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ABSTRACT 

Digital technologies’ emergence has changed firms’ innovation and entrepreneurship 

activities significantly. While the prior literature has investigated how digital 

technologies stimulate innovation and entrepreneurship, the challenges of the digital 

transformation process have received limited attention in the information systems (IS) 

literature. This dissertation aims to examine these challenges by studying policies and 

governance in the fields of intellectual property, data privacy, and digital infrastructure. 

In the first essay, I argue that the inefficient protection of employees’ intellectual 

property rights hampers their innovation activities at work. The second essay evaluates 

data privacy regulations’ impact on mobile app entrepreneurship. The third essay 

investigates how mobile platforms’ open policy impedes the adoption of innovative 

features in operating system (OS) updates. These three essays provide theoretical 

contributions to the literature on digital transformation, innovation, and entrepreneurship. 

They also offer practical insights for policymakers and digital infrastructure professionals 

about how to address digital transformation challenges in innovation and 

entrepreneurship. 
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CHAPTER 1 
 

INTRODUCTION 

Over the last few decades, the advancement of digital technologies such as digital 

platforms, social media, and mobile communications has significantly altered the value 

creation of organizations (Bardhan et al., 2013; Kahli & Grover, 2008; Nevo & Wade, 

2010; Sabherwal et al., 2019; Sabherwal & Jeyaraj, 2015; Tilson et al., 2010). Prior 

research suggests that firms need to undergo a set of organizational changes to their 

structures, strategies, and business models in order to embrace the opportunities 

presented by new technologies (Baygi et al., 2021; Legner et al., 2017; Moşteanu, 2020; 

Sabherwal et al., 2019; Sambamurth et al., 2003). This process is known as “digital 

transformation.” 

 There is a broad consensus on the importance of digital transformation processes 

in businesses. Researchers find that the recombination of digital technologies and 

traditional business models has a positive impact on the processes and outcomes of 

innovation and entrepreneurship (Henfridsson et al., 2018; Nambisan, 2017; Nambisan et 

al., 2017; De Silva & Wright, 2019; Yoo et al., 2010). Extensive literature has shown that 

digital technologies facilitate innovative and entrepreneurial activities by expanding the 

structural boundaries of organizations and products (Boudreau & Lakhani, 2013; Huang 

et al., 2017; Westerman & Bonnet, 2015; Yoo et al., 2012). However, there are still 

challenges with digital transformation in innovation and entrepreneurship, a topic that has 

received little attention in the information systems (IS) literature. 

 The challenges with digital transformation in innovation and entrepreneurship 
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may stem from digital infrastructures. Some studies have noted the digital ecosystem’s 

paradoxical nature regarding the openness of platforms’ architecture and the resources for 

participants’ innovation and entrepreneurship initiatives (Parker et al., 2020, Parker & 

Alstyne, 2017; Tilson et al., 2010). The rise of digitization has also provoked a debate 

about how public policies and regulations (e.g., intellectual property rights, data privacy 

regulations, and entrepreneurial financial regulation) should be designed and updated in 

light of digital technologies (Arner et al., 2017; Campbell et al., 2015; Goldfarb & 

Tucker, 2011; Greenstein et al., 2013; Lobel, 2014b). For example, researchers have 

proposed that the traditional notion that “stronger investor protection regulation is better” 

no longer applies to equity crowdfunding because small firms’ entrepreneurship 

initiatives might be hampered (Hornuf & Schwienbacher, 2017). The objective of this 

dissertation is to examine digital transformation challenges in innovation and 

entrepreneurship. Specifically, the three essays study policies in intellectual property, 

data privacy, and mobile ecosystems; and investigate how they influence firms’ 

innovative and entrepreneurial activities in the digital era. 

 The role of knowledge has become increasingly important for firms in the 

information age. In many knowledge-intensive industries, one of the main sources of firm 

innovation is employees’ creative ideas (Baumann & Stieglitz 2014; Christensen & 

Bower 1996; Gong et al. 2009). Prior literature suggests that the digital transformation of 

innovation alters how knowledge is created and shared in organizations (Ilvonen et al., 

2018; Newell, 2015; Yoo et al., 2012). The ability to access and integrate knowledge 

from outside the organization(e.g., collaborators, rivals, online communities, consumers) 
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is crucial to a firm’s innovative success (Singh et al., 2011; Trantopoulos et al., 2017; Ye 

& Kankanhalli, 2018). While open innovation encourages firms to share their knowledge 

to stimulate innovation, it also blurs the organizational boundaries and poses a challenge 

to knowledge protection (Bogers, 2011; Karhu et al., 2018). This challenge leads to 

heated intellectual property disputes, which affect innovation and entrepreneurship 

activities (Lobel, 2014b; Starr et al., 2018).  

 In the first essay, I focus on the intellectual property of employees’ side projects, 

and study how this ownership affects employees’ innovative activities. While employees 

might believe that everything they invent outside their employment belongs to 

themselves, that is not necessarily the case. For example, in a well-known legal case of 

Alcatel v. Brown, a Texas court ruled that the employer (Alcatel) owns the intellectual 

property (IP) of all forms of employee innovation, including even an abstract idea that its 

employee (Brown) had for his software side projects (Lai 2003). Despite concerns on the 

expanding contractual controls of IP by employers, relatively little is known about how 

the IP ownership of employee side projects influences innovation. By leveraging the 

ruling of Alcatel v. Brown and the various legal environments of employees’ side project 

ownership, I find that employees’ innovative activities at work will be hampered if the 

current legal system does not sufficiently protect employees’ intellectual property rights. 

Furthermore, this dampening effect on innovation is more pronounced in IT industries 

than in non-IT industries. These findings contribute to multiple streams of literature 

including the information systems (IS) work on digital innovation as well as to the 

broader innovation management literature. The findings also provide implications for 
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policymakers in designing IP policies and for firms in stimulating employee-driven 

innovation. 

 The data economy plays a vital role in the digital transformation of innovation 

and entrepreneurship. Given that data has become a new type of critical asset in most 

industries (Bharadwaj et al., 2013; Opher et al., 2016; Tambe, 2014), the ability to collect 

and utilize unique and non-substitutable data has become  key to how firms stand out in 

the competitive environment (Lambrecht & Tucker, 2015). Despite innovative, data-

driven insights (Bharadwaj et al., 2013; Opher et al., 2016; Tambe, 2014), public 

concerns over data privacy and security are growing (Acquisti et al., 2016; Adjerid et al., 

2016; Gopal et al., 2018; Miller & Tucker, 2009). Government regulators have begun 

proposing and enacting privacy regulations to ensure transparency in data collection and 

processing. How these regulations impact competition is a critical question that has not 

been thoroughly studied. While a data privacy regulation erects an entry barrier to new 

entrants in an industry, it can undermine the competitive advantage of an incumbent 

based on the plethora of data it has amassed.  

 In the second essay, I examine the effect of the General Data Protection 

Regulation (GDPR) on competitive intensity in the mobile app market. I find that the data 

privacy regulations can be both anti and pro-competitive. Specifically, more new apps 

appear in the top iOS charts of free apps after GDPR has been introduced. The rank 

volatility among free apps also rises concomitantly. On the other hand, the top charts of 

paid apps have become less volatile after the introduction of GDPR. Following GDPR, I 

observe a drop in the number of new paid apps in the top charts as well as a decrease in 
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the rank volatility of the paid apps. This study offers significant theoretical contributions 

to multiple streams of IS literature, such as the economic impact of data privacy 

regulations, firm competition in the digital economy, and the mobile ecosystem. It also 

offers meaningful insights for policymakers on better understanding how the market 

reacts to these rules, providing critical insights for future policy formulation and 

refinement. The findings help both incumbents and entrants better understand the 

challenges and opportunities under the data privacy regulations.  

 The emergence of digital platforms and digital infrastructures has altered the 

landscape of innovation and entrepreneurship dramatically (Nambisan et al., 2019; Yoo 

et al., 2012). By providing a set of digital resources, digital platforms facilitate 

interactions between different sides of the market (Jacobides et al., 2018), serving as the 

essential building blocks of innovative activities (Constantinides et al., 2018; Tiwana et 

al., 2010). The architecture and governance of digital infrastructures and platforms are 

significant for participants’ innovation and entrepreneurship (Boudreau, 2010; Parker et 

al., 2020; Song et al., 2018).  

 In the third essay, I examine a phenomenon called “Android fragmentation,” 

which is caused by Google’s open policy on the Android operating system (OS). OS 

fragmentation is considered a problem for the platform because it incurs high costs for 

developers, making them reluctant to adopt the platform’s new OS versions. The apps’ 

outdated target OS versions impede the diffusion of the platform’s innovative features, as 

well as the apps’ creative activities. Although it is an important issue for the platform and 

app developers, it has not been rigorously modeled and analyzed. In this work, I attempt 



 

  

  6  

to fill this important gap in the literature by constructing an analytical model to examine 

the challenges of mobile app developers and the platform under the fragmentation 

problem. I find that not all apps are updated to a new OS version, due to a tradeoff 

between additional revenues and increased development costs for backward 

compatibility. Further, a larger user base or a lower development cost does not always 

make apps update to a higher OS version. I also discuss several measures that the 

platform adopts to alleviate the fragmentation issue, such as encouraging manufacturers 

to update the OS or decreasing compatibility costs and investigate the effectiveness of 

these measures. Crucially, I find that the platform often takes advantage of the 

fragmentation for greater profitability at the expense of app developers’ welfare. The 

results provide practical insights for both mobile app developers and the platform on how 

to deal with the OS fragmentation problem. 
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CHAPTER 2 
 

ESSAY 1: THAT’S MINE! EMPLOYEE SIDE PROJECTS, INTELLECTUAL 
PROPERTY OWNERSHIP, AND INNOVATION 

2.1 Introduction 

In an information age where knowledge can be easily created and accessed, the locus of 

innovation lies not only in employees’ day-to-day work but also beyond their workspace. 

Initiatives that employees work on beyond their employment scope and usually outside of 

normal work hours are referred to as side projects (Davis et al., 2013; Mehra et al., 

2011),1 which offer great opportunities for employees to learn and practice new skills 

(Sonmez, 2017). More importantly, side projects can often be a source of groundbreaking 

innovation and new business opportunities (Burgelman, 2002; Christensen & Bower, 

1996; Davis et al., 2013). For example, some of the most popular technology products 

and companies, such as Slack, Twitter, Craigslist, and Trello, started as side projects 

(Haden, 2017). The inventor of Oculus Rift, a line of virtual reality headsets, initiated the 

idea as a side project when he was working as an engineer at University of Southern 

California. He raised $2.4 million in a Kickstarter campaign to develop this product, 

which was later acquired by Facebook for $2.3 billion in 2014 (Kumparak, 2014; 

Robinson, 2017).  

 Despite the prevalence and importance of side projects, a major concern among 

employees is the intellectual property (IP) ownership of side projects. Some employees 

believe that everything they create in their personal time belongs to themselves. 

 
1 Prior studies use different terms to refer to the same concept of “side project”, such as leisure time invention, side work, 
and spare time invention. This work chooses the term “side project” because it has been frequently used in the media 
(e.g., Lehechka, 2020; Robinson, 2017).  
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However, that is not necessarily the case (McHugh, 2017; Spolsky, 2016). In the current 

U.S. legal system, ownership of side projects is ambiguous. To make it more 

complicated, there are no federal laws that govern the IP rights of side projects (Parker, 

1984). Whether an employee’s side project is owned by the employee or her employer 

depends on two main factors (Chou & Adler, 2014; Spolsky, 2016). One is the 

employment contract between the employee and her employer, which usually assigns the 

IP rights of side projects to her employer. The other is state-level statutes regarding 

employees’ side project ownership, which determine the enforceability of the 

employment contracts. Both factors result in complications and variations when 

determining side project ownership. For example, according to a recent survey conducted 

among open source software (OSS) contributors, only less than half of the respondents 

say that they are free to work on OSS projects and that their employers would not claim 

the IP rights to their non-work-related projects (Nagle et al., 2020). The uncertainty in 

side project ownership can lead to disputes among the parties, especially when highly 

innovative side projects lead to successful business opportunities (Rapoza, 2020).  

 The relationship between IP policies and innovation has been extensively studied 

in prior literature (e.g., Contigiani et al., 2018; Gans et al., 2008; Marx, 2011; Starr et al., 

2018).2 Notwithstanding the important insights from prior studies, there is relatively little 

empirical evidence on whether and how innovation is affected by the IP ownership of 

 
2 It is acknowledged that some scholars might view innovation differently from invention, in that invention focuses on 
the development of new ideas while innovation often refers to the subsequent commercialization of invention (Ahuja & 
Lampert, 2001). Despite the difference, a large body of literature considers invention as a measure of innovation and uses 
these two terms interchangeably (e.g., Ahuja & Lampert, 2001; Makri et al., 2010; Saldanha et al., 2017; Singh & Agrawal, 
2011; Sørensen & Stuart, 2000). Following this tradition, this work uses both terms interchangeably to describe creative 
activities such as patent filing and establishment of new businesses. 
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side projects. On the one hand, by claiming the IP rights to side projects, firms can better 

protect innovation from being stolen or imitated by others and ensure value appropriation 

from innovation (Dzinkowski, 2000; Hellmann & Perotti, 2011; Liebeskind, 1997). This 

leads them to increase investments on employee-driven innovation, stimulating more 

innovative activities by employees not only at work but also in their own time (Mehra & 

Mookerjee, 2012). On the other hand, researchers in the legal discipline raise concerns 

that the lack of IP protection for employees in the current U.S. legal system may hamper 

their innovative activities (Howell, 2012; Lafrance, 2002; Lobel, 2014b). Overall, the 

relationship between the IP ownership of side projects and innovation remains 

theoretically unclear.   

 In this study, I empirically address how the IP ownership of side projects affects 

innovation. Specifically, this work focuses on state-level IP statutes regarding employees’ 

side project ownership and exploits the legal case of Alcatel v. Brown as an exogenous 

treatment. In Alcatel v. Brown, a Texas court ruled that the employer, Alcatel, owns the 

rights to an abstract idea in software development conceived by Evan Brown, its former 

employee. The court allowed the employer to use the IP assignment agreement in its 

employment contracts, which requires employees to assign their future invention rights to 

the employer as a condition of employment, and to claim IP ownership of all forms of 

employee innovation, including even an immature idea for side projects (Lai, 2003; 

Lobel, 2014b). Lai states that “[by] recognizing an employer’s ownership of intellectual 

property that does not exist as defined by the law of copyright, patent, trademark, and 

trade secret, the court’s decision [of Alcatel v. Brown] provides companies with a way to 
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restrain the intellectual property market with all-encompassing invention disclosure 

agreements” (p. 296-297). Needless to say, the ruling of Alcatel v. Brown has 

substantially expanded contractual controls over employee innovation by allowing 

employers to claim employees’ intangible ideas (Lobel, 2014b). Consequently, this case 

has become a symbol of outrage felt by employees who are required to give up their 

innovation to their employers (Lobel, 2014b) and serves as the most well-known example 

of disputes on side project ownership (Collins, 2017; Lobel, 2014a). 

 Although Alcatel v. Brown works as a precedent3 for the courts’ future decisions 

nationwide, the enforceability of IP assignment agreements varies by states. Table 2.1 

lists the eight states that do not follow the Alcatel v. Brown precedent.4 These states 

explicitly protect employees’ claims for IP rights of their side projects, invalidating the IP 

assignment agreements that allow employers to claim ownership of employees’ every 

invention. This difference in legal regimes across states and a set of difference-in-

differences (DID) techniques are utilized to investigate the effect of Alcatel v. Brown on 

innovation. The results show that in states where employees’ IP ownership of side 

projects are not explicitly protected by laws, innovation measured as the number of patent 

filings decreased after the ruling of Alcatel v. Brown. Its dampening effect on innovation 

was stronger in IT industries than in other industries. Moreover, since not all innovations 

are patentable, this study also considers several additional measures of innovation such as 

the number of Kickstarter and GitHub projects and the number of spinout entrepreneurs. 

 
3 As a legal principle, the use of precedent states that the ruling of previous legal cases is a reason why subsequent 
cases with similar issues or facts should apply the law in the same manner (Schauer, 1987). 
4 The details of the statutes are provided in Appendix A. 
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Innovation measured in these forms also decreased in the states where employees’ IP 

rights of side projects are not legally protected.  

 

Table 2.1. States with Statues Protecting Employees’ IP Ownership of Side Projects 

State Enacted Year 
California (CAL. LAB. CODE §2870 and §2872) 1979 
Delaware (19 DEL. CODE §805) 1984 
Illinois (765 ILL. COMP. STAT. ANN. 1062/2) 1983 
Kansas (KAN. STAT. ANN. §44-130) 1986 
Minnesota (MINN. STAT. §181.78) 1977 
North Carolina (N.C. GEN. STAT. §66- 57.1) 1981 
Utah (UTAH CODE ANN. 1953 §34- 39-3) 1989 
Washington (WASH. REV. CODE §49.44.140-145) 1979   

 Our research makes several important contributions. First, it advances the 

information systems (IS) literature on digital innovation. In the past few decades, the 

advances in IT have elevated the importance of IP protection in knowledge-intensive 

industries (Graham & Mowery, 2003). Prior IS studies have investigated the role of IP 

allocation in different contexts such as open-source software (Wen et al., 2013, 2016), IT 

outsourcing contracts (Cha et al., 2008; Susarla et al., 2010; Walden, 2005), and platform 

coopetition (Niculescu et al., 2018). Building upon the insights of these studies, this study 

explores the effect of IP allocation in the employer-employee relationship, a context that 

has been relatively understudied by IS scholars. In particular, this work focuses on side 

projects, an important trend that has contributed to significant advances in IT and led to 

the birth of some of the most popular services including Twitter, Gmail, and Craigslist 

(Haden, 2017). It is found that shifting side-project ownership from employees to 

employers significantly undermines IT professionals’ innovative activities. The findings 
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suggest a paradox similar to the prisoner’s dilemma, in which two parties (i.e., employers 

and employees) acting in their self-interests produce a suboptimal outcome for both.   

 Second, this work contributes to the broader literature on innovation management. 

Extant research has provided significant insights on how various legal regimes affect 

innovation, such as trade-secret protection (Contigiani et al., 2018) and non-compete 

covenants (Marx, 2011; Marx et al., 2009; Samila & Sorenson, 2011). Relatively little is 

known about how innovation is affected when employee ownership of side projects (even 

in the form of an abstract idea) is not legally protected. This is surprising, given that 

innovation scholars have long emphasized the importance of side projects and 

spontaneous innovation activities to firm performance and human capital development 

(Burgelman, 2002; Christensen & Bower, 1996; Davis et al., 2014; Davis & Davis, 2007; 

Hellmann, 2007; Hellmann & Thiele, 2011). This study is among the first to investigate 

the effect of the IP laws regarding side projects.  

 Our findings also have important managerial implications. Firms face a dilemma 

between offering their employees strong incentives (e.g., compensation, flexibility, and 

lifestyle benefits) to generate innovative ideas and taking ownership and fully exploiting 

such ideas. The results show that claiming ownership of side projects is not always a wise 

choice for employers when it comes to boosting innovation. Some IT firms have already 

realized the importance of side projects and adopted a balanced IP assignment agreement 

to encourage their employees to work on side projects. This work provides justification 

for adopting such an approach. Another promising approach is to design a less restrictive 

contract in which the IP rights over side projects are shared between employers and 
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employees. By doing so, firms would be able to stimulate innovation and minimize the 

possibility that employees depart and appropriate value from the innovation through 

founding their own startups or joining with competitors. 

 Lastly, this work has clear relevance for innovation policies. The results show that 

innovation decreased after Alcatel v. Brown in the states where employees’ IP ownership 

of side projects is not protected, indicating an undesired effect of the case at the societal 

level. Proper legislation on IP that incentivizes mutually beneficial actions, such as IP 

sharing, would resolve the issue. Moreover, as mentioned above, there is no nationwide 

law in the U.S. that regulates the IP rights to employee side projects. Employees and 

employers face legal uncertainty and a patchwork of different state statutes on IP 

ownership of side projects. Given that side projects are an increasingly important avenue 

for innovation, the U.S. Congress is urged to legislate in order to strike a balance between 

the rights of both employers and employees. 

2.2 Legal Background of Employee Innovation 

2.2.1 Legal Framework for the IP Ownership of Employee Innovation 

In the U.S., the common law is a body of unwritten laws based on legal precedents, 

which influences adjudication processes in cases where a decision cannot easily be made 

based on existing statutes or written rules (Pound, 1908). The common law in employee 

inventions has evolved over the past century. Since 1933, the state courts have uniformly 

followed early federal precedents and the common law to address cases on employee 

inventions (Lafrance, 2002; Menell et al., 2018; Parker, 1984). The common law as to 

employee inventions can be simply stated as follows: (1) If there is an employment 
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contract expressly stating that an employee’s inventions belong to an employer, the 

employer retains the ownership of whatever the employee invents during the 

employment. (2) Even in the absence of such an IP assignment agreement, the employer 

retains the employee’s inventions if she is specifically employed to work on the 

inventions. (3) If the inventor is not hired for a specific invention, in the absence of an IP 

assignment agreement, the employer has an implied “shop right” to make and use the 

invention if the employee uses the materials, facilities, or time of the employer to create 

the invention. 

 Given the common law rule, employers can claim the ownership of employees’ 

every invention made during the employment period by devising written contracts, which 

are commonly known as pre-invention assignment contracts. A key issue is whether and 

when thoughts or ideas become an “invention.” If abstract ideas are considered 

inventions, employers can claim that however abstract they are, any of the employees’ 

inventions (ideas) that are conceived during the employment belong to them. Invoking 

this clause, they can even claim the rights to any inventions conceived by former 

employees after the termination of their employment for a certain duration (Caldwell, 

2006). To resolve this legal uncertainty, legislators, courts, and scholars have attempted 

to draw a line between an abstract idea that cannot be owned and an invention that 

constitutes IP (Lobel, 2014b). 

 To protect employee inventions from being claimed by employers, eight states in 

the U.S. have enacted legislation to limit the enforceability of IP assignment agreements 

(Table 2.1). For example, California Labor Code §2870-2872 states that “(a)ny provision 
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in an employment agreement that provides that an employee shall assign or offer to 

assign any rights in an invention to his/her employer shall not apply to an invention that 

the employee develops entirely on his or her own time without using the employer’s 

equipment, supplies, facilities, or trade secret information… Any provision that purports 

to do so shall be unenforceable and against the state’s public policy.” Such statutes 

protect employees’ ownership of their side projects if they are unrelated to employers’ 

business.  

2.2.2 The Blurring Line between Abstract Ideas and Tangible Inventions 

In the states without statutes that protect employees’ IP ownership of side projects, 

however, employers can use written contracts to claim the ownership of employees’ 

every invention that is deemed tangible. There have been concerns among scholars that 

the contractual rights of employers over employee knowledge and inventions have been 

over-expanded in the past few decades (Georgiev, 2021; Lobel, 2014b, 2020; Sample, 

2018). One example is the blurring line between employees’ abstract ideas and tangible 

inventions. In the case of Alcatel v. Brown, Evan Brown was a software developer in 

Texas who claimed to have had an idea for software since 1975, long before he joined 

DSC Communications (subsequently acquired by Alcatel). When Brown mentioned his 

idea to Alcatel before any tangible solution was developed and attempted to negotiate a 

deal to share the profits of a potential solution with his employer, Alcatel instead fired 

him and sued him for full ownership of the idea in April 1997. The 219th Judicial District 

Court of Texas found in July 2002 that the idea is an invention falling under the terms of 

the employment agreement between Brown and Alcatel, which entitles Alcatel with the 



 

  

  16  

“full legal right, title and interests” in any inventions (Lai, 2003; Lobel, 2014b). Although 

Brown appealed the ruling, the state appeals court turned it down in June 2004. 

 The decision in Alcatel v. Brown was based on a contractual perspective. The 

court held that “the invention disclosure agreement between Brown and DSC was valid 

and enforceable.” By signing the IP assignment agreement that covers “all inventions,” 

which “include but [are] not limited to all matters subject to patent,” Brown was 

obligated to fully disclose the idea to Alcatel. While pre-invention agreements are 

important to IT firms to protect their IP, the ruling of Alcatel v. Brown is controversial 

because the abstract idea created by Brown was not eligible for any of the four forms of 

IP—copyrights, patents, trademarks, or trade secrets—all of which require something 

tangible (Lai 2003; Lobel, 2014). Even when the court ordered Brown to fully disclose 

his idea to the company, it was incomplete and had not been confirmed as a workable 

solution. 

 The ruling of Alcatel v. Brown had a profound impact on the legal environment of 

employees’ side project ownership because it dictated that even incomplete side projects 

can still be claimed by employers through contracts. Moreover, the court’s adjudication 

on Brown’s IP assignment agreement set forth a precedent for future legal cases (Lai, 

2003) in the states following the common law, in which an employment contract has a 

compelling power on the IP ownership of employee inventions. This case has prompted 

employees to rethink how to protect the IP of their side projects (Alexandersson, 2017; 

Collins, 2017). Next is the discussion of the scope of this legal case’s influence. 
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2.2.3 Alcatel v. Brown as a Precedent 

An extensive search on major news outlets and academic literature shows that Alcatel v. 

Brown is the first case in which an employee’s abstract idea was considered an invention 

that can be claimed by an employer. It has attracted considerable attention from both the 

public and the academia (Lai, 2003; Lobel, 2014b; Sample, 2018). From a legal 

standpoint, however, the impact of Alcatel v. Brown as a precedent is not uniform 

throughout all states. 

 A precedent refers to a court’s decision that is used to adjudicate subsequent cases 

involving the same or similar facts or issues (Fon & Parisi, 2006; Schauer, 1987). There 

are two types of precedents: binding precedents and persuasive precedents. Binding 

precedents indicate a mandatory authority in which courts are obliged to follow the 

decisions of higher courts in the same jurisdiction. In this principle of binding precedents, 

a state district court is required to follow decisions by supreme or appeals courts in the 

same state or federal courts that preside over the state. On the other hand, while court 

decisions in other states are not binding, they do serve as persuasive precedents in 

influencing legal decisions (Lamond, 2010; Oyen, 2017; Painter & Mayer, 2017). In 

other words, when there is no explicit statute or binding precedent to follow, a state court 

can base its decision on persuasive precedents from other states and utilize legal 

reasoning and interpretations of laws from the persuasive precedents. For instance, in 

DOCRX, Inc. v. EMI Servs. of N.C., LLC, the North Carolina Court of Appeals applied 

the appellate court decisions from Utah (Bankler v. Bankler), Montana (Carr v. Bett), and 

Colorado (Craven v. Southern Farm Bureau Cas. Ins.) as persuasive precedents because 
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they addressed similar issues. More examples of persuasive precedents are provided in 

Appendix B. 

 Given that the ruling of Alcatel v. Brown was made by the District Court of Texas 

and affirmed by the Appeals Court of Texas, this case is a binding precedent for Texas 

courts. However, it influences judicial decisions in the other 41 states and the District of 

Columbia (D.C.) as a persuasive precedent, as these states and D.C. do not have explicit 

state statutes that delineate employee IP rights. In other words, the courts in these states 

may follow the ruling of Alcatel v. Brown in adjudicating similar employer-employee IP 

disputes (Oyen, 2017; Painter & Mayer, 2017). How persuasive precedents affect judicial 

decision-making has been extensively discussed in both legal and economic literature 

(e.g., Chen & Eraslan, 2020; Daughety & Reinganum, 1999; Dobbins, 2010; Fon & 

Parisi, 2006; Lamond, 2010). IS scholars also leverage the persuasive authority of some 

legal cases to investigate how the legal environment affects innovative activities. For 

instance, Wen et al. (2013) utilize the filing of SCO v. IBM to explore the effect of IP 

rights enforcement on open source software (OSS) projects activities in the SourceForge 

platform. Based on the foregoing discussion, it is expected that Alcatel v. Brown has had 

an impact not only in Texas but also in other states that do not have explicit protection 

statutes for employees’ IP ownership of side projects. 

2.3 Related Literature and Theoretical Mechanisms 

2.3.1 Prior Work on Employee Innovation 

Innovation is an important component of firms’ competitive strategy and plays an 

increasingly critical role in ensuring competitiveness in the global market (Ahuja & 
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Lampert, 2001; Newell, 2015; Schumpeter, 1975). In many knowledge-intensive 

industries, one of the main sources of firm innovation is employees’ creative ideas 

(Baumann & Stieglitz, 2014; Christensen & Bower, 1996; Gong et al., 2009). The source 

of employee creativity has been investigated from different aspects in prior literature. 

Prior studies have examined the relationship between employee creativity and personal 

characteristics, such as proactive personality, emotional intelligence, self-awareness, and 

intrinsic motivation (Jafri et al., 2016; Kim et al., 2009; Oldham & Cummings, 1996; 

Silvia & Phillips, 2004). Organizational context is considered another essential factor that 

influences employee creativity and innovation. Researchers find that managers’ 

transformational leadership fosters a supportive innovation climate for employees (Gong 

et al., 2009; Jaiswal & Dhar, 2015; Tse et al., 2018). Workplace learning is found to be 

associated with employee creativity (Hirst et al., 2009; Høyrup, 2010), highlighting the 

importance of skill sets in the innovation process. Firms are also advised to create 

effective organizational incentive structures (e.g., compensation, autonomy) to encourage 

employees to innovate (Sauermann & Cohen, 2010; Yanadori & Cui, 2013). Overall, 

most of the prior work focuses on employee innovation at work.  

2.3.2 Employees’ Side Project Activities 

Notwithstanding the importance of employee innovation at work, a growing stream of 

literature has recently investigated employee innovation away from the workplace. Davis 

and Davis (2007) propose a concept of “spare time” (or “leisure time”) invention, which 

describes products that employees invent outside of formal employment agreements. The 

motivation for employees to work on these inventions can include development of new 
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products or services, learning of new skills, future employment opportunities, or purely 

personal enjoyment. Researchers also find that inventive activities in leisure time and 

work time are different in terms of the types of problems, project sizes, and 

innovativeness (Davis et al., 2013; Harhoff & Hoisl, 2007). Contributing to OSS projects 

is considered one of the most common side project activities (Mehra et al., 2011; Roberts 

et al., 2006). A large body of the IS literature has examined the motivations of software 

developers in OSS projects (Hertel et al., 2003; Krogh et al., 2012; Lerner & Tirole, 

2003; Roberts et al., 2006; Shah, 2006; Singh & Phelps, 2013), including monetary 

rewards, career opportunities, reputation, self-accomplishment, and perceived autonomy.  

 Firms can benefit greatly from employees’ involvement in personal side projects. 

Prior studies have emphasized the role of employees’ informal learning for innovation 

(Susomrith & Coetzer, 2019; Svensson et al., 2004), which takes place not only within 

organizations but also outside (Clardy, 2000; García-Peñalvo & Conde, 2014). Working 

on side projects is regarded as an important opportunity for learning-by-doing. For 

example, working on OSS projects has been shown to improve developers’ technical 

skills (Hemetsberger & Reinhardt, 2006; Singh et al., 2011), resulting in increased 

productivity at their day-to-day work (Bonaccorsi & Rossi, 2006; Mehra et al., 2011). 

Learning outside of the workplace can also lead to higher job satisfaction and potential 

career advancement, which improves employee performance and innovativeness (Huang 

& Zhang, 2016). Another mechanism through which firms benefit from employee side 

projects is expansion in their knowledge base. Researchers find that employees’ side-

project ideas usually solve different problems from formal work tasks (Davis et al., 2013; 
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Harhoff & Hoisl, 2007). Given that the recombination of diverse knowledge and ideas is 

a source of breakthrough innovation (Arts & Veugelers, 2015; Gruber et al., 2013), 

employees can contribute to firm innovation to a greater extent when they work on 

different problems for personal side projects. Working on side projects also serves as an 

opportunity for employees to build their social network, which can also become part of 

firms’ broader innovation network, facilitating knowledge transfer and stimulating 

individual creativity and firm-wide innovation (Perry-Smith & Niversity, 2017; Sosa, 

2011).  

 Despite a growing interest in employee side projects from academics, this topic 

remains understudied. This study extends prior research by exploring the influence of IP 

ownership of employee side projects on innovation. 

2.3.3 Impact of Side Project IP Ownership on Innovation 

Prior literature suggests that firms should be able to claim ownership of internal ideas to 

protect knowledge from expropriation and imitation (Arora & Ceccagnoli, 2006; 

Hellmann & Perotti, 2011; Liebeskind, 1996). By claiming the IP rights over employee 

side projects, employers can ensure that ideas are communicated throughout their 

organizations and reduce the risk of misappropriation.  

 There are two mechanisms through which employers’ claims to side projects can 

promote organization-wide innovation. First, compared to individual inventors, firms 

have greater resources, networking environments, and collaborative infrastructures, all of 

which are key factors for fostering an innovative climate (Scott & Bruce, 1994). 

Researchers find that inventors working alone, especially those without affiliations with 
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organizations, are less likely to achieve breakthroughs or successful inventions (Singh & 

Fleming, 2010). In the setting, when the IP ownership of side projects belongs to firms, 

networking and collaboration within the firms can stimulate and spur more innovations 

among employees. Second, firms with more control rights over IP are incentivized to 

invest more in creating new knowledge (Leiponen, 2008; Levin et al., 1987). Although 

side projects are beyond the scope of employment, the enhanced skill sets of employees 

through learning-by-doing are a source of firm innovation. Firms recognize the 

importance of side projects. For instance, working on OSS is considered an informal 

learning opportunity for software developers (Mehra et al., 2011; Mehra & Mookerjee, 

2012). If the IP ownership of side projects belongs to firms, they are more likely to invest 

in their employees’ skill development and encourage innovations not only in side projects 

but also in their main positions. 

 Although the literature on firms’ IP controls and human capital development 

suggests a positive impact of employers’ IP ownership of side projects on innovation, 

there are theoretical reasons to predict the opposite. Employers’ IP ownership of side 

projects raises concern among employees as to whether it is fair for employers to claim 

rights to their work beyond the scope of employment. There has been an intense debate 

over the ownership of employee knowledge and innovation (Dzinkowski, 2000; Grant, 

1996; Rechberg & Syed, 2013). Contigiani et al. (2018) find that strengthening employer-

friendly policies for trade secrecy adversely affects innovation. Research shows that a 

climate of innovation (i.e., employees’ belief that their creativity is encouraged in the 

workplace) and a climate of autonomy (i.e., employees’ self-determination with respect 
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to work procedures, goals, and priorities) are both positively related to employee 

innovation (Durcikova et al., 2011). When side projects are owned by employers, 

employees feel uncertain of whether their ideas receive enough attention from 

collaborators. Also, losing control of side projects reduces their autonomy. It hinders 

their creativity, interests, and enthusiasm, not only in their side projects but also in their 

overall innovative activities (Durcikova et al., 2011).  

2.3.4 Industry Differences: IT vs. Non-IT Industries 

While Alcatel v. Brown centers on an employee’s idea on software, its influence is not 

limited to software, and spans a wide range of industries. Hence, there is the following 

question: Does the effect of Alcatel v. Brown vary across industries? It is expected that 

the ruling affects industries in which side project activities are more prevalent (such as IT 

industries) to a greater extent, for the following reasons. 

 First, IT professionals are more likely to be expected to remain technically 

competent and up-to-date with current knowledge than those in other industries because 

IT knowledge and skills both evolve and become obsolete more quickly (Joseph & Ang, 

2010; Tsai et al., 2007). Prior literature investigates how firms leverage OSS as an 

opportunity for informal learning that allows software developers to excel in their main 

job (Mehra et al., 2011; Mehra & Mookerjee, 2012), suggesting that diverse experience is 

critical for IT professionals. Moreover, since the 1980s, a sharp decline in computer 

prices makes it much cheaper for IT professionals to work on side projects than it is for 

other high-skilled workers (e.g., chemical engineers). Writing computer codes does not 

require large-scale infrastructures, compared to knowledge work in other industries. This 
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makes it more feasible for IT professionals to work on side projects than for other 

knowledge workers. 

 In addition, prior literature suggests that disputes over knowledge ownership are 

more fierce in information-based industries (Stone, 2002). Employees in the industries 

where much of the value of an innovation is tied to individual human capital are more 

likely to claim ownership of their side projects. Thus, given the different levels of IP 

ownership expectations, the negative effect of employers’ IP ownership of side projects 

should more salient in IT industries than in other industries. 

2.4 Preliminary Survey Analysis 

To better understand how the legal regime on IP protection of employee-driven 

innovation affects the motivation to work on side projects, I conduct a survey regarding 

IT professionals’ opinions on side project activities on Amazon Mechanical Turk. The 

detailed results of the survey are in Appendix C. In this survey, 104 respondents are 

recruited from the IT industries (100 full-time employees and 4 part-time employees) and 

asked about their job title, side project activities, and motivations for working on side 

projects. The survey finds that 92% of the respondents have ongoing personal side 

projects. The top three reasons for working on side projects are learning new skills 

(25%), career development (23%), and building networks (15%). 84% of the respondents 

agree with the statement that working on side projects benefits their normal work. 

 The survey next asks their opinions on the IP assignment of side projects. Over 

half of the respondents (53%) believe that employees should own the IP of their side 

projects, and 22% of them suggest that employers and employees should share the IP. 
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When asked about their employers’ IP policy, 47% of the respondents state that their 

employers allow them to own their side projects in some conditions. This finding is 

similar to another survey of OSS contributors in the work of Nagle et al., (2020) 

regarding whether their employers allow them to work on OSS projects in their spare 

time. 

 The survey next asks whether the respondents are aware of state laws on 

employees’ invention ownership (e.g., California Labor Code §2870-2872). 79% of the 

respondents state that they are aware of the law, and 18% state that they are very familiar 

with the details of the law. 65% of the respondents state that they would work more on 

side projects if they lived in a state with statutes that limit the employers’ power to claim 

the IP of employees’ side projects. When asked whether they are aware of Alcatel v. 

Brown, 58% of the respondents chose “Yes.” 77% state that they have been more 

concerned on the IP assignment of side projects after learning this legal case. 

 In summary, this survey suggests that working on side projects is popular among 

IT professionals, and they are mindful of the legal environment of side project ownership.  

Figure 2.1. The Timeline of Alcatel v. Brown 
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2.5 Data and Methods 

2.5.1 Treatment: Alcatel v. Brown 

In this subsection, the empirical setting is discussed. Given that Alcatel v. Brown serves 

as a precedent for the courts’ decisions on future IP-assignment cases, the filing and final 

decision of Alcatel v. Brown are considered two exogenous shocks. The time period is 

1992-2011. Since the lawsuit lasted for seven years (1997-2004), two treatment variables 

(Lawsuit and Decision) are introduced to capture the time in which the case was filed 

(1997) and the time in which the appeal was denied (2004), respectively. The timeline of 

Alcatel v. Brown is shown in Figure 2.1.  

Figure 2.2. The Treatment and the Control Groups  

 
Note: The states in blue are in the treatment group that follows the precedent of Alcatel v. Brown and offer no 
protection for employee ownership of IP (NoStatutes = 1). Specifically, Alcatel v. Brown is a binding precedent for the 
state in dark blue (i.e., Texas) and a persuasive precedent for those in light blue (i.e., the treated states other than 
Texas). The states in green are in the control group that explicitly protects employee ownership of their own IP, 
including side projects (NoStatutes = 0). 

 There are three time periods: (1) before the filing of the case (Lawsuit = 0, 

Decision = 0), (2) after the filing but before the decision (Lawsuit = 1, Decision = 0), and 
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(3) after the decision (Lawsuit = 0, Decision = 1). In other words, the three periods are (1) 

1992–1996, (2) 1997–2003, and (3) 2004–2011. Accordingly, the analysis makes two 

comparisons in the DID model: Relative to the control group, the change of the treatment 

group is discussed not only between Period 1 and Period 2 but also between Period 1 and 

Period 3.  

Table 2.2. Variable Definitions and Summary Statistics 
Variable Description Obs. Mean Std. Dev. Min. Max. 

Panel A. County-Year Level (56,100 observations) 

ln(NumPatent)it 
Log (the number of patents filed in 
county i in year t + 1) 56100 1.765 1.820 0.000 10.164 

NoStatutesi 
1 if county i is in a state that has no 
statutes protecting employees’ IP 
ownership of side projects  

56100 0.825 0.380 0.000 1.000 

Lawsuitt 
1 if the lawsuit has been filed in or 
before year t but a decision has not 
been made, zero otherwise. 

56100 0.350 0.477 0.000 1.000 

Decisiont 
1 if the final decision has been made 
for the lawsuit in or before year t, zero 
otherwise. 

56100 0.400 0.490 0.000 1.000 

ln(Population)it Log of population in county i in year t 56100 10.354 1.349 6.236 16.107 

ln(Employment)it 
Log of the number of jobs in county i 
in year t 56100 9.642 1.400 5.720 15.555 

ln(Wage)it  
Log of county wage in county i in year 
t 56100 12.579 1.650 7.375 19.256 

Incomeit  Per capita income in county i in year t 56100 25773.58 8627.919 7096 156745 
Panel B. County-Year-Class Level (112,040 observations) 

ln(NumPatent)ijt 
Log (the number of patents filed in 
county i in year t in class j [IT or non-
IT] + 1) 

112040 1.145 1.562 0.000 9.810 

ITj 
1 if the observation is of the IT 
category 112040 0.5 0.5 0 1 

 

 Figure 2.2 describes the treatment and control groups. Because the eight states in 

Table 2.1 limit the enforceability of employment contracts in the IP-assignment disputes, 

the ruling of Alcatel v. Brown does not serve as a precedent in these states. I thus 

designate the eight states to the control group. The other 42 states and D.C. are 

designated to the treatment group. To further illustrate the difference between the effects 
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of the binding and the persuasive precedents, I consider two separate treatment groups – 

Texas versus non-Texas treated states (i.e., the other 41 states and D.C.). 
 

2.5.2 Variable Definitions 

Dependent Variables –patents are used as a measure for innovation in the main models. 

Patents are one of the most widely used measures for innovation in many industries, 

including the software industry (Chung et al., 2019; Graham & Mowery, 2003; Park et 

al., 2007; Samila & Sorenson, 2011). While using patents to measure innovation has 

some limitations (e.g., some innovations are not patentable), it has many advantages as 

well. First, patents are directly related to innovation because they are focused on 

providing improvements or solutions with discernible utility that are also externally 

validated for technical novelty (Ahuja & Katila, 2001). Second, among the three IP types 

(i.e., copyrights, patents, and trademarks), patents offer the most protection related to the 

technical aspects of innovation. For example, while some types of software may fall into 

areas protected by both patents and copyrights, the utility patent system provides more 

protection for the technical aspects of software, which are not protected by copyrights 

(Cohen & Lemley, 2001). Third, patent data provides a large number of details across 

sectors and over time, which helps us conduct more in-depth analyses by patent types. 

For example, both individuals and firms may claim ownership of a patent, allowing us to 

distinguish individually-owned patents from firm-owned (Singh & Fleming, 2010).  

 The patent data comes from the U.S. Patent and Trademark Office (USPTO), 

which provides detailed patent-level information. This study also uses data from Fung 

Institute for Engineering Leadership [FIEL] (Lai et al., 2011) to identify the inventors of 
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each patent and each inventor’s address, based on the location of each patent. From the 

two datasets, a county-year-level panel dataset that includes the number of utility patents 

in 2,805 counties from 1992–2011 is constructed.5 To examine the overall effect of 

Alcatel v. Brown on innovation, ln(NumPatent)it is considered as a dependent variable, 

which is the log of patent counts in county i filed in year t. To further examine the 

heterogeneous effect of Alcatel v. Brown across industries, this work leverages patent 

class categorizations based on common subject matters from the USPTO. Patents in the 

category “Computer and Electronic Products” are defined as IT-related patents (ITj=1), 

and those in the other classes are non-IT-related ones (ITj=0). 6  

Independent Variables – There are two treatment variables (Figure 2.1): Lawsuitt, which 

equals one if the lawsuit was filed, but the final decision was not yet made in or before 

year t, and Decisiont, which equals one if the final decision was rendered in or after year 

t. The model includes NoStatutesi, which is equal to 1 if county i is in the treatment group 

(i.e., the states with no statutes for protecting employees’ IP ownership of side projects).  

Control Variables – There is a set of controls to capture time-varying observable 

heterogeneity in each county, including population, employment, income, and wage.  

 Table 2.2 presents the descriptions of all variables, and the correlations are in 

Appendix D.   

 
5 All the patents granted are collected and then aggregated according to filing years. A patent with multiple inventors 
from different counties is counted multiple times. For example, if a patent is invented by two inventors from County A 
and County B, it is counted in both counties. 
6  The USPTO maps the patent classes into 26 industry categories based on the 2002 North American Industry 
Classification System. There are 180 patent classes/subclasses under the category of “Computer and Electronic Products,” 
including hardware and software patents. 
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 The formal DID specification is shown below. 

ln(NumPatent)it = β11NoStatutesi×Lawsuitt+β12NoStatutesi×Decisiont  

+CountyFE+YearFE+Controlsit+εit                                   (1) 

ln(NumPatent)ijt =β21NoStatutesi×Lawsuitt+β22NoStatutes
i
×Decisiont+β23ITj×NoStatutesi   

+β24ITj×Lawsuitt+β25ITj×Decisiont+β26ITj×NoStatutes
i
×Lawsuitt 

+β27ITj×NoStatutes
i
×Decisiont+CountyFE+YearFE+Controlsit+εijt   (2) 

where CountyFE and YearFE represent county and year fixed-effects, respectively, and 

Controlsit is a vector of control variables. Robust standard errors are clustered at the 

county level. NoStatutesi×Lawsuitt and NoStatutesi×Decisiont in Eq. (1) are to examine 

the effect of Alcatel v. Brown on innovation in all industries. NoStatutesi×Lawsuitt×𝐼𝑇! 

and NoStatutesi×Decisiont×𝐼𝑇! in Eq. (2) are to examine whether the effect of Alcatel v. 

Brown differs between IT and non-IT industries. 

 While the treatments in the study (the filing and the final decision in Alcatel v. 

Brown) are exogenous events, there are several potential endogeneity concerns to 

address. First, there might be a selection bias in which the eight states in the control 

group are systematically different from the treated states. While the estimations include 

county fixed-effects, such differences could result in some unobserved heterogeneity that 

is corrected with the treatment. Second, there is a concern of reverse causality in that the 

ruling of Alcatel v. Brown was made in Texas, because Texas was less active in 

innovation than other states. To address these concerns, an extensive set of additional 

analyses are discussed in the following sections. 
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2.6 Results 

2.6.1  Main Analysis  

The estimation results of Eq. (1) are in Table 2.3. The coefficients of NoStatutes×Lawsuit 

and NoStatutes×Decision in Column 1 indicate that in the counties with no statutes 

protecting employees’ IP ownership of side projects (i.e., the treatment group), Alcatel v. 

Brown has a negative and significant effect on the number of patents filed. More 

specifically, the coefficient of NoStatutes×Lawsuit suggests that there was a 5.3% 

decrease in patent filing counts in the treatment group after Alcatel v. Brown was filed.7 

The coefficient of NoStatutes×Decision indicates that there was a 12% decrease in patent 

counts in the treatment group after Brown’s appeal was rejected. 

 To further examine the heterogeneous effect of Alcatel v. Brown in Texas (where 

Alcatel v. Brown is a binding precedent) and the other treated states (where it serves as a 

persuasive precedent), the treated group is divided into two subgroups: Texas and non-

Texas states and replicate Eq. (1) in the two subgroups separately. The coefficients in 

Columns 2 and 3 indicate that the number of patent counts not only in Texas but also in 

the other treated states decreases after Alcatel v. Brown. In addition, the magnitude of the 

treatment suggests a greater impact of Alcatel v. Brown in Texas (Column 2) than in the 

other treated states (Column 3), although a Chow test shows that the difference is not 

statistically significant. Eq.(1) is replicated by using two dummy variables – TXi and 

NonTXi. The results are presented in Table E.1 (Appendix E). The magnitude of 

Lawsuit×TX (Decision×TX) is greater than that of Lawsuit×NonTX (Decision×NonTX). 

 
7 e-0.0542-1 = -0.0527. Similar calculations apply to the subsequent coefficient interpretations. 
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This finding is in line with the logic that Alcatel v. Brown serves as a binding precedent 

in Texas and as a persuasive precedent in the other states in the treatment group.  

 Table 2.3. DID Models: Number of Patents 
 (1) (2) (3)  (4) (5) (6) 
Level County: County: County:  County: County: County: 
Treatment  2 Treatments 2 Treatments 2 Treatments  1 Treatment 1 Treatment 1 Treatment 
Treatment Group All Texas Non-Texas  All Texas Non-Texas 
VARIABLES ln(NumPatent)  ln(NumPatent) 
NoStatutes×Lawsuit -0.0542* -0.0988** -0.0499*     
 (0.0214) (0.0355) (0.0215)     
NoStatutes×Decision -0.125*** -0.158*** -0.123***     
 (0.0275) (0.0435) (0.0277)     
NoStatutes×Ruling     -0.102*** -0.118*** -0.101*** 
     (0.0206) (0.0315) (0.0207) 
ln(Population) -0.149 -0.144 -0.142  -0.151 -0.168 -0.143 
 (0.0781) (0.182) (0.0824)  (0.0781) (0.180) (0.0824) 
Income -9.01e-07 -3.43e-06 -9.48e-07  -8.71e-07 -3.33e-06 -9.23e-07 
 (1.45e-06) (3.81e-06) (1.49e-06)  (1.45e-06) (3.81e-06) (1.49e-06) 
ln(Employment) 0.176* 0.202 0.211*  0.178* 0.219 0.213* 
 (0.0861) (0.162) (0.0932)  (0.0861) (0.162) (0.0933) 
ln(Wage) -0.0422 -0.00303 -0.0625  -0.0442 -0.00995 -0.0643 
 (0.0556) (0.113) (0.0596)  (0.0556) (0.113) (0.0596) 
County/Year FE Yes Yes Yes  Yes Yes Yes 
Observations 56,100 14,060 51,840  56,100 14,060 51,840 
R-squared 0.927 0.933 0.927  0.923 0.933 0.922 

Note: Robust standard errors clustered at county level. *** p < 0.001, ** p < 0.01, * p < 0.05 

 In the main analysis, Lawsuit and Decision are to investigate the effect of Alcatel 

v. Brown on innovation at different stages (Figure 2.1). One might argue that the time of 

the first ruling in the District Court (2002) is more important. However, in Table 2.3, 

Columns 4-6, the analysis uses one treatment variable—Ruling (i.e., the ruling by the 

District Court in 2002)—and compare patent filings before and after the first ruling. The 

results remain consistent. 
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Table 2.4. DID Models: Number of Patents in IT Industries vs. Non-IT Industries 
 (1) (2) (3) (4) 
Level County County County County 
Treatment 2 Treatments 2 Treatments 2 Treatments 2 Treatments 
Treatment Group All  All Texas Non-Texas  
VARIABLES ln(NumPatent) ln(NumPatent) ln(NumPatent) ln(NumPatent) 
IT -0.699*** -0.762*** -0.762*** -0.762*** 
 (0.0127) (0.0312) (0.0312) (0.0312) 
IT×Lawsuit 0.0997***    
 (0.00873)    
IT×Decision 0.353***    
 (0.0100)    
IT×NoStatutes  0.0759* 0.234*** 0.0598 
  (0.0341) (0.0556) (0.0344) 
IT×Lawsuit  0.127*** 0.127*** 0.127*** 
  (0.0231) (0.0231) (0.0231) 
NoStatutes×Lawsuit  -0.0300 -0.0594* -0.0257 
  (0.0198) (0.0301) (0.0200) 
IT×NoStatutes×Lawsuit  -0.0334 -0.0205 -0.0347 
  (0.0250) (0.0377) (0.0251) 
IT×Decision  0.414*** 0.414*** 0.414*** 
  (0.0282) (0.0282) (0.0282) 
NoStatutes×Decision  -0.0307 0.0263 -0.0347 
  (0.0241) (0.0377) (0.0243) 
IT×NoStatutes×Decision  -0.0737* -0.138** -0.0672* 
  (0.0301) (0.0429) (0.0303) 
Controls Yes Yes Yes Yes 
County/Year FE Yes Yes Yes Yes 
Observations 112,040 112,040 28,080 103,520 
R-squared 0.878 0.878 0.890 0.878 

Note: Robust standard errors clustered at county level. *** p < 0.001, ** p < 0.01, * p < 0.05  

 Next, I investigate whether IT industries are more likely to be affected by Alcatel 

v. Brown than other industries. In Table 2.4, Column 1, the coefficients of IT×Lawsuit 

and IT×Decision are positive and significant, suggesting that after Alcatel v. Brown, the 

number of IT-related patents rose to a greater extent than that of non-IT patents. The 

estimation results of Eq. (2) with all treated states, Texas, and non-Texas treated states 

are in Table 2.4, Columns 2, 3, and 4, respectively. The negative and significant 

coefficients of IT×NoStatutes×Decision in Columns 3 and 4 indicate that following the 
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final ruling of Alcatel v. Brown, patent filing counts decreased to a greater extent in the 

IT industries than in the other industries. In Table 2.5, I further estimate Eq. (1) for IT 

patents only. The coefficients of NoStatutes×Lawsuit and NoStatutes×Decision in 

Column 1 indicate that there was a 6% decrease in IT patent counts in the treatment 

group after Alcatel v. Brown was filed and a 10% decrease after the final decision. 

Table 2.5. DID Models: Number of IT Patents 
 (1) (2) (3) 

Level County Level: County Level: County Level: 
Treatment 2 Treatments 2 Treatments 2 Treatments 

Treatment Group All Texas Non-Texas  
VARIABLES ln(NumITPatent) ln(NumITPatent) ln(NumITPatent) 

NoStatutes×Lawsuit -0.0631** -0.0858** -0.0603** 
 (0.0204) (0.0326) (0.0205) 

NoStatutes×Decision -0.104*** -0.121*** -0.103*** 
 (0.0226) (0.0328) (0.0228) 

Controls Yes Yes Yes 
County/Year FE Yes Yes Yes 

Observations 56,020 14,040 51,760 
R-squared 0.918 0.931 0.917 

Note: Robust standard errors clustered at county level. *** p < 0.001, ** p < 0.01, * p < 0.05 

 Overall, Tables 2.3 — 2.5 suggest that transferring IP rights of side projects from 

employees to employers hampers innovation. This effect materialized throughout the 

lawsuit and after the Appeals Court made the final decision. Furthermore, this negative 

effect is stronger in the IT industries than in other industries, suggesting that shifting the 

IP rights of side projects to employers had a greater deterrent effect on the innovation in 

the IT industries. 

 Our survey results also offer insights into why innovation activities have declined 

in the treatment group following Alcatel v. Brown. Over half of the respondents (53%) 

believe that employees should own the IP of their side projects. 65% of the respondents 

say that they would work more on side projects if they lived in a state with statutes that 
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limit the employers’ power to claim the IP of side projects. These results suggest that the 

legal regime of side projects’ ownership significantly influences employees’ incentives to 

innovate. Since 77% of the respondents state that they have been more concerned about 

the IP assignment of side projects after learning Alcatel v. Brown, the fact that the ruling 

provides employers more power to claim the IP of employees’ side projects in the 

treatment group has a negative impact on employees’ innovation output. 

2.6.2 Relative Time Model 

A set of tests are conducted to ensure that the analyses meet the parallel trends 

assumption, which is a key underlying assumption of the DID model (Angrist & Pischke, 

2009; Bertrand et al., 2004). It requires that the trend in the patent counts of the treatment 

group be parallel to that of the control group before the treatment (Alcatel v. Brown). A 

relative time model (Autor, 2003) is employed to formally assess the validity of this 

assumption (Table E.2 in Appendix E). The results show how the effect of Alcatel v. 

Brown changes over time, illustrating that the effect has not materialized until the ruling 

of the District Court was made in 2002.  

2.7 Additional Analyses 

2.7.1 Individually-Owned versus Firm-Owned Patents  

In the main analysis, patent filings are utilized to measure innovation. Note that patents 

can be filed by firms and individual inventors (Singh & Fleming, 2010). To further 

explore the effect of Alcatel v. Brown on the number of patents filed by firms and by 

individuals, the patents are grouped based on whether ownership is assigned to an 

individual or a firm and split the data into two subsamples: firm-owned patents vs. 
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individual-owned patents. In Table 2.6, the coefficients of NoStatutes×Lawsuit and 

NoStatutes×Decision indicate that following Alcatel v. Brown, the number of patents 

filed by firms dropped significantly (Columns 1-3), but patents filed by individual 

inventors did not experience a significant decrease (Columns 4-6). This finding holds in 

both Texas (Column 2) and other treated states (Column 3).  

Table 2.6. DID Models: Subsamples of Firm-Owned vs. Individual-Owned Patents 
 
Sample 
 
Level 
Treatment 
Treatment Group 

(1) 
Firm-Owned 

 
County 

2 Treatments 
All 

(2) 
Firm-Owned 

 
County 

2 Treatments 
Texas 

(3) 
Firm-Owned 

 
County 

2 Treatments 
Non-Texas 

 (4) 
Individual-

Owned 
County 

2 Treatments 
All 

(5) 
Individual-

Owned 
County 

2 Treatments 
Texas 

(6) 
Individual-

Owned 
County 

2 Treatments 
Non-Texas 

VARIABLES ln(NumFirmPatent)  ln(NumIndPatent) 
NoStatutes×Lawsuit -0.0594** -0.0945** -0.0563*  -0.0130 -0.0338 -0.0101 
 (0.0229) (0.0355) (0.0230)  (0.0166) (0.0263) (0.0167) 
NoStatutes×Decision -0.146*** -0.189*** -0.143***  0.0144 0.0539 0.0114 
 (0.0295) (0.0447) (0.0296)  (0.0184) (0.0277) (0.0185) 
Controls Yes Yes Yes  Yes Yes Yes 
County/Year FE Yes Yes Yes  Yes Yes Yes 
Observations 56,100 14,060 51,840  56,100 14,060 51,840 
R-squared 0.926 0.935 0.926  0.841 0.864 0.836 

Note: Robust standard errors clustered at county level. *** p < 0.001, ** p < 0.01, * p < 0.05 

 The results in Table 2.6, Columns 1-3 illustrate that the decision of Alcatel v. 

Brown, which grants more rights to firms to claim the IP of employees’ side projects, in 

fact hurts the firms’ innovation activities. This makes sense, given that firms can benefit 

from their employees’ skills and knowledge from side projects. As explained above, by 

working on side projects, employees can advance their skills, expand their knowledge 

scope, develop their social network, and enhance their job satisfaction, all of which 

would contribute to firm innovation. The results indicate that when firms are legally 

allowed to own the IP rights of employee side projects, doing so in fact hampers 

employees’ motivation for learning and developing new skills, which then undermines 
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firms’ innovation. 

2.7.2 Additional Measures of Employee Innovation: GitHub and Kickstarter 

The results in Table 2.6 suggest that individually-owned patent filing did not significantly 

decrease after Alcatel v. Brown. One possible reason is that not all side projects are 

patentable. To further demonstrate how Alcatel v. Brown affects employee innovation, I 

use two additional data sources to supplement the main analyses. One is GitHub, one of 

the major software code hosting services, which provides us an opportunity to observe 

software-related side projects. Another source is Kickstarter, a platform for crowdfunding 

projects. Crowdfunding has become a popular channel for inventors to raise donation-

based funding and turn their creative ideas into tangible products (Robinson, 2017).  

 It is worth noting that because GitHub and Kickstarter were established in 2004, 

(after the final ruling of Alcatel v. Brown), it is impossible for us to apply the DID model 

to analyze these innovation outputs. Two post-hoc analyses are conducted to examine 

how the statutes of IP ownership of side projects are correlated with the activities on 

GitHub and Kickstarter. Specifically, this work collects the GitHub project data in 2012-

2019 and the Kickstarter project data in 2010-2019. Based on users’ location information, 

two panel datasets at the state-year level are considered. 

 There are two dependent variables: (1) NumGithubProjectPerUserit, which is the 

number of new GitHub projects initiated in year t by users located in state i divided by 

the total number of GitHub users in state i in year t, and (2) ln(NumKickstarterProject)it, 

which is the log of the number of new Kickstarter projects initiated in year t by inventors 

located in state i. The independent variable NoStatutesi is a dummy variable that is equal 
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to 1 if state i has no statutes protecting employees’ IP ownership of side projects (i.e., the 

treated states in Figure 2.2). The model includes a set of time-varying state-level control 

variables such as population, employment, gross domestic product, and income level. The 

model specifications are in Eq. (3) and (4). Since GitHub is primarily used by IT 

professionals, the wage and number of IT jobs are controlled in Eq. (3).  

NumGithubProjectPerUserit= β6NoStatutesi+Controlsit+Year Dummies + εit     (3) 

ln(NumKickstarterProject)it = β7NoStatutesi+Controlsit+Year Dummies + εit     (4) 

Table 2.7. Alternative Measures of Employee Innovation: GitHub and Kickstarter 
Project Activity  

 
Level 
Observations 

(1) 
State 

All States 

(2) 
State 

Excluding California 

 (3) 
State 

All States 

(4) 
State 

Excluding New York 
VARIABLES NumGithubProjectPerUser  ln(NumKickstarterProject) 
NoStatutes -0.248*** -0.239*  -0.354*** -0.378*** 
 (0.089) (0.094)  (0.071) (0.071) 
Controls Yes Yes  Yes Yes 
Year Dummies Yes Yes  Yes Yes 
Observations 408 400  500 490 
R-squared 0.671 0.665  0.864 0.860 

Note: Robust standard errors clustered at state level. *** p < 0.001, ** p < 0.01, * p < 0.05 

 The results are in Table 2.7. The negative coefficients of NoStatutesi in Columns 

1 and 3 suggest that those in the eight states with explicit statutes that protect the 

employees’ IP ownership of side projects are more likely to create GitHub projects and 

launch Kickstarter projects. To alleviate the concern that the states where these two 

platforms are founded might have more users, the sample excludes California (where 

GitHub was founded) and New York (where Kickstarter was founded) from the two 

samples. The results in Table 2.7, Columns 2 and 4, are consistent. While the results in 

Table 2.7 do not indicate causality, they show that state statutes to protect employees’ IP 

ownership of side projects are correlated with greater activities on GitHub and 
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Kickstarter, consistent with the main results. 

Table 2.8. DID Models: Number of Employee Spinouts 
 
Level 
Treatment 
Treatment Group 

(1) 
State  

2 Treatments 
All 

VARIABLES ln(NumSpinoutFounder) 
NoStatutes×Lawsuit -0.454 
 (0.270) 
NoStatutes×Decision -1.058* 
 (0.513) 
Controls Yes 
State/Year FE Yes 
Observations 780 
R-squared 0.681 

Note: Robust standard errors clustered at state level. *** p < 0.001, ** p < 0.01, * p < 0.05 

2.7.3 An Additional Measure of Employee Innovation: Entrepreneurship 

Entrepreneurship is another important indicator of innovation. As discussed above, not all 

employee innovations are patentable. Some employees may leave their employers and 

use their innovations to start their own businesses and become entrepreneurs. To further 

explore the impact of side project IP ownership, I investigate how Alcatel v. Brown 

affected employee spinouts, which are new business ventures started by ex-employees of 

incumbent firms. From Crunchbase, a website that tracks startup activities, there are 

1,421 employees who have started a new business within five years of leaving their 

previous employers in 39 states in 1992-2011. I replicate Eq. (1) with 

ln(NumSpinoutFounder)it, which is the log of the number of spinout founders in state i in 

year t. The state and year fixed effects are included. In Table 2.8, the coefficient of 

NoStatutes×Decision indicates that the number of spinout founders declined after Alcatel 

v. Brown.  
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Table 2.9. DID Models: Inventor Mobility across States 
 
Level 
Treatment 
Treatment Group 

(1) 
County Level: 
2 Treatments 

Texas 

(2) 
County Level: 
2 Treatments 

Texas 

(3) 
County Level: 
2 Treatments 
Non-Texas 

(4) 
County Level: 
2 Treatments 
Non-Texas 

VARIABLES ln(InventorInflow) ln(InventorOutflow) ln(InventorInflow) ln(InventorOutflow) 
NoStatutes 
×Lawsuit 

-0.0916* -0.0664 -0.0284 -0.0141 
(0.0361) (0.0348) (0.0191) (0.0190) 

NoStatutes 
×Decision 

-0.0327 0.0123 -0.0171 -0.0160 
(0.0353) (0.0301) (0.0165) (0.0156) 

Controls Yes Yes Yes Yes 
County/Year FE Yes Yes Yes Yes 
Observations 9,440 9,440 34,360 34,360 
R-squared 0.792 0.798 0.747 0.759 

Note: Robust standard errors clustered at county level. *** p < 0.001, ** p < 0.01, * p < 0.05 

2.7.4 Inventor Mobility across States 

One possible explanation for decreased innovation after Alcatel v. Brown is that out of 

fear of losing their IP rights to their employers, inventors might have moved to states that 

provide more protection for their IP rights, resulting in a decline in innovation in the 

treated states. To explore this possibility, this work tests whether inventor mobility across 

states changed after Alcatel v. Brown. The data on inventor locations from FIEL (Lai et 

al. 2011) are used to create two dependent variables: ln(InventorOutflow)it, which is the 

log of the number of inventors who moved from the focal state to other states in county i 

in year t, and ln(InventorInflow)it, which is the log of the number of inventors who 

moved from other states to the focal state.  

 The results are in Table 2.9. No significant change in inventor mobility, in terms 

of both outflow and inflow, across states after Alcatel v. Brown is found. I also replicate 

the main analysis (Table 2.3) by excluding those inventors who moved; the results in 

Table E.3 (Appendix E) are similar to those in Tables 2.3 and 2.4. Overall, these analyses 

suggest that inventor mobility is not the main driver for the decline in innovation after 
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Alcatel v. Brown in the treatment group. 

Table 2.10. DID Models: Number of Patents in Software vs. Hardware  
 
Level 
Treatment 
Treatment Group 

(1) 
County Level: 
2 Treatments 

Texas 

(2) 
County Level: 
2 Treatments 
Non-Texas 

VARIABLES ln(NumITPatent) ln(NumITPatent) 
Software -0.484*** -0.484*** 
 (0.0312) (0.0311) 
NoStatutes×Software 0.170*** -0.0159 
 (0.0531) (0.0348) 
NoStatutes×Lawsuit -0.0739** -0.0545** 
 (0.0358) (0.0221) 
Lawsuit×Software 0.103*** 0.103*** 
 (0.0220) (0.0219) 
Software×NoStatutes×Lawsuit -0.0401 -0.0104 
 (0.0387) (0.0243) 
NoStatutes×Decision -0.0870** -0.0780*** 
 (0.0355) (0.0243) 
Decision×Software 0.312*** 0.312*** 
 (0.0279) (0.0279) 
Software×NoStatutes×Decision -0.0918* -0.0305 
 (0.0479) (0.0309) 
Controls Yes Yes 
County/Year FE Yes Yes 
Observations 22,800 83,400 
R-squared 0.901 0.863 

      Note: Robust standard errors clustered at county level. *** p < 0.001, ** p < 0.01, * p < 0.05 

2.7.5 Software vs. Hardware 

Since side projects are unlikely to depend on capital-intensive infrastructures, it is 

expected that the effect of Alcatel v. Brown varies by product categories, such as software 

vs. hardware. For example, inventions for new hardware require large-scale equipment 

and space, but software side projects often only require personal computers. Moreover, 

cloud computing makes it less expensive for individual inventors to develop new 

software. Some examples of hardware and software patents are provided in Appendix F. 

To see the heterogeneous effects by invention types, this study investigates whether 
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Alcatel v. Brown had different effects between software and hardware patents. Softwarej, 

which equals 1 for software patents and 0 otherwise, are used as a moderator.8 Table 2.10 

shows that the difference in the effect of Alcatel v. Brown between software and 

hardware patents is significant in Texas. 

2.8 Robustness Checks 

An extensive series of robustness checks are conducted, as summarized in Table 2.11. All 

results are provided in Appendix G.  

2.8.1 Additional Controls 

In the main model, county fixed-effects are controlled for time-invariant unobserved 

heterogeneity across counties and year fixed-effects to capture nationwide economic 

changes over time. A set of control variables (Table 2.2) are included to capture other 

time-varying observable heterogeneity in each county. To address the concern that other 

time-varying, county- or state-specific factors are correlated with the treatments and 

influence patents, other controls are added to replicate the main analysis. First, the model 

considers income tax rates, which should affect employee mobility. Since the tax rates 

vary with income, the maximum state income tax rates for wages are considered 

(Feenberg & Coutts, 1993). In addition, the model controls for county-level housing price 

index data from the Federal Housing Finance Agency. Lastly, the model includes the 

state partisan composition to control for state politics, which might affect the enactment 

of innovation-related policies. The results in Table G.1 remain consistent after including 

these additional controls, suggesting that the results are not driven by other economic or 

 
8 The software patent classes adopted in Chung et al. (2019) is applied. 
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innovation policies. 

Table 2.11. Summary of Robustness Checks 
Concerns Tests Findings Tables 
Other time-varying, county-
specific factors that are 
correlated with the treatments 

Additional control variables The results remain consistent. Table 
G.1 

The counties in the treatment 
group are not comparable 
with those in the control 
group 

Matching of cities that enacted 
employee IP protection statutes 
with others 

The results remain consistent. Table 
G.2 

 Synthetic control method The findings remain 
consistent. 

Figure 
G.1 

Underlying differences in 
patent counts between the 
treated and the untreated 
counties 

Falsification test No significant correlation. Table 
G.3, 
G.4 

Serial correlation in standard 
errors 

Random treatment test Placebo treatments yield no 
correlation with the estimated 
results. 

Table 
G.5 

The effect of other IP statutes Control for the change of non-
compete covenant enforceability  

The results remain consistent. Table 
G.6 

 Control for the “inevitable 
disclosure” doctrine 

The results remain consistent. Table 
G.7 

Bias due to use of a linear 
model 

Replication estimations using 
Poisson 

The results remain consistent. Table 
G.8 

Lack of firm-level and 
individual-level analyses 

Examination of patent filing 
activities of multi-location firms 

Patent filings of firms of 
which branches in the 
treatment group declined after 
the legal case. 

Table 
G.9 

 Replication of estimation at 
inventor-year level 

Inventors in the treatment 
group are less likely to invent 
after the legal case. 

Table 
G.10 

 

2.8.2 Matching Counties 

Although various techniques are employed to address concerns on unobserved 

heterogeneity between the treated and the control states, it is possible that the control 

group is not a representative counterfactual for the treatment group. For example, high-

tech industries are concentrated in some states, which are more likely to implement 

policies promoting innovations that are unobservable but related to the treatment. To 
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minimize unobserved heterogeneity between the treatment and the control groups, a 

coarsened exact match (CEM) approach is employed (Blackwell et al., 2009). More 

specifically, counties are matched on population, employment, and income levels and 

replicate the main analysis as in Table G.2. The results are consistent with the main 

findings.  

2.8.3 Synthetic Control Method 

Another way to address the concern that the treatment group is not comparable to the 

control group is the synthetic control method (Abadie et al., 2010), especially for the 

analyses that only use Texas for the treatment (Table 2.3, Column 2). The basic idea of 

this method is to generate a “synthetic” Texas line using the states in the control group 

prior to and including 2002 and compare it with the “real” Texas line (i.e., the ruling of 

Alcatel v. Brown). Figure G.1 illustrates the Texas line and the synthetic line. The results 

show that the patent count in Texas significantly drops after 2002 compared to the 

“synthetic” Texas, a result that is consistent with the main analysis. 

2.8.4 Falsification Tests 

To further rule out a concern that the main findings are driven by some unobserved 

differences between the treated and the untreated states, a falsification test using data 

before the filing of Alcatel v. Brown (1997) is executed. The basic idea is to re-estimate 

the DID model using placebo treatments. Due to the limited time span, there is only one 

placebo treatment, Lawsuit, which equals one when the patent was filed after 1993, four 

years before Alcatel v. Brown was filed. Table G.3 shows no significant effect of the 

placebo treatment, suggesting that the effect of Alcatel v. Brown is not due to unobserved 
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trends or random chances. 

 In addition, the main analysis is replicated with other dependent variables (urban 

population percentages at the state level and mortality rates of the 5–25 age group at the 

county level) that should be unrelated to the ruling of Alcatel v. Brown. The results in 

Table G.4 provide no evidence showing a significant effect of Alcatel v. Brown on these 

measures.  

2.8.5 Random Treatment Test 

In addition to the falsification tests, a random treatment test is employed to examine 

whether the main results are due to serial correlations in the dependent variable or simply 

chance (Bertrand et al., 2004). In doing so, this work follows prior literature (Bertrand et 

al., 2004; Donald & Lang, 2007; Greenwood & Wattal, 2017) to randomly shuffle the 

treatment variables (Lawsuit and Decision) to (1) all the observations and (2) the counties 

in the treatment group. Table G.5 shows that the pseudo effects are centered around zero. 

By comparing the pseudo effects with the estimates in the main analysis, this analysis 

suggests that the probability of a similar coefficient to appear purely by chance is 

significantly low.  

2.8.6 Controls for Other IP Statutes 

It is possible that the innovation-dampening effect of Alcatel v. Brown is driven by other 

IP-related statutes, such as non-compete covenants (NCCs). An NCC is another form of 

agreement that firms leverage to utilize employee innovation and routinely signed by 

employees to agree not to join a competing firm or start a new one for a certain period of 

time after employment. Prior studies find that the enforcement of NCCs impedes 
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innovation (Gilson, 1999; Marx et al., 2009; Samila & Sorenson, 2011). To examine if 

the effect of Alcatel v. Brown on innovation is caused by a change in NCC enforceability, 

this factor is controlled in the analysis. Specifically, the non-compete enforceability index 

used by Starr et al. (2018), which uses seven dimensions of enforceability (Bishara, 2011) 

is considered.9 The results in Table G.6 are consistent. 

 Another type of policy that relates to employee innovation is trade secret laws. 

According to the Uniform Trade Secrets Act, a trade secret is information with actual or 

potential economic value that is not generally known to other persons and is reasonable to 

keep secret under some circumstances. An “inevitable disclosure” doctrine (IDD) applied 

in the trade secret regimes empowers employers to preclude employees’ mobility in the 

labor market for a certain period of time if employees might inevitably disclose trade 

secrets to the next employer. To ensure that the findings are not driven by the changes in 

trade secrets laws, this analysis controls for post-IDD indicators created by Contigiani et 

al., (2018) for each county-year observation. Table G.7 shows that the effect of side 

projects’ IP assignment is still present after controlling for IDD. 

2.8.7 A Count Model 

The dependent variable in the main analysis is the log-transformed patent counts, 

allowing us to interpret the effect as a percentage change and resolve the right-skewed 

distribution issue. However, there is a concern that this log transformation might produce 

inconsistent estimates (O’Hara & Kotze, 2010; Silva & Tenreyro, 2006). In Table G.8, a 

 
9 The analysis drops the states whose enforceability index changed drastically from 1991 to 2009, resulting in 26 states 
in the treatment group and 7 states in the control group. 
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Poisson fixed-effects estimator is applied (Simcoe, 2007) and obtain similar results to the 

main estimations.  

2.8.8 Firm-Level and Inventor-Level Analyses 

In addition to aggregated patent counts at the county-year level, this work examines the 

patents of firms with branches in both the treated and the control states. A firm-level DID 

analysis with the patent count is applied. Table G.9 shows that the number of patents 

assigned to branches in the treated states decreased after Alcatel v. Brown was filed and 

after the appeal was rejected.  

 Similar to the firm-level analyses, this analysis also aggregates the patent counts 

to the inventor-year level and utilizes a DID estimation. New inventor-level control 

variables including tenure (i.e., the number of years since the inventor’s first patent) and 

experience (i.e., the number of patents filed before) are included. The result in Table 

G.10 remains consistent. Inventors’ patent-filing activities in the treatment group 

declined after Alcatel v. Brown. 

2.9 Discussion and Conclusions 

This study leverages the legal case of Alcatel v. Brown and investigates how the 

differences in state statutes regarding side project IP ownership affects innovation. The 

results show that Alcatel v. Brown had a significant deterrent effect on innovation in the 

treatment states, with up to a 12% decrease in patent filing counts. This result indicates 

that assigning ownership of side projects to employers stifles innovation. This detrimental 

effect is even more salient in IT industries than in other industries.  

 This work makes significant contributions to the IS literature. First, this research 
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expands the IS literature on digital innovation by providing a new theoretical perspective 

on the IP rights to side projects. Since side projects are regarded as important 

opportunities to stimulate IT professionals’ learning and human capital development 

(Bonaccorsi & Rossi, 2006; Mehra et al., 2011; Nagle, 2019; Spolsky, 2016), this work 

highlights the importance of IP rights in the employer-employee relationship. The results 

show that re-allocating the IP rights of side projects from employees to employers fails to 

encourage innovation, especially in the IT industries. Further, this work provides valuable 

theoretical insights for the IS literature with respect to the prisoner’s dilemma on IT 

innovations. Value co-creation has been emphasized by the IS literature on topics such as 

corporate engagement with open-source communities and IT outsourcing (Cha et al., 

2008; Han et al., 2012; Mehra & Mookerjee, 2012). However, the findings of a decrease 

in overall innovation activities after Alcatel v. Brown suggest that a suboptimal outcome 

occurs when there is no proper IP allocation of side projects between IT professionals and 

their employers.  

 Second, this study makes important contributions to the literature on innovation 

management. There is a growing body of research that examines the impact of employer-

friendly policies such as trade secrets protections (Contigiani et al., 2018) and NCCs 

(Marx, 2011; Marx et al., 2009; Samila & Sorenson, 2011) on innovation. However, there 

is little empirical work, if any, that explores how ownership of employees’ side projects 

affects innovations. To the best of my knowledge, this paper is among the first to 

investigate the effect of IP laws about side projects. The results suggest that more 

employer-friendly policies that exploit employees’ knowledge in fact hamper innovation. 
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This work also advances the understanding of strategies to facilitate employee-driven 

innovation. By exploring the role of IP ownership of side projects in stimulating 

employee innovation, this work provides new theoretical insights on how to reach a 

balance between employees and employers on IP ownership assignment. 

 Our study also provides managerial insights on how to encourage employee 

innovation. While many IT firms consider side projects an indicator of creativity and 

leverage such records in the recruiting process, there is little consensus on which party 

owns the IP rights of side projects. The results show that a legal environment that does 

not protect employees’ ownership of their side projects undermines innovation. If 

employers and employees could find a way to cooperate on side projects, the overall level 

of innovation would improve in the presence of proper incentives and organizational 

support. Firms may want to consider giving up part of their IP rights to some of their 

employees’ innovative work to stimulate their creativity. Firms with multiple locations 

may experiment with different policies (Hellmann, 2007). For example, for subsidiaries 

in Texas where there is a more employer-friendly legal regime, firms can adopt less 

restrictive IP assignment contracts on side projects to see if such contracts boost 

employee creativity. 

 Furthermore, this paper offers substantive implications for policymakers with 

respect to knowledge creation and innovation in the society, since conflicts over IP 

ownership not only stifle innovation in organizations but also pose cultural and ethical 

issues of trust, fairness, and justice. From the employees’ perspective, whether a legal 

system encourages or discourages innovation is a critical question, as the survey result 
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indicates. This work provides empirical evidence that employers’ contractual power to 

claim side projects has a detrimental effect on innovation. The findings echo previous 

studies that call for changes in the IP-related laws for the digital age (Stone, 2002). As the 

current IP law does not explicitly protect abstract ideas, it enables firms to over-exploit 

their employees’ IPs through contracts. Policymakers should reconsider the scope of IP 

laws to provide more protection for employees. The statutes adopted by the eight states in 

Table 2.1 are good examples of how to delineate the circumstances in which the IP rights 

of side projects are owned by employees. Policymakers could design a more balanced 

regime for IP protection between employees and employers. 

 There are several limitations to this analysis, which may offer opportunities for 

future research directions. First, this work uses patents as the primary measure for 

innovation. Although this work examines several additional measures for innovation 

(e.g., GitHub/Kickstarter projects and start-ups), there are many other types of innovation 

that are not captured in the analyses. Second, there is no detailed, granular data on 

individual side project activities that would have allowed us to examine the process of 

idea generation and value creation in an in-depth manner. While the focus of this work is 

on examining the effect of changes in the legal environment on innovation, the analysis 

could not examine how this change directly affects employees’ subsequent devotion to 

side projects. Future researchers with access to detailed data could extend this work by 

investigating additional mechanisms. Third, in addition to Alcatel v. Brown, there may be 

other legal cases, decisions, and policies that could influence innovation. Future work can 

examine the effect of various IP policies on innovation from a more comprehensive and 
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dynamic perspective. Fourth, as firms generally do not publicize their internal IP policies, 

this work cannot examine their IP policies in the analyses. Future work can conduct a 

more granular study at the firm level if the data is accessible. Finally, this study provides 

evidence that innovation is hampered by more employer-friendly IP policies, but it is 

unclear how firms respond to the legal environment change. Which firms will exploit 

employee innovation more aggressively? How to develop an optimal IP allocation 

scheme that benefits both employees and employers? Further research on such topics 

would make significant contributions to a variety of disciplines such as IS, innovation, 

law, and economics. 
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CHAPTER 3 
 

ESSAY 2: HOW DATA PRIVACY REGULATIONS AFFECT COMPETITION: 
EMPIRICAL EVIDENCE FROM THE MOBILE APPLICATION MARKET 

3.1 Introduction 

Thanks to the increasing availability and business potential, data has become a new type 

of critical asset in most industries (Bharadwaj et al., 2013; Opher et al., 2016; Tambe, 

2014). The ability to collect and utilize unique and non-substitutable data has become a 

key to how firms stand out in the competitive environment (Lambrecht & Tucker, 2015). 

However, the firms’ extensive collection of personal data provokes a concern about data 

privacy and security (Acquisti et al., 2016; Adjerid et al., 2016; Gopal et al., 2018; Miller 

& Tucker, 2009). The 2021 Thales Data Threat Report finds that 56% of U.S. companies 

have experienced at least one data breach (Thales, 2021). A Pew Research Center survey 

finds that most Americans have little confidence in the notion that their personal 

information remains private and secure in the digital age (Auxier et al., 2019). Given the 

explosive growth in data collection and utilization in the digital economy and the 

increasing risks to privacy and security, many government entities have enacted data 

privacy regulations such as the California Consumer Privacy Act in the United States 

(U.S.), the General Data Protecting Regulation (GDPR) in the European Union (E.U.), 

and the Personal Information Protection Act in South Korea to ensure the transparency of 

data collection and processing.  

 There is a growing interest from both scholars and practitioners in understanding 

how these data privacy regulations affect the market. Optimists suggest that the privacy 

regulations will improve firms’ data security levels and lessen consumers’ privacy 
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concerns (Degeling et al., 2019; Momen et al., 2019). However, there are growing 

discussions on potential unintended consequences of the privacy regulations. For 

example, some argue that the data privacy regulations will hamper investments in 

technology development and innovation activities (Jia et al., 2019; Miller & Tucker, 

2009; Sørensen & Kosta, 2019). Also, a high cost of compliance with the privacy 

regulations poses challenges to emerging digital services such as the Internet of Things 

(IoT) or artificial intelligence (El-Gazzar & Stendal, 2020; Feiner, 2019; Vegh, 2018). To 

the best of my knowledge, how the data privacy regulations affect the competition is a 

critical question that has not been thoroughly studied in the information systems (IS) 

literature. 

 Hence, the research question in this work is – How do data privacy regulations 

impact competition? Some studies find that these regulations are burdensome for start-

ups or small businesses because of high compliance costs (Jia et al., 2019; Marthews & 

Tucker, 2019; Martin et al., 2019). By raising the compliance costs, the regulations raise 

entry barriers and stifle competition in the market. Conversely, the privacy regulations 

could reduce the market power of incumbents by limiting the competitive advantages that 

come from their large amount of data (Parker et al., 2020), especially in industries that 

heavily rely on personal data utilization, thereby stimulating the competition. Given these 

competing logics, this study aims to provide concrete empirical evidence that answers 

this question. 

 Specifically, this work focuses on competition in the iOS mobile application (app) 

market. It is well known that mobile apps heavily rely on personal data collected from 
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users for monetization [e.g., advertising and in-app sales] (Al-Natour et al., 2020; 

Kummer & Schulte, 2019; Olmstead & Atkinson, 2015). Utilizing a difference-in-

differences (DID) method, this work examines how GDPR influences competition 

intensity in iOS app markets, measured by the volatility in top-ranking charts. It is found 

that the volatility in the top charts of free apps has increased significantly following 

GDPR, suggesting that the competition in the free app market has become more intense 

after the introduction of GDPR. Interestingly, however, the results suggest the opposite 

effect in the paid app market; the competition becomes less fierce in the paid app market 

after the enactment of GDPR. 

 This work further explores potential underlying mechanisms that drive the 

findings. It is found that the age of free apps entering the top charts decreases after 

GDPR, but that of paid apps appearing at the top charts increases, suggesting that the 

rivalry between new and old apps contributes to the volatility in rankings after GDPR. 

This appears so because of two opposite effects of GDPR on incumbents’ dominance. 

Because the free apps’ business models rely more on personal data collection, the pro-

competitive effect of GDPR is stronger among the free apps than among the paid apps. 

To determine if the heterogeneous effects of GDPR are due to different monetization 

strategies, this work utilizes the variations in in-app-purchasing options among the free 

apps, and the results corroborate the notion. Furthermore, it is found that among free 

apps, update frequencies of newer free apps increase after GDPR to a greater extent than 

those of relatively older apps. 

 Our work contributes to multiple streams of the IS literature. First, this study adds 
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to the growing theoretical discussions on how data privacy regulations influence 

competition. As the regulations limit data collection and utilization and increase 

compliance costs, some are concerned that they hamper innovation and entrepreneurship 

(Jia et al., 2019; Miller & Tucker, 2009; Sørensen & Kosta, 2019), favoring incumbents 

and stifling competition (Marthews & Tucker, 2019). This work contributes to the 

literature by theorizing and empirically demonstrating that the effect of privacy 

regulations on competition is not straightforward but varies by market characteristics. 

Second, this work extends the literature on the competition for data and privacy. While 

several analytical works investigate the competition in the digital economy (Casadesus-

Masanell & Hervas-Drane, 2015; Gal-Or et al., 2018; Montes et al., 2019), to the best of 

my knowledge, there are few empirical studies on this topic illustrating how competition 

is influenced by the changes in regulatory environments with respect to data collection 

and utilization. This work provides new empirical evidence on the role of data privacy 

regulations in the competition. Lastly, the findings on the heterogeneous effects of data 

privacy regulations on competition contribute to the growing literature on mobile 

ecosystems (e.g., Lee et al., 2020; Qiu et al., 2017; Ye & Kankanhalli, 2018). This study 

significantly expands the body of theoretical knowledge by demonstrating both pro- and 

anti-competitive impacts of the data privacy regulations in the mobile platform. 

 This work offers meaningful insights for policymakers on data privacy 

regulations. The goal of the privacy regulations is to improve firms’ security levels, 

protect consumer privacy, and thus benefit the overall digital economy in the long run. 

Examining the impact of the privacy regulations allows the policymakers to better 



 

  

  56  

understand how the market reacts to these rules, providing critical insights for future 

policy formulation and refinement. This work also offers managerial implications. With 

the increasing concern on data privacy and security among consumers and policymakers, 

the findings help both incumbents and entrants better understand the challenges and 

opportunities under the data privacy regulations. The results on the multi-faceted effects 

of GDPR on the mobile market also emphasize the importance of proper monetization 

strategies and provide useful insights for business models.  

3.2 Related Literature  

Our study is related to different streams of the IS literature with respect to the value of 

data in organizations and the economic impacts of privacy regulations. 

3.2.1 The Value of Data in Organizations 

Over the past few years, the value of data has received extensive attention in the IS 

literature (Abbasi et al., 2018; Baesens et al., 2016; Bharadwaj et al., 2013; Grover et al., 

2018; Lavalle et al., 2011; Mcafee & Brynjolfsson, 2012). Studies suggest that big data’s 

volume, velocity, variety, and veracity significantly influence the traditional information 

value chain with respect to knowledge creation and decision-making processes (Abbasi et 

al., 2018; Günther et al., 2017). For instance, data collected from social media, online 

clickstreams, and IoT devices help better understand consumer behaviors (Erevelles et 

al., 2016; Nguyen & Simkin, 2017; Park et al., 2012). The abundance of data also allows 

for the creation or enhancement of IT artifacts to aid decision-making (Abbasi et al., 

2019; Martens et al., 2016). 

 Prior literature summarizes three types of firms’ strategies to seek economic gains 
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from both data and insights generated by analytics (Faroukhi et al., 2020; Visconti et al., 

2017; Walker, 2016; Wixom & Ross, 2017). The first is the use of data analytics to 

improve internal operational processes and promote more informed decision-making in 

organizations. Second, firms can enrich their products or services using information and 

insights generated by analytics (Bates et al., 2014; Li et al., 2017; Muhammad et al., 

2019). The third way is to share or sell data for a price, or to trade it for other benefits 

(Najjar & Kettinger, 2013; Parvinen et al., 2020; Wixom & Ross, 2017). For instance, 

Google Ad Exchange shares Google user data to advertisers in ad auction processes, 

allowing hundreds of third parties access to information on millions of users (Ng, 2021) 

and brining additional revenues to Google. 

3.2.2 Data Privacy Regulations 

While big data analytics create significant value for firms, it also presents security and 

privacy risks for users. Research finds that consumers are concerned about extensive use 

of their personal data by the firms, hindering the adoption of new technologies and 

services (Awad & Krishnan, 2006; Chin-Lung Hsu & Lin, 2016; Sutanto et al., 2013; Xu 

et al., 2011). In response to increased data privacy concerns, policymakers have enacted 

data privacy regulations to improve transparency in data collection and utilization. For 

example, the E.U. implemented the GDPR in 2018 to design a set of data protection 

principles that organizations must follow when collecting personal information. The 

California Consumer Privacy Act is another regulation that aims to give California 

residents more control over personal information. 

 The data privacy regulations establish a set of data privacy and security standards, 
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which are supposed to enhance individuals’ control and rights over their personal data 

and impose a uniform regulatory environment for firms.10 For example, GDPR lays out 

seven principles that specify how and when firms can collect and use personal data. It 

also gives consumers more control over their personal data in that they have the right to 

opt-out (e.g., direct a data collector not to sell their personal data to a third party), or 

transfer, delete, or anonymize their personal information (Voigt & Von dem Bussche, 

2017). 

 The direct effects of these regulations on firms are twofold. One is compliance 

costs. A report from International Association of Privacy Professionals and EY (2018) 

indicates that firms spent on average $1.3 million on GDPR compliance efforts in 2018, 

the year that GDPR took effect. Another direct effect is limiting firms’ collection and 

usage of personal data. Article 6 of GDPR strictly limits the circumstances under which a 

firm can legally collect and process users’ personal data. GDPR also increases the users’ 

control over their personal data, curtailing the amount of data that firms can collect. 

Aridor et al. (2020) finds a 12.5% drop in the amount of user information collection after 

GDPR, suggesting that a non-negligible number of users had exercised the opt-out right.  

  Because of the high compliance costs and the limit in data collection and 

utilization imposed by the data privacy regulations, there has been a growing interest in 

investigating how these regulations affect firm and industry performance. For example, 

prior work has examined how data privacy regulations influences content providers and 

online advertising (Goldfarb & Tucker, 2011; Lefrere et al., 2020). Some studies show 

 
10 https://gdpr.eu/what-is-gdpr/ and https://oag.ca.gov/privacy/ccpa  
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that the privacy regulations hamper technology investments and innovation activities (Jia 

et al., 2019; Miller & Tucker, 2009; Sørensen & Kosta, 2019), while other studies find 

mixed results (Adjerid et al., 2016; Martin et al., 2019).  

3.2.3 Regulations and Competition 

Our work aims to examine the effect of data privacy regulations on competition intensity. 

There is a large body of literature in economics and strategy on how various regulations 

affect firm competition in different industries. For instance, prior literature examines how 

regulations of pricing, entry, and exits in the airline industry influence competition 

(Borenstein, 1992; Mazzeo, 2003; Truxal 2013). Studies investigate how price control, a 

common regulatory policy in many industries such as pharmaceuticals, affects firms and 

competition (Danzon & Chao, 2000; Kanavos et al., 2008). Unlike these regulations, 

which expressly target the market structure and aim to promote or undermine 

competition, the purpose of data privacy legislation is to increase individuals' ownership 

and rights over their personal data while also imposing a standard regulatory environment 

for firms. Even though a privacy regulation does not explicitly target industry structures 

or competition, it can influence competition in multiple ways. 

 Another sort of regulatory policies that have an impact on competitiveness 

includes environmental regulations and product regulations, such as the Consumer Safety 

Act or the Clean Water Act (Dechezleprêtre & Sato, 2020; Heyes, 2009; Keiser & 

Shapiro, 2019; Ohlhausen & Okuliar, 2015; Ronnen, 1991). Under these regulations, 

firms are to be held responsible for damages to consumers or others caused by their own 

negligence, malpractice, or endangerment (e.g., defective products, pollutants, personal 
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injury). However, there are key differences between the data privacy regulations and 

these policies. First, conventional regulations usually specify clear obligations for each 

type of firm (e.g., manufacturers, importers, distributors, and retailers of consumer 

goods). However, it is difficult for the privacy regulations to do so because information is 

less trackable than tangible goods. As a result, the privacy regulations such as GDPR 

have substantially expanded the range and extent of firms’ responsibilities in securing 

personal data and the degree of liability for harm. For example, if personal privacy is 

suffered due to a breach by external attackers, a firm is still to be liable for the damage 

and subject to compensation and punishment, even if it is not the one who acted with a 

malicious intent (Green, 2020). In addition, firms are responsible for making sure that 

both they and their collaborators (e.g., third-party vendors) are compliant with the 

privacy regulations (Irwin, 2020; Safruti, 2022). These requirements have vastly 

increased legal risks and compliance costs faced by the firms. 

Second, in comparison to other consumer protection regulations such as the Fair 

Credit Reporting Act, the Health Insurance Portability and Accountability Act (HIPAA), 

or the Telephone Consumer Protection Act (Gostin, 2001; Kim & Hanson, 2016; 

Kolnicki, 1999), which govern the use of consumer information in specific industries, 

recently enacted privacy regulations such as GDPR substantially broaden the scope of the 

privacy regulations, as it protects personal data as “any information relating to an 

identified or identifiable natural person.” Therefore, their impact on market and 

competition can be much more far-reaching than that of other policies that focus just on 

one or a few industries. The data privacy regulations also have jurisdictions that extend 
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beyond national borders. GDPR applies to all organizations in the E.U. and other 

countries that process personal data from E.U. citizens, regardless of industries or sectors 

(e.g., for-profits or not-for-profits). The number of organizations subject to GDPR can be 

substantially greater than that of other regulations, warranting an in-depth investigation of 

GDPR and competition. 

Third, similar to consumer protection laws that provide consumers with a set of 

rights such as the right to be informed (e.g., the Automobile Information Disclosure Act, 

the Truth in Lending Act), the right to safety (e.g., the Consumer Safety Act), and the 

right to choose (e.g., antitrust legislation) (Grabowski & Vernon, 1978; Kirkwood & 

Lande, 2008; Rubin, 1991; Smith, 1980), data privacy regulations grant users the right to 

control over their personal data. Unlike other consumer rights that are granted with 

respect to specific products or services, the new rights codified by the privacy regulations 

are to provide individuals with the ownership of their personal data, imposing a new 

standard for all industries (Ringel, 2021). Given the role of personal data in firms’ 

competitive advantages (Lambrecht & Tucker, 2015), the data rights granted by the 

privacy regulations necessitate a further investigation on competition. 

 The foregoing discussions indicate that the data privacy regulations are distinct in 

many aspects from other regulations, making it imperative to investigate how they affect 

competition. To the best of my knowledge, there is little empirical work examining this 

research question except for a few analytical models (e.g., Campbell et al., 2015; Shy & 

Stenbacka, 2016; Taylor & Wagman, 2014). To expand the understanding of the role of 

privacy regulations in firms and industries, this work empirically examines the influence 
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of GDPR on competition in the mobile app market. Next is the introduction of contexts 

and theoretical development. 

3.3 Background and Theoretical Development  

3.3.1 Mobile App Market 

The context of the empirical analyses is the iOS app market.11 There are several reasons 

this work focuses on the competition in the app market. First, there is a large population 

of mobile app users. The number of smartphone users in 2022 is expected to surpass 6 

billion (Statista, 2021). As of March 2022, there are about 2 million apps in the Apple 

App Store (42Matters, 2022). Second, mobile apps heavily rely on user data collection 

and utilization. It is found that mobile apps often ask for more than 200 different kinds of 

permissions from device users (Olmstead & Atkinson, 2015). The extensive collection of 

personal and behavioral data raises significant security and privacy concerns among users 

(Sollins, 2019; Voas et al., 2018). Third, the mobile app industry is fiercely competitive, 

and standing out in the competition among millions of apps can be inordinately difficult 

(Tunguz, 2014).  

 The diversity in mobile apps is another reason why this work focuses on mobile 

app competition. Mobile apps in Apple App Store are categorized into more than 20 

categories, allowing us to consider that mobile apps in the same category compete with 

each other. Also, mobile apps adopt a variety of monetization strategies. As of February 

2022, over 90% of the iOS apps are priced at zero for installation (42Matters, 2022). 

 
11 This work does not consider the Android app market because the top charts in Google Play are not always complete 
(e.g., less than ten apps appear in some top 100 charts).  
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These free apps generate revenue via in-app purchases, online advertising, and trading 

users’ personal data (Lastovetska, 2021). The variety in mobile apps allows us to 

examine if data privacy regulations influence competition intensity in different ways. 

 As noted earlier, the implementation of GDPR imposes high compliance costs as 

well as challenges in data collection and utilization. Next is the discussion of the two 

aspects of how GDPR influences competition among mobile apps. 

3.3.2 High Compliance Costs 

Complying with GDPR is costly for firms. According to a report from the International 

Association of Privacy Professionals [IAPP] (IAPP & EY, 2018), firms, on average, 

spent $1.3 million on GDPR compliance efforts in 2018, which mainly fall into five 

categories: staff, technology solutions, outside counsels, consultants, and training. This 

cost is estimated to be as high as $16 million for Fortune 500 firms in the U.S. (Smith, 

2018). Nonetheless, this figure is just the initial cost of preparation for GDPR 

compliance, as compliance entails ongoing operational costs as well (DataGrail, 2020). 

To maintain the compliance, the firms must engage in activities such as updating the list 

of data items collected and users’ permissions on a regular basis, training all personnel 

engaged in data collection and processing, and following updates in regulatory rules on a 

timely basis. Firms that collaborate with third-party partners are also required to ensure 

compliance of data processors, which result in additional coordination and supervision 

costs (Irwin, 2020; Safruti, 2022). 

 These high compliance costs act as barriers for new firms to enter into data-

intensive industries. Seo et al. (2018) suggest that the cost of digital businesses could 
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increase by three or four times because of GDPR. The degree of compliance burdens 

could differ significantly within the same industry (Layton & Elaluf-Calderwood, 2019). 

Consider Google and one of its startup competitors. While compliance with GDPR can be 

costly for both firms, Google has far greater capabilities and resources to comply with the 

regulation and defend itself against potential enforcement actions and litigations. On the 

other hand, the compliance cost can be much more burdensome for start-ups than for 

larger established firms (Jia et al., 2019; Marthews & Tucker, 2019; Martin et al., 2019). 

Therefore, GDPR can have an anti-competitive effect on the mobile app market by 

imposing high entry costs for new entrants and reinforcing the dominance of existing 

apps. 

3.3.3 Challenges in Data Collection and Utilization 

Even though the high compliance costs can be affordable for some large, established 

firms, GDPR brings other challenges in collecting and utilizing personal data, which may 

not always work in their favor. First, firms should have a legal justification to collect and 

process personal data under the principles of  “Lawfulness, fairness and transparency” 

and “Purpose limitation” within GDPR (Voigt & Von dem Bussche, 2017, p. 88). For 

firms that consider explicit consent as their legal bases12 for personal data collection and 

processing, their users might choose not to opt-in or withdraw the consent at any time. 

The scope of data that firms can collect and the duration for which they can keep the 

personal data are also restricted by the principles of “Data minimization” and “Storage 

 
12 There are other legal bases for data processing, such as contractual necessity or legitimate interests of a data controller 
(Voigt & Von dem Bussche, 2017).  
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limitation” (Voigt & Von dem Bussche, 2017, p. 90 - 92). 

 These constraints in personal data collection and utilization can significantly 

affect firms’ business models that rely on data and insights generated by analytics. For 

example, online advertising campaigns can become less effective because of the 

restrictions on the use of personal data and online tracking techniques (Goldfarb & 

Tucker, 2011). The privacy regulations also pose new challenges to advanced analytics 

techniques such as artificial intelligence and machine learning (Bessen et al., 2020; Burt, 

2018). The firms may even abandon launching new products or services that are difficult 

to comply with GDPR or change their business models entirely (Lindgren, 2020; Martin 

et al., 2019). 

 Prior literature on how data privacy regulations influence competition argues that 

larger firms can better comply with the regulations thanks to their abundant resources 

(Bessen et al., 2020; Marthews & Tucker, 2019). However, for established firms that 

substantially rely on utilizing personal data, their competitive advantages that come from 

the larger amount of data over rivals diminish by the data privacy regulations. The large 

volume of data offers the established firms a commanding advantage thanks to data-

driven network effects (Gregory et al., 2021). The restrictions in data collection and 

exploitation by GDPR weaken such competitive advantages by limiting both the quality 

and quantity of data. The data broker industry, for example, is one of the most impacted 

by privacy legislations. Firms in this industry, such as Acxiom, Experian, and Oracle, 

have been accused of violating GDPR privacy requirements and are currently being 

investigated by regulators (Information Commissioner’s Office, 2020; Ip, 2018). The data 
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privacy regulations led these firms to reduce the extent of the collection of personal data.  

 First, data portability serves as another way in which the data privacy regulations 

hamper incumbents’ competitive advantages. According to GDPR Article 20, users have 

the right to obtain their personal data provided to a data controller as well as the right to 

transmit the data to another party. Prior literature on the resource-based view suggests 

that firms’ competitive advantages can sustain only if their resources are unique and 

imitable (Peteraf, 1993; Wade & Hulland, 2004). Therefore, the right of data portability 

weakens the competitive advantages of large, established firms from extensively 

collecting and processing a wealth of unique personal data (Borghi, 2020; Engels, 2016; 

Ramos & Blind, 2020).  

 Second, GDPR has broadened the scope of firms’ responsibility for data security 

and privacy. As a result, firms that suffer a data breach could face a grave risk of 

violations of GDPR and infringements of personal privacy, and GDPR imposes fines and 

other penalties that could be up to 4% of the firms’ global revenues (Voigt & Von dem 

Bussche, 2017). Despite the greater resources that established firms have, these 

stipulations create a significantly greater burden for them than for new, emerging start-

ups. According to GDPR, the firms have the duties to report data breaches to a relevant 

supervisory authority and inform affected users. They also need to take appropriate 

measures to mitigate the harm caused by data breaches (Voigt & Von dem Bussche, 

2017, p. 65-70). These requirements pose greater costs and challenges for more 

established firms. 

Third, this expanded responsibility makes third-party relationships substantially 
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more complex. GDPR defines two roles – a data controller and a data processor (Voigt & 

Von dem Bussche, 2017, p. 17-21). The former is an entity that defines the purpose and 

methods of processing personal data, whereas the latter is the one that processes personal 

data on behalf of the data controller. Given that many firms outsource their IT services to 

third-party organizations (e.g., Infosys – data processors), the firms as data controllers are 

accountable not only for their own GDPR compliance but also for the data processors’. 

The reliance on third-party organizations also increases the risks of data breaches 

(Meharchandani, 2021). According to Ponemon Institute (2021), 59% of the 

organizations rely on signed contracts to legally obligate third parties to adhere to 

security and privacy procedures without any prior assessment. 74 % of the organizations 

that experienced a data breach claimed that it was due to extensive data access granted to 

third-party services.  

 The mobile app ecosystem is complex as it includes several partners in the 

development and deployment of a mobile app. Many mobile apps incorporate third-party 

software development kits (SDKs), such as advertising and monetization, analytics, and 

communication tools, to allow for faster development and deployment (MightySignal, 

2022; Williams, 2021). As a data controller, mobile apps must ensure that any third-party 

services (data processors) linked with them are GDPR-compliant and have effective data 

protection measures in place. This is challenging, especially for apps that rely on a 

considerable number of third-party service providers. In comparison to new apps with 

simple functions, incumbent apps typically have more sophisticated features that require 

greater involvement and utilization of several third-party services, making GDPR 
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compliance much more complicated for them. 

Based on the aforementioned manners in which GDPR diminishes incumbents' 

advantages, it is possible that GDPR has a pro-competitive influence on the mobile app 

markets. There is a summary of the multiple mechanisms in which the data privacy 

regulations impact competition in the mobile app market in Figure 3.1. 

Figure 3.1. The Effect of GDPR on Competition 
 

 
3.3.4 Free vs. Paid Apps 

Figure 3.1 suggests that how GDPR influences competition depends on the tradeoff 

between the pro-competitive and the anti-competitive effects. While GDPR applies to all 

firms with E.U. customers, how it affects each industry is unlikely to be straightforward 

(RSI Security, 2019). The way the two competing forces act should be significantly 

influenced by market characteristics. 

 It is well known that mobile apps extensively collect and utilize personal data 
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(Olmstead & Atkinson, 2015; Polykalas & Prezerakos, 2019). However, the role of 

personal data in their business models differs in each app. According to Kesler et al. 

(2020), free apps or apps with a lower price are likely to collect data from users more 

extensively. Other studies also show that free apps are likely to collect users’ personal 

data to a greater extent than paid apps (Kummer & Schulte, 2019; Polykalas & 

Prezerakos, 2019). This is because free apps adopt different monetization strategies from 

paid apps. Rather than charging a fee for installation, free apps usually employ a variety 

of monetization strategies such as in-app purchases and advertising (Ejaz, 2021).13 By 

taking advantage of personal information from users, many mobile apps sell targeted 

advertising as a revenue source. A survey from AdColony (2017) indicates that 

advertising is the most effective monetization strategy for mobile apps.  

 Because of different monetization strategies employed by free and paid apps, they 

are considered to compete in separate markets, a reason why Apple App Store has 

separate top charts for free and paid apps.  It is expected that GDPR has heterogeneous 

effects on the two markets of free and paid apps. Given that free apps collect more 

extensive personal data than paid apps, the restriction in data collection and utilization by 

GDPR poses more challenges to free apps. The incumbents in the free app market are 

more likely to lose their advantages from their large amount of personal data over the 

new apps, compared to those in the paid app market.   

 Collaboration with third-party services for advertising and data sharing/trading is 

 
13 Advertisements are also available in some paid apps. However, advertising is much more common and prevalent for 
free apps than for paid apps (Seneviratne et al., 2015). 
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another concern for apps under GDPR. It is estimated that SDKs for advertising and 

monetization account for 68.34% of all SDKs used by mobile apps (Statista, 2017). To 

comply with GDPR, app developers are required to thoroughly examine data privacy 

protection measures of all third-party service providers with whom they collaborate. They 

may also need to replace or remove some of the third-party services for this reason. 

Therefore, incumbent apps could face more complicated compliance requirements with 

GDPR than newer apps. Considering that free apps’ monetization strategies are more 

reliant on advertising and data sharing and trading, the compliance burden for the 

incumbent apps would be greater in the free app market than in the paid app market. 

 Given the above discussions, it is expected that GDPR’s pro-competitive effect 

would be more significant in the free app market than in the paid app market due to its 

greater dependence on personal data collection and utilization. This work examines 

whether and how GDPR influences competition intensity in the free app and the paid app 

markets separately.   

3.4 Empirical Methodology  

3.4.1 Measurement of Competition Intensity among Mobile Apps 

One challenge in the setting is the difficulty in measuring competition intensity in the 

mobile app market. Prior literature widely adopts a Herfindahl-Hirschman Index, which 

is calculated from firms’ market shares in an industry (e.g., Banker et al., 2021; Han & 

Mithas, 2013; Liu et al., 2012). However, there is no precise way to track all mobile apps 

in the market and their shares. Neither Apple App Store nor Google Play Store provides 

such data. Some prior studies focus on rivalries between firms (e.g., Austin & 
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Rosenbaum, 1990; Haveman & Nonnemaker, 2000; Skilton & Bernardes, 2015). For 

example, Boone and Boone (2008) consider firms’ relative profit differences, and Wen 

and Zhu (2019) adopt the number of similar apps as a measure of competition. In this 

work, the volatility in top-ranking charts at the category level is utilized to measure the 

competition intensity among mobile apps. 

Figure 3.2. App Store Top Charts (Category: Sports) 

  
(a) US: Free App Top Charts (April 10, 2022) (b) US: Paid App Top Charts (April 10, 2022) 

  
(c) UK: Free App Top Charts (April 10, 2022) (d) UK: Paid App Top Charts (April 10, 2022) 
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Rankings in the top charts at Apple App Store serve as an indicator of how 

popular apps are over a certain period of time (Walz, 2015). The higher the download and 

rating counts, the higher rank a mobile app gets. A higher rank in the top charts also helps 

the app gain bigger exposure and visibility, which it attracts more users. Appearance in 

the top charts is therefore considered a key indicator of mobile apps’ performance in prior 

studies (Lee & Raghu, 2014; Soh & Grover, 2020). If the competition among mobile 

apps is more intense, the top charts would be more volatile, in that more apps will appear 

in the charts and others will disappear at any period of time (Tunguz, 2014). This 

measure thus captures competitive intensity in the mobile app market. Figure 3.2 displays 

an example of App Store’s free/paid app top charts for the category “Sports” in the U.S. 

and the U.K. 

3.4.2 Identification and Data  

The data privacy regulation this work examines is GDPR, which was first introduced in 

April 2016 and enacted in May 2018 in the E.U. This work adopts a difference-in-

differences (DID) method to examine the effect of GDPR on mobile app competition. 

This method is also used in prior studies investigating how GDPR affects firms and 

industries (e.g., Goldberg et al., 2019; Jia et al., 2019). The treatment and control groups 

are the iOS app market in the E.U. and the U.S., respectively. This work utilizes data on 

the daily top charts of 21 app categories in the E.U. countries and the U.S. from January 

2015 to December 2019. The complete category list is provided in Appendix H.  

App Store provides top charts in each category in each country, and as such, the 
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unit of analysis is country-category-month (i.e., chart-month). Each country has its own 

set of free and paid app top charts for each category (see Figure 3.2). For example, App 

Store’s top charts under the “Sports” category in the U.S. are different from the same 

category in the U.K. This work examines how each chart (free or paid app chart), which 

is specific to each country and category, varies before and after the implementation of 

GDPR.  

Figure 3.3. Timeline of the Implementation of GDPR 

 
Dependent Variables - the competition intensity in the iOS app market is measured by the 

number of new apps that appear in each top 100 chart. By collecting the daily top charts 

in each category in each country, the number of apps that are new to the chart (or apps 

that have not appeared in the past 90 days) at the daily level is obtained. Then an average 

is taken to aggregate the measure to the month level. The dependent variable is 

ln(NumNewFreeApps)it and ln(NumNewPaidApps)it, which is a log of the number of apps 

that newly appear at free/paid app chart i in month t, respectively.  

Independent Variables – The treatment variable is Treati, which is equal to 1 if the chart i 

is for E.U. countries. Publisht is equal to 1 if month t is after April 2016 and in or before 

May 2018 (i.e., GDPR has been published but not enacted yet). Enactt is equal to 1 if 

month t is after May 2018 (i.e., the enactment time of GDPR). Given that firms should 

have started planning for GDPR compliance prior to its implementation, the two time 

periods allow us to evaluate the impact of GDPR on competition at different phases. The 
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timeline of the implementation of GDPR is shown in Figure 3.3. 

Control Variables – To capture time-varying observable heterogeneity in each country, a 

set of controls at the country-year level is included. These include the gross domestic 

product (GDP) per capita, mobile cellular phone subscriptions, and population size 

accessed from the World Bank Open Data. the proportion of each category in the overall 

top 100 chart each month is included. Instead of ranking apps in the same category, the 

overall top chart ranks apps from all the categories. It enables the observation of which 

categories are the most popular in the whole App Store at a specific time. For example, 

the “Sports” category is often the most popular category in the U.S. App Store during the 

Super Bowl. This measure thus serves as a proxy for category time-varying 

characteristics. The descriptions of the variables are in Table 3.1. The correlations among 

the main measures are provided in Table 3.2. 

Table 3.1. Variable Definitions and Summary Statistics 

Variable Description Obs. Mean Std. 
Dev. Min. Max. 

Dependent Variables 

ln(NumNewFreeApps)it 
The log of the number of new 
apps appeared in free app chart 
i in month t 

31,175 4.265 0.789 1.792 6.413 

ln(NumNewPaidApps)it 
The log of the number of new 
apps appeared in paid app 
chart i in month t 

31,175 3.408 1.189 0 6.258 

Independent Variables      

Treati  
1 if chart i is for a treated 
country 31,175 0.96 0.196 0 1 

Publisht  
1 if month t is after April 2016 
and before May 2018. 31,175 0.421 0.494 0 1 

Enactt  1 if month t is after May 2018 31,175 0.32 0.466 0 1 
Control Variables 

GDPit  
GDP per capita (in 1, 000 
USD)  31,175 36.224 22.975 7.0559 116.597 
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MobileSubscriptionit  

The number of mobile cellular 
subscriptions divided by the 
country’s population and 
multiplied by 100  

31,175 121.724 13.005 99.453 168.821 

ln(Population)it  ln(population) for the country 31,175 16.36 1.341 13.253 19.61 

CategoryPercentageit 

(Free app chart) 

The percentage of the chart i in 
the overall ranking of all 
categories in the specific 
country’s App Store 

31,175 0.0334 0.04 0 0.288 

CategoryPercentageit 

(Paid app chart) 

The percentage of the chart i in 
the overall ranking of all 
categories in the specific 
country’s App Store 

31,175 0.0322 0.039 0 0.411 

 
Table 3.2. Correlation among Main Measures 

  1 2 3 4 5 6 7 8 
1 ln(NumNewFreeApps)it  

        
2 ln(NumNewPaidApps)it  -0.369        
3 Treati  0.196 -0.21       
4 Publisht  0.057 0.022 0      
5 Enactt  -0.192 -0.181 0 -0.585     
6 MobileSubscriptionit  0.044 -0.036 -0.063 -0.043 0.028    
7 ln(Population)it  -0.58 0.46 -0.493 -0.000 0.002 -0.088   
8 GDPit  -0.11 0.177 -0.218 -0.010 0.074 0.112 -0.138  

9 CategoryPercentageit  

(Free app chart)  -0.212 0.186 0.000 0.007 0.01 0.005 0.005 0.026 

10 CategoryPercentageit 

(Paid app chart)  -0.014 0.334 0.013 0.004 -0.032 0.001 -0.024 -0.01 

   
 The model specification is as below. 

ln(NumNewFreeApps)it=Country	FE+Category FE+Yearmonth FE+β11Treati×Publisht 
+β12Treati×Enactt+Controlsit+εit                                                 (1) 

ln(NumNewPaidApps)it=Country FE+Category FE+Yearmonth FE+β21Treati×Publisht 
+β22Treati×Enactt+Controlsit+εit                                                 (2) 

Where Country	FE, Category FE and Yearmonth FE represents county, category, and 

time fixed-effects, respectively.  
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3.4.3 Matching Treated and Untreated Countries 

While this study uses country fixed-effects to control for country-level time-invariant 

heterogeneity, given potential time-variant unobserved heterogeneity within the E.U., not 

all E.U. countries may be comparable to the U.S. with respect to the mobile app markets. 

To address this issue, following prior work (e.g., Liu et al., 2020; Ryan et al., 2019), a 

matching method for DID is adopted. Specifically, the coarsened exact matching (CEM) 

method is applied (Blackwell et al., 2009) to match E.U. nations with the U.S., using the 

number of app developer jobs and the competition intensity in the pre-treatment period. 

More details of the matching procedure are available in Appendix I. Table I.1 compares 

the statistics of the main variables between the treatment and the control group before and 

after matching. 

 In the end, there are three E.U. countries in the treatment group – France, 

Germany, and the U.K.14 – matched with the U.S. in the control group. In total, there are 

168 charts (21 categories, 4 countries) for both free and paid apps in the sample.  

3.4.4 Potential Empirical Concerns 

It is acknowledged that there are some potential empirical threats in the settings. First, the 

implementation of GDPR might have affected not just the treatment group's mobile apps, 

but also those in the control group, because many apps are distributed in multiple regions 

and have users from both the U.S. and the E.U., potentially resulting in biases in the 

estimations. Given the prevalence of GDPR, it is difficult to find a market that is not 

 
14 The U.K. was a member of the E.U. in the timeframe (2015-2019). After Brexit, GDPR has remained domestic law in 
the U.K., although it has the autonomy to keep the framework under review (Singh, 2021). 
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influenced by this policy at all. To address this concern, this work considers a series of 

additional app-level analyses in the section of mechanism examinations, in which the 

apps that were active in both the treatment and control groups are eliminated.   

 Second, it is possible that apps' monetization strategies change over time (e.g., 

free apps change to paid apps or vice versa). To examine if the findings are influenced by 

apps’ monetization decisions, I look for apps that have appeared on both the free and paid 

app top charts. There are 5,895 such apps, accounting for only 6.9% of free apps and 

4.8% of paid apps. This indicates that the estimations are unlikely to be driven by 

changes in the monetization strategies. In one of the robustness checks, these apps are 

eliminated and the main analysis is replicated. The results are consistent with the main 

findings. 

 Another possibility that might confound the results is that App Stores’ ranking 

algorithms could have been changed in certain countries due to GDPR. Given that Apple 

has never revealed its ranking algorithms in detail nor announced algorithm changes, this 

work can only find some indirect evidence to examine this possibility. An indicator of 

keyword search ranking fluctuations provided by AppTweak is utilized.15 If the keyword 

search ranking of apps fluctuates dramatically on a given day, it would likely indicate 

that Apple’s algorithm was updated.16 Specifically, this analysis examines the 

fluctuations in iOS apps keyword search ranking in the four countries in the sample from 

2018 to 2019 and show the abnormal dates in Table J.1 (Appendix J). The summary 

 
15 https://www.apptweak.com/en/free-aso-tools/algorithm-change-detector 
16 Technically, the algorithms used to rank top charts and keyword search results are not the same. This chart, however, 
can be a proxy for whether the algorithms in each country were changed differently throughout the time frame. 
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suggests no significant differences in updating dates or frequencies across the treatment 

and control groups. Therefore, the possibility that Apple has updated its top chart ranking 

algorithms in response to the implementation of GDPR is quite low. For more 

information, see Appendix J. 

3.5 Results 

3.5.1 Main Estimation 

To make sure that the trend in the number of new apps in the U.S. is parallel to that of the 

control group (i.e., the U.K., Germany, France) before the publication of GDPR in April 

2016, which is a key underlying prerequisite for DID (Angrist & Pischke, 2009; Bertrand 

et al., 2004), the CEM method is further utilized to match the charts in the treatment (i.e., 

App Store in the U.K., Germany, France) and control groups (i.e., U.S. App Store). More 

details are available in Appendix K. The results of the relative time model (Autor, 2003) 

are available in Table K.1 in Appendix K, illustrating that the pre-treatment trends 

between the treatment and the control group are parallel.  

 The estimation results for Eq. (1) and (2) are in Table 3.3. The coefficients of 

Treat×Publish and Treat×Enact in Table 3.3 show that the implementation of GDPR 

increases the number of new apps in the top free app charts but decreases the number of 

new apps in the top paid app charts. Specifically, Column (2) of Table 3.3 indicates that 

the number of new free apps to appear on the top charts has increased by 8.52% in the 

E.U. countries after the publication of GDPR and increased by 14% after its enactment 

compared to the U.S.17 On the other hand, Column (4) of Table 3.3 indicates that the 

 
17 The calculation in treatment impacts from the coefficients is as follows: e0.0818-1= 0.0852, e0.131-1= 0.14 
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number of new paid apps to appear on the top charts decreases by 27.89% after the 

enactment of GDPR, compared to the U.S. Figure 3.4 illustrates the estimated changes in 

the number of new free/paid apps to appear at the top charts after GDPR, with a baseline 

of 100 apps/month.  

Table 3.3. The Impact of GDPR on the Number of New Apps in Top 100 Charts 

 (1) (2) (3) (4) 
Dependent Variable ln(NumNewFreeApps) ln(NumNewPaidApps) 
Treat×Publish 0.0677** 0.0818*** -0.132 -0.236 

(0.0195) (0.0212) (0.0760) (0.119) 
Treat×Enact 0.133*** 0.131*** -0.288* -0.327* 

(0.0268) (0.0254) (0.103) (0.145) 
Mobile Subscription -0.00476 -0.00543* 0.00313 0.0106 

(0.00271) (0.00245) (0.00191) (0.00734) 
ln(Population) 2.107 6.365 18.43*** -17.33 

(2.971) (3.466) (4.534) (9.935) 
GDP per capita 0.0159* 0.00585 -0.00102 -0.0329* 

(0.00606) (0.00563) (0.00822) (0.0156) 
Category Percentage 0.700 

(0.451) 
0.531 

(0.557) 
-0.207 
(0.842) 

-0.742 
(1.561) 

Country FE Yes Yes Yes Yes 
Category FE Yes Yes Yes Yes 
Yearmonth FE Yes Yes Yes Yes 
Matching Charts No Yes No Yes 
Observations 4,988 4,307 4,988 1,742 
R-squared 0.586 0.616 0.738 0.884 
Note: (1) The unit of observation is at the chart-month level.  
(2) Robust standard errors clustered at category level. *** p<0.001, ** p<0.01, * p<0.05 

Our results demonstrate that GDPR has significantly affected the competition in 

the app market. Furthermore, the findings suggest that apps’ revenue models play a key 

role in how a privacy regulation affects competition. For the free app market, GDPR 

significantly increases the competition intensity, suggesting a pro-competitive effect of 

the privacy regulations. For the paid app market, on the other hand, GDPR has an anti-

competitive effect. These results provide empirical support to the two effects that have 

been discussed in the theoretical development. Given the different business models of 
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free and paid apps (Cecere et al., 2018; Kummer & Schulte, 2019), the findings indicate 

that the impact of data privacy regulations depends on firms’ reliance on monetizing 

personal data. GDPR makes it difficult for incumbents in the free app market to maintain 

their competitive advantages as they rely more extensively on the monetization of 

personal data. As a result, the effect of data privacy regulations is more likely to be pro-

competitive in the free app market. These mechanisms are discussed in depth later. 

Figure 3.4. Illustration of the Impact of GDPR on the Number of New Apps  

 

3.5.2 Robustness Checks 

To ensure the robustness of the main analysis, there is an extensive series of robustness 

checks, as summarized in Table 3.4. 

Additional Measure on Top Chart Volatility: There are multiple ways to measure the 

volatility in the top charts. The main analysis utilizes the number of new apps that appear 

in the top charts as the dependent variable. An alternative indicator would be fluctuations 

in apps’ rank positions. The changes in the apps’ rankings as an alternative dependent 

variable are considered. Specifically, I collect the changes in rankings of each app in the 
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top chart in comparison to the previous day. The average rank change in chart i at day d 

is calculated as RankChangei,d =8
∑ %∆Rankk,d&

2100
k=1

100
 in which ∆Rankk,d=Rankk,d-Rankk,d-1, 

indicating each app k’s rank change on date d compared to the previous day. I then 

aggregate RankChangei,d to the chart-month level by taking the average – 

AvgRankChangeit. The model in Eq. (1) and (2) are replicated with this alternative 

dependent variable, and the results are available in Table 3.5. 

Table 3.4. Summary of Robustness Checks 
Concerns Tests Findings Tables 
There are other 
measures of top chart 
volatility 

Utilize apps’ ranking changes as 
another dependent variable 

The results remain 
consistent. 

Table 3.5 

The U.S. is the only 
control group country 

Add Canada to the control group The results remain 
consistent. 

Appendix L, 
Table L.1 

Some apps are changed 
from free apps to paid 
apps, or vice versa 

Replicating an estimation by 
excluding the apps that were 
active in both free apps’ and 
paid apps’ top charts 

The results remain 
consistent. 

Appendix L, 
Table L.1 

Other time-varying, 
country-specific or 
chart-specific factors 
that are correlated with 
the treatment 

Additional control variables The results remain 
consistent. 

Appendix L, 
Table L.2 

Including a country linear time 
trend 

The results remain 
consistent. 

Appendix L, 
Table L.3 

Including a category linear time 
trend 

The results remain 
consistent. 

Appendix L, 
Table L.3 

The apps in the 
treatment and control 
groups are not 
comparable 

Utilize apps that are active in 
both the treatment and control 
groups and compare their rank 
volatility across the groups 
before and after GDPR 

The results remain 
consistent. 

Appendix L, 
Table L.4 

Bias due to the use of a 
linear model 

Replicating an estimation using 
Poisson 

The results remain 
consistent. 

Appendix L, 
Table L.5 

Serial correlation in 
standard errors 

Random treatment test Placebo treatments 
yield no correlation 
with the estimated 
results. 

Appendix L, 
Table L.6 

The results are 
influenced by the 
choice of time windows 

Replication estimations using the 
time window of the past 60 days 
and the past 120 days 

The results remain 
consistent. 

Appendix L, 
Table L.7 
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Table 3.5. Additional Measure of Top Chart Volatility 
 (1) (2) 
App Type Free App Paid App 
Dependent Variables ln(AvgRankChange) ln(AvgRankChange) 
Treat×Publish 0.0628** -0.212** 

(0.0204) (0.0733) 
Treat×Enact 0.123** -0.433*** 

(0.0377) (0.103) 
Controls Yes Yes 
Country FE Yes Yes 
Category FE Yes Yes 
Yearmonth FE Yes Yes 
Observations 4,988 4,988 
R-squared 0.586 0.739 
Note: (1) The unit of observation is at the chart-month level.  
(2) Robust standard errors clustered at category level. *** p<0.001, ** p<0.01, * p<0.05 
 

 The coefficient of Treat×Publish and Treat×Enact in Columns (1) and (2) of 

Table 3.5 indicate that the rank volatility among the free apps significantly increases after 

GDPR, whereas the rank volatility among the paid apps decreases. This result is 

consistent with the main finding that GDPR has a pro-competitive effect on the free app 

market but an anti-competitive effect on the paid app market. 

Alternative Control Group: In the main analysis, the U.S. is the control group. As a 

robustness check, Canada is added. Canada is chosen since it is an English and French-

speaking country, which corresponds to the U.K. and France in the treatment group, 

respectively. The results in Appendix L, Table L.1 (Columns 1-2) are similar to the main 

results. 

Excluding Apps that Changed Monetization Methods: The main results indicate that 

apps' monetization strategies influence the effect of GDPR on competition intensity in the 

mobile app market. There might be a concern that the apps’ monetization strategies 

change over time (e.g., free apps change to paid apps, or vice versa) and confound the 
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results. To alleviate this concern, 5,895 such apps are excluded and the main analysis is 

replicated. The results shown in Table L.1 (Columns 3-4) are consistent with the main 

findings. 

More Control Variables: In the main model, category, country, and month fixed-effects 

are controlled for time-invariant unobserved heterogeneity across charts and worldwide 

economic changes over time, respectively. A set of control variables are also included to 

capture other time-varying observable heterogeneity in each country. It is possible, 

however, that there may be other time-varying factors that are correlated with the top 

chart volatility and the data privacy regulations. To relieve this concern, additional 

control variables are included in the estimations. Specifically, each country’s monthly 

currency exchange rates and stock market price indexes (i.e., an indicator of the stock 

exchange) are to control for the short-term market shocks. The results in Table L.2 are 

consistent with the main estimates. 

Linear Time Trends: To further control for time-varying, category-specific, or country-

specific factors, the analysis by including category-level and country-level linear trends 

are considered. The results in Table L.3 suggest consistent findings. 

Rank Volatility of Apps That Are Active in Both Treatment and Control Groups: 

To further alleviate the concern that unobservable ex-ante heterogeneity in the treatment 

and control groups confound the results, the rank volatility of apps that are active in both 

treatment and control groups is considered. These apps are very likely influenced by 

GDPR regardless of App Store locations. However, the apps’ ranks in the top charts are 

influenced not only by their own activities but also by the activity of other apps. 



 

  

  84  

Comparing these apps’ rank volatility across different countries before and after the 

implementation of GDPR thus allows us to examine how GDPR influences the volatility 

of the chart.   

In total, there are 4,030 free apps and 6,039 paid apps in the sample.18 The 

dependent variable AppRankVolatilitykct is app k’s monthly rank volatility in each App 

Store, measured by the standard deviation of ranks in country c in month t.19 The model 

specification is shown in Eq. (3).  

AppRankVolatilitykct=App FE+Yearmonth FE+ Country FE+ β31Treatc×Publisht 
+β32Treatc×Aftert+Controlskct+εkct                                          (3) 

 Fixed-effects at the app, time, and country levels and include a set of controls 

including the mean of app ranks and time-varying country-specific characteristics are 

included. The results are shown in Table L.4 in Appendix L. The coefficients of 

Treat×Publish and Treat×Enact suggest that the top charts of free apps become more 

volatile, whereas the top charts of paid apps become less volatile following GDPR. 

A Count Model: In the main analysis, the log-transformed number of new/paid apps in 

the chart is the dependent variable. In Table L.5, the analysis uses a Poisson fixed-effects 

estimator (Correia et al., 2019) and similar results to the main estimations are obtained.  

A Random Treatment Test: To examine whether the main results are due to serial 

correlations in the dependent variable or simply by chance (Bertrand et al., 2004), this 

work follows prior literature (Bertrand et al., 2004; Donald & Lang, 2007; Greenwood & 

Wattal, 2017) to randomly shuffle the treated units in the analysis. The results in Table 

 
18 The sample chooses apps that have been active since the beginning of 2015 in both the treatment and control groups. 
19 The sample only considers the app ranks from 1 to 200.  
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L.6 suggest that the pseudo treatment effects are around 0. By comparing the pseudo 

effects with the estimates in the main analysis, it is found that the probability of a similar 

coefficient appearing purely by chance is significantly low.  

Alternative Time Windows for New Apps: The main analysis considers an app to be 

new if it has not appeared in the top 100 charts in the past 90 days. To test whether the 

results are robust to the choice of the 90-day window, the main analyses using 60 and 120 

days are replicated. The results are shown in Table L.7. Once again, all estimates are 

consistent with the main results. 

3.6 Mechanism Examinations 

So far, it is found that GDPR has a pro-competitive effect on the free app market and an 

anti-competitive effect on the paid app market. This finding is consistent with the 

theoretical development that data privacy regulations can influence competition in 

different ways. Next is the examination of which mechanisms drive the main results. 

3.6.1 The Number of New Entrants 

As discussed earlier, GDPR requires a high compliance cost, which is burdensome for 

new entrants. By tracking mobile apps that appear in Google Play Store’s 

recommendation lists, Janssen et al. (2021) find that there are fewer new entries of 

Android apps after GDPR. To examine whether the competition in the app market is 

influenced by newly released mobile apps, I collect the release time of all the apps that 

have ever been in the top 100 charts of the four countries (France, Germany, the U.K., 

and the U.S.) in 2015-2021.20 In doing so, the number of apps released in each country’s 

 
20 The time window is extended to include more apps. 
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App Store each month is obtained. It is worth noting that this work cannot track the apps 

that were released but never ranked in the top charts. Nonetheless, the investigation helps 

explain whether the volatility of the top charts is driven by a decrease or an increase in 

new entrants caused by the introduction of GDPR. Eq. (1) and (2) using the dependent 

variables ln(NumNewlyReleasedFree)it and ln(NumNewlyReleasedPaid)it are replicated.  

Table 3.6 shows that there is no substantial difference in the number of newly 

released apps in the free app market before and after GDPR. However, there is a 

significant decline in the number of newly released paid apps following GDPR. This 

work is cautious about inferring that GDPR has influenced the entry of new apps since 

this work only looks at the apps that appeared in the top charts in 2015-2021. However, 

the results indicate that the number of new entrants is not the main driver of the volatility 

in the free apps’ top charts. For the paid app market, fewer newly released apps appear in 

the top charts after GDPR, lowering the competition intensity in the paid app market. 

Table 3.6. Number of New Entrants 
 (1) (2) 
Dependent Variable ln(NumNewlyReleasedFree) ln(NumNewlyReleasedPaid) 
Treat×Publish 0.0431 -0.180*** 

(0.0247) (0.0386) 
Treat×Enact 0.0648 -0.227*** 

(0.0423) (0.0413) 
Controls Yes Yes 
Country FE Yes Yes 
Category FE Yes Yes 
Yearmonth FE Yes Yes 
Observations 4,988 4,988 
R-squared 0.679 0.789 
Note: (1) The unit of observation is at the chart-month level.  
(2) Robust standard errors clustered at category level. *** p<0.001, ** p<0.01, * p<0.05 
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3.6.2 The Age of the Apps at the Time of Appearance at the Top Charts  

Given that the top charts serve as an indicator of how popular apps have been over time, 

the volatility in the top charts can be influenced by the competition between apps in the 

charts and those not yet in the charts. The earlier discussions suggest that the competition 

between incumbents and new apps is affected by the implementation of data privacy 

regulations. On the one hand, the high compliance costs can be burdensome for new apps 

and reinforce the dominance of incumbents. On the other hand, the limited access and 

utilization of data and the greater difficulty in the utilization of third-party services can 

reduce the incumbents’ advantages. To see if the volatility in the top charts is driven by 

the competition between incumbents and new apps, this work investigates the age of apps 

when they show up on the top charts.21 Since the number of positions in the top charts is 

fixed (e.g., 100), entering the top charts indicates that an app has won a position over 

another app that has dropped from the charts.  

 By examining the top 100 charts of 21 categories in the four countries (France, 

Germany, the U.K., and the U.S.), there are 65,666 free apps and 119,836 paid apps that 

enter the top charts multiple times from 2015 to 2019. This work only focuses on apps 

that have been active in one group (i.e., either the treatment or the control group). By 

using the following model specification, this analysis aims to investigate how the 

introduction of GDPR influences the age of these apps (i.e., the number of days since the 

apps were released) when they appear on the top charts. 

ln(Age)j =β41Treatj×Publishj+β42Treatj×Enactj+CountryCategoryj+Treatj 

 
21 Entering a top chart indicates that an app was previously not in the chart but appears in the chart one day. 
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+Publishj+Afterj+εj.                                                                  (4) 

 The analysis is at the appearance event level. ln(Age)j is the log of an app’s age 

for the event j. Treatj equals 1 if the event occurs at the top chart of the treatment group. 

Publishj and Enactj are the same as the main analysis (Figure 3.3). Country/category-

level fixed-effects are included. The results are in Table 3.7. 

The coefficients of Treat×Publish and Treat×Enact in Columns (1) and (4) of 

Table 3.7 show that the age of free apps that enter the top charts decreases after GDPR, 

whereas the age of paid apps entering the top charts increases after GDPR. This result 

indicates that following the implementation of GDPR, relatively newer free apps appear 

on the top charts. In the paid app market, on the other hand, older apps are more likely to 

show up on the top charts. This echoes the results in Table 3.6, which suggest that fewer 

newly released apps appear on the top charts of paid apps after GDPR. Considering that 

many apps only appear on the top charts for a single day, I separate the entering events by 

the number of days for which an app stays at the top chart (i.e., Duration) and run the 

analyses for each subsample. The results in Columns (2) - (3) and (5) - (6) remain 

consistent. 

 Overall, the results show that the competition between new and old apps 

contributes to the volatility in the top charts after GDPR. The introduction of data privacy 

regulations weakens the advantages of incumbents and provides new strategic 

opportunities for new apps, leading to a pro-competitive effect in the free app market. 

However, the high compliance costs are burdensome for new apps, reinforcing the 

incumbents’ advantages in the paid app market.  
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Table 3.7. Age of Apps When Entering Top Charts 
 (1) (2) (3)  (4) (5) (6) 
App Type Free App Free App Free App  Paid App Paid App Paid App 
Group All Duration=1 Duration>1  All Duration=1 Duration>1 
Dependent 
Variables   ln(Age) ln(Age) ln(Age)  ln(Age) ln(Age) ln(Age) 

Treat×Publish -0.170*** -0.168*** -0.169***  0.149*** 0.155** 0.0902 
 (0.0326) (0.0339) (0.0375)  (0.0330) (0.0513) (0.0550) 
Treat×Enact -0.132** -0.113** -0.138**  0.317*** 0.346*** 0.189* 
 (0.0445) (0.0422) (0.0521)  (0.0514) (0.0655) (0.0810) 
Enact 0.534*** 0.522*** 0.539***  0.0601 0.0166 0.132 
 (0.0351) (0.0297) (0.0451)  (0.0555) (0.0560) (0.0723) 
Publish 0.274*** 0.287*** 0.263***  -0.0225 -0.0342 0.00526 
 (0.0269) (0.0283) (0.0322)  (0.0350) (0.0385) (0.0490) 
Country/Category 
FE Yes Yes Yes  Yes Yes Yes 

Observations 792,035 361,964 430,071  936,695 498,124 438,571 
R-squared 0.046 0.048 0.045  0.028 0.031 0.034 
Note: (1) The unit of observation is at the appearance event level.  
(2) Robust standard errors clustered at country-category level. *** p<0.001, ** p<0.01, * p<0.05 
Duration=1 indicates that an app appears in a top chart for one day and disappears the next. 

 
3.6.3 Effect of Monetization Strategies 

Given the different effects of GDPR on the free and paid app markets, this work further 

investigates the role of apps’ monetization strategies. One possible explanation for the 

findings is that free apps, as opposed to paid apps, have greater challenges in dealing with 

the implementation of GDPR, because their revenue sources are more reliant on the 

collection and utilization of personal data. As a result, the pro-competitive effect of data 

privacy is more pronounced in the free app market than in the paid app market. To verify 

whether the heterogeneous effect on the free and paid app markets is driven by the 

different monetization strategies, the model of Eq. (4) by separating the entering events 

by whether a free app that shows up at the top chart has in-app purchasing or not (i.e., 

freemium; Ghose & Han, 2014; Liu et al., 2014) are considered. The option of in-app 

purchasing indicates that users can pay a premium for products or services within the 
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app. Free apps with in-app purchasing thus have more revenue sources than those 

without. 

Table 3.8. The Effect of In-App Purchasing 
 (1) (2) (3) 

App Type Free App Free App Free App 

Group With In-App 
Purchasing  

Without In-App 
Purchasing All 

Dependent Variable ln(Age) ln(Age) InAppPurchasing 
Treat×Publish -0.110* -0.187*** 0.0234* 
 (0.0514) (0.0340) (0.0101) 
Treat×Enact -0.0426 -0.169*** 0.0337† 
 (0.0852) (0.0430) (0.0185) 
Enact 0.383*** 0.597*** -0.0102 
 (0.0710) (0.0351) (0.0179) 
Publish 0.192*** 0.300*** -0.0116 
 (0.0411) (0.0277) (0.00820) 
Age - - 2.28e-05* 
   (9.47e-06) 
Country/Category FE Yes Yes Yes 
Observations 206,979 584,942 791,921 
R-squared 0.090 0.047 0.081 
Note: (1) The unit of observation is at the appearance event level.  
(2) Robust standard errors clustered at country-category level. *** p<0.001, ** p<0.01, * p<0.05, †p<0.1 

 
The coefficients of Treat×Publish and Treat×Enact in Columns (1) and (2) of 

Table 3.8 suggests that the effect of GDPR on the age of free apps that enter the top 

charts is primarily seen among apps without in-app purchasing, which are more reliant on 

personal data, than ones with in-app purchasing. This finding supports the claim that the 

different monetization strategies of mobile apps influence the relationship between data 

privacy legislations and competition. Because in-app purchasing affords free apps with 

more revenue sources and makes them less reliant on the utilization of personal data, 

following GDPR, the apps with in-app purchasing can retain a competitive advantage to a 

greater extent than the those without. Eq. (4) is replicated by using a dependent variable, 

InAppPurchasingj, a dummy variable that equals 1 if the entering event j is for an app 
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with in-app purchasing. In Column (3) of Table 3.8, the coefficients of Treat×Publish 

and Treat×Enact indicate that more apps with in-app purchasing appear in the top charts 

than those without in-app purchasing after GDPR. 

3.6.4 The Apps’ Updating Frequencies 

To further understand how mobile apps are influenced by GDPR, this work examines the 

frequency of app updates before and after GDPR. Mobile apps’ updating activities have 

long been considered a key indicator of innovation as well as a strategy to stay 

competitive in the market (Foerderer, 2020; Wen & Zhu, 2019). As it is found that the 

competition between new and old apps contributes to the rank volatility on the free app 

top charts, I examine if GDPR influences apps’ innovation and how the age of apps 

moderates this effect. It is expected that if GDPR has a pro-competition effect, it would 

boost the frequencies of app updates, and if it has an anti-competition effect, would 

hamper the update frequencies. 

 The analysis examines the apps that have appeared at least once in the top 100 

charts in the time frame of 2015-2019 and focuses on those that have been active only in 

one group (i.e., either the treatment or the control group). Excluding the apps that have 

left the market, as their updating activities are not trackable, the sample comprises the 

updating histories of 26,679 free apps and 26,465 paid apps. The dependent variable, 

Updatekt is a dummy variable indicating whether app k has a major update or not during 

month t. The model specification is as follows. 

Updatekt=App FE+Yearmonth FE+β51Treatk×Publisht+β52Treatk×Enactt+εkt            (5) 

Updatekt=App FE+Yearmonth FE+β61Treatk×Publisht+β62Treatk×Enactt 
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+β63Treatk×Publisht×Age+β64Treatk×Enactt×Age2+Age+Age2+εkt          (6) 

 App-level and time fixed-effects are included. Treatk equals 1 if app k is in the 

treatment group. Publisht and Enactt are the same as the main analysis (Figure 3.3). The 

overall effect of GDPR on app updates is estimated in Eq. (5). The investigation of the 

moderating effect of app age is in Eq. (6). Considering that the app age might influence 

the effect of GDPR on updates in a non-linear way, the quadratic interaction terms are 

included.  

Table 3.9. Apps’ Update Activities 
 (1) (2) (3) (4) 
App Type Free App Free App Paid App Paid App 
Dependent Variable Update Update Update Update 
Treat×Publish 0.00105 

(0.00112) 
0.00439* 
(0.00195) 

-0.000109 
(0.000950) 

-0.000651 
(0.00173) 

Treat×Enact 0.000648 
(0.00122) 

0.00998** 
(0.00309) 

0.000923 
(0.000940) 

-0.000633 
(0.00264) 

Age2  -4.24e-07 
(5.45e-07)  9.74e-07** 

(3.11e-07) 
Treat×Publish×Age  -0.000193** 

(7.20e-05)  1.48e-06 
(5.65e-05) 

Treat×Enact×Age  -0.000380*** 
(9.09e-05)  0.000100 

(6.71e-05) 
Treat×Publish×Age2 

 2.09e-06* 
(8.36e-07)  2.33e-07 

(5.26e-07) 
Treat×Enact×Age2  3.27e-06*** 

(8.38e-07)  -1.02e-06* 
(4.96e-07) 

Constant 0.0207*** 
(0.000673) 

0.0211*** 
(0.00144) 

0.0107*** 
(0.000520) 

0.00788*** 
(0.00111) 

App FE Yes Yes Yes Yes 
Yearmonth FE Yes Yes Yes Yes 
Observations 1,001,249 1,001,249 796,708 796,708 
R-squared 0.067 0.067 0.042 0.042 
Note: (1) The unit of observation is at the app-month level.  
(2) The coefficient of Age is omitted due to the collinearity with fixed effects.  
(3) Robust standard errors clustered at app level. *** p<0.001, ** p<0.01, * p<0.05 

 
The coefficients of Treat×Publish and Treat×Enact in Columns (1) and (3) of 

Table 3.9 show that GDPR does not significantly influence the overall updating activities 
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of both free and paid apps. However, the coefficients of the interaction terms in Column 

(2) indicate a U-shape relationship between the app age and the marginal effect of GDPR 

on app updates in the free app market. Figure 3.5 illustrates this relationship. It shows 

that overall, GDPR increases the frequencies of free app updates. However, this positive 

effect of GDPR on free apps’ update frequencies is weaker in apps with a moderate age 

(27-67 months) than in very young or old apps. Figure 3.5 shows that when an app is 

younger than 4 years old, the impact of GDPR on app updates diminishes with the app 

age. When the app age is greater than four years, the effect of GDPR on app updates 

increases with the age.  

Figure 3.5. The Heterogeneous Effect of GDPR on Free Apps’ Updates 

 
When apps are not mature enough (i.e., younger than 4 years), such apps are 

likely to have simple features and less likely to rely heavily on personal data collection or 

third-party services. Therefore, these apps face fewer challenges and lower risks in 

complying with GDPR. The disadvantage of a limited user base for newer apps is also 

being mitigated by data protection regulations. As a result, the pro-competitive effect 
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outweighs the anti-competitive effect for very young apps. When apps are mature enough 

(i.e., older than 4 years), such apps have more resources to comply with GDPR than 

newer ones. Consequently, the anti-competitive effect is thus stronger than the pro-

competitive effect for these mature apps, resulting in the positive influence of GDPR on 

app updates. 

In the paid app market, it is found the coefficient of Age2 (Column (4) of Table 

3.9) is positive and significant, suggesting that older apps update more frequently than 

newer ones. The findings indicate no significance for the interaction terms except for that 

of Treat×Publish×Age2. This result suggests that the implementation of GDPR does not 

significantly influence paid apps’ update frequencies.  

3.7 Discussion & Conclusion  

3.7.1 Main Findings 

The prevalence of the data-driven economy, the controversies over personal data 

collection, and the increasing cybersecurity risks have prompted a fierce policy debate 

over data and privacy. As regulators across the world are beginning to establish data 

privacy regulations to ensure data privacy and security, it is imperative to understand how 

these policies influence market competition. This work empirically examines the 

influence of GDPR on competition in the mobile app market. It is found that the data 

privacy regulations can be both pro and anti-competitive. Specifically, more new apps 

show up in the top charts of free apps after GDPR has been introduced. The rank 

volatility among free apps also rises concomitantly. On the other hand, the top charts of 

paid apps have become less volatile after the introduction of GDPR. Following GDPR, 
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there is a drop in the number of new paid apps in the top charts as well as a decrease in 

the rank volatility of the paid apps. 

 This work further examines the underlying mechanisms of the results. It is found 

that the increase in the volatility of the free app top charts following GDPR is driven by 

the entry of newer apps to the charts. The introduction of GDPR has substantially 

undermined free apps’ business models, especially for those without in-app purchasing 

that rely heavily on personal data. This has provided opportunities for newer apps to 

compete with incumbents. Free apps with in-app purchasing have also gained more 

advantages over those without in-app purchasing. The analysis of apps’ update activities 

further shows that the positive effect of GDPR on free apps’ update frequencies is weaker 

in apps with a moderate age than in very young or old ones, illustrating the dual effect of 

GDPR on the competition. 

3.7.2 Theoretical Contributions 

This study offers significant theoretical contributions to multiple streams of the IS 

literature. First, it advances the growing body of literature on the economic impact of data 

privacy regulations. Although the privacy regulations are expected to improve the 

security protection of digital services (Degeling et al., 2019; Momen et al., 2019), it is 

unclear whether these policies would benefit or harm the overall digital economy. For 

example, prior studies find that the privacy regulations hamper innovation and firm 

performance (Jia et al., 2019; Miller & Tucker, 2009; Sørensen & Kosta, 2019). The 

results suggest that the privacy regulations can have both pro and anti-competitive 

impacts, and the overall effect is determined by the degree of reliance on monetizing 
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users’ personal data. The finding thus significantly advances the theoretical and policy 

debates on the influence of data privacy regulations on competition (Campbell et al., 

2015; Marthews & Tucker, 2019). 

 Second, this work contributes to the IS literature by expanding the work on firm 

competition in the digital economy. Although data is considered a critical resource for 

firms’ competitive advantage (Mcafee & Brynjolfsson, 2012; McGuire et al., 2012), little 

empirical work has investigated how data privacy regulations influence competitive 

landscapes. This study leverages the implementation of GDPR to empirically examine 

how the limitation in personal data collection and exploitation influences competition 

intensity. The findings indicate both pro and anti-competitive effects of the data privacy 

regulations, shedding new theoretical insights on competition in the digital economy. 

 Third, this work also adds to the literature on mobile ecosystems. Prior work in 

this stream has extensively investigated the business models of mobile apps (e.g., Hoehle 

& Venkatesh, 2015; Li et al., 2020; Liu et al., 2014; Miric & Jeppesen, 2020). The 

examination of how data privacy regulations influence mobile app competition 

contributes to this strand of discussions with respect to mobile apps’ business models and 

monetization strategies. The findings that privacy regulations are pro-competitive in the 

free app market and anti-competitive in the paid app market illustrate that the impact of 

data privacy regulations differs significantly by data monetization strategies. 

3.7.3 Policy and Managerial Implications 

There are some important implications for practitioners and policymakers from this 

study. First, the findings on how data privacy regulations influence competition provide 
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meaningful insights for policymakers to understand the consequences of the privacy 

regulations. Many detractors of privacy policies have raised concerns about the 

detrimental effects of these policies on the digital economy. The findings that the data 

privacy regulations can be both pro and anti-competitive provide new perspectives on this 

debate. This study advises policymakers that the privacy regulations have heterogeneous 

effects on different markets, implying that such policies may be fine-tuned and tailored to 

specific market conditions. 

  Furthermore, the findings can be generalizable to other industries that monetize 

consumers’ personal data. Managers can gain practical insights from this study on the 

challenges and opportunities under data privacy regulations. On the one hand, the 

restrictions in data collection and utilization are costly for firms. On the other hand, 

startups can consider the implementation of the privacy regulations an opportunity to gain 

an upper hand over incumbents. The findings of this work, therefore, provide significant 

strategic insights to firms that compete in the digital economy. This work also 

emphasizes the importance of monetization strategies under the data privacy regulations. 

Given an increasingly stringent environment for personal data collection and utilization, 

firms should carefully evaluate their business models and adjust them to the changing 

regulatory environments. The findings imply that having a diversified revenue structure 

might help firms lessen regulatory risks and sustain their competitive advantages. 

3.7.4 Limitations and Future Research Directions 

Despite several notable findings and important contributions of this study, some 

limitations are acknowledged. First, this analysis only focuses on the competition among 
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iOS mobile apps. Although the mobile app markets provide several advantages for us to 

empirically examine the impact of data privacy regulations on competition, the findings 

may not be generalized to all other industries. Future work can examine the competition 

in other markets where more extensive data is available and provide a more 

comprehensive understanding of the data privacy regulations and competition. Second, 

this work has utilized the volatility in the top charts to measure competition intensity 

among mobile apps. Due to data limitations, this work cannot measure competition using 

market shares or in other conventional ways. Lastly, this work only considers one data 

privacy regulation (GDPR).  

 There are some interesting research directions for future work. Since this study 

suggests that the implementation of data privacy regulations influences competition, 

future work can explore how firms can deal with changes in regulatory environments 

with respect to privacy and security. For example, it would be interesting to examine 

what new opportunities entrants can gain under a new privacy regulatory regime and how 

they can remain competitive in the long run. Future researchers can also examine the 

impact of GDPR on competition from users’ perspectives, as users’ attitudes toward data 

security and privacy after GDPR can affect competition intensity. 
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CHAPTER 4 
 

ESSAY 3: TACKLING ANDROID FRAGMENTATION: MOBILE APPS’ 
DILEMMA AND PLATFORM’S STRATEGIES 

 

4.1 Introduction 

Mobile platforms and apps have emerged as a dominant model for software-based 

services in the past decade (Gu & Hong, 2019; Wang et al., 2018). Google Android and 

Apple iOS are the two biggest mobile platforms; as of April 2020, there are 

approximately 3.2 million apps in the Google Play store and 1.8 million in the iOS app 

store (42Matters, 2021; Statista, 2019). Interestingly, these two platforms adopt very 

different models. Unlike Apple’s “closed” ecosystem, Android is a much more open 

environment in which device manufacturers can take the source code and create custom 

operating systems (OS) from it. This open strategy helps Android attract a plethora of 

device manufacturers; as of 2019, there are thousands of different Android phones that 

are commercially available, while only 24 iPhone models have been introduced. 

However, this open strategy has created a problem called Android fragmentation, which 

some consider “the Achilles heel” of Android (Khaliq, 2019). 

This work focuses on the Android fragmentation problem, in which multiple 

Android versions coexist in the market due to a slow adoption rate of new OS versions by 

device manufacturers and mobile apps. The out-of-date OS versions cause inconsistent 

and unfriendly user experiences (Park et al., 2013; Wei et al., 2016) and security 

vulnerabilities (Farhang et al., 2017; Zhou et al., 2014). This OS fragmentation also poses 

major challenges for app developers (Joorabchi et al., 2013; Shore, 2016). For example, 

Car (2015) finds that Android development is 30% more expensive than in iOS. While it 
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has been a critical concern in mobile app industries for many years, to the best of my 

knowledge limited work has explored this problem from a managerial perspective. 

Hence, this work aims to investigate the strategic behaviors of mobile app developers 

under Android fragmentation and how the developers and the platform should deal with 

the fragmentation problem. 
 

4.1.1 Motivation 

Android fragmentation is a problem from its inception and has become more acute over 

time. The challenge is that there are multiple active Android versions among devices, 

which require app developers to ensure that the app functionality is consistent across 

multiple combinations of OS versions and devices (Wei et al., 2016). The problem gets 

worse whenever Google introduces a new OS version with the latest features. Joorabchi 

et al. (2013) find that frequent changes in the platform and the device models is one of 

the greatest challenges for app developers. For cost consideration, Android app 

developers may choose not to update to a new OS version, even though it brings more 

advanced features and makes the apps more competitive in the market. For example, an 

app developer in a forum asked, “When I first created my project, I set targetSdkVersion 

to 22. Now I can update it to 26 if I want, but...why?” He explained, “I have to 

[designate] time to fix lots of issues that I will get when I update it (request for 

permission, maybe some UI issues, etc)... If my app works great, why I need to update it? 

I don't have to implement new features.”22 According to Mutchler et al. (2016), 93% of 

 
22

 https://stackoverflow.com/questions/48425945/advantages-of-update-targetsdkversion-in-android-project/48426124 
(Last accessed: June 20, 2022)  
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the Android apps do not update to the latest OS version.  

Therefore, it is imperative to understand how mobile apps decide their target OS 

version. The dilemma faced by mobile app developers regarding whether to update to the 

latest OS version is a concern for the platform as well. The adoption of new 

functionalities in OS by users requires both mobile devices and apps to work on the latest 

OS version; outdated apps’ target OS version keeps most users from enjoying the latest 

features, even when the OS of their devices is up-to-date. This is problematic because a 

timely delivery of functionality updates and security patches is crucial to the platform. 

The fragmentation in OS therefore becomes a weakness to Android that Apple takes 

advantage of. Apple CEO Tim Cook stated “Over [a] third of [Android] customers, are 

running a version of Android from four years ago… That means these customers are not 

getting great new features. And they don’t get security updates they may need to stay 

safe” (Edwards, 2014). Therefore, from Android’s perspective, it is critical to understand 

how OS fragmentation affects mobile app development, so that it can alleviate this 

problem. This work develops a game-theoretic analytical model to explore this important 

issue. 

This model investigates mobile app developers’ decisions on their apps’ target OS 

version, given a device manufacturer’s target OS version, which usually follows the 

platform’s latest OS version (Mills, 2020). This model therefore does not differentiate the 

device’s OS version and the platform’s latest version, and consider the device’s OS 

version exogenous for mobile apps in the main model.23 When the manufacturer 

 
23 For completeness, Section 4 considers an endogenous target OS version of the manufacturer. 
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introduces a new device with a higher OS version, there will be one more active OS 

version in the device market, increasing OS fragmentation (Summerson, 2018a). This 

work investigates how mobile apps behave when the manufacturer targets a higher OS 

version, so that there is better understanding of how Android fragmentation affects app 

development. This work also explores the strategies the platform can adopt to ameliorate 

the fragmentation issue. 

4.1.2 Research Questions and Contributions 

The Android platform launches a new OS version every few months, followed by device 

manufacturers customizing and installing the new version on some of their devices. 

Although new OS versions provide the latest features and security patches, there is a 

debate among app developers on whether or not to update to the latest OS version 

(Mutchler et al., 2016). To contribute to this debate, this work proposes the first research 

question: Is it more profitable for mobile apps to target a higher OS version when the 

manufacturer’s target OS version is higher? One would expect app developers to always 

update to the latest OS version because the new version brings new and improved 

functionalities that improve user experiences (Raphael, 2019). However, interestingly, 

the results show that when the device manufacturer’s target OS version is higher, it is 

more profitable for some apps to target a lower OS version. It is found that mobile apps’ 

decisions depend on the size of their user bases. Specifically, the apps with a smaller user 

base target an earlier OS version. The results provide implications to app developers 

regarding the OS updating strategy under OS fragmentation. This finding also provides 

insights for the platform that the new devices installing the latest OS version does not 
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always lead to updating by all mobile apps. 

Prior work suggests that apps with a larger installation base are more responsive to 

the manufacturer’s OS updates (Yasumatsu et al., 2019). However, their findings are 

based on the direct comparison of different apps’ target OS version at a given point of 

time. From these empirical studies, however, it is unclear how apps with a varying user 

base behave differently when the OS fragmentation level changes. Further, how the 

developer’s responsiveness on the target OS version at different stages is unclear. There 

is therefore a follow-up question: With a higher user base, are mobile apps more likely to 

target a higher OS version with increasing OS fragmentation? One might expect so 

because past studies show that popular apps’ target OS version tends to be higher than 

unpopular ones (Mutchler et al., 2016). The analyses, however, show that in some 

circumstances, when the manufacturer’s target OS version is higher, the apps with a 

larger user base are better off targeting a lower OS version than those with a smaller user 

base. It is found that apps with more users are more sensitive to a change in the average 

target OS version in the app market. The model for apps’ decisions on the target OS 

version extends previous research on software development and helps developers 

understand the tradeoff between new features and development costs under the OS 

fragmentation. 

These findings provide important insights to app developers on whether and when to 

follow the manufacturer’s updating strategy. The results also suggest that the platform 

reconsider its releasing plan of new functionalities and security patches if it aims to 

ensure that users can enjoy the new features. As mobile apps do not always follow the 
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manufacturer’s OS updates, many users are unable to get access to these important 

updates even they are using the latest device models. 

 Although new OS versions benefit the overall mobile ecosystem by providing 

better functionalities and improved security to users, frequent changes in OS versions are 

considered costly for app developers (Joorabchi et al., 2013; Shore, 2016). It is not clear 

which apps gain most from the manufacturer’s OS updating. There is therefore a 

question: Which mobile apps benefit from the manufacturer’s new OS version? More 

specifically: Are mobile apps with a larger user base more likely to benefit from the new 

OS version adopted by the manufacturer? Since the mobile apps’ updates improve user 

engagement (Yarmosh, 2016), one may speculate that the more users an app has, the 

more gains it obtains from the latest OS version. However, the results suggest that the 

profit of some apps actually decreases with the manufacturer’s target OS version. In 

some circumstances, the more users an app has, the more profit it loses from the 

manufacturer’s OS update because its sensitivity to the competitive app market increases. 

 This work adds to past studies on Android fragmentation by investigating how 

mobile apps are affected by the fragmentation problem from the perspective of app 

development on the platform. The finding also yields significant implications for 

practitioners. For app developers, it is critical to understand how the manufacturer’s 

updating strategy affects their profitability. The results show that the profit of some apps 

decreases with the manufacturer’s OS updating, and in some circumstances, having a 

larger user base does not mitigate the problem. Apps with a moderate user base are under 

the most intense pressure from OS fragmentation. This study also offers implications for 
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the platform on how to treat apps with a different user base regarding the OS 

fragmentation’s impact on app development. As a new OS version might hamper some 

apps’ profitability, the platform might consider measures for them to reduce the negative 

effects.  

 Since OS fragmentation results from a slow adoption of the new OS versions, 

Google recognizes it as a thorny issue that needs to be address. For example, it has 

announced the “Project Treble” in 2017, which aims to stimulate manufacturers to target 

a higher OS version (Summerson, 2018b). Although this measure causes more users to 

adopt the latest OS version, it exacerbates the fragmentation, because those old OS 

versions are still active in the market. In addition, to reduce app development costs, 

Google has created supporting libraries to help app developers deal with compatibility 

problems with multiple OS versions. Are these measures effective? Does the platform 

gain from these measures? Although Google might assume that these measures are 

beneficial for the platform, there is no clear answer yet. This study therefore proposes 

another research question: How do the platform’s current measures to tame down the 

fragmentation impact the platform ecosystem?  

 There are a few measures implemented by Google in the past decade. First, the 

platform’s effort to reduce the manufacturer’s cost of OS customization stimulates the 

devices’ updating to new OS versions. Although this measure causes more fragmentation, 

it encourages apps to move forward to the higher OS version on average, enabling more 

users to enjoy the latest features. Interestingly, although the results show that the 

manufacturer’s OS updating decreases some apps’ profitability, the measure to encourage 
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the manufacturer to target a higher OS version is always beneficial for the platform. The 

second measure is to decrease app developers’ cost of updating the OS. Since the 

fragmentation issue is costly for mobile apps, one may expect that decreasing the app 

development cost is Pareto-improving for both the apps and the platform. However, the 

results suggest that this measure is profitable for the platform only when the potential 

revenues from new users are large enough. This is because the declining development 

cost for all apps intensifies competition in the app market, leading a decrease in some 

apps’ profitability from existing users. This work further finds that the platform is more 

likely to benefit from reducing the compatibility cost when the manufacturer targets a 

higher OS version. Taken together, these findings suggest that the platform sometimes 

prefers its OS to remain fragmented at the expense of app developers’ welfare; this 

occurs when a measure to reduce the fragmentation improves the app developers’ 

profitability but not the platform’s. 

 In addition to the current measures adopted by Google to address the 

fragmentation problem, there have been on-going discussions about whether the mobile 

platform should choose a closed source strategy (iOS) instead of an open one to prevent 

the OS fragmentation problem (Bisson & Branscombe, 2011). In light of the debate on 

which is a better strategy for mobile platforms (Hill, 2019; Parker & Alstyne, 2018), the 

question is: Is a closed strategy to prevent OS fragmentation more profitable for the 

platform than an open one? The findings of this work suggest that the open strategy is 

superior for the platform when the users’ purchasing power in a closed platform is not 

stronger enough compared to the open platform. Despite concerns such as app 
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outdatedness and security risks, mobile apps with a larger user base can take advantage of 

OS fragmentation and bring more profits to the platform. This tradeoff illustrates a 

positive aspect of OS fragmentation to the platform and provide implications on how to 

balance the platform’s profit and the overall welfare of the app market. 

4.2 Related Literature  

Our work is primarily related to the following streams of literature: (1) two-sided markets 

and software platform; (2) software versioning; and (3) Android fragmentation. In this 

section, related studies in these streams are discussed. The contributions of this work vis-

à-vis these studies are also highlighted. 	

4.2.1 Two-Sided Markets and Software Platform 

Mobile platforms such as iOS and Android not only provide core functionalities for 

devices and mobile apps but also operate as two-sided markets (Tiwana et al., 2010). Past 

literature has studied cross-side network effects in which users on one side and mobile 

apps on the other side influence each other (Anderson et al., 2014; Song et al., 2018). 

Under the cross-side network effects, the platforms have incentives to expand the 

installed bases of either side to attract those on the other side (Boudreau, 2012; Parker & 

Alstyne, 2008; Rochet & Tirole, 2004). By providing OS to device manufacturers for 

free, open-sourced platforms such as Android have attracted many third-party developers 

(Bayati & Tripathi, 2017; Karhu et al., 2018; Parker & Alstyne, 2018). 

 While researchers find that an open strategy attracts large installed bases from 

both sides on the platform, there has been a debate on how much control the platform 

should give up in the open strategy (Atiq & Tripathi, 2016; Boudreau, 2010; Parker & 
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Alstyne, 2008). This work adds to this stream of literature by examining how the OS 

fragmentation issue caused by Android’s open strategy affects mobile apps and the 

platform. Different from prior analytical models for a two-sided market, this model 

incorporates the app development process and OS fragmentation into the model. The 

findings offer a better understanding of the dynamics in the platform ecosystem and 

important insights that cannot be derived straightforwardly from earlier studies on two-

sided markets for both the platform and mobile apps. 

4.2.2 Software Versioning 

In this literature, versioning is referred to as a strategy in which firms design a product 

line with vertically differentiated quality levels to cater to consumers who differ in tastes 

for quality (Bhargava & Choudhary, 2008; Shivendu & Zhang, 2015; Wei & Nault 

2014). The versioning of mobile apps is different in the context of this work. Instead of 

catering to consumers’ different quality tastes, in deciding on the target OS version, 

mobile apps strike a balance between the benefits of new features and the development 

cost. In a study similar to ours, Farhang et al. (2017) examine the Android fragmentation 

problem in the context of security patch updates from the perspective of device 

manufacturers and find that the decision of security patch updates is a product 

differentiation strategy. Different from their work, this study is from the perspective of 

mobile apps’ development process and investigates the platform’s strategies to address 

the Android fragmentation issue. This study expands the literature of software versioning 

from a new perspective for the OS version adoption, highlighting that software 

versioning is not only a marketing strategy but also a software development decision. The 
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findings provide significant practical implications to both the platform and mobile apps 

on how to leverage the versioning decisions in the product design. 

4.2.3 Android Fragmentation 

While the Android fragmentation has been discussed by industry practitioners for years, 

limited research has examined how this problem affects mobile apps regarding the 

development environment and the market. Prior studies on Android fragmentation focus 

on two aspects. One focuses on why the Android fragmentation is a concern for the 

platform, including inconsistent and unfriendly user experiences (Park et al., 2013; Wei 

et al., 2016) and security vulnerabilities (Farhang et al., 2017; Zhou et al., 2014). The 

second stream focuses on developing a technical solution to address the fragmentation 

issue. However, most of these studies tackle the problem from a technical perspective 

[e.g., how to detect compatibility bugs more efficiently] (Kamran et al., 2016; Park et al., 

2013; Wei et al., 2016).  

 There are currently two gaps in the literature with respect to Android 

fragmentation. One is that there is limited work investigating the Android fragmentation 

problem from the managerial perspective for mobile app development processes. The 

other is that the platform’s role has not been explored in the current solutions. Although 

Google has adopted several approaches to alleviate the fragmentation issue, there is little 

research to examine the effectiveness and profitability of its efforts. This work 

contributes to the literature by filling these two gaps with a game-theoretical framework 

to examine the app development process and the OS platform’s role in it. To the best of 

my knowledge, this is the first work that studies the OS fragmentation from the view of 
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the mobile ecosystem and examines the strategic interactions among app developers, a 

device manufacturer, and the platform. This study therefore provides a more 

comprehensive understanding of the fragmentation problem and presents useful insights 

for different stakeholders. 

 In summary, to the best of my knowledge, this study is the first attempt to 

construct an analytical model for mobile apps’ development decisions on a two-sided 

platform with OS fragmentation. This work not only expands multiple research streams 

including two-sided market, versioning, and OS fragmentation, but also provides 

managerial insights to the mobile industry.  

4.3 Analytical Model  

This section presents the analytical model. It begins by explaining why Android 

fragmentation exists.   

4.3.1 Background  

The cause of the OS fragmentation issue is Android’s open environment, in which 

Google exercises a limited control of manufacturers and their devices (Hoffman & 

Summerson, 2017). Whenever there is a new update on Android, it takes time for the 

manufacturers to customize and launch it, causing a delay in update delivery to users 

(Summerson, 2018a). For instance, one year after the release of Version 9 “Android Pie,” 

only three manufacturers managed to have half of their devices updated. A slow adoption 

rate of new OS versions results in multiple active Android versions in the device market.  
 

 The Android fragmentation issue also persists because the manufacturers typically 

updates OS only for newer devices (Hoffman & Summerson, 2017; Summerson, 2018a). 
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For example, as of January 2020, for Samsung (one of the largest device manufacturers), 

the latest Android version available for Galaxy A5 and A7 is Oreo (Android 8.0), while 

for Galaxy A8 is Pie [Android 9.0] (Samsung, 2021). This illustrates that not all devices 

are updated to the manufacturers’ target OS version. There is little incentive for the 

manufacturers to update OS for older models, because they would rather encourage 

consumers to purchase the newest devices (Hoffman & Summerson, 2017). This strategy 

of “maintain new devices only” increases the number of active OS versions in the device 

market, exacerbating fragmentation, as illustrated in Figure 4.1. It is observed that every 

time a new OS version is released, there is one more active OS version in the market with 

a certain lag. Given that releasing new OS versions causes more fragmentation, this work 

investigates what OS version mobile apps adopt when a manufacturer targets a higher OS 

version. 

Figure 4.1. Number of Active Android Versions in the Device Market 

 
 

 Since this work aims to investigate the mobile app’s strategies when a 

manufacturer updates its devices to a new OS version, the model considers two 

participants in the model: a platform (along with a manufacturer) and mobile app 
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developers. The platform provides mobile OS versions to both the app developers and the 

device manufacturer. Although Android is open-sourced, the manufacturer needs to sign 

an OS-sourcing contract with Google (Efrati, 2014), which gives it the power to mandate 

the manufacturer to regularly update the OS version on their new devices. This work 

therefore does not differentiate the role of the platform and the manufacturer in the main 

model regarding the manufacturer’s target OS version. The manufacturer’s target OS 

version is denoted as 𝑎', which is exogenously given in the main model. As an extension 

in Section 4, the scenario that manufacturer’s target OS version 𝑎' is not dictated by the 

platform but the manufacturer opts to update the OS version based on the expected profit 

is discussed. 

 The mobile apps would not target the latest OS version until the manufacturer 

updates the latest product and there are some devices with that version. I model the app 

developers’ decision on the target OS version given 𝑎'. Each mobile app observes 𝑎' 

and decides the target OS version. The subsections to follow first discusses the mobile 

apps’ decisions and then the platform’s profitability. 

4.3.2 The Dilemma of Mobile Apps 

This subsection discusses the costs, revenues, and strategies of mobile apps. 

The Target OS Version in Mobile App Development - The cost of building a mobile 

app largely depends on the platform it launches over (Blair, 2017). Joorabchi et al. (2013) 

find that frequent changes and fragmentation on the platform significantly affect app 

development costs that arise from efforts for compatibility assurance across multiple 

devices and OS versions. Mobile app developers need to choose which OS versions to 
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maintain, a decision that depends on the distribution of active OS versions in the market. 

As of May 2019, the top three Android versions in the market were Version 8 “Oreo” 

(28.3%), Version 7 “Nougat” (19.2%), and Version 6 “Marshmallow” (16.9%).24 Among 

all the nine versions, only two of them (Version 2 “Gingerbread” and Version 4 “Ice 

Cream Sandwich”) have a market share of less than 1%. However, given that there are 

more than 2.5 billion active Android devices as of 2019 (Brandom, 2019), a share of 1% 

still represents a very large number of devices. Therefore, app developers usually try to 

cover as many OS versions as they can. 

 There are three parameters in the Android configuration to show which OS 

version a mobile app maintains:25 (1) minSdkVersion, which indicates the lowest OS 

version supported by the app; (2) targetSdkVersion, which indicates the target OS 

version; and (3) compileSdkVersion, which indicates the highest (i.e., latest) OS version 

the app supports (𝑎'). Figure 4.2 shows the relationship between the three parameters. 

Among the three parameters, targetSdkVersion is the one that determines which version 

the app is developed on, and which features and security patches it can access. 
 

Figure 4.2. Mobile Apps’ Setting of Target OS Versions 

   

 
24 https://developer.android.com/about/dashboards (Last Accessed: April 28, 2020). Google has not updated the 
distribution chart since May 2019 and took the chart off in April 2020. 
25 https://developer.android.com/guide/topics/manifest/uses-sdk-element (Last Accessed: June 20, 2022) 
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 To ensure that it works well over the OS versions between minSdkVersion and 

compileSdkVersion, the app developer needs to ensure compatibility across all the 

versions. There are two types of compatibility: backward compatibility and forward 

compatibility. The platform automatically ensures the forward compatibility, in which an 

app developed with targetSdkVersion automatically functions well with up to 

compileSdkVersion. However, the developer is responsible for the backward 

compatibility from minSdkVersion to targetSdkVersion (Lake, 2016).  

 Usually, the app developers set minSdkVersion to the lowest version with a 

sufficient number of devices and compileSdkVersion to the highest OS version (𝑎'), so as 

to make sure that almost every device can install and use their apps.26 Due to the 

fragmentation issue, there are many versions between minSdkVersion and 

compileSdkVersion. Therefore, targetSdkVersion is a key decision to be made by the 

developers. If targetSdkVersion is too low, the mobile apps would not be able to take 

advantage of advanced functionalities and security features; on the other hand, if it is too 

high, so are the development costs to ensure the backward compatibility between 

minSdkVersion and targetSdkVersion. In other words, the higher the targetSdkVersion, 

the higher the costs. Since the apps targeting  an outdated OS version can still work on 

devices with a higher OS version, because of the forward compatibility afforded by the 

platform, many developers choose not to update their mobile apps if the new features 

from higher OS versions are not valuable enough to offset additional development costs.  

 
26 https://reddit.com/r/androiddev/comments/8ec0qt/what_is_your_min_sdk_version/ (Last Accessed: September 24, 
2020) 
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Mobile Apps’ Development Costs: Given the above discussions on mobile app 

development, I build a model to describe app developers’ decisions on the target OS 

version. The development costs to ensure backward compatibility depends on the OS 

versions that the app developers aim to maintain (targetSdkVersion). They sometimes 

have to maintain multiple versions of codes for each OS version.27  

 Thus, this work considers the development costs to be quadratic to the number of 

OS versions the app developers maintain, in a manner that is consistent with the prior 

literature on software development (Banker et al., 1993; Ji et al., 2011; Lehman & 

Fernandez-Ramil, 2001; Tan & Mookerjee, 2005).28 Assuming that minSdkVersion is 

equal to 0, if the target OS version (targetSdkVersion) of app i is 𝑎(, the number of OS 

versions that the developer needs to maintain for backward compatibility is 𝑎( as well. 

This cost is 𝐶𝑎(), in which 𝐶 is the development cost parameter. As discussed above, the 

backward compatibility costs grow as 𝑎( increases. Note that 𝑎( is always smaller than 

𝑎', since targetSdkVersion cannot be greater than compileSdkVersion.  

Mobile Apps’ Revenues: The revenues of the mobile app market have grown rapidly in 

the past few years. In the first half of 2020, the worldwide app revenues on Google Play 

were estimated to be $17.3 billion,  98% of which comes from free apps (Chan, 2020; 

Stancheva, 2020). Different from paid apps that charge for download, free apps adopt 

revenue models such as in-app subscriptions, in-app purchases, and in-app 

advertisements to monetize their products and services (Stancheva, 2020). These 

 
27 https://developer.android.com/training/multiple-apks/api?hl=en (Last Accessed: September 24, 2020) 
28 The key insights remain the same qualitatively, even with other forms of development costs. The details for other 
forms are omitted for brevity. 
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strategies depend not only on user acquisition (i.e., attracting new users to download and 

install the app) but also on app usage and engagement among existing users (CodeFuel, 

2015; Chin Lung Hsu & Lin, 2016). An app’s performance and financial health is closely 

associated with its capability to attract and retain users (Murariu, 2018). 

 Prior work suggests that users’ behaviors in adopting a new app and engaging it 

are influenced by different factors. The intention of perspective users to download the 

app is greatly influenced by its ranking among the competing apps, its volume and the 

valence of rating, and its price (Ghose & Han, 2014). For existing users, ease of use and 

quality plays a more important role (Murariu, 2018). Studies find that constantly 

improving the features and security in mobile apps is key to user engagement and 

retention (Jain, 2017; Staddon et al., 2012). 

 In the context, the new OS version provides more functionalities for app 

developers to update their products. Some of the new OS features are very visible to users 

(e.g., runtime permissions in Android 6.0) and improve user experiences significantly. It 

is easy for existing users to recognize changes in app functionality if an app regularly 

increases its target OS version, especially when some apps update while others do not. 

With almost 3 million apps in Google Play, the mobile app market is highly competitive. 

Hence, monitoring the market dynamics and competitors’ changes is essential for apps to 

stimulate user engagement and retention (Murariu, 2018). Developers have to make sure 

that the target OS version of their apps matches with competing apps in the market 

(Yarmosh, 2016).  

 Nevertheless, the changes in new OS versions are subtle for new users as most of 
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the OS updates are enhancements or supplements.29 Having not used the app, new users 

are insensitive to the different versions of apps (Liang, 2017). It would be difficult for 

apps to gain a much bigger exposure to attract new users by targeting a higher OS 

version. Although updating the OS version does not make apps stand out among their 

competitors to attract new users, the average target OS version of all the apps represents 

the app market’s innovativeness and security level and the platform’s effort to improve 

the quality of its services to potential users (Hill, 2019; Zhou et al., 2014). These factors 

are critical to the growth of users on the platform, influencing how many new users each 

app could attract. 

 Given the discussions above, the apps’ revenues from existing users and new 

users are modeled separately. First, the app i’s revenues from existing users when it 

targets its OS version to 𝑎( is *!
*+
𝑚(, in which 𝑚( is the size of the app’s current user base. 

It suggests that an app with a larger user base (𝑚() is more likely to gain from targeting at 

a higher OS version. The baseline model assumes that 𝑚( is exogenously given. Later 

this assumption is relaxed in Section 4 by a case in which 𝑚( increases with 𝑎(. To model 

the impact of competitions on apps’ updating decisions, 𝑎< is denoted as the average OS 

version of all apps in the same market or category.30 *!
*+

  is utilized to capture the relative 

version of app i vis-a-vis the average version in the same market (Ren et al., 2011). A 

 
29  For example, the main features for Android 10 (released on September 2019) are (1) enhancements of gesture 
navigations, (2) allowing users to create a QR code for a Wi-Fi network, (3) reversing app removal, (4) more controls 
over how users’ location information is used by apps, (5) enhancements to privacy settings and notification controls, and 
(6) live captioning feature (Cipriani, 2020).  
30 The model considers a homogenous category in the main model. The case of multiple categories with heterogeneous 
app preferences are discussed in Section 4. 
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higher 𝑎< indicates that the apps in this category face stiffer competition and have to target 

a higher OS version to retain their current users; it also means that the marginal benefit of 

increasing 𝑎( diminishes as 𝑎< increases. In equilibrium, mobile apps form expectations 

regarding the average OS version 𝑎< as the basis for their decisions while the expected 

average OS version equals to the average of 𝑎( in the app market. Theoretically, this 

process is consistent with prior studies where individual decisions are affected by group 

behaviors, which are the aggregation of individual behaviors (Katz & Shapiro, 1985; 

Manski, 1993; Pang & Etzion, 2012; Yang et al., 2020).  

 This model considers a homogeneous marginal benefit of a higher target OS 

version for mobile apps with the same user base size by the function *!
*+
𝑚(. Since a new 

OS version usually consists of multiple features, various mobile apps can find the 

functionalities beneficial for their own needs in different ways. Even if one specific 

version is more attractive for some apps than others, the average benefits of a series of 

new OS versions would be similar for all apps. Section 4 discusses a case of 

heterogeneous app preferences for new OS features.   

 In addition to updating the target OS version to cater to the existing users, the 

model also considers the apps’ revenues from new users. Shpiliak (2018) shows that 

about a half of users find out new apps via peers and 48% discover new apps by browsing 

the app stores’ top charts. Therefore, a key way to attract new users to a mobile app is via 

its current user base 𝑚(. In a platform ecosystem where device users and mobile apps 

interact, the devices’ and the apps’ target OS versions jointly determine the OS version 

that users could access and work as a signal of the quality of the platform. I therefore 
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posit that 𝑎'𝑎< influences the growth of new users. The revenues from new users are 

𝑘𝑎'𝑎<𝑚(, in which 𝑘 is a parameter indicating the growth of new users.31 This parameter 

indicates how many new users can be attracted by improving quality of the app market 

and the platform. 

 The profit function of app 𝑖 is formulated as 

𝜋( = 𝑘𝑎'𝑎<𝑚( +
*!
*+
𝑚( − 𝐶𝑎(),                                                   (1) 

in which 𝑎( and 𝑚( are the target OS version and the user base of app 𝑖, respectively. The 

app developer’s optimization problem is max
*!

𝜋(. 

 I start by investigating the app developer’s decision on the target OS version. 

Solving the first-order conditions gives us the optimal target version given 𝑎< as follows. 

𝑎((𝑚() = D
,!
)	.*+

, 𝑚( < 2𝐶𝑎<𝑎'
𝑎' , 𝑚( ≥ 2𝐶𝑎<𝑎'		

.                                                     (2) 

Eq. (2) shows that the apps with 𝑚( ≥ 2𝐶𝑎<𝑎' always follow the device’s target OS 

version (𝑎'). The apps with 𝑚( < 2𝐶𝑎<𝑎' decide the target OS version according to the 

user base size. By plugging 𝑎((𝑚()	into Eq. (1), the profit of app i is follows. 

𝜋((𝑚() = I
,!
"

/.*+"
+ 𝑘𝑎<𝑎'𝑚( , 𝑚( < 2𝐶𝑎<𝑎'

𝑘𝑎'𝑎<𝑚( +
*#
*+
𝑚( − 𝐶𝑎') , 𝑚( ≥ 2𝐶𝑎<𝑎'		

                              (3) 

 In the above equation, 𝑎< is considered to be exogenously given. Prior literature 

considers the demand of mobile apps a linear function of quality and the platform’s user 

base (Chen et al., 2019; Yu, 2017). Hence, this model follows the literature and consider 

 
31 The parameter k needs to be smaller than a given threshold (specifically, 𝑘 < !!"#!"$#"%#"!$#$%#!$#%

&!!$#"
) so that the 

benefits from new users are not too large to dominate the app’s profit. 
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that 𝑚( is equal to 𝑀𝑞( where 𝑀 is the platform’s overall user base and 𝑞( is app i’s 

quality. Consistent with past studies (Akerlof, 1970; Ren et al., 2012), 𝑞( follows a 

uniform distribution, i.e., 𝑞(~𝑈(0,1). Consequently, 𝑚( also follows a uniform 

distribution, i.e.,  𝑚(~𝑈(0,𝑀), where 𝑀 is the upper bound of 𝑚(.32 In Section 4, the 

model considers other distributions of 𝑚(. Therefore, 𝑎< = ∫ 𝑓(𝑚()𝑎((𝑚()𝑑𝑚(
0
1  in which 

𝑓(𝑚() is the density function of 𝑚(. Given 𝑚(~𝑈(0,𝑀), 𝑓(𝑚() =
2
0

. According to Eq. 

(2),  

𝑎< 	= R ,
).*+	0

𝑑𝑚
).*+*#

1	
+R *#

0
𝑑𝑚

0

).*+*#
= 𝑎' −

.*+	*#
"

0
.								                  (4) 

 Next is the equilibrium average target OS version in Lemma 1. Note that all the 

proofs are relegated to Appendix M. 

Lemma 1. The mobile app’s average target OS version is 𝑎< = 0*#
03.*#

" . 

 Plugging 𝑎< into Eq. (2), app 𝑖’s optimal target OS version is obtained, as shown in 

Lemma 2. 
 

Lemma 2. The equilibrium target OS version of app 𝑖 is 

𝑎((𝑚() = I
𝑚((𝑀 + 𝐶𝑎'))

2𝐶𝑀𝑎'
, 𝑚( < 𝑚S

𝑎' , 𝑚( ≥ 𝑚S		
 

where 𝑚S = ).0*#
"

03.*#
" . 

 Based on Eq. (3), the corresponding profit of app 𝑖 is 

 

 
32 The model considers 𝑀 to be sufficiently large, so that there are always some apps that target 𝑎'. 
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𝜋((𝑚() = T
4,!0*#"

03.*#"
+ ,!

"(03.*#")"

/.0"*#"
, 𝑚( < 𝑚S

−𝐶𝑎') +
4,!0*#"

03.*#"
+ ,!%03.*#"&

0
, 𝑚( ≥ 𝑚S

																									                  (5) 

4.3.3 Mobile OS Platform  

Since Android is open-sourced, Google does not charge manufacturers to use the OS. The 

revenues of the platform primarily come from apps in Google Play. Since Google claims 

15% of the sales of mobile apps (Nawal, 2019), the platform’s profit is a proportion of 

aggregated revenues of all mobile apps. Given Lemma 2, the profit function of the 

platform is formulated as the aggregated revenues of two different types of mobile apps 

(i.e., the apps with a target OS version 𝑎( < 𝑎' and those with 𝑎( = 𝑎') in Eq. (6). 

𝑢 = ∑ $𝑘𝑎$𝑎'𝑚% +
&!
&'
𝑚%*% =	,

()&'&"*+
#(%)
#' *)

-
𝑑𝑚

./&'&"

0

+,
()&'&"*+

#"
#' *)

-
𝑑𝑚

-

./&'&"

              (6) 

 Given Eq. (2) and Lemma 2, the platform’s profit is as follows. 

𝑢 = 1/-&"
(2/(&"

)+3-((4+)&"
( )

1(-+/&"()
.                                 (7) 

4.4 Analyses and Managerial Insights 

Based on the above results, there are several useful managerial insights in this section. 

The aim of this study is to investigate the decisions of mobile app developers and the 

platform in the presence of OS fragmentation. Hence, this work first examines the app 

developers’ decisions on the target OS version (𝑎() with respect to the manufacturer’s 

target OS version (𝑎'). With a different 𝑎', the OS fragmentation level in the device 

market is different. This work therefore explores how these apps’ decisions affect their 

profitability under different OS fragmentation levels. Next is the investigation of the 

measures that the platform adopts to alleviate the fragmentation problem and whether a 
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closed platform with no OS fragmentation is more profitable than an open one.  

4.4.1 Should Apps Update When the Manufacturer’s Target OS Version is Higher?  

As Android regularly releases new OS versions with the latest features and security 

patches, app developers need to decide whether or not to update the OS [i.e., set a higher 

targetSdkVersion] (Mutchler et al., 2016). From the platform’s perspective, the faster the 

apps update the OS, the sooner users gain access to advanced and secure features. One 

question for the platform and app developers is: When the device manufacturer decides to 

have their devices work on a higher OS version, i.e., higher 𝑎', how do the apps’ target 

OS versions change? By examining 7*!
7*#

, the following proposition is obtained.  

Proposition 1. When the manufacturer targets a higher 𝑎', some mobile apps (with 

𝑚( < 𝑚S = ).0*#
"

03.*#
" ) prefer to keep a lower target version (mathematically, 7*!

7*#
< 0). 

Furthermore, for these apps, the more users they have, the lower the target version they 

choose (i.e.,  7"*!
7*#7,!

< 0).   

 When the platform targets a higher version, devices are installed with more 

advanced features (Gartenberg, 2020). It is often suggested that mobile apps should 

follow the latest OS version to enjoy these new features (Tyagi, 2019).  However, 

interestingly, Proposition 1 suggests that when 𝑎' is higher, only the apps with a larger 

user base gain profits by targeting a higher 𝑎(. The apps with a smaller user base (i.e., 

𝑚( < 𝑚S ), however, are better off to keep a lower target OS version.  

 Mobile apps’ revenues largely depend on the number of base users they own 

(Singh, 2020). The more users an app has, the more gains it obtains from the new features 
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of a higher OS version it targets. However, increasing the target OS version also 

increases the cost for backward compatibility across multiple OS versions (between 

minSdkVersion and targetSdkVersion in Figure 4.2). Thus, the decision on the target OS 

version depends on a tradeoff between the benefits and the costs brought by the new 

version. According to Eq. (1), the marginal revenues of the app’s target OS is ,!
*+

. Apps 

with more users would gain more revenues from a higher 𝑎(. Because the cost function 

𝐶𝑎() increases with 𝑎(, for the apps with a smaller user base, the gains of targeting a high 

OS version do not offset the additional development costs, leading them to target a lower 

OS version. For the apps with a larger user base (𝑚( > 𝑚S ), the investments in updating 

the OS version brings a higher return from their users, always following the device’s 

latest OS version.  

 This finding provides a possible explanation on why the target OS versions of 

some popular apps (e.g., Facebook) are usually higher than those of less popular apps 

(Mutchler et al., 2016). Hence, one might expect that the more users an app serves, the 

more likely it updates the OS when the manufacturer adopts a higher version. However, 

Proposition 1 further suggests that if 𝑚( < 𝑚S , apps with a higher 𝑚( are better off to keep 

an even lower target version 𝑎( under a higher 𝑎'. This is because the app’s optimal 

target version 𝑎( is equal to ,!
)	.*+

 when 𝑚( < 𝑚S , indicating that the sensitivity to the 

change in competitive environment (𝑎<) is higher when 𝑚( increases. As 𝑎< increases with 

𝑎', the apps with more users keep a lower OS version when the manufacturer’s target 

version is higher.  

 This work adds to the literature on Android fragmentation by providing a 
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theoretical explanation to the empirical work investigating how app developers decide on 

the target OS version. The results reveal the heterogeneous effect of the manufacturer’s 

OS update on mobile apps. Proposition 1 provides important implications for mobile apps 

on whether to follow the manufacturer’s OS update. When mobile apps have a sufficient 

number of users (i.e., 𝑚( ≥ 𝑚S ), they always follow the manufacturer’s target OS version. 

However, when the current user base is not large enough (i.e., 𝑚( < 𝑚S ), it is more 

profitable for the apps to keep a lower version. App developers should therefore postpone 

their OS updating plan if they foresee the manufacturer’s target version updating. The 

results are consistent with the empirical finding from Mutchler et al. (2016) that apps’ 

popularity affects their adoption of the new OS version.  

 The findings provide insights for the platform that simply encouraging new 

devices to update the OS does not lead all mobile apps to update. Since apps with a 

smaller user base do not follow the manufacturer’s latest OS version, many users are 

unable to gain access to the new features even though their devices are up to date. This 

study suggests that the platform should pay more attention to apps with a smaller user 

base when it stimulates the manufacturer’s adoption of new OS versions. For example, 

the platform might consider helping new apps build the user base faster so that they can 

afford the increase in compatibility costs due to OS fragmentation.  

4.4.2 Which Mobile Apps Benefit from the Manufacturer’s OS Update? 

The manufacturer’s frequent update of OS poses challenges for mobile app developers 

(Car, 2015; Joorabchi et al., 2013). Android app developers find it difficult to maintain 

high-quality for all the OS versions and device models. They thus adopt different 
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strategies to cope with the fragmentation problem. Proposition 1 shows that some app 

developers postpone updating their target OS version. This strategy allows app 

developers to reduce the development cost. Another important question is: Do mobile 

apps gain from the manufacturer’s new OS version? More specifically: Are the apps with 

a larger user base more likely to gain profit from the new OS version than those with a 

smaller user base? The following proposition provides an answer to this question. 

Proposition 2. The profit of mobile apps decreases with the manufacturer’s target OS 

version when the size of their user base is in a moderate range (i.e., 𝜆2 < 𝑚( < 𝜆)). 

However, interestingly, the profit of the apps with a smaller user base (i.e., 𝑚( < 𝜆2) 

increases with the manufacturer’s target OS version. 
 

 

 Although new OS versions are beneficial for the overall mobile ecosystem by 

providing better functionalities and higher quality services to users, the results show that 

not all apps gain from the manufacturer’s new OS version. Given that the apps’ profit 

depends on the size of their user bases (Singh, 2020), one may expect that the more users 

an app has, the more profit it obtains from the features brought by the manufacturer’s 

higher target OS version. However, Proposition 2 shows that it is not always the case. 

Figure 4.3 illustrates the impact of the manufacturer’s target OS version on the profit for 

mobile apps with different user bases.  

 Eq. (1) shows that the apps’ revenues come from two sources: (1) new users (i.e., 

𝜋(89: = 𝑘𝑎'𝑎<𝑚(), and (2) existing users (i.e., 𝜋(9;(<= =	
*!
*+
𝑚(). With a higher 𝑎', the 

average OS version 𝑎< increases, suggesting that all apps benefit from the growth of 

platform users (i.e., 𝜋(89: 	increases). However, as discussed earlier, an increase in 𝑎< 
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causes more intense competition among the apps, suppressing the gains from existing 

users. On the one hand, for the apps with 𝑚( < 𝑚S , the revenues from the existing users 

decrease with 𝑎' at a rate greater for a higher 𝑚( (i.e.,  7>!
56!78

7*#
< 0 and 7

">!
56!78

7*#7,!
< 0). On 

the other hand, for the apps with 𝑚( ≥ 𝑚S , the revenues from existing users increase with 

𝑎'	at a rate higher for a higher 𝑚( (i.e., 7>!
56!78

7*#
> 0 and 7

">!
56!78

7*#7,!
> 0). Therefore, the 

increase in 𝑎' reduces the revenues from existing users only for the apps with a smaller 

user base. Although these mobile apps correspondingly decrease their target OS version 

𝑎( to reduce the development cost, they still face a diminishing profit when the 

manufacturer updates the OS.  

Figure 4.3. Impact of the Manufacturer’s Target Version on Apps’ Profit 
(Illustration of Propositions 2 and 3) 

 
 

   

 Proposition 2 can be interpreted as follows. When 𝑎' increases, (i) for the apps 

with 𝑚( < 𝜆2, an increase in revenues from new users and a decrease in the compatibility 

cost outweigh the loss from existing users; (ii) for the apps with 𝜆2 < 𝑚( < 𝑚S , the loss 

from existing users outweighs an increase in revenues from new users and a decrease in 
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the compatibility cost; (iii) for the apps with 𝑚S < 𝑚( < 𝜆), an increase in the 

compatibility cost outweighs an increase in revenues from both existing and new users; 

and (iv) for the apps with 𝑚( > 𝜆), an increase in revenues from all users outweighs an 

increase in the compatibility cost. The discussion of the implications of these findings 

along with the findings of Proposition 3 are below. 

 As the fragmentation increases the development cost for mobile apps, some 

approaches have been proposed to reduce such costs (Kamran et al., 2016; Park et al., 

2013). For example, some automatic testing techniques are designed to save the 

development cost by detecting compatibility issues more efficiently. Do these approaches 

help app developers gain from a higher device OS version? To answer this question, this 

work explores the impact of the cost parameter (C) on the effect of the manufacturer’s 

target OS version on mobile apps and obtain a surprising finding as follows. 
 

Proposition 3. When app developers’ additional cost for backward compatibility (C) 

decreases, fewer mobile apps with a smaller user base gain profit from the 

manufacturer’s OS update (i.e., 7?9
7.

> 0). 

 When the cost parameter (C) becomes lower, one might expect that the 

manufacturer’s OS update is less likely to impede mobile apps’ development, a reason 

why decreasing the compatibility cost is proposed as an effective way to solve the 

fragmentation issue (Kamran et al., 2016; Park et al., 2013). By examining 7?"
7.

=

40:(0"3/.0*#
"3@."*#

: )
(.0"340;3)."0*#

"3.;*#
: )"

, it is found that mobile apps with larger user base (i.e., 𝑚( ≥

𝑚S ) gain further from a higher 𝑎' when C is decreasing, since 7?"
7.

 is always positive. 
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However, Proposition 3 shows that a decrease in C makes mobile apps less likely to gain 

from an increase in 𝑎' if they have a smaller user base. The comparison of how 7>!
7*#

 

changes with 𝑚( under different cost parameter 𝐶 is illustrated in Figure 4.3. 

 Whether the apps with 𝑚( < 𝑚S  gain profit from increasing 𝑎' depends on the 

tradeoff between an increase in revenues from new users, a decrease in the compatibility 

cost, and the loss from existing users (see Proposition 2). The threshold 𝜆2 is thus 

obtained from 𝑚( that satisfies the condition  7>!
<5=

7*#
 +  7(>!

56!78A.*!
")

7*#
= 0. It is found that 

when C decreases, 7>!
<5=

7*#
 increases but 7(>!

56!78A.*!
")

7*#
 decreases. When 𝑚( is larger, the 

decreasing rate of  7(>!
56!78A.*!

")
7*#

 is greater than the increasing rate of 7>!
<5=

7*#
. Consequently, 

the cutoff (𝜆2) that determines whether the app is more profitable from increasing 𝑎' or 

not decreases when C is lower, suggesting that the apps with a small user base are less 

likely to benefit from an increase in 𝑎' when C decreases. 

 Propositions 2 and 3 provide important managerial insights for app developers on 

how their profitability is influenced by OS fragmentation on the platform. When the 

manufacturer’s target OS version is higher, there are more advanced features. However, 

the results suggest that some apps’ profits decrease from the manufacturer’s updating. 

Furthermore, for mobile apps, a large user base does not guarantee a higher profit from 

the manufacturer’s higher OS version. These findings extend the current literature on 

two-sided markets by considering the challenges of OS fragmentation in the app 

development process.  

 The findings of this study provide a possible explanation as to why some popular 
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apps such as Moment’s Pro Camera app stopped developing on the Android platform due 

to the fragmentation problem (Moment, 2020). Since an increase in the user base does not 

always lead apps to benefit from the manufacturer’s higher target version, app developers 

should be aware of the user growth and prepare for their updating plan in the long-term. 

The findings also inform the platform and app developers that while a decrease in C 

improves the overall profit for all apps, it makes some apps less likely to gain from the 

new device OS version, as the platform’s effort to decrease the compatibility cost is more 

favorable for apps with a larger user base.  

4.4.3 The Platform’s Measures to Address the Fragmentation 

Google has adopted several approaches to address the fragmentation problem. For 

example, it is stepping up efforts to push manufacturers to update their devices’ installed 

OS sooner (Summerson, 2018a). Google is also developing more technical solutions to 

reduce app developers’ compatibility costs. These measures aim to encourage both 

manufacturers and mobile apps to update to the latest OS version, so that it is easier for 

users to obtain the latest features. However, given that manufacturers of Android devices 

are reluctant to update the old device models’ OS, these measures only benefit the users 

of new device models. Moreover, the faster the users of new device models gain access to 

new OS versions, the more OS versions stay active in the market. It is unclear how these 

measures influence the platform and whether the platform would benefit from these 

measures.  

 One might argue that the best solution to the fragmentation problem is to simply 

require all devices to update to the latest OS version. For example, 80% of the iPhone 
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devices were using iOS 12 five months after it was released (Potuck, 2019). Therefore, 

iOS app developers do not need to maintain multiple OS versions at the same time. 

Section 3.4 below investigates iOS app developers’ strategies. It is not feasible for 

Android, however, to require all devices to update to the newest OS (Hoffman & 

Summerson, 2017). With thousands of different phone models and several device 

manufacturers, it is impossible to update all devices, especially when each device model 

comes with its own customization.  

 This work therefore examines other approaches that an open platform can utilize. 

Specifically, two of the measures that Android has adopted are discussed: (1) pushing 

manufacturers to choose a higher OS version on their newly launched devices, i.e., 

increasing 𝑎'; and (2) reducing mobile apps’ compatibility cost, i.e., reducing 𝐶. 

Specifically, how each of these measures affects the platform’s profit and the overall 

welfare of all mobile apps (i.e., 𝜋*BB = ∑𝜋() is examined.  

Proposition 4.  

(a) While an increase in the manufacturer’s target OS version (𝑎') decreases the overall 

welfare of all mobile apps when revenues from new users are small (i.e., 𝑘 < 𝜃2), it 

always increases the platform’s profit. 

(b) Although a decrease in the compatibility cost (C) increases the overall welfare of all 

mobile apps, it increases the platform’s profit only when revenues from new users are 

large enough (i.e.,	𝑘 > 𝜃)). Furthermore, 𝜃) decreases with the manufacturer’s target 

OS version. In other words, when the manufacturer’s target OS version is higher, 

compatibility cost reduction is more likely to increase the platform’s profit. 
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 Although the measure to stimulate manufacturers to update the OS allows more 

users to enjoy the latest features, frequent changes in OS and device models are 

challenging for app developers (Joorabchi et al., 2013). Developers, especially those 

working on apps with a small user base, find that the benefits of new OS versions do not 

offset the increasing development and maintenance costs. Some apps even quit the 

platform due to the increasing OS fragmentation (Moment, 2020). Given that some apps 

hardly gain from more advanced OS versions, one might expect that the platform’s profit 

would be lower if the manufacturer’s target OS version is too high. However, Proposition 

4 (a) suggests that although increasing 𝑎' reduces the overall welfare of mobile apps in 

some conditions, it always raises the platform’s overall profit (i.e., 7C
7*#

> 0).  

Figure 4.4. Impact of the Platform’s Measures on the Platform’s Profit and the 
Apps’ Overall Welfare (Illustration of Proposition 4) 

  
(a) The Impact of 𝑎! (b) The impact of 𝐶    

 Proposition 2 suggests that not all mobile apps gain from the increasing 𝑎'. For 

apps with a moderate user base (i.e., 𝜆2 < 𝑚( < 𝜆)), their profits decrease when 𝑎' 

increases. Since 𝜆2 =
/.40:*#
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: , it is 

known that 𝜆2 increases with 𝑘 and 𝜆) decreases with 𝑘. When 𝑘 decreases, more apps 
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lose their profit from an increase in 𝑎'. In addition, it is found that 7>!(,!)
7*#

=

,!(A
@!
A 3

A@!B#
:

C"
3

:DC"B#
:

(CEAB#
" )"

)

)*#
;  increases with	𝑘, suggesting that each app’s marginal benefit from 

𝑎' is lower when 𝑘 decreases. Therefore, when  𝑘 is small enough (i.e., 𝑘 < 𝜃2), the 

increased profit from apps with 𝑚( < 𝜆2 or 𝑚( > 𝜆) does not outweigh the loss of profit 

from apps with 𝜆2 < 𝑚( < 𝜆) when 𝑎' increases, resulting in a decrease in overall 

welfare of mobile apps. 

    On the other hand, the platform’s profit increases with 𝑎'. This is because it is 

mobile apps, not the platform, that bear higher compatibility costs due to a higher 𝑎'. In 

addition, although apps with a smaller user base keep their target OS version lower when 

𝑎' is higher, the average target OS version (𝑎<) still increases, indicating that the 

platform’s profit from new users always increases (i.e., 𝑢89: = ∑ (𝑘𝑎'𝑎<𝑚()(  increases). 

With respect to the platform’s profit from existing users 𝑢9;(<= = ∑ Z*!
*+
𝑚([( , it is found 

that it always increases with 𝑎' (i.e., 7C
56!78

7*#
= .*#(0A.*#

" )(@03.*#
" )

@(03.*#
" )"

> 0). This result 

suggests that increasing the manufacturer’s target OS version improves the platform’s 

profit from both existing and new users.  

 As the main criticism for OS fragmentation is the increasing development cost, 

both researchers and practitioners propose to optimize the app development process so as 

to reduce the development cost and alleviate the fragmentation issue (Kamran et al., 

2016; Park et al., 2013). One might argue that the platform always gains from a decrease 

in the development cost on compatibility. However, Proposition 4 (b) shows that it is not 
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always the case. Different from the fact that each app benefits from a decreasing 𝐶 (i.e., 

7>!
7.
< 0), whether a lower C improves or decreases the platform’s profit depends on the 

tradeoff between new and existing users. The platform’s profit from the new users	𝑢89: 

always increases when C decreases. However, the profit from the existing users 

𝑢9;(<=	decreases when C decreases (i.e., 7C
56!78

7.
= *#

" (0A.*#
" )(@03.*#

" )
D(03.*#

" )"
> 0). This is due to 

the diminishing marginal benefit of increasing apps’ target OS version. When revenues 

from new users are large enough (i.e., 𝑘 > 𝜃) =
3𝑀2−2𝐶𝑀𝑎𝐷

2−𝐶2𝑎𝐷
4

3𝑀2𝑎𝐷
2 ), an increase in profit from 

the new users is greater than the loss from the existing users. Hence, decreasing the 

development cost C is profitable for the platform only when the platform gains enough 

profit from new users.  

 When the manufacturer’s target OS version is higher, there is more fragmentation 

in OS versions. Although the platform’s profit always increases with 𝑎', the more severe 

fragmentation might make it unlikely for the platform to gain from reducing mobile apps’ 

compatibility cost. However, it is found that when 𝑎' increases, the threshold 𝜃) 

decreases (i.e., 7E"
7*#

< 0). Hence, there is a greater chance that the platform’s profit 

increases when the apps’ compatibility cost decreases. This is because when the 

manufacturer targets a higher OS version (i.e., 𝑎' increases), the marginal benefit of 

lowering C on the revenues increases (i.e., 7C
7.

 decreases with 𝑎'). When 𝑎' is higher, the 

increased revenue from the new users is more likely to be greater than the loss from the 

existing users because of the reduction of C, resulting in the threshold 𝜃) that decreases 
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with 𝑎'. 

 The findings in Proposition 4 illustrate how Google’s measures on the 

fragmentation problem affect the platform. It is found that some measures always bring in 

more profit to the platform while others need to be implemented in specific conditions. 

Although mandating manufacturers to update the OS brings more active OS versions in 

the device market (Summerson, 2018a), the results suggest that it is always beneficial for 

the platform’s profitability; in other words, the platform prefers the fragmentation in OS. 

However, reducing the development cost, which is supposed to be beneficial for both 

apps and the platform (Park et al., 2013), improves the profit for the platform only when 

revenues from new users are large enough. These results, therefore, provide important 

implications for the platform on which measures to adopt to alleviate the fragmentation 

issue and improve its profit. The platform is thus advised to evaluate how valuable new 

users are for the apps’ profit and how attractive the platform’s OS updating is for new 

users before implementing these measures. 

 Furthermore, the results suggest that reducing the app development cost is more 

beneficial for the platform when there is more fragmentation of OS versions. The 

findings of this work add to the literature of Android fragmentation on how managerial 

decisions and technical solutions could jointly work to alleviate the OS fragmentation 

problem. 

 It is also found that the effect of these measures on the platform’s profit is 

different from that of the overall welfare of mobile apps. Since the platform does not bear 

the mobile apps’ compatibility development cost, the increasing OS fragmentation 
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hampers the profit of app developers but not of the platform. The findings suggest that 

the platform’s strategies for the fragmentation issue should vary according to the 

objectives. The platform should be aware of how the strategies influence the profit of its 

own and the app market and implement the strategies in line with its own needs. 

4.4.4 The Platform’s Choice: Open or Closed? 

There is much debate about which platform strategy, an open or closed, is superior in 

both academia and the industry (Hill, 2019; Parker & Alstyne, 2018). Since Android’s 

open strategy is considered a culprit of the OS fragmentation issue (Hoffman & 

Summerson, 2017), one question for the platform is: Is OS fragmentation brought by an 

open strategy really a problem for the platform? If so, should the platform switch to a 

closed strategy that exerts more control over the use of OS as Apple does? 

 Prior literature on OS fragmentation consider it an issue for the mobile ecosystem 

because of the functionality outdatedness and security concerns for users (Park et al., 

2013; Wei et al., 2016; Zhou et al., 2014), and the increasing development cost for app 

developers (Moment, 2020; Yasumatsu et al., 2019). It is unclear yet how the platform’s 

profit is affected by OS fragmentation. I therefore compare the platform’s profit in both 

closed and  open strategy scenarios. 

 The decision on an open or closed platform is complex in reality. It is difficult to 

answer the “open or closed” question by only considering OS fragmentation. Hence, 

instead of finding which strategy is better for the platform, the goal in this subsection is 

to simply investigate whether the platform without the OS fragmentation problem gains 

more profit than the one with fragmentation. Considering Google’s efforts to alleviate OS 
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fragmentation, this work provides a perspective from the monetary outcome to examine 

these efforts. Since the iOS platform is the one with no OS fragmentation, this work 

analyzes the app development on iOS to compare the two.  

 Apple exercises full control of both the devices and the mobile OS installed. 

When a new iOS version is released, all Apple devices can install it; in other words, the 

new version becomes available more quickly and widely (Potuck, 2019). This rapid 

adoption rate of the new iOS version makes iOS developers’ work less costly. When iOS 

developers target at a higher OS version, they usually maintain only versions for a few 

iOS versions at the same time (Lee, 2019). Therefore, their development cost can be 

considered fixed, even when the target OS version becomes higher. The following model 

is to represent iOS app i’s profit.  

𝜋((FG = 𝑘𝑎'𝑎<𝑚( +
*!
*+
𝑚( − 𝐶(FG                                      (8) 

The cost of updating the target OS version is 𝐶(FG, because app developers maintain only 

a fixed number of versions. Since 7>!
!FG

7*!
> 0, the optimal 𝑎( is always the highest OS 

version, which is 𝑎'. This explains why the iOS platform does not have a fragmentation 

problem. 

 Given that this platform does not have a fragmentation problem, the main model 

is extended to consider a case in which all mobile apps follow the latest OS version 𝑎'. It 

is found that users of iOS have higher purchasing power than Android users (BuildFire, 

2017). One reason is that an open strategy attracts more device manufacturers, lowering 

device prices. The Android platform thus has more low-income users than the iOS 

platform. Further, because of the iOS platform’s better performance on security and 
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privacy protection brought by timely OS updating, its users have a higher willingness to 

pay for the services than Android users.  

 In addition to the purchasing power of users, the mobile apps’ development costs 

on the two platforms are different. It is more challenging and expensive to develop apps 

on Android than iOS because of the OS fragmentation issue (Car, 2015; Ghiciuc, 2014; 

Joorabchi et al., 2013). If there is no OS fragmentation and all the apps target the latest 

OS version 𝑎', the lower development costs would attract more app developers to the 

platform and thus open up more opportunities for profits. 

 Given the advantages of the closed platform without OS fragmentation, the 

platform’s profit if it adopts a closed strategy is modeled as below 

𝑢.BH<9I = ∑ 𝜙 Z𝑘𝑎'𝑎<𝑚( +
*!
*+
𝑚([( = 	𝜙]

(4*+*#,3
B#
BH ,)

0
𝑑𝑚

0

1

                        (9) 

in which 𝜙 is the parameter indicating iOS users’ greater purchase power vis-à-vis 

Android users (𝜙 > 1). When all the mobile apps target the OS version 𝑎', the average 

target OS version in the app market 𝑎<	is 𝑎'. Therefore,  

𝑢.BH<9I =
J(034	0*#

" )
)

 .                                                         (10) 

 By comparing 𝑢.BH<9I and the open platform’s profit 𝑢 in Eq. (7), the following 

proposition is obtained. 

Proposition 5. The platform’s profit  under an open strategy is actually higher than that 

under a closed strategy (with no OS fragmentation) when the increase in users’ 

willingness to pay in a closed platform (compared to that in an open platform) is below a 
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given threshold (i.e., 𝜙 < �̂� =
3𝑀2+6𝐶𝑀𝑎𝐷

2+3𝑘𝑀2𝑎𝐷
2−𝐶2𝑎𝐷

4

3𝑀2+3𝐶𝑀𝑎𝐷
2+3𝑘𝑀2𝑎𝐷

2+3𝐶𝑘𝑀𝑎𝐷
4). 

 Since the concerns of outdated features and security risks under OS fragmentation 

result in users’ lower willingness to pay (Car, 2015; Mutchler et al., 2016), one might 

expect that the closed strategy without fragmentation is always more profitable than the 

open strategy. However, Proposition 5 suggests that the platform with OS fragmentation 

is more profitable than that without OS fragmentation in some conditions. This result 

implies that, even without considering the cost of addressing the OS fragmentation, the 

open platform has little incentive to switch to the strategy without OS fragmentation if 

the increase in users’ purchasing power is not strong enough. This result can be explained 

as follows. 

 Compared to the open strategy, the closed strategy leads to higher 𝑎<, increasing 

the revenue from new users (𝑢89: = ∑ (𝑘𝑎'𝑎<𝑚()( ). However, the revenue from existing 

users on a closed platform 𝑢.BH<9I9;(<= = ∑ 𝑚((  is less than that on an open platform 𝑢FK989;(<= =

∑ Z*!
*+
𝑚([( . The tradeoff is that OS fragmentation not only brings outdatedness and 

security concerns but also provides mobile apps with a larger user base more advantages 

to gain profit from existing users. When the platform adopts a closed strategy, an app’s 

profit depends on the existing user base 𝑚(, which represents its implied quality level. 

However, under an open strategy, OS fragmentation introduces another signal (i.e., the 

app’s target OS version 𝑎() that users observe to infer the mobile app’s quality since 𝑎( 

increases with 𝑚( (i.e., 7*!
7,!

> 0). Since mobile apps with a larger user base target a 

higher 𝑎(, they are more likely to take advantage of the OS updates and benefit from 
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them. From the platform’s perspective, mobile apps with a larger user base provide more 

revenues to the platform, indicating that the platform is better off to adopt an open 

strategy if the users’ purchasing power in a closed platform is not strong enough.  

 Extending prior work on solutions to address the Android fragmentation problem 

(Hill, 2016; Park et al., 2013; Wei et al., 2016), the findings in Proposition 5 examine this 

issue from another angle by comparing the platform’s profitability in the scenario with 

and without OS fragmentation in light of the app development on the iOS platform. 

Interestingly, the results reveal that the OS fragmentation is not necessarily harmful to the 

platform. It is found that apps with a large user base can leverage the OS fragmentation 

problem to increase their profits, hence boosting the revenue of the platform. The results 

provide interesting insights for the platform to understand the positive aspect of the 

fragmentation problem and reexamine their efforts on addressing this problem. 

Furthermore, the platform should evaluate the impact of OS fragmentation on the mobile 

ecosystem from the perspective of not only its own profit but also the welfare of mobile 

apps and users to find a balance on the strategies on how to handle the fragmentation 

problem.  

Table 4.1. The Summary of Extensions 
Extension Findings 

The manufacturers have the 
liberty to decide their target 
OS versions. 

By solving the platform’s target OS version and the optimal 
number of device models that the manufacturer updates, the 
results justify the consideration of exogenous to be 𝑎!  in the 
main model, and the key insights from the main model remain the 
same qualitatively. 

An Existing User Base that 
Increases with an App’s 
Target OS Version. 

All the key insights in the main model remain the same 
qualitatively. 
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A different distribution of 
mobile apps’ user base 𝑚". 

The analysis and results justify that the findings of Propositions 
1-3 are not affected by the distribution of 𝑚". The key insights in 
Propositions 4 and 5 also remain the same qualitatively. 

How apps’ heterogeneous 
preferences for new OS 
versions affect their 
development process. 

The apps for which the latest OS version is less relevant to their 
functionalities do not have incentives to update. However, these 
apps benefit from the new OS version adopted by the 
manufacturer. The other apps (for which the latest OS version is 
more relevant to their functionalities) are affected by the new OS 
version adopted by the manufacturer in the similar manner as that 
in the main model. 

 

4.5 Extensions 

Next is the discussion of additional scenarios to support the main model. First, a setting 

of three participants (i.e., the platform, the manufacturer, and mobile apps) is considered. 

Second, a case in which the user base of mobile apps changes with 𝑎( is applied. Further, 

a case in which the user base of mobile apps (𝑚() follows a different distribution is 

discussed. Lastly, the heterogeneous app preferences are investigated. For conciseness, 

the summary of extensions is in Table 4.1 below. Their details are provided in Appendix 

N and the proofs are provided in Appendix O. 
 

4.6 Discussion and Conclusion 

Despite the prevalence of mobile apps for software-based services, developers face 

different challenges that depend on the platform architecture. Android’s open strategy 

induces the proliferation of thousands of devices with different OS versions. The 

developers must develop multiple versions of code due to OS fragmentation. This 

fragmentation brings extra work for developers, as they need to ensure that their apps 

work well across devices with different OS versions. This makes the developers reluctant 

to update their apps’ OS, preventing users from enjoying the latest features and security 
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patches. This is why the OS fragmentation has been considered one of the biggest 

challenges for the Android platform. Although prior studies proposed technical ways to 

alleviate the problem, little is known about how developers make managerial decisions in 

the app development process. A game-theoretical model is applied to explore how a 

manufacturer’s OS update affects app developers’ decisions and what the platform can do 

to alleviate this problem. 

4.6.1 Managerial and Theoretical Implications 

It is found that when a manufacturer updates the target OS, not all apps follow the suit. 

Apps that have not built a large user base in fact would be more profitable if they were to 

adopt a lower OS version when the manufacturer targets a higher one. This finding is 

consistent with empirical evidence that popular apps’ target OS version is usually higher 

than unpopular ones (Mutchler et al., 2016). The analysis on how mobile apps’ profit 

changes with an increase in the target OS version of the manufacturer supports the notion 

that a large user base does not guarantee that mobile apps are better off under the 

fragmentation problem. In some circumstances, apps that previously benefited from the 

manufacturer’s OS update could lose the profit when the user base grows. These results 

might explain why some apps that have built up their user base still exit the Android 

platform because of the fragmentation problem (Ghiciuc, 2014; Moment, 2020).  

 The results also illustrate that the threat of OS fragmentation originates not only 

from increasing development costs but also from higher competitive pressures. When 

apps with more users take advantage of the larger user base to target higher OS versions, 

it makes it more difficult for apps with a smaller user base to compete. Therefore, when 
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the development cost on compatibility decreases for all apps, those with a smaller user 

base are actually hurt by the new OS version adopted by the manufacturer. 

 The above findings provide important managerial insights for app developers in 

understanding how OS fragmentation affects their development process. Due to the 

heterogeneous effect of OS fragmentation on apps with different user bases, developers 

should perceive the dynamics of development risks in different stages and adjust their 

strategies accordingly. This study also has implications for the platform on how the 

release plan of OS updates influences apps’ development decisions. Since OS 

fragmentation is a problem inevitable for the open strategy, the platform can design some 

strategies to help those apps that are unable to benefit from new OS versions. 

 This work investigates several actions that the platform adopts to lessen the effect 

of OS fragmentation. It is found that stimulating the device’s update to a higher OS 

version is always beneficial to the platform while it often hampers the overall welfare of 

mobile apps. Decreasing the app development cost, however, improves the profitability 

of all mobile apps; but it increases the platform’s profit only when revenues from new 

users are large enough. The misalignment of the interests between mobile apps and the 

platform suggests another disadvantage caused by the OS fragmentation for the platform 

ecosystem. It is also found that there is a greater chance that the compatibility cost 

reduction increases the platform’s profit when there is more fragmentation.  

 The results also emphasize the role of new users in the mobile ecosystem 

regarding the OS fragmentation problem. When mobile apps are more likely to gain 

profit from new users, or the growth of platform users is strong enough, the negative 
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effect of OS fragmentation is weakened and the platform’s measures to address the 

fragmentation problem are more effective. These results suggest that OS fragmentation is 

more severe in a mature market than a growing one with low mobile penetration. Further, 

given the declining popularity of paid apps in the mobile app revenue models (Golmack, 

2017), the OS fragmentation problem is exacerbated when more apps choose to adopt a 

freemium model. 

 The comparison of how these measures influence the overall welfare of mobile 

apps and the platform’s profit shows how the platform should deal with OS 

fragmentation varies according to its objectives. While some measures increase the 

platform’s profit, they harm the interests of mobile apps, and vice versa. By exploring 

whether switching to a closed strategy to fully address OS fragmentation is more 

profitable for the platform, it is found that OS fragmentation makes mobile apps with a 

larger user base more likely to showcase themselves. The platform thus benefits from the 

increasing profit of popular apps under certain conditions. These results illustrate that 

whether OS fragmentation is an issue or not depends on the participants in the mobile 

ecosystem and the objectives. This work therefore yields implications for the platform on 

how to treat OS fragmentation in a comprehensive view by balancing its profit and the 

welfare of the whole mobile platform ecosystem. 

 This work contributes to multiple research streams including two-sided market, 

software versioning, and OS fragmentation. By considering the interactions among the 

manufacturer, mobile apps, and the platform, this work incorporates the app development 

process and OS fragmentation to better understand the dynamics in the platform 
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ecosystem. This study also provides new perspectives to the literature on software 

versioning and OS fragmentation. The results show that the managerial decisions on the 

target OS version for both app developers and the platform are critical in the platform 

ecosystem. These strategies could supplement the technical approaches to better address 

the OS fragmentation problem. 

4.6.2 Future Research Directions 

First, this work adopts a static model to investigate the app development problem. Since a 

new OS version is usually introduced every few months, mobile apps can keep their 

target OS version unchanged for a certain period of time. The static model evaluates app 

developers’ decisions given the latest OS version and their current user base. However, 

using a dynamic model, one may also analyze a scenario where the app developers 

perceive the growth of the user size and decide in advance on the target OS version. 

Another interesting research direction could be to validate the findings of this study in an 

empirical setting. 
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CHAPTER 5 
SUMMARY & CONCLUSION 

Although an extensive stream of literature has shown that digital technologies facilitate 

innovative and entrepreneurial activities by expanding the structural boundaries of 

organizations and products (Boudreau & Lakhani, 2013; Huang et al., 2017; Westerman 

& Bonnet, 2015), there are still challenges with digital transformation in innovation and 

entrepreneurship, a topic that has received little attention in the IS literature. The three 

essays of this dissertation contribute to this stream of literature and examine the 

challenges of the digital transformation process by studying policies and governance in 

the fields of intellectual property, data privacy, and digital infrastructure. 

           The first essay leverages the legal case of Alcatel v. Brown and investigates how 

the differences in state statutes regarding side project IP ownership affect innovation. The 

results show that Alcatel v. Brown had a significant deterrent effect on innovation in the 

treatment states, with up to a 12% decrease in patent filing counts. This result indicates 

that assigning ownership of side projects to employers stifles innovation. This detrimental 

effect is even more salient in IT industries than in other industries. This work contributes 

to the information systems literature on digital innovation as well as to the broader 

innovation management literature. The findings also provide implications for 

policymakers in designing IP policies and for firms in stimulating employee-driven 

innovation. 

           The second essay examines the effect of the GDPR on competitive intensity in the 

mobile app market. The results indicate that GDPR has significantly affected the 

competition intensity in the app market. Specifically, the free app market has become 
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more volatile after the implementation of GDPR (the pro-competitive effect). 

Interestingly, however, the opposite effect is found in the paid app market (the anti-

competitive effect). I further examine the underlying mechanisms of the main results. I 

find that the increase in the volatility of the free app top charts following GDPR is driven 

by the entry of newer apps to the charts. The introduction of GDPR has substantially 

undermined free apps’ business models, especially for those without in-app purchasing 

that rely heavily on personal data. This has provided opportunities for newer apps to 

compete with incumbents. Free apps with in-app purchasing have also gained more 

advantages over those without in-app purchasing. This work contributes to multiple 

streams of the information systems literature and provides meaningful insights for 

policymakers and managers. 

           The third essay constructs an analytical model to examine the challenges of mobile 

app developers and the platform under the OS fragmentation problem. I find that not all 

apps are updated to a new OS version due to a tradeoff between additional revenues and 

increased development costs for backward compatibility. Further, a larger user base or a 

lower development cost does not always make apps update to a higher OS version. I also 

discuss several measures that the platform adopts to alleviate the fragmentation issue, 

such as encouraging manufacturers to update the OS or decreasing compatibility costs, 

and investigate the effectiveness of these measures. Crucially, I find that the platform 

often takes advantage of the fragmentation for greater profitability at the expense of app 

developers’ welfare. This work contributes to multiple research streams including two-

sided market, software versioning, and OS fragmentation. By considering the interactions 
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among the manufacturer, mobile apps, and the platform, this work incorporates the app 

development process and OS fragmentation to better understand the dynamics in the 

platform ecosystem. The results provide practical insights for both mobile app developers 

and the platform on how to deal with the OS fragmentation problem. 

 Overall, the three essays study the firms’ digital transformation challenges in 

multiple aspects. As firms’ innovation and entrepreneurship activities heavily depend on 

the external factors such as the legal environment, platforms, data policies. It is 

imperative to reexamine the existing policies, legislations, and ecosystem infrastructure 

to ensure that they accommodate to the evolution of digital technologies and the 

landscape of the digital economy. This dissertation highlights the great potential for 

research possibilities in the domain of firms’ innovation and entrepreneurship in the 

digital era, especially from the institutional perspective. The findings of the three essays 

also inform policymakers, platforms, and firms about practices for building a sustainable 

climate for innovation and entrepreneurship.  
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APPENDIX A 
 

ESSAY 1: STATE-LEVEL STATUTES OF SIDE PROJECTS’ OWNERSHIP 

Table A.1. Details in State-Level Statutes of Side Projects’ IP Ownership 
State Statute 
California 
(CAL. LAB. CODE 
§2870 and §2872)  

Any provision in an employment agreement that provides that an employee shall assign or 
offer to assign any rights in an invention to his/her employer shall not apply to an invention 
that the employee develops entirely on his or her own time without using the employer's 
equipment, supplies, facilities, or trade secret information except for those inventions that 
either (i) relate at the time of conception or reduction to practice to the employer's business 
or actual or demonstrably anticipated research or development of the employer or (ii) result 
from any work performed by the employee for the employer. Any provision that purports to 
do so shall be unenforceable and against the state's public policy. 
Employee bears burden of proof that his invention qualifies under this section. 

Delaware (DEL. 
CODE ANN. 19 
§805) 

Same as California except: Statute doesn't include the notice requirement. 
An employer may not require a provision of an employment agreement made 
unenforceable under this section as a condition of employment or continued employment. 

Illinois 
(765 ILL. COMP. 
STAT. ANN. 1062/2) 

Any provision in an employment agreement that provides that an employee shall assign or 
offer to assign any rights in an invention to his/her employer shall not apply to an invention 
that the employee develops entirely on his or her own time without using the employer's 
equipment, supplies, facilities, or trade secret information unless (a) the invention relates (i) 
to the employer's business or (ii) to the employer's actual or demonstrably anticipated 
research or development, or (b) the invention results from any work performed by the 
employee for the employer. Any provision that purports to do so shall be unenforceable and 
against the state's public policy. Employee bears burden of proof that his invention qualifies 
under this section. 
An employer may not require a provision of an employment agreement made 
unenforceable under this section as a condition of employment or continued employment. 
However, this statute does not preempt existing common law that applies to any shop rights 
of employers with respect to employees who have not signed an employment agreement. 
If an employment agreement is entered into on or after 1/1/84 that contains an invention 
assignment provision, the employer must also, at the time the agreement is made, provide 
written notification of the employee that the agreement does not apply to those inventions 
noted above 

Kansas  
(KAN. STAT. ANN. 
§44-130) 

Same as California plus: 
Even though the employee meets the burden of proving the conditions specified in this 
section, the employee shall disclose, at the time of employment or thereafter, all inventions 
being developed by the employee, for the purposes of determining employer and employee 
rights in an invention. 

Minnesota 
(MINN. STAT. 
§181.78) 

Same as Illinois except: 
The employer business carveout is limited to inventions which relate directly to the 
employer's business. The statute is silent as to burden of proof, and the date for the 
employment agreement for written notification is 8/1/77. 

North Carolina  
(N.C. GEN. STAT. 
§66- 57.1) 

Same as California except: Statute doesn't include notice requirement. 

Utah 
(UTAH CODE ANN. 

An employment agreement between an employee and his employer is not enforceable 
against the employee to the extent that the agreement requires an employee to assign or 
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1953 §34- 39-3) license or to offer to assign or license to the employer any right or intellectual property in 
or to an invention that is (a) created by the employee entirely on his own time and (b) not 
an employment invention. The foregoing does not apply to (a) any right, intellectual 
property or invention that is required by law or by contract between the employer and the 
U.S. government or a state or local government to be assigned or licensed to the U.S. or (b) 
an agreement between an employee and his employer which is not an employment 
agreement. An employer may not require his employees to agree to anything unenforceable 
re: inventions noted above. 
However, employer may require an employee to assign or license, or offer to assign or 
license to his employer any or all of his rights and intellectual property in or to an 
employment invention and employment or continued employment is sufficient 
consideration for such an assignment or license. 

Washington 
(WASH. REV. CODE 
§49.44.140-145) 

Same as Minnesota except: (i) the statute is silent as to burden of proof, and (ii) the date for 
the employment agreement for written notification is 9/1/79. 
Even though the employee meets the burden of proving the conditions specified in this 
section, the employee shall disclose, at the time of employment or thereafter, all inventions 
being developed by the employee, for the purposes of determining employer and employee 
rights in an invention. The employer or employee may disclose such inventions to the 
department of employment security, and the department shall maintain a record of such 
disclosures for a minimum of 5 years. 
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APPENDIX B 
 

ESSAY 1: EXAMPLES OF PERSUASIVE AUTHORITY IN JUDICIAL DECISIONS 

Table B.1. Examples of Persuasive Precedents in Judicial Decisions 
Case Examples of Persuasive Precedents 
Weedo v. Stone-E-Brick, Inc., 
81 N.J. 233 (N.J. 1979) 

 

The Supreme Court of New Jersey considered the decision of the 8th Circuit 
Court33 as a persuasive precedent. Below is the opinion of the court. 

“Because of the factual similarity and the uniform wording of the exclusionary 
clauses, the reasoning in these decisions is thoroughly persuasive. Biebel 
Bros., Inc. v.  United States Fidelity Guar. Co., 522 F.2d 1207 (8th Cir. 1975), is 
illustrative. ” 

Abela v. General Motors Corp., 
469 Mich. 603 (Mich. 2004) 

 

The Supreme Court of Michigan considered the decisions of the 5th Circuit Court 
and the 11th Circuit Court34 as persuasive precedents. Below is the opinion of the 
court. 

“Although the federal courts of appeals decisions are not binding, we nevertheless 
affirm the decision of the Court of Appeals. We have examined the decisions 
in Walton v. Rose Mobile Homes LLC, 298 F3d 470 (CA 5, 2002), and Davis v. 
Southern Energy Homes, Inc, 305 F3d 1268 (CA 11, 2002), and find their 
analyses and conclusions persuasive.” 

Foss v. Bear, Stearns & Co., 394 
F.3d 540 (7th Cir. 2005) 

 

United States Court of Appeals, 7th Circuit considered the decision of the 2nd 
Circuit Court as a persuasive precedent.35 Below is the opinion of the court. 

“In re Enterprise Mortgage Acceptance Co. Securities Litigation, 391 F.3d 
401 (2d Cir. 2004), the first appellate decision on the subject, holds that it is not 
retroactive. We find it persuasive and have nothing to add to the second circuit's 
explanation.” 

Country Vintner of N.C., LLC v. 
E. & J. Gallo Winery, Inc., 718 
F.3d 249 (4th Cir. 2013) 

 

United States Court of Appeals, 4th Circuit considered the decisions of the 3rd 
Circuit Court as a persuasive precedent.36 Below is the opinion of the court. 

“We find the Third Circuit's reasoning [in Race Tires America, Inc. v. Hoosier 
Racing Tire Corp] persuasive. The court properly took into account the statute's 
history, its plain language, and the Supreme Court's narrow contemporary 
interpretation of the costs taxable under § 1920. All of these considerations 
support the conclusion that, in this case, …” 

 

  

 
33 The 8th Circuit Court has jurisdiction over: Arkansas, Iowa, Minnesota, Missouri, Nebraska, North Dakota, and South Dakota. 
34 The 5th Circuit Court has jurisdiction over: Louisiana, Mississippi, and Texas. The 11th Circuit Court has jurisdiction over: 
Alabama, Florida, and Georgia. 
35 The 7th Circuit Court has jurisdiction over: Illinois, Indiana, and Wisconsin. The 2nd Circuit Court has jurisdiction over: 
Connecticut, New York, and Vermont. 
36 The 4th Circuit Court has jurisdiction over: Maryland, North Carolina, South Carolina, West Virginia, and Virginia. The 3rd 
Circuit Court has jurisdiction over: Delaware, New Jersey, Pennsylvania, and U.S. Virgin Islands. 
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APPENDIX C 
 

ESSAY 1: SURVEY RESULTS 

Table C.1. Survey Results 
QUESTION SUMMARY OF ANSWERS 

BASIC INFORMATION 
Which of the following job titles best 
describes your work? 

 

Software Engineer (48.08%), IT Security Specialist (21.15%), Web 
Developer (16.35%), Network Engineer (3.85%), Database 
Administrator (1.92%), UX Designer (2.88%), Data Scientist (1.92%), 
Other IT Workers (3.85%) 

Which of the following best describes 
your employment status? 

Full-time (96.15%), Part-time (3.85%) 

How long have you been working in the 
IT industry 

1 to 10 years (73.08%), 11 to 20 years (22.12%), More than 20 years 
(4.81%) 

SIDE PROJECTS ACTIVITIES 
How many side projects have you been 
working on? 

1 – 3 (68.75%), 4 – 10 (28.13%), More than 10 (3.13%) 

How common do you think it is for IT 
professionals to work on side projects? 

Almost never (1.92%), Seldom (3.85%), Sometimes (41.35%), Often 
(39.42%), Usually (13.46%) 

What do you think the incentives are for 
IT professionals to work on side projects? 

Fun to work on side projects (12.59%) 
Learning new skills or practicing current skills (25.17%) Knowing more 
people/building networks (15.38%), Good for career development 
(22.73%), Encouraging creativity (14.34%), Starting their own 
businesses (9.79%) 

Do you think that working on side 
projects will benefit employees’ normal 
work? 

Strongly agree (34.62%), somewhat agree (49.04%), neither agree nor 
disagree (10.58%), somewhat disagree (5.77%), strongly disagree (0%) 

Which party, in your opinion, should own 
the intellectual property (IP) of the 
employee's side projects? 

Employer (25%), Employee (52.88%), Both (22.12%) 

What is your employer's Intellectual 
Property (IP) policy on the ownership of 
employees' side projects? 

My employer always claims the IP of my side projects (33.07%) 
My employer does not claim the IP of my side projects in certain 
conditions (30.71%) 
My employer does not claim the IP of my side projects in any case 
(16.54%) 
I am not sure (5.51%) 
My employer does not have IP policy about employees' side projects 
(0.79%) 
I prefer not to answer (0.79%) 

LEGAL REGIME ON IP OWNERSHIP OF SIDE PROJECTS 
How much do you know about the state 
law on the IP assignment of employees' 
side projects? (e.g., California Labor 
Code §2870-2872)   

I have heard of this law but know very little about the details (36.54%) 
I never heard of this law (21.15%) 
I know some details of this law (24.04%) 
I am familiar with the details of this law (18.27%) 

If you are living in a state with such a law 
that limits the employers' power to claim 
the IP of employees' side projects (i.e., as 
an employee, you are more likely to own 

My incentives of working on side projects will increase (65.38%) 
My incentives of working on side projects will decrease (19.23%) 
my incentives of working on side projects will not be influenced 
(15.38%) 
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your side projects), will this law influence 
your incentives of working on side 
projects? 
Have you heard of the legal case Alcatel 
v. Brown?     

Yes (57.69%), No (42.31%) 

If you have heard of the legal case Alcatel 
v. Evan Brown, will you be more 
concerned about the IP assignment of 
your side projects? 

Yes (76.92%), No (23.08%) 
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APPENDIX D 
 

ESSAY 1: CORRELATION TABLE 
 

Table D.1. Correlation Table 
 Panel A. County-year Level (56,100 observations)  
 ln(NumPatent) Lawsuit Decision NoStatutes ln(Population) Income ln(Employment) 
Lawsuit 0.0265       
Decision 0.0023 -0.5991      
NoStatutes -0.0672 0.0000 0.0000     
ln(Population) 0.0603 -0.0014 0.0222 -0.0400    
Income 0.0621 -0.1598 0.5862 -0.0348 0.273   
ln(Employment) 0.0626 0.0038 0.0269 -0.0445 0.9821 0.3372  
ln(Wage) 0.0663 -0.0162 0.1206 -0.0435 0.9651 0.4172 0.9869 

Panel B. County-year-class Level (112,040 observations) 
 ln(NumPatent) IT Lawsuit Decision NoStatutes ln(Population) Income ln(Employment) 
IT -0.1674        
Lawsuit 0.062 0.0000       
Decision -0.0616 0.0000 -0.5991      
NoStatutes -0.0675 0.0000 0.0000 0.0000     
ln(Population) 0.0537 0.0000 -0.0014 0.0222 -0.0420    
Income 0.0066 0.0000 -0.1599 0.5862 -0.0349 0.2727   
ln(Employment) 0.0558 0.0000 0.0038 0.027 -0.0465 0.9821 0.3369  
ln(Wage) 0.0513 0.0000 -0.0163 0.1209 -0.0455 0.965 0.4171 0.9868 
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APPENDIX E 
 

ESSAY 1: ADDITIONAL ANALYSES 
 

Table E.1. DID Models: Number of Patents (Texas and Non-Texas) 

 (1) (2) 
Level County Level: County Level: 
Treatment  2 Treatments 1 Treatment 
Treatment Group All All 
VARIABLES ln(NumPatent) ln(NumPatent) 
Lawsuit×TX -0.0991**  
 (0.0348)  
Lawsuit×NonTX -0.0513*  
 (0.0216)  
Decision×TX -0.145***  
 (0.0411)  
Decision×NonTX -0.127***  
 (0.0276)  
Ruling×TX  -0.114*** 
  (0.0303) 
Ruling×NonTX  -0.101*** 
  (0.0207) 
ln(Population) -0.142 -0.147 
 (0.0784) (0.0782) 
Income -8.98e-07 -8.93e-07 
 (1.45e-06) (1.45e-06) 
ln(Employment) 0.171* 0.175* 
 (0.0859) (0.0860) 
ln(Wage) -0.0411 -0.0427 
 (0.0556) (0.0556) 
County/Year FE Yes Yes 
Observations 56,100 56,100 
R-squared 0.927 0.923 

Note: Robust standard errors clustered at county level. *** p < 0.001, ** p < 0.01, * p < 0.05 
 
 

Table E.2. Relative Time Model 
 
Level 
Treatment Group 

(1) (2) (3) 
County Level: 

All 
County Level: 

Texas 
County Level: 

Non-Texas 
VARIABLES ln(NumPatent) ln(NumPatent) ln(NumPatent) 
PreLawsuit(5) 0.0401 0.0591 0.0382 
 (0.0358) (0.0577) (0.0362) 
PreLawsuit(4) 0.0619 0.115 0.0564 
 (0.0367) (0.0617) (0.0370) 
PreLawsuit(3) 0.0651 0.0247 0.0692 
 (0.0354) (0.0635) (0.0357) 
PreLawsuit(2) 0.0174 -0.0210 0.0213 
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 (0.0352) (0.0609) (0.0354) 
PreLawsuit(1) 0.0125 -0.00942 0.0147 
 (0.0340) (0.0548) (0.0343) 
PostLawsuit(0) -0.00116 0.0212 -0.00342 

 (0.0311) (0.0547) (0.0314) 
 PostLawsuit(1) is the base 

PostLawsuit(2) 0.0286 -0.0404 0.0355 
 (0.0327) (0.0550) (0.0329) 
PostLawsuit(3) -0.0194 -0.0990 -0.0113 
 (0.0312) (0.0516) (0.0315) 
PostLawsuit(4) 0.00284 -0.106 0.0139 
 (0.0346) (0.0543) (0.0349) 
PostLawsuit(5) -0.0733* -0.159** -0.0645 
 (0.0350) (0.0523) (0.0354) 
PostLawsuit(6) -0.0514 -0.0930 -0.0471 
 (0.0346) (0.0551) (0.0350) 
PostDecision(0) -0.0679 -0.153** -0.0593 
 (0.0351) (0.0556) (0.0354) 
PostDecision(1) -0.0857* -0.0791 -0.0863* 
 (0.0341) (0.0537) (0.0346) 
PostDecision(2) -0.0935** -0.133* -0.0894* 
 (0.0348) (0.0536) (0.0352) 
PostDecision(3) -0.0812* -0.128* -0.0764* 
 (0.0357) (0.0609) (0.0360) 
PostDecision(4) -0.0937* -0.168** -0.0862* 
 (0.0369) (0.0609) (0.0373) 
PostDecision(5) -0.0806* -0.0844 -0.0802* 
 (0.0375) (0.0589) (0.0379) 
PostDecision(6) -0.0799* -0.0852 -0.0794* 
 (0.0378) (0.0617) (0.0382) 
PostDecision(7) -0.122** -0.166** -0.118** 
 (0.0371) (0.0614) (0.0375) 
County/Year FE  Yes Yes Yes 
Observations 56,100 14,060 51,840 
R-squared 0.923 0.933 0.922 

Note: Robust standard errors clustered at county level. *** p<0.001, ** p<0.01, * p<0.05 
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Table E.3. DID Models: Number of Patents (Excluding Inventors Who Moved to Other 
States) 

 
Level 
Treatment 
Treatment Group 

(1) 
County Level: 
2 Treatments 

All 

(2) 
County Level: 
2 Treatments 

Texas 

(3) 
County Level: 
2 Treatments 
Non-Texas 

 (4) 
County Level: 
2 Treatments 

All 

(5) 
County Level: 
2 Treatments 

Texas 

(6) 
County Level: 
2 Treatments 

Texas 
VARIABLES ln(NumPatent)  ln(NumPatent) 
IT     -0.730*** -0.730*** -0.730*** 
     (0.0293) (0.0294) (0.0293) 
IT×NoStatutes     0.0748* 0.217*** 0.0605 
     (0.0321) (0.0519) (0.0324) 
IT×Lawsuit     0.116*** 0.116*** 0.116*** 
     (0.0221) (0.0222) (0.0221) 
NoStatutes×Lawsuit -0.0528* -0.109** -0.0480*  -0.0319 -0.0799** -0.0272 
 (0.0219) (0.0357) (0.0221)  (0.0200) (0.0300) (0.0202) 
IT×NoStatutes×Lawsuit     -0.0238 -0.00472 -0.0257 
     (0.0240) (0.0364) (0.0242) 
IT×Decision     0.365*** 0.365*** 0.365*** 
     (0.0289) (0.0290) (0.0289) 
NoStatutes×Decision -0.123*** -0.193*** -0.119***  -0.0619* -0.0692 -0.0620* 
 (0.0291) (0.0460) (0.0293)  (0.0245) (0.0383) (0.0247) 
IT×NoStatutes×Decision     -0.0725* -0.126** -0.0671* 
     (0.0309) (0.0435) (0.0311) 
Controls Yes Yes Yes  Yes Yes Yes 
County/Year FE Yes Yes Yes  Yes Yes Yes 
Observations 56,020 14,020 51,780  111,920 28,000 103,440 
R-squared 0.917 0.927 0.916  0.875 0.891 0.875 

Note: Robust standard errors clustered at county level. *** p < 0.001, ** p < 0.01, * p < 0.05 
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APPENDIX F 
 

ESSAY 1: EXAMPLES OF HARDWARE AND SOFTWARE PATENTS 
 

Table F.1. Examples of Hardware Patents 
Patent No.  Title and Abstract 
US 
5,644,154 
 

MOS read-only semiconductor memory with selected source/drain regions spaced away from edges of 
overlying gate electrode regions and method therefor 
Method and structure is disclosed for a read-only MOS semiconductor memory. An addressable array of a 
multiplicity of cells each comprising a single MOS transistor is coded for preselected cells by providing 
them with source/drain regions which are spaced apart from edges of their respective overlying gate 
electrode regions. This is accomplished by a masking step late in the fabrication sequence. In this way, a 
dense MOS memory having rapid manufacturing turn-around is provided. 

US 
6,977,558 
 
 

Self-adaptive voltage regulator for a phase-locked loop 
A self-adaptive voltage regulator for a phase-locked loop is disclosed. The phase-locked loop includes a 
phase detector, a charge pump, a low pass filter, and a voltage control oscillator, wherein the low pass filter 
inputs a control voltage to a voltage controlled oscillator for generation of an output clock. According to the 
method and system disclosed herein, the self-adaptive voltage regulator is coupled to an output of the low 
pass filter for sensing the control voltage during normal operation of the phase-locked loop, and for 
dynamically adjusting the supply voltage, which is input to the voltage controlled oscillator in response to 
the control voltage, such that the phase-locked loop maintains the control voltage within a predefined range 
of a reference voltage. 

US 
7,443,508 

 

Spectrophotometric scanner 
A spectrophotometric scanner suitable for producing spectral reflectance images of surfaces of samples for a 
plurality of wavelength bands is disclosed. The spectrophotometric scanner comprises a scanner head for 
collecting spectral reflectance data, a positioning mechanism for positioning the scanner head in relation to a 
surface, and a computing device for controlling the mechanism and recording and analyzing the spectral 
reflectance data. The computing device directs the positioning mechanism to position the scanner head on a 
row of locations in a grid of locations of the surface; directs the scanner head to measure spectral reflectance 
data for each location in the row of locations; records and analyzes the spectral reflectance data; and 
produces spectral reflectance images from the spectral reflectance data. A light source in the scanner head 
comprises a plurality of sequentially controllable LEDs, each producing light in a different wavelength band. 
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Table F.2. Examples of Software Patents 
Patent No.  Title and Abstract 
US 
7,719,480 

 

Display with interlockable display modules 
A display of an embodiment of the invention includes a number of display modules that are interlockable to 
form the display. Each display module includes at least one user-viewable display element, at least one 
connector, and at least one receptor, which are disposed in the display module. Each of a number of pixels 
of the display corresponds to at least one of the display elements of each display module. The connectors of 
each display module at least receive power from and/or provide power to adjacent display modules. The 
receptors of each display module are receptive to connectors of other adjacent display modules. 

US 
6,208,738 

 

Interface between two proprietary computer programs  
A method and system for accelerating an integral evaluation program using the Monte Carlo evaluation by 
sequence generation program without disclosing the internal workings and functionality of the programs. 
More specifically, the present invention uses a sequence generation program to generate a point in a 
sequence. An integral evaluation program calculates the integrand at that point and passes the result to the 
sequence generation program. Based on this sample, the sequence generation program generates further 
points in the sequence based on the integrand but without revealing specific information about the 
sequence. The sequence is used by the integral evaluation program to solve the integral without revealing 
the details of the sequence generation program. 

US 
7,240,012 

 

 

Speech recognition status feedback of volume event occurrence and recognition status 
A user interface is described that informs the user as to the status of the operation of a voice recognition 
application. The user interface displays an indicator, such as a volume bar, each time that the voice 
recognition application records and identifies a volume event. The user interface also displays an indicator 
when the voice recognition application recognizes a volume event corresponding to a displayed volume 
event indicator. The interface thus confirms to a user that the voice recognition application is both 
recording and recognizing the words being spoken by the user. It also graphically informs the user of the 
delay the application is currently experiencing in recognizing the words that the user is speaking. 
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APPENDIX G 
 

ESSAY 1: ROBUSTNESS CHECKS 
 

Figure G.1. Synthetic Control Method: Texas as the Treated State 

 
 

Table G.1. DID Models with Additional Controls 
 
Level 
Treatment 
Treatment Group 

(1) 
County 

2 Treatments 
All 

(2) 
County 

2 Treatments 
Texas 

(3) 
County 

2 Treatments 
Non-Texas 

(4) 
County 

2 Treatments 
All 

(5) 
County 

2 Treatments 
Texas 

(6) 
County 

2 Treatments 
Non-Texas 

VARIABLES ln(NumPatent) 
IT    -0.783*** -0.783*** -0.783*** 
    (0.0374) (0.0375) (0.0374) 
IT×NoStatutes    0.0717 0.305*** 0.0520 
    (0.0412) (0.0724) (0.0415) 
IT×Lawsuit    0.149*** 0.149*** 0.149*** 
    (0.0270) (0.0270) (0.0270) 
NoStatutes×Lawsuit -0.0441 -0.0852 -0.0422 -0.0113 -0.0326 -0.00739 
 (0.0264) (0.0466) (0.0264) (0.0245) (0.0420) (0.0246) 
IT×NoStatutes×Lawsuit    -0.0519 -0.0708 -0.0518 
    (0.0296) (0.0485) (0.0299) 
IT×Decision    0.437*** 0.437*** 0.437*** 
    (0.0333) (0.0333) (0.0333) 
NoStatutes×Decision -0.106*** -0.197*** -0.105*** -0.0340 0.0194 -0.0388 
 (0.0317) (0.0560) (0.0318) (0.0287) (0.0489) (0.0288) 
IT×NoStatutes×Decision    -0.0806* -0.206*** -0.0715 
    (0.0362) (0.0542) (0.0365) 
ln (Population) -6.44e-07 -0.161 -0.251* -0.384* -0.384* -0.0135 
 (1.86e-06) (0.229) (0.0997) (0.169) (0.169) (0.0712) 
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Income 0.323** -2.69e-06 -8.99e-07 -4.04e-06 -4.04e-06 -2.91e-06* 
 (0.109) (4.52e-06) (1.90e-06) (3.58e-06) (3.58e-06) (1.32e-06) 
ln (Employment) -0.129 0.333 0.375** 0.264 0.264 0.176* 
 (0.0716) (0.223) (0.114) (0.148) (0.148) (0.0811) 
ln (Wage) 0.0398 -0.116 -0.151* 0.0439 0.0439 -0.122* 
 (0.0703) (0.144) (0.0750) (0.103) (0.103) (0.0542) 
HousingPriceIndex 0.000130 -0.107*** 0.0419 -0.110*** -0.110*** -0.0301 
 (7.74e-05) (0.0267) (0.0716) (0.0232) (0.0232) (0.0619) 
WageTaxRates 0.0167 0.000163 0.000127 0.000139 0.000139 8.83e-05 
 (0.0158) (0.000154) (7.84e-05) (0.000107) (0.000107) (5.59e-05) 
Democratic Dominate 1.030 -0.0489* 0.0166 -0.0529** -0.0529** -0.0324* 
 (3.008) (0.0246) (0.0165) (0.0179) (0.0179) (0.0136) 
County/Year FE Yes Yes Yes Yes Yes Yes 
Observations 45,035 11,582 41,927 23,164 23,164 83,734 
R-squared 0.925 0.941 0.924 0.898 0.898 0.873 

Note: Robust standard errors clustered at county level. *** p<0.001, ** p<0.01, * p<0.05 
 

Table G.2. DID Models after Matching 
 
Level 
Treatment 
Treatment Group 

(1) 
County Level: 
2 Treatments 

All 

(2) 
County Level: 
2 Treatments 

All 

(3) 
County Level: 
2 Treatments 

Texas 

(4) 
County Level: 
2 Treatments 

Texas 

(5) 
County Level: 
2 Treatments 
Non-Texas 

(6) 
County Level: 
2 Treatments 
Non-Texas 

VARIABLES ln(NumPatent) ln(NumPatent) ln(NumPatent) ln(NumPatent) ln(NumPatent) ln(NumPatent) 
IT  -0.764***  -0.764***  -0.764*** 
  (0.0313)  (0.0313)  (0.0313) 
IT×NoStatutes  0.0829*  0.233***  0.0680* 
  (0.0342)  (0.0566)  (0.0345) 
IT×Lawsuit  0.126***  0.126***  0.126*** 
  (0.0234)  (0.0234)  (0.0234) 
NoStatutes×Lawsuit -0.0520* -0.0280 -0.0923* -0.0549 -0.0483* -0.0237 
 (0.0215) (0.0201) (0.0368) (0.0310) (0.0216) (0.0202) 
IT×NoStatutes×Lawsuit  -0.0332  -0.0124  -0.0356 
  (0.0253)  (0.0388)  (0.0255) 
IT×Decision  0.409***  0.409***  0.409*** 
  (0.0286)  (0.0286)  (0.0286) 
NoStatutes×Decision -0.125*** -0.0298 -0.157*** 0.0240 -0.123*** -0.0335 
 (0.0278) (0.0243) (0.0448) (0.0384) (0.0280) (0.0245) 
IT×NoStatutes×Decision  -0.0760*  -0.130**  -0.0708* 
  (0.0306)  (0.0440)  (0.0308) 
Controls Yes Yes Yes Yes Yes Yes 
County/Year FE Yes Yes Yes Yes Yes Yes 
Observations 53,976 107,618 13,777 27,358 49,890 99,452 
R-squared 0.922 0.873 0.932 0.888 0.922 0.872 

Note: (1) Robust standard errors clustered at county level. *** p<0.001, ** p<0.01, * p<0.05; (2) A coarsened exact match 
(CEM) approach is employed to match counties on population, employment, wage, and income levels. 
 

 

 



 

  

  203  

 

Table G.3. DID Models: Falsification Test with Patent in Prior Years 
 
Level 
Treatment 
Treatment Group 

(1) 
County Level: 
1 Treatment 

All 

(2) 
County Level: 
1 Treatment 

Texas 

(3) 
County Level: 
1 Treatment 
Non-Texas 

VARIABLES ln(NumPatent) ln(NumPatent) ln(NumPatent) 
NoStatutes×Lawsuit -0.0228 -0.0359 -0.0224 
 (0.0218) (0.0368) (0.0221) 
Controls Yes Yes Yes 
County/Year FE Yes Yes Yes 
Observations 16,830 4,218 15,552 
R-squared 0.925 0.935 0.924 

Note: Robust standard errors clustered at county level. *** p<0.001, ** p<0.01, * p<0.05 
 

Table G.4. DID Models: Falsification Test with other measures 
 
Level 
Treatment 

(1) 
State Level: 
2 Treatments 

(2) 
County Level: 
2 Treatments 

VARIABLES UrbanPercentage Mortality Rate (5 to 25 years old) 
NoStatutes×Lawsuit -0.327 -0.00273 
 (0.589) (0.00168) 
NoStatutes×Decision -0.622 0.00177 
 (0.874) (0.00266) 
Controls Yes Yes 
State or County/Year FE Yes Yes 
Observations 969 56,100 
R-squared 0.995 0.992 

Note: Robust standard errors clustered at state or county level. *** p<0.001, ** p<0.01, * p<0.05 
 

Table G.5. Random Treatment Test 

Sample Random Implementation Random Implementation in Treated 
Lawsuit Decision Lawsuit Decision 

Mean of Pseudo Treatment Effect 0.0000798 0.0000802 0.000071 0.0000713 
Std of Pseudo Treatment Effect 0.0000185 0.0000186 0.0000196 0.0000195 
Replications 1000 1000 1000 1000 
Estimated Treatment Effect -0.0542 -0.125 -0.0542 -0.125 
P-Value p<0.001 p<0.001 p<0.001 p<0.001 

 
Table G.6. DID Models: Number of Patents (Removing States that NCC-Enforcing Level 

Changes) 
 
Level 
Treatment 

(1) 
County Level: 
2 Treatments 

VARIABLES ln(NumPatent) 
NoStatutes×Lawsuit -0.0409 



 

  

  204  

 (0.0244) 
NoStatutes×Decision -0.0872** 
 (0.0303) 
Controls Yes 
County/Year FE Yes 
Observations 32,020 
R-squared 0.931 

Note: Robust standard errors clustered at county level. *** p < 0.001, ** p < 0.01, * p < 0.05 
 

Table G.7. DID Model: Control for Changes in Trade Secret Laws 
 
Level 
Treatment 
Treatment Group 

(1) 
County Level: 

Two Treatments 
All 

(2) 
County Level: 

Two Treatments 
Texas 

(3) 
County Level: 

Two Treatments 
Non-Texas 

VARIABLES ln(NumPatent) ln(NumPatent) ln(NumPatent) 
NoStatutes×Lawsuit -0.0435* -0.0891* -0.0397 
 (0.0222) (0.0364) (0.0223) 
NoStatutes×Decision -0.121*** -0.148*** -0.119*** 
 (0.0280) (0.0437) (0.0281) 
IDD positive 0.0457 0.0144 0.0458 
 (0.0302) (0.0443) (0.0302) 
IDD negative 0.117** 0.173* 0.114* 
 (0.0445) (0.0727) (0.0449) 
Controls Yes Yes Yes 
County/Year FE Yes Yes Yes 
Observations 56,100 14,060 51,840 
R-squared 0.923 0.933 0.923 

Note: (1) Robust standard errors clustered at county level. *** p<0.001, ** p<0.01, * p<0.05; (2) IDD Positiveit equals 
1 for states that had a legal precedent for IDD in place for county i in year t, while IDD Negativeit equals 1 for states 
that had a ruling against IDD.  

 
Table G.8. DID Poisson Models: Number of Patents 

 
Level 
Treatment 
Treatment Group 

(1) 
County Level: 
2 Treatments 

All 

(2) 
County Level: 
2 Treatments 

Texas 

(3) 
County Level: 
2 Treatments 
Non-Texas 

(4) 
County Level: 
2 Treatments 

All 

(5) 
County Level: 
2 Treatments 

Texas 

(6) 
County Level: 
2 Treatments 
Non-Texas 

VARIABLES NumPatent NumPatent NumPatent NumPatent NumPatent NumPatent 
IT    -0.104 -0.0741 -0.0741 
    (0.249) (0.239) (0.239) 
IT×NoStatutes    -0.466 0.161 -0.582* 
    (0.288) (0.239) (0.278) 
IT×Lawsuit    0.521*** 0.517*** 0.517*** 
    (0.0186) (0.0173) (0.0173) 
NoStatutes×Lawsuit -0.197* -0.123 -0.209* -0.0677 -0.0626 -0.0750 
 (0.0935) (0.0930) (0.0928) (0.0592) (0.0596) (0.0589) 
IT×NoStatutes×Lawsuit    -0.136*** -0.117*** -0.139*** 
    (0.0320) (0.0173) (0.0346) 
IT×Decision    0.832*** 0.827*** 0.827*** 
    (0.0315) (0.0302) (0.0302) 
NoStatutes×Decision -0.340** -0.253† -0.355** -0.142 -0.00225 -0.165* 
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 (0.127) (0.134) (0.126) (0.0825) (0.0890) (0.0812) 
IT×NoStatutes×Decision    -0.179*** -0.362*** -0.159** 
    (0.0497) (0.0302) (0.0511) 
Controls Yes Yes Yes Yes Yes Yes 
State/Year FE Yes Yes Yes Yes Yes Yes 
Observations 56,100 14,060 51,840 112,040 28,080 103,520 

Note: Robust standard errors clustered at state level. *** p<0.001, ** p<0.01, * p<0.05, †p<0.1 
 

Table G.9. DID Model: Number of Patents (Firm-Year Level) 
 
Level 
Treatment 

(1) 
Firm Level 

2 Treatments: 
VARIABLES ln(NumPatent) 
NoStatutes 0.205*** 
 (0.0132) 
NoStatutes×Lawsuit -0.0818*** 
 (0.00966) 
NoStatutes×Decision -0.164*** 
 (0.0121) 
Firm/Year FE Yes 
Observations 335,434 
R-squared 0.445 

Note: Robust standard errors clustered at firm level. *** p<0.001, ** p<0.01, * p<0.05 
 

Table G.10. DID Model: Number of Patents (Inventor-Year Level) 
 
Level 
Treatment 
Treatment Group 

(1) 
Inventor Level: 
2 Treatments: 

All 

(2) 
Inventor Level: 
2 Treatments: 

Texas 

(3) 
Inventor Level: 
2 Treatments: 

Non-Texas 
VARIABLES ln(NumPatent) ln(NumPatent) ln(NumPatent) 
NoStatutes×Lawsuit -0.0217*** -0.0314*** -0.0211*** 
 (0.00302) (0.00658) (0.00306) 
NoStatutes×Decision -0.0365*** -0.0460*** -0.0361*** 
 (0.00392) (0.00906) (0.00399) 
Controls Yes Yes Yes 
Inventor/Year FE Yes Yes Yes 
Observations 2,140,307 923,030 2,000,727 
R-squared 0.381 0.381 0.380 

Note: Robust standard errors clustered at inventor level. *** p<0.001, ** p<0.01, * p<0.05 
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APPENDIX H 
 

ESSAY 2: LIST OF CATEGORIES ON THE APP STORE 

The 21 categories of the App Store are: Book, Education, Businesses, Entertainment, Finance, 

Food & Drink, Health & Fitness, Lifestyle, Medical, Music, Navigation, News, Photo & Video, 

Productivity, Reference, Shopping, Social Networking, Sports, Travel, Utilities, Weather. 

 It is worth noting that the samples do not include the categories of Developer Tools and 

Graphics & Design, which are newly added categories in 2020. the categories of Games and 

Kids that include sub-categories are excluded. 
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APPENDIX I 
 

ESSAY 2: MATCHING COUNTRIES 

The CEM method is employed to decide the appropriate treatment and control group. 

Specifically, this method matches the number of app developer jobs and the competition 

intensity (i.e., the average number of new apps in the free and paid app market, respectively) at 

the country level in the pre-treatment period. These three variables are chosen to make sure that 

the mobile app market size and the app developers’ job market are comparable in the treatment 

and control groups. The comparison of the summary statistics between the treatment and control 

groups before and after matching is in Table B1. It suggests that the samples are better matched 

after the CEM approach is implemented. 

Table I.1. Summary Statistics Before and After Matching Countries 
 Before Matching After Matching 
 Treat Control Treat Control 

Variable Mean Std. 
Dev. Mean Std. 

Dev. Mean Std. 
Dev. Mean Std. 

Dev. 
NumNewFreeApps 98.48 81.412 35.841 17.01 35.514 17.06 35.841 17.01 
NumNewPaidApps 52.175 62.899 124.34 74.611 126.769 94.109 124.338 74.611 
NumAppDevJobs 101.869 106.095 1905.994 231.492 310.454 39.211 1905.99 231.492 
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APPENDIX J 
 

ESSAY 2: ALGORITHM CHANGES IN APP STORE  

Apple App Store has algorithms for the rankings of both keyword-based search results and top 

charts. The top charts algorithm decides which apps show up on the top charts. The search 

algorithm decides which apps to rank and how to rank when specific keywords are searched 

(e.g., the apps showing up when searching for “Weather”). Both algorithms are black-boxed. 

Given the importance of these algorithms on apps’ visibility to their target users, many App 

Store Optimization (ASO) firms, such as AppTweak, and App Annie, provide services to monitor 

the search results of specific keywords and assist developers in optimizing the keywords used in 

the apps' titles and descriptions. These firms could therefore detect an algorithm update if there is 

an abnormal fluctuation for a large number of keywords’ search results. 

Table J.1. Abnormal Dates of Keyword Ranking Fluctuation on App Store 
Year-Month U.S. U.K. Germany France 
January 2018 2018-01-15 - 2018-01-15 2018-01-14 
February 2018 2018-02-23 - - - 
March 2018 - - - - 
April 2018 - - - - 
May 2018 - - - - 
June 2018 - - - - 
July 2018 - 2018-07-13 2018-07-13 2018-07-13 
August 2018 2018-08-24 2018-08-23 2018-08-23 2018-08-23 
September 2018 2018-09-08 2018-09-07 - 2018-09-07 
October 2018 - - - - 
November 2018 - - - - 
December 2018 2018-12-31 2018-12-30 2018-12-31 2018-12-30 
January 2019 - 2019-01-08 2019-01-08 2019-01-08 
February 2019 - - - - 
March 2019 - - - - 
April 2019 - - - - 
May 2019 - - - - 
June 2019 2019-06-29 2019-06-28 2019-06-28 2019-06-28 
July 2019 2019-07-19 2019-07-18 2019-07-18 2019-07-18 
August 2019 - - - - 
September 2019 2019-09-26 2019-09-26 2019-09-26 2019-09-26 
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October 2019 - - - - 
November 2019 - - - - 
December 2019 - - - - 
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APPENDIX K 
 

ESSAY 2: PARALLEL TIME TREND 

To make sure that the trend in the number of new apps in the U.S. is parallel to that of the control 

group (i.e., the U.K., Germany, France) before the publishing of GDPR in April 2016, this work 

utilizes the CEM method to match the charts in the treatment and control groups. Considering the 

rank volatility of top charts can be influenced by unobservable events that are specific to a chart 

(i.e., one category of one country), this analysis matches the charts on three variables: (1) the 

competition intensity (i.e., the average number of new apps in the free and paid app market, 

respectively) at the chart level in the pre-treatment period; (2) the volatility of the competition 

intensity at the chart level (i.e., the standard deviation of the number of new apps) in the pre-

treatment period; (3) The average percentage of the chart in the overall ranking of all categories 

in the specific country’s App Store (i.e., the average of CategoryPercentage). The comparison of 

the trends before and after matching is in Figure K.1. The relative time model is applied in the 

sample after matching. The results are in Table K.1. 

Table K.1. Relative Time Model 
 (1) (2) 
Dependent Variable ln(NumNewFreeApps) ln(NumNewPaidApps) 
Pre-GDPR (-15) 
 

-0.00731 -0.315 
(0.0844) (0.208) 

Pre-GDPR (-14) -0.0955 -0.378 
 (0.0883) (0.213) 
Pre-GDPR (-13) 0.0798 -0.386* 
 (0.0784) (0.158) 
Pre-GDPR (-12) -0.0701 -0.432* 
 (0.0718) (0.188) 
Pre-GDPR (-11) -0.0695 -0.204 
 (0.0662) (0.168) 
Pre-GDPR (-10) -0.0347 -0.135 
 (0.0678) (0.185) 
Pre-GDPR (-9) -0.0883 0.159 
 (0.0690) (0.180) 
Pre-GDPR (-8) -0.200** 0.106 
 (0.0687) (0.146) 
Pre-GDPR (-7) 0.0333 0.0709 
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 (0.0772) (0.169) 
Pre-GDPR (-6) -0.0957 0.175 
 (0.0770) (0.144) 
Pre-GDPR (-5) -0.00786 0.184 
 (0.0686) (0.164) 
Pre-GDPR (-4) -0.0357 0.0948 
 (0.0819) (0.185) 
Pre-GDPR (-3) -0.184* -0.00680 
 (0.0647) (0.131) 
Pre-GDPR (-2) 
 

-0.145* 0.0724 
(0.0538) (0.119) 

Pre-GDPR (-1) 0.0738 0.0779 
(0.0563) (0.0750) 

Baseline: the month that GDPR was published. Post-GDPR coefficients are not reported. 
Controls Yes Yes 
Country FE Yes Yes 
Category FE Yes Yes 
Yearmonth FE Yes Yes 
Matching Charts Yes Yes 
Observations 4,307 1,742 
R-squared 0.625 0.888 
Note: (1) The unit of observation is at the chart-month level.  
(2) Robust standard errors clustered at category level. *** p<0.001, ** p<0.01, * p<0.05 

 
Figure K.1. Comparison of Trends Before and After Matching Charts 

  
(a) Free Apps – Before Matching (b) Free Apps – After Matching 

  
(c) Paid Apps – Before Matching (d) Paid Apps – After Matching 
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APPENDIX L 
 

ESSAY 2: ROBUSTNESS CHECKS 

Table L.1. Alternative Sample 
 (1) (2) (3) (4) 

Sample Including Canada in the Control 
Group 

Excluding the Apps that Changed the 
Monetization Method 

Dependent 
Variables 

ln(NumNewFreeA
pps) 

ln(NumNewPaid
Apps) 

ln(NumNewFree
Apps) 

ln(NumNewPaidA
pps) 

Treat×Publish 0.0457* -0.140* 0.0677** -0.132 
(0.0161) (0.0528) (0.0195) (0.0760) 

Treat×Enact 0.100*** -0.285** 0.133*** -0.288* 
(0.0239) (0.0851) (0.0268) (0.103) 

Controls Yes Yes Yes Yes 
Country FE Yes Yes Yes Yes 
Category FE Yes Yes Yes Yes 
Yearmonth FE Yes Yes Yes Yes 
Observations 6,235 6,235 4,988 4,988 
R-squared 0.623 0.765 0.586 0.738 
Note: (1) The unit of observation is at the chart-month level.  
(2) Robust standard errors clustered at category level. *** p<0.001, ** p<0.01, * p<0.05 

 
Table L.2. Additional Controls 

 (1) (2) 
Dependent Variable ln(NumNewFreeApps) ln(NumNewPaidApps) 
Treat×Publish 0.0628** -0.212** 
 (0.0204) (0.0733) 
Treat×Enact 0.123** -0.433*** 
 (0.0377) (0.103) 
Mobile Subscription -0.00421 0.0117*** 

 (0.00269) (0.00228) 
ln(Population) 1.956 6.662 
 (3.620) (3.583) 
GDP per capita 0.0142* 0.000159 
 (0.00665) (0.00802) 
Category Percentage 0.699 -0.212 
 (0.451) (0.840) 
Share Price -0.000626 -0.0118*** 
 (0.00229) (0.00218) 
Currency Exchange Rate -0.0450 1.554*** 
 (0.232) (0.254) 
Country FE Yes Yes 
Category FE Yes Yes 
Yearmonth FE Yes Yes 
Observations 4,988 4,988 
R-squared 0.586 0.739 
Note: (1) The unit of observation is at the chart-month level.  
(2) Robust standard errors clustered at category level. *** p<0.001, ** p<0.01, * p<0.05 
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Table L.3. Including Linear Trends 
 (1) (2) (3) (4) 
Dependent Variable ln(NumNewFreeApps) ln(NumNewPaidApps) 
Treat×Publish 0.0680** 0.0846** -0.132 -0.231*** 
 (0.0194) (0.0279) (0.0761) (0.0556) 
Treat×After 0.134*** 0.161** -0.288* -0.436*** 
 (0.0266) (0.0524) (0.103) (0.0862) 
Controls Yes Yes Yes Yes 
Country FE Yes Yes Yes Yes 
Category FE Yes Yes Yes Yes 
Yearmonth FE Yes Yes Yes Yes 
Category Trend Yes No Yes No 
Country Trend  No Yes No Yes 
Observations 4,988 4,988 4,988 4,988 
R-squared 0.610 0.587 0.764 0.739 
Note: (1) The unit of observation is at the chart-month level.  
(2) Robust standard errors clustered at category level. *** p<0.001, ** p<0.01, * p<0.05 

 
Table L.4. Rank Volatility at App Level 

 (1) (2) 
Dependent Variable ln(NumNewFreeApps) ln(NumNewPaidApps) 
Treat×Publish 0.640** -6.049*** 

(0.222) (0.612) 
Treat×After 0.678* -8.992*** 

(0.341) (0.851) 
Controls Yes Yes 
App FE Yes Yes 
Yearmonth FE Yes Yes 
Country FE Yes Yes 
Observations 216,119 276,417 
R-squared 0.721 0.652 
Note: (1) The unit of observation is at the app-country-month level.  
(2) Robust standard errors clustered at app level. *** p<0.001, ** p<0.01, * p<0.05 

 
Table L.5. Count Model – Poisson Estimation 

 (1) (2) 
Dependent Variable NumNewFreeApps NumNewPaidApps 
Treat×Publish 0.0387 -0.159* 

(0.0247) (0.0722) 
Treat×Enact 0.0909** -0.331** 

(0.0344) (0.121) 
Controls Yes Yes 
Country FE Yes Yes 
Category FE Yes Yes 
Yearmonth FE Yes Yes 
Observations 4,988 4,988 
Note: (1) The unit of observation is at the chart-month level.  
(2) Robust standard errors clustered at category level. *** p<0.001, ** p<0.01, * p<0.05 
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Table L.6. Random Treatment Test 

 ln(NumNewFreeApps) ln(NumNewPaidApps) 
Sample Treat×Publish Treat×Enact Treat×Publish Treat×Enact 
Mean of Pseudo Treatment Effect -0.00033 -0.00004 0.0000686 0.0000677 
Replications 1000 1000 1000 1000 
Estimated Treatment Effect 0.067 0.133 -0.132 -0.288 
P-Value p<0.001 p<0.001 p<0.001 p<0.001 

 
Table L.7. Alternative Time Windows  

 (1) (2) (3) (4) 
Time Window  Past 60 days Past 120 days Past 60 days Past 120 days 
Dependent Variable ln(NumNewFreeApps) ln(NumNewPaidApps) 
Treat×Publish 0.0505* 0.0666** -0.114 -0.156 

(0.0214) (0.0197) (0.0715) (0.0792) 
Treat×Enact 0.131*** 0.125*** -0.295** -0.286* 

(0.0282) (0.0261) (0.0995) (0.107) 
Controls Yes Yes Yes Yes 
Country FE Yes Yes Yes Yes 
Category FE Yes Yes Yes Yes 
Yearmonth FE Yes Yes Yes Yes 
Observations 4,992 4,984 4,992 4,984 
R-squared 0.599 0.665 0.744 0.749 
Note: (1) The unit of observation is at the chart-month level.  
(2) Robust standard errors clustered at category level. *** p<0.001, ** p<0.01, * p<0.05 
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APPENDIX M 
 

ESSAY 3: PROOFS OF LEMMAS AND PROPOSITIONS 

Proofs of Lemma 1 and Lemma 2 

Eq. (1) shows that the profit function of app 𝑖 is 𝜋( = 𝑘𝑎'𝑎<𝑚( +
*!
*+
𝑚( − 𝐶𝑎(). Following the 

concept of “fulfilled expectation equilibrium” adopted by prior literature (Katz & Shapiro, 1985; 

Pang & Etzion, 2012), this work assumes that each app developer forms an expectations 

regarding the average OS version of all apps in the market and decides its own optimal OS 

version 𝑎(. To obtain the optimal target OS version of app 𝑖, the derivative of  𝜋( with respect to 

𝑎( given a fixed 𝑎< is taken.  

 Solving the first-order condition 7>!
7*!

= −2𝑎(𝐶 +
,!
*+
= 0 gives 𝑎(∗ =

,!
)	.*+

. To prove that 𝑎(∗ 

is optimal value that maximize the app 𝑖’s profit, it is found that the second-order condition 

7">!
7*!

" (𝑎(∗) < 0. Since 7
">!
7*!

" = −2𝐶 is always negative,	𝑎(∗ =
,!
)	.*+

 is therefore the target OS version 

for app 𝑖 to maximize its profit. 

 The target OS version adopted by mobile apps is constrained by the manufacturer’s target 

OS version 𝑎'. Technically, 𝑎( cannot be greater than 𝑎'. For apps that the optimal target OS 

version 	𝑎(∗ =
,!
)	.*+

< 𝑎' (i.e., 𝑚( < 2𝐶𝑎<𝑎'), the apps’ target OS version is 	𝑎(∗ =
,!
)	.*+

. However, 

for apps that 	𝑎(∗ =
,!
)	.*+

≥ 𝑎' (i.e., 𝑚( ≥ 2𝐶𝑎<𝑎'), the apps’ target OS version should be equal or 

lower than ,!
).*+

. From 7>!
7*!

= −2𝑎(𝐶 +
,!
*+

 , it is known that 7>!
7*!

> 0 when 𝑎( <
).*+
,!

. For apps with 

𝑚( ≥ 2𝐶𝑎<𝑎', 7>!
7*!

> 0 when 𝑎( <
).*+
,!

≤ 𝑎'. Therefore, apps should target the highest OS 

version (i.e., 𝑎') to maximize its profit when the user base 𝑚( ≥ 2𝐶𝑎<𝑎'. The summary of apps’ 

optimal target version given 𝑎< is shown in Eq. (2). 
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 In Eq. (2), the mobile app 𝑖’s decision on the target OS version 𝑎( depends on the 

expected average OS version 𝑎<, which is the actual average 𝑎( in the market. This setting is 

consistent with the work of Manski (1993) and Yang et al. (2020) that the behavior of each 

individual is affected by the group behavior while the group behavior is the aggregation of 

individual behaviors. The model hence considers 𝑎< is the average of 𝑎( in the market , which 

is𝑎< = ∫ 𝑓(𝑚()𝑎((𝑚()𝑑𝑚(
0
1 = 2

0
(R ,

).*+	
𝑑𝑚

).*+*#

1	
+ ∫ 𝑎' 𝑑𝑚

0
).*+*#

)  in which 𝑓(𝑚() is the 

density function of 𝑚(. Given 𝑚(~𝑈(0,𝑀), 𝑓(𝑚() =
2
0

. R ,
).*+	

𝑑𝑚
).*+*#

1	
 is the aggregation of 

the target OS version for apps with 𝑚( < 2𝐶𝑎<𝑎', ∫ 𝑎' 𝑑𝑚
0
).*+*#

 is the aggregation of the target 

OS version for apps with 𝑚( ≥ 2𝐶𝑎<𝑎'. Simplifying the right-hand side of the equation gives 

𝑎< = 𝑎' −
.*+	*#

"

0
. By solving this equation, 𝑎< = 0*#

03.*#
" , which is the result in Lemma 1. 

 Since 𝑎< = 0*#
03.*#

" , it is plugged into Eq. (2). The results in Lemma 2 are as below. 

𝑎((𝑚() =

⎩
⎪
⎨

⎪
⎧𝑚((𝑀 + 𝐶𝑎'))

2𝐶𝑀𝑎'
, 𝑚( <

2𝐶𝑀𝑎')

𝑀 + 𝐶𝑎')

𝑎' , 𝑚( ≥
2𝐶𝑀𝑎')

𝑀 + 𝐶𝑎')
		
 

Proof of Proposition 1 

When 𝑚( <
).0*#

"

03.*#
" , Lemma 2 shows that the apps’ optimal targeted OS version 𝑎((𝑚() is 

,!(03.*#")
).0*#

. Taking the first derivative to the optimal OS version yields 7*!
7*#

= 2
)
𝑚((

2
0
− 2

.*#
" ).  

 Next is the proof of 𝑀 > 𝐶𝑎') . It is assumed 𝑀 is sufficiently large, so that there are 

always mobile apps targeting at the manufacturers’ OS version, i.e., M is always greater than 

2𝐶𝑎<𝑎'. Plugging 𝑎< in Lemma 1 into 𝑀 > 2𝐶𝑎<𝑎' yields 𝑀 > 𝐶𝑎') .  
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 Since it is proved that 𝑀 > 2𝐶𝑎<𝑎', 7*!
7*#

= 2
)
𝑚( Z

2
0
− 2

.*#
"[ < 0, suggesting the mobile 

apps with user base smaller than ).0*#
"

03.*#
"  will decrease the targeted OS version when 𝑎' increases. 

 Because  7"*!
7*#7,!

= 2
)
(2
0
− 2

.*#
" ) and 𝑀 > 𝐶𝑎') , 7"*!

7*#7,!
< 0. This means that the effect of 

𝑎' on 𝑎((𝑚() is decreasing when 𝑚( increases. 

Proof of Proposition 2 

Next is the discussion of the apps with 𝑚( ≤ 𝑚S . According to Eq. (3), the utility is 𝜋((𝑚() =

4,!0*#"

03.*#"
+ ,!

"(03.*#")"

/.0"*#"
.  Taking the derivative of 𝜋 with respect to 𝑎' yields 

                7>!(,!)
7*#

=
,!(A

@!
A 3

A@!B#
:

C"
3

:DC"B#
:

(CEAB#
" )"

)

)*#
; = ,!(/.40:*#

:A,!0"%03.*#
" &

"
3.",!*#

: (03.*#
" )")

)*#
; 	.	0"	(03.*#

" )"
 

To satisfy 7>!
7*#

> 0, next step is to solve 4𝐶𝑘𝑀/𝑎'/ −𝑚(𝑀)(𝑀 + 𝐶𝑎') )) + 𝐶)𝑚(𝑎'/ (𝑀 +

𝐶𝑎') )) > 0. Since 𝑀 > 𝐶𝑎')  (proved in the proof of Proposition 1), it is obvious that when 𝑚( <

/.40:*#
:

0:3).0;*#
"A).;0*#

>A.:*#
? , 7>!

7*#
> 0. Otherwise, 7>!

7*#
≤ 0. 

 For the apps with 𝑚( > 𝑚S , the utility is 𝜋((𝑚() = −𝐶𝑎') +
4,!0*#"

03.*#"
+ ,!(03.*#")

0
. 

Take the derivative of 𝜋( with respect to 𝑎'. 7>!
7*#

= 2𝑎' e
4,!0
03.*#

" + 𝐶 f−1 +𝑚( g
2
0
−

40*#
"

%03.*#
" &"
hij. To solve 7>!

7*#
> 0, the next step is to multiple 0%03.*#

" &
"
	

)	*#
 to each side and obtain 

𝑘𝑚(𝑀@ + 𝐶𝑚((𝑀 + 𝐶𝑎') )) − 𝐶𝑀(𝑀 + 𝐶𝑎') )) > 0. Therefore, it is obvious that 7>!
7*#

> 0 when 

𝑚( >
.0;3)."0"*#

"3.;0*#
:

.0"340;3)."0*#
"3.;*#

: . Otherwise, 7>!
7*#

≤ 0. 

 Let 𝜆2 =
/.40:*#

:

0:3).0;*#
"A).;0*#

>A.:*#
?  , 𝜆) =

.0;3)."0"*#
"3.;0*#

:

.0"340;3)."0*#
"3.;*#

: . The next step is to 



 

  

  218  

combine the results of the two types of mobile apps and yield the finding that 7>!
7*#

> 0 when 

𝑚( < 𝜆2 or 𝑚( > 𝜆); 7>!
7*#

≤ 0 when 𝜆2 ≤ 𝑚( ≤ 𝜆). 

 Specifically, for apps with 𝑚( < 𝑚S , 7>!
56!78

7*#
= ,!

"(."*#
:A0")

).*#
;0" , 7

">!
56!78

7*#7,!
= ,!(A0"3."*#

: )
.0"*#

; . Since 

𝑀 > 𝐶𝑎') , 7>!
56!78

7*#
< 0 and 7

">!
56!78

7*#7,!
< 0. On the other hand, for apps with 𝑚( ≥ 𝑚S ,  7>!

56!78

7*#
=

).(,!A0)*#
0

< 0 and 7
">!

56!78

7*#7,!
= ).*#

0
> 0. 

Proof of Proposition 3 

Given 𝜆2 =
/.40:*#

:

0:3).0;*#
"A).;0*#

>A.:*#
?  , 𝜆) =

.0;3)."0"*#
"3.;0*#

:

.0"340;3)."0*#
"3.;*#

:  in Proposition 2, taking the 

derivative of these two cutoff values with respect to the development cost parameter C is as 

shown below. 

7?9
7.

= /40:*#
: (0"A).0*#

"3@."*#
: )

(0A.*#
" )"(03.*#

" ):
=

/40:*#
: M%0"A.*#

" &
"
3)."*#

: N

(0A.*#
" )"(03.*#

" ):
, 

7?"
7.

= 40:(0"3/.0*#
"3@."*#

: )
(.0"340;3)."0*#

"3.*;*#
: )"

= 40:(03@.*#
" )(03.*#

" )
(.0"340;3)."0*#

"3.*;*#
: )"

. 

 It is obvious that both 7?9
7.

 and 7?"
7.

 are greater than 0. 

Proof of Proposition 4 

According to Eq. (7), the platform’s utility is 𝑢 = D.0*#
"A."*#

:3@0"(234*#
" )

D(03.*#")
. Taking the derivative 

of  𝑢 with respect to 𝑎' gives 7C
7*#

= @.0"*#3@40;*#A)."0*#
;A.;*#

I

@(03.*#
" )"

=

*#%@40;3.(@03.*#
" )(0A.*#

" )&
@(03.*#

" )"
. 𝑀 > 𝐶𝑎')  has been proved in proof of Proposition 1, therefore 7C

7*#
 

is always greater than 0.  

 Taking the derivative of 𝑢 with respect to 𝐶 gives 7C
7.
= − *#

" ().0*#
"3."*#

:3@0"(A234*#
" ))

D(03.*#
" )"

. It 
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is obvious that when 𝑘 > @0"A).0*#
"A."*#

:

@0"*#
" , 7C

7.
< 0. Otherwise, 7C

7.
≥ 0. 

 Denote @0
"A).0*#

"A."*#
:

@0"*#
"  by 𝜃). Taking the derivative of 𝜃) with respect to 𝑎' yields 

7E"
7*#

= − )
*#
; −

)."*#
@0" , which is always negative. 

 Taking the derivative of 𝜋( with respect to 𝐶 yields 7>!
7.
=

,	(A/."40;*#
>A,M%0;A.;*#

> &%03.*#
" &3.*#

"0(0"A."*#
: )N)

/."0"*#
" (03.*#

" )"
. Since 𝑀 > 𝐶𝑎') , 7>!

7.
 is always negative. 

 The overall welfare of mobile apps is denoted by 𝜋*BB = ∑𝜋(, which is the sum of all 

mobile apps’ profit. Given each mobile app 𝑖’s profit function in Eq. (5), 𝜋*BB =

]
D@CB#"

CEAB#"
3@

"(CEAB#")"

:AC"B#"

0
𝑑𝑚

,O

1

+]
A.*#"3

D@CB#"

CEAB#"
3@JCEAB#"K

C

0
𝑑𝑚

0

,O

= ."*#
:3@0"(234*#

" )
D(03.*#

" )
 in which 

𝑚S = ).0*#
"

03.*#
" . Taking the derivative of 𝜋*BB with respect to 𝑎' gives 7>BLL

7*#
=

*#(A@.0"3@40;3)."0*#
"3.;*#

: )
@(03.*#

" )"
. Therefore, when 𝑘 ≥ @.0"A)."0*#

"A.;*#
:

@0;  , 7>BLL
7*#

≥ 0. Otherwise, 

7>BLL
7*#

< 0. Denote @.0
"A)."0*#

"A.;*#
:

@0;  by 𝜃2. This result suggest that the overall welfare of mobile 

apps increases with 𝑎' only when 𝑘 ≥ 𝜃2. 

 Taking the derivate of 𝜋*BB with respect to 𝐶 gives 7>BLL
7.

= ).0*#
:3."*#

>A@0"(*#
"34*#

: )
D(03.*#

" )"
=

A*#
" (@0"4*#

"3(0A.*#
" )(@03.*#

" ))
D(03.*#

" )"
. Since it is proved that 𝑀 > 𝐶𝑎') , 7>BLL

7.
 is always negative, 

suggesting that the overall welfare of mobile apps increases when 𝐶 is lower. 

Proof of Proposition 5 

According to Eq. (10) and Eq. (7), 𝑢.BH<9I − 𝑢 =
."*#

:3@0"(234*#
" )(A23J)3@.0*#

" (A)3J34*#
"J)

D(03.*#
" )

. To 

solve 𝑢.BH<9I − 𝑢 > 0. Solving 𝐶)𝑎'/ + 3𝑀)(1 + 𝑘𝑎') )(−1 + 𝜙) + 3𝐶𝑀𝑎') (−2 + 𝜙 +
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𝑘𝑎')𝜙) > 0  yields 𝜙 > @0"3D.0*#
"3@40"*#

"A."*#
:

@0"3@.0*#
"3@40"*#

"3@.40*#
: . 
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APPENDIX N 
 

ESSAY 3: EXTENSIONS 

An Endogenous Target OS Version of the Manufacturer  

This scenario considers that manufacturers have the liberty to decide their target OS versions. 

For example, the manufacturer could take longer time to customize the new OS version 

according to their needs. The assumption of an exogenous 𝑎' is relaxed and model the 

manufacturer’s decisions.  

 When the platform releases a new OS version, the manufacturer decides whether to 

install this new version on its latest device models. Here the manufacturer makes two decisions: 

the target OS version 𝑎' and the number of device models it updates, denoted by 𝑛'. The higher 

OS version the manufacturer targets, the more outdated the previous device models become, 

because it cannot afford to customize all its device models (Summerson, 2018a). Potential users 

can foresee that their devices will become outdated in the next few years. Considering that the 

users’ expectation that their devices become outdated in the future, the manufacturer’s revenues 

are modeled as a joint function of the target OS version (𝑎'), the average mobile app version (𝑎<), 

and the number of device models it maintains (𝑛'). 𝑛'P𝑎'
Q𝑎< is denoted as the manufacturer’s 

revenues. Given the users’ concern on the outdated devices, the marginal benefit on the target 

OS version decreases with 𝑎'; hence, this work assumes 0 < 𝛼 < 1. When it updates more 

device models (i.e., 𝑛' increases), the concern on the outdated devices diminishes. As users with 

more recent devices are more likely to care about updates (Hoffman & Summerson, 2017), the 

marginal effect of 𝑛' is diminishing when 𝑛' increases, leading us to assume 0 < 𝛾 < 1. 

 Since updating a new OS version for each device model is different, the cost of targeting 

a higher OS version depends on 𝑛'. Also, the manufacturer’s development is a one-time activity 
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that is not related to the target version number 𝑎'. The cost of targeting at 𝑎' is given by 𝑛'𝐶', 

in which 𝐶' is the cost parameter of the manufacturer. The manufacturer’s profit is formulated 

below. 

 𝑤 = 𝑛'P𝑎'
Q𝑎< − 𝑛'𝐶'                                                                     (B1) 

 After the manufacturer decides its target OS version and the number of device models it 

updates, mobile apps decide their target OS versions accordingly.  The mobile app’s decision is 

the same as the main model. Plugging 𝑎< obtained in Lemma 1 into Eq. (B1) and solving the first-

order conditions ( 7:
7*#

 and 7:
78#

) yields the optimal number of device models that the manufacturer 

updates, which is 𝑛'∗ = g 0P*#
9EM

.#%03.*#
" &
h

9
9NO

. It is found that 7:
7*#

 is always greater than 0, suggesting 

that the manufacturer always target the highest OS version. In other words, 𝑎' is always equal to 

𝑎R. Therefore, this analysis justifies the consideration of exogenous to be 𝑎' in the main model, 

and the key insights from the main model remain the same qualitatively. 

An Existing User Base that Increases with an App’s Target OS Version  

This section considers a new OS version that brings significant changes compared to the old 

versions. Apps targeting this new version could greatly enhance their app performance. The user 

base (𝑚() could be affected by 𝑎(, even in the short term. Hence, this assumption of an 

exogenous user base 𝑚( is relaxed by formulating the user base 𝑚( as follows. 

𝑚( = 𝑚1( + 𝛽
*!
*+

,                                                                      (B2) 

in which 𝑚1( is the initial user base of app i and 𝛽 represents how likely new users are attracted 

by the target OS version. Similar to the short-term profit term, *!
*+

 is applied to capture the relative 

version of app i vis-a-vis the average version level. Plugging Eq. (B2) into Eq. (1) and solving 

the first-order conditions yields the optimal version given 𝑎< as follows. 
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𝑎((𝑚1() = q
,P!*+3S4*+"*#
A)S3).*+"

, 𝑚1( < 𝑚r

𝑎' , 𝑚1( ≥ 𝑚r
,                                                    (B3) 

in which 𝑚r = A)S*#3).*+"*#AS4*+"*#
*+

. 

 Eq. (B3) shows that 𝑎( depends on the initial user base 𝑚1(. When 𝑚1( ≥ 𝑚r , mobile apps 

follow the manufacturer’s target OS version 𝑎'. For the apps with a smaller initial user base (i.e., 

𝑚1( < 𝑚r), since it is analytically intractable to find the sign of 7*!
7*#

, this work numerically 

examines all the propositions. The numerical results show that all the key insights in the main 

model remain the same qualitatively. 

Different Distributions of Mobile Apps’ User Base 

In this section, a different distribution of mobile apps’ user base 𝑚( is considered. Some prior 

literature suggests that top-ranked digital products capture a large share of the market (Chevalier 

& Goolsbee, 2003; Garg & Telang, 2013; Ghose & Han, 2014). If so, the density function of the 

user base might decrease with 𝑚(. At the same time, popular apps are more influential than 

unpopular apps, users’ perception of the apps’ average target OS version in the whole market 

should put more weight on the OS version of popular apps than that of unpopular apps. The 

average target OS version is formulated as 𝑎< 	= R ,T(,)U(,)
).*+	

𝑑𝑚
).*+*#

1	
+

∫ 𝑎'𝑓(𝑚)𝑔(𝑚)𝑑𝑚
0
).*+*#

 in which 𝑓(∙) is the density function of 𝑚(, 𝑔(∙) is the weighting 

function of mobile apps with a user base 𝑚(. Given that only a small proportion of apps capture 

most of the users and exert a greater influence on how users perceive the average target OS 

version of apps, it is expected that these two functions to offset each other’s effects and 

𝑓(𝑚)𝑔(𝑚) is a constant. Therefore, the findings of Propositions 1-3 should not be affected by 

the distribution of 𝑚(.  
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 However, the platform’s profit function is affected by the distribution of 𝑚(. Considering 

the platform’s profit function 𝑢 = 	R (𝑘𝑎<𝑎'𝑚 + *(,)
*+
𝑚)𝑓(𝑚)𝑑𝑚

).*+*#

1
+R (𝑘𝑎<𝑎'𝑚 +

0

).*+*#

*#
*+
𝑚)𝑓(𝑚)𝑑𝑚, Proposition 4 and 5 is numerically examined by assuming a power-law 

distribution of 𝑚( (i.e., 𝑓(𝑚) = 2
√,

). The results show that the key insights in the main model 

remain the same qualitatively. 

Mobile App Heterogeneity 

This scenario investigates how apps’ heterogeneous preferences for new OS versions affect their 

development process. While new OS versions bring the latest functionalities and security patches 

to mobile apps, one might argue that the new features are not equally important for all the apps. 

For example, one key feature of Android 8.0 is a picture-in-picture mode that users can watch 

videos while working on other tasks. This feature is more attractive for apps with media players 

than others.  

  Assume that each app 𝑖 belongs to a category and only competes with other apps in the 

same category. Apps in some categories are affected by the new OS version to a greater extent 

than those in other categories. The model capture this by differentiating the average OS version 

of apps at the platform level and the category level. Consider the profit function 𝜋( =

𝑘𝑎'𝑎<R𝑚( +
*!
*+A
𝑚( − 𝐶𝑎() in which 𝑎<R is the average OS version of apps on the entire platform 

and 𝑎<.  is the average OS version of apps in the same category with app 𝑖. If the new OS version 

adopted by the manufacturer is not attractive enough to mobile app 𝑖, updating the OS brings 

little extra benefit to its existing users. The app does not have incentives to update, i.e., 𝑎<.  

remains the same. The only change for the app’s profit is the revenue from new users. Since the 

new OS version is attractive for some other apps, the average OS version in the whole app 



 

  

  225  

market 𝑎<R increases. Hence, apps benefit from the new OS version adopted by the manufacturer 

even it is less relevant to their own functionalities. 

 For apps more interested in the new OS versions’ features than others, it is found that 

some of them follow the manufacturer’s update; 𝑎<.  increases with 𝑎'. How the apps are affected 

by the new OS version adopted by the manufacturer in the main model remains the same 

qualitatively for these apps. 
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APPENDIX O 

ESSAY 3: PROOFS OF EXTENSIONS 

Proof of 𝝏𝒘
𝝏𝒂𝑫

> 𝟎 in Section B1 

According to Eq. (B1), 7:
7*#

= 08#
O*#

M (.*#
" (A23Q)30(23Q))
(03.*#)"

. Since 𝑀 > 𝐶𝑎') , it is obvious that 𝑀 >

.*#
" (2AQ)
23Q

 as 0 < 𝛾 < 1. Therefore, 7:
7*#

> 0 no matter what 𝑛' is. 

Proof of the Solution of 𝒏𝑫∗  in Section B1 

According to Eq. (B1), 7:
78#

= −𝐶' +
08#

N9EO*#
9EMP

03.*#
" ,  7

":
78#

"=	08#
N"EO*#

9EM(A23P)P
03.*#

" . Since 𝛼 < 1, 7
":
78#

"  

is negative. Solving the first-order condition 7:
78#

= 0 gives 𝑛'∗ = g 0P*#
9EM

.#%03.*#
" &
h

9
9NO

, which is the 

solution that maximizes the manufacturer’s profit 𝑤. 

Numerical Results for Section B2 

Set 𝑘 = 0.0001, 𝐶 = 1, 𝑀 = 10000, 𝛽 = 0.001. As shown in Figure O.1, mobile apps with a 

small initial user base (i.e., 𝑚1( < 𝑚r ) decrease the target OS version when the manufacturer 

updates the OS (i.e., increases 𝑎'). Figure O.1 also compares the change of the target OS version 

of two apps with different initial user bases (𝑚1( = 50 and 𝑚1( = 150). It is found that the app 

with a larger initial user base (𝑚1( = 150) decreases its target OS version at a faster rate when 

𝑎' increases. These findings are consistent with Proposition 1. 

 This section further investigates how the mobile apps’ profit change with the 

manufacturer’s target OS version 𝑎'. According to Equation (B3), whether the app follows the 

manufacturer’s target OS depends on the cutoff  𝑚r . When 𝑎' increases, 𝑚r  increases 

accordingly. Therefore, I set a range of 𝑎' from 10 to 15 and choose four apps show the case that 

(1) when the mobile app targets an OS version lower than the manufacturer’s OS version 𝑎' 
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(𝑚1( is always smaller then 𝑚r ) (	𝑚1( 	= 3 and 20); and (2) when the mobile app follows the 

manufacturer’s OS version 𝑎' (𝑚1( is always greater then 𝑚r ) (	𝑚1( 	= 500 and 6000).37 Figure 

O.2 shows the change of profit 𝜋( of these four apps with the manufacturer’s target OS version 

𝑎' respectively. 

Figure O.1. The Change of Mobile Apps’ Target OS Version with the Manufacturer’s OS 
Version (𝒌 = 𝟎. 𝟎𝟎𝟎𝟏, 𝑪 = 𝟏, 𝑴 = 𝟏𝟎𝟎𝟎𝟎, 𝜷 = 𝟎. 𝟎𝟎𝟏) 

 

 Figure O.2 (a) and (d) show that the app’s profit increase with 𝑎' while Figure O.2 (b) 

and (c) show that the app’s profit decreases with 𝑎'. This result is consistent with the findings in 

Proposition 2 in which mobile apps with a small user base or a large user base benefit from the 

increasing  𝑎' while the profit declines for those apps with a moderate user base.  

 This section also shows how the development cost parameter C affect the apps’ profit. 

Figure O.3 illustrate two apps’ profit change with 𝑎' when C is equal to 1 and 5 respectively. It 

is found that decreasing C improves mobile apps’ profit. However, it also makes apps with small 

user base (i.e.,	𝑚1( 	= 18) less likely to benefit from the increasing OS of the manufacturer (i.e., 

the profit 𝜋( increases with 𝑎' when C = 5 while decreases with 𝑎' when C = 1 in Figure 

O.3(a)). This finding supports Proposition 3. 

 
37 𝑚'$#123 is approximately equal to 198, 𝑚'$#124 is approximately equal to 440. 𝑚3 = 10 and 𝑚3 = 20 are therefore smaller than 
any 𝑚'  when 𝑎' is between 10 and 15. 𝑚3 = 500 and 𝑚3 = 6000  is greater than any 𝑚'  when 𝑎' is between 10 and 15. 
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 Given the mobile apps’ decisions on the target OS version, the analysis for the platform’s 

strategy is replicated. Figure O.4 – O.7 illustrate the numerical results for two strategies: (1) 

increasing the manufacturer’s target OS version 𝑎'; (2) decreasing the apps’ development cost 

parameter C. From Figure O.4, it is found the platform’s profit (𝑢) increases with the 

manufacturer’s target OS version 𝑎'. While the overall welfare of mobile apps increase (𝜋*BB) 

with 𝑎' only when k is large enough (Figure O.5). 

Figure O.2. The Change of Mobile Apps’ Profit with the Manufacturer’s OS Version (𝒌 =
𝟎. 𝟎𝟎𝟎𝟏, 𝑪 = 𝟏, 𝑴 = 𝟏𝟎𝟎𝟎𝟎, 𝜷 = 𝟎. 𝟎𝟎𝟏) 

  
(a) 	𝑚#" 	= 3 (b) 	𝑚#" 	= 20 

  
(c) 	𝑚#" 	= 500 (d) 	𝑚#" 	= 6000 

Figure O.3. The Effect of Development Cost Parameter C on Mobile Apps’ Profit (𝒌 =
𝟎. 𝟎𝟎𝟎𝟏, 𝑴 = 𝟏𝟎𝟎𝟎𝟎, 𝜷 = 𝟎. 𝟎𝟎𝟏) 

 

  
(a) 	𝑚#" 	= 18 (b) 	𝑚#" 	= 8000 
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Figure O.4. The Impact of the Manufacturer’s Target OS version 𝒂𝑫 on the Platform’s 
Profit (𝒌 = 𝟎. 𝟎𝟎𝟎𝟎𝟏, 𝑪 = 𝟏, 𝑴 = 𝟏𝟎𝟎𝟎𝟎, 𝜷 = 𝟎. 𝟎𝟎𝟏) 

 

  

Figure O.5. The Impact of the Manufacturer’s Target OS version 𝒂𝑫 on the Apps’ Overall 
Welfare (𝑪 = 𝟏, 𝑴 = 𝟏𝟎𝟎𝟎𝟎, 𝜷 = 𝟎. 𝟎𝟎𝟏) 

  
(a) 𝑘 = 0.00001 (b) 𝑘 = 0.0001 

 From Figure O.6, it is found that reducing the cost parameter increases the platform’s 

profit only when k is large enough. When k is small, decreasing the app development cost 

parameter C harms the interest of the platform (Figure O.6(b)). Figure O.7 shows that the overall 

welfare of mobile apps increases when C decreases even when k is small. These findings are 

consistent with Proposition 4.  

 The comparison of platform’s profit when it adopts an open strategy versus when it 

adopts a closed strategy is illustrated in Figure O.8. It is found that 𝑢.BH<9I is greater than 𝑢FK98 

only when 𝜙 is large enough.38 These findings are consistent with the results in Proposition 5. 

 
38 𝑢5678 is equal to 𝑢 in Eq. (7). 
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Figure O.6. The Impact of Decreasing C on the Platform’s Profit (𝒂𝑫 = 𝟏𝟓, 𝑴 = 𝟏𝟎𝟎𝟎, 
𝜷 = 𝟎. 𝟎𝟎𝟏) 

  
(a) k = 0.0001 (b) k = 0.002 

Figure O.7. The Impact of Decreasing C on the Overall Welfare (𝒂𝑫 = 𝟏𝟓, 𝑴 = 𝟏𝟎𝟎𝟎, 𝜷 =
𝟎. 𝟎𝟎𝟏, 𝒌 = 𝟎. 𝟎𝟎𝟎𝟏) 

 
Figure O.8. The Platform’s Strategy of Open or Closed (𝒂𝑫 = 𝟏𝟓, 𝒌 = 𝟎. 𝟎𝟎𝟎𝟏, 𝑪 = 𝟏, 𝑴 =

𝟏𝟎𝟎𝟎𝟎, 𝜷 = 𝟎. 𝟎𝟎𝟏) 

  
Numerical Results for Section B3 

Figure O.9 and O.10 illustrate the numerical results for the platform’s two strategies: (1) 

increasing the manufacturer’s target OS version 𝑎'; (2) decreasing the apps’ development cost 
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parameter C. Figure O.9 shows that the platform’s profit (𝑢) increases with the manufacturer’s 

target OS version 𝑎'. Figure O.10 shows that the impact of 𝑎' on the overall welfare of mobile 

apps depends on the parameter k. When k is large enough, the overall welfare of mobile apps 

increases with 𝑎'. 

 Figure O.11 shows that reducing the cost parameter increases the platform’s profit only 

when k is large enough. When k is small, decreasing the app development cost parameter C 

harms the interest of the platform. Figure O.12 shows that the parameter C improves the overall 

welfare of mobile apps even when k is small. These findings are consistent with the results in 

Proposition 4.  

Figure O.9. The Impact of Increasing the Manufacturer’s Target OS version 𝒂𝑫 on the 
Platform’s Profit (𝒌 = 𝟎. 𝟎𝟎𝟎𝟏, 𝑪 = 𝟏, 𝑴 = 𝟏𝟎𝟎𝟎𝟎) 

 
Figure O.10. The Impact of Increasing the Manufacturer’s Target OS version 𝒂𝑫 on the 

Overall Welfare of Mobile Apps 

  
(a) 𝑘 = 0.0001 (b) 𝑘 = 0.0005 
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Figure O.11. The Impact of Decreasing C on the Platform’s Profit  (𝒂𝑫 = 𝟐𝟎,	𝑴 = 𝟗𝟎𝟎𝟎) 

  
(a) 𝑘	 = 	0.0001 (b) 𝑘	 = 	0.001 

 

Figure O.12. The Impact of Decreasing C on the Overall Welfare (𝒂𝑫 = 𝟏𝟓, 𝑴 = 𝟏𝟎𝟎𝟎, 
𝜷 = 𝟎. 𝟎𝟎𝟏, 𝒌 = 𝟎. 𝟎𝟎𝟎𝟏) 

 

 The comparison of platform’s profit when it adopts an open strategy, and a closed 

strategy is illustrated in Figure O.13. It is found that 𝑢.BH<9I is greater than 𝑢FK98 only when 𝜙 is 

large enough. These findings are consistent with the results in Proposition 5. 

Figure O.13. Platform’s Strategies of Open or Closed (𝒂𝑫 = 𝟏𝟓, 𝒌 = 𝟎. 𝟎𝟎𝟎𝟏, 𝑪 = 𝟏, 𝑴 =
𝟏𝟎𝟎𝟎𝟎) 
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Proof for Section B4 

For apps that are interested in new OS versions, 𝜋( = 𝑘𝑎'𝑎<R𝑚( +
*!
*+A
𝑚( − 𝐶𝑎(). The difference 

between this profit function and that in the main model is that 𝑎<R is not equal to 𝑎<. . Instead,  

𝑎<R = 𝑝𝑎<. + (1 − 𝑝)	𝑎<[.  in which 𝑝 is the proportion of apps interested in new OS versions 

(0 < 𝑝 < 1), 𝑎<[.  is the average target OS version of apps that are not interested in new OS 

versions. If keep the distribution of apps’ user base the same as in the main model, similar to 

Lemma 1 and Lemma 2, 𝑎<. =
0*#

03.*#
" . Also, the equilibrium target OS version of each app 𝑖 that 

are interested in new OS versions is 

𝑎((𝑚() = I
𝑚((𝑀 + 𝐶𝑎'))

2𝐶𝑀𝑎'
, 𝑚( < 𝑚S

𝑎' , 𝑚( ≥ 𝑚S		
 

where 𝑚S = ).0*#
"

03.*#
" . The findings in Proposition 1 therefore remain the same. 

 When 𝑎' increases, the change of 𝜋( is examined. Since 𝑎( and 𝑎<.  are the same as those 

in the main model, the only difference is 𝑘𝑎'𝑎<R𝑚(. Solving 7>!
7*#

 yields the same findings in 

Proposition 2 with different threshold values of 𝜆2 and 𝜆).  

𝜆2 =
).40"*#

; ().0(A23K)*#
"*+RA3."(A23K)*#

:*+RAA0"()K*#3*+RAAK*+RA))
A0:A).0;*#

"3).;0*#
>3.:*#

? , 

𝜆) =
).0;*#3/."0"*#

;3).;0*#
I

)\;*#
I3]^;()K_S3*+RAAK*+RA)3)\^"_S(2A](A23K)_S*+RA)3\"^_S

; (/A](A23K)*#*+RA)
. 

 The following can be obtained 

 7?9
7.

= )40"*#
; ()0"K*#%0"A).0*#

"3@."*#
: &3(2AK)*+RA(0:3).0;*#

"3)."0"*#
:3).;0*#

>3.:*#
? ))

(0A.*#
" )"(03.*#

" ):
. 

 Since 𝑀) − 2𝐶𝑀𝑎') + 3𝐶)𝑎'/ > 0 has been proved (See Proof of Proposition 3), 7?9
7.

> 0 

can be obtained. The findings in Proposition 3 remain. 


