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ABSTRACT OF THE DISSERTATION 

Search, Consumption, and Monetization in the App Economy  

By 

Shengjun Mao 

Doctor of Philosophy in Management 

University of California, Irvine, 2020 

Professor Sanjeev Dewan, Chair 

 

Mobile technology redefines business models and reshapes consumer behaviors, creating a huge 

and emerging economy of mobile apps. For more efficient monetization and successful 

development, the app distribution platforms and app developers should consider consumer choices 

and usage habit into their ranking strategies and app designs. In this dissertation, I conducted three 

studies to explore consumer choices on apps, platform ranking strategies to display apps, and 

consumer usage habit formation in app consumption. On consumers’ app installation choices, I 

examine consumer click and conversion responses to app characteristics at an app distribution 

platform. For platforms’ ranking strategies, I propose a theory-based hybrid personalized ranking 

method to display apps in order to maximize revenues. To understand post-installation app usage, 

I explore consumer habits on app consumption which vary with consumer demographics and app 

features. I acquire rich data from different sources and adopt theoretical and empirical models, in 

combination with machine learning, to high granularity data. My analysis finds robust evidence of 

the impact of app features on consumer consumption and platform profitability. I discuss 

implications for developer to design, for platforms to display and for users to consume apps. 

Keywords: mobile apps, click and conversion, habit formation, ranking, app monetization 
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CHAPTER 1 

Introduction 

Mobile technologies are one of the fundamental digital forces not only redefining business models 

but reshaping consumer behaviors, creating a huge and emerging economy of mobile apps. On the 

demand side, 258.2 billion apps will be installed by 2022, contributing to non-advertising revenues 

of 156.2 billion dollars by 2022 (App Annie Forecast, 2018). The usage of apps has become 

increasingly prevalent across mobile phone users, and accounted for 90% of time spent on mobile 

phones (Statista 2020). In 2019, the average US adult spends 2.3 hours on mobile apps (comScore 

2017). On the supply side, numerous apps have been developed to help this great transformation 

of digital media adoption and enhance value creation. The number of apps available continues 

growing exponentially. There exist 2.8 and 2.2 million apps on Google Play Store and Apple App 

Store, respectively, covering a variety of categories, such as social, entertainment, health, business, 

and games. (Statista 2018). 

The tremendous demand and supply of apps have resulted in app distribution platforms to 

become some of the most critical intermediaries in the modern economy. Distribution platforms 

increase app exposure and promote app installs to consumers. On these platforms, consumers 

browse app impressions on offer walls, click on the impressions to go to their landing pages, and 

then download the app that they are interested in.  While Google Play and Apple app stores are the 

biggest and most well-known app-native distribution sites, a number of third-party app distribution 

platforms have emerged to share the market. The platforms generate 342 billion app downloads 

and 120 billion dollars of annual revenue, in which third-party distribution platforms are expected 

to account for over 100 billion app downloads and 36 billion dollars of annual revenue by 2021, 
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both growing at an annual rate of 12% (App Annie 2017).1 The business model of these third-party 

platforms is typically Cost Per Acquisition (CPA), whereby the platforms are compensated by app 

developers at a pre-contracted rate (i.e., margin) for each app installed.  

The significance of the mobile app market has translated into studies of the app economy 

becoming a significant stream of research in the field of information systems. The earliest literature 

on the app economy mainly focused on app demand (e.g., Carare 2012, Garg and Telang 2013, 

Ghose and Han 2014). Most of the research studies in this stream focus on estimating app demand 

as functions of various app features such as sales rank and in-app purchase option etc. Later, 

attention moved to consumer behaviors with respect to usage decisions, i.e., when consumers are 

facing various apps installed in their digital devices (e.g., Kwon et al. 2016, Zhang et al. 2019). 

Research studies of this stream investigate user engagement and usage habit formation on apps. 

They develop different models such as Hidden Markov model (HMM) and habit formation models 

to extract the engagement level or habit patterns, using them to explore the factors that influence 

app usage. However, few studies in the app economy take the perspective of app platforms to 

examine their monetization behaviors. It is fascinating to study further into how mobile apps are 

redefining business models and reshaping consumer behaviors. Accordingly, this dissertation 

studies consumer decision-making in install stage, consumer habit formation in app usage as well 

as platform business strategies in the mobile app economy. Specifically, we examine consumer 

click and conversion at a mobile app platform, ranking strategies for the platforms to maximize 

revenues, ranking strategies and monetization for app distribution platforms, and consumer habit 

 
1 Third-party app distribution platforms are app retailing channels independent from native app stores, such as Apple 

App Store and Google Play Store. Developers partner with these platforms (e.g., Getjar and SlideMe) to proactively 

reach out to more consumers. To monetize the service, most platforms, including the one studied here, run a cost-

per-action (CPA) model where a commission is earned by the platform for each verified install. 
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formation in using apps. 

In Chapter 2, we study the factors that influence consumer decision-making behaviors 

regarding their choice of apps. Specifically, we explore consumer click and install responses to 

apps based on quantitative and qualitative factors, and screen positions of apps displayed in an app 

distribution platform. These factors play different roles in different decision-making stages, i.e., 

click stage and install stage. In Chapter 3, we design and implement a novel ranking strategy for 

app distribution platforms to display apps on “offer walls” so that they can maximize their 

revenues. We first build a theoretical model considering heterogeneous app qualities and margins 

and derive an optimal personalized hybrid ranking strategy for platforms to maximize their 

revenues. The hybrid ranking strategy calls for balancing app margins and consumer utilities.  We 

analyze this hybrid ranking method with simulation and policy experiments. In Chapter 4, we study 

user habit formation as a function of app features and user demographics, based on a longitudinal 

data set of comprehensive app usage by a panel of test users. We identify two types of usage 

patterns in a rational utility framework, namely addiction and satiation. Users in different 

demographic groups hold heterogenous habits across various apps with different design features. 

The rest of this chapter discusses the introductions of these three research contexts. 

Click and Conversion Behavior at a Mobile App Platform 

Consumer preferences have been studied in literature on demand estimation in different contexts, 

however, the mobile app market has certain unique features that distinguish it from other markets. 

Many well-known factors for traditional marketing such as pricing, branding, advertising and 

search cost, work differently in the app market. First, there is a very volume and variety of apps in 

the app market, resulting in a high level of competition. In contrast with the limited choices of 

physical goods (e.g., electronics and hotels), more than 2.5 million and 1.8 million apps are listed 
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in Google Play and Apple App Store, respectively (Statista 2019). These competitive markets not 

only call for differentiation, but they make branding and advertising also less effective than 

traditional contexts. Second, apps are unique due to their low or zero up-front purchase costs, 

making price effects insignificant. 96.2% and 90.8% of apps in Google Play and Apple App Store, 

respectively, run on a freemium pricing model (Statista 2019). Due to the nature of freemium 

models, price is no longer a determinant for app download decisions for a large majority of free 

users. Third, the process of app discovery naturally occurs on mobile devices, making the search 

process more costly. Compared with personal computers (PCs), mobile computing environments 

feature relatively smaller screens requiring consumers to exert more search efforts. Ghose et al. 

(2013) show that ranking effects are more substantial on mobile devices relative to PCs, amplifying 

the importance of app ranking design. Consequently, it is essential to further look into this market 

and understand the drivers of consumer choices.  

Prior research has investigated the relationship between aggregate app demands, sales rank 

and app price (Carare 2012), top-ranked in bestseller rank (Garg and Tang 2012) and 

characteristics of in-app purchase and advertising (Ghose and Han 2014). These research efforts 

focus on aggregate app-level performance. With increasingly powerful real-time big data 

technology, the app market calls for the exploitation of individual preferences for different apps. 

This study is motivated to address this problem and answer the following research questions: How 

does screen position influence consumer response to app impressions? How do app characteristics 

affect consumer choice? How do these impacts vary across the different stages of the consumer 

journey (i.e., click-through and conversion decisions)? How do consumers heterogeneously 

respond to different types of app information? 

To answer these questions, we collect a unique data set of app choices on one of the largest 
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mobile carriers in the United States. The wireless company manages a web portal and hosts an app 

offer wall serves as an app distribution platform. A consumer can browse app impressions 

displayed on an offer wall and decide to click the apps she is interested in. Once she clicks one 

app, she is directed to a landing page with detailed information about the app, where she can decide 

to download and install it. Our data consist of all app impressions and the corresponding click and 

install responses in the first three weeks of July 2015. In terms of app characteristics, we consider 

both qualitative and quantitative factors. Qualitative characteristics include the informativeness, 

ambiguity, and sentiment of app names and descriptions, while quantitative ones refer to numerical 

information such as start-ratings, review volume, and popularity. Our fine granularity data helps 

us understand the decision-making process at the individual level. 

We model consumer choices in a two-stage framework. Prior literature identifies drivers 

of click and install performance mainly using a simultaneous-equation model where the outcomes 

of interest (e.g., CTR, CR, and rank) are simultaneously determined by each other (Ghose and 

Yang 2009; Agarwal et al. 2011; Ghose et al. 2014). This approach is particularly useful when the 

stage-dependency among decisions do not exist at the product level. However, it is natural to 

consider clicks and conversions as a two-stage decision process, modeling the two inter-related 

decisions in a stage-dependent setting at the consumer level. To enrich the literature, we are the 

first to investigate the impact of ranking using a lens with the highest resolution. Utilizing 

clickstream data at the consumer level, we specify a structural model where a conversion is 

conditional on a previous click when a consumer evaluates a product listing. The advantages of 

this modeling approach are twofold. First, the model specifically characterizes consumer decision-

making process with respect to position. Second, we recover utility function at the consumer level 

that helps us understand consumer heterogeneity. We adopt a hierarchical Bayesian framework 
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and capture the heterogeneity among consumers to estimate the model using Markov Chain Monte 

Carlo methods.  

To summarize our main results, our finding are consistent with the previous literature on 

screen ranking, popularity and quality-rating; that is, we confirm a negative ranking effect (the 

larger the screen rank of an impression, or the higher the screen position, the lower the click-

through rate), positive popularity effect (the greater the number of prior downloads, the higher the 

click-through and conversion rates), and positive quality effects (the higher the user rating, the 

greater the propensity of click and conversion -- more so the latter). In addition, we demonstrate 

that informativeness, ambiguity, and sentiment of app titles have substantial impacts on the click-

through rate while only the sentiment of app descriptions positively influences the conversion rate. 

We also find that consumers are more heterogeneous in their response to qualitative factors, rather 

than quantitative information, in both stages. The results of the policy experiments indicate that 

ranking impressions based on both consumer utility and margins significantly improves platform 

revenues.  

Our research makes a number of contributions. First, we examine the role of both 

quantitative and qualitative app characteristics in consumer behaviors. Unlike prior research 

studies that mainly focus on quantitative characteristics, we consider them together and explore 

the heterogeneity in consumer preference corresponding to different type of characteristics and 

show that consumers express higher heterogeneity on qualitative characteristics.  Second, we 

model a sequence of two actions in a two-stage framework. Our rigorous model contributes to the 

development of discrete choice models in three aspects. First, to our best knowledge, we are among 

the first to precisely model the two sequential decisions in a likelihood function specification. 

While this concept seems straightforward, it is empirically challenging to adopt such a modeling 
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approach that demands a highly efficient estimation strategy and the finest-granular data. To avoid 

dealing with these strict requirements, researchers alternatively focus on one of two sequential 

decisions (e.g., Ghose et al. 2013), or pool them into a simultaneous decision-making process (e.g., 

Ghose and Yang 2009; Ghose et al. 2014). Simultaneous equations are typically used to calibrate 

interdependent decisions (e.g., supply and demand), rather than stage-dependent ones. In this 

regard, while Ghose et al. (2014) correlate aggregate click-through rates and the conversion rates 

in simultaneous equations, the nature of the stage-dependent decision-making was not considered. 

Instead, our model is comprehensive in the sense of recovering the exact decision-making process 

and providing accurate estimations. Last, we develop an adaptive Metropolis-Hasting random-

walk algorithm to estimate the parameters. Unlike Gibb’s sampler based on conjugacy, our MCMC 

estimation procedure is implemented to efficiently handle complex models that have no closed-

forms in conditional distributions. In a hierarchical Bayesian framework, we characterize the 

individual preference of each consumer conditional on the mean effects of the entire population, 

making the best use of the finest-granular data. 

Our empirical analysis provides at least two practical benefits. First, it helps app 

distribution platforms to better understand and predict users’ click and install behavior — 

knowledge that can be exploited through more effective display and ranking strategies. Platforms 

can choose the app information that influence consumer decisions to display for different consumer 

decision stages (i.e. click and install). They can also manipulate the rankings of apps by placing 

those providing higher utilities to individual consumers in superior positions. In this regard, 

platforms can improve click and install performance and improve revenues, which come in part 

from consumers’ installation of apps. Therefore, the ability to understand consumer behavior helps 

the platforms efficiently prioritize the display of apps in order to maximize revenues. At the same 



 

 
 

8 

time, the app platforms who better understand consumers may outperform competitors. Better 

displays and rankings help the app platforms attract more app developers and more visitors, which 

fuels positive (network effect) feedback loops. Specifically, visitors satisfied with the apps on the 

offer wall are more likely to revisit. Greater visits and revisits attract more apps developers, which 

in turn attracts more visitors. Second, our analysis would also be useful to developers in terms of 

understanding how user click and conversion behavior is critically affected by app characteristics; 

e.g., developers should not only focus on quality, but pay attention to naming and describing apps 

in a clear and attractive fashion.  

Ranking Strategies and Monetization in Mobile App Distribution 

The market for mobile apps has seen exponential growth over the last two decades, with some 2-

3 million apps now available on each of Google Play Store and Apple App Store (Statista 2018). 

It is estimated that by 2020, a total of 210 billion apps will have been downloaded, contributing to 

sales of 57 billion dollars (International Data Corporation 2016). While Google and Apple app 

stores are the biggest and most well-known native distribution platforms, a number of third-party 

platforms have emerged. These platforms are expected to account for over 100 billion app 

downloads and 36 billion dollars of annual revenue by 2021, both growing at an annual rate of 

12% (App Annie 2017). The business model of these platforms is typically Cost per Acquisition 

(CPA) or Pay per Download (PPD), whereby the platforms are compensated by app developers at 

a pre-contracted rate (i.e., margin) for each app installed.  

Prior research has shown that platform revenues are quite sensitive to the order in which 

the app impressions are shown to consumers (e.g., Ghose et al. 2014). Yet, third-party platforms 

are typically unsophisticated in terms of their strategies for the ranking of app impressions 

(Dogtiev 2019). They tend to resort to simple heuristics based on click-through rates, conversion 
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rates, or CPA margins, in determining the ranking. Almost none of them personalize app offers 

based on observed or inferred user preferences (Ghose et al. 2014). This current study focuses on 

the ranking strategy of one such third-party mobile app distribution platform, specifically, powered 

by one of the largest mobile service operators in the United States.  

On a distribution platform, consumers can browse app impressions on an “offer wall,” click 

on the impressions to go to their landing pages, and then download the apps that they are interested 

in.  In this setting, our main goal is to understand how such platforms can leverage click and 

conversion clickstream data, readily available from server logs, to more effectively monetize app 

distribution via a ranking mechanism. Making use of a structural model and the recovered utility 

from the previous study, we conduct counterfactual analyses of alternative ranking strategies, 

including ones commonly used in industry, as well as the proposed hybrid ranking scheme that 

jointly accounts for both margins and utility at different utility levels —the results prove it to be 

the most effective mechanism for revenue maximization. 

Prior work has addressed related issues. The work closest to this study is Ghose et al. 

(2014), which examines the impact of ranking on the hotel reservations site of Travelocity.com, 

one of the leading product search engines for travel related bookings. They develop a structural 

model to study the impact of product quality and ranking position on consumer click and 

conversion behavior, and on search engine revenues. They compare alternate ranking designs, 

based on conversion rate, click-through rate, price, quality, as well as a ranking based on mean 

utility, finding that the mean-utility-based ranking approach can lead to a significant enhancement 

to search engine revenues. While tackling the same question, this study is distinguished from 

Ghose et al. (2014) in several aspects. First, (theory-guided), Ghose et al. (2014) take a data-driven 

approach to design an intuitive ranking method based on the average preference of the population 
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(i.e., mean-utility). Instead, we follow a theory-guided approach to propose a hybrid ranking 

strategy fusing margin-based and utility-margin ranking. The benefit of the theory-guided 

approach is confirmed in the policy experiments. Second, (granularity) our ranking method 

realizes personalization in the ranking design at the individual level, whereas Ghose et al.’s (2014) 

can only imply a one-for-all ranking at the aggregate level. Exploiting the highest resolution of 

choice data, we can align app positions with the best interest of each consumer via her latent utility 

functions. We show that embedding personalization improves ranking efficiency substantially. 

Third, (margins data), we observe actual app CPA margins, which enables to explicitly account 

for the tradeoff between utility and margins in screen ranking of app impressions. it is necessary 

to incorporate profit margins into the ranking design while maximizing the platform’s revenues. 

Indeed, the introduction of profit margins breeds the new optimal ranking equilibrium in the 

analytical model, which leads to our hybrid model applicable in a more realistic setting. Finally, 

(context), Ghose et al. (2014) examine hotel search engine revenues, whereas we look at app install 

monetization, where ranking design problem is more challenging. 

Apps are characterized by very different feature sets distinguishing an app market from 

other settings, and there are three reasons why problem of ranking design is challenging. First, 

there is very high volume and variety of apps, making app discovery very costly. In contrast to 

more limited choices in physical goods (e.g., electronics and hotels), more than 2.5 million and 1.8 

million apps are listed in Google Play and Apple App Store, respectively (Statista 2019). Second, 

apps are unique for their zero up-front purchase costs, making search costs more salient. Due to 

the nature of freemium models, price is not a key determinant of app download decisions. In this 

regard, search costs become the only source of utility loss in the decision-making process. 

Minimizing search costs through ranking is a priority in app distribution. Third, the process of app 
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discovery increasingly occurs on mobile devices, making the process more costly. Compared with 

personal computers (PCs), mobile computing environments are characterized by smaller screens, 

calling for greater search efforts. This makes a well-designed ranking method more significant for 

mobile settings.  

An effective ranking strategy balances the preference of consumers and the profits of a 

platform while minimizing search costs. We propose a novel ranking method to achieve these 

goals using highly granular data. We start with a theoretical model to motivate the ranking strategy 

that balances consumer utility and CPA margins, and then conduct counterfactual experiments of 

different ranking strategies using the recovered consumer utilities and observed margins. The 

theoretical model captures the strategic interactions between consumer search and platform 

ranking. It incorporates the heterogeneity in consumer tastes and app qualities and margins to 

obtain insights into optimal ranking in the subsequent empirical analyses. Following up the 

previous study of consumer preferences, and making use of the recovered latent utility parameters, 

we are able to conduct policy experiments to generate a personalized ranking scheme. The 

experiments follow the theoretical guidance of our and ultimately demonstrate the superiority of a 

hybrid ranking strategy that balances consumer utilities and margins — as compared to other 

benchmark schemes. Specifically, we consider rankings based on heterogenous utilities, 

heterogeneous partial utilities, mean utilities, margins, popularity, star-ratings, current practice, 

and random-pick. We compare these to a personalized hybrid ranking that balances both utilities 

and margins at different utility levels, finding that the personalized method outperforms all others. 

The personalized ranking outperforms the current practice used by the platform by 26.3% and 

generates a higher revenue than a ranking based on mean utilities alone by 16.2%. 

This study contributes to the knowledge of screen ranking with a novel hybrid ranking 
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mechanism fusing margin-based and utility-margin ranking. Unlike the ad hoc ranking methods 

proposed in extant research studies (e.g., mean-utility-based ranking in Ghose et al. 2014) and 

adopted in the practice (e.g., Ad Rank in Google Ads), we propose the ranking mechanism with a 

guidance of the results from a theoretical model. The benefit of the theory-guided approach is 

confirmed in the policy experiments. This mechanism improves the existing ranking methods due 

to three features. First, our hybrid ranking method does not take one-for-all ranking criteria as  

other methods do, but rather varies ranking based on different levels of consumer utilities. We 

simulate this ranking mechanism and prove its outperformance as compared to other ranking 

methods. Second, we consider consumer heterogeneity and execute personalized ranking. 

Exploiting the highest resolution of choice data, we align app positions with the best interest of 

each consumer via her latent utility functions. We show that embedding personalization improves 

ranking efficiency substantially. Third, we incorporate profit margins into the ranking design while 

maximizing the platform’s revenues. Indeed, the introduction of profit margins into the ranking 

reflects Google’s Ad Rank mechanism, which also incorporates profit margins into sponsored 

ranking.  

There exist fundamental differences between our hybrid ranking and Ad Rank, even though 

both methods combine quality and margins. First, similar to Ghose et al. (2014), Google predicts 

all page scores at the aggregate level. Such ignorance of significant consumer heterogeneity may 

deter the delivery of personalized ads. Second, Google and the app platform focus on different 

business objectives, interested in the click and install decisions, respectively. Google runs a cost-

per-click model that is associated with click performance only, whereas we need to consider both 

the click and install choices to optimize the platform’s cost-per-install model. Besides, it is worth 

noting that the motivation behind Ad Rank is to cultivate consumers’ trust in ad recommendations 
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and to maximize the long-term profitability under competition, as in our study, in contrast to a 

short-term approach focused on margins alone.  

Habit Formation in Mobile App Usage 

Annual mobile app downloads worldwide have grown 45% since 2016 and reached a record of 

204 billion apps downloads in 2019 alone (App Annie 2020). According to eMarketer research, 

an average user is predicted to spend 2.22 hours per day using mobile apps in 2020, with 68% 

increase from 2016 (Mobile Time Spent 2018). This creates a huge and emerging economy of 

post-download app commerce, driven by the monetization policies of apps: in-app purchase, in-

app subscription, and in-app advertising. The estimated global annual revenue from mobile apps 

is 581.9 billion U.S. dollars (Statista 2020), in which the revenue from in-app purchase or in-app 

subscription is estimated to take a share of 48.3% according to app industry statistics (Saleh 2016). 

The in-app advertising also accounts for a big proportion with annual revenue of 67.7 billion U.S. 

dollars in 2018 and predict an annual growth rate 19.4% from 2019 to 2025 (Market Analysis 

Report). 

 However, the promising market growth is tempered digital vulnerabilities, which are not 

yet fully understood (Ransbotham et al. 2016). One of the main problems is excessive use, even 

addiction. According to industry statistics, the average time spent on smartphones per day is 2.85 

hours, in which 90% is spent on mobile apps.2 58% of smartphone users have tried to limit time 

spent on their devices, whereas only 41% of them have succeeded. Several studies in psychology 

show that smartphone addiction has negative effects on mental health and well-being (e.g. Samaha 

and Hawi 2016). 

The profitability and unintended consequences of the emerging post-download app market 

 
2 37 Smartphone Addiction Statistics for 2019 accessed at https://www.slicktext.com/blog/2019/10/smartp
hone-addiction-statistics/. 
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call for more study of users’ post-download consumption and behaviors. A stream of research 

focuses on the profitability side, exploring factors that help improve app usage and user 

engagement. They examine the economic value of user engagement in app success (e.g. 

Mendelson and Moon 2016) and discover drivers that improve app usage, such as promotion 

policies (e.g. Zhang et al. 2019) and motivating features (e.g. Huang et al. et al 2019). Another 

stream focuses on habit formation during usage and engagement, including addiction (Kwon et al. 

2016) and satiation (Han et al. 2015). Addiction is defined as a situation where current 

consumption increases as habits accumulate, which are derived from past consumption. Satiation 

is defined as the situation where the opposite occurs (Iannaccone 1986). In general, consumers 

may exhibit different habits for different products (apps in this case) — or they may show no 

discernible habit formation. However, prior studies either focus on one habit pattern for a narrow 

set of selected apps, or they impose an assumption of one habit pattern for all products. In the 

current study, we consider apps of all categories and identify consumers’ varying habit patterns on 

various apps at the individual-app level of granularity. We attempt to answer the following 

questions: 1) What types of apps are addictive or satiating to consumers? 2) Do consumers in 

different demographic groups display different habit patterns? What groups of consumers are 

inclined to be additive or satiated? 3) Do apps’ monetization policies influence usage habit? That 

is, does the presence of in-app purchase or in-app advertising drive habit formation? 4) What 

design features of apps influence consumer habits with respect to app usage?  

To answer these questions, we acquire several data sets from different sources. Most 

notably, we use a unique data set of app usage provided by Comscore. This data set tracks a large 

panel of users over six months (second half of 2017) and tracks their log-ins and time spent on 

apps installed in their mobile phones. This data set also provides user demographics and device 
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information. When a user logs into an app, the user’s device OS, the app name, and the timestamp 

are registered in the data set. When she logs off, the time duration on the app is recorded. We also 

collect app information from Google Play and iOS app store. To capture app features, we consider 

both basic characteristics such as monetization polies — in-app purchase and in-app advertising 

— app restriction levels and categories, and design feature such as social interaction features and 

machine interaction features. Social interaction features are designed to facilitate user interactions 

among each other. For example, users can add other users as friends, and comment on reviews 

posted by other uses. Machine interaction features are designed for users to engage with the apps 

such as notifications and rewards, etc. For example, Twitter users receive notifications when a new 

tweet is posted by a user she follows. To be clear, the ability to follow another individual on Twitter 

is a social interaction feature, whereas the notification itself is a machine interaction feature. The 

comprehensive data sets help explore app usage at the individual-app level. 

We model users’ habit on app usage with a habit formation model under a rational 

framework developed by Becker and Murphy (1988). Under this model, a user aiming to maximize 

their utilities may develop a habit on consumption of a product. When past consumption is 

positively affects current consumption, the user is addicted to the consumption of the product. 

Otherwise, when past consumption negatively affects current consumption, she is said to be 

satiated. Prior literature (e.g., Becker et al. 1994, Kwon et al. 2016) make use of this model and 

recognize addictive consumption of cigarettes (Becker et al. 1994) and two social apps (Kwon et 

al. 2016). To enrich the literature, we work on individual habits on individual apps usage. 

Modeling utility function at individual level from app consumption, we derive the habit on 

consumption at individual-app level by solving the optimal consumption path over time. The 

advantages of this approach are twofold. First, it helps us understand consumer habit formation at 
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a higher level of granularity. Second, heterogeneous habits on individual apps allows us to explore 

the impacts of consumer demographics and app features on user habit formation. 

The results show that user habits on app usage vastly varies across user demographics and 

app features, even though there is no strong evidence for a consistent habit — either addiction or 

satiation — formed on app usage, on average. First, consumers are more likely to be addictive to 

games rather than non-game apps. Within games, casino, sports, and word games are relatively the 

most addictive. With respect to non-game apps, users present divergent habits. Dating, 

entertainment, and social apps attract users’ additive usage, whereas finance, food & drink and 

productivity apps show satiation. Second, users under 35 years of age are more addictive to games, 

as compared to older users. We do not find evidence of significant differences between males and 

female with respect to habit formation. Tablets (such as iPad) with bigger screens induce users to 

be more addictive to app usage, as compared to mobile phones with smaller screens. Third, users 

are more addicted to apps that provide in-app purchase options. Apps that have an age restriction 

also display higher degree of user addiction. In terms of app design feature, users are more addicted 

to apps that provide social interactions and usage motivations. Apps that are easy to use display 

more satiation. Push notifications — an important feature of games — tend to induce addiction.  

Our study contributes to the literature in three ways. First, it deepens our understanding of 

user habit formation with respect to app usage. Prior studies on consumer habit pay more attention 

to product characteristics that cause addiction, as opposed to user characteristics, which we focus 

on (in addition to product or app characteristics). Analyzing at a finer level of granularity, our 

study recognizes different user habits at individual level.  Second, we explore the role of design 

features on consumption habit formation. We find that providing added value through social 

interactions and usage motivations fosters addictive usage. Ease of use fosters satiation, rather than 
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addiction. Third, our analysis of basic app features confirms the addictive nature of freemium 

pricing models, wherein users are more likely to exhibit addictive consumption on apps providing 

in-app purchase options. 

In sum, the purpose of this dissertation is to provide new insights into the growing mobile app 

economy about consumers pre-installation click and conversion behaviors and post-installation 

usage habit formation, as well as platform ranking strategies. The rest of this dissertation is 

organized as follows. In Chapters 2, 3 and 4, we present the three studies by providing a brief 

introduction, reviewing related literature, describing data and empirical context, developing 

models and experiments, and discussing the results and managerial implications. Finally, Chapter 

5 provides our concluding comments for the dissertation as a whole.  
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CHAPTER 2 

Click and Conversion Behavior at a Mobile App Platform  

This chapter studies the consumer click and conversion behaviors in a mobile app platform. Our 

analysis is based on granular consumer-level data obtained from one of the largest pre-paid mobile 

service providers in the U.S., which runs an offer wall of apps on its mobile portal site. We deploy 

a hierarchical bivariate probit model to generate joint estimates of click and conversion utility 

functions, considering both quantitative and qualitative app characteristics. The quantitative 

characteristics consist of app popularity, quality, and screen ranking. The qualitative attributes, 

generated via text-analytic methods, include informativeness, ambiguity, and sentiment of app 

titles and descriptions. Our results confirm the importance of both types of attributes as drivers of 

click and conversion performance. We also find that there is greater consumer heterogeneity 

towards qualitative information as compared to the quantitative variables. Overall, our analysis 

sheds light on consumer preferences and heterogeneity with respect to app click and conversion 

performance. 

Literature Review  

This study is broadly related to the literature dealing with the mobile app economy, and 

specifically, it is closest�to the research studies looking at consumer choice in online (or mobile� 

contexts. Starting with the big picture, some prior studies (Carare 2012; Garg and Telang 2013; 

Ghose and Han 2014; Han et al. 2015) focus on demand estimation for mobile apps and examine 

how consumer willingness to pay is affected by various app and consumer characteristics. For 

example, Ghose and Han (2014) develop a BLP style (Berry, Levinsohn, and Pakes 1995) 

structural demand model and jointly estimates it with supply-side pricing equations, using app 

market share data from Apple App Store and Google Play. Their results characterize how the 
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 Table 2.1 Literature on Consumer Choice of Online Content  

Reference Context Dependent Variables Rank Popularity Quality Rating Textual Info. 

Brynjolfsson et al. (2010) Comparison Shopping Engines Clicks * *   

Ghose and Yang (2009) Search Engines Clicks and Conversions *    

Agarwal et al. (2011) Search Engines Clicks and Conversions *  *  

Ghose et al. (2012) Product Search Engines Clicks and Conversions *    

Ghose et al. (2014) Product Search Engines Clicks and Conversions * * *  

Choudhary et al. (2017) Product Search Engines Clicks and Conversions * * *  

Chevalier and Mayzlin (2006) Online Books Amazon Sales Rank   *  

Dellarocas et al. (2007) Movies Box Office Sales   *  

Salganik et al. (2006) Music Downloads   *   

Dewan et al. (2017) Music Song Listens  *   

Ghose and Ipeirotis (2011) Amazon Amazon Sales Rank   * * 

Archak et al. (2011) Amazon Amazon Sales Rank   * * 

This Study Mobile Apps Clicks and Conversions * * * * 
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demand for app is shaped by various app characteristics. One of the characteristics of interest is 

the app monetization model, and they find that in-app purchases entice more downloads whereas 

in-app advertisements reduce app demand. Han et al. (2015) take a different approach to estimate 

the consumer utility function for mobile app consumption, wherein they infer participants’ 

preferences from longitudinal data on time spent across app categories.  

In contrast with the above, our work takes a more “micro” perspective on app consumption, 

in that we focus on the drivers of choice on a third-party app distribution platform. We draw on 

considerable prior work studying online consumer choice for various products as summarized in 

Table 2.1, and formulate app choice as a function of ranking, rating, popularity, reviews, and other 

app characteristics. Most related to our study is prior work examining clicks and conversions in 

online or mobile contexts. A key factor that determines what consumers choose from an offered 

set of items is the order in which the items are presented (i.e., screen ranking). In this regard, 

Brynjolfsson et al. (2010) study a comparison-shopping engine (so-called shopbot that displays 

comparative prices and shipping options for a given product across multiple online sellers), finding 

that most consumers tend to choose products offered on the first page of search results (i.e., “above 

the fold”). In the specific shopbot setting, the opportunity cost of not scrolling to lower screens is 

$6.55 on average, which is argued to be an upper bound on the search cost for scrolling to a second 

screen. Additionally, a few papers study ranking effects on search engines. Ghose and Yang (2009) 

collect keyword campaign data from an advertiser and show that low-ranked (i.e., top of the screen) 

sponsored listings garner more clicks and conversions, but advertiser profits are non-monotonic in 

search result ranking. The underlying reason is that while clicks and revenues increase at higher 

positions in the search results, so does the average cost per click—at some point, the incremental 

revenues are outweighed by the incremental cost of clicks. Agarwal et al. (2011) find similar 
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results, looking at the costs and benefits of the top few positions in search results. Another 

important stream of work on online consumer choices is about ranking effect. Ghose et al. (2013) 

comprehensively reviewed this stream of research and demonstrate that ranking effect is likely to 

be higher on mobile than PCs. The authors state that “ranking effect matters because they have 

implications for managerial strategies…” and managers can manipulate ranking to improve 

performance. Ghose et al. (2012a) highlights that the ranking effect in mobile internet is higher than in PC 

context. Dewan and Ho (2015) demonstrate the negative ranking effects on visitors’ propensity to click in 

a mobile local search engine. 

Apart from screen ranking, prior work has examined popularity (e.g., Salganik et al. 2006; 

Dewan et al. 2017), quality ratings (e.g., Chevalier and Mayzlin 2006; Dellarocas et al. 2007), and 

online reviews (e.g., Nikolay et al. 2011; Goh et al. 2013). Other work has also shown that 

consumers look beyond objective quantitative product and price information, and draw inferences 

from textual data, such as product reviews. One of the earliest such papers is Ghose and Ipeirotis 

(2011), which examines the incremental impact of review text (beyond volume and valence) on 

product sales, using a number of text mining methods. Specifically, they consider multiple features 

of review text, such as subjectivity, readability, spelling errors, and the like. They find that these 

features are predictive of the helpfulness of individual reviews and product sales as well. In related 

work, Archak et al. (2011) incorporate review text features in a consumer choice model to 

demonstrate how textual data can be used to infer relative preferences for different product 

features.  

Motivated by prior work, we incorporate both quantitative (i.e., screen rank, popularity, 

and quality rating) and qualitative (i.e., textual information) variables in our analysis of click and 

conversion outcomes in mobile app distribution, as shown in Figure 2.1. A unique aspect of our 

work is the granularity of our data set. Whereas prior work has aggregate data at a weekly level 
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(see, e.g., Ghose et al. 2012 and 2014), we observe clickstream data at the user-session level, which 

allows us to build a structural model of clicks, and conversions conditional on clicks, in a two-

stage decision setting at the consumer level. Thus, we are able to recover click and conversion 

utility functions at the consumer level since we observe the ranking of all app impressions shown 

to each user as well as the click and conversion actions�taken. 

 

Figure 2.1 Conceptual Framework of Click and Conversion Behavior 
 

Empirical Context and Data 

We obtain the data set from a marketing agency that monetizes the home screen for one of the 

largest mobile service operators in the United States. The home screen provides common features, 

including local and web search, content display (e.g., news, weather, and horoscope), and a mobile 

app offer wall.  Our focus is on the role of this service provider as an app distribution platform. 

Note that third-party app distribution platforms, like this one, account for some 32% of overall app 

installs (App Annie 2017).  

We illustrate the business model of this app distribution platform in Figure 2.1. A user 

visits the offer wall and explores the app impressions one-by-one from the top. If an app draws her 

interest, she can click on the impression, and gets directed to the corresponding app store (e.g., 
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Apple App Store and Google Play). The landing page provides her with the details about the app, 

such as description, download volume, review texts, among other information. This information 

is pertinent to the user’s decision whether or not to install (i.e., download) the app. The app 

distribution platform earns revenues on a cost per action (CPA) or pay per download basis, wherein 

each app has a pre-contracted CPA “margin.” Figure 2.2 shows the screenshots of the platform. In 

summary, consumers are provided with app names and average star-ratings in the click stage, and 

have access to the number of downloads, detailed app descriptions, and full-text reviews in the 

install stage. 

	
Figure 2.2 Cost per Action (CPA) Model of the Platform 

 

The clickstream data at the user-impression level are derived from server logs, collected during 

the first three weeks of July 2015. These logs record the details of each impression across the two 

stages, such as app characteristics and the corresponding click and conversion responses. 

Specifically, all impressions are organized in chronological order at the user-impression level. This 

enables us to recover the screen rank of each impression. In addition to mobile clickstream data, 

we also consider text-analytic data based on app titles, descriptions, and reviews. That is, we 
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categorize the information that consumers use for decision-making into two groups: quantitative 

and qualitative. Quantitative information consists of structured numerical data, such as screen 

rank, star-ratings, and review volumes. In contrast, qualitative information refers to unstructured 

data about app titles, descriptions, and reviews that are processed by consumers on app landing 

pages. We apply multiple text-analytic tools and construct measures, including informativeness, 

ambiguity, and sentiment, which we describe below.3  

								 	
Figure 2.3 Screenshots of the Offer Wall and Landing Page 

 
 

Informativeness is operationalized on the basis of word frequency and the length of titles, 

descriptions, and reviews. Word frequency characterizes how unique a word is. The more 

commonly (frequently) a word is used, the less unique information it conveys. The overall 

informativeness of text is taken to be negatively related to the average of word frequencies.4 Thus, 

 
3 We preprocess texts by following a standard exercise to tokenize texts, remove stop words, and stem words. 
4 Other frequency lists are also considered (e.g., Davies 2018) for robustness. 
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we follow Leech et al. (2001) to compute the frequency of each word in a text using the corpus-

based word frequency and derive the average. In addition, longer texts generally contain more 

information than shorter ones. We count words to approximate the richness of information. 

Second, an ambiguous description could mislead consumers and increase search cost. Applying 

the logic similar to that of Klapdor et al. (2014), we measure ambiguity at the word level by 

calculating the number of semantic interpretations that a word possesses.5 We use the average of 

word ambiguities as a measure of the overall ambiguity of each text object. Last, to capture the 

sentiments of text, we develop a polarity classifier. We take the polarity range to be from 0 to 1, 

with the extremes of the range indicating completely negative and completely positive sentiments, 

respectively. We implement the classifier in a logistic regression model and estimate it using an 

L1-penalized maximum likelihood estimator. 6  App names, descriptions, and reviews are run 

through the trained model to obtain the corresponding sentiments.  

We summarize the descriptive statistics in Table 2.2 for a total of 317,040 observations. 

Click has a mean of 0.015, indicating that 1.5% of the app impressions are clicked on. Conditional 

on a click, the install rate is 9.0%. Rank indicates the screen position of an impression, ranging 

from 1 to 200. Consumers on average explore 26 impressions in a browsing session, but the 

browsing behavior varies substantially across users. Looking at the quantitative variables, the 

average star-ratings of the apps is slightly above 4. Apps, on average, receive around 600 thousand 

reviews with a substantial standard deviation. We operationalize Popularity as a dummy indicator 

using the average number of downloads, resulting in 40% of apps defined as popular apps. Also, 

Game apps account for 70% of the entire pool in our data. 

 
5 We scrape the thesaurus database of online Merriam-Webster dictionary to calculate the ambiguity of each word. 
6 Following R package glmnet, we train the model using a Twitter sentiment dataset (Go et al. 2019). The dataset 

consists of 1.6 million pre-classified sentiment tweets. The trained model results in an accuracy of 87.5% in 5-fold 
cross-validation.  
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Turning to the qualitative variables, TitleFreq, DescFreq, and RevFreq refer to the word 

frequencies of app titles, descriptions, and reviews whose mean values are 4.599, 8.829, and 8.880, 

respectively. This suggests that app titles are more specific than descriptions and reviews. The 

average length of app titles is around 18 characters, and app descriptions are and reviews, on 

average, contain 395 and 208 characters, respectively. TitleAmb, DescAmb, and RevAmb indicate 

the ambiguity in app titles, descriptions, and reviews. The statistics show that each word in app 

titles have less than 3 different meanings, and words used in app descriptions and reviews have 

more than 5 interpretations. TitleSent, DescSent, and RevSent denote the sentiment polarity of app 

titles descriptions, and reviews, respectively. App descriptions provide consumers with stronger 

sentiments than titles in the positive polarity, whereas the reviews are generally balanced. 

Table 2.2 Descriptive Statistics (N = 317,040) 

Variables Mean Std. Dev. Min. Max. 
!"#$%!" 0.015 0.0122 0 1 
&'()*""!" (conditional on click) 0.090 0.285 0 1 
+*'%!" 25.544 28.161 1 193 
,#)"-./-0" 4.599 2.214 2.303 10.342 
,#)"-1-'" 18.961 7.127 3 47 
,#)"-234" 2.798 2.043 0 10 
,#)"-5-')" 0.699 0.157 0.000 1.000 
6-($./-0" 8.829 0.771 3.892 10.343 
6-($1-'" 395 816.639 20 4718 
6-($234" 5.538 1.650 2.222 10.250 
6-($5-')" 0.734 0.084 0.378 0.991 
+-7./-0" 8.880 0.118 7.613 9.124 
+-71-'" 208.321 67.671 45.545 314 
+-7234" 5.569 0.397 1.890 6.505 
+-75-')" 0.559 0.054 0.419 0.771 
+*)#'8" 4.055 0.242 3 5 
9:3+*)#'8(" 643,043 1,289,748 36 2,996,7063 
;<=:"*/#)>" 0.401 0.490 0 1 
?*3-" 0.701 0.458 0 1 
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Table 2.3 Pair-Wise Correlations 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 

1. #$%&'!" 1.000                   

2. )*+,-$$!" 0.297 1.000                  

3. /-*'!" -0.024 -0.005 1.000                 

4. 1%,$23425" -0.010 -0.005 0.016 1.000                

5. 1%,$272*" 0.001 0.005 0.017 0.166 1.000               

6. 1%,$29:;" -0.009 -0.002 0.002 0.050 0.095 1.000              

7. 1%,$2=2*," 0.001 0.002 -0.008 0.000 0.299 -0.312 1.000             

8. ?2+&3425" 0.008 0.001 -0.055 -0.063 -0.076 0.156 -0.275 1.000            

9. ?2+&72*" -0.007 -0.005 0.052 -0.070 0.134 -0.016 0.175 -0.144 1.000           

10. ?2+&9:;" 0.000 -0.001 -0.005 0.101 -0.018 0.254 -0.242 0.474 -0.232 1.000          

11. ?2+&=2*," 0.005 0.006 -0.014 0.039 0.312 -0.222 0.468 -0.230 -0.120 -0.178 1.000         

12. /2B%72*" -0.004 -0.003 0.023 -0.079 -0.048 -0.024 0.009 -0.245 0.138 -0.274 -0.157 1.000        

13. /2B%3425" -0.004 -0.001 0.010 -0.113 0.025 0.128 -0.008 -0.148 0.216 -0.328 0.012 0.617 1.000       

14. /2B%9:;" -0.006 -0.001 -0.067 0.289 -0.183 0.079 -0.096 0.121 -0.147 0.097 0.032 -0.263 -0.057 1.000      

15. /2B%=2*," -0.001 -0.001 -0.021 0.217 0.053 0.029 0.002 0.105 -0.025 0.216 0.084 -0.659 -0.565 0.393 1.000     

16. /-,%*C" 0.003 0.003 -0.003 0.174 0.042 0.024 0.147 -0.115 0.039 0.042 -0.128 0.247 0.146 -0.104 -0.121 1.000    

17. DE:/-,%*C" 0.020 0.006 -0.042 -0.114 0.011 -0.105 0.053 0.125 -0.123 0.079 -0.074 -0.128 -0.178 -0.239 0.091 0.031 1.000   

18. FGHE$-4%,I" 0.018 0.004 -0.037 -0.105 0.066 -0.051 0.041 0.022 -0.114 -0.171 0.022 0.098 0.096 -0.244 -0.178 -0.114 0.589 1.000  

19. J-:2" 0.000 0.003 -0.121 0.098 -0.225 -0.048 0.033 0.330 -0.304 0.039 0.158 -0.301 -0.164 0.489 0.253 -0.059 0.137 0.197 1.000 
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The pair-wise correlations are summarized in Table 2.3. The dependent variables Click and 

Install have a correlation of 0.297. Clicks and installs are positively correlated with screen rank 

(Rank), volume (NumRatings), and valence (Rating) of reviews, and the number of installs 

(Popularity). The qualitative variables have some common patterns of correlation amongst each 

other. The length is positively correlated with frequency but negatively correlated with ambiguity. 

The sentiment variables for titles, descriptions, and reviews are positively correlated with each 

other. We turn next to a specification of our empirical model. 

Choice Model and Estimation 

We develop a bivariate probit model of consumer click and conversion decisions in a random 

utility framework. Specifically, the model incorporates both quantitative and qualitative 

covariates, as discussed in the previous section. Due to the interdependence of the click and 

conversion decisions, our modeling framework considers that a consumer, given an app 

impression, first decides whether to click on the impression; if a click occurs, she then decides 

whether to install the app. A consumer clicks on an app impression (installs an app) only if clicking 

(installing) provides higher expected utility than not doing so. In the click stage, we denote the 

observed response for Consumer i clicking on Impression j as: 

(1)  $!"#$!#% = &1,								if click;
0,			otherwise.  (2.1) 

Similarly, we specify the observed outcome in the install stage as:   

(2)  $!"!&'()$$ = &1,								if install;
0,			otherwise.  (2.2)  

These outcome variables are related to the quantitative and qualitative covariates in a hierarchical 

Bayes specification, which accounts for unobserved heterogeneity at the	individual	level.		

Click and Install Decisions 

Following random utility theory, we specify Consumer i’s utility from clicking on Impression j as: 
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-!"#$!#% = -!"#$!#%
∗ + /!" =  

0!* + 0!+1234!" + 0,-56789:;9<" + 0,.56789=93" + 0,/56789>?@" + 0,056789A937"  

+0!112763B" + 0,2C2?9" + /!" .  (2.3) 

Rank refers to the screen ranking of Impression j. She evaluates app impressions in the click stage 

on the basis of app names and star-ratings.7 The corresponding qualitative constructs consist of 

TitleFreq, TitleLen, TitleAmb, and TitleSent, while Rating captures the impact of star-ratings. 

Game serves as an additional control for app categories, and takes the value 1 for games and 0 for 

non-games. Leveraging the nature of a hierarchical model, we specify our model with full 

heterogeneity as	

(4)  F! = FG + H! ,  (2.4) 

where I!~MVN(N, Σ3	). 0!*	is the individual-specific intercept which allows for variation in the 

baseline utility of click. The individual-specific slope coefficients model the heterogeneous effects 

of the covariates. They together help recover the utility function at the individual level.   

Assuming the idiosyncratic errors, /!", follow a standard normal distribution, we have a 

binary probit specification:  

(5)  PrS$!"#$!#% = 1T = PrS-!"#$!#%
∗ + /!" > 0T = Φ(-!"#$!#%

∗T,  (2.5) 

where Φ denotes the cumulative density function (CDF) of a standard normal distribution. A 

consumer clicks on an app impression (i.e., $!"#$!#% = 1) if the latent utility of clicking -!"#$!#% > 0; 

she does not click, otherwise. 

After clicking on an impression, the consumer is redirected to the app landing page. She 

acquires additional information (such as the detailed description, reviews, etc.) and decides 

 
7 The screenshot of app impressions is illustrated in Figure 5. 
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whether to install the app. Consumer i's utility function of installing app j is specified as 

!!"
!#$%&'' = !!"

!#$%&''∗ + $!"  

= %!( + %)*&'()*+'," + %)+&'()-'." + %),&'()/01" + %)-&'()2'.3" + 

 %).4'5*+'," + %)/4'5-'." + %)04'5/01" + %)14'52'.3" + 

%!24637.8" + %!*(ln(<!04637.8(") + %)**>?@!A6+73B" + %)*+C60'" + $!". 

In the install stage, app descriptions are available. The first two constructs measure the 

informativeness of description while the second two capture the ambiguity and sentiment. Beside 

star-ratings, NumRatings captures the number of ratings. Popularity is a dummy variable 

indicating whether the number of installs is above or below the mean. The full individual-specific 

heterogeneity at the install stage is specified as 

(7)  X! = XG + Y! ,  (2.7) 

where Z!~MVNSN, Σ4	T  so [!  captures the individual deviations from the baseline utility. We 

further assume that the errors, \!", are independent and identically distributed as N(0,1), resulting 

in the following probit model specification:  

(8)  PrS$!"!&'()$$ = 1|$!"#$!#% = 1T = PrS-!"!&'()$$
∗ + \!" > 0T = ΦS-!"!&'()$$

∗T.  (2.8) 

Interdependence between Click and Install Decisions 

We have to formally model the interdependence between the click and install decisions. Though 

the two have already been considered in terms of a conditional probability, we need to fully specify 

the correlation between the errors, 	/!"  and \!" , in the click and install models, respectively. 

Allowing for such a correlation reduces the likelihood of bias due to the unobservables that affect 

both decisions simultaneously. We model the error terms as   

(9)  `5"#6"#a	~	BVNc`
0
0a c1 d

d 1ee,  (2.9) 

where BVN denotes a bivariate normal distribution. d captures the correlation between the two 

(2.6)	
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sets of errors while the variance of errors is set at 1 to maintain the binary probit specifications.  

Three scenarios could take place in the two-stage choice context, including (i) not clicking, 

(ii) clicking but not installing, and (iii) clicking and installing. Based on the proposed 

specifications of the errors, we derive the likelihood of the observed data and formulate the three 

cases as 

(i) Not clicking: PrS$!"#$!#% = 0T = 1 − Φ(-!"#$!#%
∗); 

(ii) Clicking but not installing: PrS$!"#$!#% = 1, $!"!&'()$$ = 0T = Φ789(-!"#$!#%
∗ , 	 − -!"!&'()$$

∗ , dT; 

(iii)  Clicking and installing: PrS$!"#$!#% = 1, $!"!&'()$$ = 1T = Φ789(-!"#$!#%
∗ , 	-!"!&'()$$

∗ , dT, 

where Φ789 denotes the CDF of a bivariate normal distribution. Accordingly, we have the joint 

likelihood function as 

=Sh#$!#% , h!&'()$$T = 

 ∏ ∏ `1 − ΦS-!"#$!#%
∗Ta

+:;"#
$%"$&

"! ∗ `Φ789S-!"#$!#%
∗ , 	 − -!"!&'()$$

∗ , dTa
;"#
$%"$&∗=+:;"#

"'()*%%>
∗  

(Φ789(-!"#$!#%
∗ , 	-!"!&'()$$

∗ , d);"#
$%"$&∗;"#

"'()*%%
.   (2.10) 

Estimation 

We utilize a hierarchical-Bayes approach to estimate the model due to the nature of the parameter 

hierarchy. Following the above hierarchical model specifications, we develop a Markov chain 

Monte Carlo (MCMC) procedure to make recursive parameter draws from the corresponding full 

conditional distributions as 

0! , [! 	|	h, d, k? , k@  

k? , k@ 	|	0! , [!  (2.11) 

d	|	0! , [! , h. 

We implement the random walk Metropolis-Hastings algorithm since the posterior 
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distributions do not have closed-form specifications. Our adaptive estimation strategy consists of 

two steps to search the parameter spaces more efficiently. In the first step, we run a pilot MCMC 

for 50,000 iterations and discard the first 20,000 draws as the burn-in samples. We next utilize the 

remaining 30,000 draws to compute the empirical posterior means and covariance matrices. In the 

second step, we run a separate Metropolis-Hastings sampler using the posterior means and 

covariance matrices as the initial values and the covariance parameters for the proposal 

distributions, respectively. Similarly, we run the sampler for 50,000 iterations and keep every 20th 

draw to approximate the posteriors. To test the convergence of the MCMC procedure, we perform 

Gelman-Rubin diagnostic that compares the estimated between-chain and within-chain variances 

for each parameter (Gelman and Rubin 1992). We ensure convergence by running three parallel 

chains with different initial values and random seeds. The diagnostic concludes that the chains 

converge. The resulting potential scale reduction factors (PSRF) are all below 1.08, well below 

the suggested threshold (i.e., PSRF = 1.2) for the assessment of convergence (Brooks and Gelman 

1998). 

Results 

We summarize the effects of the quantitative and qualitative covariates in Table 2.4. The first two 

columns are the results obtained when review textual variables are included, while the last two 

columns are for the case where the review variables are excluded. We start by noting that the 

review textual variables are collectively not significant. This may be because users do not read 

detailed review texts on their mobile screens, and restrict their attention to numerical review 

summaries (i.e., star-ratings). Accordingly, for the sake of model parsimony, we eliminate the 

review variables and just focus on the title and description textual variables from this point 

forward. 
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Table 2.4 Results for the Click and Conversion Models 

 With Review Text Without Review Text 

 Click Model Install Model Click Model Install Model 

D.3'+)'@3 –2.433 (0.105) *** –4.263 (0.537) *** –2.423 (0.105)�*** –3.939 (0.416) *** 

46.E!" –0.003 (0.000) ***  –0.003 (0.000)�***  

F73A'*+'," –0.020 (0.003) ***  –0.020 (0.003)�***  

ln(F73A'-'.8") –0.052 (0.015) ***  –0.052 (0.015) ***  

F73A'/01" –0.012 (0.003) ***  –0.012 (0.003)�***  

F73A'2'.3" –0.090 (0.042) ***  –0.091 (0.042) ***  

&'()*+',"  –0.010 (0.024) *  –0.001 (0.021) *** 

ln(&'()-'.")  –0.024 (0.014) *  –0.028 (0.018) *** 

&'()/01"  –0.015 (0.010) *  –0.013 (0.010) *** 

&'()2'.3"  –0.501 (0.199) *  –0.500 (0.191) *** 

4'5*'.,"  –0.000 (0.000) *   

ln(4'5-'.")  –0.000 (0.000) *   

4'5/017"  –0.041 (0.053) *   

4'52'.3"  –0.242 (0.346) *   

4637.8" –0.094 (0.024) *** –0.153 (0.062) * –0.094 (0.024) *** –0.126 (0.059) *** 

ln(<!04637.8(")  –0.016 (0.014) *  –0.022 (0.013) *** 

>?@!A6+73B"  –0.053 (0.055) *  –0.085 (0.050) *** 

C60'" –0.030 (0.010) *** –0.024 (0.046) * –0.030 (0.011) *** –0.030 (0.038) *** 

G 0.249 (0.041) *** 0.201 (0.044) *** 

N 317,040 

Note. ***, **, and * indicate that 0.001, 0.01, 0.05 level of significance, respectively. 
 

Starting with the click stage, we see that the quantitative covariates are generally 

significant. The negative coefficient of Rank indicates that app impressions higher up on the screen 

are more likely to be clicked on. The positive and significant coefficient on Rating suggests that 

higher rated apps are associated with a higher click-through rate. The qualitative variables are also 

significant. ln(TitleLen) is positive and significant, whereas TitleFreq is negative and significant, 

together indicating that consumers prefer apps with more informative names. The coefficient of 
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TitleAmb is negative and significant, indicating that the higher ambiguity of app title deters click 

performance. The sentiment of app title has a significant impact on clicks. TitleSent is negative 

and implies that app titles with more restricted words (e.g., kill, shot, and ruin) generally draw 

more attention from consumers. The insignificant coefficient of Game suggests that the click 

performance be similar across game and non-game apps.  

In the install stage, it shows that DescLen and DescFreq are not significant, indicating that 

the informativeness of descriptions does not significantly affect the install decision. The 

insignificant coefficient of DescAmb indicates no evident correlations between the ambiguity of 

description and the willingness to install. However, DescSent is significantly positive and shows 

that descriptions written in more positive tones are more favorable. These results together suggest 

that consumers not pay much attention to the details (e.g., features and functions) in descriptions—

at least on their mobile devices—but swayed by emotional cues in the descriptions. Conditional 

on a click, Rating remains significantly positive and shows that consumers are more likely to install 

higher-quality apps, consistent with the importance of quality to sales of experience goods in other 

online contexts (e.g., Chevalier and Mayzlin 2006). The insignificance of ln(NumRatings) means 

that the number of ratings does not influence consumers’ propensity to install. It is worth noting 

that Popularity is insignificant at this stage. In other words, popular apps do not recruit more 

installs than less popular apps. One possible explanation is that consumers generally have installed 

the majority of the most popular apps (e.g., Facebook and Twitter). This pattern is consistent with 

the finding that product popularity is not always directly correlated with the conversion rate (Yang 

and Ghose 2010).  

Based on the coefficient estimates in Table 2.4, we can quantify the economic significance 

of the factors. To interpret the coefficients of a probit model, we calculate the marginal effects of 
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each variable while fixing the others at their mean values. Quantitatively, a one-percent increase 

in the length of an app title is associated with a 2.1% increase in click-through rate. One more 

synonym for a word in an app title decreases CTR by 3.2%. Changing the sentiment of app names 

from the positive tone to the negative one boosts the click performance by 3.1%. However, the 

role of sentiment in descriptions is positive, so that a positive sentiment of app descriptions brings 

a 1.2% increase in the propensity to install, as compared to a negative sentiment. For the 

significance of the quantitative variables, moving an app one position up increases CTR by 4.2%. 

Having one more star in ratings increases the click-through and install rates by 2.8% and 1.3%, 

respectively.  

Next, we discuss how consumers are heterogeneous in their processing of quantitative and 

qualitative information. Due to our use of a hierarchical Bayes model, we are able to analyze the 

parameters at the individual level and detect the behavioral difference among consumers. We 

summarize the variances of the key variables in Table 2.5. Focusing on a specific variable, we 

interpret the significance of the coefficient as the existence of individual heterogeneity. In other 

words, individuals are significantly different from each other if the estimate is significant. The 

results consistently show that consumers react differently to each variable. Besides, it is more 

insightful to compare the magnitudes of estimates that capture the degree of heterogeneity. A larger 

magnitude of a variance implies that consumers are more heterogeneous. Comparing the 

magnitudes of estimates, we find that consumers are generally less heterogeneous in their response 

to quantitative variables, as compared to qualitative ones. Thus, for example, Rating has the 

smallest coefficient, indicating that consumers are relatively uniform in their preference for higher 

quality apps. By contrast, consumers have more diverse responses to app names and descriptions. 

Last, in Table 2.6, we follow formally conduct a series of model fit comparisons across  
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Table 2.5 Variances of Heterogeneity Estimates 

 Click (Σ3� Install�(Σ4� 

46.E!" 0.094 (0.036) ***  

4637.8" 0.036 (0.014) *** 0.015 (0.007) *** 

F73A'*+'," 0.117 (0.029) ***  

F73A'/01" 0.146 (0.042) ***  

F73A'2'.3" 0.132 (0.056) ***  

&'()*+',"  0.082 (0.023) *** 

&'()/01"  0.094 (0.021) *** 

&'()2'.3"  0.063 (0.008) *** 

Note. *** and ** indicate that 0.001 and 0.01 level of significance, respectively. 
 

Table 2.6 Model Fit Comparison 

 (1) (2) (3) (4) 

RMSE 0.0538 0.0613 0.8166 0.1235 

MSE 0.0074 0.0092 0.0119 0.0164 

MAD 0.0125 0.0174 0.0198 0.0390 

Qualitative Info. Yes No Yes No 

Quantitative Info. Yes Yes Yes Yes 

Heterogeneity Yes Yes No No 

Note. RMSE, MSE, and MAD are the abbreviations for root mean square error, mean 
square error, and mean absolute deviation, respectively. 

 

various models, including the model with and without the heterogeneity and qualities variables. 

The full model (i.e., Model 1), with heterogeneity, outperforms the other models regarding the 

measures of root mean square error (RMSE), mean squared error (MSE), and mean absolute 

deviation (MAD). The comparison between Models 1 and 2 indicates that incorporating qualitative 

information significantly improves the model fit by 12.23%, 19.57%, and 28.16% in RMSE, MSE, 

and MAD, respectively. In addition, benchmarked against Model 3, Model 1 improves the model 

fit by 34.11% with respect to RMSE by considering individual heterogeneity. Similar 
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improvements can be found with respect to MSE and MAD. The model comparisons suggest not 

only the significance of qualitative information to model consumer utility but the importance of 

consumer heterogeneity. 

Table 2.7 Robustness – LDA Topic Dispersion Measures for Descriptions 

 Click Model Install Model 

D.3'+)'@3 –2.443 (0.105) *** –4.471 (0.403) *** 

46.E!" –0.003 (0.000) ***  

F73A'*+'," –0.021 (0.003) ***  

ln(F73A'-'.") –0.054 (0.015) ***  

F73A'/01" –0.013 (0.003) ***  

F73A'2'.3" –0.089 (0.042) ***  

&'()&7(@"  –0.033 (0.024) *** 

ln(&'()-'.")  –0.002 (0.010) *** 

&'()/01"  –0.507 (0.186) *** 

&'()2'.3"  –0.155 (0.057) *** 

4637.8"  –0.048 (0.030) *** 

ln(<!04637.8(")  –0.056 (0.031) *** 

>?@!A6+73B"  –0.091 (0.040) *** 

C60'" –2.443 (0.105) *** –4.471 (0.403) *** 

G 0.212 (0.039) *** 

N 317,040 

Note. ***, **, and * indicate that 0.001, 0.01, 0.05 level of significance, respectively. 
 

Alternative Models and Robustness 

In the main model, we analyze the qualitative information of app names and descriptions 

using word frequency, the length of texts, ambiguity, and sentiment measures. Two robustness 

checks are conducted. First, we apply latent Dirichlet allocation (LDA) to extract topics from app 

descriptions. LDA treats each description as a mixture of various topics. It is generally expected 

that a description covering multiple topics seems to contain more diverse information. In other 

words, the higher topic dispersion a description has, the more informative it is. Thus, we substitute  
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Table 2.8 Robustness – Subsample of Game Apps 

 Click Model Install Model 

D.3'+)'@3 –2.748 (0.145) *** –4.439 (0.550) *** 

46.E!" –0.003 (0.000) ***  

F73A'*+'," –0.028 (0.003) ***  

ln(F73A'-'.8") –0.104 (0.002) ***  

F73A'/017" –0.042 (0.006) ***  

F73A'2'.3" –0.087 (0.043) ***  

&'()*+',"  –0.057 (0.034) * 

ln(&'()-'.8")  –0.006 (0.018) * 

&'()/017"  –0.012 (0.017) * 

&'()2'.3"  –0.628 (0.255) * 

4637.8" –0.123 (0.035) *** –0.159 (0.081) * 

ln(<!04637.8(")  –0.013(0.019) * 

>?@!A6+73B"  –0.016(0.068) * 

G 0.302 (0.061) *** 

N 222,237 

Note. ***, **, and * indicate that 0.001, 0.01, 0.05 level of significance, respectively. 
 

topic dispersion for word frequency and the length of the description as an alternative measure of 

informativeness. In the analysis, we consider ten topics and characterize each description as a one-

dimension vector lA = (m+" , m-" , . . . , m+*").8 Then, we compute topic dispersion using the measure 

of entropy as 

(14)  n9opn6oq" = −∑ m"% ∗ log-Sm"%T+*
%B+ ,  (2.12) 

where	∑ m"%+*
%B+ = 1. The results of the LDA model are detailed in Table 2.7. The results remain 

qualitatively similar. DescDispj is insignificant, suggesting that consumers consistently pay less 

attention to descriptions in the install stage. 

 
8 We try the different numbers of topics (e.g., 4, 6, and 8) to measure topic dispersion. The corresponding results in 

consumer choice remain robust.  
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For the next robustness check, we restrict the analysis to gaming apps only, which accounts 

for about 70% of our data. A number of apps have a very large number of installs (e.g., Facebook 

and Twitter), resulting in the mean volume of reviews is over 600,000. These large apps may differ 

significantly from the vast majority of gaming apps. To make sure that the results are not skewed 

by the presence of these extremely popular apps, we include gaming apps only in this additional 

robustness analysis. The results are presented in Table 2.8, and, again, we see that the qualitative 

nature of results is unchanged from that of the main results in Table 2.4. 

Managerial Implications 

We deploy a two-stage choice model to generate joint user-heterogeneous estimates of click and 

conversion utility functions, considering both quantitative and qualitative app characteristics. We 

also study consumer heterogeneity in response to various information. Overall, our analysis sheds 

light on the consumer preferences and heterogeneity with respect to app click and conversion 

performance. 

Our empirical framework can be easily adapted to other content distribution contexts and 

product search engines. Our analysis points to the importance of developer (or platform) generated 

textual contents (e.g., titles and descriptions), as compared to review texts which are not readily 

accessible on a mobile screen. Besides, the detailed results provide guidance on how to shape 

sentiment and other text features for more effective monetization. 
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CHAPTER 3 

Ranking Strategies and Monetization in Mobile App Distribution 

This chapter studies the monetization of a mobile app distribution platform, taking into account 

customer preferences and platform revenues, as shaped by the screen ranking of apps on the 

platform. We follow a theory-guided approach to propose a hybrid ranking strategy fusing margin-

based and utility-margin ranking. The benefit of this proposed ranking approach is confirmed 

through our policy experiments. We use granular consumer-level data obtained from one of the 

largest pre-paid mobile service providers in the U.S., which runs an offer wall of apps on its mobile 

portal site. We make use of the structural utility function estimates derived in Chapter 2 to run 

policy experiments in order to understand the revenue impacts of alternative screen ranking 

policies.  Results show that the hybrid ranking strategy outperform other ranking strategies — 

either proposed by academics or implemented by practitioners.  

Literature Review 

This study is related to the literature on product ranking. Ranking is the order in which products 

are present and it is a key factor that determines what consumers choose from an offered set of 

items. Consumers are used to browsing listings in a top-down order, exerting additional search 

costs to evaluate the at lower positions. Ranking effect is confirmed in various online settings. 

Brunel and Nelson (2003) show that the links at premier positions are associated with the higher 

propensity of click in email campaigns. Similarly, most consumers choose the product offers listed 

on the first page while shopping online (Brynjolfsson et al. 2009). Due to the significance of search 

engines, the literature pays much attention to the interplay between ranking and sponsored listings. 

Ghose and Yang (2009) collect keyword campaign data from an advertiser and show that low-

ranked sponsored listings recruit more clicks and conversions. They also find that the advertiser’s 
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profit is higher when the listings sit at the middle positions. In a similar setting, Agarwal et al. 

(2011) show the while the click-through rate decreases with position, the conversation rate 

increases. The discrepancy on the conversion performance is mainly driven by the range of 

positions considered in the two. The former analyzes a much wider range of ranks while the latter 

focuses on the few top positions. They also investigate the interdependence between organic and 

sponsored search.  

Ranking effect is well documented in research examining product search engines and 

content display. Ghose et al. (2014) study drivers of hotel reservations on Travelocity.com and 

find strong evidence of a ranking effect on both click-through and conversion rates. They further 

find that both consumer welfare and search engine revenues are enhanced when hotel impressions 

are displayed in descending order of mean-utilities, recovered from the structural model through 

suitable policy experiments. While this mean-utility ranking improves the overall conversion 

performance, the impact on platform revenues is not directly quantifiable, due to unobserved hotel 

reservation commissions. In this study, we observe app install CPA commissions that enable us to 

directly quantify platform revenues in the analysis of personalized app rankings. Dewan and Ho 

(2016) study mobile local restaurant search and find that consumers are more ranking sensitive 

while traveling. Similarly, the order of content display can affect click decisions. Ghose et al. 

(2012) quantify how ranking effect varies between mobile and desktop computers at a Twitter-like 

microblogging service. The impact of the content display order is stronger on the mobile device  

due to relatively higher search costs. 

Ranking can serve as a strategic device to shape consumer online choice. To improve the 

efficiency of a product search engine, Ghose et al. (2012 and 2014) propose a utility-based ranking 

method which considers the mean utility at the aggregate level. While the method improves the 
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overall conversion performance, it is challenging to directly measure its impact on platform 

profitability without the knowledge of product profit margins. Alternatively, Ghose et al. (2014) 

assume a fixed commission rate ex-post and demonstrate the associated revenue improvement 

from the mean utility-based method. They further find that both consumer welfare and search 

engine revenues are enhanced when hotel impressions are displayed in descending order of mean-

utilities, recovered from the structural model through suitable policy experiments. While this 

mean-utility ranking improves the overall conversion performance, the impact on platform 

revenues is not directly quantifiable, due to unobserved hotel reservation commissions. In this 

study, we contribute to the literature by considering personalization and platform profitability. We 

observe app install CPA commissions that enable us to directly quantify platform revenues in the 

analysis of personalized app rankings. In addition, we implement the personalized ranking using 

each consumer’s product preferences inferred from pervious choices. We empirically show that 

the personalized ranking is more effective to improve the propensity of conversion than a ranking 

based on mean utilities. To further improve platform profitability, we propose a novel ranking 

strategy that take both utilities and profit margins into account. 

Research Framework 

This research attempts to understand how a platform can improve platform profitability through 

efficient ranking methods. As illustrated in Figure 3.1, there are three steps in the analysis. To 

maximize expected profit, the platform first needs to model the tradeoff between the predefined 

profit margins and conversion performance (i.e., app downloads) of app listings. The insights guide 

the platform to propose and implement new ranking methods. The second step requires the 

platform to infer consumer utility from revealed preferences (i.e., past choices of app listings), 

which was the subject of the last chapter. With the combination of consumer utilities and profit 
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margins, the platform can precisely evaluate the proposed methods.  

We first develop an analytical model to understand the nature of the optimal ranking 

method that maximizes expected platform profits. In the model, the utility function consists of the 

utility gain from app download, net of the disutility from search cost. The equilibrium portrays the 

optimal ranking strategy resulting from the interactions between consumer utility and the platform 

profits. Second, following the theoretical guidance of the analytical model, we conduct a series of 

policy experiments to evaluate the efficiency of the proposed ranking method and benchmark it 

against other methods drawn from prior research and practice. In the evaluation, we rely on the 

consumers’ utility functions estimated in Chapter 2.  

 

Figure 3.1 Conceptual Framework of Ranking Strategies and Monetization 
 

Analytical Model 

In this section, we develop an analytical model to highlight the tradeoff between margin and 

consumer utility in the ranking decision by a profit-maximizing CPA platform (profits and 

revenues are equivalent, as we assume that variable costs are zero). The model captures the 

interplay between consumer search, app quality, and revenue margin. To keep the model as simple 

as possible, we consider an app offer wall with two positions, labeled 1 and 2. Position 1 is “above 

the fold” and accessible at lower search cost relative to Position 2. We denote the search costs for 
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Positions 1 and 2 by c and c + δ, respectively. The incremental search cost δ for Position 2 relative 

to Position 1 captures the additional cognitive and opportunity cost of examining the option “below 

the fold,” embedded lower down in listings.  

Apps vary in terms of their qualities and CPA margins, where the latter refers to the pre-

contracted commission earned by the platform for each verified app install. We assume that the 

platform has two apps, App 1 and App 2 and decides which app to place in which slot on the offer 

wall. Denote the qualities of App 1 and App 2 by <+  and <- , with margins ?+  and ?- , 

respectively. Without loss of generality, we assume that <+ > <- but do not impose a rank order on 

the margins. In other words, we allow the margin for the higher-quality app to be higher than, 

equal to, or lower than the margin of the lower-quality app.9 The platform’s revenue function can 

be written as  

w = o+ ∗ ?+ + o- ∗ ?-, 

where <o+ ,  ?+> and <o- , ?-> capture the market shares and margins of Position 1 and 2, 

respectively. (Note that we use subscripts to index the apps and superscripts to index offer wall 

positions.)  

A unit mass of consumers arrives at the offer wall with heterogeneous tastes for quality, x, 

uniformly distributed over the interval [0,1]. That is, when installing an app of quality q, Consumer 

x gains utility	x<. Each consumer has a unit demand to fulfill. Consumers know the average 

quality <y of the app pool offered by the platform, but do not know the actual quality of an app until 

they search the offer wall (i.e., click on app impressions and browse the landing pages). Search is 

costly as specified earlier. However, recall is costless, meaning that after examining Position 2, 

 
9 The margins are negotiated between app developers and the platform, and their magnitudes are idiosyncratic to 

developers, their bargaining power relative to the platform, degree of competition, among other factors. 
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consumers can still download the app they found in Position 1, without an incremental cost. In 

addition, a consumer can alternatively leave the offer wall at any time without downloading any 

app, effectively choosing the “outside option” with utility -*. 

Consumers first decide whether or not to “enter” the offer wall: Consumer x enters the 

offer wall only if x<y − p ≥ -C, so that only consumers with x ≥ D+E#
FG

 participate. A consumer that 

chooses to enter can observe <+ (the quality of the app in Position 1) with a search cost c. She 

decides to install the current app, leave, or continue her search, according to the condition: 

Max	{x<+, -C , x<y − (c + δ)}. 

If continuing to search, she observes <- at an additional search cost of c + δ. Then, due to 

costless recall, the user can choose to download either of the two apps she has examined, or simply 

take the outside option and leave.  

We solve the market shares of the apps based on the above consumer search process. We 

compare the revenues across scenarios to derive the equilibrium. Since we have a binary offer 

wall, the optimal ranking decision boils down to the choice of <+ 	 ∈ {<+, <-}. To visualize the 

equilibrium, we plot Figure 3.2, displaying the solution for different relative magnitudes of  <+ and 

<-. The parameter space is divided into four strategy regions (I, II, III, and IV), as a function of 

the relative magnitudes of the exogenous parameters. The four regions are characterized as 

follows. 

I. No impact of ranking. When both qualities are sufficiently low (<+, <- <
D+

D+E#EH
<y), a 

fraction of the (high-taste) users will examine both positions and choose the higher-

quality app.  

II. Quality-based ranking. When one quality is low (<- <
D+

D+E#EH
<y ) and the other is 
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sufficiently high (<+ ≥
D+

D+E#EH
<y), the platform will place the higher-quality app in 

Position 1. 

III. Quality-margin-based ranking. When one quality is moderate (
D+

D+E#EH
<y < <- <

D+
D+E#

<y) and the other is sufficiently high (<+ ≥
D+

D+E#EH
<y), there is a tradeoff between 

quality and margin, and the platform might choose to place the high- or low-quality 

app in Position 1, depending on the relative magnitudes of the margins, as we further 

discuss below.    

IV. Margin-based ranking. When both qualities are sufficiently high (<+, <- ≥
D+
D+E#

<y), 

then the platform will place the higher-margin app in Position 1. 

	
Figure 3.2 Equilibrium in the Analytical Model 

 

Based on our analysis, we can make the following qualitative observations. When the app 

qualities are both too low (Region I), the ranking doesn’t matter, as explained above. At the other 

extreme (Region IV) when both qualities are high enough, consumers would download the app in 

the first position, so the platform would want to place the higher-margin app in Position 1, even if 

it has lower quality. Intuitively, when one of the app qualities is low and the other sufficiently high 
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(Region II), the platform would place the higher-quality app in Position 1. As for the intermediate 

case (Region III), where both qualities are moderate, there exists a tradeoff between quality and 

margin. The platform tends to place the higher quality <+in Position 1, unless the ratio of margins 

I,
I-

 is so low (i.e., the low-quality app has sufficiently higher margin) that the platform is better off 

placing the low-quality, high-margin App 2 in Position 1. Figure 3.3 illustrates this quality-margin 

tradeoff. For a given <+, the two curves in Figure 3 correspond to the regions III-a (the upper curve 

I,
I-

=
$./
0120-

:3+0-
$./
0120-

:3+0,
 ) and III-b (the lower curve	I,

I-
=

$./
0120-

:3+0-
$./
0120-

:3+.$01
) in Figure 3.1, respectively. Consider a 

vertical line in the figure (i.e., a given value of  <-). When the value of 
I,
I-

 is above the curve, the 

high-quality app, App 1, should be placed in Position 1; otherwise, App 2 should be inserted in 

Position 1. This tradeoff between utility and margin is at the heart of our empirical analysis in 

Section 5. Before doing so, however, we describe our empirical context and data.  

	
Figure 3.3 Quality-Margin Tradeoff in Region III 

Policy Experiments 

We conduct a counterfactual analysis using policy experiments applied to the structural utility 

function parameters 0!*, 0!+, … , 0!2, and [!*, [!+, … , [!+- that we have estimated in Chapter 2 for 

each User i. For each app, we insert the values of its app characteristics into equations (2.3) and 

(2.6) to calculate the expected utilities from clicking and installing, respectively. These utilities 
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can then be inserted into equations (2.5) and (2.8) to recover the propensities of click (PropClick) 

and install (PropInstall), respectively. For any given ranking ℛ! of apps presented to User i, we 

calculate the expected revenues from that ranking as 

Expected	Revenues	(ℛ!) = ∑ (é;èqê86p4!" ∗ é;èqë3o7288!""∈ℛ" ∗ í2;B63").  (3.1) 

Then, the total expected revenues from all users are simply aggregated as 

(13)  Expected Revenues = ∑ Expected Revenues	(ℛ!)L
!B+ .  (3.2) 

Note that our notation ℛ! allows for rankings to be personalized to User i. If the ranking is 

not personalized, every user sees the same ranking. We calculate the expected revenues using the 

top-ranked 25 impressions since most users tend to evaluate less than 25 apps in a browsing 

session, on average.  

Table 3.1 Policy Experiments of Ranking Strategy 

Ranking Methods Top 25 Impressions 

(i) Current practice 474.4 

(ii) Random baseline 478.2 

(iii) Ghose et al. (product heterogeneity): CTRj * CRj 515.8 

(iv) Utilityij (quantitative heterogeneity) 520.3 

(v) Utilityij (qualitative heterogeneity)  524.6 

(vi) Utilityij (full heterogeneity)  534.1 

(vii) Utilityij (full heterogeneity) * Marginj 586.0 

(viii) Hybrid (the top 5% preferred apps ranked by Marginj) 599.2 
 

Ranking (iii) is the method Ghose et al. (2014) proposed, which displays the apps in a 

descending order by the mean utilities that the apps provide to the average user. All users see the 

same app list. Rankings (iv) to (viii) are personalized as they take into account the expected utility 

of User i from each ranking of apps. Specifically, under (iv) to (vi) each user sees a customized 

ranking, in descending order of her own utility from the apps based on partial or full 
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heterogeneities, whereas (vii) are in descending order of the product of User i’s utility from App j 

and the margin of App j. Ranking (viii) is based on the proposed hybrid ranking method. User i’s 

top 5% preferred apps are ranked by their margins and the rest are ranked by the product of her 

utility from app j and the margin of App j. We generate these personalized rankings as follows. 

We first calculate the expected click and install utilities for each User i for each App j, omitting 

Rank in Equations (2.3) and (2.6). Then, the custom ranking for User i lists the apps in descending 

order of that computed utility and in descending order of the product of utility and margin under 

(v) and (vi), respectively. Last, the propensities to click and install as well as expected revenues 

for the platform are calculated as described above. 

Results 

The results of the policy experiments are summarized in Table 3.1. The first column presents the 

ranking methods, and the next column shows the corresponding expected revenues for the Top 25 

impressions. It is interesting to note that a random ranking of apps performs slightly better than 

the current practice used by the platform. The personalized rankings, i.e., (iv) to (viii) all do better 

than the non-personalized one, (iii). Turning to the personalized rankings, the ranking based on 

Utility*Margin outperforms more considerably better than the one based on utilities alone. For the 

rankings based on utilities alone, considering full heterogeneity does better than only including 

partial heterogeneities. In particular, consumer heterogeneity on qualitative variables are more 

important than heterogeneity on quantitative variables in personalization because ranking (v) 

outperforms (iv). More importantly, the hybrid ranking does considerably better than the one based 

on unitary Utility*Margin. Quantitatively, the proposed hybrid personalized ranking generates 

higher revenues than the current practice, the mean-utility-based ranking, and personalized ranking 

by 26.3%, 16.2%, and 12.2%, respectively.  
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Managerial Implications 

In this study, we propose a personalized ranking that balances consumer utilities with app cost per 

acquisition (CPA) margins for more effective mobile app distribution monetization. We build a 

theoretical model to derive the optimal ranking strategy to inspire the personalized ranking and 

then implement the strategy leveraging clickstream data. We manipulate the positions of app 

impressions in counterfactual analysis through suitable policy experiments to study a number of 

alternative non-personalized and personalized ranking methods.  

Our work has significant managerial implications. The vast majority of content distribution 

platforms, such as the one we study, exercise very simple monetization heuristics. Our empirical 

analysis provides guidance on how such platforms can profitably leverage clickstream data readily 

available from server logs. These data combined with CPA margins can help deploy ranking 

schemes that are substantially more profitable than extant algorithms. Specifically, the platforms 

can personalize rankings to individual users in a Pareto optimal way, generating higher consumer 

surplus and higher platform revenues at the same time. Such personalized rankings are increasingly 

feasible to implement in real time, as more data processing and analytical capabilities are available 

to mobile service operators. Indeed, our empirical framework can be easily adapted to other content 

distribution contexts and product search engines.  
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CHAPTER 4 

Habit Formation in Mobile App Usage 

This chapter discusses our study on user habit formation in app consumption. Our analysis is based 

on granular data on app usage of individual users obtained from Comscore. We model user utility 

from app consumption under a rational framework and derive the optimal consumption path, which 

shows habit in consumption. We recognize two consumption habits — addiction and satiation —

for users on apps. We then explore the effects of user demographics and app features on user habits.  

The app features consist of monetization strategies — such as in-app purchase and in-app 

advertisement — age restrictions, and design features, such as social interaction features and 

machine interaction features. Our results show that users develop different habits on app 

consumptions, which vary across demographics and app features. Overall, our analysis sheds light 

on user habit formation in app consumption. Whereas Chapters 2-3 were focused on pre-

installation app choices, this chapter focuses on post-installation consumption patterns. 

Related Literature 

This paper is related to multiple streams of literature. First, it is related to the work on post-

purchase app usage and engagement. The extant literature in this stream focuses on studying the 

business value of user engagement (e.g. Mendelson and Moon 2016), and the factors that influence 

user engagement (e.g. Zhang et al. 2019, Huang et al. 2019), including outside marketing 

motivations (e.g. pricing promotion, Zhang et al. 2019), and inside app factors (e.g. challenge, 

Huang et al. 2019). Mendelson and Moon (2016) focus on users’ repeat engagement and viral 

adoption to understand app-based user activities and the roles of these activities in app success. 

They extract the two activity patterns by analyzing the co-dynamics of apps’ aggregate daily, 

weekly and monthly usership under a Hidden Markov modeling (HMM) approach. Contrary to 
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common wisdom in the app economy, their findings from Facebook apps reinforce the central role 

and effects of repeat engagement, rather than viral effect on success of apps in improving the rate 

of word-of-mouth acquisition. Zhang et al. (2019) analyze users app engagement in a reading app 

and optimize corresponding personalized targeting promotion strategies in order to improve user 

engagement. They adopt a structural forward-looking HMM combined with a randomized field 

experiment on app notification promotions. The findings show that app users in most of the 

engagement stages are likely to become less dynamically engaged, but the decline rate can be 

alleviated by various app promotions at different engagement levels. Price discount promotions 

stimulate awareness (lowest engagement) users to consume more, while free-content promotion 

interest addicted (highest engagement) users. Similarly, Huang et al. (2019) adopt HMM to study 

the evolution of user engagement in a video game. They explore the effects of different gamer 

motivations, such as feelings of effectance and need for challenge, on the evolution of user 

engagement. They find that gamers in different levels of engagement respond differently to 

motivations.  

We turn now to the stream of research on utility-based habit formation (e.g. Ryder and 

Heal 1973, Boyer 1983). In this literature, consumer consumption is interdependent in successive 

time periods, under the assumption of interdependent preference (Ryder and Heal 1973), which 

leads to addiction or satiation (Iannaccone 1986) depending on the sign of the interdependency. 

Readers can find a detailed review of the theory development on habit formation in Becker and 

Murphy (1988) and Becker (1992). In the rest of this section, we review the empirical applications 

of this theory in different contexts and then introduce our model of habit formation. 

Most of the empirical applications of rational habit formation theory focus on addictive 

goods, such as cigarettes (e.g., Becker et al. 1994), alcohol (e.g. Herz 1997) and social apps (e.g., 
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Kwon et al. 2016). In contrast, Han et al. (2015) studies app consumption under the assumption of 

satiation. Becker and Murphy (1988) provide an empirically tractable method to model addiction 

under a rational framework. Becker et al. (1994) adopt this rational model in cigarette addiction 

and explore the effects of future price change on current cigarette consumption. In their empirical 

model, consumer utility from consumption is assumed to be a quadratic function of current 

consumption of goods of interest, consumption in the previous period and consumption of other 

commodities in the current time period. Solving the optimal consumption path to maximize the 

forward-looking utility, they derive current consumption as a function of past and future 

consumptions and the current price. In particular, they point out that the sign of past consumption 

in the model shows either addiction or satiation of the consumers on the goods they are consuming. 

They find evidence of rationally addictive behavior in cigarette consumption and negative cross 

price effects between consumption in two consecutive periods. Kwon et al. (2016) extend the 

empirical method used in Becker et al. (1994) by allowing social liquidity or network effect and 

while excluding price in the utility function due to the free apps they study. The two apps that they 

focus on are a social network app (Facebook) and social gaming app (Anipang), both are free of 

charge and present strong network effects. They also find that users show addiction (digital 

vulnerabilities) in using mobile social apps. They further explore how the addictive consumption 

is adjusted by user rationality in a forward-looking manner. They find substantial variation in 

addictiveness and forward-looking propensities across consumer demographics. In contrast, Han 

et al. (2015) take a utility-theory-based structural model to estimate the consumer utility function 

for mobile app consumption under the assumption that consumers present satiated preference or 

diminishing marginal utility. They model consumer utilities as a combination of baseline utility 

and satiation level (i.e., discounted level from the baseline utility), and they use it to analyze a 
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panel data set of user-level time consumption to understand the influence of demographic factors 

on consumer utilities and satiation levels across various app categories. Specifically, they find that 

the satiation level is highest in the portal search app category and lowest in the communication 

app category. Consumers of different demographics also present different levels of satiation. In 

our study, we follow the habit formation model used in Kwon et al. (2016) to build the utility 

function and derive the consumption habits under rational framework. We extend their model by 

allowing heterogeneity across apps and consumers, because individuals behave differently across 

goods (e.g., Han et al. 2015, Kwon et al. 2016). The detailed specifications of the model are 

presented in the next section.  

Another stream of related literature identifies consumer usage habit based on the 

straightforward behavioral definitions and also mainly works on addiction. For example, Lin et al. 

(2015) identify smartphone addiction as excessive use by quantifying daily use duration and 

frequency, as well as the relationship between tolerance symptoms and the trend for the median 

duration of a use epoch. They show that addictive users of smartphones significantly underestimate 

their usage time relative to their actual usage time. Turel et al. (2011) measure technology 

addiction using scales and questionnaire and explore the role of addiction in technology usage in 

the context of online auctions. They find that addiction augments user perceptions of enjoyment, 

usefulness and ease of use attributed to the technology, which in turn influence usage intention. 

The two recent studies that are closely related to our study are Han et al. (2015) and Kwon 

et al. (2016). However, our study distinguishes itself from them in the following ways. First, Han 

et al. (2015) study app consumption, but they adopt the assumption of a satiated consumer habit, 

and do not consider addiction. In other words, past consumption leads to decreased future 

consumption. Our study relaxes this assumption, and allow users to be: addicted, satiated or 
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intertemporally independent (i.e., past consumption and present consumption are uncorrelated) to 

apps. This allows us to explore different habit patterns of consumers. Second, Kwon et al. (2016) 

focus on two specific social apps to explore user addictiveness, reducing the generalizability of the 

results. Our study covers apps from all categories in Google Play and Apple’s app store. Third, 

with respect to the factors that influence consumption habit, both studies focus their attention on 

user demographics and/or app categories. Our study extends the exploration into app design 

features, including in-app purchase, in-app advertising, and age restriction. Besides, analyzing the 

app descriptions and review texts, we extract the features that motivate users to engage, such as 

interaction with the apps and interaction with other users. By doing so, we acquire more insights 

into how these motivating features influence consumer habit formation.  

The Habit Formation Model 

Extending the model in Becker et al. (1994) and Kwon et al. (2016), we consider a user i with 

utility function from consuming app j, ì!"( = -(ê!"( , h!"( , A!"( , ="( , n! , :" , 9!"(), where ê!"(  is the 

current consumption, i.e., time spent in our context, of individual i on app j at time t. h!"( is the 

time spent by individual i on all other goods (except app j) at time t. Since the daily time period is 

constant, h!"( can be expressed as h!"( = n − ê!"(, where D represents the total amount of time, i.e. 

24 hours per day for each consumer. A!"(is the habit stock of individual i on app j at time t, and we 

assume it to be equal to the total past consumption. ="( measures the network effect, or the degree 

of social liquidity of app j at time t. n! are consumer i’s demographic characteristics, and :" denote 

characteristics of app j. 9!"(  captures the residual impact of all other unmeasured factors. We 

assume that the individuals are infinite-lived, so we maximize the sum of lifetime utility discounted 

at the rate r. Then, the consumer’s problem is to derive the optimal consumption path, which can 

be written as 
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(4.1)  max
#
∑ (1 + ;):(-(ê!"( , h!"( , A!"( , ="( , n! , :" , 9!"()M
(B+  (4.1) 

s.t ê!"( + h!"( = n 

A!"( = ê!"(:+ 

where r is the interest rate, with which the utility is discounted. Following prior literature (Becker 

et al. 1994, Kwon et al. 2016), we assume that the utility function is quadratic and concave in all 

the factors. Solving the problem, the optimal consumption at time t, ê!"(, is derived as a function 

of past consumption, ê!"(:+, and future consumptions, ê!"(E+, as well as the current degree of 

social liquidity,	="(, consumer characteristics n!, app features :", and the shift variables 9!"( and 

9!"(E+, as follows: 

ê!"( = x+!"ê!"(:+ + x-!"ê!"(E+ + x.!"="( + x/!"n! + x0!":" + x1!"9!"( + x2!"9!"(E+ , 	(4.2) 

where x+!" =
:D45

D44E
355
(,.7)

, x-!" =
N,"#
+EO

, x.!" =
:D49

D44E
355
(,.7)

,	x/!" =
:(D4:E

35:
,.7)

D44E
355
(,.7)

, x0!" =
:(D4;E

35;
,.7)

D44E
355
(,.7)

,  x1!" =

:D4<
D44E

355
(,.7)

, x2!" =
:D5<

D44E
355
(,.7)

, and the parameters with form -RR  denote the coefficients of the 

quadratic terms of utility function and the subscripts ij are omitted for simplicity. We suppress the 

intercept in the equation without loss of generality.10  

According to the theory of rational habit formation (e.g., Ryder and Heal 1973, Boyer 1983, 

Iannaccone, 1986), if x+!" > 0, the user’s app consumption is addictive, or the consumption is 

adjacent intertemporal complementarity. Otherwise, if x+!" < 0, the app consumption is satiating 

and shows distant intertemporal complementarity. The detailed relation between addiction and 

adjacent intertemporal complementarity, and between satiation and distant complementarity are 

 
10 we also have term -"%5* in the equation with coefficient 

67"#
7$$5

%""
('())

, but we follow Kwon et al (2016)’s 

assumption that the past consumption does not affect the marginal effect of social liquidity on utility, that 
is !89 = 0. This does not influence our results. 
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discussed in previous research (e.g., Boyer 1983, Innanccone 1986, Becher and Murphy 1988). 

We provide a brief overview here. Due to the concavity of the utility function, -SS < 0, -TT < 0, 

thus, -ST is the sole determinant of the sign of x+!". If -ST > 0, the past consumption positively 

influences individual’s marginal utility from current consumption, which is the symptom 

“reinforcement” in addictive usage (e.g., Kwon et al. 2016). Otherwise, -ST < 0  shows the 

phenomenon of satiation that consumers marginal utility diminishes as past consumption increases 

(Han et al. 2015).  

Data and Empirical Context 

In this section, we describe the empirical background and variables. We first describe the data on 

users’ app usage and then discuss how we extract app design features from app reviews. We also 

provide some explanations as to why these variables and features are important in influencing 

consumer habit on app consumption. We present the descriptive statistics in Table 4.2. 

Usage and Demographics 

Our data are provided by Comscore, which consists of information of daily time spent on different 

mobile apps for consumers from July 1, 2015 to December 31, 2015. The data record the logs of 

users’ time spent on the apps installed on their phones. When a user logs on to an app, the app 

name, the device information, and the timestamp are registered in the dataset. When she finishes 

the session, the time duration is recorded. To make sure the validity of app consumption, we 

exclude light users and niche apps from the data set. If a user logs on to an app less than 10 times 

in the six-month study window, we view her as a light user of the app and remove her from the 

dataset. Similarly, if an app has less than 10 users in the half year, we consider it a niche app. In 

the end, we are left with have 7,416,862 usage records of 17,870 users on 976 apps. We make use 

of these usage data to model consumer demand and obtain the coefficients for habit formation 
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under the rational framework outlined above. We extract information on social liquidity (i.e., 

network effects) on the apps from the usage information. Network effects are well documented in 

the literature of information systems (e.g. Susarla et al. 2012, Zeng and Wei 2013). The role of 

network effects in habit formation is explained in Kwon et al. (2016). We also acquire the 

demographics of users such as age, gender, household income, household size, whether they have 

children, race, ethnicity, and their device platform, i.e., iPhone, or Android. 

Extraction of App Characteristics 

We collect app related information including categories, in-app purchase options, in-app 

advertisement options, and age restriction levels. The sampled apps span 44 categories, of which 

14 are game categories. Apps with different categories provide different functionalities to 

consumers, and potentially different usage habits. To simplify the analysis, we group the apps into 

two categories, games and non-game apps. 99% of the sampled apps are free to download, most 

of them adopt one of two monetization strategies to generate revenue: in-app purchase and in-app 

advertisement. In-app purchase provide include advanced features and special items for sale. In-

app advertisement allow the developers to get paid by serving advertisements within the apps. In-

app purchase options lock/unlock features offered by the apps and thus in turn alter consumers’ 

habit formation of using the apps. In-app advertisements place banners or pop-ups, interrupting 

user activities and potentially affecting habit formation. 

We use 5-star app reviews as sources to extract app features. App features reflected in these 

reviews are most likely to have influenced user behavior. For example, a 5-star review with the 

text “There are so many fun challenges hard and fun.” shows that the app succeeds in designing 

the feature of motivation. A review “I like how you can put your family/friends in the characters!” 

is an evidence of successful social interaction in the app. Based on prior literature (e.g. Choi and 
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Kim 2004) and practitioners’ observations in industry,11 feature design involved with the concepts 

of social interaction and machine interaction influence user engagement with apps. Social 

interaction involves communication with other users of the app. Machine interaction provides 

opportunities for users to interact with the apps, including goals/tasks, operation and feedback, etc. 

Goals are the specific tasks that users want to achieve in using the apps. Operations are the 

instruments that apps provide to users so that they can achieve their goals. They include ease of 

use, support services, reminders etc. Feedbacks are apps’ responses to the users. In this study, we 

identify five app features, social interaction, and machine interaction, that in turn includes 

motivation, ease of use, push notifications, and support services. 

We use a topic model, anchored Correlation Explanation (anchored CorEx), to extract from 

the review texts the app design features with which consumers are satisfied. CorEx is an alternative 

approach to topic modeling that learns maximally informative topics through information theory 

framework without assuming an underlying generative model like, for example Latent Dirichlet 

Allocation (LDA) does (Gallagher et al. 2017). Anchored CorEx is an extension of CorEx. This 

approach integrates minimal domain knowledge into unsupervised topic modeling and extract pre-

defined small topics. It has two advantages. First, it improves the interpretability of the topics 

discovered from the documents. One problem in generative topic models, such as LDA, is their 

interpretability, especially when the number of topics is large (Gallagher et al. 2017). Introducing 

minimal domain knowledge, anchored CorEx can find the corresponding small topics around the 

predefined topic and in turn improve interpretability. Second, the results of the model capture the 

mutual information of the document and the recognized topics, allowing us not only to extract the 

 
11 For example, the blogs written by marketing manager of AnvilEight https://thisisglance.com/7-must-
have-features-for-mobile-app-development/ and CEO of Glance Creative https://blog.hurree.co/blog/10-
features-that-make-a-really-great-mobile-app etc. 
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topics but also to capture the extents to which the document is correlated to the topics. Without 

assuming the mechanism how a document is generated, this algorithm maximizes the total 

correlation between latent topics and the sampled documents. The results estimate the probability 

a document belongs to a topic given that document's words. If the probability is high, the mutual 

information between the topic and the document is high accordingly. The probabilities across 

topics for a given document are not required to sum up to 1. This attribute allows us not only to 

extract the app features with which consumers are satisfied but also to capture the extent to which 

consumers are relatively satisfied with the features. For example, if the reviews of App A belong 

to a topic with probability 0.9, while those of App B belong to the topic with 0.3, we can conclude 

that consumers are more satisfied with the feature reflected in the topics of app A than that of App 

B because positive reviews of app A share more information with the topic than app B. 

Consequently, inputting the probability (mutual information) of document-topic in the habit 

formation model, we can explore the effects of the app design features on consumer habit on app 

consumption. 

Table 4.1 Identified Topics and the Top 10 Frequent Words 

Topics Pre-defined Words Top 10 Frequent Words 
Social 
Interaction 

family, friend, meet, connect  friend, meet, family, connect, recommend, 
thing, people, friends, just, think 

Motivation 
win, competition, rank, match, 
leaderboard 

 win, match, games, play, fun, graphics, 
competition, level, challenging, addictive 

Ease of Use 
easy, use, control, simple  easy, use, simple, using, control, user, 

friendly, works, easily, interface access 

Push 
Notifications 

notification, reminder, 
engagement, interaction 

 notification, reminder, alerts, information, 
features, keeping, ui, 
accurate, tracking, engagement. 

Support 
Services 

security, privacy  security, privacy, issues, safe, banking, 
checks, deposit, transfers, phone, mobile 

 
We pre-defined five topics in our anchored CorEx model, listed above. Table 4.1 shows 
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the anchored words and the top 10 frequent words for the five topics we specified from the reviews. 

Comparing the two sets of the words, we can see that the recognized topics are quite consistent 

with the pre-defined ones. To validate the model, we plot the accumulated correlation as the 

number of topics increases in Figure 4.1. We let the number of topics range from 5 to 20. From 

the plot, we can see that additional topic contributes a small amount to total correlation. To balance 

the principle of parsimony and informativeness of the model, five is the best choice for the number 

of topics. 

 
Figure 4.1 Accumulated Correlation with Number of Topics 

 

Table 4.2 presents the descriptive statistics for usage, demographics and app features. The 

average user in the data set spent 5,135 seconds (or 85 minutes) per day on an average app. An 

average app has 1974 users on a typical day. 22% of the apps are games, 44% of the apps provide 

in-app purchase options, and 58% of the apps provide in-app advertisement. 29% of the apps have 

an age restriction of minimum 13 years of age. The average probabilities of app reviews belong to 

the topics of the five features are 0.40, 0.33, 0.53, 0.33 and 0.28, respectively. 
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Table 4.2 Descriptive Statistics 

Variables Mean Std Min Max 
Usage     
Consumption(seconds) 5135.58 11340.83 0 59059.9 
Liquidity (# of users) 1974.52 2229.54 1 6466 
App Features     
Game (y/n) 0.22  0 1 
IAP option (y/n) 0.44  0 1 
IAA option (y/n) 0.58  0 1 
Age restriction (y/n) 0.29  0 1 
Social interaction 0.40 0.49 0.00 1.00 
Motivation 0.33 0.47 0.00 1.00 
Ease of Use 0.53 0.50 0.00 1.00 
Push notifications 0.33 0.47 0.00 1.00 
Support services 0.28 0.45 0.00 1.00 
Demographic     
Age 34.97 12.54 18 115 
Gender Female 66.0%  Male 34.0%  
Child(y/n) Yes 49.4%  No 50.6%  
Race Black 13.5%  Non-Black 86.5%  
Ethnicity Hispanic 13.4%  Non-Hispanic 86.7%  
Household income Less than 25,000 30.3%  25,000-39,999 21.6%  

40,000 – 59,999 19.6%  60,000 – 74,999 9.1%  
75,000 – 99,999 9.4%  100,000 or more 9.9%  

Household size 1 person 15.3%  2 people 25.3%  
3 people 20.7%  4 people 20.3%  
5 or more 18.3%    

 

Empirical Model and Estimation 

To implement the habit formation model, and to explore the effects of app features and consumer 

characteristics on consumption habit, we build the following specifications of app consumption. 

We first adopt two-step models for subsample analysis and then present one-step model as our 

main full model.  

 



 

 63 

Two-Step Models 

Two-step models have two inter-related equations and are built on different subsamples. The first 

equation follows the one used in Kwon et al. (2016) and relates current period consumption to past 

and future consumption, and social liquidity, while including individual fixed effects. According 

to Becker and Murphy (1988), the coefficient on past consumption, captures the consumption 

habit, which may vary with consumer characteristics and app features. If it is positive, it implies 

that the app is addictive. If it is negative, it suggests that the app is satiating. The greater the 

magnitude, the higher the extent of the habit. Consequently, in the second step, we regress the 

coefficient on past consumption on app features and/or user characteristics. To explore 

heterogeneity across consumer characteristics and app features (estimated on different 

subsamples), we have the following equations:  

App heterogeneity model for all consumers: 

(4.3)  J!"% = K*"J!"%6* + K+"J!"%5* + K,"-"% + ïU + L!"% ,    	(4.3) 

(4.4)  x+" = 0* + 0+:" + /" ,   (4.4) 

App-demographic heterogeneity model, split by consumer age a: 

(4.3)  J!"% = K*&"J!"%6* + K+&"J!"%5* + K,&"-"% + ïU + L!"% ,   	(4.5) 

(4.4)  x+)" = 0* + 0+>! + 0-:" + 0.>! ∗ :" + /)" ,    (4.6) 

App-demographic heterogeneity mode, split by gender g: 

(4.3)  J!"% = K*:"J!"%6* + K+:"J!"%5* + K,:"-"% + ïU + L!"% ,   	(4.7) 

(4.4)  x+V" = 0* + 0+C! + 0-:" + 0.C! ∗ :" + /V" ,    (4.8) 

App-demographic heterogeneity model, split by device platform p: 

(4.3)  J!"% = K*;"J!"%6* + K+;"J!"%5* + K,;"-"% + ïU + L!"% ,   	(4.9) 

(4.4)  x+W" = 0* + 0+é! + 0-:" + 0.é! ∗ :" + /W" ,    (4.10) 
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where i denotes the i-th user, j denotes the j-th app, t denotes t-th day. ê!"(  is time spent 

(consumption) by individual i on app j at time t. ="( reflects the degree of social liquidity of app j, 

i.e., the number of current users at time t. ï! is uncaptured user-specific fixed effects, respectively.  

L!"( is the disturbance, which is serially correlated. x+′o are the coefficients for the effects of past 

consumption on current consumption, i.e. the habit coefficients. :" refers to app features of app j, 

including categories, in-app purchase, in-app advertisement, age restriction levels, social 

interaction, motivation, ease of use, push notifications, and support services. Specifically, we only 

include game in :" in app-demographic heterogeneity models. >! refers to the age of User i, which 

is categorized as Young (younger than 35 years old) and Old (elder than 35 years old).	C! refers to 

the gender of User i, i.e. Male and Female. é! denotes the device platform of User i, i.e. iPhone, 

iPad and Android.  

To estimate these two-step models, we use a system generalized method of moments 

(GMM) estimation (Blundell and Bond, 1998, Kwon et al. 2016) of the first step equations (4.3, 

4.5, 4.7, 4.8). We use lagged differences of endogenous variables as instruments for the model in 

levels and the lagged endogenous variables as instruments for the model in first differences. Please 

see Blundell and Bond (1998) for a detailed description of system GMM. For the application of 

this method in identifying the impact of past and future consumption of a particular mobile social 

apps on the current consumption, we recommend Kwon et al. (2016). Usually, the lagged 

consumption at order 2 and more are suggested to be used as instrumental variables for dynamic 

models with lagged endogenous variable. However, our model includes lagged consumption as 

well as future consumption as, so we adopt the lagged consumption at order 3 to 10 as instrumental 

variables to estimate the model. 

For app heterogeneity model across all consumers, we run the system GMM models on 
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subsamples of each app separately with the assumption that users hold independent habits in using 

different apps. In other words, a consumer’s consumption of one app is independent of her 

consumption of another app. With the estimated habit coefficients for each app, we can explore 

the effects of different app features on the variation of consumer habits in the second step. For the 

app-demographic heterogeneity models, we first subsample the data according to different 

characteristic groups, i.e., age (older or younger than 35 years old), gender (Female or Male), 

platform (iPhone, iPad, or Android). We then repeat the estimation using system GMM to derive 

the habit coefficients for each app in different subsamples. Consequently, we acquire the 

consumption habits on each app of consumers within different characteristic groups. Then, in the 

second step, we regress the consumption habit on the corresponding consumer characteristics and 

app features (game or non-game) in the second step to identify the different characteristic groups.  

One-Step Model 

The one-step model is the full model developed from the theoretical model in Equation (4.2). It 

models app consumption as a function of past consumption, future consumption, social liquidity, 

consumer characteristics and app features. Since our interest is the effects of consumer 

characteristics and app features on consumption habit, we allow the habit coefficient — i.e., the 

coefficient of past consumption — to vary across app features and consumer demographics. We 

assume that other coefficients in the demand model are homogeneous across consumers and apps. 

The model can be written as:  

(4.11)  J!"% = K*!"J!"%6* + K+J!"%5* + K,-"% + x4nU + x5:Z + ïU + [Z + L!"% ,  (4.11) 

(4.12)  x+!" = 0* + 0+n! + 0-:" + /!" ,  (4.12) 

where most of the notations are the same as described earlier, except n!  and [" . n!  is a vector 

denoting User i demographics, such as income, age, education, household size etc. [" are 
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uncaptured app-specific fixed effects. x+!" is the coefficient for the effects of past consumption on 

current consumption. Instead of using hierarchical format, we rewrite Equations (4.11) and (4.12) 

to get a single equation, in which the interaction terms involving past consumption denote the 

moderating effect of consumer characteristics and app features. The one-step model is as follows:  

J!"% =	 

0*J<=>−1 + 0+n! ∗ J<=>−1 + 0-:" ∗ J<=>−1 + K2J<=>+1 + K3-=> + x/n! + x0:" + ï! + [" + P<=>,  (4.13) 

where 0* is an average users’ habit on an average app. 0+ and 0- are the coefficients of interest to 

our research, depicting how consumption habit varies across consumer characteristics and app 

features. This model is also estimated using system GMM, as described above.  

Results 

In this section, we present the results of our analysis. We start with exploratory data analysis, and 

then discuss the detailed results of the two-step and one-step models, in that order. 

 

Figure 4.2 Usage Habits by App Categories 
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Exploratory Data Analysis  

Figure 4.2 presents the average habit coefficients of apps of various categories, obtained from the 

first equation of the two-step model (Equation 4.3). The coefficients displayed with the bars in the 

left side are greater than 0, implying that users are addicted to the corresponding app categories, 

on average. By contrast, bars displayed on the right side correspond to app categories for which 

users are satiated, on average. The blue bars refer to games, while red bars indicate non-game apps. 

From the plot, we can see that, generally speaking, most of the games are addictive and most of 

non-game apps are satiating. Specifically, games of Trivia and Sports are most addictive to users 

while Food & Drink and Auto & Vehicle apps are satiating to users. 

To illustrate the relationship between app usage and the habit coefficients x+, we plot how 

the average daily usage changes over time for three representative apps, Scopely (a role-playing 

game), remind101 (an education app) and 5milesapp (a shopping app). Each of them are 

representative of addictive apps (x+ > 0), satiating apps (x+ < 0) and intertemporally independent 

apps (x+ is not significantly different from 0), respectively. Figures 4.3a, 4.4a and 4.5a display 

how the daily usage of the three apps change over time. We can see that usage of an addictive app 

(Scopely) shows relatively slight fluctuation within a short time but increases dramatically in the 

long run, while satiated app (5milesapp) displays an abrupt zigzag pattern and the usage does not 

change vastly in the long term. Figures 4.3b, 4.4b, and 4.5b show the scattered correlation between 

the usage of current periods and previous periods for the three apps. 

Two-Step Model Results 

Table 4.3 summarizes the results for the two-step model approach. Column 1 presents the results 

of app heterogeneity model across all consumers. Columns 2-4 show the results of app- 

demographic heterogeneity model with subsamples based on user age, gender and platform,  
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Figure 4.3a Average Daily Usage of 

an Addictive App 
Figure 4.3b Current v.s. Past Usage 

of an Addictive App 

  
Figure 4.4a Average Daily Usage of a 

Satiated App 
Figure 4.4b Current v.s. Past Usage 

of a Satiated App 

  
Figure 4.5a Average Daily Usage of 

an Independent App 
Figure 4.5b Current v.s. Past Usage 

of an Independent App 
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Table 4.3 Estimation of Models on Subsamples 

Variables 
Column 1 (App 
Heterogeneity) 

Column 2  
(Age) 

Column 3 
(Gender) 

Column 4 
(Platform) 

Habit (K*") Habit (K*&") Habit (K*:") Habit (K*;") 
Game 0.032(0.012)*** 0.045(0.020)*** 0.079(0.016)*** 0.053(0.019)*** 
Young  -0.010(0.013)   
Game*Young  0.059(0.030)**   
Male   0.017(0.013)  
Game*Male   -0.024(0.027)  
iPad    0.044(0.020)** 
iPhone    0.028(0.018) 
Game*iPad    0.004(0.036) 
Game*iPhone    0.048(0.034) 
IAP Option 0.017(0.01)*    
IAA Option 0.004(0.009)    
Age Restriction 0.022(0.010)**    
Social Interaction 0.023(0.009)**    
Motivation 0.021(0.011)*    
Ease of Use -0.036(0.010)***    
PushNotifications -0.004(0.009)    
Support Services -0.004(0.010)    
Constant -0.018(0.010) -0.032(0.009)*** -0.040(0.008)*** -0.053(0.009)*** 

Note: *p<0.1, **p<0.05, ***p<0.01 
 

respectively. From all the models, the coefficients of Game are positive and significant, implying 

that games are more addictive to consumers than non-game apps. From Column 1, the coefficient 

of IAP Option is significantly positive, which means that apps that provide in-app purchase options 

are more addictive to users. Apps that have age restrictions (at least 13 years old) are also more 

addictive. Apps that succeed in designing the features of social interaction and motivation are more 

addictive to users. The feature of ease of use drives consumers’ satiation. We did not find strong 

evidence for the effects of push notifications and support services on user habit formation. From 

Columns 2-4, we can see that games are more addictive to younger consumers than older 

consumers. There is no significant difference in consumption habit between males and females. 

Consumers who use iPad (bigger screen) are more likely to develop addictive consumption. 
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Table 4.4 Estimates for the One-Step Model with Demographics and App Features 

Variables Model 1 Model 2 Model 3 
Past Consumption 0.83(0.08) *** 0.72(0.17) *** 0.86(0.12) *** 
Future Consumption 0.21(0.01) *** -0.09(0.01) *** 0.17(0.01) *** 
NumberOfUsers 3.07(0.53) *** 3.60(1.60) * 4.33(0.59) *** 
PastConsumption*Game 0.46 (0.06) ***  0.46(0.06) *** 
PastConsumption*IAP -0.04(0.06)  0.00(0.06) 
PastConsumption*IAA -0.17(0.07) *  -0.16(0.07) * 
PastConsumption*AgeRestriction 0.26(0.11) *  0.24(0.09) ** 
PastConsumption*SocialInteraction 0.06(0.08)  0.08(0.07) 
PastConsumption*EaseOfUse -0.28(0.05) ***  -0.28(0.05) *** 
PastConsumption*SupportServices 0.03(0.05)  -0.03(0.05) 
PastConsumption*Motivation 0.29(0.05) ***  0.22(0.05) *** 
PastConsumption*PushNotivations -0.14(0.08)  -0.1(0.07) 
PastConsumption*Platform_iphone  -0.01(0.04) -0.1(0.08) 
PastConsumption*Platform_iPad  0.12(0.09) -0.24(0.12) * 
PastConsumption*Age  -0.01(0.00) ***  
PastConsumption*Male  -0.05(0.04) -0.12(0.06) 
PastConsumption*Income_high  -0.02(0.05)  
PastConsumption*HouseholdSize  -0.1(0.03) ***  
PastConsumption*Child_01  0.07(0.06)  
PastConsumption*Black  -0.08(0.05)  
PastConsumption*Hispanic  -0.11(0.06)  
User-app fixed effects Yes Yes Yes 
AR(1) test -14.87*** -13.09*** -16.23*** 
AR(2) test 6.81*** -5.15*** 6.96*** 
AR(3) test -1.1907 -1.7418 -0.87816 

 
One-step Model Results 

Table 4.4 presents the estimations for the full one-step model.12 We have three columns referring 

to models with different variable sets. Model 1 includes app features, Model 2 contains user 

characteristics, and Model 3 consists of app features and a subset of characteristics. As we 

 
12 Due to the space limit and without loss of interest, we only present the coefficients of interaction terms 
of past consumption and app features, as well as consumer demographics, which show the effects of 
corresponding variables on consumption habits. 
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discussed earlier, what we are interested in are the coefficients of the interaction terms, which 

show the effects of the corresponding variables on usage habit. We can see the results are 

consistent across the three models. Generally, users are addicted to app consumption. Younger 

users are more likely to be satiated to app usage. The number of family members plays a negative 

role for users in terms of developing addictive habits. With respect to app features, games are more 

addictive to consumers than non-game apps. The in-app advertisement option drives a satiated 

consumption habit. Apps with age restriction of more than 13 years old are more addictive to users. 

For interaction designs, motivation features drive users to develop addictive habits, while the 

design of ease of use is more related to satiation. We did not find significant effects of social 

interaction on habit formation in this model. This may be due to the bipartite effects of social 

interaction. On the one hand, social interaction encourages users to join the community and use 

the apps. On the other hand, it prevents users from excessive usage. 

We also conduct AR test (Arellano-Bond Test) of first, second, and third orders on the 

residuals of the models. AR(1) and AR(2) are significant because the error terms in our model are 

serially correlated across three consecutive periods. AR(3) is insignificant, proving the validity of 

using the lagged consumption of order three and higher as instrumental variables. 

Managerial Implications 

In this study, we explored consumers’ habits developed during app consumption. We adopted the 

utility maximizing model under a rational framework to derive users’ consumption habits reflected 

from the optimal consumption path. We recognized two consumption habits, addiction and 

satiation. We examined how the habits vary with user demographic and app characteristics such 

as monetization strategies. We also explored the roles of successful app design features in 

influencing consumers habits on app usage such as social interaction and push notifications.  
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Our work has significant managerial implications in two aspects. First, we provide insights 

for app developers who want to attract users to play more on their apps, and how they can facilitate 

users to form systematic consumption habits. For example, apps can adopt the monetization 

strategy of in-app purchase, or improve the design of motivation such as gamification features. 

Second, we also provide users who want to either limit or increase specific app usage with insights 

into quitting or developing user habits. Users usually would like to form consistent consumption 

habit on beneficial apps such as education apps and health apps and quit habit on harmful apps 

such as games. Our results shed lights on how to manipulate the design features of the apps to 

adjust consumption habits in both directions. For example, users who want to form an addictive 

habit to an app can invite friends to use the app in order to enhance the social interaction within 

the app and in turn become beneficially addictive to the app.
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CHAPTER 5  

Conclusion 

In this dissertation, we study the consumer click and conversion behaviors, platform ranking 

strategies, and consumer habit formation in the mobile app economy. Through rigorous theoretical 

and empirical examinations with rich data from different sources, we provide more insights into 

the mobile app economy with respect the consumers and platforms. In this chapter we provide 

some conclusions drawn from the main findings of Chapter 2, 3, and 4, point out some limitations, 

and offer some directions for the future research.  

Click and Conversion Behavior at a Mobile App Platform 

We model consumer click and conversion utilities in a two-stage framework jointly estimated as 

a function of a comprehensive set of quantitative (screen rank, quality, and popularity) and 

qualitative (textual data of app titles, descriptions, and reviews) covariates. We utilize a 

hierarchical-Bayes approach capture the interdependence between click and conversion and 

individual heterogeneity in click and conversion responses.  

To summarize the results of the click and conversion utility model, we find that our set of 

quantitative and qualitative variables are collectively highly significant in explaining consumer 

choice on the platform. We find that screen rank is an important determinant of which app 

impressions consumers choose to click on—moving an impression up one slot on the screen is 

associated with a 4.2% increase in click-through rate. The valence of reviews is also important, 

more so with respect to which apps will be installed than which impressions will be clicked on. 

Interestingly, we find that the popularity of apps does not explain download behavior. The reason, 

we suspect, could be that the most popular apps have been downloaded already, nullifying the 

incremental impact of this factor on conversions.  
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Moreover, we find that users pay attention to qualitative textual information. Indeed, users 

are more heterogeneous in their responses to qualitative variables, as compared to quantitative 

factors. In the click stage, the informativeness of app titles has a significant and positive impact, 

while ambiguity and sentiment have a negative relationship with CTR. Consumers are persuaded 

to click on the titles consisting of less frequently used and less ambiguous words. App titles with 

more restricted words (e.g., kill, shot, and ruin) generally catch more eyeballs. In the conversion 

stage, only the sentiment of descriptions positively affects consumer decisions. Interestingly, we 

find that review text features are insignificant for explaining app installs. A likely explanation is 

that users tend not to read detailed texts of review on their cramped mobile screens, relying instead 

on numerical summaries.  

These results contribute to the literature in a number of ways. First of all, this study is one 

of the first studies to examine consumer choice on apps, adding to the range of contexts studied in 

prior work including search engines and downloads of music and movies. Second, we deploy a 

comprehensive set of both quantitative and qualitative covariates. We show not only that the latter 

is significant but that consumers are relatively more heterogeneous in their responses to textual 

information than to numerical data. Finally, with respect to understanding the consumer utility for 

mobile apps, we focus on the micro-economy of an app distribution platform whereas prior work 

focuses on market-wide demand drivers (e.g., Ghose and Han 2014). 

Our work also has significant managerial implications. First, our analysis points to the 

importance of developer generated textual contents (e.g., titles and descriptions), as compared to 

review texts which are not readily accessible on a mobile screen. Besides, the detailed results 

provide guidance on how to shape sentiment and other text features for more effective 

monetization. Second, our analysis on the two-stage decision making provide insights for 
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platforms into disclosure of app information at different stages. For example, at click stage, 

platforms disclose concise and intriguing information such as arousing titles and star ratings to 

attract users. Last, our analysis on consumer demand paves a road for further explorations into 

platform monetization strategies, e.g. ranking strategies. Our empirical analysis provides guidance 

on how such platforms can profitably leverage clickstream data readily available from server logs. 

Indeed, our empirical framework can be easily adapted to other content distribution contexts and 

product search engines. 

Our work is not without limitations. We are unable to collect consumer demographics due 

to privacy protections, but we are still able to implement a hierarchical model to account for 

unobserved consumer heterogeneity. Platforms, however, have access to such demographic 

information and can use them to further sharpen their personalized rankings, implying that the 

revenue improvement we demonstrate is probably a lower bound on the gains through 

personalization. 

Ranking Strategies and Monetization in Mobile App Distribution 

We developed a framework to leverage clickstream data for more effective mobile app distribution 

monetization through a personalized ranking that balances consumer utilities with app cost per 

action (CPA) margins. We do this in two stages. First, we build a theoretical model to derive the 

optimal ranking strategy to inspire the personalized ranking and then implement the strategy 

leveraging clickstream data. Second, we manipulate the positions of app impressions in 

counterfactual analysis through suitable policy experiments to study a number of alternative non-

personalized and personalized ranking methods.  

In the policy experiments, we manipulate the positions of app impressions using the 

recovered consumer utility parameters and calculate the expected platform revenues based on the 
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app CPA margins. The results indicate that a personalized ranking method accounting for both 

utilities and margins outperforms all the other ranking methods that we considered. Remarkably, 

the proposed personalized utility-margin ranking method outperforms the current practice used by 

the platform by 23.0%. This improvement can be obtained by leveraging clickstream data that can 

be readily extracted from server logs. We further show that our personalized ranking method 

outperforms the utility-based ranking by 8.7%, margin-only ranking by 17.5%, and other rankings 

based on popularity or user reviews by 20-35%.  

These results contribute to the literature of ranking in a number of ways. First of all, we 

follow a theory-guided approach to propose a hybrid ranking strategy fusing margin-based and 

utility-margin ranking. The benefit of the theory-guided approach is confirmed in the policy 

experiments. this study is one of the first studies to examine ranking strategies in app install 

monetization. Second, our ranking method realizes personalization in the ranking design at the 

individual level, whereas Ghose et al.’s (2014) can only imply a one-for-all ranking at the 

aggregate level. Exploiting the highest resolution of choice data, we can align app positions with 

the best interest of each consumer via her latent utility functions. We show that embedding 

personalization improves ranking efficiency substantially. Third, we incorporate profit margins 

into the ranking design while maximizing the platform’s revenues. Ranking itself becomes bland 

without considering profit margins, and the platform straightforwardly maximizes the conversion 

performance in a simple scenario (Ghose et at. 2014). Indeed, the introduction of profit margins 

breeds the new optimal ranking equilibrium in the analytical model, which leads to our hybrid 

model applicable in a more realistic setting. We note that Google’s Ad Rank also validates such a 

practical implementation. 

Our work has significant managerial implications. The vast majority of content distribution 
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platforms, such as the one we study, exercise very simple monetization heuristics. Our empirical 

analysis provides guidance on how such platforms can profitably leverage clickstream data readily 

available from server logs. These data combined with CPA margins can help deploy ranking 

schemes that are substantially more profitable than extant algorithms. Specifically, the platforms 

can personalize rankings to individual users in a Pareto optimal way, generating higher consumer 

surplus and higher platform revenues at the same time. Such personalized rankings are increasingly 

feasible to implement in real time, as more data processing and analytical capabilities are available 

to mobile service operators. Indeed, our empirical framework can be easily adapted to other content 

distribution contexts and product search engines. 

Our work is not without limitations. We have not evaluated the proposed ranking strategy 

in a randomized field experiment; instead, we exploit our individual heterogeneity estimates 

through policy experiments. Nonetheless, it would be a fruitful exercise for further research to 

conduct primary experiments to obtain more robust insights into the impact of personalization. 

Overall, our analysis provides a platform for further enhancing the monetization of app distribution 

with potential benefits to multiple stakeholders in the mobile ecosystem. 

Habit Formation in Mobile App Usage 

To depict post-installation usage on apps, we modeled user demand with habit formation over time 

under rational framework, a la from Becker and Murphy (1988). Applying the model to a data set 

of individual usage on various apps, we identified two kinds of consumption habits, addiction and 

satiation, for utility-maximizing users. We analyze the habit differences among different 

demographic groups and explore how habit formation is influenced by app design features. 

To summarize the results, we find that consumers develop different habits towards various 

apps with respect to categories and features. First, games, in general, are more addictive to 
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consumers than non-game apps, although some non-game apps such as dating and social apps are 

addictive to consumers, while some games, for example, educational games are satiating. Second, 

younger users are more likely to be addictive to games than relatively older users, while there is 

no significant difference in addiction between males and females. Third, in-app purchase option 

provided by apps entice users to addictively use apps. Last but not least, user habits are vastly 

influenced by social interaction features and machine interaction features.  The propensity of users 

to be addicted to apps that successfully provide social interaction features to connect with other 

users and design motivation features to keep using the apps. Apps that are easy to use display 

satiation to users.  

Our study contributes to the literature in three ways. First, we introduce customer 

demographics and product features into the demand model to provide deeper understanding on 

user habits at a finer level. Prior studies on consumer habit formation tend to treat consumers as a 

whole to identify product as addictive or satiating to the mass consumers. Analyzing at a finer 

granularity, our study recognizes different consumption habits on various apps at individual level.  

Second, we explore the roles of app design features in consumption habits. We find that providing 

satisfying facilities of social interaction and usage motivation develop addictive usage. The ease 

of use is a satiating feature for users. Our analysis on app monetization strategy confirms the 

benefits of freemium pricing model in inducing users to keep engaging with the apps. 

Our work has significant managerial implications in two aspects. First, we provide app 

developers who want to attract users to play more on their apps with insights into facilitating users 

to form consumption habits. For example, apps can adopt the monetization strategy of in-app 

purchase, or improve the design of motivation such as gamification features. Second, we also 

provide users guidance to adjust their consumption habits on apps. Our results shed light on how 
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to manipulate app design features to improve beneficial addiction and limit harmful addiction. 

Our study also has limitations. We do not consider the prices for in-app purchases, for 

when users would like to unlock paid services, which may influence consumption. Instead, we 

include two monetization policies, in-app purchase and in-app advertisement in the demand model. 

Also, we assume that consumption on different apps are independent with each other, whereas in 

reality, app consumption could be inter-related. For example, consumers who try to limit their 

smartphone usage may adopt apps that can help them inhibit the impulse to open apps.
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APPENDIX 

Proof of the Analytical Model in Chapter 3 

We prove the equilibrium in the four strategy regions. We first analyze apps market shares 

determined by consumer search. Then, we compare platform profits generated from ranking 

strategies across cases.  

We start with the entry decision. Entry Decision is not directly affected by ranking 

strategies. Consumers whose type satisfy x<y − p ≥ -* (i.e., x ≥ D=E#
FG

) would like to enter the offer 

all and evaluate the app at Position 1. After evaluating, a consumer realizes the quality <+ and 

make a choice among the following three options to maximize her utility. 

(i) Install the current app if x<+ = Max	{x<+, x<y − p − m, -*}. 

(ii) Continue evaluating Position 2 if x<y − p − m = Max	{x<+, x<y − p − m, -*}. 

(iii) Leave the market without any install if -* = Max	{x<+, x<y − p − m, -*}. 

If deciding to continue searching, she evaluates the quality of the app <- at Position 2 and 

make a decision to install the current app, recall to install the app <+ at Position 1, and leave the 

market without any install. The conditions for the three options after the second search are detailed 

as follows. 

(i) Install <- at Position 2 if x<- = Max{x<+, x<-, -*}. 

(ii) Install <+ at Position 1 if x<+ = Max{x<+, x<-, -*}. 

(iii) Leave the market without any install if -* = Max	{x<+, x<-, -*}. 

We follow these conditions to analyze the market shares of the two positions and calculate 

platform profits using different strategies. Strategy (<+, <-) places the apps of quality <+ and <- 

are at Position 1 and 2, respectively, and Strategy (<-, <+) denotes the opposite ranking order. 

Without loss of generality, we focus on <+ > <- since <+ < <- is a symmetric case. Three cases 
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can be found, including	<+ > <- > <y,	<+ > <y > <-, and <y > <+ > <-. 

Case I: ó[ > ó\ > óG 

When the platform adopts Strategy (<+, <-), all of the consumers who enter the market 

download the app of <+ at Position 1 and do not evaluate Position 2 because  x<+ ≥ x<y − p − m 

and x<+ ≥ -*. Similarly, when Strategy (<-, <+) is adopted, all of the consumers who enter the 

market download the app of <- (because  x<- > x<y − p − m and x<- > -*). The profits of the two 

strategies are w(F,,F-) = `1 − D=E#
FG
a ∗ ?+  and w(F-,F,) = `1 − D=E#

FG
a ∗ ?- , respectively. Clearly, 

the dominant strategy is margin-based ranking.  

Case II: ó[ > óG > ó\ 

When <+ > <y > <- , in Strategy (<+, <- ), all of the consumers who enter the market 

download the app of <+ at Position 1. w(F,,F-) = `1 − D=E#
FG
a ∗ ?+. In Strategy (<-, <+), we need to 

discuss different subcases conditional on <-. We start with Subcase 1: 
^=
^=E_

qy < q- < qy. In this 

case, 
D=
F-
< D=E#

FG
< D=E#EH

FG
< #EH

FG:F-
, we illustrate the consumer demand in a line [0, 1] as follow. 

Consumers with type x  in range `0, D=E#
FG
a  will not enter. Consumers with type x  in range 

ôD=E#
FG
, #EH

FG:F-
ö will install app of quality <- in Position 1. Consumers in range [

#EH

FG:F-
, 1] will evaluate 
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Position2 and download app of quality <+.  

 

The platform profit is 

w(F-,F,) = ` #EH
FG:F-

− D=E#
FG
a ∗ ?- + `1 −

#EH

FG:F-
a ∗ ?+. 

Following the similar procedure, we discuss other subcases, including	 D=
D=E#EH

<y < <- ≤

D=
D=E#

<y , 
D=:H
D=E#

<y < <- ≤
D=

D=E#EH
<y , and <- ≤

D=:H
D=E#

<y . Summarizing the profit of each subcase, we 

write it as: w(F-,F,) =

⎩
⎪⎪
⎨

⎪⎪
⎧`

#EH

FG:F-
− D=E#

FG
a ∗ ?- + `1 −

#EH

FG:F-
a ∗ ?+,																			6°	

D=
D=E#

<y < <- < <y

` #EH
FG:F-

− D=
F-
a ∗ ?- + `1 −

#EH

FG:F-
a ∗ ?+,											6°

D=
D=E#EH

<y < <- ≤
D=
D=E#

<y

`1 − D=E#EH
FG

a ∗ ?+,																																											6°	
D=:H
D=E#

<y < <- ≤
D=

D=E#EH
<y

`1 − D=E#EH
FG

a ∗ ?+,																																																																		6°	<- ≤
D=:H
D=E#

<y

. 

Comparing the two strategies, we can summarize the results as: 

w(F-,F,) =

⎩
⎪
⎨

⎪
⎧ ` #EH

FG:F-
− D=E#

FG
a ∗ (?+ −?-),						6°	

D=
D=E#

<y < <- < <y

` #EH
FG:F-

− D=
F-
a ∗ (?+ −?-) + `

D=
F-
− D=E#

FG
a ∗ ?+, 6°

D=
D=E#EH

<y < <- ≤
D=
D=E#

<y

`D=E#EH
FG

− D=E#
FG
a ∗ ?+, 6°	<- ≤

D=
D=E#EH

<y

. 

Solving	w(F,,F-) − w(F-,F,) ⋚ 0, we derive the optimal strategies under different conditions. 

If 
D=
D=E#

<y < <- < <y < <+ , the optimal strategy is placing the high margin app at Position 1. 

If
D=

D=E#EH
<y < <- ≤

D=
D=E#

<y < <y < <+, the optimal strategy depend on the quality-margin tradeoff 

between the two apps. The indifferent point is 
I,
I-

=
$./
0120-

:3=0-
$./
0120-

:3=.$01
. If	<- ≤

D=
D=E#EH

<y < <y < <+ , the 

0 1

!"#$%!	'(	)**	+,

-0
+2

-0 + 1 + 2
+3

1 + 2
+3 − +,

-5 + 1
+3

!"#$%!	'(	)**	+6
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optimal strategy is the quality-based ranking since Strategy (<+, <-) dominates. 

Case III: óG > ó[ > ó\ 

When the platform adopts Strategy (<+, <-), her profit is 

w(F,,F-) = £
`1 − D=E#

FG
a ∗ ?+, 6°

D=
D=E#

<y ≤ <+ < <y	

`1 − D=
F,
a ∗ ?+		, 6°	<+ <

D=
D=E#

<y
. 

Strategy (<-, <+) provides the profit as  

w(F-,F,) =

⎩
⎪⎪
⎨

⎪⎪
⎧ `

#EH

FG:F-
− D=E#

FG
a ∗ ?- + `1 −

#EH

FG:F-
a ∗ ?+,												6°	

D=
D=E#

<y ≤ <- < <y, D=
D=E#

<y ≤ <+ < <y

` #EH
FG:F-

− D=
F-
a ∗ ?- + `1 −

#EH

FG:F-
a ∗ ?+, 6°

D=
D=E#EH

<y ≤ <- ≤
D=
D=E#

<y, D=
D=E#EH

<y ≤ <+ < <y

`1 − D=E#EH
FG

a ∗ ?+,																																																		6°	<- ≤
D=

D=E#EH
<y, D=

D=E#EH
<y ≤ <+ < <y	

`1 − D=
F,
a ∗ ?+,																																																																																										6°	<+, <- ≤

D=
D=E#EH

<y

. 

We summarize w(F,,F-) − w(F-,F,) = 

⎩
⎪
⎪
⎪
⎪
⎨

⎪
⎪
⎪
⎪
⎧`

#EH

FG:F-
− D=E#

FG
a ∗ (?+ −?-),																																																								6°	

D=
D=E#

<y ≤ <- < <y, D=
D=E#

<y ≤ <+ < <y

` #EH
FG:F-

− D=
F-
a ∗ (?+ −?-) + `

D=
F-
− D=E#

FG
a ∗ ?+,										6°

D=
D=E#EH

<y ≤ <- ≤
D=
D=E#

<y, D=
D=E#

<y ≤ <+ < <y	

` #EH
FG:F-

− D=
F-
a ∗ (?+ −?-) + `

D=
F-
− D=

F,
a ∗ ?+, 6°

D=
D=E#EH

<y ≤ <- ≤
D=
D=E#

<y, D=
D=E#EH

<y ≤ <+ ≤
D=
D=E#

<y	
H

FG
∗ ?+,																																																																																																		6°	<- ≤

D=
D=E#EH

<y, D=
D=E#

<y ≤ <+ < <y

`D=E#EH
FG

− D=
F,
a ∗ ?+,																																																														6°	<- ≤

D=
D=E#EH

<y, D=
D=E#EH

<y ≤ <+ ≤
D=
D=E#

<y		

0,																																																																																																																																						6°	<+, <- ≤
D=

D=E#EH
<y	

. 

Solving 	w(F,,F-) − w(F-,F,) ⋚ 0 , we derive the optimal strategies under different 

conditions. If 
D=
D=E#

<y ≤ <- < <+ < <y , the optimal strategy is placing the high margin app at 

Position 1. If 
D=

D=E#EH
<y ≤ <- ≤

D=
D=E#

<y, D=
D=E#

<y ≤ <+ < <y, the optimal strategy is characterized by 
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the tradeoff between quality and margin, given 
I,
I-

=
$./
0120-

:3=0-
$./
0120-

:3=.$01
. If 

D=
D=E#EH

<y ≤ <- ≤

D=
D=E#

<y, D=
D=E#EH

<y ≤ <+ ≤
D=
D=E#

<y, the optimal strategy also depends on the tradeoff as 
I,
I-

=
$./
0120-

:3=0-
$./
0120-

:3=0,
. 

If <- ≤
D=

D=E#EH
<y, D=

D=E#EH
<y ≤ <+ < <y , the optimal strategy is the quality-based ranking where 

Strategy (<+, <-) dominates. If <+, <- ≤
D=

D=E#EH
<y, Strategy (<+, <-) and (<-, <+) are indifferent. ∎ 




