps.  These past 

ranks indirectly improve the app discovery by giving visibility to top–ranked apps, thus 

increasing the chance of future sales.  At the same time, current ranks are a direct 

“measure of past sales in comparison to those of competing apps” (Ifrach & Johari, 

2014, p. 2).  Several studies have confirmed that high app ranking tends to increase app 

demand (see Carare, 2010, 2012; Garg & Telang, 2013; Harman, Jia, & Zhang, 2012; 

Ifrach & Johari, 2014; Lee & Raghu, 2011, 2014).  Accordingly, this thesis also 

measures app ranks as indicators of app sales. 

Besides popularity rankings, user–generated feedback can play a role in 

signaling the quality of experience–goods.  To assist consumers with their product 

choices, mobile apps stores offer additional informational signals obtained from existing 

users, such as customer ratings and reviews.  Star ratings are awarded by consumers, 

usually on a scale from 1 (worst) to 5 (best) stars, and reviews are posted as written 

comments about their user experience.  In the case of mobile apps, Racherla, Furne, 

and Babb (2012) suggested that “most consumers first use the 'star' rating as a heuristic 

to narrow down the choices and then quickly read through the actual user reviews before 

downloading an app” (p. 13).  A number of researchers have found that ratings and/or 

reviews are highly correlated with the discovery and success of mobile apps (see Ghose 

& Han, 2014; Harman et al., 2012; H. W. Kim, Lee, & Son, 2011; Lee & Raghu, 2011, 

2014; Racherla et al., 2012; Song, Kim, Jones, Baker, & Chin, 2014; Yin, Davis, & 

Muzyrya, 2014).  Developers can also benefit from feedback posted by the users 

concerning the apps they downloaded, as customer ratings and reviews provide “both 

qualitative and quantitative data about the customer perception of the apps” (Harman et 

al., 2012, p. 108).  Unfortunately, not all developers receive comments on their apps.  

Looking at over 70 million aggregated iOS app reviews from 151 countries, appFigures 

(2013a) found that a typical app developer can expect from 1 to 5000 user reviews 

across their entire portfolio.  A quarter of all reviews are held by just 0.1% of all 
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developers, while only half of the developers have more than 500 reviews, and 5% of 

developers do not have any reviews posted for their apps. 

On the global mobile apps marketplace, it is common for the same app to have 

different rankings across countries.  Considering that Top Charts are maintained 

independently for every App Store, “an app that’s very popular in one country and in 

several top 100 lists for that country might be totally missing from the top 100 lists in 

other countries” (markj, 2009, p. 1).  For example, Figure 1 illustrates how one iPhone 

Business app, namely Office2, was ranked on the same day across 30 countries 

representing ten regions worldwide (three countries per region). 

 

 

Figure 1: Single App Ranking Across the Globe 

Further, user’s preferences vary when comparing the Top 10 apps lists around 

the world the (The Next Web, 2011).  For example, North America and much of Europe 

display very similar tastes in apps.  Possibly because of historical ties, Australia and 

New Zealand experience comparable app choices to those in the United States and 

United Kingdom.  Likewise, top app rankings in South America, Central America and the 

Caribbean follow a similar pattern.  Recent reports from the app analytics company 

Distimo (2013) identified that established markets (e.g., Canada, United States, United 

Kingdom, and Australia) are slowing down their growth rate, while Asian markets (e.g., 

South Korea, Japan, and China) are growing exponentially.  For developers, the 

international markets provide an exceptional opportunity to monetize their apps, 

especially since the “Apple App Stores are a perfect example of purely global markets, 

where developers can, without hassle, publish globally” (Distimo, 2012, p. 4).  In another 
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report on global apps markets, Distimo (2014a) analyzed the average revenue per 

download and found that it can vary largely for the same app across different countries.  

Accordingly, the five markets with greatest revenue potential were Japan, Australia, 

South Korea, United Kingdom, and the United States.  Therefore, it is of utmost 

importance for developers to understand how customers share their feedback in different 

regions around the world.  This will help developers learn about customers’ preferences, 

improve the quality of their apps, and increase the discovery of their apps.  Similarly, 

Brian Blau who is the research director at Gartner said: "As users continue to adopt and 

interact with apps, it is their data — what they say, what they do, where they go — that is 

transforming the app interaction paradigm." (2014, p. 1).  The disparity in app ranking 

across different countries could be caused by the cultural diversity between users 

worldwide.  To explore this phenomenon, this research focuses on understanding what 

cultural dimensions may cause certain apps to have different levels of popularity in 

different regions of the world. 

To investigate the effects of various informational signals on business 

smartphone apps sales ranks, this research extends the informational cascades model 

of popularity (ranks) by including elements of signaling theory, specifically customer–

based signals (ratings and reviews); hereby named the informational signals model.  The 

informational cascades model posits that people tend to make decisions by mimicking 

what others around them are doing, instead of using their own information.  An 

informational cascade occurs when it is optimal for an individual, having observed the 

actions of those ahead of him/her, to follow the behaviour of the preceding individual 

without regard to his/hers private information (Banerjee, 1992; Bikhchandani, Hirshleifer, 

& Welch, 1992, 1998).  For example, mobile apps listed on the Top Charts are 

downloaded more because app shoppers learn from the purchasing actions of previous 

customers (Carare, 2012).  This means that actions of others supersede individual 

information.  The informational cascades model describes that when making decisions, 

each individual starts with some private information, then obtains some information from 

predecessors, and finally decides on a particular action.  As indicated by Bikhchandani, 

Hirshleifer and Welch, “in the observable actions scenario, individuals can observe the 

actions but not the signals of their predecessors” (1998, p. 153).  Therefore, the 

informational cascades theory focuses only on observable actions, which in the mobile 
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apps context corresponds to app sales ranks.  On the other hand, signaling theory 

explains how consumers evaluate product quality due to information asymmetries 

(Connelly, Certo, Ireland, & Reutzel, 2011; Kirmani & Rao, 2000; Wells et al., 2011).  

This is especially important for experience–goods where customer cannot evaluate the 

product prior to its consumption, as is the case of mobile apps which must be 

downloaded prior to use.  As per Rao, Qu, and Ruekert, a signal can “convey 

information credibly about unobservable product quality to the buyer” (1999, p. 259).  

Therefore, app shoppers depend on the signals of past users to decipher the quality of 

the apps before they decide to purchase and download them.  Subsequently, to better 

understand the mobile apps market, this study extends the informational cascades 

model by including additional signals which can influence purchasing decisions of 

consumers of mobile apps, such as customer star ratings and written reviews, hereby 

named observable feedback. 

Considering that ranks, ratings, and reviews all provide pre–purchase information 

and send signals to potential customers about the unobservable quality of the mobile 

app product, and that these signals vary in different countries, one goal of this research 

is to explore the function of various informational signals on a global smartphone 

business apps market.  While past research has mostly focused on one type of 

informational signal, this study takes into account a mix of several signals—such as past 

sales ranks, customer star ratings, and written reviews.  Building upon extant work, this 

research investigates the interaction of several informational signals, including both 

observable actions (ranks) and observable feedback (ratings and reviews), and their 

effect on mobile apps sales, as reflected in the real–market app ranking.  Furthermore, 

this study measures multiple dimensions of signals (ratings and reviews), such as 

valence (average values or positive versus negative signals), volume (number of 

signals), and variance (overall agreement or disagreement on valence of signals).  This 

thesis thus explores all of these dimensions of varied signals and their interactions, 

which when taken together contribute to signaling theory. 
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On a global scale, informational signals can have differing impacts on dissimilar 

groups, as is apparent in App Stores worldwide, when the same app achieves different 

sales ranking in diverse countries.  Despite the evident importance of international 

markets, there is a lack of systematic study of the effects of informational signals on 

differing sales ranks worldwide as a result of varied country–culture.  In the extensive 

literature review on the impact of online consumer reviews on sales, De Maeyer (2012) 

noted the lack of research on the moderating role of culture, especially given its 

significance to global markets.  Thus, a second goal of this study is to investigate 

differences in customer feedback and its effect on mobile sales ranks across multiple 

countries and regions across the globe.  To fulfill these goals, this study examines Apple 

iPhone Apps, as they boast significant infiltration on the global smartphone apps market.  

More specifically, this thesis centres only on the Paid iPhone apps from the Business 

category, due to the importance of such apps to both business and information 

technology professionals. 

1.1. Research Questions 

This study is aimed to further the understanding of the effect various 

informational signals have on sales ranks within a business smartphone apps context, 

and with emphasis on country culture as a novel aspect.  As noted, some researchers 

have investigated the impact of past sales information on future sales.  Several studies 

have also included consumer feedback as an additional signal of product quality.  

However, no studies have looked at the role of country culture in the way these 

informational signals affect the mobile app ranking.  Consequently, in this study the 

following research questions are explored: 

RQ1. How do past ranks, star ratings, and written reviews influence current 

smartphone business apps ranks? 

RQ2. How does the communication style within a country impact the way in which 

customers share information about smartphone business apps related to 

ratings and reviews? 
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1.2. Summary and Contributions of the Research 

From a theoretical perspective, the purpose of this research is to extend the 

informational cascades model by adding elements of signaling theory and a country–

culture lens to perform cross–cultural comparisons of the changes in the individual 

mobile app’s sales ranks across multiple countries around the globe.  This longitudinal 

observational study compares past sales ranks (as observable actions) of individual 

mobile app across multiple countries, as well as customer star ratings and customer 

written reviews (as observable feedback) in each country, and their effect on the current 

sales ranks.  Considering the experience–goods nature of mobile apps, to fully examine 

the effect of information signals across the global mobile apps market, this study takes 

into account the moderating effect of country–culture on mobile apps sales ranks.  Past 

research did not explore the influence of culture on informational signals; hence the 

cross–cultural focus of this study contributes to the informational cascades model and 

signaling theory. 

From a practical perspective, and considering the vast revenue potential of 

international mobile app markets, an understanding of why apps achieve varied sales 

ranks in different countries worldwide has great practical value for mobile apps 

developers who want to succeed on the intensely competitive and ever–expanding 

global mobile app market.  Consequently, systematic examination of individual apps 

across multiple countries can answer questions about factors that contribute to app 

discoverability, which in turn can inform app development and result in greater global 

sales. 

From a methodological perspective, this study applies the clustering procedure to 

add eight new countries to the established GLOBE clusters.  In total, this research 

encompasses 30 countries, with three countries representing one of the ten regional 

clusters worldwide.  A goal of this study is to confirm the inclusion of these new countries 

and the clustering procedure. 
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In the following sections this thesis is structured as follows.  Chapter 2 consists of 

the literature review related to the mobile apps market, informational cascades model, 

signaling theory and culture, leading to the conceptual framework and hypotheses in 

Chapter 3.  In Chapter 4 research design and methodology for this study are described.  

Chapter 5 includes detailed notes on data analysis and results of hypothesis testing.  In 

Chapter 6 the major findings, research implications, potential limitations, and future 

research directions are discussed. 
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Chapter 2.  
 
Related Literature and Theoretical Background 

Due to the relative novelty of the mobile apps market when this study 

commenced in early 2011, there were hardly any papers that explored this phenomenon 

at the time.  Since then, a number of researchers have investigated this environment.  

For example, Holzer and Ondrus (2011) analyzed the mobile apps market from a 

developer’s perspective and noted that “application portals” such as the Apple App 

Store, “tend to become more centralized, facilitating the link between developers and 

consumers” (Ibid. p. 30).  They concluded that centralized app stores, which offer all 

apps developed for the given mobile platform, provide developers with an “easier access 

to the whole consumer base” (Ibid. p. 28).  Focusing on mobile apps featuring location-

based services, Keith and colleagues considered the impact of network size—via 

information cascades and network effects—on their adoption (Keith, Babb, Lowry, 

Furner, & Abdullat, 2011).  They used the number of customer reviews as a proxy for 

network size, and found that “informational cascades that occur from large network size 

can help decrease perceived risk” for mobile app shoppers (Ibid. p. 21).  In their review 

of the mobile ecosystem Cuadrado and Dueñas (2012) noted that app stores 

“revolutionized software and content delivery” as they “focus on the applications, building 

around them an ecosystem of developers and consumers” and lowering the “barrier 

between these agents” (p. 160).  The supplier to this ecosystem is the application 

provider, “ranging from amateur developers to large enterprises" (Ibid. p. 161).  The 

consumer (the end user) "accesses the store and consumes the developed applications” 

(Ibid. p. 161).  The mobile app store "combines the traditional roles of content aggregator 

and distributor" and offers “tens of thousands of competing applications” (Ibid. p. 162).  

“The store can be accessed through the same device that will execute the applications”, 

thus providing a gateway for discovering, downloading, purchasing, and consuming 

mobile apps (Ibid. p. 162).  On the other hand, Lee and Raghu (2011, 2014) examined 
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the app survival rates for the top charts and found that mobile apps and other long–tail 

(experienced goods) markets, such as books, music and movies differ in three ways: 

first, “sellers in mobile app markets have a single channel for selling their products” 

(especially in the case of Apple App Store); second, app developers have the 

opportunity to change the price and update app features “based on user feedback and 

reviews”; and third, “sellers in mobile app markets compete more directly with other 

developers” (Lee & Raghu, 2014, p. 134).  Attempting to further understand the mobile 

ecosystem, Lim and Bentley (2012) created AppEco, a simulation of the Apple App 

Store ecosystem consisting of developers, users, and apps.  In AppEco, the app store 

enabled users to search and download the apps delivered by developers.  These 

insights were based on the simulation spanning three years of activities in the app 

ecosystem: 

App store owners face the challenges of presenting the rapidly increasing 
app store content to the users and encouraging users to download apps.  
App users have difficulty in finding good apps amongst the vast number 
of alternatives.  App developers find it increasingly difficult to make their 
apps stand out among hundreds of thousands of other apps in the app 
store, achieve downloads, and make profit. (Lim & Bentley, 2012, p. 2) 

Similar to this study, several researchers started to focus on the mobile apps 

sales ranks.  Using the Apple App Store data, Carare (2010, 2012) built an econometric 

model to show the impact of bestseller ranks on app demand.  He realized that an app 

store facilitates app discovery by listing most downloaded apps on the Top Charts.  

Applying observational learning theory, Carare stated that “a consumer may infer that 

the characteristics of the more popular choices are better than the characteristics of the 

less popular choices” (2012, p. 733).  Moreover, “consumers who choose paid apps are 

more likely to engage in cognitively costly observational learning than consumers who 

choose free apps” (Ibid. p. 733).  Likewise, Ifrach, and Johari (2014) also considered the 

effect of ranking on demand of the Apple App Store Top 400 apps.  They called this the 

“effect of top–rank position on future sales” and the “visibility effect” (Ibid. p. 2).  As did 

Carare, they noted that ranking lists induce “observational learning, where users can 

alleviate some of the uncertainty they face regarding the value of apps they have not 

used before by learning from the decisions of others” (Ibid. p. 4).  Additionally, Ifrach and 

Johari indicated that top charts support app discovery, by giving more visibility to the top 
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ranked apps (Ibid.)  Because app stores do not disclose the actual download volumes, 

Garg and Telang (2013) devised a method to calculate app demand based on publicly 

available rank information, such as Top Paid and Top Grossing rankings on Apple App 

Store.  They found that “iPhone paid app ranked first gets 150 times more downloads” 

and “earns 95 times more revenue compared to the app ranked 200” (Ibid. p. 1263).  

Further, Roma, Perrone, and Valenti (2013) investigated Top 200 Grossing apps in both 

Apple and Google app store and found that “the fact that an app is paid (no matter 

whether a free version is available or not) rather than free determines a higher ranking” 

(p. 6).  Alternatively, Harman, Jia, and Zhang (2012) mined BlackBerry paid apps data 

on three perspectives: “technical (features offered), customer perceptions (ratings and 

download rankings) and business (price)” (p. 108). 

Several recent studies also looked at the effect of reviews on mobile apps 

discovery.  Combining content analysis of 1000 consumer reviews for Top 10 Apple and 

Google apps and focus groups with app users, Racherla, Furner, and Babb (2012) 

classified factors that influence app discovery and download such as: (1) top lists, (2) 

word–of–mouth and network effects (reviews), (3) information cascades (number of 

downloads) and mimetic (imitation) effects.  Ghose and Han (2014) analyzed 

smartphone apps sales rank, prices, characteristics, and reviews of Top 400 Free and 

Top 400 Paid apps in Apple and Google stores in order to build an econometric model of 

consumer app demand.  They found that, among other factors, volume and valence of 

user reviews increase app demand.  Alternatively, Song and colleagues surveyed 278 

mobile app users to uncover how customers discover appropriate applications in overly 

crowded mobile app store and established that “application discoverability is becoming a 

serious concern for mobile application users, application stores, and application 

developers” (Song et al., 2014, p. 38).  They concluded that customer “ratings and 

reviews are considered to be valuable tools, helping users decide which applications 

should be downloaded” (Ibid. p. 41).  Interestingly, Yin, Davis, and Muzyrya (2014) 

looked at the Top 300 Grossing iPhone apps across various categories and found that 

user reviews have a different importance depending on the type of demand, 

heterogeneous or homogeneous.  They posited that “in markets with heterogeneous 

preferences, tastes will differ across consumer segments”, while “in markets with 

homogenous demand, consumers prefer to have a single, best product” (Ibid. p. 258).  
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They considered entertainment type categories, such as Games, to exhibit 

heterogeneous demand, whereas the non–entertainment type categories, such as 

Business, demonstrate homogeneous demand.  Consequently, user reviews are 

especially important for homogeneous app demand, as they aid customers in identifying 

best products on the market. 

While some of the recent extant literature on the mobile apps market has 

explored sales ranks and/or customer feedback to a certain extent, none of the studies 

have combined all the elements of ranking, rating, and reviews.  Furthermore, the 

extensive literature review did not discover papers on the cross–cultural issues in the 

context of mobile apps, despite the overwhelming need to understand the ever 

expanding global mobile apps market. 

The next section continues with a literature review of the origins of informational 

cascades model and its link with signaling theory.  This follows with the formulation of 

the extended informational signals model.  The chapter concludes with the description of 

culture related concepts, such as country cultural dimensions and country clusters. 

2.1. Informational Cascades Model 

As noted in the related literature, people tend to imitate others and make 

decisions based on popularity, while ignoring their own personal preferences.  Such 

tendency to mimic others, also known as “herding”, can be explained by the 

informational cascades model.  Founded on the observational learning theory, 

Bikhchandani, Hirshleifer, and Welch (1992) introduced the informational cascades 

model which claims that people make decisions based on what others around them are 

doing, instead of using their own information.  Informational cascades are a “special 

case of herd behavior” (Duan, Gu, & Whinston, 2009, p. 26) which occurs when people 

make decisions by relying on the choices of others, and ignoring their own preferences.  

The informational cascades theory posits that observers make decisions only on the 

basis of observed actions of predecessors, not their signals (Bikhchandani et al., 1998).  

According to Bikhchandani and Sharma (2001, p. 284), “individuals can observe each 

other's actions but not the private information or signals that each player receives… If 
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individuals have some view about the appropriate course of action, then inferences 

about a player's private information can be made from the actions chosen”.  Utilizing only 

observed actions to make decisions can have positive outcomes, as noted by Hirshleifer, 

“since actions speak louder than words, the information conveyed by actions may be 

more credible than verbal reports in any case” (1993, p. 7). 

The basic models of informational cascades in Bikhchandani, Hirshleifer, and 

Welch (1992), Welch (1992), and Banerjee (1992) assume a sequence of individuals 

deciding between two actions, for example to buy a mobile app, or to refrain from or 

‘pass’ buying a mobile app.  The payoff of purchasing (adopting) an app has a value (V) 

of +1 or -1, with equal probability.  The payoff of rejecting (or purchasing another app) is 

0.  Each person starts with their private information, which can be either Good (with 

expected value of +1) or Bad (with expected value of -1) about the payoff.  Good is more 

likely when adoption is desirable (V = +1), while Bad is more likely when adoption is 

undesirable (V = -1).  Hence, if V = +1 probability that the private info is Good = p and 

private info is Bad = (1 - p), where 0.5 < p < 1.  Otherwise, if V = -1 probability that the 

private info is Bad = p and private info is Good = (1 - p), where 0.5 < p < 1. 

For example, due to individual preferences or needs, one person may perceive a 

mobile app as useful, while the other person may perceive the same app as useless.  

Thus, the first decision–maker (person 1) makes a decision based on her private 

information.  As depicted in Figure 2, if her private information was good (G) she will 

decide to buy the app, if her private information was bad (B) she will not.  The second 

decision–maker (person 2), will observe the actions of person 1 and assume that if 

person 1 purchased the app, her private information was good; otherwise, if the person 1 

did not purchase the app, her private information was bad.  Therefore, if the person 1 

decided to buy, and if the individual private information for person 2 is good, he will buy 

the app (+1+1 = expected value of 2).  This is the point where the UP cascade starts, 

after which all persons will decide to buy even if their private information is bad.  

Similarly, if person 1 passes on the purchase and person 2 private information is bad (-

1-1 = expected value of -2), person 2 will pass as well, at which point the DOWN 

cascade will start, where all persons decide to pass even if their private information is 

good.  Otherwise, if person 1 bought the app and the private information of person 2 is 
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bad (+1-1 = expected value of 0), he has a 50–50 chance to make a good decision for 

himself, which is equivalent to flipping a coin to decide (Bikhchandani & Sharma, 2001).  

Then, if the coin indicates that he should buy, he will decide to buy an app, or if the coin 

indicates that he should pass, he will decide to pass.  If after flipping a coin person 2 

buys, this again will initiate the UP cascade.  The same reasoning applies when person 

1 passed on the app and person 2 private information is good (-1+1 = expected value of 

0), at which point person 2 will toss a coin to decide.  If after tossing a coin person 2 

decides to pass, this will commence the DOWN cascade. 

At the point when a third decision–maker (person 3) has to make a decision, she 

faces three possible scenarios: (1) both predecessors have bought the app (expected 

value of +2), (2) both have passed (expected value of -2), (3) one bought and the other 

passed (expected value of 0).  In the first scenario, person 3 will also buy the app, even 

if her private information is bad, due to the UP cascade.  Because person 3 made a 

decision regardless of her private information, her action provides no additional 

information to the successors about the quality of the app (Hirshleifer, 1993).  In the 

second scenario, person 3 will also pass, even if her private information is good, due to 

the DOWN cascade.  Again, since person 3 made a decision regardless of her private 

information, her action provides no additional information to the successors.  Finally, in 

the third scenario, where person 1 bought (passed) and person 2 passed (bought) the 

app, the predecessor signals cancel out, so person 3 will follow her own private 

information, just as if she was the first person in this decision–making chain 

(Bikhchandani et al., 1992, 1998; Welch, 1992).  Then, all other subsequent decision 

makers will follow the same path as indicated in the decision tree depicted in Figure 2 for 

the Informational Cascades Model—where square nodes indicate the decision point 

(following the private information/actions to decide), and circle nodes indicate the chance 

point (tossing a coin to decide). 
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Figure 2: The Informational Cascades Model 
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In their seminal work, Bikhchandani, Hirshleifer and Welch (1992, 1998) offered 

several examples of informational cascades applications in politics, zoology, medical 

practice, finance, business strategy, consumer marketing, crime and enforcement, and 

peer influence.  There have been many empirical studies on the effect of information 

cascades on decision making.  For example, investigations of online bookstores have 

shown that books listed as the bestsellers result in higher sales (see P. Y. Chen, Wu, & 

Yoon, 2004; Y. F. Chen, 2008; Huang & Chen, 2006; Hu, Liu, & Zhang, 2008; Sorensen, 

2007).  Similarly, movie–goers are likely to choose the movies based on the movies box 

office sales (see Basuroy, Desai, & Talukdar, 2006; De Vany & Lee, 2001; Duan, Gu, & 

Whinston, 2008a; Elberse & Eliashberg, 2003).  Even when adopting new technology, 

individual users and firms have a tendency to mimic others (see H. Sun, 2009, 2013; 

Tomasino, 2010; E. A Walden & Browne, 2002).   

Furthermore, online software downloads are driven by their popularity, as evident 

in the number of past downloads (see Carare, 2010, 2012; Duan, Gu, & Whinston, 

2005a, 2005b, 2006; Duan et al., 2009; Hanson & Putler, 1996).  In the context of mobile 

app store, Carare found that “information available to consumers about the past sales 

ranks of the products sold in a large electronic market has a direct and causal effect on 

current sales” (2012, p. 718).  He adequately stated that “popularity begets popularity in 

markets where popularity information is public” (Ibid. p. 720), therefore “in the app 

market popularity breeds popularity” (Ibid. p. 723).   

The methods utilized in these studies were mostly based on the real–world data 

analysis, as well as some lab experiments.  Building on the work of these researchers, 

this study investigates the effect of past sales ranks, as listed on the Top Charts, on the 

current ranking of mobile apps.  Table 1 lists the selected literature on informational 

cascades and herding behaviour. 
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Table 1: Selected Literature on Informational Cascades 

STUDY AREA 

Banerjee (1992) General decision–making 

Bikhchandani & Sharma (2001) Financial markets 

Bikhchandani et al (1992, 1998) General decision–making 

Carare (2010, 2012) Mobile apps downloads 

Chen et al (2004) Online bookstore 

Chen (2008) Online bookstore 

Chen & Wang (2010) Online bidding 

De Vany & Lee (2001) Motion pictures 

Duan et al (2005a,b) Online software downloads 

Duan et al (2006) Online software downloads 

Duan et al (2008a,b) Motion pictures 

Duan et al (2009) Online software downloads 

Elberse & Eliashberg (2003) Motion pictures 

Hanson & Putler (1996) Online software downloads 

Hirshleifer (1993) General decision–making 

Huang & Chen (2006) E–commerce 

Luo & Lin (2013) Peer–to–peer lending 

Sorensen (2007) Books 

Sun (2009, 2013) IT adoption (wiki) 

Tomasino (2010) IT adoption (iPhone) 

Walden & Browne (2002, 2009) IT adoption (e–commerce) 

Welch (1992) Financial markets 
 

2.2. Informational Signals Model 

The uncertainty that is related to information technology adoption makes herding 

behaviour very likely.  Adopting new technology may involve extensive information 

search and experimentation.  It is easier for technology adopters to follow the decisions 

of others, and benefit from the experience of predecessors, instead of relying on their 

own information (H. Sun, 2013).  This phenomena is especially common in new markets, 

such as the mobile apps marketplace (Keith et al., 2011).  However, Sun (2013) found 

that such decisions may result in poor technology adoptions and post–decision regrets.  
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Even though Walden and Browne (2009) concluded that correct herds (choosing the 

right decision) are more likely to occur than incorrect herds (choosing the wrong 

decision), acquiring additional signals from predecessors could reduce the uncertainty 

and result in more optimal decisions. 

As per Bikhchandani, Hirshleifer and Welch (1998), observable actions exist 

when individuals can observe the actions but not the signals of their predecessors, such 

as apps sales rank.  These observable actions are the focus of the informational 

cascades model.  To extend this perspective, this study includes additional informational 

signals which can influence purchasing decisions of consumers of mobile apps, 

especially since “signalling may be particularly effective in markets for relatively new 

products or products about which consumers are relatively uninformed but are quality 

sensitive” (Kirmani & Rao, 2000, p. 72).  Observable feedback exists when individuals 

can observe certain signals/cues from their predecessors, such as customer star ratings 

and written reviews. 

This research extends the basic model of informational cascades in 

Bikhchandani, Hirshleifer, and Welch (1992), Welch (1992), and Banerjee (1992), which 

was portrayed earlier in Figure 2.  The extended model depicted in Figure 3, hereby 

named the Informational Signals Model, also assumes a sequence of individuals 

deciding between two actions, for example to buy a mobile app, or to refrain from or 

‘pass’ buying a mobile app.  Each person again starts with their private information, 

which can be either Good (with expected value of +1) or Bad (with expected value of -1).  

Thus, the first decision–maker (person i) makes a decision based on her private 

information.  If her private information was good (G) she will decide to buy the app, if her 

private information was bad (B) she will not.  This decision to buy or to pass represents 

the observable action in the informational cascades model.  If she bought the app, she 

can then communicate product quality information to other customers by rating the app, 

or posting a review.  Such informational signals are referred to as observable feedback 

in the research model.  These signals can be favourable (i.e., high star rating), neutral 

(i.e., medium star rating), or unfavourable (i.e., low star rating).  Unlike in the 

informational cascades model, where users can observe both Buy and Pass actions, in 
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this model, the users can only observe feedback that follows Buy (post–decision) action.  

If she did not purchase the app, she cannot leave the feedback. 

Therefore, in the extended model, the subsequent decision–makers (person i+1) 

can observe both the actions of previous customers (decision to buy), and their feedback 

(favourable, neutral, or unfavourable).  As noted by Luo and Lin (2013), most 

informational cascades models assume that successors can observe perfect information 

from the predecessors, meaning either a Buy or Pass decision.  However, in their 

research only the predecessors who bid in the peer–to–peer lending market can be 

observed, the ones that did not bid are not observable.  This is similar to the current 

model where only the decisions to purchase the product are observed and are pre–

requisite for post–purchase feedback. 

Additionally, any subsequent person i+1 has a certain level of confidence he 

attaches to the past customer’s evaluation (De Vany & Lee, 2001).  If his level of 

confidence in person i’s evaluation is high, he is more likely to use the observable 

feedback and repeat the same decision.  Otherwise, if his level of confidence is low, he 

is more likely to use the observable action to make decision.  The person i willingness to 

share feedback with others, as well as the person i+1 level of confidence in customer 

feedback is presumed to be moderated by cultural factors.  For example, in certain 

cultures it is more acceptable to share individual opinion, in which case customers are 

likely to post their ratings or detailed reviews.  Likewise, other cultures may place more 

value on others’ opinions, in which case customers with such cultural orientation are 

likely to be more confident in the past customers’ informational signals. 

Based on this extended model, the study investigates the interaction of several 

informational signals, including both observable actions (past ranks) and observable 

feedback (customer ratings and reviews), and their effect on mobile apps sales, as 

evident in the real–market sales ranking. 
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Figure 3: The Informational Signals Model 
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2.3. Culture 

In the past 30 years, a substantial number of studies have focused specifically on 

ways to identify and classify the various dimensions of culture.  Determining the basic 

dimensions or characteristics of different cultures is the first step in being able to 

understand the relationships between them (Northouse, 2009).  Several well–known 

studies have addressed the question of how to characterize cultures.  There are various 

definitions of culture in the literature, such as popular Geert Hofstede’s explanation of 

culture as “the collective programming of the mind which distinguishes one group or 

category of people from another”, in other words, “the category of people is the nation” 

(1993, p. 89).  This view of culture is relevant for this study as it allows comparison 

between cultures situated within national borders.  Edward Hall established that 

communication styles of individuals are influenced by their culture, stating that “culture is 

communication and communication is culture” (1959, p. 169).  This conceptualization of 

culture as communication reflects the communicative nature of informational signals. 

Of all the research on dimensions of culture, perhaps the most referenced is the 

research of Hofstede (1991).  Based on a broad longitudinal cross–cultural study with 

more than 100,000 respondents across 70 nations, cultures and organizations, Hofstede 

classified cultural dimensions as: individualism vs. collectivism defined as the “degree to 

which people in a country prefer to act as individuals rather than as members of groups”, 

power distance defined as the “degree of inequality among people which the population 

of a country considers as normal”, uncertainty avoidance defined as the “degree to 

which people in a country prefer structured over unstructured situations”, and masculinity 

vs. femininity defined as the “degree to which tough values… are associated with the 

role of men, prevail over tender values… which in nearly all societies are more 

associated with women's roles” (1993, pp. 89–90).  Hofstede’s work has been the 

benchmark for much of the research on world cultures.  His culture dimensions were 

confirmed and validated in numerous citations and more than sixty replication studies.  

Furthermore, Hofstede’s national cultural indices are the most popular culture 

dimensions operationalized in information systems empirical research. 
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Moreover, since informational signals represent a form of communication, 

differences in cultural communication style are likely to influence the effectiveness of 

such signals.  Hall (1976) proposed that cultures can be differentiated based on the way 

in which people exchange information.  He recognized that different cultures use 

different degrees of context to convey meaning, where context includes both the actual 

messages and the information that surrounds the communication.  Hall defined high and 

low context communication based on the amount of information transmitted in the 

message.  In the high–context (HC) communication, more information is contained in the 

context, so less information needs to be explicitly stated to convey a meaning.  High–

context communication is indirect, often ambiguous, and sensitive to the specific 

situational context, including non–verbal cues.  Conversely, in low–context (LC) 

communication, less information is stored in the context, so more information needs to 

be explicitly communicated.  Low context communication is direct, clear and to the point, 

with tolerance for the expressions of disagreement.  The concept of context is related to 

individualism/collectivism, and according to Gould, “Hall linked individualistic cultures to 

explicit messages and collectivist cultures to nonverbal messages contextualized within 

a social setting” (2005, p. 115).  Likewise, people in individualistic countries “generally 

say exactly what they want you to understand”, while people from collectivistic countries 

base their messages within “the occasion, the physical setting, and the relationships 

between the participants” (Gould, 2005, p. 85). 

Among others, research by Würtz has explored the intercultural communication 

on websites through the lens of high vs. low context.  He found that high–context 

cultures use content that “promote values characteristic of collectivistic societies”, while 

low–context cultures “promote values characteristic of individualistic societies” (Würtz, 

2006, p. 295).  These two popular cultural frameworks have also been integrated in 

cross–cultural advertising research.  For example, Cho and Cheon (2005) examined the 

interactivity functions in corporate websites.  They found that Western (individualistic, 

low–context) websites tend to highlight “consumer–messages” with a larger quantity of 

information, while Eastern (collectivistic, high–context) websites emphasise “consumer–

consumer” interactivity which allow group activities and exchanges among consumers 

(Cho & Cheon, 2005, p. 99).  In a study of Internet consumption Hermeking (2006) found 

that low–context cultures have a higher usage of the Internet than high–context cultures.  



 

25 

Consequently, he argued that cultural adaptation is necessary to increase website 

acceptability and global Internet consumption.  Similarly, cultural adaptation of websites 

– in terms of navigation, visual design, and information design has been identified as a 

predictor of trust, satisfaction, and loyalty in e–commerce sites (Cyr, 2008a; Cyr, 

Bonanni, Bowes, & Ilsever, 2005; Cyr, Ilsever, Bonanni, & Bowes, 2004).  Since greater 

trust and satisfaction lead to increased intention for online purchases, properly aligned 

cultural factors are expected to have a positive effect on mobile app sales ranks.  Most 

of the e–commerce studies were focused on B2C websites, however in their empirical 

study of approximately 600 B2B corporate websites in 57 countries, Usunier, Roulin and 

Ivens (2009) also found that cross–cultural factors could determine supplier website 

design and content, such as cultural constructs of Hofstede’s individualism/collectivism 

and Hall’s high/low–context communication. 

Analogous to extant cross–cultural empirical research in information systems, 

this study combines Hofstede’s (1991) cultural dimension of individualism versus 

collectivism and Hall’s (1976) concept of low–context versus high–context 

communication styles to explore the differences in the way customers from diverse 

countries share and receive informational signals. 
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Chapter 3.  
 
Conceptual Framework 

In this chapter, the development of a conceptual framework is outlined, which 

integrates the concepts of informational signals and country culture.  The literature 

review yielded several studies of factors that may increase adoption of mobile apps, as 

evident in market–based sales ranks.  No research was located that studied the mobile 

apps adoption process from a cross–cultural perspective.  This finding suggests that the 

current research will contribute to the information systems field.  As indicated by the 

previous research on informational cascades theory concerning product choices on the 

Internet, when faced with a large selection of products on the market, and without the 

ability to experience/test them before purchase, consumers will use relative popularity as 

an indicator of quality.  In the mobile apps context, the app sales rank is one of the main 

indicators of app quality.  Consequently, apps with the top 100 ranks as listed in the Top 

Charts signify the most popular choices.  As apparent in the literature on signaling 

theory, some factors that may influence mobile apps popularity are signals provided by 

the past customers, such as star ratings and written user reviews.  Therefore, this study 

looks at a mixture of informational signals and their relationship with the sales ranks, 

through the lens of informational cascades theory. 

Further, numerous cross–cultural studies revealed differences between countries 

on various cultural dimensions, such as those specified by Hofstede in 1991 

(Individualism/Collectivism) and Hall in 1976 (High/Low Context).  Thus, in this study, it 

is presumed that different groups, such as nations and countries, have different cultural 

preferences which cause them to assign varied levels of quality to the same apps, as 

reflected in differences between Top Charts across the globe. 
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Therefore, this research investigates the effect of customer informational signals 

on the mobile app sales ranks, across multiple countries, and over time.  On the global 

mobile apps market, it is expected that sales ranks will be moderated by cultural factors 

such as country cultural tendency (e.g., individualism vs. collectivism) and proximity to 

other countries (e.g., countries within the same cultural cluster).  Figure 4 provides the 

graphical representation of the research model which is further elaborated below.  

Additionally, see Appendix B for a detailed list of all variables included in this model. 

 

 

Figure 4: The Research Model 

 

3.1. Dependent Variable 

The dependent variable App Store current sales rank (or simply Rank) originates 

from the informational cascades model, as it provides a viable form of information to the 

customer to aid in the decision to buy the app or not.  Ranks represent observable 

actions because they are computed by each App Store (one per country) based on the 

daily unit downloads (with time = t).  Top Rank is equivalent to one (1).  The Top 100 

ranked apps are listed on the Top Charts for each App Store globally.  As previously 

noted, daily sales ranks of each individual mobile app may vary in different countries 

(Distimo, 2014a). 
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As noted in the literature review, many researchers have investigated the effect 

of information cascades on online purchases.  For example, in a series of studies, Duan, 

Gu and Whinston (2005a, 2005b, 2006, 2009) examined the relationship between 

popularity of online software, as evident in the number of past downloads, and 

consumers’ choices.  Their results revealed that “online users’ choice of software is 

heavily driven by change in download ranking and popularity information” (2009, p. 44).  

Similarly, in the analysis of online book sales on Amazon.com, numerous researchers 

used sales ranks as a proxy for sales revenues (see P. Y. Chen et al., 2004; Chevalier & 

Mayzlin, 2006; Ghose, Ipeirotis, & Sundararajan, 2008; Gu, Tang, & Whinston, 2013; 

Hu, Koh, & Reddy, 2014; Hu et al., 2008; Hu, Pavlou, & Zhang, 2009; Li & Hitt, 2008; M. 

Sun, 2012).  Furthermore, various studies utilized Amazon.com ranks as an 

approximation of electronic goods sales, such as DVDs (Hu et al., 2008, 2009), video 

games (Cui, Lui, & Guo, 2012), and digital cameras (Archak, Ghose, & Ipeirotis, 2011; 

Gu, Park, & Konana, 2012; J. H. Park, Gu, & Lee, 2012).  In the similar context to this 

study, Racherla, Furner, and Babb (2012) conducted focus groups with 55 mobile app 

users and suggested that information overload on the app store gives rise to mimetic 

effects like "herd mentality" in customers’ willingness to download an app, "even when a 

search may have yielded an app more suited to their needs" (p. 13). 

3.2. Independent Variables 

The original informational cascades model deals with binomial choices; however, 

the proposed research extends this model to multiple choices, where consumers face 

many experience–goods from which to choose.  Further, it is easy to see that based on 

the informational cascades theory sometimes less–optimal decisions can result from 

following the wrong initial decision–makers.  This explains the adoption of inferior 

products (Bikhchandani et al., 1992), as well as how apps ranked high on the Top 

Charts can have low customer ratings and reviews.  Subsequently, decision–makers 

require more information about the experience–good before making well–informed 

purchase decisions.  The sellers of these goods and the existing customers who already 

experienced such goods can provide the additional information necessary to make better 

purchasing decisions.  Therefore, in the case of an UP cascade, a “long enough series 
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of adverse information signals eventually cause latter movers” to pass on the app 

(Hirshleifer, 1993, p. 10).  Similarly, the DOWN cascade will cause a reversal with a 

greater number of positive information signals, which in turn will cause future adopters to 

buy the app.  This way, the mistakes of initial decision–makers may be rectified, and the 

incorrect cascade may be reversed.  Consequently, the additional informational signals 

can persuade later customers to make accurate purchase decision. 

3.2.1. Observable Actions 

Much of the marketing literature concentrates on the ways in which companies 

can signal the quality of their products or services.  According to Kirmani and Rao 

(2000), “signaling is most useful for products whose quality is unknown before purchase, 

such as experience goods” (p. 27).  In this study, product quality signals are offered by 

past customers and they differ across App Stores in each country.  Before purchasing an 

app, customers must sign–up for an App Store, at which point they are automatically 

assigned to their local country store.  Star ratings and written reviews can be posted only 

by the existing customers in each App Store.  Therefore, all app sales and feedback 

provided by the customers is linked to each individual App Store.  There are two types of 

customer–based signals to be investigated in this study, namely observable actions and 

observable feedback. 

Observable Actions originated from the informational cascades theory.  This 

variable is operationalized as Past Rank, which is the App Store sales rank from the 

previous day (time = t-1).  Sales ranks are computed by each individual App Store based 

on the daily unit sales.  Top Rank is equivalent to one (1).  Past Rank as a construct has 

been validated by many empirical studies that applied the informational cascades model 

for varied experience–good contexts.  Previous research has shown that observable 

actions can influence customers’ purchasing behaviour.  For example, in the realm of 

books and the popularity of bestsellers, Sorensen (2007) investigated the impact of the 

New York Times bestseller list on book sales and product variety.  Duan, Gu and 

Whinston (2009) have explored informational cascades and software adoption on the 

Internet, using weekly download market share per single software category as the 

dependent variable, while independent variables were: adoption decisions of recent 
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predecessors and product information available online.  In addition, Walden and Browne 

(2002) studied the role of information cascades in the firms’ adoption of electronic 

commerce technologies, as revealed in company announcements.  Furthermore, similar 

to this study, Carare (2010, 2012) analyzed the impact of past sales ranks on the 

consumers’ willingness to pay in the mobile app market.  While investigating the effect of 

top ranks on future app demand in Apple App Store, Carare found that demand jumped 

up around ranks 25 and 50, indicating that the “public information about the past 

popularity of products that is available to consumers in the form of bestseller lists 

significantly affects their purchase decisions” (2012, p. 735).  Using the Apple App Store 

Top 400 apps data, Ifrach and Johari (2014) modelled the link between the number of 

app downloads and the rank position.  They found that “compared with the app in rank 

position 20, the app in rank position 1 receives about 90% more downloads due to the 

visibility effect”, meaning that higher position on the top charts induce greater downloads 

(p. 2).  Due to the lack of data on actual sales volumes from app store, Lee and Raghu 

(2011, 2014) examined the app survival rates in the Top 300 Grossing charts in the US 

Apple App Store and measured the app sales based on the publicly available rank 

information.  All of these studies found that popularity of experience–good products will 

increase sales.  Following this reasoning: 

H1: Higher Past Rank is positively associated with current sales Rank. 

3.2.2. Observable Feedback 

Observable Feedback variables extend informational cascades theory to include 

signals offered by experienced consumers, such as Customer Ratings and Customer 

Reviews.  These signals include multiple dimensions, such as valence, volume, and 

variance.  Valence reflects the numeric value of the product rating, usually expressed as 

an average of all star ratings.  Higher valence reflects the good quality of the product, 

while lower valence implicates poor product quality.  Volume refers to the overall 

quantity of the signals, such as the total number (count) of all star ratings and/or written 

reviews.  Higher volume can signal the popularity of the product (De Maeyer, 2012).  

Variance echoes the overall consensus of the signals, namely agreement or 

disagreement.  Higher variance is the result of mixed ratings, where some customers 
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give a high rating and others give low rating to the same product, indicating customer 

disagreement.  On the other hand, low variance indicates customer agreement, where 

the majority of customers give similar ratings to the same product.  Several studies have 

incorporated observable feedback as a signal of product quality.  For example, prior 

research has revealed that the volume of user reviews was positively associated with 

online book sales (Chevalier & Mayzlin, 2006; M. Sun, 2012), movie box office sales 

(Dellarocas, Zhang, & Awad, 2007; Duan et al., 2008a; Duan, Gu, & Whinston, 2008b; 

S. H. Kim, Park, & Park, 2013; Liu, 2006), video games sales (Cui et al., 2012; Zhu & 

Zhang, 2006, 2010), and restaurant sales (Lu, Ba, Huang, & Feng, 2013).  Some 

investigations found that the valence of customer ratings have an impact on online book 

sales (Chevalier & Mayzlin, 2006; M. Sun, 2012), movie box office sales (Chintagunta, 

Gopinath, & Venkataraman, 2010; Dellarocas et al., 2007; X. Zhang & Dellarocas, 

2006), video games sales (Cui et al., 2012; Zhu & Zhang, 2006, 2010), restaurant sales 

(Lu et al., 2013), and hotel bookings (Ye, Law, & Gu, 2009; Ye, Law, Gu, & Chen, 2011).  

Table 2 lists selected studies that investigated valence, volume, and/or variance of 

ratings and/or reviews, as well as their interactions.  The significant results of the studies 

are indicated with YES in each respective column, while insignificant results are noted 

as NO.  The table also includes the dependent variable and the subject of each study, 

together with the source of ratings and/or reviews.  The vast majority of signaling studies 

have drawn on secondary data, with only few experimental studies. 

Table 2: Selected Literature on Ratings and Reviews 

Study Valence Volume Variance Int. Depend. Var. Subject / Source 

Basuroy et al (2003) YES 
 

YES 
 

box office sales 
movies 

Variety magazine 

Chen et al (2004) NO YES 
 

NO online sales rank 
books 

amazon.com 

Chevalier & Mayzlin 
(2006) 

YES YES 
  

online sales rank 
books 

amazon.com/bn.com 

Chintagunta et al (2010) YES NO NO 
 

box office sales 
movies 

yahoo.com 

Clemons et al (2006) YES NO YES 
 

beer sales growth 
craft beer 

ratebeer.com 

Cui et al (2010, 2012) YES YES 
  

online sales rank 
video games 
amazon.com 
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Study Valence Volume Variance Int. Depend. Var. Subject / Source 

Dellarocas et al (2007) YES YES 
  

box office sales 
movies 

yahoo.com 

Duan et al (2008) NO YES 
  

box office sales 
movies 

yahoo.com 

Etzion & Awad (2007) YES YES 
 

YES online sales 
electronics 

large online retailer 

Flanagin et al (2014) YES NO 
 

NO purchase intention 
various products 

experiment 

Gu et al (2012) NO YES 
  

online sales rank 
cameras 

amazon.com 

Hu et al (2008) YES YES 
 

YES online sales rank 
books, dvds, videos 

amazon.com 

Hu et al (2009) YES 
 

YES 
 

online sales rank 
books, dvds, videos 

amazon.com 

Khare et al (2011) YES NO NO YES movie preference 
movies 

experiments 

Kim et al (2013) NO YES 
  

box office sales 
movies 

imbd.com 

Liu (2006) NO YES 
  

box office sales 
movies 

yahoo.com 

Lu et al (2013) YES YES 
  

restaurant revenue 
(sales) 

restaurants 
abc.com 

Park & Lee (2009) YES 
   

purchase intention 
language program 

experiment 

Park et al (2012) NO YES 
 

YES online sales rank 
cameras 

amazon.com 

Sun (2012) YES YES NO YES online sales rank 
books 

amazon.com/bn.com 

Ye et al (2011) YES 
 

NO 
 

hotel bookings 
hotel 

ctrip.com 

Zhang & Dellarocas 
(2006) 

YES NO NO 
 

box office sales 
movies 

yahoo.com 

Zhang (2006) YES NO NO 
 

box office sales 
movies 

yahoo.com 

Zhu & Zhang (2006, 
2010) 

YES YES NO 
 

game sales 
video games 

gamespot.com 

NOTE:  For valence, volume, variance, and interaction – YES/NO indicate significant findings 
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Customer Ratings are measured based on the ratings scale out of five stars (1 

star lowest, 5 stars highest).  These include frequency of each star rating (1 star, 2 stars, 

3 stars, 4 stars, and 5 stars), average (valence) of all customer star ratings on the scale 

0–5 (0 = no ratings), and the count (volume) of all individual star ratings (0 = no ratings). 

Previous studies have extended the informational cascades model to include star 

ratings and written reviews.  For example, Chen, Wu, and Yoon (2004) looked at the 

popularity of bestsellers and used real-world data on book purchases on Amazon.com 

online bookstore to explore the role of star ratings and number of customer reviews.  

According to these researchers, a “high number of reviews may indirectly indicate the 

momentum of the book in the market since people are usually more interested in 

chatting or exchanging opinions on things that are “hot” or popular” (Ibid. p. 714).  They 

found that the number of customer reviews was positively associated with sales (Ibid. p. 

711).  Other relevant examples are found in the series of experiments conducted by 

Chen and colleagues (Y. F. Chen, 2008; Huang & Chen, 2006) focused on product 

choice for online books, where they evaluated the effects of sales volume, customer 

reviews (positive versus negative) and star ratings (out of 5 stars).  Huang and Chen’s 

(2006) experiments revealed that “subjects used the choices and evaluations of others 

as cues for making their own choices” (p. 413).  Nevertheless, the informational cascade 

effects were “offset significantly by negative comments from others” (Ibid.)  Similarly, 

Chen (2008) concluded that “subjects use the product evaluations and choices of others 

as cues in making purchasing book decisions on the Internet bookstore” (p. 1977).  On 

the other hand, Chen and Wang (2010) conducted experiments on herd cues in online 

auctions where feedback ratings and number of question and answers were explored.  

Their findings demonstrated that “feedback ratings and number of Q&A in online 

auctions are related to participants’ online product choices” (p. 427) and that “bidders 

use online herd cues when making decisions in online auctions” (p. 423).  As with all 

experiments, the results of such methods have limited generalizability, which also 

presents an opportunity for future research in a real–world context.  Thus, this study 

intends to explore similar information cascades using the real–world sales data of mobile 

apps in the global market. 
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Most of the extant research on customer ratings has found that higher valence 

has a positive effect on product sales.  For example, several studies confirmed that 

higher ratings increase online sales ranks of books on Amazon.com (Chevalier & 

Mayzlin, 2006; N. Hu et al., 2008; Nan Hu, Pavlou, & Zhang, 2009; M. Sun, 2012).  

Movies, another popular experience–good, was the subject of many investigations which 

demonstrated that great movie ratings on Yahoo! Movies website have a positive effect 

on box office sales (Chintagunta et al., 2010; Dellarocas et al., 2007; X. Zhang & 

Dellarocas, 2006; X. M. Zhang, 2006).  Furthermore, higher average ratings of video 

games on Amazon.com (Cui, Lui, & Guo, 2010; Cui et al., 2012) and Gamespot.com 

(Zhu & Zhang, 2006, 2010) have increased games sales.  Similarly, positive ratings on 

Ratebeer.com were a source of craft beer sales growth (Clemons, Gao, & Hitt, 2006), 

higher hotel ratings on Ctrip.com increased the hotel bookings (Ye et al., 2011), and 

positive restaurant reviews on ABC.com improved restaurant sales revenues.  Even 

experimental studies have confirmed that the valence of ratings influences purchase 

intention of language school programs (C. Park & Lee, 2009) and preference to see a 

movie (Khare, Labrecque, & Asare, 2011).  As related to current study, Kim, Lee and 

Son (2011) interviewed thirty app buyers, the majority of which were Apple iPhone 

users, and found that “purchase factors had differences in frequency and ranking 

according to the classification by the characteristics of the apps, that is, Productivity, 

Entertainment, Information, and Networking” (2011, p. 6).  Their results indicated that 

purchase of business (productivity type) apps was influenced by the word–of–mouth, 

such as customer reviews and ratings in the app store, even more so than the high 

ranking of the app.  Similarly, Harman, Jia, and Zhang (2012) analyzed BlackBerry paid 

apps and found a “strong correlation between customer rating and the rank of app 

downloads” (p.108).  An alternate way to examine valence is to measure the percent of 

favourable (4 and 5 stars), neutral (3 stars), or unfavourable (2 and 1 stars) ratings.  

Thus, the following hypotheses: 

H2a: Higher Valence of Customer Ratings is positively associated with sales 

Rank. 

H2b: Higher Percent of Favourable Customer Ratings (4 and 5 stars) is 

positively associated with sales Rank. 
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However, not all the research has found that valence has a significant influence 

on sales.  A number of studies proved that volume of ratings is more important than 

valence.  For example, the frequency of word–of–mouth on Yahoo! Movies (Duan et al., 

2008a, 2008b) and IMDB.com (S. H. Kim et al., 2013), was more influential on movie 

box office sales than average ratings.  On the other hand, some research noted that 

while valence is significant, volume has no significant influence on movie box office 

sales (Chintagunta et al., 2010; X. Zhang & Dellarocas, 2006; X. M. Zhang, 2006).  

Nevertheless, there is evidence that the volume of ratings on Amazon.com was more 

significant for the online sales ranks of digital cameras, than their average (Gu et al., 

2012; J. H. Park et al., 2012).  Since past research findings on valence and volume of 

ratings are varied, further research is needed to confirm their effect on sales ranks.  

Hence, the next hypothesis: 

H2c: Higher Volume of Customer Ratings is positively associated with sales 

Rank. 

Then again, several studies found both the valence and volume as significant 

predictors of online books sales (Hu et al., 2008; M. Sun, 2012), online electronics sales 

(Etzion & Awad, 2007), and online video games sales (Cui et al., 2010, 2012).  Besides 

looking at the main effects of valence and volume of customer ratings, fewer studies 

have investigated the interaction effect of these dimensions.  This line of research also 

had mixed results.  For example, Chen, Wu and Yoon (2004) concluded that only 

volume has a significant effect on online sales ranks of books on Amazon.com, while 

valence and the two–way interaction have no significance.  Further, in a recent 

experiment regarding purchase intention for a digital camera, electric toothbrush, or 

rolling luggage product, Flanagin and colleagues (2014) found that only average ratings 

were significant, while volume and two–way interaction of valence and volume of ratings 

were insignificant.  In contrast, Hu, Liu and Zhang (2008) examined the effect of product 

coverage (by counting the total number of online reviews) on sales and found that 

“consumers value favorable and unfavourable news differently when the items have 

lower product coverage” (p. 211).  Etzion and Awad (2007) noted that volume has a 

positive effect on high valence ratings (greater than 3 stars) and a negative effect on low 

valence ratings (lower than 3 stars).  In their experiment, Khare, Labrecque and Asare 
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(2011) simulated the Yahoo! Movies website to examine the effect of ratings on viewers’ 

preference for the movie.  They found that high volume worsens negative valence and 

improves positive valence.  In another experiment, Keith et al., (2011) employed star 

ratings as the reflection of mobile app quality (1 star for low quality, 4.5 stars for high 

quality), and number of reviews as a proxy for network size (fewer than 10 reviews for a 

small size, and greater than 10,000 reviews for a large size).  They found that “in the 

face of limited information” both high ratings (valence) and high number of reviews 

(volume) affected the intention to adopt a mobile app (Ibid. p. 35).  Utilizing market data 

from the Top 400 Free and Top 400 Paid apps in US Apple and Google stores, Ghose 

and Han (2014) found that both volume and valence of user reviews increase app 

demand.  Finally, Park, Gu and Lee (2012) established that while the main effects of 

valence and volume have mixed significance, their interaction has significant effect on 

online sales rank of digital cameras on Amazon.com.  Following this reasoning, a higher 

number of ratings may signify objectivity, so consumers are more likely to trust the 

valence of ratings when the volume of ratings is high. 

H2d: Higher Valence of Customer Ratings together with higher Volume of 

Customer Ratings is positively associated with sales Rank. 

Only a few studies have been conducted on the subject of variance.  Variance 

can be seen as the overall consensus (agreement) or disparity (disagreement) on 

customer ratings.  In highly differentiated products, such as craft beer, high variance 

reflects the varied tastes of consumers, and it is positively associated with beer sales 

growth (Clemons et al., 2006).  Similarly, polarized movie critics reviews can influence 

box office sales (Basuroy, Chatterjee, & Ravid, 2003).  However, most studies that 

investigated the main effect of variance have found that variance has no significant 

effect on movie box office sales (Chintagunta et al., 2010; X. Zhang & Dellarocas, 2006; 

X. M. Zhang, 2006), video games sales (Zhu & Zhang, 2006, 2010), and hotel bookings 

(Ye et al., 2011).  Nevertheless, high disagreement in customer ratings may also 

represent a type of product which is not meant for mainstream market.  Thus, some 

types of customers may like it a lot, while others may not.  For instance, in her model 

Sun noted that “a high average rating indicates a high product quality, whereas a high 
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variance of ratings is associated with a niche product, one that some consumers love 

and others hate” (2012, p. 696). 

Nonetheless, even when variance as a main effect was non–significant, it was 

shown significant when taken together with the valence.  The greater agreement (low 

variance) of customer ratings can reinforce the valence (average) of ratings.  In contrast, 

the greater disagreement (high variance) of ratings can produce unreliable valence.  For 

example, if an app has ten 3–star ratings, the variance is very low (equal 0) and the 

valence (average) is consistently neutral (equal 3).  Conversely, if another app has ten 

ratings, out of which five are 5–star ratings and the other five are 1–star ratings, the 

variance is very high (equal 0.70), but the valence is still neutral (equal 3).  Both of these 

scenarios have the same valence, neutral average of 3–stars, but the overall variance, 

agreement or disagreement, on these apps is quite different.  In the already mentioned 

experiment on viewer’s preference for the movie, Khare and colleagues (2011) also 

looked at the interaction between valence and variance of ratings.  They concluded that 

high consensus (low variance) of ratings worsens negative valence and improves 

positive valence.  Sun (2012) also found that higher variance of ratings on Amazon.com 

improves the book’s relative sales ranks when the average rating is low, and hurts its 

relative sales when the average rating is high.  Therefore, following hypothesis suggests 

the interaction of valence and variance of ratings: 

H2e: Higher Valence of Customer Ratings together with lower Variance of 

Customer Ratings is positively associated with sales Rank. 

Customer Reviews valence is the overall tone of the customer reviews, 

measured based on the accompanied ratings scale out of five stars and coded as 

Favourable (4–5 stars), Neutral (3 stars), or Unfavourable (2–1 stars).  Count (volume) 

of customer reviews is the total number of all individual reviews (0 = no reviews). 

Much of the literature on word–of–mouth comes from the marketing field.  

However, advances of e–commerce and prevalence of online user reviews have initiated 

many information system studies on this subject.  For example, a series of studies by 

Duan, Gu, & A. Whinston (2005a, 2005b, 2006, 2009) investigated the effect of user 

reviews on popularity of online software downloads, as evident in the number of past 
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downloads.  They found that “online user ratings have no impact on online users’ choice 

of popular products, whereas ratings have a significant positive impact on the adoption 

of less popular products” (Duan et al., 2009, p. 44).  This is consistent with informational 

cascades theory where consumers tend to “ignore product information during 

informational cascades in adopting popular products” (Ibid.)  Other studies relevant to 

the current research were focused on signaling in the motion picture industry and were 

based on real–world data such as Duan, Gu, and Whinston (2008a, 2008b) and Liu 

(2006).  These studies found that the volume, not the valence, of word–of–mouth and 

online user reviews have significant impact on movies’ daily box office revenue.  Chen, 

Wu and Yoon (2004) showed that ratings are unrelated to online books sales, but 

instead the number of consumer reviews is positively associated with sales.  As well, 

they noted that as volume increases, the overall rating converges to more accurately 

reflect the quality (Ibid).  On the same subject, Chevalier and Mayzlin (2006) found that 

the number of user reviews on Amazon.com and BN.com has a significant effect on the 

online sales ranks of books. 

Moreover, Hu, Liu and Zhang (2008) tested the effect of online reviews on 

product sales at Amazon.com and found that “changes in online reviews are associated 

with changes in sales” (p. 211).  They distinguished between favourable and 

unfavourable news.  The favourable news had a positive effect on product sales; in 

contrast, unfavourable news had a negative effect on product sales.  Likewise, 

Dellarocas, Zhang and Awad (2007) showed that both volume and valence of customer 

reviews on Yahoo! Movies website influences movie box office sales.  They theorized 

that when more consumers discuss a product, as reflected in the volume of reviews, 

there is a higher chance that other consumers will became aware of it.  Additionally, 

valence in the form of “positive opinions will encourage other consumers to adopt a 

product whereas negative opinions will discourage them” (Dellarocas et al., 2007, p. 27). 

More recently, and in the same context as the current research, Lee and Raghu 

investigated the app survival rates in Top 300 Grossing charts in the US Apple App 

Store and found that “high–volume and high–user review scores have positive effects on 

apps’ sustainability” (2014, p. 133).  Furthermore, they concluded that “positive user 

reviews have the potential to increase product demand” (Ibid. p. 159) and are “more 
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highly associated with survival probability in the higher rank charts” (Ibid. p. 160).  In 

another mobile apps study, after comparing entertainment (i.e., Games) and non–

entertainment (i.e., Business) types of iPhone apps on the Top 300 Grossing charts, Yin, 

Davis, and Muzyrya (2014) realized that user reviews for non–entertainment apps are 

exceptionally important and “informative for attaining the market optimum, since 

consumers have aligned preferences for the ‘best’ product” (Ibid. p. 259).  Based on the 

previous research, following are hypotheses regarding the effects of customer reviews 

volume and valence on sales ranks of the mobile app: 

H3a: Higher Volume of Customer Reviews is positively associated with sales 

Rank. 

H3b: Higher Percent of Favourable Customer Reviews (4 and 5 stars) is 

positively associated with sales Rank. 

Finally, a combination of customer information signals is likely to have a stronger 

effect on the mobile app sales rank, when compared to each signal alone.  A recent 

survey of 278 mobile app users across the United States and South Korea uncovered 

that customer ratings and reviews are one of the main ways to improve application 

discoverability and increase app downloads in mobile app stores (Song et al., 2014).  

According to Chen, Wu and Yoon (2004), “consumers may put more weight on 

consumer ratings when the ratings are high and the numbers of reviews are large” (p. 

711).  Thus, a combination of signals represents a more objective recommendation: 

H4: Higher Percent of Favourable Customer Ratings (4 and 5 stars) 

together with higher Percent of Favourable Customer Reviews (4 and 

5 stars) is positively associated with sales Rank. 

3.3. Moderating Variables 

Considering that informational signals are proposed to have an effect on mobile 

sales ranks, it is important to know if there are any systematic patterns in the way 

customers share or acquire information.  Therefore, in the current research it is 

proposed that the relationship between app–related informational signals and app sales 
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ranks is moderated by culture–related factors which differ across App Stores in each 

country.  This study will evaluate how cultural differences affect the way informational 

signals, such as customer ratings and customer reviews, are shared and received by the 

customers in different countries.  The preceding literature suggests that the way in which 

people acquire and process information depends on their individualism/collectivism 

(Hofstede, 1991) and high/low context orientation (Hall, 1976).  Persons from 

individualistic countries are “I–conscious”, they actively acquire information from various 

sources, and favour “explicit verbal communication” (De Mooij & Hofstede, 2010, p. 89).  

In contrast, people from collectivistic countries are “we–conscious”, they acquire 

information from interpersonal sources, and prefer “indirect style of communication” 

(Ibid.) 

Individualism/collectivism values “show up over and over again in various 

theories and studies” (Gould, 2005, p. 114).  As such, one’s personal orientation as 

either more individual or group focused is a salient cultural value.  Besides Hofstede’s 

conceptualisation of individualism versus collectivism, other cultural theorists reference 

these two dimensions, such as Hall (1959, 1976), Schwartz (1999), and Triandis (1982, 

1989).  Given that the subject of this study is the sales ranks of mobile apps across 

multiple countries, the proposed research will utilize Hofstede’s scores for 30 countries, 

all ranked as high, medium, or low on the individualism/collectivism dimension.  High 

scores indicate individualistic tendencies, while low scores indicate collectivistic 

preferences in that country. 

Relevant to the informational signals context, Hall (1976) proposed that cultures 

can be differentiated based on the way in which people exchange information.  He 

recognized that different cultures use different degrees of context to convey meaning, 

where context includes both the actual messages and the information that surrounds the 

communication.  Hall defined high and low context communication based on the amount 

of information transmitted in the message.  In the high–context (HC) communication, 

more information is contained in the context, so less information needs to be explicitly 

stated to convey a meaning, “often based merely on symbols or pictures” (Hermeking, 

2006, p. 196).  Conversely, in the low–context (LC) communication, less information is 

stored in the context, so more information needs to be explicitly communicated, “often by 
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way of written text” (Hermeking, 2006, p. 196).  Hall (1976) suggests that higher context 

cultures need less information and prefer to receive this information in a symbolic form; 

whereas lower context cultures need more explicit information, preferably in a 

verbal/textual form.  In the app environment, customer star ratings offer more implicit 

information, with stars serving as a symbolic representation of app quality.  On the other 

hand, customer written reviews offer more explicit information in the form of textual 

comments, to provide more detailed account of app quality. 

3.3.1. Country Culture 

Country Culture represents each country’s overall cultural tendency based on 

Individualistic / Low–Context (IND) or Collectivistic / High–Context (COL) cultural 

dimensions.  Following is the development of hypothesis related to the moderating effect 

of culture on mobile app sales ranks.  It is expected that the effects of various 

information signals on mobile app Ranking will vary across Countries, as per 

Individualism (Low–Context) / Collectivism (High–Context) cultural dimensions. 

Hall (1976) stated that individualistic cultures engage in low–context 

communication which requires explicit statements, such as lengthy text–based 

messages to convey meanings.  Conversely, collectivistic cultures engage in high–

context communication which requires less explicit information, and rely on non–verbal 

cues to convey meanings.  Demonstrating these cultural differences, Usunier, Roulin 

and Ivens (2009) found that the amount of product information and clarity on supplier’s 

websites was negatively correlated with high–context (collectivistic) cultures and 

positively correlated with individualistic (low–context) cultures.  Taking into account that 

“high–context oriented individuals prefer less coded messages”, the explicit content of 

informational signals provided in e–commerce sites is likely to be less useful for 

collectivistic cultures, than for individualistic cultures (Zakour, 2004, p. 158).  A similar 

point was brought forward by Hermeking (2006) in his cross–cultural study of Internet 

consumption, where he indicated that low–context cultures have higher usage of the 

Internet than high–context cultures. 
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Considering that online customer reviews correspond to electronic word–of–

mouth (WOM) communication, the cultural communication style may affect the way 

consumers provide, as well as receive, online reviews.  Word–of–mouth is an “informal 

mode of communication between private parties concerning the evaluation of goods and 

services” (Chung & Darke, 2006, p. 270).  Fewer studies have explored WOM 

communications in cross–cultural environments (e.g., Cheung, Anitsal, & Anitsal, 2007; 

Chung & Darke, 2006; Fang, Zhang, Bao, & Zhu, 2013; Lai, He, Chou, & Zhou, 2013).  

In their two studies about the relationship between self–relevance and WOM, Chung and 

Darke (2006) compared the volume of WOM communications for two types of products, 

self–relevant and utilitarian.  They discovered that individualistic consumers provide 

more WOM communications for self–related products than for utilitarian ones, while 

collectivistic consumers provided less WOM communications regardless of the product 

type.  It should be noted that the proposed study deals with products that are more 

utilitarian in nature, as business mobile apps are designed to perform various business 

tasks. 

In their cross–cultural study on signals, Fang and colleagues (2013) compared 

the volume of customer reviews on American Amazon.com and Chinese Amazon.cn 

sites.  They found that customers in the United States “are more engaged in the online 

review system compared to consumers in China.  This is in accordance with the culture 

difference on the dimension of Individualism versus Collectivism between the US and 

China.” (Ibid. p. 212).  Lai and colleagues (2013) ran another study that compared 

Amazon.com with Amazon.cn reviews on various electronic products.  They also 

concluded that “American reviews are more likely to express their own opinions on 

products” (p. 109).  Based on the cultural frameworks and past studies, it is probable 

that customers from individualistic (low–context) countries will be more open to using the 

internet to share their opinions, in the form of customer ratings, when compared to 

collectivistic ones. 

H5a: Volume of Customer Ratings is expected to be higher in Individualistic 

(Low–Context) countries than in Collectivistic (High–Context) countries. 
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Cross–cultural studies often utilize questionnaires to collect data from 

participants located in different countries.  When analysing survey data, it is assumed 

that participant “answers are only based on the substantive meaning of the items to 

which they respond” (Harzing, 2006, p. 244).  However, it has been found that 

responses to these surveys can depend on the response style of participants, which 

refers to “respondent’s tendency to respond systematically to questionnaire items 

regardless of their content” (Ibid.) Survey instruments frequently contain definitive 

positive or negative statements with which participants agree/disagree using attitudinal 

5–point Likert–type scales ranging from strongly disagree to strongly agree (or similar 

scale anchors).  According to Harzing (2006), one of the most common response styles 

is “acquiescence (ARS) or disacquiescence (DRS) which is the tendency to agree or 

disagree with an item regardless of the content (p. 244).  Johnson, Kulesa, Llc, Cho, and 

Shavitt (2005) suggested that “acquiescence is a submissive response style that 

conveys agreeableness and deference to hierarchy, especially in contexts in which 

interpersonal or group harmony is important” (p. 266). 

Certain nation–level characteristics, such as cultural dimensions, were proven as 

predictors of response styles.  Culture–related factors most frequently cited in relation to 

the response style are Hofstede’s (2001) individualism/collectivism and Hall’s (1976) 

high/low–context cultural dimensions.  Collectivistic culture is characterized by 

interpersonal harmony, avoidance of confrontations and conformity behaviour, with less 

emphasis on the individual opinions (Hofstede, 2001) and greater ambiguity in 

communication (Hall, 1976).  Thus, it is expected that responses from collectivistic 

countries will reflect “either middle or slightly positive responses” (Harzing, 2006, p. 246).  

In contrast, people from individualistic cultures strive for clarity in the explicit verbal 

statements (Hall, 1976), and are accepting of confrontations because they are “less 

concerned with the consequences of expressing strong opinions” (Johnson et al., 2005, 

p. 267).  In her secondary data analysis of cross–national survey data that included 26 

nations, Harzing (2006) established that collectivistic countries are more agreeable and 

prefer middle response styles, while individualistic countries are more disagreeable and 

tend to have more extreme response styles.  Similar findings resulted from the Koh, Hu 

and Clemons (2010) study of movie reviews posted on IMDB.com (American) and 

Douban.com (Chinese) sites. 
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While some previous studies have looked at Likert–type response scales, this 

study will apply the same logic to the ranking scale, namely customer ratings.  Customer 

ratings are posted on a 5–point ranking scale, from 1–star (the lowest rating) to 5–stars 

(the highest rating).  Hence the following hypotheses: 

H5b: Percent of Favourable Customer Ratings (4 and 5 stars) is expected to 

be higher in Collectivistic countries than in Individualistic countries. 

H5c: Percent of Neutral Customer Ratings (3 stars) is expected to be higher 

in Collectivistic countries than in Individualistic countries. 

Similar to customer ratings, it is expected that customers from individualistic 

(low–context) countries will be more open to posting written customer reviews, when 

compared to collectivistic (high–context) countries.  In their meta–analysis study 

Oyserman, Coon, and Kemmelmeier (2002) summarized various definitions of 

individualistic and collectivistic cultures.  They stated that individualistic culture 

represents a “worldview that centralizes the personal—personal goals, personal 

uniqueness, and personal control—and peripheralizes the social” (p. 5).  Members of 

individualistic cultures openly express their personal opinions and emotions (e.g., I love 

this app), in order to attain their personal welfare (Argyle, Henderson, Bond, Iizuka, & 

Contarello, 1986; Markus & Kitayama, 1991).  On the other hand, collectivistic culture 

represents a “social way of being, oriented toward in–groups and away from out–groups” 

(Oyserman et al., 2002, p. 5).  This is a worldview that centralizes the social—group 

membership—and peripheralizes the self–importance.  Members of collectivistic cultures 

restrain their personal opinions and emotions in order to ensure in–group harmony 

(Argyle et al., 1986; H. S. Kim & Sherman, 2007; Markus & Kitayama, 1991).  In a series 

of studies, Kim and Sherman (2007) confirmed that self–expression is valued more in 

the United States (characterized by individualistic culture) then in East Asia (symbolized 

by collectivistic culture).  Thus: 

H6a: Volume of Customer Reviews is expected to be higher in Individualistic 

(Low–Context) countries than in Collectivistic (High–Context) countries. 
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Furthermore, personal self–expressions can have positive or negative valence 

(Chung & Darke, 2006).  Additionally, Cheung and colleagues (2007) explored the 

motivational factors that influence users from different cultures to initiate word–of–mouth 

communication.  They found that individualistic consumers (from the United States) were 

“strongly motivated by altruism to initiate negative WOM” (Ibid. p. 244), and were more 

likely to share negative experiences when compared to collectivistic consumers (from 

China).  This altruistic concern for others reflects the cultural orientation of consumers, 

where individualistic cultures respect and encourage personal opinion, as opposite to the 

collectivistic cultures, where “personal opinions do not exist—they are predetermined by 

the group” (Ibid.)  Previous research has found that people from collectivistic cultures 

tend to express themselves less negatively then people from individualistic cultures 

(Argyle et al., 1986), presumably because negative expressions decrease overall 

harmony in the group (Gudykunst & Ting-Toomey, 1988). 

Additionally, in the already mentioned cross–cultural study of signals, Fang and 

colleagues also compared the valence of book reviews on American Amazon.com and 

Chinese Amazon.cn sites and established that ”reviews provided by consumers in China 

are more positive” (2003, p. 212).  Chung and Darke (2006) too provided evidence that 

word–of–mouth valence depends on the culture, where individualist consumers had a 

greater tendency to “exaggerate” compared to the collectivist consumers (Chung & 

Darke, 2006, p. 276).  Similarly, Tsang and Prendergast (2009) looked at computer 

game reviews from a cross–cultural perspective.  They performed content analysis on 

written reviews and compared them to the final star ratings.  The analysis confirmed that 

“final ratings are a summary of the evaluative comments of the review–texts” (Ibid. p. 

686).  Moreover, they concluded that “Chinese reviews use fewer negative comments 

and give higher final ratings for the same set of products than their American 

counterparts” (Ibid. p. 686). 

Considering that customer reviews valence is based on the accompanied star 

ratings, coded as Favourable (4–5 stars), Neutral (3 stars), or Unfavourable (2–1 stars), 

the above mentioned reasoning concerning customer ratings can be applied to the 

subsequent hypotheses about customer reviews: 
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H6b: Percent of Favourable Customer Reviews (4 and 5 stars) is expected 

to be higher in Collectivistic countries than in Individualistic countries. 

H6c: Percent of Neutral Customer Reviews (3 stars) is expected to be higher 

in Collectivistic countries than in Individualistic countries. 

3.3.2. Country Clusters 

Another popular method of studying nation cultures is by grouping countries into 

clusters and then performing comparisons between country clusters.  These clusters 

provide a convenient way to analyze the similarities and differences between cultural 

groups (clusters) and to make meaningful generalizations about culture and leadership 

(House et al., 1999).  Cultural clusters are composed of countries that share many 

similarities, such as geographic location, language, religion, or “level of industrialization” 

(Ronen & Shenkar, 1985, p. 435).  Ronen and Shenkar (1985) based their clusters on 

three national–level dimensions: geography, language, and religion.  Geographical 

proximity is the most obvious way to group countries, as manifested in the names of the 

clusters.  One exception is the Anglo cluster that includes countries from various 

continents, primarily due to “colonization and immigration” (Ronen & Shenkar, 1985, p. 

444).  Most clusters also share a language that stems from the same language group.  

For example, the countries in the Anglo cluster speak English, Germanic Europe 

countries speak German, Latin American countries speak Spanish, Middle Eastern 

countries speak Arabic, Sub–Saharan African countries speak French, and Confucian 

Asian countries speak Chinese.  Religion is another factor that groups countries into 

separate clusters, and most countries in the “same clusters have religion in common” 

(Ibid. p. 446). 

Alternative way of clustering countries is based on cultural values dimensions, 

such as the ones offered by Hofstede (1984) or Schwartz (1999).  Ronen and Shenkar 

(1985) have defined the relative position of countries within their clusters based on 

Hofstede’s four indices: power distance, uncertainty avoidance, individualism, and 

masculinity.  Schwartz (1999) developed a new theory of cultural values to group nations 

and validated it with data from 49 countries around the world.  He identified three polar 

dimensions: “Conservatism versus Intellectual and Affective Autonomy; Hierarchy versus 
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Egalitarianism; and Mastery versus Harmony” (p. 23).  Out of these, conservatism 

parallels Hofstede’s collectivism dimension, and describes “cultural emphasis on 

maintenance of the status quo, propriety, and restraint of actions or inclinations that 

might disrupt the solidary group or the traditional order” (Ibid. p. 27).  The polar opposite 

of conservatism is autonomy, which mimics Hofstede’s individualism dimension, where 

“person is viewed as an autonomous, bounded entity who finds meaning in his or her 

own uniqueness, who seeks to express his or her own internal attributes (preferences, 

traits, feelings, motives) and is encouraged to do so” (Ibid.) 

The same approach was taken by the GLOBE studies, named for the Global 

Leadership and Organizational Behavior Effectiveness research program (House, 

Hanges, Javidan, Dorfman, & Gupta, 2004).  GLOBE researchers have established 

“nine attributes of cultures”: Uncertainty Avoidance, Power Distance, Collectivism I: 

Societal Emphasis on Collectivism, Collectivism II: Family Collectivistic Practices, 

Gender Egalitarianism, Assertiveness, Future Orientation, Performance Orientation, and 

Humane Orientation (House et al., 1999, p. 24).  Most of these dimensions reflect 

Hofstede’s constructs, where collectivism I and collectivism II both represent Hofstede’s 

individualism / collectivism dimension.  Collectivism I: Institutional (CI) is the “degree to 

which organizational and societal institutional practices encourage and reward collective 

distribution of resources and collective action”; while Collectivism II: In–Group (CG) is 

the “degree to which individuals express pride, loyalty, and cohesiveness in their 

organizations or families” (Ibid. p. 25).  Project GLOBE classified cultural clusters with 

regard to how they scored on each cultural dimension.  The high–score and low–score 

clusters were significantly higher or lower on particular cultural dimensions than other 

regions (Northouse, 2009).  Low CI scores reflect an individualistic emphasis and High 

CI scores reflect a collectivistic emphasis by means of laws, social programs or 

institutional practices.  High CG scores reflect group (family and/or organization) 

collectivism—pride in and loyalty to family and/or organization and family and/or 

organizational cohesiveness (House et al., 1999, p. 26). 

GLOBE researchers divided the data from the 62 countries they studied into ten 

regional clusters, similar to those by Ronen and Shenkar (1985) and Schwartz (1999).  

To create regional clusters, GLOBE researchers used prior research, common 
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language, geography, religion, and historical accounts.  Based on these factors, they 

grouped countries into ten distinct clusters: Anglo, Latin Europe, Nordic Europe, 

Germanic Europe, Eastern Europe, Latin America, Middle East, Sub–Saharan Africa, 

Southern Asia, and Confucian Asia.  These ten regional clusters were the groupings that 

were used in all of the GLOBE studies.  Based on the findings, the GLOBE clusters 

represented a valid and reliable way to differentiate countries of the world into ten 

distinct groups (Gupta, Hanges, & Dorfman, 2002). 

Countries in one cluster are more similar to each other than the countries outside 

their cluster.  Clusters allow researchers to “identify the extent, nature, and dynamics of 

cultural similarities and differences across the Globe” (Javidan & House, 2002, p. 1).  

“Clusters also help academicians by defining the extent to which results should be 

generalized to other countries” (Ronen & Shenkar, 1985, p. 435).  This study will employ 

the aforementioned GLOBE clustering procedure to group thirty selected countries into 

ten clusters. 

Utilizing the findings from previous research, this study combines individual 

country scores on Hofstede’s individualism dimension (IDV) together with GLOBE 

cluster scores on institutional collectivism (CI) and in–group collectivism (CG) into an 

overall cultural tendency for individualism/collectivism.  Preceding research has shown 

that the Anglo cluster (Ashkanasy, Trevor-Roberts, & Earnshaw, 2002) and Germanic 

Europe cluster (Szabo et al., 2002) have an individualistic orientation, while Southern 

Asia (Gupta, Surie, Javidan, & Chhokar, 2002), and Middle East (Kabasakal & Bodur, 

2002) clusters have collectivistic practices.  Eastern European countries are facing major 

challenges during the transition period from communism to market–based economies, 

while still having strong cultural practices with high family and group collectivism 

(Bakacsi, Sandor, Andras, & Viktor, 2002, p. 69), which makes them moderately 

collectivistic.  Latin European countries also have more within–cluster cultural 

differences.  Overall, they had moderate scores on most cultural dimensions, with a low 

score on institutional collectivism (Jesuino, 2002).  In Latin Europe, “[I]ndividuals are 

encouraged to watch out for themselves and to pursue individual goals rather than 

societal goals” (Northouse, 2009, p. 312), which makes this cluster moderately 

individualistic. 
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Country Clusters in this study are based on the GLOBE clustering procedure.  

Table 3 lists general cultural tendency for each country cluster.  Due to the 

inconsistencies between Hofstede’s IDV scores and GLOBE CI and CG scores, certain 

clusters are classified as moderate towards individualism or collectivism cultural 

tendency (as indicated in italics).  There is some discrepancy regarding the placement of 

certain countries in different clusters by Ronen and Shenkar (1985), Schwartz (1999), 

and the GLOBE project (House et al., 1999).  This research utilized the GLOBE clusters 

to place the selected thirty countries into their respective clusters, with three countries in 

each cluster.  Additionally, based on the research of Ronen and Shenkar (1985) and 

Schwartz (1999), GLOBE researchers have organized these ten clusters in a form of a 

wheel.  Cultural similarity is greatest among societies that constitute a cluster; cultural 

difference increases the farther clusters are apart on a wheel (House et al., 2004; Ronen 

& Shenkar, 1985; Schwartz, 1999).  Figure 5 depicts the cultural proximity applied in this 

research.  Refer to Appendix D which lists all 30 countries and cultural indices selected 

for this study. 

Table 3: Country Clusters & Cultural Tendencies 

COUNTRY CLUSTER CULTURAL TENDENCY* 

Anglo INDIVIDUALISTIC 

Nordic Europe INDIVIDUALISTIC 

Latin America COLLECTIVISTIC 

Southern Asia COLLECTIVISTIC 

Confucian Asia COLLECTIVISTIC 

Middle East COLLECTIVISTIC 

Eastern Europe COLLECTIVISTIC 

Sub–Saharan Africa COLLECTIVISTIC 

Latin Europe INDIVIDUALISTIC 

Germanic Europe INDIVIDUALISTIC 

* italics indicate country clusters with moderate cultural tendency 
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Figure 5: Country Clusters Wheel 

Countries shown in italics were added to the original GLOBE clusters, based on 

the information about the geographic location, language, religion, closeness to the 

original GLOBE countries, and ICT indicators (see the Methodology chapter for more 

details on the clustering procedure used in this study).  The classification of new 

countries into the existing clusters allows theoretical predictions for previously non–

researched nations. 

Similar to the proposed research, Cyr (2008b, 2013) combined the GLOBE 

clusters with Hofstede’s cultural dimensions for cross–cultural investigation of website 

design, trust, and culture.  Cyr examined eight countries spread into five clusters, each 

ranked as high, medium, or low on Hofstede’s uncertainty avoidance and 

individualism/collectivism cultural dimensions.  Based on the findings, Cyr recommended 
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the adoption of the GLOBE clustering framework for other cross–cultural studies.  

Building upon extant investigations, this study proposes to contribute to cross–cultural 

research by testing the existence of GLOBE clusters in thirty countries across the globe, 

including eight countries that were not previously included in the country clusters.  

Following are the hypotheses on the effect of various informational signals on mobile 

app sales Ranks which are expected to vary across Country Clusters, as well as per 

Individualism versus Collectivism cultural tendencies.  These are essentially the same 

as previous hypotheses 1 to 4, except here they are examined on the group level, within 

ten country clusters for two cultural dimensions of Individualism and Collectivism: 

H7a: The effect of Past Rank on the current sales Rank is likely to be very 

similar within the Countries in the same Country Cluster, as well as 

within the Country Clusters with the same cultural tendency for 

Individualism versus Collectivism. 

H7b: The effect of Valence of Customer Ratings on the sales Rank is likely 

to be very similar within the Countries in the same Country Cluster, as 

well as within the Country Clusters with the same cultural tendency for 

Individualism versus Collectivism. 

H7c: The effect of Volume of Customer Ratings on the sales Rank is likely to 

be very similar within the Countries in the same Country Cluster, as 

well as within the Country Clusters with the same cultural tendency for 

Individualism versus Collectivism. 

H7d: The interaction effect of Valence and Volume of Customer Ratings on 

the sales Rank is likely to be very similar within the Countries in the 

same Country Cluster, as well as within the Country Clusters with the 

same cultural tendency for Individualism versus Collectivism. 

H7e: The interaction effect of Valence of Customer Ratings and Variance of 

Customer Ratings on the sales Rank is likely to be very similar within 

the Countries in the same Country Cluster, as well as within the 

Country Clusters with the same cultural tendency for Individualism 

versus Collectivism. 
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H7f: The effect of Volume of Customer Reviews on the sales Rank is likely 

to be very similar within the Countries in the same Country Cluster, as 

well as within the Country Clusters with the same cultural tendency for 

Individualism versus Collectivism. 

H7g: The effect of Valence of Customer Reviews on the sales Rank is likely 

to be very similar within the Countries in the same Country Cluster, as 

well as within the Country Clusters with the same cultural tendency for 

Individualism versus Collectivism. 

H7h: The interaction effect of Valence of Customer Ratings and Valence of 

Customer Reviews on the sales Rank is likely to be very similar within 

the Countries in the same Country Cluster, as well as within the 

Country Clusters with the same cultural tendency for Individualism 

versus Collectivism. 

3.4. Research Model Summary 

In the previous chapter, the informational cascades model was extended using 

elements of signaling theory to construct the informational signals model.  This new 

model was then applied to the mobile apps market context, combining elements of 

observational actions (past ranks listed in top charts) and observable feedback 

(customer star ratings and written reviews) to explain the mobile apps sales ranks.  

Moreover, the conceptual framework introduced the cultural perspective, both on the 

country level (individualistic versus collectivistic culture) and on the country cluster level 

(ten global regional clusters).  Table 4 summarizes all hypotheses.  This research model 

is the first to integrate these constructs to paint a more complete picture of the global 

mobile apps marketplace. 
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Table 4: Summary of Hypotheses 

Observable Actions (Top Chart) 

H1 Higher Past Rank is positively associated with current sales Rank. 

Observable Feedback (Star Ratings and Written Reviews) 

H2a Higher Valence of Customer Ratings is positively associated with sales Rank. 

H2b Higher Percent of Favourable Customer Ratings (4 and 5 stars) is positively 

associated with sales Rank. 

H2c Higher Volume of Customer Ratings is positively associated with sales Rank. 

H2d Higher Valence of Customer Ratings together with higher Volume of Customer 

Ratings is positively associated with sales Rank. 

H2e Higher Valence of Customer Ratings together with lower Variance of Customer 

Ratings is positively associated with sales Rank. 

H3a Higher Volume of Customer Reviews is positively associated with sales Rank. 

H3b Higher Percent of Favourable Customer Reviews (4 and 5 stars) is positively 

associated with sales Rank. 

H4 Higher Percent of Favourable Customer Ratings (4 and 5 stars) together with 

higher Percent of Favourable Customer Reviews (4 and 5 stars) is positively 

associated with sales Rank. 

Country Culture (Individualistic vs. Collectivistic) 

H5a Volume of Customer Ratings is expected to be higher in Individualistic (Low–

Context) countries than in Collectivistic (High–Context) countries. 

H5b Percent of Favourable Customer Ratings (4 and 5 stars) is expected to be 

higher in Collectivistic countries than in Individualistic countries. 

H5c Percent of Neutral Customer Ratings (3 stars) is expected to be higher in 

Collectivistic countries than in Individualistic countries. 

H6a Volume of Customer Reviews is expected to be higher in Individualistic (Low–

Context) countries than in Collectivistic (High–Context) countries. 

H6b Percent of Favourable Customer Reviews (4 and 5 stars) is expected to be 

higher in Collectivistic countries than in Individualistic countries. 

H6c Percent of Neutral Customer Reviews (3 stars) is expected to be higher in 

Collectivistic countries than in Individualistic countries. 
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Country Clusters (10 Global Regions) 

H7a The effect of Past Rank on the current sales Rank is likely to be very similar 

within the Countries in the same Country Cluster, as well as within the Country 

Clusters with the same cultural tendency for Individualism versus Collectivism. 

H7b The effect of Valence of Customer Ratings on the sales Rank is likely to be very 

similar within the Countries in the same Country Cluster, as well as within the 

Country Clusters with the same cultural tendency for Individualism versus 

Collectivism. 

H7c The effect of Volume of Customer Ratings on the sales Rank is likely to be very 

similar within the Countries in the same Country Cluster, as well as within the 

Country Clusters with the same cultural tendency for Individualism versus 

Collectivism. 

H7d The interaction effect of Valence and Volume of Customer Ratings on the sales 

Rank is likely to be very similar within the Countries in the same Country 

Cluster, as well as within the Country Clusters with the same cultural tendency 

for Individualism versus Collectivism. 

H7e The interaction effect of Valence of Customer Ratings and Variance of 

Customer Ratings on the sales Rank is likely to be very similar within the 

Countries in the same Country Cluster, as well as within the Country Clusters 

with the same cultural tendency for Individualism versus Collectivism. 

H7f The effect of Volume of Customer Reviews on the sales Rank is likely to be 

very similar within the Countries in the same Country Cluster, as well as within 

the Country Clusters with the same cultural tendency for Individualism versus 

Collectivism. 

H7g The effect of Valence of Customer Reviews on the sales Rank is likely to be 

very similar within the Countries in the same Country Cluster, as well as within 

the Country Clusters with the same cultural tendency for Individualism versus 

Collectivism. 

H7h The interaction effect of Valence of Customer Ratings and Valence of Customer 

Reviews on the sales Rank is likely to be very similar within the Countries in the 

same Country Cluster, as well as within the Country Clusters with the same 

cultural tendency for Individualism versus Collectivism. 
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Chapter 4.  
 
Methodology 

In this chapter the research design and methodology employed in the study are 

described.  The intention of the research was to investigate the effect of informational 

signals on business smartphone apps sales ranks across multiple countries around the 

globe.  The study attempted to answer the earlier stated research questions using a 

mixed–methods approach. 

4.1. Research Design 

This research employed a repeated measures design to explore the effect of 

various information signals on mobile apps sales ranks.  In this study, each mobile app 

represented a different subject (IT artifact).  Information regarding app sales ranks, 

customer ratings and customer reviews was collected and measured daily, across all 

selected countries, and analyzed for each app (within–subjects analysis).  This was 

followed by cross–subject comparisons and contrasts (i.e., analyses between subjects) 

to provide richer insights regarding the informational signals and cross–cultural issues 

(Benbasat, Goldstein, & Mead, 1987).  Because informational signals affect sales ranks 

over time, this study applied the longitudinal approach. 

This study is best categorized as observational in that it deals with real market 

data outside the control of the investigator.  It deals with real–world data where it is not 

possible for the researcher to manipulate or control the testing environment.  The 

strategy employed was to select a large number of artifacts, evaluate collected data, and 

then remove artifacts where there were: 1) no changes in mobile apps sales ranks over 

time; 2) no customer ratings were found; or 3) no customer reviews were posted. 
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This research utilized a triangulation mixed–methods design, including 

explanatory and exploratory stages.  More specifically, using the terminology from 

Creswell and Clark (2007), the study followed the validating quantitative data model 

(triangulation design variant) where qualitative method (secondary phase) will be used to 

validate and expand the results from the quantitative method (primary phase).  Both 

quantitative (past sales ranks and customer ratings) and qualitative (textual customer 

reviews) data was collected from the online app stores.  Quantitative data was used for 

the explanatory phase of this study, as outlined in this dissertation.  The qualitative data 

will be analyzed in subsequent studies and will not be used in this thesis.  All market–

based collected data was stored in a single database created for this purpose.  At the 

end of the data collection phase, quantitative data was exported for further analysis 

using SAS ® Statistical Software version 9.3. 

Because informational cascades happen over time, this study applied a 

longitudinal approach.  The data was collected over a three month time period.  This 

period was determined to be long enough to allow observation of changes in the mobile 

app sales ranks, including the accounts of newly posted customer ratings and customer 

reviews.  More specifically, data was collected from the Apple App Stores on a daily 

basis for a period of 90 days, for each of 60 iPhone apps, and for each of 30 countries 

where individual app was listed.  The resulting panel data has a complicated structure 

where repeated measures occur in two dimensions, referred to as a doubly repeated 

measures (Littel, Milliken, Stroup, & Wolfinger, 1996, p. 130).  Most repeated measures 

happen in one dimension, such as Time.  In this case, repeated measures occur in two 

dimensions, namely Apps and Countries.  It is probable that observations on the same 

App are correlated, even though they are measured in different time intervals.  Similarly, 

observations from the same Country are likely to be correlated across different time 

periods.  It should be noted that Time (90 intervals) for this study is considered a 

continuous rather than classification factor. 
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4.2. Sample 

4.2.1. IT Artifacts – Mobile Apps 

The researcher collected market–based quantitative and qualitative data on 

information technology (IT) artifacts, namely mobile apps.  In order to explore the effects 

of various informational signals on mobile apps sales ranks across cultures, this 

research examines Apple iPhone Apps.  Apple mobile apps run on the iOS mobile 

operating system and can only be downloaded from the online Apple App Store.  Based 

on their content, the mobile apps are placed into multiple categories.  Each app can be 

assigned to only one category, which is determined by the developer when the app is 

submitted to the App Store.  Presently, there are 24 App Categories: Books, Business, 

Catalogues, Education, Entertainment, Finance, Food & Drink, Games, Health & 

Fitness, Kids, Lifestyle, Medical, Music, Navigation, News, Newsstand, Photo & Video, 

Productivity, Reference, Social Networking, Sports, Travel, Utilities, and Weather. 

As a benefit of real–world data analysis, the results have a high level of external 

validity.  However, this collection method is limited in the level of control against external 

“lurking” variables, such as third–party advertising, offline word–of–mouth, customers’ 

personal tastes, network effects, or availability of online services.  To control for external 

variables, only Paid iPhone apps from the Business category were selected for this 

study.  Business paid apps are one of the most stable categories of mobile apps 

(Distimo, 2010), and may be less affected by seasonal and other special events.  For 

example, the Sports category generated more downloads during the Winter Olympic 

Games (Distimo, 2014b).  Medical and Health & Fitness categories are prone to ups and 

downs following New Year’s resolutions (Ibid.)  Even the Finance category gets a boost 

during the tax season (Ibid.)  General business activities are also relatively similar 

around the world; business users utilize comparable software applications to accomplish 

same business tasks.  Analogous to the common software productivity tools, users 

worldwide utilize similar business mobile apps to perform standard business tasks (e.g., 

calendars, task lists, business card readers, etc.)  This study explores apps with general 

business–related content, such as contacts management, file management, time 

management, voice recording, and editing tools.  These apps are selected because they 
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represent stand–alone applications, and they do not rely on any external services that 

are country dependent as this may prevent usage in certain countries.  Further, these 

apps can be used to perform common business activities that are expected to be 

comparable across multiple countries. 

The majority of mobile apps are free to download, while other apps must be 

purchased prior to download.  When this study commenced in 2011, the average price 

for paid apps was US $3.64, and 37% of all apps were free to download (Gigaom, 2011).  

Since then, the prices have decreased as many developers now monetize by offering 

free apps with in–app purchases, also known as freemium business model.  For 

example, the latest average price in US App Store on March 2015 was $1.19, with 

games averaging $0.65 and non–games $1.34 (Pocket Gamer, 2015).  Furthermore, 

Business apps tend to have higher prices than average apps.  According to Distimo 

(2011), in the iPhone App Store the average app listing price in July 2011 was US $3.84, 

while the average price for most popular apps was US $1.76.  The most expensive apps 

were in Navigation category US $8.58, followed by Business US $5.00, and Productivity 

apps US $4.60.  Most expensive categories across all mobile stores were navigation, 

business, productivity, and medical.  To account for a wide range of prices, the 

maximum price for sampled apps was US $9.99.  Prices listed in different countries 

represent the converted US price to the native currency.  Since apps might go on sale 

from time to time, their price will vary, including the possibility of free days where the 

price will be equivalent to zero.  In the context of mobile apps, a temporarily price drop is 

likely to induce greater number of downloads, which in turn will improve the app sales 

rank.  To control for this potential influence on the sales ranks, only the apps which did 

not change in price during the data collection period were reserved for analysis. 

Additionally, before an app can be used, it must be downloaded and installed on 

the smartphone, and since the amount of memory storage in smartphones is limited, the 

app size is important.  Most smartphones come with 1GB or 2GB of built–in storage and 

some allow use of additional memory cards.  The subject of this research, Apple iPhone, 

was initially available with 4GB or 8GB of internal storage.  In 2008, the 16GB model 

was released, and later the 32GB model became available.  Currently, 32GB is the 

largest size of the internal memory storage for iPhone, and these smartphones do not 
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support memory expansion by using external memory cards.  Considering that one 

Gigabyte (GB) equals about 1,000 Megabytes (MB), if the app has a large size, for 

example greater than 50MB, users might not be willing to purchase and install such app.  

Some apps are hundreds of Megabytes, with certain ones being larger than one 

Gigabyte.  When considering that smartphones have cameras, plus capability to play 

music and videos, their memory can be filled very quickly with photos, songs, and 

videos, which does not leave much room for the applications.  Consequently, for this 

study, only apps of moderate size were selected, from 0.1MB to 25MB. 

Lastly, the age of a product can affect its sales.  For example, if majority of 

customers in one marketplace have already purchased a particular mobile app, it is likely 

that this app will have fewer sales in the future.  Therefore, the mixture of older and 

newer apps was chosen for this research.  Out of sixty selected apps, twenty were 

released in year 2008, twenty-nine were released in 2009, and eleven were released 

more recently in 2010. 

Appendix C lists all 60 Business iPhone paid apps sampled in this research.  The 

list includes mobile app icon, name, unique ID, content, developer’s name, release date, 

size in Megabytes, and US dollar price.  After the collection period, a subset of 30 apps 

was retained for further data analysis.  Table 5 lists the final sample of 30 business apps 

selected for the analysis.  The average price for the selected apps was US $4.39.  The 

Missing Countries column indicates the two letter country codes for the App Stores 

where the particular app was not listed during the data collection period.  The Age 

column classifies apps based on the number of months since their initial release: less 

than 6 months, 6–12 months, 13–18 months, 19–24 months, and 25–30 months. 
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Table 5: IT Artifacts – Mobile Apps Sample 

# AppName 
Missing 

Countries 
Age 

Price  
US$ 

Size  
MB 

1 WorldCard Mobile 
 

3 5.99 6.0 

2 Office² 
 

2 5.99 8.0 

3 Scanner Pro 
 

3 6.99 13.0 

4 PDF Reader Pro 
 

4 0.99 10.2 

5 FileApp Pro 
 

2 0.99 3.7 

6 Recorder Pro NE 5 0.99 1.0 

7 QuickVoice2Text Email ML 4 2.99 0.4 

8 AudioNote PK 2 4.99 2.5 

9 Air Sharing Pro NE 4 6.99 14.1 

10 CamCard NE 3 6.99 15.4 

11 Business Card Reader ML 3 5.99 18.1 

12 ScanBizCards Business Card Reader ML 3 6.99 13.3 

13 FTP On The Go PRO SN 2 9.99 2.9 

14 My Eyes Only ML 5 5.99 7.8 

15 PDF Reader Pro Edition NE,SN 3 1.99 5.1 

16 ABBYY Business Card Reader NE,SN 3 9.99 21.3 

17 PDF Expert ML,SN 3 4.99 3.8 

18 Folders NE,SN 5 1.99 0.3 

19 Cardreader ML,NE 3 3.99 14.7 

20 iTalk Recorder Premium ML,SN 5 1.99 3.2 

21 Record – Voice Recorder ML,SN 5 1.99 0.7 

22 Ultimate Voice Recorder NE,SN 5 6.99 2.9 

23 Smart Dial ML,NE,SN 5 2.99 0.3 

24 Spreadsheet ML,NE,SN 5 5.99 7.9 

25 Task PRO ML,NE,SN 4 1.99 2.8 

26 Tap Forms Database ML,NE,SN 5 6.99 11.3 

27 To–Do List ML,NE,SN 5 0.99 1.0 

28 iRecorder Pro ML,NE,SN 5 2.99 0.3 

29 Voxie Pro Recorder ML,NE,SN 5 1.99 2.8 

30 vCard Mailer ML,NE,SN 5 0.99 0.2 

Missing Countries: ML = Mali, NE = Niger, PK = Pakistan, SN = Senegal 
Age: 1 = less than 6 months, 2 = 6–12 mnts, 3 = 13–18 mnts, 4 = 19–24 mnts, 5 = 25–30 mnts 
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4.2.2. Countries 

In order to perform in depth cross–cultural comparisons, this study included 

multiple countries.  Only countries with available scores on Hofstede’s individualism 

cultural dimension were sampled.  At the time of data collection, there were App Stores 

in 90 countries around the world, of which 30 were sampled for this study in a way that 

represents all regions of the world.  Countries were chosen based on their Individualism 

Score (IDV) as published in Hofstede and Bond (1988).  Of 53 original countries ranked 

on individualism/collectivism (IDV*) each country is ranked in the current investigation as 

High (top third, 1–17), Medium (medium third, 18–34), or Low (bottom third, 35–53).  

Similar types of rankings were previously utilized by Cyr and colleagues (Cyr, 2013; Cyr 

et al., 2005; Cyr, Head, & Larios, 2010; Cyr & Trevor-Smith, 2004).  Appendix D lists all 

thirty countries used in this study, including their cultural dimensions. 

4.2.3. Country Clusters 

This study utilized the GLOBE clustering procedure to group 30 selected 

countries into 10 regional clusters, with three countries in each cluster (House et al., 

1999).  Each of the countries within a same cluster also has a similar Individualism 

Score (IDV).  A high IDV score indicates individualistic tendencies, while a low IDV score 

denotes collectivistic culture.  Other cultural dimensions used to classify these countries 

come from the GLOBE study (House et al., 2004): Collectivism I/Institutional (CI) and 

Collectivism II/In–Group (CG).  A low CI score denotes individualistic tendencies, while a 

high CI score indicates collectivistic culture.  Lastly, a high CG score signifies a 

collectivistic culture.  The last column (IC) combines all culture dimensions indices into a 

general cultural tendency for each country cluster, Individualistic (IND) or Collectivistic 

(COL).  Appendix D lists all thirty countries used in this study, including their clusters, 

and cultural dimensions.  Countries shown in italics were added to the original GLOBE 

clusters, based on the information about the geographic location, language, religion, and 

overall similarity to the original GLOBE countries. 
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Anglo cluster consists of Australia, Canada, and United States.  All of these 

countries have English as one of their official languages, since they were all British 

Colonies.  Further, they all have very high IDV scores (respectively 90, 80, and 91), 

indicating that they are extremely Individualistic. 

Nordic Europe cluster consists of Denmark, Norway, and Sweden.  Norway was 

added to this GLOBE cluster, based on the other Northern European countries that were 

included in the original GLOBE cluster (Denmark, Finland, and Sweden).  All of these 

countries have the same geographic location, Northern Europe.  They all speak different 

languages, but have a very similar cultural background.  These countries also have high 

IDV scores (respectively 74, 69, and 71), which makes them strongly Individualistic. 

Latin America cluster consists of Colombia, Peru, and Venezuela.  Peru was 

added to this GLOBE cluster, based on the other South American countries that were 

included in the original GLOBE cluster (Colombia, Ecuador, and Venezuela).  All of 

these countries have Spanish as one of their official languages, since they were all 

Spanish Colonies.  These countries also have very similar low IDV scores (respectively 

13, 16, and 12), which makes them extremely Collectivistic. 

Southern Asia cluster consists of Indonesia, Pakistan, and Thailand.  Pakistan 

was added to this GLOBE cluster, based on the other Southern Asian country that was 

included in the original GLOBE cluster (India).  All of these countries have close 

geographic location, Southern/Southeastern Asia.  These countries also have similar low 

IDV scores (respectively 14, 14, and 20), which makes them strongly Collectivistic.  Note 

that since India has much higher IDV score (48) than the rest of these countries, it was 

not selected for this cluster. 

Confucian Asia cluster consists of Hong Kong, Singapore, and Taiwan.  All of 

these countries have close geographic location, Eastern/Southeastern Asia.  All of these 

countries have Chinese as one of their official languages.  These countries have similar 

low IDV scores (respectively 25, 20, and 17), indicating that they are strongly 

Collectivistic.  However, the slightly lower than average CI and CG scores for Hong 

Kong are indicating that this country is leaning towards Individualistic practices and 

values, making it overall moderately Collectivistic. 
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Middle East cluster consists of Kuwait, Qatar, and United Arab Emirates.  The 

United Arab Emirates was added to this GLOBE cluster, based on the other Middle 

Eastern countries that were included in the original GLOBE cluster (Kuwait and Qatar).  

All of these countries have close geographic location, Western Asia.  All of these 

countries have Arabic as their official language and English as their other language.  

These countries have similar medium–low IDV scores (respectively 25, 38, and 25), 

indicating that they are moderately Collectivistic.  Qatar’s IDV score is based on the 

original Arabic Countries Region IDV score of 38, while Kuwait and United Arab 

Emirates have updated IDV scores of 25 on The Hofstede Centre website (geert-

hofstede.com). 

Eastern Europe cluster consists of Croatia, Greece, and Slovenia.  Croatia was 

added to the original GLOBE cluster, based on the fact that both Croatia and Slovenia 

are ex–Yugoslavian provinces.  All of these countries have the same geographic 

location, Southern Europe.  They all speak different languages, but have a very similar 

cultural background.  These countries have similar medium–low IDV scores (respectively 

33, 35, and 27), indicating that they are moderately Collectivistic. 

Sub–Saharan Africa cluster consists of Mali, Niger, and Senegal.  All three 

countries were added to this GLOBE cluster, based on the other Western African 

country that was included in the original GLOBE cluster (Nigeria).  All of these countries 

have the same geographic location, Western Africa.  All of these countries have French 

as their official languages.  These countries also have similar low IDV, which makes 

them Collectivistic.  Mali and Niger IDV scores are based on the original West Africa IDV 

score of 20, while Senegal has updated IDV score of 25 on The Hofstede Centre 

website (geert-hofstede.com).  Another reason to select these three countries to 

represent the Sub–Saharan Africa cluster is that their Information and Communication 

Technologies (ICT) Indicators for 2011 in the ITU World Telecommunication / ICT 

Indicators Database were relatively similar (www.itu.int).  Finally, Nigeria was not listed 

in the Apple App Store at the time of this study, thus it could not be selected for this 

cluster. 
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Latin Europe cluster consist of France, Italy, and Spain. All of these countries 

have close geographic location, Western/Southern Europe.  They all speak languages 

from the Romanic language group, and have a very similar cultural background.  These 

countries have mostly high IDV scores, with the exception of Spain which is on mid–level 

(respectively 71, 76, and 51), indicating that they are Individualistic, with Spain having 

more moderate tendencies. 

Germanic Europe cluster consist of Germany, Netherlands, and Switzerland.  

All of these countries have the same geographic location, Western Europe.  They all 

speak languages from the Germanic language group, and have a very similar cultural 

background.  These countries also have high IDV scores (respectively 67, 80, and 68), 

indicating that they are strongly Individualistic. 

4.3. Data Collection 

4.3.1. Research Database Setup 

Real–market publicly available data was collected from the iPhone Apple App 

Stores from February 10th 2011 to May 10th 2011.  All data was stored in a single 

database created for this purpose.  Appendix E provides documentation on all tables in 

the data collection database, including data fields and descriptions.  To test the data 

collection procedure, preliminary data was collected and stored in the database.  

Adjustments to this procedure were made as necessary to ensure the data collection 

efficiency.  Sample data is provided in Appendices F to H.  The following sections 

describe the collection procedure for all constructs in this study. 

4.3.2. Informational Signals 

Observable Actions 

App Ranking data was collected on a daily basis.  The sales ranks for each of 

60 selected apps were collected from the Applyzer (http://www.applyzer.com) and App 

Annie (http://www.appannie.com) websites.  These sites list ranks for individual apps 
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across all available App Stores/countries around the world.  Certain apps may not be 

ranked in certain countries.  Daily collected data was stored in separate spreadsheets 

and then imported into the AppRanks table in the research database.  The highest Top 

Rank is one (1).  The table also indicates the position of the app on the Top Charts: 25 

(rank 1–25), 50 (rank 26–50), 75 (rank 51–75), 100 (rank 76–100), 200 (rank 101–200), 

1000 (rank 201–1000), 1001 (not ranked in top 1000).  The 1001 Top Chart rank 

indicates that the app was not ranked in the top 1000 for that particular day, in that 

particular country; however, the app was available in that App Store.  If the app was not 

available in the App Store, no observation was recorded.  See Appendix F for an 

example of collected sales ranks data for one app on one day (February 20th 2011). 

Observable Feedback 

App Ratings data was collected on a daily basis.  Ratings are posted by the 

customers in the form of stars.  One star is the lowest, while five stars is the highest 

rating.  The stars counts are cumulative, and they are visually represented on the App 

Store.  A custom–built Java application was used to collect customer stars ratings 

information for all 60 selected apps across all 30 selected App Stores/countries.  Daily 

collected data was stored in separate spreadsheets and then imported into the 

AppsRatings table in the research database.  See Appendix G for an example of 

collected customer ratings data for one app on one day (February 20th 2011). 

App Reviews data was collected when new reviews were added to individual 

apps.  Reviews are posted by the customer in the form of written comments.  They are 

also accompanied with the star rating.  This star rating was used to code the reviews as 

favourable, neutral, or unfavourable.  A custom–built application was used to collect 

customer reviews for all 60 selected apps across all 30 selected App Stores/countries.  

Collected data was stored in a separate spreadsheet for each application and then 

imported into the AppsReviews table.  Considering that all written reviews from the initial 

release of the apps were collected—for the first phase of the study—the amount of 

coded reviews was limited to 100 prior to the start of data collection.  It is assumed that 

the users will not likely read more than the last 100 written reviews for any given app.  

See Appendix H for an example of collected customer reviews data for one app during 

three days (February 18th – February 20th 2011). 
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Chapter 5.  
 
Data Analysis 

As previously noted, both quantitative (app sales ranks and customer star 

ratings) and qualitative (written customer reviews) data were collected from the online 

app stores.  Quantitative data was analyzed using statistical methods in order to confirm 

the proposed research model and to explain the relationship between various 

informational signals and mobile app sales ranks.  Collected data was exported from the 

database and coded for statistical analysis.  Appendix I lists all data variables used in 

the analysis. 

5.1. Quantitative Analysis 

Statistical analyses were carried out using SAS ® Statistical Software version 

9.3.  Before proceeding to the analysis, model assumptions were checked.  The models 

assume that residuals are normally distributed random variables centered at zero with 

constant variance.  Due to a very large dataset (76,590 observations), any Studentized 

Residuals greater than 2.5, or lesser than -2.0, were considered to be outliers.  The 

remaining dataset consists of 72,811 observations.  The normality test performed on the 

randomized subset (n=100) of the dataset without these outliers confirmed the normal 

distribution.  The final models were fit with and without the outliers included to determine 

if the points were influential.  If they were influential (i.e., type 3 tests results changed), 

the analysis was reported with and without these outliers. 



 

67 

5.1.1. Preliminary Tests 

Several statistical tests were used to assess whether data are likely from a 

normal distribution.  Each of these tests for normality is essentially a goodness–of–fit 

test and compares observed data to quartiles of the normal distribution (Hair, Black, 

Babin, Anderson, & Tatham, 2006).  The null hypothesis tests if the data follow a normal 

distribution.  If the test is statistically significant (e.g., p-value < 0.05), then the null 

hypothesis is rejected and the distribution is not normal.  Conversely, if the p-value is 

greater than the traditional 0.05, the null hypothesis is accepted, meaning that the 

distribution is normal.  All tests for normality applied on the random sample confirmed 

that data set without outliers are normally distributed.  See Appendix J for detailed 

results of the normality test. 

5.1.2. Descriptive Statistics 

Further analysis was performed on the data set without outliers.  Table 6 

highlights the descriptive statistics of data set retained for the quantitative analysis. 

Table 6: Descriptive Statistics 

Variable N Mean Median Std Dev Minimum Maximum 

Rank 72441 115.15 42 240.22 2 1001 

Stars1 37166 38.54 8 110.81 1 1115 

Stars2 33414 20.19 4 56.36 1 515 

Stars3 34439 28.19 5 80.66 1 987 

Stars4 34659 27.80 6 75.02 1 859 

Stars5 36419 43.93 7 132.97 1 1613 

Stars1Pct 37166 29% 27% 14% 2% 100% 

Stars2Pct 33414 14% 13% 7% 1% 43% 

Stars3Pct 34439 18% 17% 9% 2% 80% 

Stars4Pct 34659 20% 18% 10% 3% 78% 

Stars5Pct 36419 28% 26% 14% 4% 82% 

UStarsPct 38198 41% 39% 17% 3% 100% 

FStarsPct 37815 45% 44% 17% 4% 100% 

StarsCnt 38701 145.77 28 414.56 5 4424 
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Variable N Mean Median Std Dev Minimum Maximum 

StarsAvg 38701 3.01 3.06 0.59 1 4.75 

StarsCV 38611 51% 50% 12% 11% 91% 

URevCnt 32750 6.45 3 9.84 1 103 

NRevCnt 22433 3.62 2 4.35 1 59 

FRevCnt 37114 13.21 4 25.52 1 500 

URevPct 32750 44% 33% 28% 3% 100% 

NRevPct 22433 24% 17% 24% 1% 100% 

FRevPct 37114 65% 65% 24% 13% 100% 

RevCnt 43862 17.85 5 33.48 1 633 
 

Table 7 summarizes frequencies per culture (individualistic and collectivistic), 

Table 8 gives frequencies per each cluster (10 in total, each categorized as 

individualistic or collectivistic), Table 9 covers all countries (30 in total), and Table 10 

outlines each app (30 in total). 

Table 7: Frequencies per Culture 

CULTURE (INDCOL) Frequency Percent 
Cumulative Cumulative 

Frequency Percent 

COL (Collectivistic) 42204 57.96 42204 57.96 

IND (Individualistic) 30607 42.04 72811 100.00 
 

Table 8: Frequencies per Cluster 

CLUSTER (CINDCOL) Frequency Percent 
Cumulative Cumulative 

Frequency Percent 

1IND (Anglo) 7734 10.62 7734 10.62 

2IND (Confucian Asia) 7645 10.50 15379 21.12 

3COL (Eastern Europe) 7739 10.63 23118 31.75 

4COL (Germanic Europe) 7857 10.79 30975 42.54 

5COL (Latin America) 7629 10.48 38604 53.02 

6COL (Latin Europe) 7819 10.74 46423 63.76 

7COL (Middle East) 7758 10.65 54181 74.41 

8COL (Nordic Europe) 3402 4.67 57583 79.09 

9IND (Southern Asia) 7701 10.58 65284 89.66 

10IND (Sub-Saharan Africa) 7527 10.34 72811 100.00 
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Table 9: Frequencies per Country 

COUNTRY ID (Name) Frequency Percent 
Cumulative Cumulative 

Frequency Percent 

AE (Australia) 2535 3.48 2535 3.48 

AU (Canada) 2554 3.51 5089 6.99 

CA (Colombia) 2601 3.57 7690 10.56 

CH (Croatia) 2512 3.45 10202 14.01 

CO (Denmark) 2575 3.54 12777 17.55 

DE (France) 2515 3.45 15292 21.00 

DK (Germany) 2516 3.46 17808 24.46 

ES (Greece) 2611 3.59 20419 28.04 

FR (Hong Kong) 2500 3.43 22919 31.48 

GR (Indonesia) 2579 3.54 25498 35.02 

HK (Italy) 2595 3.56 28093 38.58 

HR (Kuwait) 2578 3.54 30671 42.12 

ID (Mali) 2649 3.64 33320 45.76 

IT (Netherlands) 2590 3.56 35910 49.32 

KW (Niger) 2677 3.68 38587 53.00 

ML (Norway) 1112 1.53 39699 54.52 

NE (Pakistan) 1187 1.63 40886 56.15 

NL (Peru) 2500 3.43 43386 59.59 

NO (Qatar) 2547 3.50 45933 63.09 

PE (Senegal) 2544 3.49 48477 66.58 

PK (Singapore) 2576 3.54 51053 70.12 

QA (Slovenia) 2607 3.58 53660 73.70 

SE (Spain) 2582 3.55 56242 77.24 

SG (Sweden) 2426 3.33 58668 80.58 

SI (Switzerland) 2601 3.57 61269 84.15 

SN (Taiwan) 1103 1.51 62372 85.66 

TH (Thailand) 2632 3.61 65004 89.28 

TW (United Arab Emirates) 2608 3.58 67612 92.86 

US (United States) 2579 3.54 70191 96.40 

VE (Venezuela) 2620 3.60 72811 100.00 
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Table 10: Frequencies per App 

APP (Name) Frequency Percent 
Cumulative Cumulative 

Frequency Percent 

1 (ABBYY Business Card Reader) 2455 3.37 2455 3.37 

2 (Air Sharing Pro) 2595 3.56 5050 6.94 

3 (AudioNote) 2136 2.93 7186 9.87 

4 (Business Card Reader) 1908 2.62 9094 12.49 

5 (CamCard) 2625 3.61 11719 16.10 

6 (Cardreader) 2567 3.53 14286 19.62 

7 (FTP On The Go PRO) 2600 3.57 16886 23.19 

8 (FileApp Pro) 2573 3.53 19459 26.73 

9 (Folders) 2511 3.45 21970 30.17 

10 (My Eyes Only) 2299 3.16 24269 33.33 

11 (Office²) 1885 2.59 26154 35.92 

12 (PDF Expert) 2561 3.52 28715 39.44 

13 (PDF Reader Pro) 2610 3.58 31325 43.02 

14 (PDF Reader Pro Edition) 2599 3.57 33924 46.59 

15 (QuickVoice2Text Email) 2481 3.41 36405 50.00 

16 (Record – Voice Recorder) 2443 3.36 38848 53.35 

17 (Recorder Pro) 2515 3.45 41363 56.81 

18 (ScanBizCards) 2355 3.23 43718 60.04 

19 (Scanner Pro) 2306 3.17 46024 63.21 

20 (Smart Dial) 2486 3.41 48510 66.62 

21 (Spreadsheet) 2510 3.45 51020 70.07 

22 (Tap Forms Database) 2516 3.46 53536 73.53 

23 (Task PRO) 2425 3.33 55961 76.86 

24 (To–Do List) 2367 3.25 58328 80.11 

25 (Ultimate Voice Recorder) 2429 3.34 60757 83.44 

26 (Voxie Pro Recorder) 2353 3.23 63110 86.68 

27 (WorldCard Mobile) 2422 3.33 65532 90.00 

28 (iRecorder Pro) 2425 3.33 67957 93.33 

29 (iTalk Recorder Premium) 2425 3.33 70382 96.66 

30 (vCard Mailer) 2429 3.34 72811 100.00 
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Table 11 shows descriptive statistics on all types of signals, as categorized by 

Top Charts.  The Rank data covers full data collection period of 90 days.  Other signals 

(customer star ratings and reviews) indicate the final collection point, since the daily 

records are cumulative and include all up–to–date star ratings and reviews.  See 

Appendix K for the summary statistics on signals categorized by Age, Culture, and 

Cluster. 

Table 11: All Signals by Top Chart (T=90) 

SIGNALS 
TopChart 

25 50 75 100 200 1000 1001 

Rank* 

N 23255 18119 10847 6352 8086 1028 4754 

Mean 13 37 62 87 131 305 1001 

Median 12 37 61 87 126 251 1001 

Std 7 7 7 7 24 122 0 

Stars1 

N 141 97 54 40 46 20 9 

Sum 7078 3567 2426 633 1738 694 114 

Mean 50 37 45 16 38 35 13 

Stars2 

N 127 87 49 37 44 19 9 

Sum 3003 1881 1142 330 734 485 56 

Mean 24 22 23 9 17 26 6 

Stars3 

N 130 93 52 38 43 19 7 

Sum 4343 2753 1459 569 1189 583 79 

Mean 33 30 28 15 28 31 11 

Stars4 

N 134 87 52 36 43 20 9 

Sum 5233 2303 1258 652 1087 440 61 

Mean 39 26 24 18 25 22 7 

Stars5 

N 142 93 53 39 45 20 9 

Sum 9312 3838 2023 1050 1688 567 101 

Mean 66 41 38 27 38 28 11 

Stars1Pct Mean 26% 30% 29% 33% 32% 29% 29% 

Stars2Pct Mean 13% 14% 14% 15% 14% 16% 15% 

Stars3Pct Mean 16% 20% 19% 18% 16% 20% 22% 

Stars4Pct Mean 20% 20% 19% 18% 19% 18% 17% 

Stars5Pct Mean 32% 26% 29% 29% 23% 23% 22% 

UStarsPct Mean 36% 42% 40% 43% 45% 43% 44% 

FStarsPct Mean 51% 42% 45% 43% 40% 40% 39% 
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SIGNALS 
TopChart 

25 50 75 100 200 1000 1001 

StarsCnt 

N 146 101 58 43 46 21 9 

Sum 28969 14342 8308 3234 6436 2769 411 

Mean 198 142 143 75 140 132 46 

Median 33 35 32 16 33 19 36 

StarsAvg 

Mean 3.20 2.94 3.04 2.94 2.84 2.91 2.88 

Median 3.17 3.04 3.03 3.13 2.97 2.84 2.71 

Std 0.55 0.60 0.63 0.67 0.57 0.48 0.51 

Min 1.40 1.38 1.50 1.00 1.63 1.83 2.39 

Max 4.65 4.63 4.17 4.00 3.83 3.63 3.93 

StarsCV 

Mean 49% 51% 49% 53% 54% 53% 53% 

Median 49% 50% 50% 51% 52% 51% 54% 

Min 12% 18% 24% 33% 36% 36% 36% 

Max 75% 91% 70% 84% 87% 68% 66% 

URevCnt 

N 118 89 47 42 44 14 9 

Sum 1156 450 336 171 293 118 27 

Mean 10 5 7 4 7 8 3 

Median 4 2 3 3 3 4 3 

NRevCnt 

N 84 65 33 25 27 11 7 

Sum 409 228 130 69 105 42 23 

Mean 5 4 4 3 4 4 3 

Median 2 2 3 2 2 1 3 

FRevCnt 

N 146 106 56 37 48 15 9 

Sum 3449 1159 699 450 494 127 50 

Mean 24 11 12 12 10 8 6 

Median 6 3 4 2 4 4 3 

URevPct Mean 40% 41% 44% 52% 50% 47% 31% 

NRevPct Mean 18% 22% 28% 31% 22% 25% 28% 

FRevPct Mean 70% 67% 66% 61% 60% 58% 47% 

RevCnt 

N 164 122 67 52 57 18 9 

Sum 5014 1837 1165 690 892 287 100 

Mean 31 15 17 13 16 16 11 

Median 7 5 5 3 6 6 9 

* Rank (T=ALL) 
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5.2. Results of Hypothesis Testing 

This section first summarizes all hypotheses as per their focus on Past Rank, 

Volume, Valence, and/or Variance of customer Ratings and Reviews (listed as columns 

in Table 12).  Additionally, Table 12 notes which hypotheses are based on the Culture 

level (INDCOL) or the Country Cluster level (CINDCOL).  Culture has two levels, 

individualistic or collectivistic (IND or COL).  Country Clusters have ten levels, with each 

cluster classified as individualistic or collectivistic (1IND, 2IND, 3COL, 4COL, 5COL, 

6COL, 7COL, 8COL, 9IND, 10IND).  This section also includes testing procedures and 

summary of results for each hypothesis.  All hypotheses were supported by the findings.  

The full statistical results of all tests are included in Appendix L. 

The primary statistical procedures used to analyze data in this study were 

analysis of variance (ANOVA) and analysis of covariance (ANCOVA).  While ANOVA is 

used to analyze the impact of one or more categorical independent variables on a 

continuous dependent variable, ANCOVA is a multivariate statistical procedure where 

the dependent variable is continuous and the independent variables can be a mixture of 

categorical and continuous variables.  ANCOVA can also provide statistical control when 

experimental control is difficult, such as the case with observational studies.  In 

ANCOVA, a single dependent variable (DV) outcome is evaluated across one or more 

independent variables (IV), while controlling for one or more covariate (CV) which may 

influence the outcome.  If the CV is correlated with DV and not correlated with the IV, 

ANCOVA can increase the precision of estimates and reduce error variance. 

For longitudinal data (days 1 to 90), a repeated measure ANCOVA was used to 

compare the mean sales Ranks of the response (dependent) variable between levels of 

explanatory (independent) variables, adjusting for the covariate time (T).  The 

independent variables were considered Fixed Effect Factors in the model.  The two 

doubly repeated measures, APP (30 apps) and CountryID (30 countries) were 

considered Random Effect Factors in the model.  For Country Cluster hypotheses, the 

main effect CINDCOL was considered a Fixed Effect Factor with 10 levels (1IND, 2IND, 

3COL, 4COL, 5COL, 6COL, 7COL, 8COL, 9IND, 10IND), and APP (30 apps) was 

considered a Random Effect Factor in the model. 
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Table 12: Summary of Hypotheses Results 

PAST RANK VOLUME VALENCE VARIANCE 

H1 Past Rank*** 
   

  
H2a Ratings*** 

 

  
H2b Ratings (%F)*** 

 

 
H2c Ratings*** 

  

 
H2d Ratings*** 

 

  
H2e Ratings*** 

 
H3a Reviews*** 

  

  
H3b Reviews (%F)*** 

 

  
H4 Ratings*Reviews (%F)*** 

 
INDCOL 

 
H5a Ratings*** 

  

  
H5b Ratings (%F)* 

 

  
H5c Ratings (%N)** 

 

 
H6a Reviews*** 

  

  
H6b Reviews (%F)*** 

 

  
H6c Reviews (%N)*** 

 
CINDCOL 

H7a Past Rank*** 
   

  
H7b Ratings*** 

 

 
H7c Ratings*** 

  

 
H7d Ratings*** 

 

  
H7e Ratings*** 

 
H7f Reviews*** 

  

  
H7g Reviews (%F)*** 

 

  
H7h Ratings*Reviews (%F)*** 

 
Significant results noted as: * p < .05, ** p < .01, *** p < .001 
%F    Percent of Favourable (Ratings or Reviews) 
%N   Percent of Neutral (Ratings or Reviews) 
INDCOL  Culture (COLectivistic, INDividualistic) 
CINDCOL  Country Cluster (1IND, 2IND, 3COL, 4COL, 5COL, 6COL, 7COL, 8COL, 9IND, 10IND) 
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For the final time point (day 90) data analysis, standard ANOVA was used to 

compare the mean values of the response variable, between two levels of Culture 

INDCOL (COLectivistic and INDividualistic).  The main effect INDCOL was considered a 

Fixed Effect Factor in the model. 

If any of the main effects or the two–way interaction were found to be statistically 

significant at the alpha=0.05 level of significance, post hoc tests using the Tukey–

Kramer method were used to test for pairwise differences in the mean responses 

between levels of main effects.  Appendix L provides details of all results, including the 

Differences in Least Square Means (indicating effect size) and the Standard Error of the 

difference (indicating 95% confidence intervals, which equals the estimate +/- 2 standard 

errors).  Where applicable, the effect size was also measured using Cohen's d, which 

indicates the standardized difference between two means (Cohen, 1992). 

5.2.1. Hypothesis 1: Past Rank 

It was posited in H1 that higher past rank is positively associated with current 

sales rank of mobile app.  Since sales Ranks are continuous with values between 1 and 

1001, in order to perform the analysis, the values of Past Rank were categorized into 

seven district Top Chart levels (25, 50, 75, 100, 200, 1000, and 1001).  A repeated 

measure ANCOVA showed a main effect of Top Chart F(6, >1000) = 82130.50, p <.0001 

on current Rank of mobile app.  Due to seven levels of Top Chart, the F-test between–

subjects (nominator) degrees of freedom equal six.  Because of the large sample size, 

the within–subjects (denominator) degrees of freedom results were reported by the 

statistical software in hexadecimal values, which are greater than 1000 in decimal 

numbers.  Further, both covariates showed significant effects, Past Rank F(1, >1000) = 

7890.51, p <.0001, and time (T) F(1, >1000) = 30.01, p <.0001.  The results show a 

significant difference between estimate mean rank in all categories of Top Chart: 1–25 

(M = 25.70), 26–50 (M = 45.28), 51–75 (M = 67.30), 76–100 (M = 89.38), 101–200 (M = 

127.86), 201–1000 (M = 283.33), and 1001 (M = 902.39).  The Cohen's d results show 

very large effect sizes when comparing mean ranks between each of the Top Chart 

levels (Cohen, 1992). 
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5.2.2. Hypotheses 2/3/4: Ratings and Reviews 

A repeated measure ANCOVA was used to compare the mean sales Ranks of 

the dependent variable between levels of independent variables (e.g., Low, Neutral, 

High), adjusting for the covariate time (T).  In all cases, covariate time (T) showed 

significant correlation with Rank at p <.0001 level. 

Regarding star ratings, in H2a it was posited that higher valence of customer 

ratings is positively associated with sales rank.  The main effect of Valence of Customer 

Ratings StarsAvg_cat (average) on rank was significant F(2, >1000) = 162.82, p 

<.0001.  High and neutral average ratings were linked with higher sales ranks (M = 

96.62 and M = 109.96), while low ratings resulted in lower sales ranks (M = 136.58).  

Similarly, it was postulated in H2b that higher percent of favourable customer ratings is 

positively associated with sales rank.  Results confirm that higher Percent of Favourable 

Customer Ratings FStarsPct_cat (4–5 stars) was linked with higher sales ranks (M = 

97.56), while lower valence of ratings follows lower ranks (M = 134.67), F(1, >1000) = 

273.96, p <.0001.  As predicted in H2c, higher Volume of Customer Ratings 

StarsCnt_cat (count) was positively associated with higher sales ranks (M = 99.87), 

while lower volume was related with lower ranks (M = 134.49), F(1, >1000) = 122.36, p 

<.0001. 

Concerning interaction of varied dimensions of ratings, it was proposed in H2d 

that higher valence of customer ratings together with higher volume of customer ratings 

is positively associated with sales Rank.  The interaction effect of Valence of Customer 

Ratings StarsAvg_cat (average) together with Volume of Customer Ratings 

StarsCnt_cat (count) showed significance F(2, >1000) = 14.69, p <.0001.  High valence 

and high volume resulted in highest ranks (M = 79.38), while combination of low valence 

and low volume indicated lowest ranks (M = 145.81).  All other combinations of valence 

(high, neutral, or low) and volume (low or high) signified medium ranks (from M = 100.17 

to M = 111.62).  Likewise, it was predicted in H2e that higher valence of customer 

ratings together with lower variance of customer ratings is positively associated with 

sales rank.  Variance was measured as a coefficient of variation (CV), which is ratio of 

the standard deviation to the average rating.  As such, it is a measure of rating 

dispersion that allows comparison of degree of agreement/disagreement among apps 
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with different average ratings (X. Zhang & Dellarocas, 2006; Zhu & Zhang, 2006, 2010).  

Higher CV values indicate higher variability.  Customer ratings with similar means but 

with noticeably different coefficient of variations indicate that customers have 

inconsistent attitudes, meaning low consensus.  Results show that rank was significantly 

influenced by the interaction of Valence of Customer Ratings StarsAvg_cat (average) 

and Variance of Customer Ratings StarsCV_cat (coefficient of variance), F(2, >1000) = 

60.72, p <.0001.  Neutral or high valence together with low variance resulted in highest 

sales ranks (M = 84.33 and M = 86.23).  In contrast, low valence accompanied with low 

variance had the lowest ranking (M = 150.86). 

Regarding written reviews, it was estimated in H3a that higher volume of 

customer reviews is positively associated with sales rank.  Accordingly, the Volume of 

Customer Reviews RevCnt_cat (count) had significant impact on rank, F(1, >1000) = 

39.46, p <.0001.  High volume of reviews was linked to higher sales ranks (M = 112.63), 

while low volume was associated with lower ranks (M = 130.79).  Equally, as per H3b, a 

higher percent of favourable customer reviews is positively associated with sales rank.  

Findings confirm that high Percent of Favourable Customer Reviews FRevPct_cat (4–5 

stars) was also linked to higher sales ranks (M = 101.59), while low valence prompted 

lower ranks (M = 133.25), F(1, >1000) = 228.15, p <.0001. 

Considering interaction of ratings and reviews, in H4 it was predicted that a 

higher percent of favourable customer ratings together with higher percent of favourable 

customer reviews is positively associated with sales rank.  The interaction effect of 

Percent of Favourable Customer Ratings FStarsPct_cat (4–5 stars) and Percent of 

Favourable Customer Reviews FRevPct_cat (4–5 stars) on sales ranks was significant 

F(1, >1000) = 54.34, p <.0001.  High favourable ratings together with high favourable 

reviews resulted in highest ranks (M = 92.63), while low ratings together with low reviews 

implicated lower ranks (M = 140.45).  Both high and low levels of favourable reviews 

resulted in higher sales ranks, when accompanied with high percent of favourable 

ratings (M = 92.63 and M = 96.76).  Low percentage of favourable ratings provoked 

lower ranks, even when accompanied with more favourable reviews (M = 103.83). 
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5.2.3. Hypothesis 5a: Volume of Ratings 

It was proposed in H5a that volume of customer ratings is expected to be higher 

in individualistic (low–context) countries than in collectivistic (high–context) countries.  A 

Poisson regression analysis was used to compare the mean volume (counts) of 

customer ratings of the response variable StarsCnt, between two levels of culture 

INDCOL at the final time point.  A log link function was used in the analysis.  Due to over 

dispersion, a negative binomial distribution was used in place of the standard Poisson 

distribution.  The main effect of culture on volume of ratings was found to be significant 

F(1, 422) = 238.61, p <.0001.  Customers from individualistic countries posted more star 

ratings (M = 196.63), than those from collectivistic countries (M = 19.98). 

5.2.4. Hypotheses 5b/c: Percent of Favourable/Neutral Ratings 

When measuring valence as percentage of ratings, in was noted in H5b that 

percent of favourable customer ratings is expected to be higher in collectivistic countries 

than in individualistic countries.  Likewise, as per H5c, the percent of neutral customer 

ratings is expected to be higher in collectivistic countries than in individualistic countries.  

A standard ANOVA was used to compare the mean percentages of the response 

variables FStarsPct and NStarsPct, between two levels of culture INDCOL at the final 

time point.  The main effect of culture on percent of Favourable Customer Ratings F(1, 

413) = 4.33, p = .0382 and Neutral Customer Ratings F(1, 380) = 7.36, p = .0070 was 

significant.  The percent of favourable customer ratings (4 and 5 stars) was higher in 

collectivistic countries (M = 48%) than in individualistic countries (M = 44%).  The 

percent of neutral customer ratings (3 stars) was also higher in collectivistic (M = 20%) 

than individualistic (M = 17%) countries. 

5.2.5. Hypothesis 6a: Volume of Reviews 

As projected in H6a, the volume of customer written reviews is expected to be 

higher in individualistic (low–context) countries than in collectivistic (high–context) 

countries.  A Poisson regression analysis was used to compare the mean volume 

(counts) of customer reviews of the response variable RevCnt, between two levels of 

culture INDCOL at the final time point.  A log link function was used in the analysis.  Due 
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to over dispersion, a negative binomial distribution was used in place of the standard 

Poisson distribution.  The main effect of culture on Volume of Customer Reviews was 

found to be significant F(1, 487) = 320.17, p <.0001.  The volume of customer reviews 

was greater in individualistic (M = 28.97) than in collectivistic (M = 3.48) countries. 

5.2.6. Hypotheses 6b/c: Percent of Favourable/Neutral Reviews 

Comparable to ratings, the hypotheses regarding written reviews predict that 

percent of favourable customer reviews (H6b) and percent of neutral customer reviews 

(H6c) are expected to be higher in collectivistic countries than in individualistic countries.  

A standard ANOVA was used to compare the mean percentages response variables 

FRevPct and NRevPct, between two levels of culture INDCOL at the final time point.  

As indicated by results, the main effect of culture on percent of Favourable Customer 

Reviews F(1, 415) = 38.73, p <.0001 and Neutral Customer Reviews F(1, 250) = 83.37, 

p <.0001 was significant.  The percent of favourable customer reviews was higher in 

collectivistic countries (M = 77%) than in individualistic countries (M = 61%).  

Respectively, the percent of neutral customer reviews was higher in collectivistic (M = 

47%) than individualistic (M = 18%) countries. 

5.2.7. Hypothesis 7a: Ranks per Cluster 

The country cluster related hypotheses postulate that the effects of information 

signals on the current Rank of mobile apps are likely to be very similar within the 

Countries in the same Country Cluster (CINDCOL), as well as within the Country 

Clusters with the same cultural tendency for Individualism (IND) versus Collectivism 

(COL).  Out of ten clusters, four are primarily Individualistic (1IND, 2IND, 9IND, 10IND), 

and six are considered Collectivistic (3COL, 4COL, 5COL, 6COL, 7COL, 8COL). 

As expected in H7a, higher past rank was positively associated with current sales 

rank between each cluster, as well as between individualistic and collectivistic clusters.  

A repeated measure ANCOVA indicated a main effect of Country Cluster F(9, >1000) = 

6.22, p <.0001 on current sales Rank between each cluster.  Additionally, there is a 

significant contrast between Individualistic and Collectivistic clusters F(1, >1000) = 
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35.52, p <.0001.  Moreover, both covariates showed significant effects, Past Rank F(1, 

>1000) = 1608674.00, p <.0001, and time (T) F(1, >1000) = 61.73, p <.0001.  The 

highest estimate mean ranks ranging from M = 113.83 to M = 115.12 were in Nordic 

Europe, Germanic Europe, Latin Europe, Anglo, Confucian Asia, and Southern Asia 

clusters.  This was followed by Middle East and Eastern Europe (M = 115.24 and M = 

115.35).  The lowest ranks were in Latin America (M = 117.58) and Sub–Saharan Africa 

(M = 118.99). 

5.2.8. Hypotheses 7b/c/d/e/f/g/h: Ratings & Reviews per Cluster 

A repeated measure ANCOVA was used to compare the mean sales Ranks of 

the dependent variable between levels of independent variables and Country Cluster 

(CINDCOL), adjusting for the covariate time (T).  In all cases, covariate time (T) showed 

significant correlation with Rank at p <.0001 level.  Each hypothesis indicates the results 

on three levels: main effect across all observations, between each of ten clusters, and 

contrast between individualistic and collectivistic clusters.  All estimate mean ranks for 

each cluster are listed in Appendix L, under Hypotheses 7 Clusters. 

As per H7b, the Valence of Customer Ratings StarsAvg_cat (average) showed 

significant main effect on rank F(2, >1000) = 286.81, p <.0001, between each Cluster 

F(9, >1000) = 423.77, p <.0001, and between Individualistic and Collectivistic clusters 

F(1, >1000) = 2402.75, p <.0001.  The highest mean rank was present in individualistic 

Nordic Europe (M = 36.92), followed by Latin Europe, Germanic Europe, and Anglo 

cluster (M = 54.77, M = 59.74, and M = 63.98).  The medium ranks were in Confucian 

Asia and Southern Asia (M = 87.26 and M = 96.37), while lower ranks were in Eastern 

Europe and Middle East (M = 115.83 and M = 120.63).  The lowest ranks were in 

collectivistic Latin America (M = 176.33) and Sub–Saharan Africa (M = 278.03). 

According to H7c, the Volume of Customer Ratings StarsCnt_cat (count) also 

demonstrated significant effect on sales rank F(1, >1000) = 97.18, p <.0001, between 

each Cluster F(9, >1000) = 462.01, p <.0001, and between Individualistic and 

Collectivistic clusters F(1, >1000) = 1630.38, p <.0001.  The mean ranks followed the 
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same pattern as above, with the highest mean rank in Nordic Europe (M = 37.80) and 

lowest in Sub–Saharan Africa (M = 296.02). 

Further, based on H7d, the interaction effect of Valence of Customer Ratings 

StarsAvg_cat (average) and Volume of Customer Ratings StarsCnt_cat (count) was 

significant F(2, >1000) = 43.32, p <.0001, between each Cluster F(9, >1000) = 326.21, p 

<.0001, and between Individualistic and Collectivistic clusters F(1, >1000) = 898.14, p 

<.0001.  Specifically, high valence together with high or low volume resulted in higher 

mean sales ranks (M = 79.05, M = 83.27).  Neutral valence together with low or high 

volume signified medium rankings (M = 93.25, M = 99.69), while low valence with high or 

low volume implied lower ranks (M = 104.57, M = 149.29).  Once more, the highest 

mean rank was in individualistic Nordic Europe (M = 28.69), while the lowest rank was in 

Sub–Saharan Africa (M = 261.19). 

Similarly, as per H7e, the interaction of Valence of Customer Ratings 

StarsAvg_cat (average) and Variance of Customer Ratings StarsCV_cat (coefficient of 

variance) had significant effect on sales rank F(2, >1000) = 113.11, p <.0001, between 

each Cluster F(9, >1000) = 241.75, p <.0001, and between Individualistic and 

Collectivistic clusters F(1, >1000) = 538.56, p <.0001.  The neutral or high valence 

together with low or high valence showed higher sales ranks (M = 67.20, M = 75.56, M = 

84.59).  The low valence together with high valence denoted medium ranks (M = 98.24).  

Finally, neutral or low valence together with high or low variance indicated lower ranks 

(M = 105.07, M = 163.08).  Yet again, the highest mean rank was present in 

individualistic Nordic Europe (M = 38.79) and lowest in Sub–Saharan Africa (M = 

246.37). 

In accordance with H7f, the main effect of Volume of Customer Reviews 

RevCnt_cat (count) on rank was also significant F(1, >1000) = 54.77, p <.0001, 

between each Cluster F(9, >1000) = 450.29, p <.0001, and between Individualistic and 

Collectivistic clusters F(1, >1000) = 1717.46, p <.0001.  The highest mean rank was in 

individualistic Nordic Europe (M = 41.30), while the lowest rank was in collectivistic Sub–

Saharan Africa (M = 299.42). 
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Following H7g, the main effect of valence as a Percent of Favourable Customer 

Reviews FRevPct_cat (4–5 stars) on rank showed significance F(1, >1000) = 469.08, p 

<.0001, between each Cluster F(9, >1000) = 506.52, p <.0001, and between 

Individualistic and Collectivistic clusters F(1, >1000) = 3181.03, p <.0001.  Once again, 

the highest mean rank was in Nordic Europe (M = 43.69), while the lowest rank was in 

Sub–Saharan Africa (M = 286.56). 

Lastly, as predicted in H7h, the interaction effect of Percent of Favourable 

Customer Ratings FStarsPct_cat and Percent of Favourable Customer Reviews 

FRevPct_cat had significant impact on rank F(1, >1000) = 78.35, p <.0001, between 

each Cluster F(9, >1000) = 385.71, p <.0001, and between Individualistic and 

Collectivistic clusters F(1, >1000) = 2204.95, p <.0001.  High valence of ratings together 

with high valence of reviews resulted in higher sales ranks (M = 79.84).  The high or low 

valence of ratings together with low or high valence of reviews prompted medium 

rankings (M = 90.35 and M = 95.26).  While low valence of ratings and low valence of 

reviews implicated lower ranks (M = 145.17).  Moreover, the highest mean rank was in 

Nordic Europe (M = 35.19) and lowest in Sub–Saharan Africa (M = 265.07). 
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Chapter 6.  
 
Discussion 

This chapter describes research findings, implications for theory and practice, 

study limitations and future research. 

6.1. Research Findings 

As noted in the previous section, all proposed hypotheses were supported by the 

results.  The research findings confirm that the combination of various informational 

signals is associated with mobile app sales ranks. 

6.1.1. Informational Signals 

As expected, the position of the app on the Top Chart is clearly influential in 

retaining the high sales ranking in the App Store.  For example, apps listed on the top 25 

apps are likely to have the most sales and continue to stay on top of the chart.  

Therefore, past sales ranks give more visibility to the top–ranked apps and stimulate app 

discoverability.  However, when combined with other information signals, such as 

customer star ratings and written reviews, we can see that they also influence app sales 

ranks.  Valence, as measured by the average customer star ratings is directly related 

to ranks.  High and neutral average ratings are linked with higher sales ranks, while low 

ratings result in lower sales ranks.  Similarly, when measuring valence as a percent of 

favourable ratings, higher valence is linked with higher sales ranks, while lower 

valence of ratings indicates lower ranks.  Besides valence, the results show that volume 

of customer ratings can also impact mobile app sales ranks.  Higher volume, 

measured as count of ratings, is positively associated with higher sales ranks, while 

lower volume relates with lower ranks. 
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Further, the combination of valence and volume of ratings has a stronger 

interaction effect than those main effects alone.  As seen in Figure 6, high valence 

(average) and high volume (count) result in highest ranks (M = 79.38), while combination 

of low valence and low volume indicates lowest ranks (M = 145.81).  All other 

combinations of valence (high, neutral, or low) and volume (low or high) signify medium 

ranks.  The figure clearly indicates that high stars average has the strongest effect on 

the mobile app sales ranks.  Apps with stars average higher than 3–stars are highly 

ranked in top 80.  Even when the number of ratings is low, but the average is high, the 

ranks are still listed in top 100.  Contrary to expectations, higher count of ratings with low 

average resulted in moderate, instead of very low ratings.  This is in line with the notion 

that the large number of ratings indicates the popularity of an app, as related to its ranks. 

 

 

Figure 6: Plot of Rank and Valence of Ratings vs. Volume of Ratings 

Moreover, the interaction between valence and variance of ratings has shown 

significant effects.  Variance represents the overall agreement or disagreement amongst 

the ratings.  High variance means that customers gave varied ratings from high to low, 

while low variance means that customers awarded similar ratings to an app.  As 

illustrated in Figure 7, a neutral or high valence (average) together with low variance 
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results in highest sales ranks (M = 84.33 and M = 86.23).  In contrast, low valence 

accompanied with low variance produces the lowest ranking (M = 150.86).  This shows 

that customer agreement, as evident in low variance of star ratings, only strengthens the 

effect of those ratings on sales ranks.  Higher variance improves app sales ranks when 

the valence is low, and worsens ranks when the valence is high.  In other words, low 

variance improves positive valence and worsens negative valence.  For example, if the 

vast majority of customers rated the app with 3–stars (low variance), then the average 

rating will be close to 3–stars and the next customer is more likely to accept such rating 

as true signal of app quality.  However, if customer ratings vary from low 1–star to high 

5–star ratings (high variance), then the average rating may not represent the true quality 

of an app.  This is especially important for business apps, as they are driven by 

“homogenous demand”, when customers prefer to have the best app for the specific task 

(Yin et al., 2014, p. 258).  Under such demand, user agreement is more likely to reflect 

the factual practicality of the app, than the personal tastes of the users. 

 

 

Figure 7: Plot of Rank and Valence of Ratings vs. Variance of Ratings 

  



 

86 

In addition to star ratings, customer written reviews can influence the mobile 

app sales ranks.  The sheer volume of reviews indicates the popularity of the app.  

High volume (count) of reviews is linked to higher sales ranks, while low volume is 

connected to lower ranks.  Moreover, the high valence, measured as percent of 

favourable reviews, relates to higher sales ranks, while low valence prompts lower 

ranks. 

Finally, when combined, ratings and reviews have a stronger influence on app 

sales ranks.  As shown in the Figure 8, high favourable ratings together with high 

favourable reviews result in highest ranks (M = 92.63), while low ratings together with 

low reviews implicate lower ranks (M = 140.45).  Interestingly, it seems that star ratings 

have greater influence than written reviews since both high and low levels of favourable 

reviews result in higher sales ranks, as long as they are accompanied with high percent 

of favourable ratings.  Further, low percentage of favourable ratings results in lower 

ranks, even when accompanied with more favourable reviews. 

 

 

Figure 8: Plot of Rank and Valence of Ratings vs. Valence of Reviews 
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6.1.2. Country Culture 

When considering cultural issues in the way customers share and receive 

informational signals, we see that users from individualistic versus collectivistic 

countries demonstrate different patterns concerning ratings and reviews.  In regards to 

volume of customer ratings, consumers from individualistic countries posted a much 

greater count of star ratings, than those from collectivistic countries.  As predicted, the 

percent of favourable customer ratings (4 and 5 stars) was higher in collectivistic 

countries than in individualistic countries.  Equally, the percent of neutral customer 

ratings (3 stars) was also higher in collectivistic than individualistic countries. 

Likewise, the patterns in posting customer written reviews showed similar trends 

to star ratings.  The volume of customer reviews was much greater in individualistic 

than in collectivistic countries.  Even though the majority of the posted reviews had a 

positive tone, still the percent of favourable customer reviews was higher in 

collectivistic countries than in individualistic countries.  Correspondingly, the percent of 

neutral customer reviews was higher in collectivistic than individualistic countries. 

These results suggest that there are significant differences in the way customers 

from different countries share their ratings and reviews.  Customers from individualistic 

(low–context) countries have a preference for more information sharing, as evident in 

higher volume (count) of star ratings and written reviews, when compared to users from 

collectivistic (high–context) countries.  On the other hand, customers from collectivistic 

countries have a tendency to post more favourable or neutral star ratings and written 

reviews, which corresponds with their cultural emphasis on harmony. 

6.1.3. Country Clusters 

Another exploration of cultural influences was done by grouping countries into 

clusters and then performing comparisons between country clusters.  The significant 

results have shown that the effects of informational signals on the rank of mobile apps 

were very similar within the countries of the same country cluster, compared to countries 

outside the cluster.  Furthermore, these effects were similar within the country clusters 

with the same cultural tendency for individualism versus collectivism.  Higher past rank 
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was positively associated with current sales rank between each cluster, as well as 

between individualistic and collectivistic clusters.  Though small, there were significant 

distinctions in estimates of mean ranks between clusters, with individualistic clusters 

having higher mean ranks than collectivistic clusters. 

The country cluster differences were also evident in the valence of customer 

ratings with individualistic clusters having higher rank estimates.  Overall, higher 

valence (stars average) of customer ratings was positively associated with mobile app 

sales rank between each cluster, as well as between individualistic and collectivistic 

clusters.  The highest mean rank was present in individualistic Nordic Europe, while the 

lowest rank was in collectivistic Sub–Saharan Africa.  The same pattern was shown in 

the effect of volume of customer ratings on the app sales ranks.  The country cluster 

investigation of interaction effects of valence (stars average) and volume (count) of 

ratings have shown similar findings.  Higher valence of customer ratings together with 

higher volume of customer ratings was positively associated with mean sales rank 

between each cluster, as well as between individualistic and collectivistic clusters.  

Furthermore, the interaction effects of valence (average) and variance of ratings on 

the country cluster level were comparable to the initial findings.  As stated before, high 

variance indicates low consensus, while low variance represents high consensus, or 

agreement, among the customers.  Higher valence of customer ratings together with 

lower variance of customer ratings is positively associated with mean sales rank 

between each cluster, as well as between individualistic and collectivistic clusters. 

When considering the effects of customer written reviews, same patterns 

emerge.  Higher volume of customer reviews is positively associated with mean sales 

rank between each cluster, as well as between individualistic and collectivistic clusters.  

The highest mean rank was again in individualistic Nordic Europe, while the lowest rank 

was in Sub–Saharan Africa.  Similarly, the effect of valence of customer reviews on 

the sales rank was alike within the countries in the same cluster, as well as within the 

clusters with the same cultural tendency for individualism versus collectivism.  As 

predicted, a higher percent of favourable customer ratings together with a higher percent 

of favourable customer reviews was positively associated with sales rank within the 

countries in the same cluster, as well as within the clusters with the same cultural 
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tendency for individualism versus collectivism.  The interaction effect of ratings valence 

and reviews valence has shown that high valence of ratings together with high valence 

of reviews results in higher sales ranks, while low valence of ratings and low valence of 

reviews implicate lower ranks. 

Overall, these findings confirm that the effects of informational signals on the 

rank of mobile apps are very similar within the countries in the same country cluster.  

Even more, the similarities are greater within the country clusters with the same cultural 

tendency for individualism versus collectivism.  This suggests that customers in a 

specific cluster exhibit comparable patterns concerning star ratings and written reviews. 

6.2. Theoretical Implications 

Considering that popularity is one of the main drivers of app discoverability, the 

information cascades model provided an excellent theoretical base for this study.  This 

model posits that people make decisions based on what others around them are doing—

on the basis of popularity—while ignoring their own personal preferences (Banerjee, 

1992; Bikhchandani et al., 1992, 1998; Welch, 1992).  An informational cascade occurs 

when it is optimal for an individual, having observed the actions of predecessors, to 

mimic the choices of others, without regard to his/her own information.  In the context of 

the mobile app market, sales rank listed in the top charts is the first indicator of app 

popularity.  Top chart ranks result from the purchasing actions of previous buyers which 

can be observed by the future customers.  However, these observed actions by 

themselves do not provide enough information for customers to choose amongst the 

large number of apps in the mobile app markets.  This is especially important due to the 

non–observable actions existing in a mobile app market context, such as customers 

decisions not to purchase the app.  While the original information cascades model deals 

with both positive and negative purchasing decisions, in the context of app markets, 

observable actions reflect only positive purchasing decision of previous buyers.  If we 

had access to additional data, such as the number of ‘views’ versus number of 

‘downloads’ for each individual app, we could consider the difference between these as 

negative purchasing decisions.  Unfortunately, current app stores do not disclose such 

information.  Due to the limitation of original informational cascades, the current study 
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extends this model by including user–generated signals which can influence purchasing 

decisions of mobile app shoppers.  Signaling is especially important when choosing 

between a great number of novel experience–goods, when consumers are faced with 

uncertainty about the quality of such goods, and must depend on the information from 

others that have already purchased those products (Kirmani & Rao, 2000).  Typical 

user–generated signals found in the mobile apps markets are customer star ratings and 

written reviews.  These signals provide more details about product quality and can be 

favourable (high star rating), neutral (medium star rating), or unfavourable (low star 

rating) in their sentiment. 

From a theoretical standpoint, this thesis makes four main contributions.  First, it 

forms a new informational signals model by combining elements of informational 

cascades (observable actions) and signaling (observable feedback) theories to 

overcome their respective limitations and explain the app discovery process in the 

mobile app marketplace.  Research findings confirm the importance of observable 

actions, as evident in the past ranks, for the current sales ranks of mobile apps.  

Therefore, the informational cascades model is as applicable to mobile apps markets as 

it was previously applied in online bookstores (P. Y. Chen et al., 2004; Y. F. Chen, 2008; 

Sorensen, 2007), online software downloads (Duan et al., 2005a, 2005b, 2006, 2009; 

Hanson & Putler, 1996), motion pictures (De Vany & Lee, 2001; Duan et al., 2008a, 

2008b; Elberse & Eliashberg, 2003), and information technology adoption (H. Sun, 2009, 

2013; Tomasino, 2010; E. A Walden & Browne, 2002; Eric A. Walden & Browne, 2009).  

However, in the extended informational signals model, the subsequent decision–makers 

can observe both the actions of previous customers (decision to buy), and their feedback 

(favourable, neutral, or unfavourable).  Regarding customer feedback, the extensive 

literature review on signaling reveals that past research has mostly focused on one type 

of customer signals, either star ratings or written reviews.  Nevertheless, in reality, the 

customers are exposed to multiple signals at the same time.  They can see the number 

of customer ratings, the average star rating, as well as the actual distribution of all the 

stars (count of 5, 4, 3, 2, and 1 stars).  The frequency of stars depicts the variance, 

which is agreement or disagreement amongst star ratings.  On the same page they will 

also see the written customer reviews and the stars that accompany each review.  

Therefore, without reading the actual written comments, customers can get an idea if the 
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review is favourable, neutral, or unfavourable.  Even if they don’t know the language of 

written text (e.g., in Canada reviews may be written in both English and French), they 

can still understand the overall message of the review.  Because customers are exposed 

to multiple signals when discovering apps, we should include all of these signals when 

investigating their effect on the sales ranks.  This is one of the first studies to combine 

both types of customer signals (ratings and reviews) and their interactions.  Besides 

using past sales ranks as a signal of mobile app quality, this research shows that both 

star ratings and written reviews are taken into account when evaluating the quality of 

experience–goods.  Consequently, this study highlights the importance of observable 

feedback, namely customer ratings and reviews, as additional signals of product quality.  

Most extant research on third–party signals was based on secondary data collected from 

Amazon.com, mainly for experience–goods such as books (P. Y. Chen et al., 2004; 

Chevalier & Mayzlin, 2006; Hu et al., 2008, 2009; M. Sun, 2012), as well as search–

goods such as digital cameras (Flanagin et al., 2014; Gu et al., 2012; J. H. Park et al., 

2012).  Even more studies were done on box office sales and user reviews data from 

Yahoo! Movies (Chintagunta et al., 2010; Dellarocas et al., 2007; Duan et al., 2008a, 

2008b; Liu, 2006; X. Zhang & Dellarocas, 2006; X. M. Zhang, 2006).  This is the first 

study to investigate customer signals in a mobile apps market, employing market–based 

apps sales ranks together with customer star ratings and written reviews. 

Second, the study explores multiple dimensions of informational signals, such as 

valence (average values, or positive versus negative signals), volume (number of 

signals), and variance (overall agreement or disagreement on valence of signals).  Such 

blend of varied dimensions of signals and their interactions contributes to signaling 

theory.  Contrary to past findings, this research found valence as a significant factor in 

determining the sales rank of mobile apps (see P. Y. Chen et al., 2004; Duan et al., 

2008a, 2008b; Gu et al., 2012; H. S. Kim & Sherman, 2007; Liu, 2006; J. H. Park et al., 

2012).  Similarly, the volume of ratings and/or reviews was positively related to sales 

ranks, opposing results in previous explorations (Chintagunta et al., 2010; Clemons et 

al., 2006; Flanagin et al., 2014; Khare et al., 2011; X. Zhang & Dellarocas, 2006; X. M. 

Zhang, 2006).  Some of the reasons why these signals were not significant factors in 

previous investigations might be because the majority of past studies sampled most 

popular products (e.g., bestsellers).  As such, customers can get product information 
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from multiple sources to lower uncertainty about product quality.  Thus, tested online 

ratings may not have directly influenced sales.  On the other hand, the present study 

includes apps listed in the top 1000 sales ranks, which is a much broader sample that 

includes fewer popular products.  Further, unlike many other experience–goods, mobile 

apps are not commonly publicly advertised and it is difficult for customers to get 

information on product quality outside of App Store.  The interaction effects of valence 

and volume have received mixed results in past studies.  Some researchers found this 

interaction insignificant (P. Y. Chen et al., 2004; Flanagin et al., 2014), while most found 

it significant (Etzion & Awad, 2007; Hu et al., 2008; Khare et al., 2011; J. H. Park et al., 

2012).  The present study confirmed that the interaction of valence and volume has a 

significant effect on sales ranks of mobile apps.  High volume (number of ratings) has 

positive effect on high valence (average above 3–stars), and negative effect on low 

valence (average bellow 3–stars).  In other words, high volume worsens negative 

valence and improves positive valence.  The variance of ratings is the least studied 

dimension of customer signals.  Most studies have evaluated variance as a main effect.  

Some measured variance as a standard deviation from the average and found it 

significant (Basuroy et al., 2003; Clemons et al., 2006; Hu et al., 2009).  Conversely, 

most found that variance on its own is not significant (Chintagunta et al., 2010; Ye et al., 

2011; X. Zhang & Dellarocas, 2006; X. M. Zhang, 2006; Zhu & Zhang, 2006, 2010).  

However, in this study it is posited that variance measured as a coefficient of variation, is 

only significant when taken together with the valence.  Similar to recent findings by 

Khare, Labrecque, and Asare (2011) and Sun (2012), this study confirms that higher 

variance improves app sales ranks when the valence is low, and worsens ranks when 

the average is high.  In other words, high consensus (low variance) improves positive 

valence (high average) and worsens negative valence (low average).  Further, this study 

is one of the first to explore the interaction of star ratings and written reviews.  As 

predicted, higher valence of customer ratings together with higher valence of customer 

reviews is positively associated with mobile apps sales rank.  When average rating is 

high, positive reviews strengthen the perception of product quality, which results in 

higher sales ranks. 
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Third, past studies did not usually explore the influence of country differences 

related to culture on informational signals.  The vast majority of signaling research was 

conducted with participants based on secondary data that originated from the United 

States, with one investigation based solely in China (Ye et al., 2009, 2011).  Several 

culture–oriented studies related to signals typically included only a few representatives 

of differing cultures, most commonly the United States as individualistic and China as 

collectivistic countries (see Cheung et al., 2007; Fang et al., 2013; He, Lai, Chou, & 

Zhou, 2012; Koh et al., 2010; Lai et al., 2013; Tsang & Prendergast, 2009).  In contrast, 

this research includes 30 countries from across the globe, with a mix of individualistic 

and collectivistic cultures; making it one of the most extensive cross–cultural studies in 

the context of mobile apps market.  Analogous to prior cross–cultural empirical research 

in information systems (Cyr, 2008c; Cyr et al., 2005; Cyr & Trevor-Smith, 2004; Gould, 

2005; Hermeking, 2006; Pavlou & Chai, 2002; Würtz, 2006; Zakour, 2004, 2009), this 

study utilized Hofstede’s (1991) cultural dimension of individualism versus collectivism.  

The current research explored 12 mostly individualistic countries: Australia, Canada, 

Denmark, France, Germany, Italy, Netherlands, Norway, Spain, Sweden, Switzerland, 

and United States.  As well as 18 primarily collectivistic countries: Colombia, Croatia, 

Greece, Hong Kong, Indonesia, Kuwait, Mali, Niger, Pakistan, Peru, Qatar, Senegal, 

Singapore, Slovenia, Taiwan, Thailand, United Arab Emirates, and Venezuela.  The 

research findings confirm results of prior cross–cultural studies on signals, which looked 

at the valence of book reviews (Fang et al., 2013) and electronics reviews (He et al., 

2012; Lai et al., 2013) on American Amazon.com and Chinese Amazon.cn sites.  As 

predicted, customers from collectivistic cultures have a tendency to post more 

favourable or neutral star ratings and written reviews, when compared to individualistic 

cultures.  Similarly, Tsang and Prendergast (2009) concluded that collectivistic (Chinese) 

reviews have higher valence then individualistic (American) computer game reviews.  

Regarding cultural communication styles, Hall (1976) noted that individualistic cultures 

engage in low–context communication which requires more explicit information, while 

collectivistic cultures engage in high–context communication which requires less explicit 

information.  As related to informational signals, Usunier, Roulin and Ivens (2009) 

established that the amount of information on websites was greater in individualistic than 

in collectivistic cultures.  Fang and colleagues (2013) also found that the volume of 

customer reviews was greater on Amazon.com than on Amazon.cn.  The present 
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findings also indicate that customers from individualistic (low–context) countries have a 

preference for more information sharing, as evident in higher volume (count) of star 

ratings and written reviews, when compared to users from collectivistic (high–context) 

countries.  Overall, the results based on multiple countries have shown that customers 

from different cultures vary in the way they share and receive informational signals.  

Hence the cross–cultural focus of this thesis contributes to the informational cascades 

model and the signaling theory. 

Finally, this project provides a methodological contribution to cross–cultural 

research by exploring new countries that have not been studied before.  As noted 

before, the study applied GLOBE clustering procedures to group 30 selected countries 

into 10 cultural clusters, with three countries in each cluster (House et al., 1999).  

Country clusters provide an opportune way to investigate the differences between 

cultural groups, and to make meaningful generalizations about the effect of culture in 

mobile commerce.  Similar to the present research, Cyr (2008b, 2013) successfully 

utilized GLOBE clusters for empirical cross–cultural investigation of website design.  The 

current study is the first one to apply multi–country clustering in a mobile commerce 

setting.  Clusters are composed of countries that share similar geographic location, 

language, religion, and technological development.  Eight new countries were added to 

the established GLOBE country clusters: Norway to Nordic Europe cluster, Peru to Latin 

America cluster, Pakistan to Southern Asia cluster, United Arab Emirates to Middle East 

cluster, Croatia to Eastern Europe cluster, and Mali, Niger, and Senegal to Sub–Saharan 

Africa cluster.  The findings reveal significant effects of varied informational signals on 

sales rank between each cluster, as well as between individualistic and collectivistic 

clusters.  The evidence that these new countries belong to specific clusters confirms the 

effectiveness of GLOBE clustering procedures.  The addition of these countries gives 

more opportunities for future studies concerned with culture.  Researchers should not 

limit themselves to a few typical countries, such as United States and China.  Application 

of methodology as used in this study opens up new venues for information systems 

research.  This also increases generalizability of multi–country research findings and 

gives more options to future cross–cultural studies. 
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6.3. Practical Implications 

Besides Apple App Store and iOS apps, the results of this study are applicable to 

other mobile app stores, in present and emerging markets.  From a practical point of 

view, and considering the vast revenue potential of international mobile app markets, 

app developers can benefit from understanding why smartphone apps achieve varied 

sales ranks in different countries worldwide.  Knowledge about factors that contribute to 

app discoverability can inform app development and result in greater sales on the ever–

expanding global app market.  It is evident that apps in individualistic countries have 

generally higher sales ranks than in collectivistic countries; even though, the customer 

ratings and reviews are more positive in collectivistic then in individualistic countries.  

Considering that apps achieve greater sales in individualistic countries, app developers 

should place more effort to distribute and promote their apps in global regions which 

have predominately individualistic tendencies, as indicated in the country clusters model. 

At the same time, the volume of signals is much greater in individualistic than 

collectivistic countries.  Taken together, this suggests that app developers should 

encourage more feedback from collectivistic customers.  More feedback leads to a more 

objective signal of product quality.  Chen, Wu, and Yoon observed that “higher number 

of reviews may represent objectivity, and consumers may be more willing to trust the 

reviews when they represent a larger audience” (2004, p. 714).  Hence, as volume 

increases the overall rating converges to a more accurate reflection of quality.  Greater 

volume of signals might encourage customers to purchase the app, which will increase 

its sales ranking. 

Another practical issue is the need for app localization (e.g., cultural adaptation).  

Similar to website localization, this would involve developing different versions of the 

same app, each with a different language, layout, color and imagery.  Based on the 

current data, the app users in the same country clusters have similar preferences, thus 

an app localized for one country in a specific cluster can be distributed to other countries 

in the same cluster.  As noted by Cyr, “’cluster localization’ serves the purpose of 

providing some degree of cultural adaptation to user groups, but with a substantial cost 

savings to online vendors over deep localization procedures” (2013, p. 382). 
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The results of this study can have a bigger impact on many different 

stakeholders, even outside of mobile apps market context.  For example, due to the 

nature of mobile apps as experience-goods, other companies which develop and/or 

provide such types of products can benefit from this research.  Manufacturing 

companies can add value to their products by providing additional services via mobile 

apps, such as wearable technologies which track users’ data and display them via a 

mobile app.  Even service-based companies can expand their offerings via mobile apps, 

such as banks allowing their customers to monitor and complete financial transactions 

through mobile app. 

Mobile app stores can also benefit from knowing how users share and respond to 

various informational signals.  This research shows the importance of both star ratings 

and written reviews on the Apple App Stores.  This suggests that app stores across all 

mobile platforms should implement both types of third–party feedback as part of 

recommendation systems.  Moreover, a noted limitation of the mobile app marketplaces 

is that the only actions customers can observe in such markets are the purchasing 

decisions of previous buyers—reflected in the app sales ranks listed in the top charts.  

However, the app shoppers cannot observe the non-purchasing decisions of their 

predecessors, which is an important component of the informational cascades model.  

Such information may be displayed in the form of number of ‘views’ as well as number of 

‘downloads’ for each individual app.  The difference between these numbers will indicate 

the non-purchasing decisions of previous buyers, and provide more information to 

potential customers.  Additional features, such as voting on the helpfulness of written 

review, or sorting reviews based on most positive or most negative, would be useful to 

customers when evaluating the quality of apps.  In an experiment based on 

Amazon.com reviews, Kumar and Benbasat (2006) found that provision of consumer 

reviews improves both social presence and transactional perceived usefulness of online 

shopping.  Recently, in a similar experiment, Benlian, Titah, and Hess (2012) confirmed 

that consumer reviews elicit higher perceived usefulness, trusting beliefs, and perceived 

affective quality for experience goods, when compared to provider recommendations.  

Therefore, even mere provision of the recommendation system will make the mobile app 

store more useful for the customer, which may ultimately improve sales.   
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6.4. Limitations 

This observational study assumes that online users pay attention to app ranking 

information, customer ratings and reviews, and as such it has some limitations.  First, in 

this study only informational signals that users can observe on their country’s App Store 

are considered.  Consequently, other available app–related information is not 

investigated (e.g., mobile apps reviews websites, blogs, magazines, word–of–mouth 

from family and friends, etc.).  However, mobile app adoption decisions are less complex 

when compared to larger desktop applications or other experience-goods (Keith et al., 

2011).  Therefore, app shoppers are likely to “have similar information available to them 

and users will face the same limited action alternatives—to adopt or not” (Ibid. p. 22).  

Second, due to constraints and the complexity of market–based data, this study is 

focused on a limited number of cultural dimensions, namely Hofstede’s 

individualism/collectivism and Hall’s low/high context.  These two dimensions are most 

relevant for investigation of informational signals as they explain cultural preferences for 

sharing and receiving information.  Of the five of Hofstede’s cultural dimensions, only 

individualism/collectivism is directly related to this study; especially considering the 

established relationship between individualism/collectivism and high/low context cultural 

orientation.  For example, another popular cultural indicator is power distance which 

reflects the inequality among individuals—while in the mobile app market context, all 

users have equal status.  In addition, Hofstede’s dimensions have been applied in extant 

research as separate theoretical constructs (Lowry, Zhang, Zhou, & Fu, 2010).  Using 

several cultural constructs simultaneously would have made the research model too 

complex, so researchers rarely consider multiple dimensions together.  Besides, 

Hofstede’s model of cultural differences was validated by numerous studies and 

individualism/collectivism is the most frequently adopted model in cross-cultural 

computer mediated communication research (D. Zhang, Lowry, Zhou, & Fu, 2007).  

Further, cultural differences are measured on the national–level and not on the 

individual–level.  For this observational study of the global mobile app market, it was not 

possible to measure culture at the individual–level for each individual app user.  

Additionally, app developers must focus app distribution on country level, by submitting 

their apps to a specific country App Store, as these apps are not sold to individuals.  

Moreover, several studies measured culture on an individual–level for American and 
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Chinese participants and validated that Hofstede’s model of individualism/collectivism is 

generalizable to these national cultures (Lowry, Cao, & Everard, 2011; Lowry et al., 

2010; D. Zhang et al., 2007).  As well, the large number of customer ratings and reviews 

observed in this study is likely to more realistically reflect the overall country-culture of 

these app users.  There are additional cultural indices and personality traits that could 

influence an individual’s decision to purchase mobile app and/or post feedback online 

and therefore could also have been examined.  For example, cultural preference for 

uncertainty avoidance may impact customers’ decision to adopt a mobile app, as they 

may require higher consumer valence and greater volume of feedback prior to 

purchasing a specific app.  It is also possible that app shoppers’ preferences for hedonic 

versus utilitarian usage may influence their interest towards predominantly entertainment 

versus productivity apps.  In order to mitigate such issues, this study focused on only 

one app category—namely business apps—which are utilitarian in nature. 

Use of real–market data has both advantages and disadvantages.  The 

advantage is that it gives access to otherwise inaccessible subjects, especially when 

considering the global reach of the study.  It is observational in nature, thus unobtrusive 

to the participants and not based on self–reporting.  It allows longitudinal analysis and 

discovery of trends over time.  It permits a larger sample size which could more closely 

represent the population.  Overall, it is realistic and offers greater external validity.  On 

the other hand, such a study is outside researcher control.  To control for difficulties 

inherent in observational studies, the author initially selected 60 business apps for the 

study, but only 30 were retained for the data analysis.  Many of these apps did not reach 

top 1000 sales ranks in various countries during the three months of observation.  In the 

final sample, five apps were ranked in all 30 countries.  Nine apps were missing sales 

ranks in one country, notably Mali, Niger, Pakistan, or Senegal.  Eight apps were lacking 

sales ranks in two out of three African countries, Mali, Niger, or Senegal.  Lastly, eight 

apps were not ranked at all in these three African countries, during the time–frame of the 

study.  However, despite not being listed in all countries, all of those apps had a large 

number of total rankings across the globe, which made them relevant for this study.  The 

rest of the apps were missing sales ranks in more than three countries, thus they were 

excluded from the current report.  Therefore, another limitation in this study is the lack of 

customer ratings and reviews data for Sub–Saharan Africa cluster.  As well, this cluster 
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had the overall lowest number of rank observations (3092), compared to over 7500 for 

the rest of the clusters.  Due to relatively low exposure to information and 

communication technologies in Western Africa, it was difficult to find countries to 

represent this cluster for the study as there were not many countries from this region that 

were listed on the App Store business apps category.  Countries that comprise this 

cluster are Mali, Niger, and Senegal.  Based on the ICT Indicators for 2011 in the ITU 

World Telecommunication / ICT Indicators Database (www.itu.int), Mali has the highest 

number of mobile cellular subscriptions of 10.8Mil, followed by Senegal 9.4Mil, and Niger 

4.7Mil.  It should be noted that these countries have extremely high ratio of mobile 

cellular subscriptions versus fixed telephone lines.  Majority of population is using mobile 

phones.  Further, the KOF Index of Globalization 2013 (globalization.kof.ethz.ch) for 

economic globalization ranks these tree countries quite low Mali 49.53, Senegal 44.49, 

and Niger 35.45.  Especially when compared to some of the other countries selected for 

this research, such as highest Singapore 97.64 and Netherlands 92.18, or even Canada 

75.77 and United States 60.33.  However, the mere fact that there were no customer 

ratings and reviews from this area makes this cluster unique in comparison to other 

clusters.  This in itself suggests that Sub–Saharan Africa should be considered a 

separate GLOBE cluster. 

Lastly, the secondary data is limited to what is publicly available and it may be 

subject to various biases.  As cautioned by Chevalier and Mayzlin, the results may be 

affected by the “sample selection bias that is inherent in an amateur review process” 

(2006, p. 345).  Meaning that only customers who believed that app would be useful to 

them would have purchased the product.  Thus, there is a high probability that they 

would have positive feedback on using purchased apps.  Indeed, Hu, Pavlou, and Zhang 

(2009) noted that over 70% of reviews of books, DVDs, and videos on Amazon.com 

were positive (4 to 5 stars).  They explained this phenomenon as a “purchasing bias”, 

since users that purchase an item have a higher product valuation, and are more likely 

to post positive product reviews (Ibid. p. 145).  A similar problem was recently mentioned 

by Wu, Wu, Sun, and Yang in that, “the market mechanism makes the data observations 

skewed towards the product reviews with higher average ratings” (2013, p. 181).  

Another type of bias related to secondary data found in the mobile app market is “under-

reporting”, which is, “consumers with extreme opinions are more likely to report their 

http://www.itu.int/
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opinions than consumers with moderate reviews causing online reviews to be a biased 

estimator of a product’s true quality” (Koh et al., 2010, p. 374).  Several studies 

confirmed that users with extreme views (positive 5-star or negative 1-star) are more 

likely to rate goods than those with moderate views (neutral 3-star) (Fang et al., 2013; 

Hu et al., 2009).  Considering that this study investigated only apps listed in the Top 

Charts, apps that have very small average rating (1 to 2 stars) are less likely to be 

ranked in the top 1000 apps.  Thus, they would be by design excluded from the sample 

data set.  As such, there is a greater probability to observe apps with higher average 

ratings and favourable reviews on the App Store.  However, unlike the extant studies 

that focused only on top ranked products, this research included a varied sample, when 

many apps were ranked bellow top 400 charts.  Such data reflects the reality of the 

mobile app market and increases external validity. 

6.5. Future Research 

Several research streams could be further explored, especially those considering 

already collected qualitative data in the form of customer written reviews. 

6.5.1. Content of Customer Written Reviews 

A future exploratory phase of this research will concentrate on the meaning of the 

customer written reviews by performing in–depth content analysis, in order to provide 

additional explanations about the cross–cultural elements of proposed model.  Already 

collected qualitative data (e.g., written comments) will be content analysed and coded 

according to relevant hypotheses.  Content analysis is the systematic analysis of textual 

data aimed to discover existing patterns (Trochim & Donnelly, 2006).  A number of 

researchers have analyzed the textual content of customer reviews (see Archak et al., 

2011; Baek, Ahn, & Choi, 2012; Gebauer, Tang, & Baimai, 2008; Pan & Zhang, 2011; 

Wei, Yang, & Huang, 2006).  Further, Hoon and colleagues examined the vocabulary in 

mobile app user reviews and concluded that customer review content corresponds to 

star ratings, as the rating reflects the overall sentiment of the written comments (Hoon, 

Vasa, Martino, Schneider, & Mouzakis, 2013; Hoon, Vasa, Schneider, & Mouzakis, 

2012).  Similarly, analysts at appFigures (2013b) generated ‘word clouds’ from about 25 
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million individual iOS and Mac App Store reviews from English–speaking countries: 

United States, Canada, United Kingdom, Australia, and New Zealand.  They found that 

favourable reviews accompanied by five–star rating contained positive words, while 

unfavourable reviews with lower star ratings included words with a negative connotation. 

Content analysis traditionally involves manual coding, however with advances of 

technology, more researchers are relying on computerized content analysis, which offers 

an easy way to index large sets of textual data to generate conceptual results instead of 

simple keywords (Smith, 2000).  Automatic text mining has also been utilized in the 

analysis of user reviews (Archak et al., 2011; Morris, 1994).  One system that has been 

successfully applied for content analysis in several disciplines is Leximancer (Smith & 

Humphreys, 2006).  To evaluate the usability of this tool in their studies, several 

researchers have performed manual content analysis first, and then applied the 

Leximancer on the same data set.  Comparing the two methods determined the results 

of both analyses to be comparable (Grech, Horberry, & Smith, 2002; Penn-Edwards, 

2010).  Further, Leximancer has been evaluated for stability, reproducibility, and 

correlative validity (Smith & Humphreys, 2006).  To author’s knowledge, Leximancer has 

not yet been employed to analyse customer reviews, therefore the application of this 

novel tool in a future study will allow for a more scientific qualitative data analysis, while 

contributing to the IS field from methodological standpoint. 

6.5.2. Cultural Perspectives in Customer Written Reviews 

Based on varied preferences regarding information acquisition and processing, it 

is expected that the amount and type of information contained in customer reviews will 

differ across countries, where individualistic consumers are more likely to share 

additional information in the form of detailed comments than collectivistic users.  Several 

research studies were focused on the length of customer reviews (see Baek et al., 

2012; He et al., 2012; Hoon, Vasa, Martino, et al., 2013; Hoon, Vasa, Schneider, & 

Grundy, 2013; Lai et al., 2013; Mudambi & Schuff, 2010; Pan & Zhang, 2011; Vasa, 

Hoon, Mouzakis, & Noguchi, 2012; Zhu & Zhang, 2006).  The length of user comments 

could be measured by the count of words or individual characters in each review.  Based 

on the earlier literature review on cultures, user comments in Individualistic (Low–
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Context) countries are likely to contain more textual content then in Collectivistic (High–

Context) countries, as evident in the longer length of reviews.  One cross–cultural study 

compared the length of reviews from American versus Chinese users and showed that 

American (individualistic) reviews were longer (He et al., 2012; Lai et al., 2013).  Similar 

to previous studies, this investigation will count the words in written comments, including 

both the title and the body of the review, to confirm if individualistic reviews are longer on 

average than collectivistic ones.  Unlike the current study which used the 30 apps data 

subset, the future research will include collected written reviews on all 60 apps across all 

30 countries.  The inclusion of more countries than in prior studies will likely give more 

generalizable results on differences between individualistic and collectivistic reviews. 

Another cultural element for future investigation is the amount of use of non–

verbal symbols, such as ‘smileys’ or emoticons in customer reviews.  It is probable that 

users from Collectivistic (High–Context) countries are more likely to use contextual 

symbolic cues than words to express their opinions when compared to Individualistic 

(Low–Context) countries, as evident in the number of symbols or icons in the reviews.  

On an interesting note, one of the difficulties in coding the collected textual data was the 

customers’ use of emoji (emoticons) images in the reviews.  There are hundreds of 

emoji images on the emoji keyboard for iPhone.  Users can use these images in 

messages, emails, and more, including the posted reviews in App Store.  Coding 

procedure required looking–up the meaning for each specific emoji image and noting 

this inside the text in verbal form.  To author’s knowledge, there have been no studies 

that explored the use of symbolic cues in customer reviews. 

6.5.3. Use of Language in Mobile Apps 

Recent research on English as a lingua franca in an international business 

context, (including its use in negotiations, meetings and email communication), showed 

that English is undisputed language of business (Nickerson, 2005).  Considering that 

English is accepted as an “e‑commerce language” (Usunier et al., 2009, p. 44), it makes 

sense that business mobile apps should be provided in English.  Nevertheless, 

according to Usunier and colleagues “adding other language versions may be an 

important competitive advantage when targeting non–English–speaking foreign markets” 
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(2009, p. 44).  The wide use of English in the information technology, global commerce, 

and international media, is also reflected in the mobile apps market, where the vast 

majority of apps are provided in English.  Alternately, some apps also contain other 

languages, while only a small number of apps is provided only in language(s) other than 

English. 

Building upon the extant research, a future study could explore the moderating 

effect of languages on the mobile app sales ranks.  Analogous to the Technology 

Acceptance Model (Davis, 1993), increased language–related cognitive effort will 

decrease the ease of using mobile app (Berendt & Kralisch, 2009).  In other words, if a 

user cannot understand the language offered in the mobile app, such an app will be of 

no use for that user (i.e., low usefulness).  Similarly, if the app is provided in the second 

language of the user, such an app will be more difficult to use for that user (i.e., low ease 

of use).  Following this reasoning, low language proficiency of the customer related to 

the app language as offered is likely to cause the perception of low usefulness and low 

ease of use for that app, which will negatively affect customer’s purchasing decision.  

Considering the overwhelming use of English as a lingua franca in business, it is 

expected that the English language will be included in the vast majority of business 

mobile apps, and as such, it may minimize cultural differences in the global mobile apps 

market. 

6.6. Conclusion 

Mobile apps markets are growing globally.  There are thousands of new apps 

offered in app stores on a daily basis, while only the most popular apps are ranked on 

the Top Charts.  It is therefore difficult for app developers to differentiate their products, 

and for consumers to select high quality apps.  To assist customers with their product 

choices, mobile app stores offer additional feedback obtained from existing users, such 

as customer star ratings and written reviews.  This thesis extends the informational 

cascades model of popularity (ranks) by including elements of signaling theory, 

specifically customer–based signals (ratings and reviews)—hereby named the 

informational signals model.  Ranks, ratings, and reviews all serve as pre–purchase 

information signals to the app shoppers about the unobservable quality of the product, 
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which makes purchase decision–making process less difficult.  Such cues are especially 

important for experience–goods, whose quality cannot be established prior to 

consumption as is the case of mobile apps. 

This research differs from other investigations into the mobile apps market 

context based on the use of specific apps which were tracked across many countries on 

a daily basis during a three month period.  Alternately, previous studies primarily looked 

at the top ranked apps (e.g., from top 10 to top 400), and did not analyze less popular 

apps that fall below the top charts.  Moreover, this study is the first to incorporate 

multiple app stores and compare the same app across varied country cultures and 

country clusters.  Extant studies focused on a singular app store, mostly in the United 

States, as being the first and most established store.  But none of the prior research 

evaluated the same apps across a large number of stores worldwide. 

A contribution of this study to the information systems field is to extend 

informational cascades theory by including various informational signals to this model, 

and performing cross–country comparisons of the changes in mobile apps sales ranks 

across the globe.  The study uses Apple App Store daily data on the past sales ranks of 

iPhone Business apps, together with posted customer ratings and reviews, to provide 

market–based evidence of the effect of these signals on current sales ranks.  More 

specifically, this research investigates the interaction of several informational signals, 

including both observable actions (past ranks) and observable feedback (ratings and 

reviews), and their effect on mobile apps sales as evident in the real–market sales 

ranking.  Unlike past studies which mostly focused on only one or two signals, this 

research measured multiple aspects of customer feedback, namely valence, volume, 

and variance.  The results confirmed that several dimensions of informational signals 

must be taken into account when evaluating app quality: valence, measured as average 

of star ratings or percent of positive versus negative ratings or reviews; volume, 

measured as number (count) of ratings or reviews; and variance, which represents 

overall agreement or disagreement on valence of signals.  This research explored all of 

these dimensions of varied signals and their interactions, which when taken together 

contribute to signaling theory. 
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Additionally, this thesis incorporated 30 countries across the globe and grouped 

them in ten regional clusters.  None of the extant research on mobile apps has covered 

such an extensive global apps market.  This multi–country research contributes to how 

cultural differences affect the way in which informational signals are shared and received 

by the customers in different countries.  This is a unique application of signaling theory in 

the context of information systems intersected with country culture.  From a 

methodological perspective, the study applied a clustering procedure to add eight new 

countries to the established GLOBE clusters.  The research findings confirmed the use 

of these country clusters, which can be applied in future cross–cultural studies. 
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Appendix A. Apple App Store Information 

Unlike other mobile apps platforms, Apple’s iOS users can only purchase and 

download apps from Apple App Store.  Prior to purchase, app shoppers can browse the 

Top Charts on the app store, or search for apps using the key words.  The results of 

such search can be ordered by popularity (based on the number of downloads) and 

rating (based on the average stars rating). 

Top Charts 

For each App Store around the globe, Apple tracks the daily unit downloads and 

ranks apps in top-ranked lists, so called Top Charts.  Based on the mobile app 

monetization, there are three key types of rankings: Top Paid, Top Free, and Top 

Grossing.  The Top Paid and Top Free ranks capture download volumes for Paid and 

Free apps.  The Top Grossing ranks are based on the complete revenue generated by 

apps, both from the purchase price of Paid apps and from in-app-purchases of Paid and 

Free apps (Distimo, 2013; Ifrach & Johari, 2014).  The Top Charts are accessible via an 

iPhone device, App Store website, and iTunes application. 

On the iPhone device, the Top Charts are accessible via App Store application, 

under the Top 25 tab.  As the iPhone operating system (iOS) changes, the user interface 

of this app may change as well.  Figure A1 depicts three types of Top Charts as seen on 

the iPhone itself at the time of this study.  Once clicked, it automatically lists top 25 

ranking apps overall.  By default, the Top Paid apps are listed first, but the user can click 

on Top Free or Top Grossing to see other lists.  At the end of the list, the user must click 

on the Show Top 50 option, to display the 26 to 50 top ranking apps.  To show more 

than 50 top apps, user can click on the Category tab, which lists top 100 top apps per 

category, in 25 apps increments.  At the time of data collection, the maximum number of 

top apps listed on the iPhone device was 100. 
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Figure A1: Apple App Store Top Charts on the iPhone Device (2011) 

On the App Store website, the top charts list top 10 applications by default.  The 

user can click on the See All link to see the rest of the Top Paid, Top Free or Top 

Grossing apps.  Figure A2 shows Top Charts listings on the App Store website at the 

time of the study.  Up to 100 top apps are visible on the App Store website. 

 

 

Figure A2: Top Charts on the App Store Website (2011) 



 

124 

Rankings can be based on individual app Categories (e.g., Business), or Top 

Overall rankings, which include all twenty categories of apps.  While the previous figures 

show the top overall rankings, Figure A3 shows an example of top apps listing by 

category, Top Paid iPhone Business Apps, as seen in the iTunes application. 

 

 

Figure A3: Top Paid iPhone Business Apps on iTunes (2011) 

 

App Preview 

The App Store provides product information for each app, as well as other 

customers’ post-purchase information.  Product information is supplied by the sellers of 

the apps and includes the app icon which gives the visual first impression of the app 

content, app name which further signals the content, description which gives more 

information about the app, interface screenshots, developer’s name, and details on 

price, app category, last update, current version, file size, and system requirements, as 

depicted in Figure A4. 
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Figure A4: iPhone Business App Example on iTunes—PDF Reader Pro by YUYAO 
Mobile Software Inc. (2011) 

In addition, App Stores offer a recommendation system to allow for a third-party 

feedback, in the form of Customer Ratings and Customer Reviews, as illustrated in 

Figure A5.  Customer Ratings can be submitted only by the users who downloaded the 

app.  Ratings are given on a scale of 1 to 5 stars (5 being the best, 1 being the worst), 

and they represent a symbolic recommendation from other users.  Users can see the 

average of customer ratings, as well as the number of customer ratings.  Similarly, 

Customer Reviews can be posted only by the users who downloaded the app.  

Reviews also include the star rating, plus the detailed comments as narrative information 

from other users. 
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Figure A5: Customer Ratings and Customer Reviews on iTunes (2011) 
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Appendix B. Research Variables 

Control Variables 

Category Only apps from Business category are selected 

Price ($) 

Current app price in US Dollars $  

Only paid apps priced from $0.99 to $9.99 are selected (average around $4.00) 

Prices in different countries are converted US price to the native currency 

Size (MB) 
App download size in Megabytes (MB) 

Only apps of moderate size were selected, from 0.1MB to 25MB 

Age Mix of older and newer apps: Released in 2008 (20), 2009 (29), 2010 (11) 

Informational Signals 

Observable Actions 

Past Rank Previous day App Store Sales Rank as listed in Top Charts (t-1) 

Observable Feedback 

Customer 
Ratings 

Rating Scale out of 5 stars (1 lowest, 5 highest) 

Frequency of Customer Ratings (1, 2, 3, 4, 5 stars) 

Average Customer Ratings (valence) 

Count of Customer Ratings (volume) 

Customer 
Reviews 

Customer Reviews Valence is based on the accompanied rating and coded as:  

Favourable (4-5 stars), Neutral (3 stars), or Unfavourable (2-1 stars) 

Count of Customer Reviews (volume) 

Written Comments – to be used for exploratory content analysis (future research) 

Moderators 

Country 
Culture 

Country’s overall cultural tendency based on IND-COL cultural dimensions: 

IND  Individualistic / Low-Context 

COL  Collectivistic / High-Context 

Country 
Clusters 

10 clusters x 3 countries per each (based on the GLOBE clustering procedure):  

Anglo, Latin Europe, Nordic Europe, Germanic Europe, Eastern Europe, Latin America,  
Middle East, Sub-Saharan Africa, Southern Asia, and Confucian Asia 

Dependent Variable 

Rank 

Current App Store Sales Rank (t) 

Top Rank = 1 

Measured top 1000 ranks 
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Appendix C. Business Mobile Apps 

Icon App Name – App ID Developer Released MB $ 

 

2000 Idioms - 360599150 Pulse2 2010-03-09 0.5 0.99 

 

ABBYY Business Card Reader - 
347345474 

ABBYY 2009-12-28 21.3 9.99 

 

Air Sharing Pro - 312686749 Avatron Software, Inc. 2009-05-08 14.1 6.99 

 

AudioNote - Notepad and Voice Recorder - 
369820957 

Luminant Software 2010-04-29 2.5 4.99 

 

BOLT - IE Browser - 304090799 IT STRATEGISTS .NET 2009-02-13 1.6 4.99 

 

Business Card Reader - 328175747 SHAPE Services 2009-10-31 18.1 5.99 

 

Business Card Scanner (OCR) - 
352820679 

G.P. Imports, Inc. 2010-01-29 3.4 0.99 

 

CamCard(Business Card Reader) - 
347803339 

IntSig Information Co.,Ltd 2009-12-29 15.4 6.99 

 

Cardreader - mobile OCR Business Card 
Reader & Scanner - 333992036 

x-root Software GmbH 2009-10-15 14.7 3.99 

 

Daily Tasks (To Dos) - 304040202 Aashish Patil 2009-02-07 0.9 0.99 

 

Document Scanner - 342464953 Zirak s.r.l. 2009-12-04 0.8 4.99 

 

Employee Time Tracking (Clock IN/Clock 
OUT) - 327965168 

G.P. Imports, Inc. 2009-08-30 0.1 0.99 

 

FileApp Pro - 359580470 DigiDNA 2010-03-08 3.7 0.99 

 

Folders - Private File Storage and Viewing - 
287950258 

Ractor 2008-09-03 0.3 1.99 

 

FTP On The Go - 286479936 Headlight Software, Inc. 2008-08-27 2.4 6.99 
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Icon App Name – App ID Developer Released MB $ 

 

FTP On The Go PRO - 364787363 Headlight Software, Inc. 2010-04-01 2.9 9.99 

 

Handy Sign - 410231139 
OOHAND Mobile 
Software, Inc. 

2010-12-22 1.5 1.99 

 

HT Professional Recorder - 292413948 Andrew Berlin 2008-10-14 1.9 4.99 

 

ibisMail - Filtering Mail - 300834416 ibis inc. 2009-03-07 3.7 3.99 

 

iDiary - a diary with calendar, encryption, 
photo & voice journals - 289672626 

Triple Creeks Studio 2008-09-05 1.0 6.99 

 

Instaviz - 299022481 Pixelglow Software 2008-12-06 3.3 9.99 

 

Invoice Maker - 318002522 G.P. Imports, Inc. 2009-06-04 0.1 0.99 

 

iPocket Coach - 327305696 Tony Deblauwe 2009-08-27 1.0 0.99 

 

iRecorder Pro - Pocket Voice Recorder - 
285750155 

SimpleTouch Software 2008-08-27 0.3 2.99 

 

iTalk Recorder Premium - 296271871 Griffin Technology 2008-11-13 3.2 1.99 

 

iTimeSheet - 287629482 JF Grang softwares 2008-08-27 2.1 5.99 

 

Mailer - Group Mail with Attachments, 
HTML and Templates - 321504812 

Christian Fries 2009-07-24 5.3 0.99 

 

My Eyes Only™ - Secure Password 
Manager - 285835523 

Software Ops LLC 2008-08-27 7.8 5.99 

 

Napkin Genius — Photograph, Sketch, Edit 
and Share Your Ideas - 303057011 

Atomic Powered 2009-01-23 0.3 1.99 

 

Notes n More - 329809916 Aashish Patil 2009-12-22 11.6 0.99 

 

Office² - 350399839 Byte² 2010-01-14 8.0 5.99 
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Icon App Name – App ID Developer Released MB $ 

 

Page Scanner - 368331275 FastIntelligence 2010-04-22 14.7 5.99 

 

PDF Expert (professional PDF documents 
reader) - 323133888 

Readdle 2009-07-19 3.8 4.99 

 

PDF Reader Pro - 300298606 
YUYAO Mobile Software, 
Inc. 

2009-01-23 10.2 0.99 

 

PDF Reader Pro Edition - 314317309 
iTECH DEVELOPMENT 
SYSTEMS INC. 

2009-07-20 5.1 1.99 

 

Percent Calculator - 296083167 Nolan Piper 2008-11-17 1.3 0.99 

 

PMP Cheat Sheet - 338430287 Sulaba Inc 2009-11-12 0.4 1.99 

 

QuickVoice2Text Email (PRO Recorder) - 
285877935 

nFinity Inc 2009-04-15 0.4 2.99 

 

Record - Voice Recorder - 289100568 Polar Bear Farm Ltd 2008-09-05 0.7 1.99 

 

Recorder & Editor ~ iSaidWhat?! - 
345273683 

Tapparatus 2009-12-20 4.8 0.99 

 

Recorder Pro - 290854227 DAVA Consulting 2008-09-17 1.0 0.99 

 

ScanBizCards Business Card Reader - 
335047649 

ScanBiz Mobile Solutions 
L.P. 

2009-10-29 13.3 6.99 

 

Scanner Pro (scan multipage documents, 
upload to dropbox and Evernote) - 
333710667 

Readdle 2009-10-10 13.0 6.99 

 

Secure Folder - 348853347 Triple Creeks Studio 2010-01-19 0.9 4.99 

 

SecureNotes - Encrypted Notepad - 
335360000 

Ractor 2009-11-13 0.1 1.99 

 

Sheet² - 334652355 Byte² 2009-10-16 7.9 3.99 
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Icon App Name – App ID Developer Released MB $ 

 

Sign-N-Send - 395722284 Kishore Tipirneni 2010-12-23 1.3 1.99 

 

Smart Dial - 290376983 Gary Fung 2008-11-10 0.3 2.99 

 

Smart Scanner - 365687155 SHAPE Services 2010-04-30 11.3 1.99 

 

Spreadsheet - 291175981 App Authors Limited 2008-09-29 7.9 5.99 

 

Tap Forms Database - 291405311 
ClickSpace Technologies 
Inc. 

2008-09-29 11.3 6.99 

 

Task PRO (To-do & Projects) - 306832174 AlifSoft 2009-03-07 2.8 1.99 

 

Time Calculator - 329738656 Rolf Assfalg 2009-09-16 0.3 0.99 

 

Time Master + Billing - 310289408 On-Core Software LLC 2009-04-12 9.4 9.99 

 

To-Do List - 293837047 Concrete Software, Inc. 2008-10-21 1.0 0.99 

 

Ultimate Voice Recorder - 294176797 Chillingo Ltd 2008-10-21 2.9 6.99 

 

Unit Converter Pro - 294355015 Concrete Software, Inc. 2008-10-22 5.0 0.99 

 

vCard Mailer - 286348301 Michael Zimmermann 2008-08-27 0.2 0.99 

 

Voxie Pro Recorder, Twitter, Dictation and 
Transcription - 294895817 

Bottle Rocket 2008-11-04 2.8 1.99 

 

WorldCard Mobile - business card reader & 
business card scanner - 333211045 

Penpower Technology 
Ltd. 

2009-11-03 6.0 5.99 

MB   Size in MegaBytes 
$  Price in US Dollars 
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Appendix D. Countries, Clusters and Cultural 
Dimensions 

ID COUNTRY CLUSTER REGION IDV CI CG I/C 

AU Australia Anglo Oceania 90 4.39 4.98 IND 

CA Canada Anglo North America 80 4.28 5.08 IND 

US United States Anglo North America 91 4.21 5.01 IND 

DK Denmark Nordic Europe Northern Europe 74 4.67 4.67 IND 

NO Norway Nordic Europe Northern Europe 69 
  

IND 

SE Sweden Nordic Europe Northern Europe 71 4.59 4.86 IND 

CO Colombia Latin America South America 13 4.56 5.79 COL 

PE Peru Latin America South America 16 
  

COL 

VE Venezuela Latin America South America 12 4.62 5.67 COL 

ID Indonesia Southern Asia South-Eastern Asia 14 4.62 5.48 COL 

PK Pakistan Southern Asia Southern Asia 14 
  

COL 

TH Thailand Southern Asia South-Eastern Asia 20 4.48 5.73 COL 

HK Hong Kong Confucian Asia Eastern Asia 25 4.19 5.22 COL 

SG Singapore Confucian Asia South-Eastern Asia 20 4.60 5.56 COL 

TW Taiwan Confucian Asia Eastern Asia 17 4.63 5.38 COL 

KW Kuwait Middle East Western Asia 38 4.68 5.51 COL 

QA Qatar Middle East Western Asia 38 4.94 5.31 COL 

AE United Arab Emirates Middle East Western Asia 38 
  

COL 

HR Croatia Eastern Europe Southern Europe 27 
  

COL 

GR Greece Eastern Europe Southern Europe 35 4.41 5.38 COL 

SI Slovenia Eastern Europe Southern Europe 27 4.23 5.60 COL 

ML Mali Sub-Saharan Africa Western Africa 20 
  

COL 

NE Niger Sub-Saharan Africa Western Africa 20 
  

COL 

SN Senegal Sub-Saharan Africa Western Africa 20 
  

COL 

FR France Latin Europe Western Europe 71 4.74 5.27 IND 

IT Italy Latin Europe Southern Europe 76 4.48 5.38 IND 

ES Spain Latin Europe Southern Europe 51 4.56 5.68 IND 

DE Germany Germanic Europe Western Europe 67 4.40 4.90 IND 

NL Netherlands Germanic Europe Western Europe 80 4.69 4.59 IND 

CH Switzerland Germanic Europe Western Europe 68 4.54 4.60 IND 

Note:  countries noted in italics were added to the original GLOBE clusters 
IDV Individualism Score (Hofstede & Bond, 1988) 
CI  Institutional Collectivism Average Score of Practice and Values (House et al., 2004) 
CG  In-Group Collectivism Average Score of Practice and Values (House et al., 2004) 
I/C Overall IND (Individualistic) or COL (Collectivistic) tendency 
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Appendix E. Data Collection Database Tables 

Table E1: Countries 

CountryID Key field: ISO3166 Country Codes (2 letters) 

StoreID App Store Codes = iTunesCode 

Country Name of the country 

Cluster Name of the GLOBE Country Cluster (10 clusters in total) 

O Order of the cluster on the Cultural Cluster Wheel 

Region World region 

IDV IDV = Individualism score [Hofstede] 

CI Institutional Collectivism Average Score of Practice and Values [GLOBE] 

CG In-Group Collectivism Average Score of Practice and Values [GLOBE] 

IC Values: IND = individualistic; COL = collectivistic 
 

Table E2: BusinessApps 

AppID Key field: App ID from the App Store 

AppName Name of the app 

Content Values: Contacts Mgmt, Editor, File Mgmt, Recorder, Time Mgmt, Tools 

Released New App Release Date 

Developer Company that created the app 

MB Size in MegaBytes 

Price Current price in US $ 
 

Table E3: AppRanks 

AppRanksID Key field 

AppID Foreign: BusinessApps 

AppName Name of the app 

Date Rank Date 

Country App Store country 

Rank App Store sales Rank, Top Rank = 1 (TIME = t) 

PastRank Previous day App Store sales Rank -- Top Rank = 1 (TIME = t-1) 

CountryID Foreign: Countries 

TopChart Values: 25 (rank 1-25), 50 (rank 26-50), 75 (rank 51-75), 100 (rank 76-100),  
200 (rank 101-200), 1000 (rank 201-1000), 1001 (not ranked in top 1000) 
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Table E4: AppRatings 

AppRatingsID Key field 

CountryID Foreign: Countries 

AppID Foreign: BusinessApps 

RetrieveDate Ratings Date 

Stars5 Count of 5 stars  

Stars4 Count of 4 stars  

Stars3 Count of 3 stars  

Stars2 Count of 2 stars  

Stars1 Count of 1 stars  

StarsCnt Total Count of Star Ratings 

StarsAvg Average of Star Ratings 
 

Table E5: AppReviews 

AppReviewsID Key field 

AppID Foreign: BusinessApps 

CountryID Foreign: Countries 

Country Name of the country 

Title Subject of the review 

Author Author of the review (user name) 

Date Review Date 

Version App Version that was reviewed 

Rating Stars Rating (out of 5) 

Review Detailed comments 

Translated Translated from the original language [TRUE for Yes] 
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Appendix F. Data Sample – AppRanks 

Sample data for Tap Forms Database app.   

Includes app ranking data for one day (20/02/2011). 

AppID CountryID Date Rank PastRank TopChart 

291405311 AE 20/02/2011 51 49 75 

291405311 AU 20/02/2011 54 34 75 

291405311 CA 20/02/2011 85 31 100 

291405311 CH 20/02/2011 53 56 75 

291405311 CO 20/02/2011 106 104 200 

291405311 DE 20/02/2011 81 65 100 

291405311 DK 20/02/2011 46 50 50 

291405311 ES 20/02/2011 52 50 75 

291405311 FR 20/02/2011 106 104 200 

291405311 GR 20/02/2011 51 47 75 

291405311 HK 20/02/2011 35 36 50 

291405311 HR 20/02/2011 49 82 50 

291405311 ID 20/02/2011 57 52 75 

291405311 IT 20/02/2011 55 58 75 

291405311 KW 20/02/2011 194 193 200 

291405311 NL 20/02/2011 28 49 50 

291405311 NO 20/02/2011 49 51 50 

291405311 PE 20/02/2011 58 56 75 

291405311 PK 20/02/2011 109 107 200 

291405311 QA 20/02/2011 78 75 100 

291405311 SE 20/02/2011 60 62 75 

291405311 SG 20/02/2011 51 52 75 

291405311 SI 20/02/2011 84 81 100 

291405311 TH 20/02/2011 50 45 50 

291405311 TW 20/02/2011 19 19 25 

291405311 US 20/02/2011 57 51 75 

291405311 VE 20/02/2011 38 35 50 
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Appendix G. Data Sample – AppRatings 

Sample data for Tap Forms Database app.   

Includes app ratings data for one day (20/02/2011). 

Country 
ID 

Retrieve 
Date 

Stars5 Stars4 Stars3 Stars2 Stars1 
Stars 
Cnt 

Stars 
Avg 

au 20/02/2011 40 10 9 6 8 73 3.93 

ca 20/02/2011 28 15 9 7 5 64 3.84 

ch 20/02/2011 9 11 7 5 4 36 3.44 

de 20/02/2011 55 30 24 19 26 154 3.45 

dk 20/02/2011 4 0 4 0 0 8 4.00 

es 20/02/2011 10 1 0 4 3 18 3.61 

fr 20/02/2011 12 7 7 3 4 33 3.61 

gr 20/02/2011 2 1 0 0 3 6 2.83 

hk 20/02/2011 2 2 1 1 4 10 2.70 

it 20/02/2011 29 19 14 12 13 87 3.45 

nl 20/02/2011 29 11 4 6 5 55 3.96 

se 20/02/2011 5 0 1 0 2 8 3.75 

sg 20/02/2011 2 1 0 1 1 5 3.40 

tw 20/02/2011 19 5 8 1 8 41 3.63 

us 20/02/2011 252 108 63 61 107 591 3.57 
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Appendix H. Data Sample – AppReviews 

Sample data for Tap Forms Database app.   

Includes app reviews data for three days (18/02/2011 - 20/02/2011).   

User comments are listed on the second row for each record and formatted in italics. 

Country Title Author Date Ver Rate Tran 

Australia Excellent App with small bug... Rohan89 19/2/11 2.0.1.1 4 F 

Tap Forms is a fabulous list/database app and I'd highly recommend it to anyone needing this kind of 
functionality. I've got an annoying little bug though - if I add in a record for a form I can't get rid of it then no 
matter how many times I use the "Delete Record" option. I have to go erase each field manually which is 
cumbersome and shouldn't be the case. Also the main Forms page still shows that form category there 
which it shouldn't if there aren't any records in it... Can this please be fixed in the next update? It's as 
important to be able to properly delete as it is to store information. 

Australia Excellent App mjs_1001 20/2/11 2.0.1.1 5 F 

This app is brilliant the flexability is amazing and it is exactly what I have been looking for. And @ 19 
February 2011 for the delete issue if you just create a 2nd record then go to that category and delete each 
record and the category will delete also. Cheers to the developers, Matt 

France Bug bug bug ! Hybride2 19/2/11 2.0.1.1 2 T 

Very good app but bug! It is impossible to delete a record. Becomes unusable in my case. I uninstall, 
damage ... 

Germany Datenbank Pyskowice 20/2/11 2.0.1.1 4 T 

Hi, the database is really great. What struck me personally, that you do not delete individual entries from 
the database. Please fix in the next patch. 

Italy Fantastic!!! 24/08/08 18/2/11 2.0.1.1 5 T 

I must say really well done, would be perfect if there was still a Desktop Companion ... Highly 
recommended 

Switzerland But good! pudox 18/2/11 2.0.1.1 3 T 

Problem with deleting the record ....... Problems in the removal of records! The individual records are not 
deleted! 

Taiwan search engine unpredictable golddiggertw 20/2/11 2.0.1.1 3 F 

search engine unpredictable ex:in business accounts form have two records 1st record's Account Name 
value was 1234 the 2nd record's Account Name value was 4567.now search 12.two records shown 
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Appendix  I. Data Analysis Variables 

VARIABLE DESCRIPTION 

Nmb Internal observation number [sort code] 

APP App Number [cross-section code] 

AppID Key: App ID from the App Store 

AppName Name of the app 

Age 
Values based on App release date (young to old):  
1 = < 6, 2 = 6 - 12, 3 = 13 - 18, 4 = 19 - 24, 5 = 25 - 30 months 

Date Collection Date (from Feb 10.2011 to May 10.2011 total 90 days) 

T Time series t (1 to 90) 

Rank Current Rank; Top Rank = 1 (TIME = t) 

PastRank Previous day Rank (TIME = t-1) 

TopChart 
Values: 25 (rank 1-25), 50 (rank 26-50), 75 (rank 51-75),  
100 (rank 76-100), 200 (rank 101-200), 1000 (rank 201-1000),  
1001 (not ranked in top 1000) 

Stars1 Count of 1 Stars Ratings 

Stars1Pct Percent of 1 Stars Ratings 

Stars2 Count of 2 Stars Ratings 

Stars2Pct Percent of 2 Stars Ratings 

Stars3 Count of 3 Stars Ratings 

Stars3Pct Percent of 3 Stars Ratings 

Stars4 Count of 4 Stars Ratings 

Stars4Pct Percent of 4 Stars Ratings 

Stars5 Count of 5 Stars Ratings 

Stars5Pct Percent of 5 Stars Ratings 

UStarsPct Percent of Unfavourable Stars Ratings (1-2 stars) 

UStarsPct_cat 
Categorized Percent of Unfavourable Stars Ratings (1-2 stars): 
H (high) >= median, L (low) < median 

FStarsPct Percent of Favourable Stars Ratings (4-5 stars) 

FStarsPct_cat 
Categorized Percent of Favourable Stars Ratings (4-5 stars): 
H (high) >= median, L (low) < median 

StarsCnt Count of ALL Stars Ratings [VOLUME] 

StarsCnt_cat 
Categorized Count of ALL Stars Ratings [VOLUME]: 
H (high) >= median, L (low) < median 

StarsAvg Average of ALL Stars Ratings [VALENCE] 
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VARIABLE DESCRIPTION 

StarsAvg_cat 
Categorized Average of ALL Stars Ratings [VALENCE]: 
H (high) > median, N (neutral) = median, L (low) < median 

StarsCV Coefficient of Variation (CV) of ALL Stars Ratings [VARIANCE] 

StarsCV_cat 
Categorized Variation of ALL Stars Ratings [VARIANCE]: 
H (high) > 0.50, L (low) < 0.50 

URevCnt Count of Unfavourable Reviews (1-2 stars) 

URevCnt_cat 
Categorized Count of Unfavourable Reviews (1-2 stars): 
H (high) >= median, L (low) < median 

URevPct Percent of Unfavourable Reviews (1-2 stars) 

URevPct_cat 
Categorized Percent of Unfavourable Reviews (1-2 stars): 
H (high) >= median, L (low) < median 

NRevCnt Count of Neutral Reviews (3 stars) 

NRevPct Percent of Neutral Reviews (3 stars) 

FRevCnt Count of Favourable Reviews (4-5 stars) 

FRevCnt_cat 
Categorized Count of Favourable Reviews (4-5 stars): 
H (high) >= median, L (low) < median 

FRevPct Percent of Favourable Reviews (4-5 stars) 

FRevPct_cat 
Categorized Percent of Favourable Reviews (4-5 stars): 
H (high) >= median, L (low) < median 

RevCnt Count of ALL Reviews [VOLUME] 

RevCnt_cat 
Categorized Count of ALL Reviews [VOLUME]: 
H (high) >= median, L (low) < median 

CountryID Key: ISO3166 Country Codes (2 letters) 

Country Name of the country 

Cluster Name of the GLOBE Country Cluster (10 clusters in total) 

C Order of the cluster on the Cultural Cluster Wheel (1-10) 

INDCOL Values: IND = individualistic, COL = collectivistic 
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Appendix J. Normality Test 

The normality test was applied to the main model as stated in hypothesis 1.  The model 

was tested using SAS Mixed Procedure.  The model assumptions were checked 

concerning the residuals.  The models assume the residuals are normally distributed 

random variables centered at zero with constant variance.  Due to a very large dataset 

(76590 observations), any Studentized Residuals greater than 2.5, or lesser than -2.0, 

were considered to be outliers.  The remaining dataset consists of 72811 observations.  

The normality test performed on the randomized subset (n=100) of the dataset without 

these outliers confirmed the normal distribution. 

Hypothesis 1 – PastRank (ln) 

Residual analysis with PROC UNIVARIATE 
Distribution of StudentResid 
Variable: StudentResid (Studentized Residual) 

Class Level Information 

Class Levels Values 

APP 30 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 
27 28 29 30 

CountryID 30 AE AU CA CH CO DE DK ES FR GR HK HR ID IT KW ML NE NL NO 
PE PK QA SE SG SI SN TH TW US VE 

TopChart 7 25 50 75 100 200 1000 1001 

 
Number of Observations Read 76590 

Number of Observations Used 76212 

 
Covariance Parameter Estimates 

Cov Parm Estimate Standard Error Z Value Pr > Z 

APP 0.10 0.02591 3.81 <.0001 

CountryID 0.00 0.00087 3.70 0.0001 

Residual 0.17 0.00089 195.12 <.0001 

 
Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

PastRank 1 76E3 720.41 <.0001 

TopChart 6 76E3 24614.60 <.0001 

T 1 76E3 37.21 <.0001 
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Moments 

N 76212 Sum Weights 76212 

Mean -1.1619E-6 Sum Observations -0.0885503 

Std Deviation 1.00001678 Variance 1.00003356 

Skewness -1.151696 Kurtosis 5.7813484 

Uncorrected SS 76213.5578 Corrected SS 76213.5578 

Coeff Variation -86067787 Std Error Mean 0.00362239 

 
Tests for Normality 

Test Statistic p Value 

Kolmogorov-Smirnov D 0.124098 Pr > D <0.0100 

Cramer-von Mises W-Sq 358.094 Pr > W-Sq <0.0050 

Anderson-Darling A-Sq 2025.753 Pr > A-Sq <0.0050 

 

 
 

Simple Random Sampling (N=100) [data set without outliers] 

(Where StudentResid <- 2.0 or >+2.5) 
 
Residual analysis with PROC UNIVARIATE -- RANDOM SAMPLE 
Distribution of StudentResid 
Variable: StudentResid (Studentized Residual) 

Moments 

N 100 Sum Weights 100 

Mean 0.04512278 Sum Observations 4.51227831 

Std Deviation 0.73037425 Variance 0.53344654 

Skewness 0.11752196 Kurtosis 0.22289624 

Uncorrected SS 53.0148145 Corrected SS 52.8112079 

Coeff Variation 1618.63741 Std Error Mean 0.07303742 
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Tests for Normality 

Test Statistic p Value 

Shapiro-Wilk W 0.98552 Pr < W 0.3460 

Kolmogorov-Smirnov D 0.069035 Pr > D >0.1500 

Cramer-von Mises W-Sq 0.079861 Pr > W-Sq 0.2132 

Anderson-Darling A-Sq 0.503792 Pr > A-Sq 0.2086 

 
Jarque-Bera test for variable studentresid from data SampleSRS 

Obs VarName N Skewness Excess Kurtosis JB Statistic P-value 

1 StudentResid 100 0.11752 0.22290 0.43720 0.80364 

 

 
 

Hypothesis 1 – PastRank (ln) [data set without outliers] 

Residual analysis with PROC UNIVARIATE -- NO OUTLIERS 
Distribution of StudentResid 
The UNIVARIATE Procedure 
Variable: StudentResid (Studentized Residual) 

Class Level Information 

Class Levels Values 

APP 30 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 
27 28 29 30 

CountryID 30 AE AU CA CH CO DE DK ES FR GR HK HR ID IT KW ML NE NL NO 
PE PK QA SE SG SI SN TH TW US VE 

TopChart 7 25 50 75 100 200 1000 1001 

 
Number of Observations Read 72811 

Number of Observations Used 72433 
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Covariance Parameter Estimates 

Cov Parm Estimate Standard Error Z Value Pr > Z 

APP 0.09 0.02438 3.81 <.0001 

CountryID 0.00 0.00051 3.72 0.0001 

Residual 0.08 0.00045 190.22 <.0001 

 
Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

PastRank 1 72E3 1722.46 <.0001 

TopChart 6 72E3 41998.10 <.0001 

T 1 72E3 15.18 <.0001 

 
Moments 

N 72433 Sum Weights 72433 

Mean 0.106544 Sum Observations 7717.30169 

Std Deviation 0.70435946 Variance 0.49612225 

Skewness 0.4013991 Kurtosis 0.73805895 

Uncorrected SS 36757.3588 Corrected SS 35935.1266 

Coeff Variation 661.097243 Std Error Mean 0.00261713 

 
Tests for Normality 

Test Statistic p Value 

Kolmogorov-Smirnov D 0.064717 Pr > D <0.0100 

Cramer-von Mises W-Sq 113.665 Pr > W-Sq <0.0050 

Anderson-Darling A-Sq 649.4854 Pr > A-Sq <0.0050 
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Appendix K. Descriptive Statistics 

The following tables list descriptive statistics on all types of signals, as categorized by 

Age (Table A1), Culture (Table A2) and Cluster (Table A3). 

The Rank data covers full data collection period (90 days). 

Other signals (customer star ratings and reviews) indicate the final collection point, since 

the daily records are cumulative. 

 

Table K1: All Signals by Age (T=90) 

SIGNALS 
Age 

2 3 4 5 

Rank* 

N 10396 20925 9386 31734 

Mean 106 83 65 154 

Median 41 37 28 50 

Std 226 187 166 284 

Stars1 

N 54 91 66 196 

Sum 1928 2783 4111 7428 

Mean 36 31 62 38 

Stars2 

N 49 79 60 184 

Sum 941 749 1618 4323 

Mean 19 9 27 23 

Stars3 

N 48 83 66 185 

Sum 1152 781 2227 6815 

Mean 24 9 34 37 

Stars4 

N 55 86 62 178 

Sum 942 1421 2749 5922 

Mean 17 17 44 33 

Stars5 

N 57 89 68 187 

Sum 1674 4064 4386 8455 

Mean 29 46 65 45 

Stars1Pct Mean 26% 35% 29% 27% 

Stars2Pct Mean 13% 11% 13% 15% 

Stars3Pct Mean 17% 12% 17% 21% 

Stars4Pct Mean 20% 19% 21% 19% 

Stars5Pct Mean 31% 33% 28% 25% 

UStarsPct Mean 36% 43% 38% 41% 

FStarsPct Mean 50% 49% 47% 41% 
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SIGNALS 
Age 

2 3 4 5 

StarsCnt 

N 57 96 70 201 

Sum 6637 9798 15091 32943 

Mean 116 102 216 164 

Median 29 23 26 38 

StarsAvg 

Mean 3.21 3.03 3.08 2.96 

Median 3.17 3.04 3.16 3.02 

Std 0.49 0.78 0.53 0.53 

Min 2.33 1.00 1.80 1.38 

Max 4.20 4.65 4.40 4.13 

StarsCV 

Mean 49% 52% 51% 50% 

Median 49% 54% 49% 50% 

Min 31% 12% 24% 22% 

Max 68% 90% 91% 87% 

URevCnt 

N 47 94 56 166 

Sum 322 732 583 914 

Mean 7 8 10 6 

Median 4 3 4 3 

NRevCnt 

N 35 56 44 117 

Sum 152 190 267 397 

Mean 4 3 6 3 

Median 2 2 3 2 

FRevCnt 

N 59 110 69 179 

Sum 785 1895 1704 2044 

Mean 13 17 25 11 

Median 5 4 4 4 

URevPct Mean 44% 47% 40% 42% 

NRevPct Mean 21% 17% 20% 27% 

FRevPct Mean 69% 71% 65% 62% 

RevCnt 

N 69 132 76 212 

Sum 1259 2817 2554 3355 

Mean 18 21 34 16 

Median 5 5 6 5 

* Rank (T=ALL) 
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Table K2: All Signals by Culture (T=90) 

SIGNALS 
INDCOL 

COL IND 

Rank 

N 41834 30607 

Mean 154 62 

Median 40 46 

Std 303 80 

Stars1 

N 95 312 

Sum 518 15732 

Mean 5 50 

Stars2 

N 80 292 

Sum 258 7373 

Mean 3 25 

Stars3 

N 84 298 

Sum 382 10593 

Mean 5 36 

Stars4 

N 83 298 

Sum 361 10673 

Mean 4 36 

Stars5 

N 98 303 

Sum 619 17960 

Mean 6 59 

Stars1Pct Mean 29% 29% 

Stars2Pct Mean 16% 13% 

Stars3Pct Mean 20% 17% 

Stars4Pct Mean 20% 19% 

Stars5Pct Mean 34% 26% 

UStarsPct Mean 39% 41% 

FStarsPct Mean 48% 44% 

StarsCnt 

N 107 317 

Sum 2138 62331 

Mean 20 197 

Median 10 41 

StarsAvg 

Mean 3.13 3.00 

Median 3.17 3.04 

Std 0.66 0.57 

Min 1.38 1.00 

Max 4.50 4.65 

StarsCV 

Mean 50% 51% 

Median 50% 50% 

Min 22% 12% 

Max 91% 90% 
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SIGNALS 
INDCOL 

COL IND 

URevCnt 

N 85 278 

Sum 159 2392 

Mean 2 9 

Median 1 4 

NRevCnt 

N 46 206 

Sum 74 932 

Mean 2 5 

Median 1 3 

FRevCnt 

N 120 297 

Sum 337 6091 

Mean 3 21 

Median 1 7 

URevPct Mean 59% 38% 

NRevPct Mean 47% 17% 

FRevPct Mean 77% 61% 

RevCnt 

N 164 325 

Sum 570 9415 

Mean 3 29 

Median 2 11 

* Rank (T=ALL) 
 

Table K3: All Signals by Cluster (T=90) 

SIGNALS 
CINDCOL 

1IND 2IND 3COL 4COL 5COL 6COL 7COL 8COL 9IND 10IND 

Rank* 

N 7734 7645 7686 7850 7629 7819 7758 3092 7701 7527 

Mean 68 52 206 122 103 150 140 274 62 67 

Median 46 37 39 40 54 37 37 30 50 53 

Std 82 93 360 259 198 302 289 427 77 61 

Stars1 

N 83 61 10 13 42 9 21 0 85 83 

Sum 10309 393 35 34 242 55 152 . 2377 2653 

Mean 124 6 4 3 6 6 7 . 28 32 

Stars2 

N 83 52 7 11 37 7 18 0 80 77 

Sum 4733 189 15 20 118 15 90 . 1243 1208 

Mean 57 4 2 2 3 2 5 . 16 16 

Stars3 

N 82 55 9 13 38 7 17 0 82 79 

Sum 6572 246 18 36 192 11 125 . 1898 1877 

Mean 80 4 2 3 5 2 7 . 23 24 

Stars4 

N 81 51 8 10 39 6 20 0 84 82 

Sum 6577 257 17 25 168 24 127 . 1910 1929 

Mean 81 5 2 3 4 4 6 . 23 24 

Stars5 

N 82 58 11 14 44 8 21 0 81 82 

Sum 12494 292 38 52 269 70 190 . 2488 2686 

Mean 152 5 3 4 6 9 9 . 31 33 
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SIGNALS 
CINDCOL 

1IND 2IND 3COL 4COL 5COL 6COL 7COL 8COL 9IND 10IND 

Stars1Pct Mean 28% 33% 37% 24% 28% 38% 28% . 28% 28% 

Stars2Pct Mean 12% 17% 17% 23% 15% 15% 14% . 13% 13% 

Stars3Pct Mean 16% 19% 21% 24% 21% 9% 20% . 16% 18% 

Stars4Pct Mean 17% 21% 18% 17% 22% 16% 19% . 20% 20% 

Stars5Pct Mean 29% 24% 35% 32% 30% 50% 35% . 26% 26% 

UStarsPct Mean 40% 45% 44% 38% 38% 44% 37% . 40% 40% 

FStarsPct Mean 45% 41% 44% 42% 48% 62% 51% . 45% 45% 

StarsCnt 

N 83 64 12 15 47 10 23 0 85 85 

Sum 40685 1377 123 167 989 175 684 . 9916 10353 

Mean 490 22 10 11 21 18 30 . 117 122 

Median 130 13 7 8 10 11 14 . 38 52 

StarsAvg 

Mean 3.06 2.85 3.05 3.12 3.13 3.11 3.19 . 3.02 3.02 

Median 3.08 2.96 3.02 3.17 3.15 3.31 3.32 . 3.04 3.04 

Std 0.51 0.67 0.77 0.51 0.58 1.12 0.63 . 0.53 0.58 

Min 1.74 1.40 1.75 2.00 1.80 1.38 1.89 . 1.58 1.00 

Max 4.65 4.00 4.17 4.27 4.44 4.50 4.20 . 4.25 4.63 

StarsCV 

Mean 51% 53% 55% 50% 50% 47% 50% . 51% 50% 

Median 50% 52% 58% 49% 51% 49% 47% . 50% 50% 

Min 20% 27% 24% 33% 22% 24% 30% . 26% 12% 

Max 76% 90% 87% 63% 91% 81% 81% . 75% 80% 

URevCnt 

N 80 44 7 10 41 8 19 0 79 75 

Sum 1342 94 15 13 94 10 27 . 473 483 

Mean 17 2 2 1 2 1 1 . 6 6 

Median 8 2 2 1 1 1 1 . 4 4 

NRevCnt 

N 73 24 1 4 29 7 5 0 56 53 

Sum 505 30 1 6 54 7 6 . 218 179 

Mean 7 1 1 2 2 1 1 . 4 3 

Median 4 1 1 2 1 1 1 . 3 2 

FRevCnt 

N 81 56 15 18 48 16 23 0 80 80 

Sum 3367 171 30 33 139 47 88 . 1256 1297 

Mean 42 3 2 2 3 3 4 . 16 16 

Median 18 2 1 1 2 2 2 . 8 7 

URevPct Mean 32% 58% 83% 72% 53% 52% 58% . 36% 36% 

NRevPct Mean 13% 31% 100% 41% 45% 54% 48% . 17% 18% 

FRevPct Mean 59% 70% 88% 79% 67% 88% 81% . 59% 61% 

RevCnt 

N 83 72 20 23 67 22 32 0 85 85 

Sum 5214 295 46 52 287 64 121 . 1947 1959 

Mean 63 4 2 2 4 3 4 . 23 23 

Median 31 2 1 2 2 1 2 . 11 11 

* Rank (T=ALL) 
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Appendix L. Hypotheses Tests 

Note that all hypotheses were tested on the data set without outliers. 

Hypothesis 1 Ranks 

Hypothesis 1 – PastRank (natural) 

A repeated measure ANCOVA (analysis of covariance) was used to compare the mean 

Ranks of the response variable between levels of TopChart adjusting for the covariates 

PastRank and time (T).  TopChart was considered a fixed effect factor with seven 

levels (25, 50, 75, 100, 200, 1000, 1001).  The two doubly repeated measures, APP (30 

apps) and CountryID (30 countries) were considered random effect factors in the model.  

If the effect of TopChart was found to be statistically significant at the alpha=0.05 level 

of significance post hoc tests using the Tukey-Kramer method were used to test for 

pairwise differences in the mean responses between levels of TopChart. 

The Mixed Procedure 

Class Level Information 

Class Levels Values 

APP 30 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 
27 28 29 30 

CountryID 30 AE AU CA CH CO DE DK ES FR GR HK HR ID IT KW ML NE NL NO 
PE PK QA SE SG SI SN TH TW US VE 

TopChart 7 25 50 75 100 200 1000 1001 

 
Number of Observations Read 72811 

Number of Observations Used 72433 

 
Covariance Parameter Estimates 

Cov Parm Estimate StdErr Z Value Pr > Z 

APP 9.08 2.43 3.74 <.0001 

CountryID 1.51 0.43 3.53 0.0002 

Residual 273.20 1.44 190.22 <.0001 

 
Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

PastRank 1 72E3 7890.51 <.0001 

TopChart 6 7E4 82130.50 <.0001 

T 1 72E3 30.01 <.0001 
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Effect=TopChart Method=Tukey-Kramer(P<0.05) Set=1* 

Obs TopChart Estimate StdErr Letter Group 

1 1001 902.39 1.28 A 

2 1000 283.33 0.83 B 

3 200 127.86 0.63 C 

4 100 89.38 0.63 D 

5 75 67.30 0.62 E 

6 50 45.28 0.62 F 

7 25 25.70 0.62 G 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 
 
Solution for Fixed Effects 

Effect TopChart Estimate StdErr Probt 

Intercept _ 888.87 1.40 <.0001 

PastRank _ 0.11 0.00 <.0001 

TopChart 25 -876.70 1.25 <.0001 

TopChart 50 -857.12 1.23 <.0001 

TopChart 75 -835.09 1.21 <.0001 

TopChart 100 -813.02 1.19 <.0001 

TopChart 200 -774.54 1.14 <.0001 

TopChart 1000 -619.07 1.08 <.0001 

TopChart 1001 0.00 .  .  

T _ 0.01 0.00 <.0001 

 
Differences of Least Squares Means (Adj P < 0.05) 

Effect TopChart _TopChart Estimate StdErr Adjp d * 

TopChart 25 50 -19.58 0.18 <.0001 3.43 

TopChart 25 75 -41.61 0.23 <.0001 7.00 

TopChart 25 100 -63.68 0.28 <.0001 10.57 

TopChart 25 200 -102.16 0.30 <.0001 6.68 

TopChart 25 1000 -257.63 0.65 <.0001 3.38 

TopChart 25 1001 -876.70 1.25 <.0001 199.61 

TopChart 50 75 -22.03 0.21 <.0001 3.57 

TopChart 50 100 -44.10 0.26 <.0001 7.14 

TopChart 50 200 -82.58 0.27 <.0001 5.32 

TopChart 50 1000 -238.05 0.63 <.0001 3.10 

TopChart 50 1001 -857.12 1.23 <.0001 194.76 

TopChart 75 100 -22.08 0.27 <.0001 3.57 

TopChart 75 200 -60.56 0.27 <.0001 3.90 

TopChart 75 1000 -216.02 0.62 <.0001 2.81 

TopChart 75 1001 -835.09 1.21 <.0001 189.71 

TopChart 100 200 -38.48 0.29 <.0001 2.49 

TopChart 100 1000 -193.95 0.62 <.0001 2.52 

TopChart 100 1001 -813.02 1.19 <.0001 184.66 

TopChart 200 1000 -155.47 0.59 <.0001 1.98 

TopChart 200 1001 -774.54 1.14 <.0001 51.27 

TopChart 1000 1001 -619.07 1.08 <.0001 8.07 

*Cohen's d measure of effect-size: small 0.2, medium 0.5, large 0.8, very large 1.3 (Cohen, 1992) 
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Hypotheses 2 Ratings 

Hypothesis 2a – VALENCE (StarsAvg_cat) 

A repeated measure ANCOVA (analysis of covariance) was used to compare the mean 

Ranks of the response variable between levels of Valence of Customer Ratings 

StarsAvg_cat (average), adjusting for the covariate time (T).  StarsAvg_cat was 

considered a fixed effect factor with three levels (Low, Neutral, High).  The two doubly 

repeated measures, APP (30 apps) and CountryID (30 countries) were considered 

random effect factors in the model.  If the effect of StarsAvg_cat was found to be 

statistically significant at the alpha=0.05 level of significance post hoc tests using the 

Tukey-Kramer method were used to test for pairwise differences in the mean responses 

between levels of StarsAvg_cat. 

The Mixed Procedure 

Class Level Information 

Class Levels Values 

APP 30 1 … 30 

CountryID 30 AE … VE 

StarsAvg_cat 3 L N H 

 
Number of Observations Read 72811 

Number of Observations Used 72441 

 
Covariance Parameter Estimates 

Cov Parm Estimate StdErr Z Value Pr > Z 

APP 5231.49 1379.12 3.79 <.0001 

CountryID 7491.13 1975.78 3.79 <.0001 

Residual 46421.00 244.02 190.24 <.0001 

 
Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

StarsAvg_cat 2 72E3 162.82 <.0001 

T 1 72E3 1012.44 <.0001 

 
Effect=StarsAvg_cat Method=Tukey-Kramer(P<0.05) Set=1 

Obs StarsAvg_cat Estimate StdErr Letter Group 

1 L 136.58 20.62 A 

2 N 109.96 21.51 B 

3 H 96.62 20.67 B 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 
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Solution for Fixed Effects 

Effect StarsAvg_cat Estimate StdErr Probt 

Intercept  154.79 21.56 <.0001 

StarsAvg_cat H -13.34 6.41 0.0373 

StarsAvg_cat L 26.62 6.32 <.0001 

StarsAvg_cat N 0.00 .  .  

T  -0.98 0.03 <.0001 

 
Differences of Least Squares Means (Adj P < 0.05) 

Effect StarsAvg_cat _StarsAvg_cat Estimate StdErr Adjp 

StarsAvg_cat H L -39.96 2.23 <.0001 

StarsAvg_cat L N 26.62 6.32 <.0001 

 

Hypothesis 2b – VALENCE (FStarsPct_cat) 

A repeated measure ANCOVA (analysis of covariance) was used to compare the mean 

Ranks of the response variable between levels of Percent of Favourable Customer 

Ratings FStarsPct_cat (4 and 5 stars), adjusting for the covariate time (T).  

FStarsPct_cat was considered a fixed effect factor with two levels (Low, High).  The two 

doubly repeated measures, APP (30 apps) and CountryID (30 countries) were 

considered random effect factors in the model.  If the effect of FStarsPct_cat was found 

to be statistically significant at the alpha=0.05 level of significance post hoc tests using 

the Tukey-Kramer method were used to test for pairwise differences in the mean 

responses between levels of FStarsPct_cat. 

The Mixed Procedure 

Class Level Information 

Class Levels Values 

APP 30 1 … 30 

CountryID 30 AE … VE 

FStarsPct_cat 2 L H 

 
Number of Observations Read 72811 

Number of Observations Used 72441 

 
Covariance Parameter Estimates 

Cov Parm Estimate StdErr Z Value Pr > Z 

APP 5239.11 1381.11 3.79 <.0001 

CountryID 7565.03 1971.31 3.84 <.0001 

Residual 46453.00 244.19 190.24 <.0001 
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Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

FStarsPct_cat 1 72E3 273.96 <.0001 

T 1 72E3 1011.26 <.0001 

 
Effect=FStarsPct_cat Method=Tukey-Kramer(P<0.05) Set=1* 

Obs FStarsPct_cat Estimate StdErr Letter Group 

1 L 134.67 20.68 A 

2 H 97.56 20.75 B 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 

 
Solution for Fixed Effects 

Effect FStarsPct_cat Estimate StdErr Probt 

Intercept  179.49 20.73 <.0001 

FStarsPct_cat H -37.11 2.24 <.0001 

FStarsPct_cat L 0.00 .  .  

T  -0.98 0.03 <.0001 

 
Differences of Least Squares Means (Adj P < 0.05) 

Effect FStarsPct_cat _FStarsPct_cat Estimate StdErr Adjp 

FStarsPct_cat H L -37.11 2.24 <.0001 

 

Hypothesis 2c – VOLUME (StarsCnt_cat) 

A repeated measure ANCOVA (analysis of covariance) was used to compare the mean 

Ranks of the response variable between levels of Volume of Customer Ratings 

StarsCnt_cat (count), adjusting for the covariate time (T).  StarsCnt_cat was 

considered a fixed effect factor with two levels (Low, High).  The two doubly repeated 

measures, APP (30 apps) and CountryID (30 countries) were considered random effect 

factors in the model.  If the effect of StarsCnt_cat was found to be statistically significant 

at the alpha=0.05 level of significance post hoc tests using the Tukey-Kramer method 

were used to test for pairwise differences in the mean responses between levels of 

StarsCnt_cat. 

The Mixed Procedure 

Class Level Information 

Class Levels Values 

APP 30 1 … 30 

CountryID 30 AE … VE 

StarsCnt_cat 2 L H 

 
Number of Observations Read 72811 

Number of Observations Used 72441 
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Covariance Parameter Estimates 

Cov Parm Estimate StdErr Z Value Pr > Z 

APP 5259.28 1386.43 3.79 <.0001 

CountryID 7737.46 2032.38 3.81 <.0001 

Residual 46550.00 244.69 190.24 <.0001 

 
Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

StarsCnt_cat 1 7E4 122.36 <.0001 

T 1 72E3 1021.20 <.0001 

 
Effect=StarsCnt_cat Method=Tukey-Kramer(P<0.05) Set=1* 

Obs StarsCnt_cat Estimate StdErr Letter Group 

1 L 134.49 20.85 A 

2 H 99.87 20.96 B 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 

 
Solution for Fixed Effects 

Effect StarsCnt_cat Estimate StdErr Probt 

Intercept  179.57 20.89 <.0001 

StarsCnt_cat H -34.62 3.13 <.0001 

StarsCnt_cat L 0.00 .  .  

T  -0.99 0.03 <.0001 

 
Differences of Least Squares Means (Adj P < 0.05) 

Effect StarsCnt_cat _StarsCnt_cat Estimate StdErr Adjp 

StarsCnt_cat H L -34.62 3.13 <.0001 

 

Hypothesis 2d – VALENCE*VOLUME (StarsAvg_cat*StarsCnt_cat) 

A repeated measure ANCOVA (analysis of covariance) was used to compare the mean 

Ranks of the response variable between levels of Valence of Customer Ratings 

StarsAvg_cat (average) and Volume of Customer Ratings StarsCnt_cat (count), 

adjusting for the covariate time (T).  The main effects, StarsAvg_cat (Low, Neutral, 

High), StarsCnt_cat (Low, High), and the two-way interaction were considered fixed 

effect factors.  The two doubly repeated measures, APP (30 apps) and CountryID (30 

countries) were considered random effect factors in the model.  If any of the main effects 

or the two-way interaction were found to be statistically significant at the alpha=0.05 

level of significance post hoc tests using the Tukey-Kramer method were used to test for 

pairwise differences in the mean responses between levels of the main effects. 
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The Mixed Procedure 

Class Level Information 

Class Levels Values 

APP 30 1 … 30 

CountryID 30 AE … VE 

StarsAvg_cat 3 L N H 

StarsCnt_cat 2 L H 

 
Number of Observations Read 72811 

Number of Observations Used 72441 

 
Covariance Parameter Estimates 

Cov Parm Estimate StdErr Z Value Pr > Z 

APP 5116.77 1348.99 3.79 <.0001 

CountryID 6675.42 1762.87 3.79 <.0001 

Residual 46351.00 243.66 190.23 <.0001 

 
Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

StarsAvg_cat 2 72E3 119.31 <.0001 

StarsCnt_cat 1 72E3 11.29 0.0008 

StarsAvg_cat*StarsCnt_cat 2 72E3 14.69 <.0001 

T 1 72E3 1009.75 <.0001 

 
Effect=StarsAvg_cat*StarsCnt_cat Method=Tukey-Kramer(P<0.05) Set=1* 

Obs StarsAvg_cat StarsCnt_cat Estimate StdErr Letter Group 

1 L L 145.81 19.87 A 

2 N H 111.62 23.14 ABC 

3 L H 104.40 20.09 B 

4 N L 103.44 21.14 B 

5 H L 100.17 19.98 B 

6 H H 79.38 20.04 C 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 

 
Solution for Fixed Effects 

Effect StarsAvg_cat StarsCnt_cat Est StdErr Probt 

Intercept   148.19 21.18 <.0001 

StarsAvg_cat H  -3.27 7.62 0.6676 

StarsAvg_cat L  42.37 7.45 <.0001 

StarsAvg_cat N  0.00 .  .  

StarsCnt_cat  H 8.18 14.04 0.5603 

StarsCnt_cat  L 0.00 .  .  

StarsAvg_cat*StarsCnt_cat H H -28.97 14.20 0.0414 

StarsAvg_cat*StarsCnt_cat H L 0.00 .  .  

StarsAvg_cat*StarsCnt_cat L H -49.60 14.19 0.0005 

StarsAvg_cat*StarsCnt_cat L L 0.00 .  .  

StarsAvg_cat*StarsCnt_cat N H 0.00 .  .  

StarsAvg_cat*StarsCnt_cat N L 0.00 .  .  

T   -0.98 0.03 <.0001 
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Differences of Least Squares Means (Adj P < 0.05) 

Effect 
StarsAvg 

_cat 
StarsCnt_c

at 
_StarsAvg

_cat 
_StarsCnt_

cat 
Est StdErr Adjp 

StarsAvg_cat* 
StarsCnt_cat 

H H H L -20.79 3.77 <.0001 

StarsAvg_cat* 
StarsCnt_cat 

H H L H -25.01 3.51 <.0001 

StarsAvg_cat* 
StarsCnt_cat 

H H L L -66.43 3.68 <.0001 

StarsAvg_cat* 
StarsCnt_cat 

H H N L -24.06 7.93 0.0291 

StarsAvg_cat* 
StarsCnt_cat 

H L L L -45.64 2.84 <.0001 

StarsAvg_cat* 
StarsCnt_cat 

L H L L -41.42 3.97 <.0001 

StarsAvg_cat* 
StarsCnt_cat 

L L N L 42.37 7.45 <.0001 

 

Hypothesis 2e – VALENCE*VARIANCE (StarsAvg_cat*StarsCV_cat) 

A repeated measure ANCOVA (analysis of covariance) was used to compare the mean 

Ranks of the response variable between levels of Valence of Customer Ratings 

StarsAvg_cat (average) and Variance of Customer Ratings StarsCV_cat (coefficient of 

variance), adjusting for the covariate time (T).  The main effects, StarsAvg_cat (Low, 

Neutral, High), StarsCV_cat (Low, High), and the two-way interaction were considered 

fixed effect factors.  The two doubly repeated measures, APP (30 apps) and CountryID 

(30 countries) were considered random effect factors in the model.  If any of the main 

effects or the two-way interaction were found to be statistically significant at the 

alpha=0.05 level of significance post hoc tests using the Tukey-Kramer method were 

used to test for pairwise differences in the mean responses between levels of the main 

effects. 

The Mixed Procedure 

Class Level Information 

Class Levels Values 

APP 30 1 … 30 

CountryID 30 AE … VE 

StarsAvg_cat 3 L N H 

StarsCV_cat 2 L H 

 
Number of Observations Read 72811 

Number of Observations Used 70972 
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Covariance Parameter Estimates 

Cov Parm Estimate StdErr Z Value Pr > Z 

APP 5279.72 1392.17 3.79 <.0001 

CountryID 6218.66 1638.62 3.80 <.0001 

Residual 47167.00 250.50 188.29 <.0001 

 
Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

StarsAvg_cat 2 71E3 108.33 <.0001 

StarsCV_cat 1 71E3 0.48 0.4907 

StarsAvg_cat*StarsCV_cat 2 71E3 60.72 <.0001 

T 1 71E3 1009.13 <.0001 

NOTE: Coefficient of Variance is not by itself significant, but the interaction effect of 
valence*variance is significant. 

 
Effect=StarsAvg_cat*StarsCV_cat Method=Tukey-Kramer(P<0.05) Set=1* 

Obs StarsAvg_cat StarsCV_cat Estimate StdErr Letter Group 

1 L L 150.86 19.64 A 

2 N H 114.76 21.39 B 

3 L H 112.51 19.72 B 

4 H H 103.92 19.94 B 

5 H L 86.23 19.70 C 

6 N L 84.33 22.01 BC 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 
 

Solution for Fixed Effects 

Effect StarsAvg_cat StarsCV_cat Est StdErr Probt 

Intercept   129.91 22.07 <.0001 

StarsAvg_cat H  1.91 10.17 0.8511 

StarsAvg_cat L  66.53 10.30 <.0001 

StarsAvg_cat N  0.00 .  .  

StarsCV_cat  H 30.44 13.16 0.0207 

StarsCV_cat  L 0.00 .  .  

StarsAvg_cat*StarsCV_cat H H -12.76 13.75 0.3537 

StarsAvg_cat*StarsCV_cat H L 0.00 .  .  

StarsAvg_cat*StarsCV_cat L H -68.79 13.62 <.0001 

StarsAvg_cat*StarsCV_cat L L 0.00 .  .  

StarsAvg_cat*StarsCV_cat N H 0.00 .  .  

StarsAvg_cat*StarsCV_cat N L 0.00 .  .  

T   -1.00 0.03 <.0001 
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Differences of Least Squares Means (Adj P < 0.05) 

Effect 
StarsAvg 

_cat 
StarsCV 

_cat 
_StarsAvg 

_cat 
_StarsCV 

_cat 
Est StdErr Adjp 

StarsAvg_cat* 
StarsCV_cat 

H H H L 17.68 4.12 0.0003 

StarsAvg_cat* 
StarsCV_cat 

H H L L -46.94 4.28 <.0001 

StarsAvg_cat* 
StarsCV_cat 

H L L H -26.27 2.92 <.0001 

StarsAvg_cat* 
StarsCV_cat 

H L L L -64.62 3.04 <.0001 

StarsAvg_cat* 
StarsCV_cat 

H L N H -28.53 8.79 0.0150 

StarsAvg_cat* 
StarsCV_cat 

L H L L -38.35 3.34 <.0001 

StarsAvg_cat* 
StarsCV_cat 

L L N H 36.09 8.86 0.0007 

StarsAvg_cat* 
StarsCV_cat 

L L N L 66.53 10.30 <.0001 

 

Hypotheses 3 Reviews 

Hypothesis 3a – VOLUME (RevCnt_cat) 

A repeated measure ANCOVA (analysis of covariance) was used to compare the mean 

Ranks of the response variable between levels of Volume of Customer Reviews 

RevCnt_cat (count), adjusting for the covariate time (T).  RevCnt_cat was considered a 

fixed effect factor with two levels (Low, High).  The two doubly repeated measures, APP 

(30 apps) and CountryID (30 countries) were considered random effect factors in the 

model.  If the effect of RevCnt_cat was found to be statistically significant at the 

alpha=0.05 level of significance post hoc tests using the Tukey-Kramer method were 

used to test for pairwise differences in the mean responses between levels of 

RevCnt_cat. 

The Mixed Procedure 

Class Level Information 

Class Levels Values 

APP 30 1 … 30 

CountryID 30 AE … VE 

RevCnt_cat 2 L H 

 
Number of Observations Read 72811 

Number of Observations Used 72441 
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Covariance Parameter Estimates 

Cov Parm Estimate StdErr Z Value Pr > Z 

APP 5220.69 1376.48 3.79 <.0001 

CountryID 7993.23 2084.52 3.83 <.0001 

Residual 46603.00 244.97 190.24 <.0001 

 
Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

RevCnt_cat 1 71E3 39.46 <.0001 

T 1 72E3 1023.11 <.0001 

 
Effect=RevCnt_cat Method=Tukey-Kramer(P<0.05) Set=1* 

Obs RevCnt_cat Estimate StdErr Letter Group 

1 L 130.79 21.02 A 

2 H 112.63 21.11 B 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 

 
Solution for Fixed Effects 

Effect RevCnt_cat Estimate StdErr Probt 

Intercept  175.94 21.07 <.0001 

RevCnt_cat H -18.16 2.89 <.0001 

RevCnt_cat L 0.00 .  .  

T  -0.99 0.03 <.0001 

 
Differences of Least Squares Means (Adj P < 0.05) 

Effect RevCnt_cat _RevCnt_cat Estimate StdErr Adjp 

RevCnt_cat H L -18.16 2.89 <.0001 

 

Hypothesis 3b – VALENCE (FRevPct_cat) 

A repeated measure ANCOVA (analysis of covariance) was used to compare the mean 

Ranks of the response variable between levels of Percent of Favourable Customer 

Reviews FRevPct_cat (4 and 5 stars), adjusting for the covariate time (T).  

FRevPct_cat was considered a fixed effect factor with two levels (Low, High).  The two 

doubly repeated measures, APP (30 apps) and CountryID (30 countries) were 

considered random effect factors in the model.  If the effect of FRevPct_cat was found 

to be statistically significant at the alpha=0.05 level of significance post hoc tests using 

the Tukey-Kramer method were used to test for pairwise differences in the mean 

responses between levels of FRevPct_cat. 
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The Mixed Procedure 

Class Level Information 

Class Levels Values 

APP 30 1 … 30 

CountryID 30 AE … VE 

FRevPct_cat 2 L H 

 
Number of Observations Read 72811 

Number of Observations Used 72441 

 
Covariance Parameter Estimates 

Cov Parm Estimate StdErr Z Value Pr > Z 

APP 5256.56 1385.70 3.79 <.0001 

CountryID 7835.50 2049.62 3.82 <.0001 

Residual 46482.00 244.34 190.24 <.0001 

 
Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

FRevPct_cat 1 72E3 228.15 <.0001 

T 1 72E3 1011.66 <.0001 

 
Effect=FRevPct_cat Method=Tukey-Kramer(P<0.05) Set=1* 

Obs FRevPct_cat Estimate StdErr Letter Group 

1 L 133.25 20.91 A 

2 H 101.59 20.97 B 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 

 
Solution for Fixed Effects 

Effect FRevPct_cat Estimate StdErr Probt 

Intercept  178.09 20.96 <.0001 

FRevPct_cat H -31.65 2.10 <.0001 

FRevPct_cat L 0.00 .  .  

T  -0.98 0.03 <.0001 

 
Differences of Least Squares Means (Adj P < 0.05) 

Effect FRevPct_cat _FRevPct_cat Estimate StdErr Adjp 

FRevPct_cat H L -31.65 2.10 <.0001 

 

Hypothesis 4 Ratings*Reviews 

Hypothesis 4 – Ratings*Reviews VALENCE (FStarsPct_cat*FRevPct_cat) 

A repeated measure ANCOVA (analysis of covariance) was used to compare the mean 

Ranks of the response variable between levels of Percent of Favourable Customer 

Ratings FStarsPct_cat (4 and 5 stars) and Percent of Favourable Customer Reviews 

FRevPct_cat (4 and 5 stars), adjusting for the covariate time (T).  The main effects 

FStarsPct_cat (Low, High) and FRevPct_cat (Low, High), and the two-way interaction 



 

161 

were considered fixed effect factors.  The two doubly repeated measures, APP (30 

apps) and CountryID (30 countries) were considered random effect factors in the model.  

If any of the main effects or the two-way interaction were found to be statistically 

significant at the alpha=0.05 level of significance post hoc tests using the Tukey-Kramer 

method were used to test for pairwise differences in the mean responses between levels 

of the main effects. 

The Mixed Procedure 

Class Level Information 

Class Levels Values 

APP 30 1 … 30 

CountryID 30 AE … VE 

FStarsPct_cat 2 L H 

FRevPct_cat 2 L H 

 
Number of Observations Read 72811 

Number of Observations Used 72441 

 
Covariance Parameter Estimates 

Cov Parm Estimate StdErr Z Value Pr > Z 

APP 5191.95 1368.70 3.79 <.0001 

CountryID 7138.81 1883.39 3.79 <.0001 

Residual 46350.00 243.65 190.23 <.0001 

 
Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

FStarsPct_cat 1 72E3 134.05 <.0001 

FRevPct_cat 1 72E3 83.26 <.0001 

FStarsPct_cat*FRevPct_cat 1 72E3 54.34 <.0001 

T 1 72E3 999.17 <.0001 

 
Effect=FStarsPct_cat Method=Tukey-Kramer(P<0.05) Set=1* 

Obs FStarsPct_cat FRevPct_cat Estimate StdErr Letter Group 

1 L  122.14 20.32 A 

2 H  94.69 20.36 B 

 
Effect=FRevPct_cat Method=Tukey-Kramer(P<0.05) Set=2* 

Obs FStarsPct_cat FRevPct_cat Estimate StdErr Letter Group 

3  L 118.60 20.32 A 

4  H 98.23 20.36 B 

 
Effect=FStarsPct_cat*FRevPct_cat Method=Tukey-Kramer(P<0.05) Set=3* 

Obs FStarsPct_cat FRevPct_cat Estimate StdErr Letter Group 

5 L L 140.45 20.30 A 

6 L H 103.83 20.44 B 

7 H L 96.76 20.46 BC 

8 H H 92.63 20.41 C 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 
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Solution for Fixed Effects 

Effect FStarsPct_cat FRevPct_cat Est StdErr Probt 

Intercept   184.96 20.35 <.0001 

FStarsPct_cat H  -43.69 3.04 <.0001 

FStarsPct_cat L  0.00 .  .  

FRevPct_cat  H -36.61 2.86 <.0001 

FRevPct_cat  L 0.00 .  .  

FStarsPct_cat*FRevPct_cat H H 32.48 4.41 <.0001 

FStarsPct_cat*FRevPct_cat H L 0.00 .  .  

FStarsPct_cat*FRevPct_cat L H 0.00 .  .  

FStarsPct_cat*FRevPct_cat L L 0.00 .  .  

T   -0.97 0.03 <.0001 

 
Differences of Least Squares Means (Adj P < 0.05) 

Effect 
FStarsPct 

_cat 
FRevPct 

_cat 
_FStarsPct 

_cat 
_FRevPct 

_cat 
Est StdErr Adjp 

FStarsPct_cat H 
 

L 
 

-27.45 2.37 <.0001 

FRevPct_cat 
 

H 
 

L -20.37 2.23 <.0001 

FStarsPct_cat* 
FRevPct_cat 

H H L H -11.20 3.42 0.0058 

FStarsPct_cat* 
FRevPct_cat 

H H L L -47.82 2.76 <.0001 

FStarsPct_cat* 
FRevPct_cat 

H L L L -43.69 3.04 <.0001 

FStarsPct_cat* 
FRevPct_cat 

L H L L -36.61 2.86 <.0001 

 

Hypotheses 5 Culture & Ratings  

Hypothesis 5a – VOLUME (StarsCnt) INDCOL 

A Poisson regression analysis was used to compare the mean volume (counts) of 

customer ratings of the response variable StarsCnt, between two levels of culture 

INDCOL (COLectivistic, INDividualistic) at the final time point.  The main effect INDCOL 

was considered a fixed effect factor in the model.  A log link function was used in the 

analysis.  Due to over dispersion, a negative binomial distribution was used in place of 

the standard Poisson distribution. 

The GLIMMIX Procedure 

Class Level Information 

Class Levels Values 

INDCOL 2 COL IND 

 
Number of Observations Read 799 

Number of Observations Used 424 
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Type III Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

INDCOL 1 422 238.61 <.0001 

 
Effect=INDCOL Method=Tukey-Kramer(P<0.05) Set=1* 

Obs INDCOL Estimate StdErr Mean StdErr of Mean Letter Group 

1 IND 5.28 0.07 196.63 14.48 A 

2 COL 2.99 0.13 19.98 2.57 B 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 

 
Differences of Least Squares Means (Adj P < 0.05) 

Effect INDCOL _INDCOL Estimate StdErr Adjp d * 

INDCOL COL IND -2.29 0.15 <.0001 0.51 

*Cohen's d measure of effect-size: small 0.2, medium 0.5, large 0.8 (Cohen, 1992) 
 

Hypothesis 5b – VALENCE (FStarsPct) INDCOL 

A standard analysis of variance (ANOVA) was used to compare the mean percentages 

of favourable customer ratings of the response variable FStarsPct, between two levels 

of culture INDCOL (COLectivistic, INDividualistic) at the final time point.  The main effect 

INDCOL was considered a fixed effect factor.  If the main effect INDCOL was found to 

be statistically significant at the alpha=0.05 level of significance post hoc tests using the 

Tukey-Kramer method were used to test for pairwise differences in the mean 

percentages between levels of INDCOL. 

The GLM Procedure 

Class Level Information 

Class Levels Values 

INDCOL 2 COL IND 

 
Number of Observations Read 799 

Number of Observations Used 415 

 
Dependent Variable: FStarsPct  

Source DF Type III SS Mean Square F Value Pr > F 

INDCOL 1 0.1252 0.1252 4.33 0.0382 

 
Least Squares Means 
Adjustment for Multiple Comparisons: Tukey-Kramer 

INDCOL FStarsPct LSMEAN H0:LSMean1=LSMean2 

Pr > |t| 

COL 0. 4811 0.0382 

IND 0. 4409 d = 0.23 * 

*Cohen's d measure of effect-size: small 0.2, medium 0.5, large 0.8 (Cohen, 1992) 
 



 

164 

Hypothesis 5c – VALENCE (NStarsPct = Stars3Pct) INDCOL 

A standard analysis of variance (ANOVA) was used to compare the mean percentages 

of neutral customer ratings of the response variable NStarsPct, between two levels of 

culture INDCOL (COLectivistic, INDividualistic) at the final time point.  The main effect 

INDCOL was considered a fixed effect factor.  If the main effect INDCOL was found to 

be statistically significant at the alpha=0.05 level of significance post hoc tests using the 

Tukey-Kramer method were used to test for pairwise differences in the mean 

percentages between levels of INDCOL. 

The GLM Procedure 

Class Level Information 

Class Levels Values 

INDCOL 2 COL IND 

 
Number of Observations Read 799 

Number of Observations Used 382 

 
Dependent Variable: Stars3Pct  

Source DF Type III SS Mean Square F Value Pr > F 

INDCOL 1 0.0577 0.0577 7.36 0.0070 

 
Least Squares Means 
Adjustment for Multiple Comparisons: Tukey-Kramer 

INDCOL Stars3Pct LSMEAN H0:LSMean1=LSMean2 

Pr > |t| 

COL 0. 2004 0.0070 

IND 0. 1707 d = 0.31 * 

*Cohen's d measure of effect-size: small 0.2, medium 0.5, large 0.8 (Cohen, 1992) 

 

Hypotheses 6 Culture & Reviews 

Hypothesis 6a – VOLUME (RevCnt) INDCOL 

A Poisson regression analysis was used to compare the mean volume (counts) of 

customer reviews of the response variable RevCnt, between two levels of culture 

INDCOL (COLectivistic, INDividualistic) at the final time point.  The main effect INDCOL 

was considered a fixed effect factor in the model.  A log link function was used in the 

analysis.  Due to over dispersion, a negative binomial distribution was used in place of 

the standard Poisson distribution. 
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The GLIMMIX Procedure 

Class Level Information 

Class Levels Values 

INDCOL 2 COL IND 

 
Number of Observations Read 799 

Number of Observations Used 489 

 
Type III Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

INDCOL 1 487 320.17 <.0001 

 
Effect=INDCOL Method=Tukey-Kramer(P<0.05) Set=1* 

Obs INDCOL Estimate StdErr Mean StdErr of Mean Letter Group 

1 IND 3.37 0.06 28.97 1.88 A 

2 COL 1.25 0.10 3.48 0.35 B 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 

 
Differences of Least Squares Means (Adj P < 0.05) 

Effect INDCOL _INDCOL Estimate StdErr Adjp d * 

INDCOL COL IND -2.12 0.12 <.0001 0.70 

*Cohen's d measure of effect-size: small 0.2, medium 0.5, large 0.8 (Cohen, 1992) 
 

Hypothesis 6b – VALENCE (FRevPct) INDCOL 

A standard analysis of variance (ANOVA) was used to compare the mean percentages 

of favourable customer reviews of the response variable FRevPct, between two levels of 

culture INDCOL (COLectivistic, INDividualistic) at the final time point.  The main effect 

INDCOL was considered a fixed effect factor.  If the main effect INDCOL was found to 

be statistically significant at the alpha=0.05 level of significance post hoc tests using the 

Tukey-Kramer method were used to test for pairwise differences in the mean 

percentages between levels of INDCOL. 

The GLM Procedure 

Class Level Information 

Class Levels Values 

INDCOL 2 COL IND 

 
Number of Observations Read 799 

Number of Observations Used 417 

 
Dependent Variable: FRevPct  

Source DF Type III SS Mean Square F Value Pr > F 

INDCOL 1 2.1226 2.1226 38.73 <.0001 
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Least Squares Means 
Adjustment for Multiple Comparisons: Tukey-Kramer 

INDCOL FRevPct LSMEAN H0:LSMean1=LSMean2 

Pr > |t| 

COL 0.7703 <.0001 

IND 0.6127 d = 0.65 * 

*Cohen's d measure of effect-size: small 0.2, medium 0.5, large 0.8 (Cohen, 1992) 
 

Hypothesis 6c – VALENCE (NRevPct) INDCOL 

A standard analysis of variance (ANOVA) was used to compare the mean percentages 

of neutral customer reviews of the response variable NRevPct, between two levels of 

culture INDCOL (COLectivistic, INDividualistic) at the final time point.  The main effect 

INDCOL was considered a fixed effect factor.  If the main effect INDCOL was found to 

be statistically significant at the alpha=0.05 level of significance post hoc tests using the 

Tukey-Kramer method were used to test for pairwise differences in the mean 

percentages between levels of INDCOL. 

The GLM Procedure 

Class Level Information 

Class Levels Values 

INDCOL 2 COL IND 

 
Number of Observations Read 799 

Number of Observations Used 252 

 
Dependent Variable: NRevPct  

Source DF Type III SS Mean Square F Value Pr > F 

INDCOL 1 3.3063 3.3063 83.37 <.0001 

 
Least Squares Means 
Adjustment for Multiple Comparisons: Tukey-Kramer 

INDCOL NRevPct LSMEAN H0:LSMean1=LSMean2 

Pr > |t| 

COL 0.4715 <.0001 

IND 0.1750 d = 1.10 * 

*Cohen's d measure of effect-size: small 0.2, medium 0.5, large 0.8 (Cohen, 1992) 
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Hypotheses 7 Clusters 

Hypothesis 7a Ranks 

A repeated measure ANCOVA (analysis of covariance) was used to compare the mean 

Ranks of the response variable between levels of CINDCOL adjusting for the covariates 

PastRank and time (T).  Country cluster CINDCOL was considered a fixed effect factor 

with 10 levels (1IND, 2IND, 3COL, 4COL, 5COL, 6COL, 7COL, 8COL, 9IND, 10IND).  

APP (30 apps) was considered a random effect factor in the model.  If the effect of 

CINDCOL was found to be statistically significant at the alpha=0.05 level of significance 

post hoc tests using the Tukey-Kramer method were used to test for pairwise differences 

in the mean responses between levels of CINDCOL. 

The Mixed Procedure 

Class Level Information 

Class Levels Values 

APP 30 1 … 30 

CINDCOL 10 1IND 2IND 3COL 4COL 5COL 6COL 7COL 8COL 9IND 10IND 

 
Number of Observations Read 72811 

Number of Observations Used 72433 

 
Covariance Parameter Estimates 

Cov Parm Estimate StdErr Z Value Pr > Z 

APP 3.96 1.30 3.05 0.0011 

Residual 2133.93 11.22 190.25 <.0001 

 
Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

T 1 72E3 61.73 <.0001 

PastRank 1 39E3 1608674.00 <.0001 

CINDCOL 9 72E3 6.22 <.0001 

 
Contrasts 

Label Num DF Den DF F Value Pr > F 

IND vs COL 1 7E4 35.52 <.0001 
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Effect=CINDCOL Method=Tukey-Kramer(P<0.05) Set=1* 

Obs CINDCOL Estimate StdErr Letter Group 

1 8COL 118.99 0.93 A 

2 3COL 117.58 0.64 AB 

3 7COL 115.35 0.64 BC 

4 6COL 115.24 0.64 BC 

5 4COL 115.12 0.64 C 

6 5COL 115.11 0.64 C 

7 1IND 114.26 0.64 C 

8 9IND 114.10 0.64 C 

9 10IND 113.98 0.65 C 

10 2IND 113.83 0.64 C 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 

 
Solution for Fixed Effects 

Effect CINDCOL Estimate StdErr Probt 

Intercept   4.01 0.72 <.0001 

T   -0.05 0.01 <.0001 

PastRank   0.98 0.00 <.0001 

CINDCOL 1IND 0.28 0.75 0.7076 

CINDCOL 2IND -0.15 0.75 0.8466 

CINDCOL 3COL 3.61 0.76 <.0001 

CINDCOL 4COL 1.15 0.75 0.1251 

CINDCOL 5COL 1.14 0.75 0.1307 

CINDCOL 6COL 1.26 0.75 0.0929 

CINDCOL 7COL 1.37 0.75 0.0681 

CINDCOL 8COL 5.01 1.01 <.0001 

CINDCOL 9IND 0.12 0.75 0.8750 

CINDCOL 10IND 0.00 .  .  

 
Differences of Least Squares Means (Adj P < 0.05) 

Effect CINDCOL _CINDCOL Estimate StdErr Adjp 

CINDCOL 1IND 3COL -3.33 0.75 0.0004 

CINDCOL 1IND 8COL -4.73 1.01 0.0001 

CINDCOL 2IND 3COL -3.75 0.76 <.0001 

CINDCOL 2IND 8COL -5.16 1.02 <.0001 

CINDCOL 3COL 4COL 2.46 0.74 0.0321 

CINDCOL 3COL 5COL 2.47 0.75 0.0339 

CINDCOL 3COL 9IND 3.49 0.75 0.0002 

CINDCOL 3COL 10IND 3.61 0.76 <.0001 

CINDCOL 4COL 8COL -3.87 1.00 0.0045 

CINDCOL 5COL 8COL -3.88 1.01 0.0048 

CINDCOL 6COL 8COL -3.75 1.00 0.0067 

CINDCOL 7COL 8COL -3.64 1.00 0.0103 

CINDCOL 8COL 9IND 4.89 1.01 <.0001 

CINDCOL 8COL 10IND 5.01 1.01 <.0001 
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Hypothesis 7b Ratings VALENCE 

A repeated measure ANCOVA (analysis of covariance) was used to compare the mean 

Ranks of the response variable between levels of the main effects adjusting for the 

covariate time (T).  The main effects, country cluster CINDCOL (1IND, 2IND, 3COL, 

4COL, 5COL, 6COL, 7COL, 8COL, 9IND, 10IND) and valence (average) of customer 

ratings StarsAvg_cat (Low, Neutral, High) were considered fixed effect factors.  APP 

(30 apps) was considered a random effect factor in the model.  If any of the main effects 

were found to be statistically significant at the alpha=0.05 level of significance post hoc 

tests using the Tukey-Kramer method were used to test for pairwise differences in the 

mean responses  between levels of main effect. 

The Mixed Procedure 

Class Level Information 

Class Levels Values 

APP 30 1 … 30 

CINDCOL 10 1IND 2IND 3COL 4COL 5COL 6COL 7COL 8COL 9IND 10IND 

StarsAvg_cat 3 L N H 

 
Number of Observations Read 72811 

Number of Observations Used 72441 

 
Covariance Parameter Estimates 

Cov Parm Estimate StdErr Z Value Pr > Z 

APP 5111.05 1342.71 3.81 <.0001 

Residual 48364.00 254.20 190.26 <.0001 

 
Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

T 1 72E3 955.08 <.0001 

StarsAvg_cat 2 72E3 286.81 <.0001 

CINDCOL 9 72E3 423.77 <.0001 

 
Contrasts 

Label Num DF Den DF F Value Pr > F 

IND vs COL 1 72E3 2402.75 <.0001 
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Effect=CINDCOL Method=Tukey-Kramer(P<0.05) Set=1* 

Obs CINDCOL Estimate StdErr Letter Group 

1 8COL 278.03 13.86 A 

2 3COL 176.33 13.48 B 

3 6COL 120.63 13.48 C 

4 7COL 115.83 13.47 C 

5 4COL 96.37 13.44 D 

6 5COL 87.26 13.44 D 

7 1IND 63.98 13.44 E 

8 10IND 59.74 13.43 E 

9 9IND 54.77 13.43 E 

10 2IND 36.92 13.43 F 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 

 
Solution for Fixed Effects 

Effect CINDCOL StarsAvg_cat Estimate StdErr Probt 

Intercept    94.82 14.71 <.0001 

T    -0.97 0.03 <.0001 

StarsAvg_cat   H -12.20 6.45 0.0588 

StarsAvg_cat   L 40.29 6.37 <.0001 

StarsAvg_cat   N 0.00 .  .  

CINDCOL 1IND  4.24 3.57 0.2343 

CINDCOL 2IND  -22.82 3.59 <.0001 

CINDCOL 3COL  116.59 3.69 <.0001 

CINDCOL 4COL  36.63 3.65 <.0001 

CINDCOL 5COL  27.52 3.59 <.0001 

CINDCOL 6COL  60.89 3.67 <.0001 

CINDCOL 7COL  56.09 3.64 <.0001 

CINDCOL 8COL  218.29 4.90 <.0001 

CINDCOL 9IND  -4.97 3.57 0.1633 

CINDCOL 10IND  0.00 .  .  

 
Differences of Least Squares Means (Adj P < 0.05) 

Effect CINDCOL _CINDCOL Estimate StdErr Adjp 

CINDCOL 1IND 2IND 27.06 3.58 <.0001 

CINDCOL 1IND 3COL -112.35 3.71 <.0001 

CINDCOL 1IND 4COL -32.39 3.66 <.0001 

CINDCOL 1IND 5COL -23.28 3.58 <.0001 

CINDCOL 1IND 6COL -56.65 3.68 <.0001 

CINDCOL 1IND 7COL -51.84 3.64 <.0001 

CINDCOL 1IND 8COL -214.05 4.92 <.0001 

CINDCOL 2IND 3COL -139.41 3.62 <.0001 

CINDCOL 2IND 4COL -59.45 3.58 <.0001 

CINDCOL 2IND 5COL -50.34 3.56 <.0001 

CINDCOL 2IND 6COL -83.71 3.60 <.0001 

CINDCOL 2IND 7COL -78.90 3.58 <.0001 

CINDCOL 2IND 8COL -241.11 4.83 <.0001 

CINDCOL 2IND 9IND -17.85 3.57 <.0001 

CINDCOL 2IND 10IND -22.82 3.59 <.0001 

CINDCOL 3COL 4COL 79.96 3.54 <.0001 

CINDCOL 3COL 5COL 89.07 3.62 <.0001 

CINDCOL 3COL 6COL 55.70 3.53 <.0001 
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Effect CINDCOL _CINDCOL Estimate StdErr Adjp 

CINDCOL 3COL 7COL 60.50 3.55 <.0001 

CINDCOL 3COL 8COL -101.70 4.74 <.0001 

CINDCOL 3COL 9IND 121.56 3.67 <.0001 

CINDCOL 3COL 10IND 116.59 3.69 <.0001 

CINDCOL 4COL 6COL -24.26 3.52 <.0001 

CINDCOL 4COL 7COL -19.46 3.53 <.0001 

CINDCOL 4COL 8COL -181.66 4.74 <.0001 

CINDCOL 4COL 9IND 41.60 3.63 <.0001 

CINDCOL 4COL 10IND 36.63 3.65 <.0001 

CINDCOL 5COL 6COL -33.37 3.60 <.0001 

CINDCOL 5COL 7COL -28.56 3.58 <.0001 

CINDCOL 5COL 8COL -190.77 4.84 <.0001 

CINDCOL 5COL 9IND 32.49 3.57 <.0001 

CINDCOL 5COL 10IND 27.52 3.59 <.0001 

CINDCOL 6COL 8COL -157.40 4.74 <.0001 

CINDCOL 6COL 9IND 65.86 3.65 <.0001 

CINDCOL 6COL 10IND 60.89 3.67 <.0001 

CINDCOL 7COL 8COL -162.20 4.76 <.0001 

CINDCOL 7COL 9IND 61.06 3.62 <.0001 

CINDCOL 7COL 10IND 56.09 3.64 <.0001 

CINDCOL 8COL 9IND 223.26 4.89 <.0001 

CINDCOL 8COL 10IND 218.29 4.90 <.0001 

 

Hypothesis 7c Ratings VOLUME 

A repeated measure ANCOVA (analysis of covariance) was used to compare the mean 

Ranks of the response variable between levels of the main effects adjusting for the 

covariate time (T).  The main effects, country cluster CINDCOL (1IND, 2IND, 3COL, 

4COL, 5COL, 6COL, 7COL, 8COL, 9IND, 10IND) and volume (count) of customer 

ratings StarsCnt_cat (Low, High) were considered fixed effect factors.  APP (30 apps) 

was considered a random effect factor in the model.  If any of the main effects were 

found to be statistically significant at the alpha=0.05 level of significance post hoc tests 

using the Tukey-Kramer method were used to test for pairwise differences in the mean 

responses between levels of main effect. 

The Mixed Procedure 

Class Level Information 

Class Levels Values 

APP 30 1 … 30 

CINDCOL 10 1IND 2IND 3COL 4COL 5COL 6COL 7COL 8COL 9IND 10IND 

StarsCnt_cat 2 L H 

 
Number of Observations Read 72811 

Number of Observations Used 72441 
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Covariance Parameter Estimates 

Cov Parm Estimate StdErr Z Value Pr > Z 

APP 5173.76 1358.40 3.81 <.0001 

Residual 48681.00 255.86 190.26 <.0001 

 
Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

T 1 72E3 969.12 <.0001 

StarsCnt_cat 1 72E3 97.18 <.0001 

CINDCOL 9 72E3 462.01 <.0001 

 
Contrasts 

Label Num DF Den DF F Value Pr > F 

IND vs COL 1 72E3 1630.38 <.0001 

 
Effect=CINDCOL Method=Tukey-Kramer(P<0.05) Set=1* 

Obs CINDCOL Estimate StdErr Letter Group 

1 8COL 296.02 13.82 A 

2 3COL 189.03 13.45 B 

3 6COL 133.06 13.45 C 

4 7COL 125.35 13.43 C 

5 4COL 106.43 13.44 D 

6 5COL 87.17 13.42 E 

7 1IND 76.51 13.42 EF 

8 10IND 69.22 13.39 FG 

9 9IND 62.17 13.38 G 

10 2IND 37.80 13.42 H 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 

 
Solution for Fixed Effects 

Effect CINDCOL StarsCnt_cat Estimate StdErr Probt 

Intercept   128.82 13.60 <.0001 

T   -0.98 0.03 <.0001 

StarsCnt_cat  H -29.39 2.98 <.0001 

StarsCnt_cat  L 0.00 .  .  

CINDCOL 1IND  7.30 3.63 0.0444 

CINDCOL 2IND  -31.42 3.92 <.0001 

CINDCOL 3COL  119.81 4.09 <.0001 

CINDCOL 4COL  37.21 4.06 <.0001 

CINDCOL 5COL  17.95 3.95 <.0001 

CINDCOL 6COL  63.84 4.07 <.0001 

CINDCOL 7COL  56.13 3.99 <.0001 

CINDCOL 8COL  226.80 5.18 <.0001 

CINDCOL 9IND  -7.04 3.58 0.0493 

CINDCOL 10IND  0.00 .  .  
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Differences of Least Squares Means (Adj P < 0.05) 

Effect CINDCOL _CINDCOL Estimate StdErr Adjp 

CINDCOL 1IND 2IND 38.72 4.19 <.0001 

CINDCOL 1IND 3COL -112.51 4.42 <.0001 

CINDCOL 1IND 4COL -29.91 4.38 <.0001 

CINDCOL 1IND 6COL -56.55 4.39 <.0001 

CINDCOL 1IND 7COL -48.83 4.28 <.0001 

CINDCOL 1IND 8COL -219.50 5.44 <.0001 

CINDCOL 1IND 9IND 14.34 3.65 0.0034 

CINDCOL 2IND 3COL -151.23 3.59 <.0001 

CINDCOL 2IND 4COL -68.63 3.57 <.0001 

CINDCOL 2IND 5COL -49.37 3.57 <.0001 

CINDCOL 2IND 6COL -95.26 3.57 <.0001 

CINDCOL 2IND 7COL -87.55 3.56 <.0001 

CINDCOL 2IND 8COL -258.22 4.78 <.0001 

CINDCOL 2IND 9IND -24.38 3.82 <.0001 

CINDCOL 2IND 10IND -31.42 3.92 <.0001 

CINDCOL 3COL 4COL 82.60 3.54 <.0001 

CINDCOL 3COL 5COL 101.86 3.58 <.0001 

CINDCOL 3COL 6COL 55.96 3.54 <.0001 

CINDCOL 3COL 7COL 63.68 3.56 <.0001 

CINDCOL 3COL 8COL -106.99 4.75 <.0001 

CINDCOL 3COL 9IND 126.85 3.99 <.0001 

CINDCOL 3COL 10IND 119.81 4.09 <.0001 

CINDCOL 4COL 5COL 19.26 3.56 <.0001 

CINDCOL 4COL 6COL -26.64 3.53 <.0001 

CINDCOL 4COL 7COL -18.92 3.54 <.0001 

CINDCOL 4COL 8COL -189.59 4.74 <.0001 

CINDCOL 4COL 9IND 44.25 3.95 <.0001 

CINDCOL 4COL 10IND 37.21 4.06 <.0001 

CINDCOL 5COL 6COL -45.90 3.56 <.0001 

CINDCOL 5COL 7COL -38.18 3.56 <.0001 

CINDCOL 5COL 8COL -208.85 4.78 <.0001 

CINDCOL 5COL 9IND 24.99 3.86 <.0001 

CINDCOL 5COL 10IND 17.95 3.95 0.0002 

CINDCOL 6COL 8COL -162.96 4.74 <.0001 

CINDCOL 6COL 9IND 70.89 3.96 <.0001 

CINDCOL 6COL 10IND 63.84 4.07 <.0001 

CINDCOL 7COL 8COL -170.67 4.75 <.0001 

CINDCOL 7COL 9IND 63.17 3.89 <.0001 

CINDCOL 7COL 10IND 56.13 3.99 <.0001 

CINDCOL 8COL 9IND 233.84 5.10 <.0001 

CINDCOL 8COL 10IND 226.80 5.18 <.0001 
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Hypothesis 7d Ratings VALENCE*VOLUME 

A repeated measure ANCOVA (analysis of covariance) was used to compare the mean 

Ranks of the response variable between levels of main effects and their two way 

interaction adjusting for the covariate time (T).  The main effects, country cluster 

CINDCOL (1IND, 2IND, 3COL, 4COL, 5COL, 6COL, 7COL, 8COL, 9IND, 10IND), 

valence (average) of customer ratings StarsAvg_cat (High, Low, Neutral), volume 

(count) of customer ratings StarsCnt_cat (High, Low), and the two-way interaction 

StarsAvg_cat*StarsCnt_cat were considered fixed effect factors.  APP (30 apps) was 

considered a random effect factor in the model.  If any of the main effects or interaction 

were found to be statistically significant at the alpha=0.05 level of significance post hoc 

tests using the Tukey-Kramer method were used to test for pairwise differences in the 

mean responses between levels of main effect or interaction. 

The Mixed Procedure 

Class Level Information 

Class Levels Values 

APP 30 1 … 30 

CINDCOL 10 1IND 2IND 3COL 4COL 5COL 6COL 7COL 8COL 9IND 10IND 

StarsAvg_cat 3 H L N 

StarsCnt_cat 2 H L 

 
Number of Observations Read 72811 

Number of Observations Used 72441 

 
Covariance Parameter Estimates 

Cov Parm Estimate StdErr Z Value Pr > Z 

APP 5003.11 1318.12 3.80 <.0001 

Residual 48272.00 253.72 190.26 <.0001 

 
Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

T 1 72E3 957.31 <.0001 

StarsAvg_cat 2 72E3 201.78 <.0001 

StarsCnt_cat 1 72E3 7.01 0.0081 

StarsAvg_cat*StarsCnt_cat 2 72E3 43.32 <.0001 

CINDCOL 9 72E3 326.21 <.0001 

 
Contrasts 

Label Num DF Den DF F Value Pr > F 

IND vs COL 1 72E3 898.14 <.0001 
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Effect=StarsAvg_cat Method=Tukey-Kramer(P<0.05) Set=1* 

Obs CINDCOL StarsAvg_cat StarsCnt_cat Est StdErr Letter Group 

1   L  126.93 13.00 A 

2   N  96.47 14.72 B 

3   H  81.16 13.06 B 

 
Effect=StarsCnt_cat Method=Tukey-Kramer(P<0.05) Set=2* 

Obs CINDCOL StarsAvg_cat StarsCnt_cat Est StdErr Letter Group 

4    L 108.60 13.18 A 

5    H 94.44 13.69 B 

 
Effect=StarsAvg_cat*StarsCnt_cat Method=Tukey-Kramer(P<0.05) Set=3* 

Obs CINDCOL StarsAvg_cat StarsCnt_cat Est StdErr Letter Group 

6   L L 149.29 12.98 A 

7   L H 104.57 13.30 B 

8   N H 99.69 17.68 BC 

9   N L 93.25 14.87 BC 

10   H L 83.27 13.14 C 

11   H H 79.05 13.23 C 

 
Effect=CINDCOL Method=Tukey-Kramer(P<0.05) Set=4* 

Obs CINDCOL StarsAvg_cat StarsCnt_cat Est StdErr Letter Group 

12 8COL   261.19 13.87 A 

13 3COL   160.71 13.48 B 

14 6COL   105.06 13.48 C 

15 7COL   102.70 13.44 C 

16 4COL   81.60 13.45 D 

17 5COL   77.40 13.40 DE 

18 1IND   72.57 13.38 DE 

19 10IND   66.29 13.34 EF 

20 9IND   58.99 13.34 F 

21 2IND   28.69 13.39 G 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 

 
Solution for Fixed Effects 

Effect CINDCOL StarsAvg_cat StarsCnt_cat Est StdErr Probt 

Intercept    102.49 15.18 <.0001 

T    -0.97 0.03 <.0001 

StarsAvg_cat  H  -9.98 7.67 0.1933 

StarsAvg_cat  L  56.03 7.49 <.0001 

StarsAvg_cat  N  0.00 .  .  

StarsCnt_cat   H 6.44 14.18 0.6498 

StarsCnt_cat   L 0.00 .  .  

StarsAvg_cat* 
StarsCnt_cat 

 H H -10.66 14.32 0.4565 

StarsAvg_cat* 
StarsCnt_cat 

 H L 0.00 .  .  

StarsAvg_cat* 
StarsCnt_cat 

 L H -51.15 14.31 0.0004 

StarsAvg_cat* 
StarsCnt_cat 

 L L 0.00 .  .  

StarsAvg_cat*  N H 0.00 .  .  
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Effect CINDCOL StarsAvg_cat StarsCnt_cat Est StdErr Probt 

StarsCnt_cat 

StarsAvg_cat* 
StarsCnt_cat 

 N L 0.00 .  .  

CINDCOL 1IND   6.28 3.63 0.0836 

CINDCOL 2IND   -37.61 3.92 <.0001 

CINDCOL 3COL   94.42 4.24 <.0001 

CINDCOL 4COL   15.31 4.18 0.0002 

CINDCOL 5COL   11.11 3.97 0.0051 

CINDCOL 6COL   38.76 4.22 <.0001 

CINDCOL 7COL   36.40 4.08 <.0001 

CINDCOL 8COL   194.90 5.35 <.0001 

CINDCOL 9IND   -7.30 3.57 0.0408 

CINDCOL 10IND   0.00 .  .  

 
Differences of Least Squares Means (Adj P < 0.05) 

Effect CIND 
COL 

Stars 
Avg_cat 

Stars 
Cnt_cat 

_CIND 
COL 

_Stars 
Avg_cat 

_Stars 
Cnt_cat 

Est StdErr Adjp 

StarsAvg_cat  H   L  -45.77 2.28 <.0001 

StarsAvg_cat  L   N  30.46 7.13 <.0001 

StarsCnt_cat   H   L -14.17 5.35 0.0081 

StarsAvg_cat* 
StarsCnt_cat 

 H H  L H -25.52 3.54 <.0001 

StarsAvg_cat* 
StarsCnt_cat 

 H H  L L -70.24 3.55 <.0001 

StarsAvg_cat* 
StarsCnt_cat 

 H L  L H -21.30 3.99 <.0001 

StarsAvg_cat* 
StarsCnt_cat 

 H L  L L -66.01 2.81 <.0001 

StarsAvg_cat* 
StarsCnt_cat 

 L H  L L -44.72 3.85 <.0001 

StarsAvg_cat* 
StarsCnt_cat 

 L L  N H 49.60 12.27 0.0008 

StarsAvg_cat* 
StarsCnt_cat 

 L L  N L 56.03 7.49 <.0001 

CINDCOL 1IND   2IND   43.88 4.18 <.0001 

CINDCOL 1IND   3COL   -88.14 4.51 <.0001 

CINDCOL 1IND   6COL   -32.49 4.49 <.0001 

CINDCOL 1IND   7COL   -30.13 4.34 <.0001 

CINDCOL 1IND   8COL   -188.62 5.57 <.0001 

CINDCOL 1IND   9IND   13.58 3.64 0.0073 

CINDCOL 2IND   3COL   -132.02 3.67 <.0001 

CINDCOL 2IND   4COL   -52.91 3.62 <.0001 

CINDCOL 2IND   5COL   -48.71 3.56 <.0001 

CINDCOL 2IND   6COL   -76.37 3.65 <.0001 

CINDCOL 2IND   7COL   -74.01 3.60 <.0001 

CINDCOL 2IND   8COL   -232.50 4.88 <.0001 

CINDCOL 2IND   9IND   -30.30 3.82 <.0001 

CINDCOL 2IND   10IND   -37.61 3.92 <.0001 

CINDCOL 3COL   4COL   79.11 3.54 <.0001 

CINDCOL 3COL   5COL   83.31 3.65 <.0001 

CINDCOL 3COL   6COL   55.65 3.53 <.0001 
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Effect CIND 
COL 

Stars 
Avg_cat 

Stars 
Cnt_cat 

_CIND 
COL 

_Stars 
Avg_cat 

_Stars 
Cnt_cat 

Est StdErr Adjp 

CINDCOL 3COL   7COL   58.02 3.55 <.0001 

CINDCOL 3COL   8COL   -100.48 4.74 <.0001 

CINDCOL 3COL   9IND   101.72 4.12 <.0001 

CINDCOL 3COL   10IND   94.42 4.24 <.0001 

CINDCOL 4COL   6COL   -23.46 3.52 <.0001 

CINDCOL 4COL   7COL   -21.09 3.53 <.0001 

CINDCOL 4COL   8COL   -179.59 4.74 <.0001 

CINDCOL 4COL   9IND   22.61 4.06 <.0001 

CINDCOL 4COL   10IND   15.31 4.18 0.0094 

CINDCOL 5COL   6COL   -27.65 3.63 <.0001 

CINDCOL 5COL   7COL   -25.29 3.59 <.0001 

CINDCOL 5COL   8COL   -183.79 4.87 <.0001 

CINDCOL 5COL   9IND   18.41 3.86 <.0001 

CINDCOL 6COL   8COL   -156.13 4.73 <.0001 

CINDCOL 6COL   9IND   46.06 4.09 <.0001 

CINDCOL 6COL   10IND   38.76 4.22 <.0001 

CINDCOL 7COL   8COL   -158.49 4.76 <.0001 

CINDCOL 7COL   9IND   43.70 3.97 <.0001 

CINDCOL 7COL   10IND   36.40 4.08 <.0001 

CINDCOL 8COL   9IND   202.20 5.25 <.0001 

CINDCOL 8COL   10IND   194.90 5.35 <.0001 

 

Hypothesis 7e Ratings VALENCE*VARIANCE 

A repeated measure ANCOVA (analysis of covariance) was used to compare the mean 

Ranks of the response variable between levels of main effects and their two way 

interaction adjusting for the covariate time (T).  The main effects, country cluster 

CINDCOL (1IND, 2IND, 3COL, 4COL, 5COL, 6COL, 7COL, 8COL, 9IND, 10IND), 

valence (average) of customer ratings StarsAvg_cat (High, Low, Neutral), coefficient of 

variation of customer ratings StarsCV_cat (High, Low), and the two-way interaction 

StarsAvg_cat*StarsCV_cat were considered fixed effect factors.  APP (30 apps) was 

considered a random effect factor in the model.  If any of the main effects or interaction 

were found to be statistically significant at the alpha=0.05 level of significance post hoc 

tests using the Tukey-Kramer method were used to test for pairwise differences in the 

mean responses between levels of main effect or interaction. 
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The Mixed Procedure 

Class Level Information 

Class Levels Values 

APP 30 1 … 30 

CINDCOL 10 1IND 2IND 3COL 4COL 5COL 6COL 7COL 8COL 9IND 10IND 

StarsAvg_cat 3 H L N 

StarsCV_cat 2 H L 

 

Number of Observations Read 72811 

Number of Observations Used 70972 

 

Covariance Parameter Estimates 

Cov Parm Estimate StdErr Z Value Pr > Z 

APP 5029.54 1319.67 3.81 <.0001 

Residual 48936.00 259.86 188.32 <.0001 

 

Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

StarsAvg_cat 2 71E3 209.79 <.0001 

StarsCV_cat 1 71E3 1.57 0.2099 

StarsAvg_cat*StarsCV_cat 2 71E3 113.11 <.0001 

T 1 71E3 956.71 <.0001 

CINDCOL 9 71E3 241.75 <.0001 

NOTE: Coefficient of Variance is not by itself significant, but the interaction effect of 
valence*variance is significant. 
 

Contrasts 

Label Num DF Den DF F Value Pr > F 

IND vs COL 1 71E3 538.56 <.0001 

 
Effect=StarsAvg_cat Method=Tukey-Kramer(P<0.05) Set=1* 

Obs CINDCOL StarsAvg_cat StarsCV_cat Estimate StdErr Letter Group 

1   L  130.66 13.00 A 

2   N  86.14 14.58 B 

3   H  80.07 13.14 B 

 
Effect=StarsCV_cat Method=Tukey-Kramer(P<0.05) Set=2* 

Obs CINDCOL StarsAvg_cat StarsCV_cat Estimate StdErr Letter Group 

4     L 101.95 13.41 A 

5     H 95.97 13.37 A 

 
Effect=StarsAvg_cat*StarsCV_cat Method=Tukey-Kramer(P<0.05) Set=3* 

Obs CINDCOL StarsAvg_cat StarsCV_cat Estimate StdErr Letter Group 

6   L L 163.08 13.04 A 

7   N H 105.07 15.59 BC 

8   L H 98.24 13.16 B 

9   H H 84.59 13.49 CD 

10   H L 75.56 13.12 D 

11   N L 67.20 16.45 CD 
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Effect=CINDCOL Method=Tukey-Kramer(P<0.05) Set=4* 

Obs CINDCOL StarsAvg_cat StarsCV_cat Estimate StdErr Letter Group 

12 8COL   246.37 13.89 A 

13 3COL   150.08 13.48 B 

14 7COL   95.48 13.44 C 

15 6COL   93.31 13.48 C 

16 5COL   78.22 13.37 D 

17 1IND   76.93 13.40 D 

18 10IND   73.08 13.38 D 

19 4COL   69.75 13.45 D 

20 9IND   67.56 13.38 D 

21 2IND   38.79 13.37 E 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 
 
Solution for Fixed Effects 

Effect CINDCOL StarsAvg_cat StarsCV_cat Est StdErr Probt 

Intercept     86.53 16.58 <.0001 

StarsAvg_cat   H  8.35 10.27 0.4158 

StarsAvg_cat   L  95.88 10.36 <.0001 

StarsAvg_cat   N  0.00 .  .  

StarsCV_cat    H 37.86 13.31 0.0045 

StarsCV_cat    L 0.00 .  .  

StarsAvg_cat*StarsCV_cat   H H -28.83 13.89 0.0379 

StarsAvg_cat*StarsCV_cat   H L 0.00 .  .  

StarsAvg_cat*StarsCV_cat   L H -102.70 13.74 <.0001 

StarsAvg_cat*StarsCV_cat   L L 0.00 .  .  

StarsAvg_cat*StarsCV_cat   N H 0.00 .  .  

StarsAvg_cat*StarsCV_cat   N L 0.00 .  .  

T     -0.99 0.03 <.0001 

CINDCOL 1IND   3.84 3.68 0.2964 

CINDCOL 2IND   -34.29 3.71 <.0001 

CINDCOL 3COL   76.99 4.17 <.0001 

CINDCOL 4COL   -3.33 4.15 0.4223 

CINDCOL 5COL   5.14 3.79 0.1746 

CINDCOL 6COL   20.23 4.22 <.0001 

CINDCOL 7COL   22.40 4.00 <.0001 

CINDCOL 8COL   173.29 5.40 <.0001 

CINDCOL 9IND   -5.52 3.64 0.1297 

CINDCOL 10IND     0.00 .  .  

 
Differences of Least Squares Means (Adj P < 0.05) 

Effect 
CIND 
COL 

Stars 
Avg_cat 

Stars 
CV_cat 

_CIND 
COL 

_Stars 
Avg_cat 

_Stars 
CV_cat 

Est StdErr Adjp 

StarsAvg_cat 
 

H 
  

L 
 

-50.59 2.52 <.0001 

StarsAvg_cat 
 

L 
  

N 
 

44.53 6.78 <.0001 

StarsAvg_cat* 
StarsCV_cat  

H H 
 

L H -13.65 4.24 0.0161 

StarsAvg_cat* 
StarsCV_cat  

H H 
 

L L -78.49 4.22 <.0001 

StarsAvg_cat* 
StarsCV_cat  

H L 
 

L H -22.68 2.94 <.0001 

StarsAvg_cat* 
 

H L 
 

L L -87.52 2.92 <.0001 
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Effect 
CIND 
COL 

Stars 
Avg_cat 

Stars 
CV_cat 

_CIND 
COL 

_Stars 
Avg_cat 

_Stars 
CV_cat 

Est StdErr Adjp 

StarsCV_cat 

StarsAvg_cat* 
StarsCV_cat  

H L 
 

N H -29.51 8.86 0.0112 

StarsAvg_cat* 
StarsCV_cat  

L H 
 

L L -64.84 3.20 <.0001 

StarsAvg_cat* 
StarsCV_cat  

L H 
 

N L 31.04 10.30 0.0309 

StarsAvg_cat* 
StarsCV_cat  

L L 
 

N H 58.02 8.88 <.0001 

StarsAvg_cat* 
StarsCV_cat  

L L 
 

N L 95.88 10.36 <.0001 

CINDCOL 1IND 
  

2IND 
  

38.13 3.73 <.0001 

CINDCOL 1IND 
  

3COL 
  

-73.15 4.23 <.0001 

CINDCOL 1IND 
  

6COL 
  

-16.39 4.27 0.0049 

CINDCOL 1IND 
  

7COL 
  

-18.55 4.04 0.0002 

CINDCOL 1IND 
  

8COL 
  

-169.44 5.45 <.0001 

CINDCOL 2IND 
  

3COL 
  

-111.28 3.94 <.0001 

CINDCOL 2IND 
  

4COL 
  

-30.96 3.92 <.0001 

CINDCOL 2IND 
  

5COL 
  

-39.43 3.67 <.0001 

CINDCOL 2IND 
  

6COL 
  

-54.52 3.97 <.0001 

CINDCOL 2IND 
  

7COL 
  

-56.69 3.81 <.0001 

CINDCOL 2IND 
  

8COL 
  

-207.58 5.19 <.0001 

CINDCOL 2IND 
  

9IND 
  

-28.77 3.68 <.0001 

CINDCOL 2IND 
  

10IND 
  

-34.29 3.71 <.0001 

CINDCOL 3COL 
  

4COL 
  

80.33 3.57 <.0001 

CINDCOL 3COL 
  

5COL 
  

71.85 3.75 <.0001 

CINDCOL 3COL 
  

6COL 
  

56.76 3.57 <.0001 

CINDCOL 3COL 
  

7COL 
  

54.60 3.58 <.0001 

CINDCOL 3COL 
  

8COL 
  

-96.30 4.78 <.0001 

CINDCOL 3COL 
  

9IND 
  

82.52 4.15 <.0001 

CINDCOL 3COL 
  

10IND 
  

76.99 4.17 <.0001 

CINDCOL 4COL 
  

6COL 
  

-23.56 3.56 <.0001 

CINDCOL 4COL 
  

7COL 
  

-25.73 3.57 <.0001 

CINDCOL 4COL 
  

8COL 
  

-176.62 4.79 <.0001 

CINDCOL 5COL 
  

6COL 
  

-15.09 3.77 0.0025 

CINDCOL 5COL 
  

7COL 
  

-17.26 3.66 0.0001 

CINDCOL 5COL 
  

8COL 
  

-168.15 5.02 <.0001 

CINDCOL 6COL 
  

8COL 
  

-153.06 4.78 <.0001 

CINDCOL 6COL 
  

9IND 
  

25.75 4.20 <.0001 

CINDCOL 6COL 
  

10IND 
  

20.23 4.22 <.0001 

CINDCOL 7COL 
  

8COL 
  

-150.89 4.82 <.0001 

CINDCOL 7COL 
  

9IND 
  

27.92 3.98 <.0001 

CINDCOL 7COL 
  

10IND 
  

22.40 4.00 <.0001 

CINDCOL 8COL 
  

9IND 
  

178.81 5.39 <.0001 

CINDCOL 8COL 
  

10IND 
  

173.29 5.40 <.0001 
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Hypothesis 7f Reviews VOLUME 

A repeated measure ANCOVA (analysis of covariance) was used to compare the mean 

Ranks of the response variable between levels of the main effects adjusting for the 

covariate time (T).  The main effects, country cluster CINDCOL (1IND, 2IND, 3COL, 

4COL, 5COL, 6COL, 7COL, 8COL, 9IND, 10IND) and volume (count) of customer 

reviews RevCnt_cat (High, Low) were considered fixed effect factors.  APP (30 apps) 

was considered a random effect factor in the model.  If any of the main effects were 

found to be statistically significant at the alpha=0.05 level of significance post hoc tests 

using the Tukey-Kramer method were used to test for pairwise differences in the mean 

responses between levels of main effect. 

The Mixed Procedure 

Class Level Information 

Class Levels Values 

APP 30 1 … 30 

CINDCOL 10 1IND 2IND 3COL 4COL 5COL 6COL 7COL 8COL 9IND 10IND 

RevCnt_cat 2 H L 

 

Number of Observations Read 72811 

Number of Observations Used 72441 

 

Covariance Parameter Estimates 

Cov Parm Estimate StdErr Z Value Pr > Z 

APP 5056.82 1317.05 3.84 <.0001 

Residual 48710.00 256.02 190.26 <.0001 

 

Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

T 1 72E3 968.07 <.0001 

RevCnt_cat 1 72E3 54.77 <.0001 

CINDCOL 9 72E3 450.29 <.0001 

 

Contrasts 

Label Num DF Den DF F Value Pr > F 

IND vs COL 1 72E3 1717.46 <.0001 
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Effect=CINDCOL Method=Tukey-Kramer(P<0.05) Set=1* 

Obs CINDCOL Estimate StdErr Letter Group 

1 8COL 299.42 13.68 A 

2 3COL 193.17 13.30 B 

3 6COL 137.25 13.29 C 

4 7COL 128.67 13.28 C 

5 4COL 110.54 13.29 D 

6 5COL 92.23 13.25 E 

7 1IND 73.88 13.28 F 

8 10IND 68.41 13.24 F 

9 9IND 63.65 13.24 F 

10 2IND 41.30 13.26 G 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 
 
Solution for Fixed Effects 

Effect CINDCOL RevCnt_cat Estimate StdErr Probt 

Intercept     123.93 13.46 <.0001 

T     -0.98 0.03 <.0001 

RevCnt_cat   H -21.24 2.87 <.0001 

RevCnt_cat   L 0.00 .  .  

CINDCOL 1IND   5.48 3.63 0.1308 

CINDCOL 2IND   -27.10 3.89 <.0001 

CINDCOL 3COL   124.77 4.09 <.0001 

CINDCOL 4COL   42.14 4.05 <.0001 

CINDCOL 5COL   23.82 3.86 <.0001 

CINDCOL 6COL   68.84 4.06 <.0001 

CINDCOL 7COL   60.26 4.00 <.0001 

CINDCOL 8COL   231.01 5.22 <.0001 

CINDCOL 9IND   -4.75 3.58 0.1842 

CINDCOL 10IND   0.00 .  .  

 
Differences of Least Squares Means (Adj P < 0.05) 

Effect CINDCOL _CINDCOL Estimate StdErr Adjp 

CINDCOL 1IND 2IND 32.58 4.14 <.0001 

CINDCOL 1IND 3COL -119.29 4.39 <.0001 

CINDCOL 1IND 4COL -36.66 4.35 <.0001 

CINDCOL 1IND 5COL -18.34 4.09 0.0003 

CINDCOL 1IND 6COL -63.36 4.35 <.0001 

CINDCOL 1IND 7COL -54.79 4.28 <.0001 

CINDCOL 1IND 8COL -225.53 5.47 <.0001 

CINDCOL 2IND 3COL -151.87 3.60 <.0001 

CINDCOL 2IND 4COL -69.24 3.57 <.0001 

CINDCOL 2IND 5COL -50.92 3.58 <.0001 

CINDCOL 2IND 6COL -95.94 3.58 <.0001 

CINDCOL 2IND 7COL -87.37 3.57 <.0001 

CINDCOL 2IND 8COL -258.11 4.80 <.0001 

CINDCOL 2IND 9IND -22.35 3.90 <.0001 

CINDCOL 2IND 10IND -27.10 3.89 <.0001 

CINDCOL 3COL 4COL 82.63 3.54 <.0001 

CINDCOL 3COL 5COL 100.95 3.61 <.0001 

CINDCOL 3COL 6COL 55.93 3.55 <.0001 

CINDCOL 3COL 7COL 64.50 3.56 <.0001 
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Effect CINDCOL _CINDCOL Estimate StdErr Adjp 

CINDCOL 3COL 8COL -106.24 4.76 <.0001 

CINDCOL 3COL 9IND 129.52 4.10 <.0001 

CINDCOL 3COL 10IND 124.77 4.09 <.0001 

CINDCOL 4COL 5COL 18.32 3.59 <.0001 

CINDCOL 4COL 6COL -26.70 3.53 <.0001 

CINDCOL 4COL 7COL -18.13 3.54 <.0001 

CINDCOL 4COL 8COL -188.87 4.75 <.0001 

CINDCOL 4COL 9IND 46.89 4.06 <.0001 

CINDCOL 4COL 10IND 42.14 4.05 <.0001 

CINDCOL 5COL 6COL -45.02 3.59 <.0001 

CINDCOL 5COL 7COL -36.45 3.58 <.0001 

CINDCOL 5COL 8COL -207.19 4.82 <.0001 

CINDCOL 5COL 9IND 28.57 3.86 <.0001 

CINDCOL 5COL 10IND 23.82 3.86 <.0001 

CINDCOL 6COL 8COL -162.17 4.75 <.0001 

CINDCOL 6COL 9IND 73.59 4.06 <.0001 

CINDCOL 6COL 10IND 68.84 4.06 <.0001 

CINDCOL 7COL 8COL -170.75 4.76 <.0001 

CINDCOL 7COL 9IND 65.02 4.01 <.0001 

CINDCOL 7COL 10IND 60.26 4.00 <.0001 

CINDCOL 8COL 9IND 235.76 5.23 <.0001 

CINDCOL 8COL 10IND 231.01 5.22 <.0001 

 

Hypothesis 7g Reviews VALENCE 

A repeated measure ANCOVA (analysis of covariance) was used to compare the mean 

Ranks of the response variable between levels of the main effects adjusting for the 

covariate time (T).  The main effects, country cluster CINDCOL (1IND, 2IND, 3COL, 

4COL, 5COL, 6COL, 7COL, 8COL, 9IND, 10IND) and percent of favourable customer 

reviews FRevPct_cat (High, Low) were considered fixed effect factors.  APP (30 apps) 

was considered a random effect factor in the model.  If any of the main effects were 

found to be statistically significant at the alpha=0.05 level of significance post hoc tests 

using the Tukey-Kramer method were used to test for pairwise differences in the mean 

responses between levels of main effect. 

The Mixed Procedure 

Class Level Information 

Class Levels Values 

APP 30 1 … 30 

CINDCOL 10 1IND 2IND 3COL 4COL 5COL 6COL 7COL 8COL 9IND 10IND 

FRevPct_cat 2 H L 

 

Number of Observations Read 72811 

Number of Observations Used 72441 
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Covariance Parameter Estimates 

Cov Parm Estimate StdErr Z Value Pr > Z 

APP 5138.17 1349.97 3.81 <.0001 

Residual 48433.00 254.56 190.26 <.0001 

 

Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

T 1 72E3 951.80 <.0001 

FRevPct_cat 1 72E3 469.08 <.0001 

CINDCOL 9 72E3 506.52 <.0001 

 

Contrasts 

Label Num DF Den DF F Value Pr > F 

IND vs COL 1 72E3 3181.03 <.0001 

 
Effect=CINDCOL Method=Tukey-Kramer(P<0.05) Set=1* 

Obs CINDCOL Estimate StdErr Letter Group 

1 8COL 286.56 13.74 A 

2 3COL 185.69 13.35 B 

3 6COL 130.86 13.34 C 

4 7COL 125.31 13.34 C 

5 4COL 105.10 13.34 D 

6 5COL 88.76 13.34 E 

7 10IND 58.78 13.33 F 

8 1IND 58.29 13.33 F 

9 9IND 53.95 13.33 FG 

10 2IND 43.69 13.33 G 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 

 
Solution for Fixed Effects 

Effect CINDCOL FRevPct_cat Estimate StdErr Probt 

Intercept   125.79 13.43 <.0001 

T   -0.97 0.03 <.0001 

FRevPct_cat  H -45.22 2.09 <.0001 

FRevPct_cat  L 0.00 .  .  

CINDCOL 1IND  -0.48 3.57 0.8924 

CINDCOL 2IND  -15.09 3.58 <.0001 

CINDCOL 3COL  126.92 3.62 <.0001 

CINDCOL 4COL  46.32 3.58 <.0001 

CINDCOL 5COL  29.98 3.58 <.0001 

CINDCOL 6COL  72.08 3.59 <.0001 

CINDCOL 7COL  66.53 3.58 <.0001 

CINDCOL 8COL  227.78 4.84 <.0001 

CINDCOL 9IND  -4.82 3.57 0.1765 

CINDCOL 10IND  0.00 .  .  
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Differences of Least Squares Means (Adj P < 0.05) 

Effect CINDCOL _CINDCOL Estimate StdErr Adjp 

CINDCOL 1IND 2IND 14.60 3.55 0.0016 

CINDCOL 1IND 3COL -127.40 3.58 <.0001 

CINDCOL 1IND 4COL -46.80 3.55 <.0001 

CINDCOL 1IND 5COL -30.47 3.55 <.0001 

CINDCOL 1IND 6COL -72.56 3.56 <.0001 

CINDCOL 1IND 7COL -67.01 3.55 <.0001 

CINDCOL 1IND 8COL -228.27 4.81 <.0001 

CINDCOL 2IND 3COL -142.01 3.61 <.0001 

CINDCOL 2IND 4COL -61.41 3.57 <.0001 

CINDCOL 2IND 5COL -45.07 3.57 <.0001 

CINDCOL 2IND 6COL -87.17 3.58 <.0001 

CINDCOL 2IND 7COL -81.62 3.57 <.0001 

CINDCOL 2IND 8COL -242.87 4.84 <.0001 

CINDCOL 2IND 10IND -15.09 3.58 0.0010 

CINDCOL 3COL 4COL 80.60 3.53 <.0001 

CINDCOL 3COL 5COL 96.93 3.58 <.0001 

CINDCOL 3COL 6COL 54.84 3.54 <.0001 

CINDCOL 3COL 7COL 60.39 3.55 <.0001 

CINDCOL 3COL 8COL -100.86 4.75 <.0001 

CINDCOL 3COL 9IND 131.74 3.60 <.0001 

CINDCOL 3COL 10IND 126.92 3.62 <.0001 

CINDCOL 4COL 5COL 16.34 3.55 0.0002 

CINDCOL 4COL 6COL -25.76 3.52 <.0001 

CINDCOL 4COL 7COL -20.21 3.53 <.0001 

CINDCOL 4COL 8COL -181.46 4.75 <.0001 

CINDCOL 4COL 9IND 51.14 3.56 <.0001 

CINDCOL 4COL 10IND 46.32 3.58 <.0001 

CINDCOL 5COL 6COL -42.10 3.56 <.0001 

CINDCOL 5COL 7COL -36.55 3.55 <.0001 

CINDCOL 5COL 8COL -197.80 4.80 <.0001 

CINDCOL 5COL 9IND 34.81 3.56 <.0001 

CINDCOL 5COL 10IND 29.98 3.58 <.0001 

CINDCOL 6COL 8COL -155.70 4.75 <.0001 

CINDCOL 6COL 9IND 76.91 3.57 <.0001 

CINDCOL 6COL 10IND 72.08 3.59 <.0001 

CINDCOL 7COL 8COL -161.25 4.77 <.0001 

CINDCOL 7COL 9IND 71.35 3.56 <.0001 

CINDCOL 7COL 10IND 66.53 3.58 <.0001 

CINDCOL 8COL 9IND 232.61 4.83 <.0001 

CINDCOL 8COL 10IND 227.78 4.84 <.0001 
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Hypothesis 7h Ratings*Reviews VALENCE 

A repeated measure ANCOVA (analysis of covariance) was used to compare the mean 

Ranks of the response variable between levels of main effects and their two way 

interaction adjusting for the covariate time (T).  The main effects, country cluster 

CINDCOL (1IND, 2IND, 3COL, 4COL, 5COL, 6COL, 7COL, 8COL, 9IND, 10IND), 

percent of favourable customer ratings FStarsPct_cat (High, Low), percent of 

favourable customer reviews FRevPct_cat (High, Low), and the two-way interaction 

FStarsPct_cat*FRevPct_cat were considered fixed effect factors.  APP (30 apps) was 

considered a random effect factor in the model.  If any of the main effects or interaction 

were found to be statistically significant at the alpha=0.05 level of significance post hoc 

tests using the Tukey-Kramer method were used to test for pairwise differences in the 

mean responses between levels of main effect or interaction. 

The Mixed Procedure 

Class Level Information 

Class Levels Values 

APP 30 1 … 30 

CINDCOL 10 1IND 2IND 3COL 4COL 5COL 6COL 7COL 8COL 9IND 10IND 

FStarsPct_cat 2 H L 

FRevPct_cat 2 H L 

 

Number of Observations Read 72811 

Number of Observations Used 72441 

 

Covariance Parameter Estimates 

Cov Parm Estimate StdErr Z Value Pr > Z 

APP 5090.21 1340.50 3.80 <.0001 

Residual 48214.00 253.41 190.26 <.0001 

 

Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

FStarsPct_cat 1 72E3 219.08 <.0001 

FRevPct_cat 1 72E3 181.76 <.0001 

FStarsPct_cat*FRevPct_cat 1 72E3 78.35 <.0001 

T 1 72E3 938.36 <.0001 

CINDCOL 9 72E3 385.71 <.0001 

 

Contrasts 

Label Num DF Den DF F Value Pr > F 

IND vs COL 1 72E3 2204.95 <.0001 
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Effect=FStarsPct_cat Method=Tukey-Kramer(P<0.05) Set=1* 

Obs CINDCOL FStarsPct_cat FRevPct_cat Estimate StdErr Letter Group 

1   L  120.22 13.10 A 

2   H  85.09 13.17 B 

 
Effect=FRevPct_cat Method=Tukey-Kramer(P<0.05) Set=2* 

Obs CINDCOL FStarsPct_cat FRevPct_cat Estimate StdErr Letter Group 

3     L 117.76 13.11 A 

4     H 87.55 13.15 B 

 
Effect=FStarsPct_cat*FRevPct_cat Method=Tukey-Kramer(P<0.05) Set=3* 

Obs CINDCOL FStarsPct_cat FRevPct_cat Estimate StdErr Letter Group 

5   L L 145.17 13.07 A 

6   L H 95.26 13.29 B 

7   H L 90.35 13.31 B 

8   H H 79.84 13.24 C 

 
Effect=CINDCOL Method=Tukey-Kramer(P<0.05) Set=4* 

Obs CINDCOL FStarsPct_cat FRevPct_cat Estimate StdErr Letter Group 

9 8COL   265.07 13.73 A 

10 3COL   168.18 13.33 B 

11 6COL   113.49 13.32 C 

12 7COL   111.21 13.30 C 

13 4COL   88.12 13.31 D 

14 5COL   82.06 13.28 D 

15 1IND   56.25 13.27 E 

16 10IND   55.61 13.28 E 

17 9IND   51.37 13.27 E 

18 2IND   35.19 13.28 F 

* means sorted from highest to lowest, significantly different ones indicated with letter grouping 
 
Solution for Fixed Effects 

Effect CINDCOL FStarsPct_cat FRevPct_cat Est StdErr Probt 

Intercept    142.12 13.40 <.0001 

FStarsPct_cat  H  -54.82 3.06 <.0001 

FStarsPct_cat  L  0.00 .  .  

FRevPct_cat   H -49.91 2.87 <.0001 

FRevPct_cat   L 0.00 .  .  

FStarsPct_cat* 
FRevPct_cat 

 H H 39.40 4.45 <.0001 

FStarsPct_cat* 
FRevPct_cat 

 H L 0.00 .  .  

FStarsPct_cat* 
FRevPct_cat 

 L H 0.00 .  .  

FStarsPct_cat* 
FRevPct_cat 

 L L 0.00 .  .  

T    -0.96 0.03 <.0001 

CINDCOL 1IND   0.64 3.56 0.8569 

CINDCOL 2IND   -20.42 3.58 <.0001 

CINDCOL 3COL   112.57 3.69 <.0001 

CINDCOL 4COL   32.51 3.66 <.0001 

CINDCOL 5COL   26.44 3.58 <.0001 
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Effect CINDCOL FStarsPct_cat FRevPct_cat Est StdErr Probt 

CINDCOL 6COL   57.88 3.67 <.0001 

CINDCOL 7COL   55.60 3.62 <.0001 

CINDCOL 8COL   209.45 4.93 <.0001 

CINDCOL 9IND   -4.24 3.56 0.2335 

CINDCOL 10IND   0.00 .  .  

 
Differences of Least Squares Means (Adj P < 0.05) 

Effect 
CIND 
COL 

FStars 
Pct_cat 

FRev 
Pct_cat 

_CIND 
COL 

_FStars 
Pct_cat 

_FRev 
Pct_cat 

Est StdErr Adjp 

FStarsPct_cat 
 

H 
  

L 
 

-35.12 2.37 <.0001 

FRevPct_cat 
  

H 
  

L -30.21 2.24 <.0001 

FStarsPct_cat* 
FRevPct_cat  

H H 
 

H L -10.51 3.42 0.0114 

FStarsPct_cat* 
FRevPct_cat  

H H 
 

L H -15.42 3.43 <.0001 

FStarsPct_cat* 
FRevPct_cat  

H H 
 

L L -65.33 2.72 <.0001 

FStarsPct_cat* 
FRevPct_cat  

H L 
 

L L -54.82 3.06 <.0001 

FStarsPct_cat* 
FRevPct_cat  

L H 
 

L L -49.91 2.87 <.0001 

CINDCOL 1IND 
  

2IND 
  

21.06 3.57 <.0001 

CINDCOL 1IND 
  

3COL 
  

-111.93 3.68 <.0001 

CINDCOL 1IND 
  

4COL 
  

-31.87 3.64 <.0001 

CINDCOL 1IND 
  

5COL 
  

-25.80 3.57 <.0001 

CINDCOL 1IND 
  

6COL 
  

-57.24 3.65 <.0001 

CINDCOL 1IND 
  

7COL 
  

-54.96 3.60 <.0001 

CINDCOL 1IND 
  

8COL 
  

-208.81 4.92 <.0001 

CINDCOL 2IND 
  

3COL 
  

-132.99 3.64 <.0001 

CINDCOL 2IND 
  

4COL 
  

-52.93 3.60 <.0001 

CINDCOL 2IND 
  

5COL 
  

-46.86 3.57 <.0001 

CINDCOL 2IND 
  

6COL 
  

-78.30 3.61 <.0001 

CINDCOL 2IND 
  

7COL 
  

-76.02 3.57 <.0001 

CINDCOL 2IND 
  

8COL 
  

-229.87 4.88 <.0001 

CINDCOL 2IND 
  

9IND 
  

-16.17 3.57 0.0002 

CINDCOL 2IND 
  

10IND 
  

-20.42 3.58 <.0001 

CINDCOL 3COL 
  

4COL 
  

80.06 3.53 <.0001 

CINDCOL 3COL 
  

5COL 
  

86.13 3.62 <.0001 

CINDCOL 3COL 
  

6COL 
  

54.69 3.53 <.0001 

CINDCOL 3COL 
  

7COL 
  

56.97 3.55 <.0001 

CINDCOL 3COL 
  

8COL 
  

-96.88 4.74 <.0001 

CINDCOL 3COL 
  

9IND 
  

116.82 3.68 <.0001 

CINDCOL 3COL 
  

10IND 
  

112.57 3.69 <.0001 

CINDCOL 4COL 
  

6COL 
  

-25.37 3.51 <.0001 

CINDCOL 4COL 
  

7COL 
  

-23.09 3.52 <.0001 

CINDCOL 4COL 
  

8COL 
  

-176.94 4.74 <.0001 

CINDCOL 4COL 
  

9IND 
  

36.75 3.65 <.0001 

CINDCOL 4COL 
  

10IND 
  

32.51 3.66 <.0001 

CINDCOL 5COL 
  

6COL 
  

-31.43 3.60 <.0001 

CINDCOL 5COL 
  

7COL 
  

-29.15 3.57 <.0001 

CINDCOL 5COL 
  

8COL 
  

-183.01 4.86 <.0001 
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Effect 
CIND 
COL 

FStars 
Pct_cat 

FRev 
Pct_cat 

_CIND 
COL 

_FStars 
Pct_cat 

_FRev 
Pct_cat 

Est StdErr Adjp 

CINDCOL 5COL 
  

9IND 
  

30.69 3.57 <.0001 

CINDCOL 5COL 
  

10IND 
  

26.44 3.58 <.0001 

CINDCOL 6COL 
  

8COL 
  

-151.58 4.74 <.0001 

CINDCOL 6COL 
  

9IND 
  

62.12 3.66 <.0001 

CINDCOL 6COL 
  

10IND 
  

57.88 3.67 <.0001 

CINDCOL 7COL 
  

8COL 
  

-153.86 4.77 <.0001 

CINDCOL 7COL 
  

9IND 
  

59.84 3.61 <.0001 

CINDCOL 7COL 
  

10IND 
  

55.60 3.62 <.0001 

CINDCOL 8COL 
  

9IND 
  

213.70 4.93 <.0001 

CINDCOL 8COL 
  

10IND 
  

209.45 4.93 <.0001 

 


