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Abstract: Data policies in platform environments drive choices made by firms and consumers. The 

distinctive feature of platform businesses is how the combination of network effects with data 

analytics drives choices made by platforms themselves, as well as by their complementors and 

consumers. We explore how data policies drive technological, organizational and economic decisions 

made by platforms, complementors and consumers. We conclude by observing a need for education 

on digital and data interactions. Similar to financial decision-making research, scholars and policy 

makers should seek to understand motives and biases that influence consumers’ digital and privacy 

decisions in platform environments, and design suitable education for digital citizens 

1. Introduction 

Digital platform businesses (e.g., Alibaba, Google, Facebook, Lyft, Lending Club, 

SimplyInsured, Kickstarter, Tencent QQ, Ola, WeChat, BlaBlaCar) have shaken up 

traditional industries worldwide, created new markets and inspired non-platform firms to 

embrace platform thinking (Parker et al. 2006; Hagiu and Wright 2015; Cusumano et al. 

2016). Firms like Intuit and Atlassian, traditional software companies, have transformed their 

historical business models to produce value from app marketplaces with third-party 

developer contributions and matchmaking services, by using platform technologies such as 

microservices and Application Programming Interfaces (APIs) to execute and govern 

transactions with a wide spectrum of external business partners (Boudreau 2012).   

The common characteristics shared by platform-native firms and traditional firms 

adopting platform strategies in all or part of their businesses is that both types rely on 

network effects (Katz and Shapiro, 1985; Parker and Van Alstyne, 2005) and data analytics 

(Van Dijck et al. 2018), they build ecosystems where data is collected, mined and shared, 

either raw or processed (e.g., insights). While platforms (and non-platform firms) have 
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shown that they can delight users with deep and surprising insights obtained through 

machine intelligence on data from multiple sources, there have also been prominent scandals 

and data breaches that indicate serious problems with how firms manage the data  they 

collect. 

In this rise of a data-centric economy, it behooves platform firms to define explicit 

data policies that determine who owns the data and how it is used and shared.  A loose data 

policy that allows unfettered usage and promiscuous sharing permits the platform to 

monetize and grow its user base in the short term (especially by improving marketing 

activities), but increases the platform’s risks and liabilities from data abuse in the long-run 

(e.g., breaches and other malicious actions targeting such data). Conversely, the platform’s 

complementors face a difficult choice wherein they have to balance the benefits of engaging 

with a platform (e.g., customer access) with its associated risks (e.g., exploitation by the 

platform, which may diminish their bargaining power). Similarly, customers are confronted 

with a Cornellian choice, i.e., to not participate in the platform and essentially be exiled from 

the digital world, or to engage at the expense of leaving indelible digital footprints that may 

be exploited by the platform and shared with third parties.   

Solution frameworks and best practices for data privacy in business have evolved as 

firms, consumers and policymakers have grappled with these issues in industries such as 

travel, banking, retail and healthcare.  In the US, the Federal Trade Commission (FTC) has 

embraced a privacy by design framework that proclaims the benefits of building data privacy 

from the outset into the firm’s information technology, business practices, and 

organizational design (Cavoukian and Jonas 2012). The European Union’s Global Data 

Privacy Regulations (GDPR) encode key fair information practices that commit firms to 

collecting, processing and sharing data in a manner transparent, pre-specified, and limited to 
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the agreed-upon purpose, and to maintaining the accuracy, integrity and security of 

consumer data (ITGP Privacy Team 2017). For platforms, however, these principles are 

incomplete given how deeply platforms rely on data mining and sharing. 

Consider for instance someone reading news online. The reader’s personal data 

would be recorded by the visited news sites (e.g., nytimes.com, CNN.com, foxnews.com) 

and by a litany of online trackers due to platform technologies used to monetize the website 

through APIs and an open ecosystem of partners.  Furthermore, given the open architecture 

through which rights to deploy these trackers are granted, neither the site nor its users would 

be fully aware of the tracking organizations’ identities, which could comprise shadowy 

operators, criminals, hackers, or spies; nor would the site have control over how these third-

parties employ and further trade in the data.  

These data promiscuity challenges are not limited to media and information 

platforms. For example, matchmaking and transaction management by platforms such as 

freelance.com and Lyft.com require personal data including identity, preferences, location, 

credit card or other payment information, to be shared with the platform and its 

complementors in various forms (e.g., raw data, processed data, aggregate data). Similarly, 

ServiceTitan which provides data support for home services businesses such as plumbing 

and pest control firms must collect highly detailed data about home residents (e.g., when 

they are home, what appliances are on, etc.) and share it with service providers. Crucially, it 

cannot ex ante identify which service providers it will share residents’ data with and how they 

might employ such data. 

As a result, it is of paramount importance to understand how data policy and choices 

shape a platform firm’s value creation and impacts decisions by market participants. 

Consistent with the privacy by design framework, this paper discusses three aspects of platform 



 5 

choice: technological, organizational, and business. Section 2 provides technology 

background and emerging data policy challenges for platforms. Section 3 discusses fruitful 

research areas relating to organizational choices, while Section 4 does the same for business 

and economic choices. We conclude by discussing the need for improving consumers’ digital 

literacy in a platform-enabled world. 

 

 

2. Technological Background and Choices 

Platforms assume an important role as responsible stewards of the data they collect, 

manage, analyze, use and potentially share. Responsible stewardship reflects that individuals own 

their data and associated derivatives, so firms must operate respecting that ownership 

(Berman, 2008). Firms operating in a platform mode must make it a high priority to consider 

security and compliance for their own data and also data with which they have been 

entrusted by platform participants (Chen et al. 2012). Platforms make technological choices 

that affect business activities, and might also affect data collection, processing, storage 

and sharing.  These choices must recognize different forms of digital data that platforms deal 

with along two dimensions:  (1) data intent, and (2) data origin.  

Data intent describes what information the data contain, i.e., (1.a) individual 

information, e.g., Personal Identifiable Information (PII, any information related to a 

person’s identity) or data summarizing aggregate quantities, (1.b) user intents, e.g., a search 

request, or (1.c) the context of the interaction, e.g., the previous performance of an ad. Data 

origin can be differentiated into three sub-categories, i.e., (2.a) proprietary data, (2.b) pooled 

data, usually aggregations of raw data collected by the platform during matching or other 
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activities or mixed with data from other sources, and (2.c) derived data, representing 

information derived through analysis of other data. We summarize these dimensions in 

Table 1 below. 

  
On-platform Pooled Derived 

Users Name / Gender 
from Profile 

Feature-rich information from 
other parts of Google 

Salary range from IP address 
/ Phone. 

Intent of users Search query 
request 

Previous pixel activity People who search for X, 
also need Y. 

Context of 
interaction 

Property of the 
different ads 

Previous performance of the ad Why would the search 
happen here / now? 

 
Table 1:  Data Typology 

Technological choices made by platforms create trade-offs and potential 

compromises. For instance, platforms must choose, for each type of data, whether or not to 

encrypt it for storage, and similarly whether or not to secure data during transmission. With 

encrypted data, only agents holding a valid key can access the underlying content. In 

contrast, unencrypted data is readable by anyone looking at it. Naturally, encryption adds to 

the security level, enabling the firm to better discharge its responsibility of data stewardship. 

So, then, why not encrypt everything and obtain the maximum level of security? This trade-

off involves costs related to deriving business value from data   (see e.g., Ding et al. 2017). 

First, encryption makes the data less visible, which restricts internal systems and products 

from employing it in useful ways. For example, a product customization group could 

produce better results if it knew a user’s zip code, through which it could improve its 

estimate of the user’s education or income. Second, encrypted data is less amenable to 

machine learning and other forms of continuous data mining. Fully homomorphic 
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encryption, which aims to learn from encrypted data (i.e., data is encrypted at the client, then 

used for computation, and decrypted by the client), is extremely slow compared to regular 

plain text machine learning.  

Similar trade-offs exist with other alternatives for protecting data privacy, such as on-

device computation and federated machine learning (wherein data primarily stays on the 

user’s device) and differential privacy (wherein “noise” is intentionally introduced into data 

elements). In general, technological choices made by platforms influence how widely and 

easily data is available for decision-making, customization, targeting, or for improving 

transactions, and conversely have an impact on the security level and safety the platform 

provides to its users’ data. As is often the case, legacy technologies are part of the reality: for 

instance, many big companies have collected massive amounts of consumer data through 

gradual transitions of their early-stage scrappy technologies that were little modified as 

companies grew at breakneck speed.   As platforms become more adept at extracting value 

from data, under what conditions should they increase vs. restrict their appetite for more 

data and the insights derived from it?  

3. Organizational and Environmental Choices 

In addition to technological considerations, the FTC also acknowledges the 

importance of organizational issues in its privacy by design framework. Organizational concerns 

related to the challenges of data management on platforms include adopting and 

implementing appropriate organizational structures, revising job designs and employee 

selection processes, aligning performance management systems to new goals and objectives, 

managing organizational change and considering the impact of future of work 

considerations. Organizational designs appropriate for a hierarchical command and control 
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structure may be inappropriate for a more outwardly focused community-engaging data-

centric platform and ecosystem approach (Benkler, 2006; Lakhani et al., 2013; Altman and 

Tushman, 2017). Issues related to job design and selection criteria need to be updated as new 

data considerations emerge for digital native platforms, as well as for traditional firms 

embracing platform approaches. From a research standpoint, there has been scant work 

considering organizational impacts of platform transitions and even less research exploring 

organizational topics related to the increasing reliance on data within platform firms. 

Specifically,   

 What should the human capital strategy be for organizations adopting a data-

centric platform strategy and how might it differ from that for a more 

traditional hierarchical firm?  

 How should organizations identify behaviors, capabilities and resources that 

are particularly effective in a platform-centric data-driven environment? And, 

what should those behaviors, capabilities, and resources be to optimize 

performance? 

 What are the organizational identity issues associated with a transition to a 

data-centric organization where the organization’s roles and boundaries 

evolve beyond those of traditional hierarchical firms (Altman and Tripsas, 

2015)?   

Furthermore, while organizational choices are focused on internal considerations, 

data-related decisions also affect the organization’s interactions with its environment. As 

firms transition to platform models by opening interfaces (e.g., providing APIs) or allowing 

third parties to run apps on their systems, what policies and actions can platforms adopt to 

minimize data-related moral hazard behaviors from complementors? How should platforms 

ensure that ecosystem partners’ practices on data removal match their own practices and 

legal requirements (e.g., Facebook stores PII data for 90 days)?  Finally, as some platforms 

achieve dominance within their ecosystems, how should the goals of competitive policy--e.g., 
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data portability for platforms beyond a certain size (e.g., users can take out their data, and 

that the platform must provide complementors APIs to access all data)--be balanced against 

the needs of data protection? 

4. Business and economic choices 

4.1 Consumer Choices and Monetization 

Like Goldilocks, consumers in the modern platform marketplace generally face three 

types of choices: a) accept firms’ collection and sharing of their personal information in 

exchange for subsidized product access, b) accept advertising in exchange for subsidized 

product access, or c) pay heavier fees and avoid one or both. Of course, because platform 

firms’ monetization schemes are unique, consumers may not always face such a tripartite 

choice for platform participation in all contexts. While some firms offer consumers such a 

choice (e.g., Hulu’s ad-light premium subscription, or AT&T’s optional $30 monthly 

discount for internet activity tracking), several do not (e.g., Equifax personal financial 

reporting services).  

Clearly, the topics of heightened consumer choice, consent and control have all 

received overwhelming public favor - as indexed by the passage of the GDPR in the 

European Union, or the Data Privacy Legislation in California. However, rational solutions 

aimed at furthering such an objective may not be as simple as building a self-selection 

strategy (e.g., offering consumers a menu choice between data-light and data-heavy price 

tiers). Athey et al. (2017) document findings suggesting that when faced with real-world 

choices, few consumers are willing to pay a fee for safeguarding their privacy. Similarly, 

Johnson et al. (2019) find that advertising impressions on websites arising from users who 
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opt out of behavioral tracking accounted for a mere 0.23%. Furthermore, regulation aimed 

at curtailing consumer data usage for firm targeting has been shown to reduce advertisers’ 

value non-trivially (Goldberg et al., 2019). Thus, the cross-market network linkage central to 

ad-supported platforms may imply that consumers would inevitably have to be willing to 

bear an increased financial burden for greater personal privacy. These results highlight that 

consumer economic valuation of privacy is indeed complex, but increasingly relevant. 

The prospect of leveraging granular customer data offers platforms the promise of 

furthering various objectives ranging from cross-selling to personalized messaging and 

content customization. In fact, providers of multi-format products (e.g., legacy and digital, as 

in cable TV and news) are increasingly adopting monetization schemes allowing them to 

observe a wider cross-channel view of their customer base. As an example, most North 

American newspapers now provide free unlimited web access (including to premium paid 

content) to print subscribers choosing to link print accounts with digital logins. While such a 

digital bundling strategy permits curation of a multi-channel view of the news publisher’s 

customer base, aiding its ability to tailor promotions to existing/prospective subscribers, it 

can also stand to benefit subscriber retention, by enhancing print subscription value (Overby 

et al., 2019). 

On the other hand, when coupled with modern analytics, the vast trove of consumer 

data exposes a potentially dark side of platforms. Machine learning-based methods are 

popular primarily because they afford platforms the ability to make real-time decisions at 

scale. In sharp contrast, they are constrained by the quality and nature of training data 

available to them. Related work has examined the relative efficacy of algorithms when 

compared to human decision agents in data-rich and data-light settings (Claussen et al., 

2019). Thus, how should platforms ensure that their algorithms, and those of their partners, 
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are trained over representative data and thereby avoid biases (Hosanagar 2019)?  Further, the 

upside of employing automated personalized product recommendations aimed at 

maximizing conversions is often accompanied by concerns pertaining to algorithmic 

fairness/bias, especially if the inherent training data can contain such bias. An emerging 

research stream has begun to examine this topic (e.g., Cowgill and Tucker 2019; Lambrecht 

and Tucker 2019; Kleinberg et al., 2017; Lakkaraju et al., 2017), which raises the issue of 

identifying risks and liabilities that could arise due to automated decisions empowered by 

machine learning and AI techniques, and most importantly how to manage them.  

Just as non-platform firms do, platform firms also struggle to balance short-term 

revenue objectives (e.g., expanding ad space, employing native ads and/or clickbait) against 

those that may seemingly contradict their longer-term priorities (e.g., subscriber retention, 

market expansion, cash flow stability). However, the interlinkage of multiple demand 

systems in platform contexts implies that changes to firm revenue prioritization focus can be 

both reinforcing (Gabszewicz et al., 2007) and slow to correct (Anderson and Gabszewicz, 

2006). Ignoring such dynamics unique to platforms can have sizable deleterious welfare 

consequences (Evans, 2019).  

Under the premise that (prospective) platform participants face a seemingly 

rhetorical choice when it comes to sharing their data with platforms or remain isolated (by 

abstaining from platforms), the logical next step is to first, assess whether platforms can be 

trusted with personal consumer data and second, strategize the best response to situations 

that involve a breach of this trust. Turjeman and Feinberg (2019) analyze behaviors of 

participants on a matchmaking website that experienced a data breach and document that 

while consumers do employ reactive remedial action (e.g., reduce their activity on the 
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platform, scrub personally identifiable information from the site, etc.), there appears to be a 

sizable heterogeneity in consumer responsiveness. This begs the following questions:  

 Have platform business models sufficiently matured for their data policies to 

be guided by time-tested bedrock standards such as consumer welfare 

preservation, as in the case of antitrust enforcement?   

 What specific benefits does affording platforms the final rights to data 

collection, storage, protection and disposal provide? 

 Is society better off by allowing consumers to selectively license (either 

temporarily lease or permanently sell) their data to platforms?  

4.2 Data Policy and Competition  

Platforms embody two types of competition, that between a platform and its 

complementors (because they compete in value creation and its rewards) and the traditional 

competition between rival platforms. Bonneau and Preibusch (2010) show that the more 

powerful a platform is, the more personal information it demands from consumers. 

Intuitively, competition between rival platforms should lead them towards adopting more 

consumer-friendly data policies (Ohlhausen and Okuliar 2015), although there isn’t evidence 

of this in practice (Marotta-Wurgler 2016). Apple’s recent publicity on data privacy as a 

fundamental right of smartphone users might suggest that platform competition has the 

intended and desirable effect. However, this example is also clouded by specific actions 

where Apple has placed monetization above privacy concerns. The impact of competition 

on the level of consumer-friendliness of data policies is therefore still an open question. The 

other type of competition, between a platform and its complementors, poses even thornier 

questions which we discuss in the next two paragraphs.  

On the one hand, platforms' observation of data and activity on both sides of the 

marketplace enables a positive role, say through demand signaling. For instance, Atlassian, a 
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software company that also operates a marketplace for third-party developers to create apps 

that complement Atlassian’s core products, observed high demand for project management 

apps.  Atlassian shared this  market-level data with the external developer community 

through emails and developer events, quickly leading to greater focus in the Gantt Chart app 

space, hence providing added value to core Atlassian customers. Similarly, Uber encourages 

drivers to prioritize requests from locations with high mismatches in supply and demand by 

charging higher prices (i.e. Surge Pricing) in these areas and advertising these prices to 

drivers via a Heat Map.  While data sharing can help the platform coordinate its 

complementors’ actions (e.g. Karacaoglu et al., 2019), platforms should recognize that full 

disclosure may not be optimal. Platforms have a strategic choice to make on the level of data 

sharing with complementors, both on how much information to share or censor (Romanyuk 

and Smolin, 2019) and whether to share data only with a subset of complementors (Liu et al., 

2019). This indicates a need for further research examining the consumer welfare 

implications of various data sharing options with complementors by the platform. 

 On the other hand, platforms and complementors often engage in a tug of war for the 

data, especially because platforms can potentially leverage system-wide data into becoming 

superior competitors against their complementors (Wen and Zhu 2019). This occurs, for 

instance, with Amazon Basics as Amazon selectively enters the turf of suppliers by 

leveraging its data visibility gained through Amazon Marketplace into identification of 

fruitful opportunities for selling first-party products. Similarly, for platforms such as 

ServiceTitan that are launched to serve a data-enabling role, there is the potential for data to 

endow them with a significant advantage that they could exert against home services firms 

that are presently their “partners.” Another example of this occurs in the use of “general 

login” whereby specialized sites rely on large general platforms for user acquisition and 



 14 

authentication, but thereby also surrender vital data and expose themselves to future 

competition from the platform (Kramer et al, 2019). How should platform complementors 

(or platforms) incorporate such potential long-term threats (or advantages, depending on the 

player in consideration) and the resulting competitive dynamics into their data policies?  

Data policy tensions may also arise within multiple units of a platform company, or 

between the platform and product aspects of the firm. Consider Google’s Nest products for 

in-home energy management and other services. Nest, as a standalone firm and product that 

relied on observation of deep personal data and habits, initially defined a data 

policy  extremely respectful of consumer sensitivities on data sharing and analysis. These 

policies were maintained during Nest’s early years within Google where it functioned 

essentially as a standalone firm. Today, as Google sees greater integration and service quality 

from its variety of hardware-software devices that can monitor users’ activities inside and 

outside the home, Nest faces a strong corporate push for cross-integration (i.e., forced data 

“leakage”) creating a conflict with the preferences of Nest product managers and their user 

base. How should platforms, and potential platforms, define data policies that survive 

potential changes in organizational and strategic intent?   

5. Conclusion 

Data collection, usage and sharing by platform companies have become the focus of 

lawmakers, regulation bodies and societies at large, as illustrated by daily reporting of “big 

tech” investigations recently launched in the US and the EU. Sharing personal data with 

known platforms, and through them with unknown third-party entities, is an inescapable 

reality of living in today's digital society. Not doing so would make one a digital hermit. The 

constructive imperative then is to do so in a manner that balances individuals' benefits and 
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risks of sharing data, in a policy environment that constrains firms or creates incentives for 

them to act in the interest of consumers. In the US, the Federal Trade Commission's charge 

is "to protect and educate consumers" in their interactions with businesses. In the case of 

data, while the FTC has taken actions to "protect" consumers, it appears that there has been 

insufficient focus to "educate" consumers so that they make sensible choices around their 

data and digital actions, relative to other areas such as financial literacy.  

This lack of consumer education on digital literacy raises several questions. Why 

don’t we observe a stronger push for more digital literacy education for consumers who use 

platforms in their daily activities (e.g., children and adolescents)? Is it because potential 

harms of ill-guided behaviors online haven’t fully materialized yet? Or is it due to lack of 

empirical evidence that platforms’ promiscuous data management policies adversely impact 

consumers?  

Taking cues from the financial decision-making literature for instance, what are the 

motives and biases governing consumers’ data sharing behaviors on digital platforms? For 

example, how does hyperbolic discounting affect consumers’ behaviors online?  Which 

digital education interventions would lead consumers to make better data sharing decisions 

for themselves? Moreover, contrary to financial decision-making, one’s platform 

participation/data sharing decisions not only affect oneself, but also others.  

As modern societies become increasingly digitally dependent (via convenience-

focused apps providing services based on individual data, some of which involve sensitive 

information  such as electronic medical records) there is a risk of partitioning society 

between the “knows”, i.e., those who can share data in a way that is consistent with their 

own interests and tradeoffs and the “know-nots”, i.e., those who cannot do so, and either 

refuse to participate because of data threats or join but are unable to secure suitable 
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protections or compensation for giving up their personal data. This underscores the 

heightened influence that consumer heterogeneity with respect to digital literacy has in 

shaping the evolution of consumer platform engagement. 

 

References 
 

Altman, E. J., M., Tripsas. (2015). “Product to Platform Transitions: Implications of 
Organizational Identity”. In C. Shalley, M. Hitt, & J. Zhou (Eds.), Oxford Handbook of 
Creativity, Innovation, and Entrepreneurship: Multilevel Linkages. Oxford, UK: Oxford University 
Press. 
 

Altman, E. J., M.L., Tushman. (2017). “Platforms, Open/User Innovation, and 
Ecosystems: A Strategic Leadership Perspective”. In J. L. Furman, A. Gawer, B. S. 
Silverman, & S. Stern (Eds.), Advances in Strategic Management: Entrepreneurship, Innovation, and 
Platforms (Vol. 37, pp. 177-207). UK: Emerald Group Publishing, Ltd. 
 

Anderson, S. P., J.  J., Gabszewicz. (2006). “The Media and Advertising: A Tale of 
Two-Sided Markets”. Handbook of the Economics of Art and Culture, Volume 1. Elsevier, 567–
614. 

 
Athey, S., C., Catalini, C. E., Tucker. (2017). “The Digital Privacy Paradox: Small 

Money, Small Costs, Small Talk”. Available at SSRN: 
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=2916489. 
 

Benkler, Y. (2006). The wealth of networks: how social production transforms markets and 
freedom. New Haven: Yale University Press. 

 
Berman, F. (2008). “Got Data?: A Guide to Data Preservation in the Information 

Age.” Communications of the ACM, 51(12): 50–56. 
 
Boudreau, K. J. (2012). “Let a Thousand Flowers Bloom? An Early Look at Large 

Numbers of Software App Developers and Patterns of Innovation”. Organization Science, 
23(5):1409-1427. 
 

Cavoukian, A., J., Jonas. (2012). “Privacy by Design in the Age of Big Data. 
Information and Privacy Commissioner of Ontario, Canada. 
 

Bonneau, J., S. Preibusch  (2010). "The Privacy Jungle: On the Market for Data 
Protection in Social Networks", in Economics of Information Security and Privacy, Moore, Pym and 
Ioannidis Editors, Springer. 
 



 17 

Chen, Y., K. Ramamurthy, K.W., Wen (2012). "Organizations' Information Security 
Policy Compliance: Stick or Carrot Approach?" Journal of Management Information Systems 29(3): 
157-188. 
 

Claussen, J., C., Peukert, A., Sen. (2019). “The Editor vs. the Algorithm: Targeting, 
Data and Externalities in Online News”. Available at SSRN: 
https://ssrn.com/abstract=3399947. 
 

Cowgill, B., C. E., Tucker. (2019). “Economics, Fairness and Algorithmic Bias”. 
Available at SSRN: https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3361280. 
 

Cusumano, M.A., A., Gawer, D.B., Yoffe. (2019). The Business of Platforms: Strategy in 
the Age of Digital Competition, Innovation and Power. Harper Business. 

 
Ding, H., Q., Zhao, R., Wu. (2017). “The Trade-off between Security and 

Performance of Encrypted Networked Control Systems.” In IECON 2017 - 43rd Annual 
Conference of the IEEE Industrial Electronics Society, 5616–19. 
 

Evans, D. S. (2019). “Attention Platforms, the Value of Content, and Public Policy.” 
Review of Industrial Organization, 54(4):775–792.  
 

Gabszewicz, J. J., P G Garella, N. Sonnac. (2007). “Newspapers’ Market Shares and 
the theory of the Circulation Spiral”. Information Economics and Policy, (19):405–413. 
 

Goldberg, S., G. Johnson, S. Shriver. (2019). “Regulating Privacy Online: The Early 
Impact of the GDPR on European Web Traffic and E-Commerce Outcomes”. Available at 
SSRN: https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3421731. 

 
Hagiu, A., J., Wright. (2015). Multi-sided platforms. International Journal of Industrial 

Organization, 43:162-174. 
 

Hosanagar, K.  (2019). How Algorithms Are Shaping our Lives and How We Can Stay in 
Control: A Human’s Guide to Machine Intelligence. New York: Penguin Wiking. 
 

IT Governance Privacy Team. (2017). EU General Data Protection Regulation (GDPR): 
Implementation and Compliance Guide.  IT Governance Publishing. 
 

Johnson, G. A., S. Shriver, S. Du. (2019). “Consumer Privacy Choice in Online 
Advertising: Who Opts Out and at What Cost to Industry?”. Available at 
SSRN:  https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3020503. 

  
Katz, M. L., C., Shapiro. (1985). “Network Externalities, Competition, and 

Compatibility”. The American Economic Review, 75(3), 424-440. 
 

Karacaoglu, N., A. Moreno, C. Ozkan. (2018).  "Strategically Giving Service: The 
Effect of Real-Time Information on Service Efficiency." Available at SSRN: 
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3260035. 



 18 

Kleinberg, J., H. Lakkaraju, J. Leskovec, J. Ludwig, S. Mullainathan. (2017). “Human 
Decisions and Machine Predictions”. The Quarterly Journal of Economics, 133(1):237:293. 
 

Lakhani, K., H., Lifshitz-Assaf, M.L., Tushman. (2013). “Open innovation and 
organizational boundaries: task decomposition, knowledge distribution, and the locus of 
innovation”. In A. Grandori (Ed.), Handbook of Economic Organization:  Integrating Economic and 
Organization Theory. Cheltenham, UK: Edward Elgar. 
 

Lakkaraju, H., J. Kleinberg, J. Leskovec, J. Ludwig, S. Mullainathan. (2017). “The 
Selective Labels Problem: Evaluating Algorithmic Predictions in the Presence of 
Unobservables”. Proceedings of the 23rd ACM SIGKDD International Conference on Knowledge 
Discovery and Data Mining- KDD ’17. ACM Press, Halifax, NS, Canada, 275–284.  
 

Lambrecht, A., C.E., Tucker. (2019). “Algorithmic Bias? An Empirical Study of 
Apparent Gender-Based Discrimination in the Display of STEM Career Ads”. Management 
Science, 65(7): 2966–2981.  

 
Liu, Z., D., Zhang, F., Zhang. (2019) "Information Sharing on Retail Platforms." 

Available at https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3258109. 

Marotta-Wurgler, F.  (2016). “Self-Regulation and Competition in Privacy Policies”. 
Journal of Legal Studies, 45(S2):S13-S39. 
 

Ohlhausen, M.K., A.P., Okuliar. (2015). “Competition, Consumer Protection, and 
the Right [Approach] to Privacy”. Antritrust Law Journal, 80(1):121-156. 
 

Overby, E., A. Pattabhiramaiah, L. Xu. (2019). “Spillovers from Online Engagement: 
The Effects of Digital Paywall Activation on Subscriber Revenue and Retention”. Working 
paper. 

 
Parker, G., M.W., Van Alstyne. (2005). “Two-Sided Network Effects: A Theory of 

Information Product Design”. Management Science, 51(10):1449-1592. 
 
Parker, G., M.W., Van Alstyne, S.P., Choudary. (2006). Platform Revolution: How 

Networked Markets Are Transforming the Economy-and How to Make Them Work for You. W.W. 
Norton & Company 
 

Romanyuk, G.,  A., Smolin. (2019). "Cream skimming and information design in 
matching markets." American Economic Journal: Microeconomics, 11(2): 250-76. 

Turjeman, D., F. M. Feinberg. (2019). “When the Data Are Out: Measuring 
Behavioral Changes Following a Data Breach”. Available at SSRN: 
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3427254. 
 

Van Dijck, J., T. Poell and M. De Waal. (2018). The platform society: Public values in a 
connective world. Oxford University Press. 

 



 19 

Wen, W., F., Zhu. (2019). “Threat of platform-owner entry and complementor 
responses: Evidence from the mobile app market”. Strategic Management Journal, 40(9): 
1336-1367.  

 
 

 


