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Abstract

Governments around the world currently focus on shaping the digital economy. Particular attention

is paid to Internet platforms, Internet infrastructure and data as essential components of the digital

economy. The three studies in this thesis contribute to the understanding of the behavior of firms in

each of these domains and derive insights for future regulations and business projects.

The first study deals with the ranking of content on Internet platforms and how it affects the incentives

of content providers to invest in content quality. The focus of the study is on sponsored ranking and

organic ranking, but the case that a vertically integrated content provider is favored by an Internet

platform is also taken into account. Using a game theoretic model, it is shown that there is no ranking

design that strictly leads to more investment compared to the other designs. It is also shown that

the Internet platform usually chooses the type of ranking that, from the perspective of the Internet

platform and consumers, yields the best expected overall content quality. The second study deals

with the incentive of Internet service providers to throttle specific Internet content. The key finding is

that Internet service providers use this instrument to utilize the capacity of their telecommunications

network more efficiently. This leads not only to more benefits for Internet users, but also to a higher

incentive to invest in network capacity due to better monetization. The third study examines the

circumstances under which firms are willing to share data with other firms. By means of an economic

laboratory experiment, it is shown that more data is shared if the firms have control over who ex-

actly they share data with. Thus, for example, data pools that grant unrestricted data access to all

participating firms can be expected to perform worse than data pools that give their participating

firms control over with whom their uploaded data is shared. In addition, the third study finds that

established relationships are characterized by more data sharing and less volatility in the amount of

shared data than new relationships. The study concludes that data sharing projects should not be

expected to work optimally right away.

In summary, the studies in this thesis identify a number of costs that may arise when digital firms’

choice is restricted by regulation or design. The ability of Internet service providers to throttle certain

content and the ability of Internet platforms to choose the ranking design are usually used in the best

interests of consumers. Data sharing also works best when firms are free to decide who gets their data.
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Introduction

Shaping the digital economy is currently one of the most important issues for governments and firms

around the world. This becomes evident when considering digital policy strategies such as Australia’s

Tech Future (Australian Government 2019), Canada’s Digital Charter (Government of Canada 2019)

or the European Data Strategy of the European Commission (European Commission 2020b), which

have all been introduced in recent years. Key elements of such strategies typically include measures

to limit the abuse of market power by large Internet platforms, measures to improve the provision of

broadband capacity in telecommunications networks, and measures to promote new technologies and

services through better access to data. Each of the three studies in this thesis is closely connected

to one of these topics. All studies contribute to a better understanding of the behavior of firms in a

digital economy and provide insights that should be taken into account by regulators and firms.

The first study (Krämer and Zierke 2020) of this thesis investigates the impact of Internet platforms’

ranking systems on content providers’ incentives to invest in content quality. It contributes to the

broad and intensive debate on a sensible design and regulation of powerful Internet platforms. Not

only since the start of the Covid-19 pandemic Internet platforms have become an essential facility for

large parts of the entire economy. Google search, for example, which is the dominant search engine

in most countries around the world, controls the access of website owners to the majority of Internet

users. Specifically, website owners can usually only get high traffic rates if they have a good listing on

Google. A similar situation is present at Apple’s App Store or Google’s Play Store as it is very difficult

for app developers to reach iOS or Google Android users without being listed in the corresponding App

Store. Further, even if circumventing the platform seems to be easy as in the case of YouTube, one

can consider this platform as an essential facility, as a significant portion of the potential viewership

will only be accessible to video producers through this platform. Due to this strong position, the

market behavior of Internet platforms is being critically scrutinized by regulators all over the world. A

current example from the United States of America is the ongoing debate about the non-transparent

requirements that Apple places on apps in its App Store (Kastrenakes 2020). In the same context, the

European Commission has already opened an antitrust investigation against Apple in 2020 (European

Commission 2020a).

However, while this investigation is mainly focused on the requirements to be listed in the App Store

at all, it is of equal importance for content providers where they are listed. In other words, the

ranking algorithms used by Internet platforms are of major importance. For this reason, the European
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Introduction

Commission issued a regulation for platforms in 2019 with the obligation to make their ranking criteria

transparent (EU Regulation 2019/1150 Article 5). The first study of this theses investigates such

rankings of Internet platforms and evaluates how different ranking designs affect content providers’

incentives to invest in costly content quality. At its core, the study distinguishes between two types

of ranking. The first type, organic ranking, is purely based on the quality of the content observed by

the platform. The second type, sponsored ranking, is based on a second price auction. Surprisingly,

the results of the study indicate that a ranking based on quality does not necessarily provide higher

incentives for content providers to invest in quality than a sponsored ranking. Instead, the study

identifies three effects, the competition effect, the uncertainty effect and the revenue-share effect, whose

strengths vary among the different ranking systems.

The effects are identified by means of a game-theoretic model. This model is based on a set-up in

which two content providers offering their content to Internet consumers through a monopoly Internet

platform. Content providers can invest in the quality of their content, whereby one content provider

is more efficient at generating quality than the other content provider. The Internet platform offers

consumers free access to the content of the content providers. Under organic ranking, the content

providers only have to pay a revenue share for the use of the Internet platform. Consequently, the

Internet platform tries to maximize the total revenue of the content providers in order to receive the

maximum profit from charging the revenue share. Note that the revenue of a content provider is

positively related to its content quality and its position in the platform’s ranking. Based on that, a

content of higher quality generates more revenue in the better ranking position than a content of lower

quality. Therefore, it is in the best interest of the platform to rank the higher quality content first and

the lower quality content last. However, Internet platforms usually cannot perfectly detect the quality

of the content. Consequently, there is a likelihood that the platform will erroneously assign the better

position to the content of lower quality. Under sponsored ranking, the platform not only charges a

revenue share, but receives an additional revenue stream from content providers by auctioning the

better ranking position by means of a second price auction. Consequently, the content quality does

not matter when awarding positions under sponsored ranking.

This difference leads directly to the first effect, the competition effect. Under sponsored ranking, the

content providers compete by bidding for the best position in the platform’s ranking. This has no

direct effect on the content providers’ incentives to invest in quality. Under organic ranking content

providers compete in quality for the best position in the platform’s ranking, i.e., a better quality

results in a higher probability to reach the better position in the ranking of the platform. This, of
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Introduction

course, has a positive effect on the content providers incentives to invest in quality. Consequently, the

competition effect works in favor of the incentives to invest in quality under organic ranking. This

effect is stronger the more similar content providers are in their efficiency to improve the quality of

their content through further investment. If the difference is very large, it disappears completely.

The second effect, the uncertainty effect, is related to the limited ability of the platform to assess

quality. This ability is especially important if the platform uses organic ranking. Usually, the more

efficient content provider offers the better quality more often and therefore receives the better ranking

position more often. This leads to a higher expected demand, which creates the incentive to boost

this demand further by providing higher quality content. However, the expected demand of the more

efficient content provider decreases the more often the Internet platform erroneously assigns the better

position to the content provider with the worse quality. As a consequence, the incentive of the more

efficient content provider to invest in quality also decreases. The reverse argumentation applies to

the content provider with the lower efficiency. If uncertainty increases, it gets more often the better

position and therefore in expectation more demand. Consequently, the incentive of the less efficient

content provider to invest in quality increases. However, from the Internet platform’s and the Internet

users’ perspective, the negative impact on the efficient content provider outweighs the positive impact

on the less efficient content provider. Under sponsored ranking, there is no uncertainty effect, as the

platform can perfectly observe the content providers’ bids. In particular, the more efficient content

provider always wins the auction and gets the better ranking position. The result is comparable to

organic ranking with no uncertainty. Thus, a lower uncertainty works in favor of the overall incentives

to invest in quality under sponsored ranking.

The third effect, the revenue-share effect, is a result of platform’s second revenue source from the

auction under sponsored ranking. In particular, there is a trade-off between the two revenue sources.

The bids in the auction strictly increase when the revenue share decreases. Consequently, the Internet

platform weighs the gain from an increase in the revenue share against the associated decrease in

auction revenue. As a result, the Internet platform charges a strictly lower revenue share from content

providers under sponsored ranking compared to organic ranking. Note that a lower revenue share

increases content providers’ incentive to invest in content quality, i.e., the revenue-share effect works

in favor of content providers’ incentives to invest in quality under sponsored ranking.

Overall, the first study shows that an organic ranking only creates higher incentives for content

providers to invest in quality if the content providers are very similar in terms of their efficiency

in producing quality and if the ability of the Internet platform to assess quality is very high. Besides
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Introduction

this, the study considers two extensions. The first extension investigates hybrid forms of organic and

sponsored rankings, where the influence of the ranking criteria bid and quality are weighted. The

results show that the three effects mentioned above carry over. Further, a fourth effect is identified,

the payment-reduction effect. This effect works in favor of hybrid rankings. It reflects that in a hybrid

ranking, the content provider that wins the auction has to pay less the better its content quality is com-

pared to the content of the other content provider. However, the result that no ranking system strictly

dominates the other ranking system persists, i.e., it depends on the similarity of content providers

and platform’s ability to asses quality if a system with more weight on sponsored ranking or a system

with more weight on organic ranking yields more investment incentives. The second extension deals

with vertical integration, where the platform always gives the better position in the ranking to the

content provider with which it is vertically integrated. Here, the revenue-share effect is of particular

importance, because a vertically integrated content provider does not have to pay a revenue share.

This has a positive effect on its incentive to invest in content quality. However, the non-integrated

content provider does not benefit from this revenue share reduction, but only suffers from the fact that

it always gets the lower position in the ranking. Eventually, the overall incentives of content providers

to invest in quality may be greater under vertical integration compared to other situations. However,

this depends on whether the more efficient or less efficient content provider is vertically integrated,

whether the difference in efficiency between the two content providers is rather large or rather small

and whether the revenue share effect is of high importance.

In summary, the results of the first study show that there is no ranking system that provides strictly

higher incentives to invest in quality. The welfare analysis also shows that the ranking algorithm

that is most profitable for the platform is in many cases also the algorithm that leads to the highest

expected quality from the consumer’s perspective. In other words, the study provides evidence that

it is usually in the interest of Internet platforms to design their ranking algorithm in the best interest

of consumers.

The second study (Zierke 2020) is about the incentives of Internet Service Providers (ISP) to throttle

specific types of Internet content in their telecommunications network. This study is closely linked

to the debate on net neutrality. Since the seminal article by Wu (2003), net neutrality has been a

continuously and controversially discussed topic not only in science but also in the public. Although

the ideal of an ”(...) Internet that does not favor one application (say, the world wide web), over

others (say, email)” (Wu 2003, p. 145) is far from being realized, regulators around the world enforce

neutrality obligations on telecommunications infrastructure referring to the principle of net neutrality.
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Introduction

Neutrality regulations are currently in force, for example, in Brazil since 2014 (Presidência da República

2014), the European Union since 2015 (EU regulation 2015/2120) and India since 2018 (Ministry of

Communications 2018). In other countries like the United States of America, the debate on net

neutrality is not yet over. Recently, a senator affiliated with the Democratic Party announced plans to

introduce a bill that restores the FCC’s rights to enforce net neutrality, which have been withdrawn by

the former Republican government (Kelly 2021). One of the major goals of net neutrality regulations is

to prevent that Internet Service Providers (ISP) discriminate specific content in their network, because

such discrimination could hurt static competition between established Internet content providers or

dynamic competition between established and new Internet content providers (Wu 2003). On this

basis, practices such as content-type-based throttling of data streams are among the core practices to

be prevented by net neutrality regulations (Easley, Guo, and Kraemer 2018).

However, the second study of this thesis shows that a prohibition of content-type-based throttling

may entail costs not only for ISPs but also for Internet users. In particular, the game theoretic model

shows that one of the reasons for ISPs’ use of throttling is to improve the overall quality of experience

(QoE) of Internet users. The QoE, especially of media content like video streams, depends on two

major factors. The first factor is resolution (i.e., the bit rate). Audio as well as video streams can

have a high resolution or a low resolution. Throttling allows ISPs to reduce resolution by reducing the

bandwidth available for media content, i.e., media content takes up less of the ISPs’ network capacity.

The second factor is the frequency of congestion events in the telecommunications network when

consuming media content. Each of these congestion events can interrupt or even completely prevent

Internet users’ media consumption. There is a trade-off between both factors. By using throttling,

an ISP lowers the resolution and thus the QoE of the media stream, but it also lowers the frequency

of congestion events and thus simultaneously improves the QoE of the stream. One finding of the

study is that ISPs resolve this trade-off in the best interests of Internet users. In this way, an ISP can

offer more utility per unit of network capacity, which is associated with a higher willingness to pay

of Internet users per unit of network capacity and thus a better monetization of each unit of network

capacity. Further, as monetization of each unit of network capacity is improved, the incentives of ISPs

to invest in network capacity also increases. In summary, the second study shows that allowing ISPs

to throttle certain types of content can lead to more overall capacity in telecommunications networks

and more utility per unit of network capacity for Internet users.

The third study (Krämer, Stüdlein, and Zierke 2020) is about how to encourage firms to share their

valuable data. Data is one of the most important resources in the digital economy. The data possessed
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by a firm is generally useful not only for that firm but also for other firms. In this sense, each firm is

a bottleneck, as it is usually the only one that can provide access to a specific set of data. For this

reason, governments and business initiatives around the world are trying to stimulate data sharing

among firms. In India, for example, a panel of experts appointed by the Indian government recently

recommended in its draft report to establish a new regulatory authority for non-personal data that

would force firms to share their data (Rai 2020, Mehrotra 2020). A less radical approach was taken

by the European Commission in 2019 with the launch of a ”Data Sharing Support Centre”, which

provides expertise and experience on data sharing (Fraunhofer Institute for Open Communication

Systems 2019). This is in line with the 2020 published European Data Strategy. According to this

strategy, the main objectives of the European Commission are to provide expertise and legal certainty

for data sharing (European Commission 2020b). In this way, the voluntary sharing of data between

firms shall be promoted (European Commission 2020b).

Accordingly, the aim of the third study of this thesis is to show how data sharing initiatives should be

designed to encourage voluntary data sharing between firms. For this purpose, the study investigates

control over how dedicated a firm can decide which other firms gets how much of its data as an

important design parameter. More precisely, three regimes are differentiated. First, a regime in which

a firm can control how much data it makes accessible but not which firms get access (low control),

second, a regime in which a firm can decide how much data it makes accessible and whether it excludes

some firms from access to this data (medium control), and third, a regime in which a firm can decide

specifically for each potential sharing partner how much data it makes accessible (high control). These

scenarios reflect that, for example, a data sharing platform can be designed in such a way that either

all participating firms have access to all uploaded data or that each firm can decide who has access

to its uploaded data or that firms can exclusively share data bilaterally on the platform. Based on

a literature review, the study expects more control to encourage data sharing. This expectation is

tested by means of an economic experiment. The results confirm that control over who has access to

shared data fosters overall data sharing. However, the importance to specifically control who receives

how much data could not be confirmed. Moreover, it is shown that established relationships are

characterized by more data sharing and less volatility compared to new relationships. The study

concludes that any system that gives control to firms over who has access to their shared data is

weakly dominating a system where firms have no such control and that data sharing projects should

not be expected to perform optimally immediately. .

In summary, all three studies show that restricting the free choice of firms in the digital economy may
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come at costs. The first two studies show that Internet platforms, as well as ISPs, tend to design their

services in the interest of consumers if they are not restricted in their freedom of choice by regulation.

The third study also shows that restricting the freedom of choice of firms can be detrimental, i.e., in

data sharing initiatives where firms are deprived of their control over who exactly has access to their

shared data, less data may be shared, overall. These costs should be considered when designing future

regulations or projects in the digital economy.
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Many independent content providers (CPs) offer free content through a dominant platform (e.g., an app

store) and obtain revenues later from the usage of their content (e.g., through ads or in-app purchases).

Attaining a more prominent placement on the platform is important for CPs, because it gives them more

demand, and thus more revenues. We consider CPs’ investment incentives to produce content quality under

various ranking algorithms when the dominant platform demands a share of the CPs’ revenues. We consider

a game-theoretic model in which two CPs that differ in their efficiency to produce content quality compete

for prominence on the platform. The platform commits to a revenue share and to a ranking algorithm that

is either based on content quality (organic ranking) or bids (sponsored ranking), or a combination thereof.

We highlight that CPs’ incentives to invest in content quality under a given ranking regime can be explained

by the interaction of four effects, that we denote as competition, uncertainty, revenue-share, and payment-

reduction effect. We highlight how the strengths of these effects vary between different rankings and that it

depends crucially on the CPs efficiency differences and the platforms uncertainty to assess content quality

which ranking yields the highest content quality, consumer surplus and platform profit. For instance, we show

that under a pure sponsored ranking the platform demands the lowest revenue share, and that this ranking

provides the highest investment incentives when CPs efficiency differences and the platforms uncertainty are

relatively high. We also study the case where the platform is vertically integrated with one CP and biases

the ranking towards its own CP. We show that the platform’s self-preferencing lowers the content quality

of the non-integrated CP, but that vertical integration yields a significant increase of the integrated CP’s

content quality, and can result in an overall higher consumer surplus. Therefore, our results bear important

implications for the regulation of digital content platforms.

Key words : online platform; ranking algorithm; content quality; sponsored search, platform regulation;

self-preferencing

1. Introduction

Several online platforms have become the gatekeepers for digital content. For example, in order to

be noticed by consumers, mobile apps must either appear on Apple’s App Store or on Google’s Play

1
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Store, and are most often present on both platforms (Bresnahan et al. 2014)1; videos must be posted

on Youtube, and websites must appear on Google Search. In all of these platforms the majority

of the content providers (CPs) offer their content for free to consumers (free-to-download apps,

free-to-play games, free-to-view videos, free-to-access websites) and derive revenues predominantly

through advertisements or in-app purchases. For instance, in the first quarter of 2018, more than

94% of all apps on Google’s Play Store, and more than 88% of all apps on Apple’s App Store were

free to download (Statista 2018).

When consumers search for content on a platform, they are presented with a results list that

ranks the CPs in some order. Empirical research has found that such rankings have a significant

causal effect on consumer demand, i.e., consumers tend to demand more of the content that is

listed higher, because it is listed higher (see, e.g., Baye et al. 2009, Glick et al. 2014, Ursu 2018).

For example, in 2018 a slight change in the Play Store’s algorithm has altered the ranking in which

apps appeared, and in turn led to a drop in downloads of some apps in the range of 70-90% (Lanier

2018). Consequently, a dominant platform is a powerful attention broker: By granting a CP more

or less prominent position in the ranking, they can directly influence the demand that this CP

receives, and thus the revenue that it makes.

Platforms usually employ either an organic ranking algorithm (based on observable ranking

factors) or a sponsored ranking algorithm (based on bids), or a combination thereof, to determine

the most prominent position in the results list. For example, before 2015, the search results lists,

both in the App Store and the Play Store would be purely based on an organic ranking. However,

in 2015 Google (Siliski 2015), and in 2016 Apple (Vincent 2016) have introduced a sponsored

ranking in their respective app stores, allowing CPs to place bids for a more prominent placement,

shown above the organic results (Villanueva 2016). Google Search introduced a sponsored ranking

(AdWords) already in 2000, and Youtube in 2008 (Zafra 2008). The role of sponsored rankings has

become increasingly important in recent years, as organic search results were moved further and

further down the results lists. Especially on mobile devices with limited screen size, often the first

page of the search results list is completely occupied by sponsored search results. This effect is

further exacerbated in the context of the growing popularity of voice assistants and voice search,

where it is just the top position in the ranking that counts.

Next to the ranking, and in the absence of a headline price, consumers’ demand for free content

depends on the quality of the content. By ‘quality’ we mean all objective characteristics of the

1 Indeed, developers are typically present on both platforms because there is little overlap in consumers between
the two dominant app stores. In a recent antitrust case against Google, the European Commission has found that
the Android and iOS mobile operating systems operate in different relevant markets (European Commission 2018).
Similarly, in the US, the supreme court has found in the case Apple vs. Pepper (Docker No. 17-204) that there is
little competition between platforms and that Apple’s App Store is a monopoly (Goldman and Fung 2019)
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content that are valued by most consumers, as opposed to horizontal characteristics or individual

tastes, which users may regularly disagree on. For example, everything else being equal, an app with

higher quality will be used more, and thus, content of higher quality creates more opportunities

to create revenues through advertisements or in-app purchases; but, of course, content of higher

quality is also costlier to produce. In equilibrium CPs invest in content quality only until the

expected marginal increase in revenue from the quality improvement equals the marginal cost

of the quality improvement. Platforms have a significant impact on this trade-off, because they

can affect CPs’ revenues through two channels. First, as highlighted above, platforms have an

indirect impact on CPs’ revenues through their ranking algorithm. Second, platforms have a direct

impact on CPs’ revenues because they demand a revenue share. For example, both Apple and

Google demand a 30% revenue share from in-app purchases of any app in their respective app

store (Bergen 2016). Similarly, YouTube demands a share of 32-49% of the revenues generated by

the ads played in videos (Google n.d.), because every ad is displayed through Google’s own ad

network AdSense. AdSense is also the dominant ad network for display and search advertising on

independent websites,2 and Google likewise demands a 32-49% revenue share here.

In this paper, our main research question is to study how the increasing importance of sponsored

search on dominant online platforms affects the quality of free content offered by independent

content providers when the platform demands a revenue share. Understanding the trade-offs faced

by the platform and content providers, as well as their welfare consequences is important, both from

a business and from a public policy perspective. Platforms make significant profits in these content

markets. For example, it was estimated that Apple made USD 11.5 billion in annual revenue in

its app store in 2017 (Jones 2018). Moreover, revenues are likely to increase further, as app store

purchases have increased by roughly 40% annually in the years from 2013 to 2016 (Ovide 2017),

currently amounting to USD 38.5 billion (Nelson 2018). Realizing the importance of platform

markets, policymakers around the world scrutinize dominant platforms’ ranking algorithms and

their impact on content, considering to impose stricter regulations (Crémer et al. 2019, Furman

et al. 2019, Stigler Committee on Digital Platforms 2019). Moreover, following a wave of net

neutrality regulations around the world, which prohibit Internet service providers to offer pay-

for-priority schemes to content providers (Krämer et al. 2013), some observers have noted that,

likewise, dominant online platforms should be scrutinized for offering pay-for-prominence schemes

in the form of sponsored rankings (Krämer and Schnurr 2018), or should be banned from self-

preferencing their own content on the platform (Crémer et al. 2019, p.66), and that more research

is needed to investigate the role of ‘neutrality’ regulation also in this context (Easley et al. 2018).

2 Recent research suggests that Google’s ad serving and tracking technology runs on about 75% of the top one million
websites (Englehardt and Narayanan 2016). Moreover, in the European Union, Google has been fined 1.49 billion euros
in a high profile antitrust case, because it leveraged its dominant position in search to online advertising (European
Commission 2019a).
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To this end, we consider a game-theoretic model with a dominant (monopolistic) platform and

two CPs that offer free content and compete for users’ attention on the platform. Everything else

being equal, the top listed CP receives more demand, and the CP of higher quality receives more

demand. However, CPs differ in their efficiency to produce content quality. The platform commits

to a revenue share and either employs an organic ranking (based purely on content quality) or a

sponsored ranking (based purely on bids). We also consider a hybrid sponsored ranking algorithm,

which adjust bids by a ‘quality factor’, but we can show that our analyses of a pure organic ranking

and a pure sponsored ranking provide important bounds for the spectrum of feasible outcomes

that may emerge under any hybrid sponsored ranking.

We show that a platform’s ranking algorithm can have a significant impact on content quality

through four different channels: (1) First, under an organic ranking, CPs have a higher incentive

to invest in content quality than under a sponsored ranking, everything else being equal, because

they need to win the quality-based competition in order to attain the top position. This is denoted

as the competition effect. It is strongest when CPs are of similar efficiency. (2) Second, an organic

ranking depends crucially on the platform’s ability to assess content quality accurately. If the

platform faces uncertainty in determining content quality it may erroneously list the lower quality

content in the top position. This leaves the higher quality content with a relatively lower demand

and therefore leads to a reduction in quality at the high end. In reverse, it gives the lower quality

content relatively more demand, which leads to an increase in quality at the low end, everything

else being equal. This is what we denote as the uncertainty effect. (3) Third, under a sponsored

ranking the platform generally demands a lower revenue share than under an organic ranking,

because it additionally receives revenues from the position auction. As mentioned above, a lower

revenue share provides CPs with a higher incentive to invest in content quality. This gives rise to a

revenue-share effect, which is stronger under a sponsored ranking. (4) In hybrid sponsored rankings

with quality factor, the payment of the CP that wins the position auction is the lower, the higher its

quality. This provides an additional incentive to invest in quality, denoted as the payment-reduction

effect, that is not present under either a pure organic or a pure sponsored ranking.

We highlight that the overall effect of a sponsored ranking on content quality depends on the

relative strengths of these four effects. Depending on parameters, either ranking can lead to higher

content quality, higher welfare and higher profits for the platform, and we characterize the condi-

tions for this to occur. For example, an organic ranking can lead to higher content qualities of both

CPs only if CPs are similar in efficiency and the platform’s ability to accurately assess content

quality is high. In all other cases, a sponsored ranking induces a higher content quality for at least

one of the two CPs. In many cases, the more efficient CP may actually prefer a sponsored ranking,
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because this allows it to attain the top position with more certainty and with a lower revenue

share, despite the fact that it has to additionally invest in bids.3

We also investigate the case where the platform is vertically integrated with one of the CPs,

and always promotes its own CP in the ranking, known as ‘self-preferencing’. Generally, due to

the self-bias in the ranking, the CPs do not compete for the first position anymore, neither in

quality, nor in bids. This results in a lower competition effect, and a lower revenue-share effect

for the non-integrated CP than under an organic ranking or sponsored ranking. However, vertical

integration yields a boost in the revenue-share effect for the integrated CP, which can raise its

quality significantly. Self-preferencing will therefore reduce the content quality of the non-integrated

CP, but vertical integration is likely to significantly rise the content quality of the integrated CP.

Overall, this can result in a higher consumer surplus and industry profit. This casts a somewhat

different light on recent cases of self-preferencing by large platforms, such as Google, which was fined

by the European Commission because it favored its own comparison shopping site on Google Search

(European Commission 2017), and Apple, which is being accused of favoring its own apps in the App

Store (Mickle 2019, Nicas and Collins 2019). Our results therefore also have important implications

for the ongoing policy debate on the appropriate regulation of dominant online platforms.

2. Related literature

Our model relates to several streams of the literature. First, there exists a large body of literature

spanning over computer science, information systems, operations management, marketing, and

economics that considers keyword auctions and sponsored rankings. This stream of the literature

usually focuses on the effect of various auction mechanisms and rankings on consumer search, the

advertisers’ bidding behavior or the auctioneer’s revenue. For example, Abhishek et al. (2019) and

Long et al. (2019) show that under a sponsored ranking the platform and consumers can overcome

some of the information asymmetry and infer the quality of the content providers better than

under an organic ranking, and that this yields better search results. We make a related finding and

show that sponsored rankings increase the incentives to invest of high quality content providers,

because under an organic ranking they face greater uncertainty to be ranked erroneously in a lower

position. This is what we denote as the uncertainty effect.

However, in the extant literature on sponsored rankings, quality or other vertical ‘performance’

measures (e.g., click-trough-rates or ’popularity’) are typically assumed to be exogenously given

(e.g., Feng et al. 2007, Weber and Zheng 2007, Armstrong et al. 2009, Athey and Ellison 2011,

Berman and Katona 2013, Hagiu and Jullien 2014, Long et al. 2019, Abhishek et al. 2019), and

3 This is consistent with remarks by some app developers in response to the app stores’ introduction of a sponsored
ranking (see e.g., D’Onfro (2015) and Balakrishnan (2016)).
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therefore this literature cannot study how the auction design or ranking algorithm affects invest-

ment incentives, although some papers consider how the ranking affects pricing (e.g., Chen and He

2011, Dellarocas 2012).4 We are only aware of two notable exceptions: Chen et al. (2010) consider

a first-price auction with quality factor in which bidders are first exogenously assigned either a low

or a high quality level, but the low quality bidders are allowed to invest in a performance upgrade.

They identify a unique parameter threshold at which the low quality bidder wishes to upgrade

and to compete more aggressively with the high quality bidder. This relates to what we denote

as the competition effect, and for which we also identify a unique parameter threshold. Second,

Katona and Zhu (2018) consider a sponsored ranking with quality factor and also show, in inde-

pendent work, that there exists both a pure strategy equilibrium and a mixed strategy equilibrium

depending on parameters. In the pure strategy equilibrium, the ‘low cost’ bidder has higher incen-

tives to invest in quality than under a pure sponsored ranking, and this incentive is strongest for

intermediate weighting factors (β in our case). This corresponds to our payment-reduction effect.

However, these papers do not consider situations in which the platform demands a revenue share

from the bidders, or in which the platforms has uncertainty to determine quality, and thus they do

not identify the same comprehensive set of investment incentive effects that arise under the various

ranking algorithms, including biased rankings.

Second, our model is related to the literature on biased intermediation, e.g., in the context of

booking or search platforms. The paper that is closest to ours is by De Cornière and Taylor (2019),

who study in a general setting how biased intermediation affects firms’ investment incentives–

predominantly in the context of a vertically integrated product or service. Our set up is related

to their congruent payoffs model, in which they find that the vertically integrated firm, which is

recommended by the platform, has a stronger incentive to invest (e.g., in quality) than the non-

recommended firm. This is similar to our finding in the case of vertical integration and a biased

ranking. However, unlike De Cornière and Taylor (2019), we assume that content providers (CPs)

are heterogeneous with respect to their costs to invest in quality, and we focus on the case where

none of the CPs is vertically integrated with the platform. Moreover, in contrast to their model,

we consider the platform as a strategic player who can influence the CPs’ investment incentives

also through its strategic choice of the revenue share.

Third, our investigation is related to the policy debate on the regulation of dominant online

platforms, and particularly the notion of ‘platform neutrality’, which is currently very topical among

EU policy makers (see, e.g., CNNum 2014, European Commission 2017, Krämer and Schnurr 2018,

4 In some models, content providers can invest in non-quality related aspects, such as search engine optimization, to
improve their ranking position with some probability in an organic ranking (see, e.g., Berman and Katona (2013)).
This relates to the parameter γ in our model.
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Dillet 2018, ARCEP 2018). In this context, ‘neutrality’ means any unreasonable discrimination

among content providers, that is, discrimination that is not based on objective (quality) standards,

but purely on commercial considerations. From a scientific view, Easley et al. (2018) note that the

same issues that have been debated in the context on the net neutrality debate at the infrastructure

level, can also be debated at the software level, i.e., in the context of dominant software platforms.

Easley et al. highlight app stores as an example for such dominant platforms and argue that the

pay-for-prominence scheme that is implemented by a sponsored ranking is akin to a pay-for-priority

scheme that has been condemned under net neutrality regulation. Evidently, selling the top ranked

position to the CP that bids the most to be in this position, or simply granting the top position

to one’s own content, is a form of non-quality-based discrimination.

3. Baseline scenario: organic ranking
3.1. The model

Consider a market with two CPs, each of which provides exactly one unit of content. The CPs differ

in their efficiency to produce content quality. We assume that the cost function of the less efficient

CP, denoted by L, to produce content of quality qL, is CL = q2
L; and that the cost function of the

more efficient CP, denoted by H, to produce content of quality qH , is CH = k q2
H with k ∈ (0,1].

Thus, we obtain that CP L incurs (weakly) higher costs for producing a certain quality level

than CP H. Thereby we make the standard assumption of a convex cost function, i.e., producing

quality improvements becomes more difficult for higher levels of qi, i ∈ {L,H}, formally ∂Ci
∂qi

> 0

and ∂2Ci
∂q2i

> 0. Both CPs offer their content through a monopolistic platform (i.e., a platform with

significant market power) that ranks the respective content according to some ranking algorithm.

We assume that all users have to use the platform in order to retrieve content. Users may use the

content of either none, one or both CPs, i.e., we allow for both single- or multihoming. However, we

abstract from explicitly modelling users’ search process for content, and instead build our model

solely on two assumptions about the total demand for content. These assumptions are corroborated

by the literature on ordered search as well as the empirical literature on rankings, which we have

discussed above:

Assumption 1. Holding content quality constant, for each content provider total demand

increases with a higher ranking position.

More formally, let the total demand of CP i be d1(qi) in the top position, and d2(qi) in the second

highest position. Then we assume that d1(qi)>d2(qi)> 0 for any given quality level qi.

Assumption 2. Holding the ranking position constant, for each content provider total demand

increases with a higher content quality. For any given quality level the marginal increase in demand

is weakly higher in a higher ranking position.
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More formally this means that ∂d1
∂qi

> 0 and ∂d2
∂qi

> 0 with ∂d1
∂qi
≥ ∂d2

∂qi
for any given level of qi.

In order to fix ideas and to make the exposition of the model more tractable, we focus on

the family of linear demand functions, where d1(qi) and d2(qi) increase linearly in quality, i.e.

d1 = n1 qi and d2 = n2 qi, with n1 >n2 > 0 (see, e.g., Chen et al. 2010, Liu et al. 2010, for a similar

assumption). Our insights are not limited to this class of demand functions, however, but depend

more generally only on Assumptions 1 and 2. Therefore, in the Online Appendix, we provide proofs

for our main propositions also for more general demand functions d1(qi) and d2(qi) that are either

more concave or more convex than in the case of linear demand.

We further assume that the platform may not be able to observe content quality perfectly, and

may err when applying an organic ranking algorithm. As a result the content of lower quality may

sometimes be ranked at the top under an organic ranking. We denote the platform’s probability to

identify the CP with the highest content quality correctly by γ ∈ [1/2,1].5 Thus, under an organic

ranking the content of CP i receives a demand of

Di,1 = γ d1(qi) + (1− γ)d2(qi) (1)

if it provides a higher quality than its competitor, and

Di,2 = (1− γ)d1(qi) + γ d2(qi) (2)

if it provides a lower quality than its competitor. In order to break ties, we assume that the platform

promotes CP H with probability γ when both content qualities are equal.

As motivated in the introduction, we assume that content is free to download for users, but

that CPs receive a gross revenue per usage of their content, e.g., through advertisements or in-app

purchases. Therefore, gross revenues of the CPs can be written as

Ri = F−i(qi)Di,1 + (1−F−i(qi))Di,2, (3)

where F−i(qi) = prob(q−i < qi), i.e., F−i is the cumulative distribution function (CDF) of the com-

petitor’s quality choice, which we denote by q−i. Furthermore, the platform charges a share s of

each CP’s gross revenue. Thus, we can write a CP’s profit function as

Πi = (1− s)Ri−Ci, (4)

and the platform’s profit function as

Γ = s
∑

i

Ri. (5)

5 In practice the platform may use a variety of cues, such as consumers’ reviews, views or likes, to infer content quality
in a dynamic learning process. We abstract from this learning process and instead model all possible states of that
process by γ, ranging from γ = 1/2 (where the platform has no cues and picks a CP at random) to γ = 1 (where the
platform can observe quality perfectly and always identifies the CP with the highest content quality correctly).
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The timing of the game is then as follows: Stage 1: The platform announces its revenue share s.

Stage 2: The CPs H and L set their qualities qL and qH , and the platform ranks the CP with the

highest quality first with probability γ. Stage 3: Content is demanded depending on its ranking

position and quality, and revenues are realized.

3.2. Equilibrium derivation

We solve for the subgame perfect equilibrium of the game by backwards induction, beginning in

Stage 3. We only sketch the proof here and relegate the detailed proof to Appendix A.

Stage 3: Given the CPs’ quality choices in Stage 2 and the revenue share in Stage 1, the CPs’

revenues and profits are readily given by (3) and (4), respectively.

Stage 2: The analysis of Stage 2 entails two cases. First, if the CPs’ efficiency is relatively similar,

both compete in qualities for the top position. In this case there does not exist a pure strategy

equilibrium in qualities, but a unique mixed strategy equilibrium. Second, if CPs’ efficiency is very

different, then CPs effectively do not compete for the first position anymore and there exists a

unique pure strategy equilibrium in qualities. This yields the following lemma.

Lemma 1 (Equilibrium Quality Choice under Organic Ranking). Under an organic

ranking, there exists a unique pure strategy equilibrium when k ≤ k̃, and a unique mixed

strategy equilibrium when k > k̃, where k̃ = N1

N1+
√
N2

1−N2
2

, with N1 = γ n1 + (1 − γ)n2 and

N2 = (1 − γ)n1 + γ n2. In the pure strategy equilibrium, CPs L and H choose quality levels of

qL = (1−s)N2
2

and qH = (1−s)N1
2k

, respectively. In the mixed strategy equilibrium, CPs L and H choose

their respective minimum quality q
L

and q
H

with positive probability FL(q
H

) and FH(q
H

), and a

quality level between q
H

and q according to their CDF FL(qL) and FH(qH). The equilibrium values

are as follows:

FL =
(1− s) qLN1− k q2

L− ((1− s) qLN2− k q2
L)

(1− s) (N1−N2) qL
, FH =

(qH − qL)2

(1− s) (N1−N2) qH
,

q
L

=
(1− s)N2

2
, q

H
=

√
(1− s) qLN1− k q2

L

k

q= qL = qH =
(1− s) (N1 +

√
N 2

1 −N 2
2 )

2
.

Proof: See Appendix A. �
In order to exemplify Lemma 1, Figure 1 shows the CDFs, FL(q) and FH(q), with their respective

positive mass points, q
L

and q
H

, in the mixed strategy equilibrium (k > k̃). It can be seen that

the quality choices of CP H first-order stochastically dominate those of CP L. In Appendix B we

show that this is a general result, and holds not only for linear demand functions, but also for more

convex or more concave demand functions.
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Figure 1 CDF of qL and qH in the mixed strategy equilibrium under an organic ranking.
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Note. Numerical example derived for n1 = 6, n2 = 4, s= 0.5, γ = 1, k= 0.75.

The mixed equilibrium outcome reflects that an organic ranking creates a relatively dynamic

environment, where a CP would like to constantly adapt its quality level, depending on the rival

CP’s quality. In practice, such a mixed equilibrium may be implemented, e.g., through frequent

updates of apps, which indeed is very common in app stores and has been found to be positively

correlated with app quality (see, e.g., McIlroy et al. 2016). In the following, we therefore consider

the expected qualities under the mixed strategy equilibrium as the relevant proxy for the long-run

average content qualities of CP L and CP H, which we can then compare to the quality levels set

under a pure strategy equilibrium.

Stage 1: In the first stage the platform selects the revenue share, s, which it commands from

the CPs. Thereby, it anticipates how its choice of s will affect the CPs’ subsequent quality choice.

Since the platform is a monopolist, s is determined by maximization of the platform’s profit and

results to

s= arg max
s

Γ = 1/2. (6)

for the case of linear demand functions. Note that in the case of more general demand functions,

the equilibrium revenue share will not be exactly at s= 1/2 and depend more generally on the shape

of the demand function (see Appendix A).

4. Sponsored ranking
4.1. The model

We now assume that the first position in the platform’s ranking is awarded through a second-

price auction. In reality, with n sponsored slots to be awarded, a generalized second-price auction

(Edelman et al. 2007), also known as a position auction (Varian 2007), is used. However, with

n= 1 sponsored slots, as we have here, the position auction coincides with a standard second-price

auction. That is, CPs submit their bids, bH and bL, and the CP that has submitted the highest

bid is awarded the top position at the price of the second-highest bid. Assume i is the CP that has
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submitted the highest bid, and −i the other CP, i.e., bi > b−i. Hence, in the second-price auction

the high bidder has to pay ri = b−i and receives the top position, whereas the low bidder pays

r−i = 0 and receives the second position. Moreover, in contrast to the organic ranking in Section 3,

there exists no uncertainty in the determination of the first position, because payments are always

perfectly observable by the platform. Consequently, Di,1 = d1(qi) and Di,2 = d2(qi), such that under

a sponsored ranking algorithm a CP’s profit is

Πi =

{
Πi,1 = (1− s) d1(qi)−Ci− b−i if bi > b−i,

Πi,2 = (1− s) d2(qi)−Ci if bi < b−i.
(7)

If both CPs have submitted the same bid, we use the same tie breaking rule as under an organic

ranking and consider CP H as the highest bidder.

The timing is the same as before, but with an additional stage in which the auction takes place:6

Stage 1 : The platform announces the revenue share s. Stage 2: The CPs H and L simultaneously

choose their qualities qL and qH . Stage 3: The CPs simultaneously submit their bids bL and bH ,

and the platform ranks the CP with the highest bid first. Stage 4: Content is demanded depending

on its ranking position and quality, and revenues are realized.

4.2. Equilibrium derivation

We again use backwards induction to solve for the subgame perfect equilibrium. The detailed proof

for more general demand functions is relegated to Appendix C.

Stage 4: Stage 4 corresponds to Stage 3 in Section 3.2.

Stage 3: In this stage the CPs submit bids given their quality choice in Stage 2. In a second-

price auction it is a weakly dominant strategy to bid one’s true valuation (see, e.g., Krishna 2010,

Proposition 2.1). A CP’s value for the first position is determined by the additional profit that can

be attained by being in this position. That is, in equilibrium bi = Πi,1−Πi,2 = (1−s)(d1(qi)−d2(qi)).

Stage 2: Consequently, the CP that has a larger incremental profit from being in the first position

will always win the auction in Stage 3. As investment costs in quality are sunk at this stage, the

CP that has chosen the higher quality level in Stage 2 will therefore always win the auction in

Stage 3. Appendix C shows that CP H can choose its profit maximizing quality level for all feasible

values of k without risking that CP L might choose a higher quality. Therefore, in equilibrium H

chooses its quality such that it maximizes its profit in the first position and L chooses a quality

that maximizes its profit in the second position. This immediately yields the following result.

Lemma 2 (Equilibrium Quality Choice under Sponsored Ranking). Under a sponsored

ranking, there exists a unique pure strategy equilibrium, where CPs L and H choose quality levels

of qL = (1−s)n2
2

, and qH = (1−s)n1
2k

, respectively.

6 We note that we would obtain the same results if bids and qualities were chosen by CPs simultaneously in the same
stage.
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Proof: See Appendix C. �
Stage 1: Finally, in the first stage, the platform determines the revenue share, s, so that

s = arg maxs Γ = arg maxs s(d1(qH) + d2(qL)) + bL. This yields

s=
n2

1 + k(3n2
2− 2n1 n2)

2n2
1 + k(4n2

2− 2n1 n2)
(8)

for the case of linear demand functions (see Appendix C for the case of more general demand

functions).

5. The effect of rankings on quality investment incentives

We now investigate the impact of a sponsored ranking im comparison to an organic ranking on the

CP’s incentives to invest in the quality of their content. To this end, it is instructive to compare

the expected quality levels as detailed in Lemmas 1 and 2. In the following, we will highlight three

effects that explain why and how content qualities may differ between the two ranking algorithms.

Where necessary, we will differentiate between the variables that relate to the organic ranking

algorithm and the variables that relate to the sponsored ranking algorithm by superscript o and

superscript s, respectively.

5.1. The competition effect

First, note that the qualities chosen under sponsored ranking are identical to those chosen in the

pure strategy equilibrium under organic ranking (i.e., for k≤ k̃), provided the platform chooses the

same revenue share, s= so = ss, and γ = 1. That is, whenever CP L chooses not to engage in the

quality-based competition for the first position, both rankings will yield the same content qualities,

everything else being equal. However, when CPs do compete for the first position under an organic

ranking (i.e., k > k̃), then content qualities will be higher under the organic ranking than under

the sponsored ranking, everything else being equal (i.e., s= so = ss, and γ = 1). To see this, notice

first that for k > k̃ it holds that q
L
≤ q

H
< q (see Appendix D). Second, recall that under an

organic ranking CP L chooses the minimum quality level, q
L
, with probability FL(q

H
), but with

probability 1− FL(q
H

) it chooses a higher quality between q
H

and q. Third, see from Lemmas 1

and 2 that q
L

coincides with the quality level that CP L would choose under a sponsored ranking,

everything else being equal. Consequently, when CPs are not too different in terms of efficiency

(i.e., k > k̃), the expected quality of L is higher under an organic ranking, everything else being

equal. In similar vein, also the expected quality of CP H is higher under an organic ranking for

k > k̃, everything else being equal. This result also holds for more general demand functions and

is shown formally in Appendix E.

The intuition for this finding is as follows. While CPs compete for the first position under both

ranking algorithms, they do so with different strategic instruments. Under a sponsored ranking
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CPs compete with their bids, but not with their content qualities. In comparison, under an organic

ranking CPs compete directly in content quality, which gives them an additional incentive to set

higher quality levels. Therefore, we denote this quality investment incentive as the competition

effect. In reverse, this means that when the quality-based competition breaks down, then the

competition effect vanishes and CPs will choose the same quality levels under both algorithms.

Figure 2a illustrates the competition effect by holding the revenue share (s = so = ss = 1/2)

constant across ranking algorithms, but varying the strength of the competition effect through H’s

efficiency advantage k. The figure shows that the expected quality levels coincide between both

ranking regimes for k ≤ k̃. This is because CP L’s efficiency disadvantage is so large that it does

not compete anymore for the first position. However, when CP L competes for the first position,

i.e., for k > k̃, each CP will choose a higher quality under an organic ranking. In fact, notice that

when CPs are of very similar efficiency (k→ 1), then both compete very fiercely for the top position

under an organic ranking, such that the expected quality of CP H and CP L approach each other,

and both CPs offer a higher quality than CP H under a sponsored ranking.

This result also holds for more general demand functions, because FH first order stochastically

dominates FL, but for k = 1 it follows that FL = FH (see Appendix B). Hence, the CDFs of the

quality choices of CPs L and H, as well as their respective expected profits, converge as k→ 1.

Eventually, both CPs choose exactly the same mixed strategy when they are of equal efficiency.

Under a sponsored ranking there is no competition in the quality-setting stage, and therefore,

the CPs’ qualities and profits do not converge to the same value for k→ 1. This latter insights

immediately yields the following corollary.

Remark 1. When CPs are almost equally efficient (k→ 1), a sponsored ranking amplifies the

small competitive disadvantage of CP L and yields very different expected quality levels for CPs

L and H, respectively. Under an organic ranking this is not the case, such that, when CPs are

equally efficient, they will also set the same qualities.

The insights from this subsection are summarized in the following proposition, which also holds

for more general demand functions (see Appendix E).

Proposition 1 (Competition Effect). The more similar CPs become in their efficiency to

produce content quality (k increases, k > k̃), the higher is a CP’s quality investment incentive under

an organic ranking. This ‘competition effect’ does not exist under a sponsored ranking.

Proof: See Appendix E. �

5.2. The uncertainty effect

Next, see that the CP that expects a larger demand is more likely to invest in quality. This is due to

the economies of scale that stem from the fixed investment costs in quality. This scale effect comes
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in two flavors. First, even if a CP would not compete for the first position, it faces a minimum

demand D2. The larger D2, the higher are the investments in quality, everything else being equal.

This is what constitutes a minimum-scale effect that ensures a certain minimum content quality.

Second, when CPs compete for the top position, they do so, because this secures them additional

demand of D1−D2. This is what constitutes the additional-scale effect. For CP L, who wins the

second position more often, the minimum-scale effect is relatively more important, whereas for CP

H, the additional-scale effect is relatively more important.

Against this backdrop, we can now introduce the uncertainty effect. An important difference

between the two ranking algorithms is that under a sponsored ranking the platform has no uncer-

tainty in identifying the CP with the highest bid, whereas under an organic ranking the platform can

only identify the CP with the highest content quality with probability γ ∈ [1/2,1]. Therefore, under

a sponsored ranking the CP with the highest bid enjoys an additional scale of Ds
1−Ds

2 = d1− d2,

but under an organic ranking the CP with the highest quality enjoys only a additional scale of

Do
1−Do

2 = (d1−d2)(2γ−1)≤Ds
1−Ds

2. In reverse, under a sponsored ranking the CP with the lower

bid enjoys a minimum scale of Ds
2 = d2, but under an organic ranking the CP with the lower quality

enjoys a minimum scale of Do
2 = (1−γ)d1 +γd2 ≥Ds

2. Consequently, an increase in the uncertainty

to attain the top ranking position despite having the highest quality (i.e., γ decreases), induces CP

H, who offers a higher content quality more often, to reduce its quality (due to a decrease in the

additional scale effect), and CP L, who offers a lower content quality more often, to increase its

content quality (due to an increase in the minimum scale effect). In other words, the uncertainty

effect is the reason why it is relatively less attractive to invest in quality under an organic ranking

compared to a sponsored ranking for CP H, whereas the reverse is true for CP L.

Proposition 2 (Uncertainty Effect). The higher the platform’s uncertainty in determining

content quality (γ decreases), the lower (higher) is the quality investment incentive of the more

(less) efficient CP under an organic ranking. This ‘uncertainty effect’ does not exist under a spon-

sored ranking.

Proof: See Appendix F. �
The uncertainty effect is exemplified in Figure 2b, which holds the revenue share (s= so = ss =

1/2) and H’s efficiency advantage (k = 0.75) constant across ranking algorithms, but varies the

strength of the uncertainty effect through γ. It can be noticed that, as the uncertainty increases

(γ→ 1
2
), the expected qualities of H and L become more similar under the organic ranking, whereas

γ has, of course, no effect under the sponsored ranking.

Remark 2. Even if the platform can observe content quality perfectly (γ = 1), under an organic

ranking CP H does not obtain the top ranking position with certainty, but only with probability
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Krämer, and Zierke: Sponsored Rankings and Content Quality
15

Figure 2 Competition Effect and Uncertainty Effect

(a) Competition Effect
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(b) Uncertainty Effect
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Note. (a) Competition effect: Due to the CPs’ competition in content quality under an organic ranking, expected

quality levels are higher for k > k̃ under an organic ranking, everything else being equal. (b) Uncertainty effect: An

increase in the platform’s probability to rank the CPs correcting according to their quality, γ, tends to increase

(decrease) CP H’s (L’s) expected quality, but only under an organic ranking. Note that for values of γ > γ̃ the

competition effect has a countervailing effect on L’s quality choice. Figures derived for n1 = 6, n2 = 4, s = 0.5, (a)

γ = 1, (b) k= 0.75.

FL(qH)< 1 when k > k̃, and thus less often than under a sponsored ranking. Thus, even for γ = 1,

in expectation CP H enjoys a lower additional-scale effect, and CP L a higher minimum-scale

effect under an organic ranking than under a sponsored ranking.

5.3. The revenue-share effect

Finally, notice from Lemmas 1 and 2 that the quality levels under both ranking regimes are

immediately affected by the revenue share s. The larger s, the lower the expected quality level.

Next, we show that the platform will set a lower revenue share under a sponsored ranking. This

means that, everything else being equal, due to this revenue-share effect, CPs have a stronger

incentive to invest in quality under a sponsored ranking. Importantly, we proof in Appendix G

that the platform’s revenue share is generally lower under a sponsored ranking. For the case of a

linear demand function this can be immediately derived by comparing (6), which shows that the

revenue share under the organic ranking is so = 1/2, with (8), which yields a revenue share of ss < 1/2

under the sponsored ranking for all feasible parameter values. This is because under a sponsored

ranking the platform additionally considers the impact of s on its profits from the position auction.

Whereas, under an organic ranking CPs will react to an increase in s only by lowering their quality,

under a sponsored ranking, CPs will react to an increase in s by lowering their quality and their

bid. This induces the platform to demand a lower revenue share under sponsored ranking.
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Proposition 3 (Revenue-Share Effect). The lower a platform’s revenue share (s decreases),

the higher is a CP’s quality investment incentive. This ‘revenue-share effect’ is stronger under a

sponsored ranking (ss < so).

Proof: See above and Appendix G. �

5.4. Interaction of quality investment effects

The overall impact of the ranking algorithm on content quality is governed by the interaction of

the competition, uncertainty and revenue-share effects introduced above. While in the previous

section, we proved the three effects analytically and showed that they act differently for the different

ranking algorithms, we now investigate the interaction of these effects and proof by means of a

numerical example that it will depend on parameters which ranking algorithm yields the highest

expected content quality for one of the CPs, or even both CPs. In doing so, we also discuss and

demonstrate that the complex trade-offs that content providers need to manage when determining

their optimal content quality under a given ranking regime can be fully understood and explained

in terms of the three quality investment effects highlighted in Propositions 1 to 3.

At first, let us consider the interaction of the competition and revenue-share effect, but without

the uncertainty effect (i.e., γ = 1). Whereas the competition effect is stronger under an organic

ranking, the revenue-share effect is stronger under a sponsored ranking. Thus, it will depend on the

relative strength of these two effects which ranking algorithm will overall lead to higher expected

qualities by each type of CP. Whereas in Figure 2a we have deliberately neglected the revenue-share

effect by holding “everything else equal”, i.e., by fixing s across all ranking regimes, in Figure 3a

we now apply the actual, regime specific equilibrium value of s at γ = 1. It can be seen that for

low levels of k, higher qualities are expected under a sponsored ranking, because the competition

effect is relatively weak (in fact zero for k ≤ k̃) and thus the revenue-share effect dominates. On

the contrary, if k is high, expected content qualities are higher under the organic ranking, because

the competition effect now dominates the revenue-share effect.

Next, we consider how the revenue-share effect and the competition effect act in concert with the

uncertainty effect. As we have noted above, varying γ directly affects the (additional and minimum)

scale that CPs can expect in the first and second ranking position. However, γ also indirectly affects

the strength of the competition effect and revenue-share effect. Figure 3b explores which ranking

algorithm overall yields the highest content qualities for CPs H and L, respectively, under the

assumption of the same demand functions as the previous figures, but for all possible combinations

of k and γ. It can be seen that no ranking clearly dominates the other with respect to the CPs’

content quality. In the example, the organic ranking leads to higher qualities of both CPs only if

i) both CPs are relatively similar in their efficiency to produce quality content (k is large, i.e., the
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Figure 3 Comparison of Content Qualities between Organic Ranking and Sponsored Ranking

(a) Revenue-Share vs. Competition Effects
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(b) Revenue-Share vs. Competition vs. Uncertainty Effects
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Note. (a) Expected quality levels when s is endogenous and γ = 1. CPs choose higher (expected) qualities under

sponsored ranking when k is low due to the dominance of the revenue-share effect over the countervailing competition

effect. In reverse, at high levels of k the competition effect can dominate the revenue-share effect for both CPs.

(b) Parameter regions of k and γ where an organic ranking yields a higher expected quality, qoi > q
s
i than sponsored

ranking. In the cross-hatched area, an organic ranking yields higher expected qualities for both CPs. In the remaining

diagonally-shaded area, an organic ranking yields a higher expected quality only for CP L, but not for CP H. In

the non-shaded area, an organic ranking yields a lower expected quality for both CPs. All figures derived for n1 = 6,

n2 = 4.

competition effect is large), and ii) the platform has low uncertainty in determining content quality

(γ is large). In all other cases, the sponsored ranking leads to higher content qualities for at least

one CP. However, for a wide range of parameter values (except for low values of k combined with

high values of γ), CP L will offer a higher quality under an organic ranking. This is the result of

the uncertainty effect (which grants CP L a large minimum scale) and the competition effect, both

of which are absent under a sponsored ranking. In reverse, when the competition effect is weak (k

is low) and the uncertainty effect is weak (γ is high), then the revenue-share effect is the dominant

effect. Since this effect is stronger under a sponsored ranking, in this parameter range both CPs

will provide higher content qualities under a sponsored ranking.

Finally, it is important to note that the strength of each of the three effects will also determined

by the shape of the specific demand functions that are considered. In Appendix E to G we discuss

this with respect to each of the three effects. In Appendix H we explore this in more detail with

respect to the case of linear demand functions.

Proposition 4 (No dominance of a single ranking algorithm). No single ranking algo-

rithm always yields the highest content qualities: Depending on the strengths of the competition,
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uncertainty and revenue-share effects, either the organic ranking or the sponsored ranking can yield

the highest expected content quality for one of the CPs, or both CPs.

Proof: See Propositions 1 to 3, and Figure 3 for existence. �

6. Hybrid sponsored ranking with quality factor
6.1. The model

In practice platforms often employ a hybrid sponsored ranking algorithm that determines the CPs’

ranking positions according to a combination of quality and bid (e.g., in Google’s or Apple’s search

ads). In this case CPs are assigned a ranking score, and the CP that has the highest ranking score

is awarded the first ranking position, and has to pay the minimum amount that is necessary to

achieve the same ranking score as the CP in the second position. We refer to this type of hybrid

sponsored ranking algorithm as a sponsored ranking with quality factor, denoted by superscript

sq. As we will show, this ranking combines the effects already identified under a pure organic and

a pure sponsored ranking, but also yields an additional effect that is not present under either a

pure sponsored or a pure organic ranking. Let the ranking score of CP i be given by rsi = qβi b
1−β
i ,

where bi is the bid submitted by CP i and β ∈ [0,1] is a weighting factor. See that β = 0 yields

a pure sponsored ranking, identical to that studied in Section 4, and β = 1 yields a pure organic

ranking, identical to that studied in Section 3. Let rsi > rs−i, then CP i has achieved the highest

ranking score, is awarded the first position, and has to pay an amount ri such that qβi r
1−β
i = qβ−ib

1−β
−i .

Rearranging yields the payment function

ri =

(
q−i
qi

) β
1−β

b−i, (9)

whereas CP −i pays r−i = 0 and achieves the second ranking position.7 The timing is the same as

under the sponsored ranking without quality factor.

6.2. Equilibrium derivation and quality investment effects

The analysis of Stage 4 corresponds to Stage 3 in Section 3.2. In Stage 3, see that auction is

again strategically equivalent to a second-price auction, because there is only one position to be

auctioned off and qualities levels are sunk at this stage.8 Consequently, it is a weakly dominant

strategy for each CP to bid the true incremental value of being in the first position, i.e., bi =

(1−s)(d1(qi)−d2(qi)). Notice that this holds irrespective of β. Thus, the CP with the higher quality

will also submit the higher bid, and is consequently awarded the first position. In this context,

see that for β→ 1, the payment of the firm with the highest quality, who wins the auction and is

7 Formally, the payment function (9) is only defined for β < 1, and in case β = 1 we set ri = r−i = 0.

8 Note that this generally not true if there is more than one slot to be auctioned off and the number of bidders exceeds
the number of slots (Edelman et al. 2007).
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awarded the first position converges to zero. This highlights again that for β = 1 we indeed obtain a

pure organic ranking. In Stage 2, the CPs anticipate that whoever sets the higher quality also wins

the auction. Because there is a direct correspondence between bids and quality, the platform has no

uncertainty to determine content quality and the correct ranking order for any β < 1. Consequently,

there is no uncertainty effect (i.e., γ = 1), just like under a pure sponsored ranking, and a CP’s

profit is

Πi =

{
Πi,1 = (1− s) d1(qi)−Ci− ri if qi > q−i,

Πi,2 = (1− s) d2(qi)−Ci if qi < q−i.
(10)

In general, the derivation of the equilibrium quality levels in Stage 2 is not tractable for arbitrary

values of β. Thus, also the equilibrium revenue share in Stage 1 cannot be determined directly.

However, based on our insights from pure organic rankings and pure sponsored rankings, we can

nevertheless derive some important insights that allow us to understand the quality investment

incentives under a hybrid sponsored ranking with quality factor, and how these relate to the

investment incentives under a pure sponsored ranking or a pure organic ranking. In the following,

we organize this discussion along the four quality investment incentives effects that are relevant

under a hybrid sponsored ranking.

Payment-reduction effect: First, notice that the profit function (10) is similar to that under

sponsored ranking (7), but with one important difference. See from (9) that a higher own quality

reduces the payment that the winning bidder has to make. This provides the winning CP with an

additional incentive to invest in quality that is not present under either a pure organic ranking or

a pure sponsored ranking. We denote this as the payment-reduction effect, and highlight that it is

maximized for some intermediate value of β. To see this, recall that β = 0 corresponds to a pure

sponsored ranking, where the payment-reduction effect does not exist because the payment only

depends on the quality of the other CP. Likewise, β = 1 corresponds to a pure organic ranking,

where the payment-reduction effect does not exist because payments are zero anyway.

Uncertainty effect: Second, a decisive advantage of the sponsored ranking with quality factor

over a pure organic ranking is that it removes the uncertainty effect, because the CPs’ bids uniquely

reveal their quality level. That is, CPs can expect to be ranked in the right order of their qualities

for all values of β < 1. As highlighted by Proposition 2, this provides the highest incentives to

invest in quality for CP H.

Competition effect: Third, a decisive advantage of the sponsored ranking with quality factor over

a pure sponsored ranking is that, depending on β and k, it may also give rise to a competition effect,

albeit to a lesser degree than under a pure organic ranking. Specifically, in Appendix I we show

that for large enough k there exists a threshold β̃ < 1 which is strictly smaller than β→ 1, above
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which CP L wants to compete with CP H in qualities (and thus no pure strategy equilibrium, but

only a mixed strategy equilibrium exists), and below which CP L prefers not to compete with CP

H (and thus only a pure strategy equilibrium exists). For the competition effect to exist under a

sponsored ranking with quality factor, k > k̃ is a necessary condition. However, in this ranking the

actual threshold is higher than under a pure organic ranking (the more so, the lower β), because

the first position is less attractive than under a pure organic ranking due to the additional payment

that has to be made. The lower β, the higher is the payment under a sponsored ranking with

quality factor, and the higher is the threshold for k. Indeed, if β is too low, the competition effect

may not exist at all under a sponsored ranking with quality factor, even if k= 1. In particular, we

can show numerically that this is the case for β = 1/2. This means that for β ≤ 1/2 no competition

effect (only a pure strategy equilibrium) exists, irrespective of parameters. Consequently, when the

platform wants to stimulate investment incentives via the the competition effect, it must choose

β > 1/2 in a sponsored ranking with quality factor, which means that it must place more emphasis

on quality than on the bids.

Revenue-share effect: Finally, notice that under a sponsored ranking with quality factor the

strength of the revenue-share effect must be in between that under a pure organic and under a

pure sponsored ranking. This is because the revenue share, s increases as β increases, and bids

converge to zero for β→ 1. For β = 0, s < 1/2 is the same as under a pure sponsored ranking, and

for β = 1, s= 1/2 is the same as under a pure organic ranking.

In summary, our analysis highlights that a sponsored ranking with quality factor is not necessarily

the ranking that leads to the highest investment incentives, although it combines the strengths of

both a pure organic ranking (competition effect) and a pure sponsored ranking (no uncertainty

effect), and provides an additional investment incentive not present under either pure ranking

regime (payment-reduction effect). The reason is that the competition effect is lower than under a

pure organic ranking, and the revenue-share effect is lower than under a pure sponsored ranking.

The interaction of these effects has been overlooked in previous literature, or investment incentives

were not taken into consideration at all, when designing a hybrid ranking algorithm. In fact, it is

ambiguous which ranking regime (β ∈ [0,1]) yields the highest expected quality levels and profits

for the platform. In general, it will depend on parameters, because for β = 0 the revenue share

effect is maximized, for β = 1 the competition effect is maximized, and for intermediate β the

payment-reduction effect is maximized. If CPs are relatively different in their efficiency (low k),

the competition effect is less important, and thus a low β is likely to be preferable–and vice versa

if CPs are of similar efficiency.

This is also highlighted in Figure 4, which compares the quality level of CP H and CP L,

respectively across the three ranking regimes (i) pure sponsored ranking (β = 0), (ii) sponsored
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Figure 4 Comparison of Content Qualities between Organic Ranking, Sponsored Ranking, and Sponsored Ranking

with Quality Factor
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Note. Parameter regions of k and γ where a sponsored ranking with equal weight on quality and bids (β = 1/2) yields

a higher expected quality than either a pure sponsored ranking (β = 0) or a pure organic ranking (β = 1) for CP H

and CP L, respectively. While CP H’s quality level under the sponsored ranking with quality factor is higher than

under any of the two other ranking regimes for intermediate values of k (horizontally-shaded area), CP L’s quality

under a sponsored ranking with quality factor is strictly lower than under a pure sponsored ranking. All figures

derived for n1 = 6, n2 = 4.

ranking with quality factor (β = 1/2) and (iii) pure organic ranking (β = 1). Clearly, for γ = 1, the

highest expected quality of CP H is attained under a pure sponsored ranking for low values of

k, and under a pure organic ranking for high values of k, whereas the hybrid sponsored ranking

performs best for intermediate values of k. However, for CP L a sponsored ranking with quality

factor never yields a higher expected quality than any of the other regimes. This is because for CP

L all of the identified investment incentive effects are either absent or stronger in one of the other

rankings: (1) for β = 1/2 no competition effect exists, (2) therefore also no payment-reduction effect

exists for CP L, (3) the uncertainty effect is absent, and (4) the revenue-share effect is lower than

under a sponsored ranking. Thus, qL must be strictly lower than under a sponsored ranking for

β = 1/2.

Taken together, this shows that the investment incentives and outcomes identified under the

pure sponsored ranking and the pure organic ranking provide important and insightful bounds for

the spectrum of feasible outcomes and investment incentives under any hybrid ranking algorithm.

We will therefore use the pure ranking algorithms as benchmarks in the subsequent analysis.

Proposition 5 (Payment-Reduction Effect). Under a sponsored ranking with quality fac-

tor, the payment of the CP that wins the position auction is the lower, the higher its content quality.
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This ‘payment-reduction effect’ provides an additional quality investment incentive that does not

exist under a pure sponsored ranking or a pure organic ranking.

Proposition 4 continues to hold correspondingly. No single ranking algorithm always yields the

highest content qualities. Either the pure organic ranking, or the pure sponsored ranking, or the

sponsored ranking with quality factor can yield the highest expected content quality for one of the

CPs, or both CPs.

Proof: See above, and Figure 4 for existence. �

7. Vertical integration and self-preferencing

So far we have considered unbiased ranking algorithms, i.e., algorithms that rank the CPs according

to some predetermined and (possibly imperfectly) observable measure (either q or b, or a combina-

tion thereof). We now consider the special case where the platform is vertically integrated with one

of the CPs and will always promote its own, vertically integrated content to the top position. Such

’self-preferencing’ is at the heart of the ongoing policy debate on the regulation of online platforms

and concerns have been raised, e.g., in the context of Google Shopping (European Commission

2017) or Apple Music (Mickle 2019, Nicas and Collins 2019). In the following, we consider the case

where the integrated CP is of higher efficiency (CP H) than the competing CP, as well as the case

where the integrated CP is of lower efficiency (CP L) .

7.1. The model

The joint profit function of the vertically integrated platform and CP is

Γ =RΓ−CΓ + sR−Γ, (11)

where RΓ is the revenue, and CΓ is the cost function of the integrated CP/platform, and sR−Γ the

revenue share that is collected from the non-integrated CP. Note that, due to vertical integration,

RΓ is independent of s. Also note that, from the perspective of the integrated CP, this is equivalent

to the case where it is offered a revenue share of s= 0 by the platform.

The timing is now as follows: Stage 1: The platform announces its revenue share s for the non-

integrated CP. Stage 2: The platform and the non-integrated CP simultaneously set their content

qualities qΓ and q−Γ, and the platform ranks the integrated CP always in the first position. Stage

3: Content is demanded depending on its ranking position and quality, and revenues are realized.

7.2. Equilibrium derivation

We derive the subgame perfect equilibrium separately for the case where the integrated CP is H,

i.e., of higher efficiency than the non-integrated rival, or CP L, i.e., of lower efficiency. Detailed

proofs and results for more general demand functions are relegated to Appendix K.

Paying for Prominence

31
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Integrated CP is of higher efficiency: The analysis of Stage 3 is identical to the analysis of Stage

3 in Section 3.2. In Stage 2 the CPs know with certainty that CP H will always obtain the first,

and that CP L will always achieve the second ranking position. Thus, there is no competition for

the first position, neither in qualities nor in bids. Therefore, the optimal qualities are readily given

by profit maximization and are, in principle, identical to those under a sponsored ranking (see

Lemma 2). The only difference is that for the integrated CP (here H) the revenue share is set to

zero. Thus optimal qualities are readily given by:

qv,HL =arg max
qL

Πv,H
L =

(1− s)n2

2
,

qv,HΓ =arg max
qΓ

Πv,H
Γ =

n1

2k
.

In Stage 1, anticipating its impact on the quality qL, the integrated platform maximizes (11) by

setting the revenue share for the non-integrated CP to

sv,H = arg max
s

Γ = 1/2. (12)

Consequently, for the non-integrated CP, the platform sets the same revenue-share as under an

organic ranking. This is because, unlike under a sponsored ranking, the platform does not need to

take into account the impact of the revenue-share on its revenue from bids.

Integrated CP is of lower efficiency: The same logic can be applied when the platform is inte-

grated with CP L, i.e., the integrated CP is of lower efficiency. In this case the optimal content

qualities are given by

qv,LH =arg max
qH

Πv,L
H =

(1− s)n2

2k
,

qv,LΓ =arg max
qΓ

Πv,L
Γ =

n1

2
.

Here again, for the same reason as above, the optimal revenue-share for the non-integrated CP is

given by

sv,L = arg max
s

Γ = 1/2. (13)

Lemma 3 (Equilibrium Quality Choice under Self-Preferencing). With vertical integra-

tion and self-preferencing there exists a unique pure strategy equilibrium. If the integrated CP is of

higher efficiency, then it chooses a quality level of qv,HΓ = n1
2k

, and the non-integrated CP a quality

level of qv,HL = (1−s)n2
2

. If the integrated CP is of lower efficiency, then it chooses a quality level of

qv,LΓ = n1
2

, and the non-integrated CP a quality level of qv,LH = (1−s)n2
2k

.

Proof: See Appendix K. �
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7.3. Quality investment incentives

In order to understand how vertical integration with self-preferencing impacts content quality, it

is once again instructive to consider the four investment incentive effects. Thereby, one needs to

differentiate between the impact of the fact that the ranking is biased (i.e., CPs cannot compete for

the first ranking position through content qualities or bids), and the impact of the fact that one CP

is vertically integrated (i.e., the revenue-share is asymmetric and set to zero for the integrated CP).

As we will show next, a biased ranking generally has a negative impact on investment incentives,

whereas vertical integration has a positive impact on the content quality of the integrated CP.

To see this, consider first what would happen if the ranking was ‘just’ biased (promoted either H

or L unconditionally), but none of the CPs were vertically integrated with the platform. In this case

the competition effect, the uncertainty effect and the payment-reduction effect are absent. There-

fore, in case CP H is promoted, the content qualities are exactly the same as under a sponsored

ranking, provided the revenue share s is the same. However, under a biased ranking, in which the

CPs do not compete in bids, the platform would set a lower revenue share than under a sponsored

ranking, thus yielding a lower revenue-share effect. Consequently, even when the platform is biased

towards the more efficient CP, the content qualities of each CP would be strictly lower than the

respective qualities under a sponsored ranking. This means that when comparing a biased rank-

ing where H is always promoted with an organic ranking, then the same intuitions derived when

comparing a sponsored ranking with an organic ranking carry over, but the parameter regions in

which an organic ranking yields the higher expected quality will increase, for both H and L.

In case the ranking would promote the less efficient CP L, then outcomes would be even worse.

This is because the less efficient CP is now enjoying the larger scale due to being in the first

position, which creates a negative quality distortion at the top. One can show that in this case,

the average quality set by CP H and CP L must be strictly lower than in a ranking that is biased

towards the more efficient CP. For a full analysis of the case of a biased ranking without vertical

integration we refer to Appendix J.

Now consider how vertical integration alters the above argumentation. In this case, the revenue-

share effect acts differently on the integrated developer. Whereas the platform demands a positive

revenue share from the non-integrated CP, it demands a revenue share of s= 0 from the integrated

CP. This provides the integrated CP with strong incentives to invest in quality under vertical

integration; indeed much stronger than under either an organic ranking or a sponsored ranking.

Consequently, vertical integration with the platform will yield lower incentives to invest in quality

for the non-integrated CP than under either organic ranking or a sponsored ranking; but vertical

integration can yield a significantly higher incentive to invest in quality for the integrated CP than

any other ranking regime.
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Figure 5 Comparison of Content Qualities under Vertical Integration with Self-Preferencing
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Note. Vertical integration results in a higher revenue-share effect for the integrated CP and may therefore lead to a

higher content quality of the integrated CP than under either an organic ranking or a sponsored ranking. However,

due to self-preferencing the content quality of the non-integrated CP is weakly lower than under either an organic

ranking or a sponsored ranking. All figures derived for n1 = 6, n2 = 4, γ = 1.

This is exemplified in Figure 5. In case self-preferencing occurs with respect to CP H, Figure

5a shows that the boost in the revenue-share effect leads to a higher content quality of CP H

than under an organic ranking or sponsored ranking. On the contrary, CP L will offer a weakly

lower content quality than under an organic ranking or sponsored ranking due to the weakly lower

competition and revenue-share effects. In case self-preferencing occurs with respect to CP L, Figure

5b shows that the boost in the revenue-share effect can compensate the weakly lower competition

effect, so that CP L offers a higher content quality than under an organic ranking or sponsored

ranking. In reverse, CP H experiences a weakly lower competition and revenue-share effect, and

thus offers a lower content quality than under an organic ranking or sponsored ranking.9 Taken

together, this yields the following proposition.

Proposition 6 (Vertical Integration with Self-Preferencing). Vertical integration with

self-preferencing leads to (a) weakly lower competition and revenue-share effects for the non-

integrated CP, and (b) a weakly lower competition effect, but a strictly higher revenue-share effect

for the integrated CP, compared to either an organic ranking or a sponsored ranking. Hence, the

expected content quality of the non-integrated CP is weakly lower, but the content quality of the

integrated CP can be higher than under either an organic ranking or a sponsored ranking.

Proof: See Appendix K and Figure 5 for existence. �
9 In case self-preferencing occurs with respect to CP L and additional positive (negative) quality distortion occurs
for CP L (CP H) due to the larger (smaller) expected scale compared to an unbiased ranking (see Appendix J).
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8. Welfare analysis

Finally, we compare the sponsored ranking and organic ranking algorithms also from a welfare

perspective. We measure welfare by (i) consumer surplus (CS), (ii) platform profit, and (iii) CPs’

profits/surplus (CPS). From an antitrust perspective, consumer surplus will be of paramount

importance, especially in the US. However, it can be argued that CPs’ profits are more important

with respect to the long-run economic well-being of content producers. The platform’s profit is

important for determining which ranking regime would be preferred by the platform, and, when

contrasted with consumer surplus, market failures can be identified.

Consumer surplus (CS): In our model consumer surplus is given by the sum of the (expected)

demand of CPs H and L, i.e., CS =D=DL +DH . DL and DH are given in the Appendix by (27)

and (28) for an organic ranking, and under a sponsored ranking we have simply DL = DL,2 and

DH =DH,1. Figure 6a compares the consumer surplus between an organic ranking and sponsored

ranking for the same demand function as in Figure 3b and over the whole feasible range of the

parameters γ and k. It can be seen again that no ranking clearly dominates. In the example, organic

ranking yields a higher consumer surplus only if the platform can assess content quality relatively

well (γ is sufficiently large), and CPs differ not too much in efficiency (k is sufficiently high). In

the light of our previous analysis, this means that an organic ranking is likely to lead to a higher

consumer surplus only if the competition effect is relatively strong and the uncertainty effect is

relatively weak.

CPs’ surplus/profits (CPS): The CPs’ surplus is given by CPS = ΠH + ΠL, where Πi is given

in Equations (4) and (7) for the organic and the sponsored ranking algorithm, respectively. Figure

6a also compares the CP surplus across the two algorithms. Again, no ranking dominates. In the

example, the organic ranking yields a higher surplus for CPs only if the uncertainty effect is weak

(γ is large), and the competition effect is weak, or even absent (k is small). This is because, when

the competition effect is strong, CPs invest much more in quality, which is good for consumers, but

bad for CPs’ surplus, as it incurs large fixed costs. Consequently, CPs prefer an organic ranking

over a sponsored ranking in about the same parameter region where an organic ranking results in

lower content qualities for both CPs (cp. Figure 3b).

However, by just considering the combined CP surplus, we would mask the fact that the combined

surplus is indeed mostly driven by CP H. Figure 6b highlights that CP L would prefer an organic

ranking for a much larger range of parameters than CP H. This is mostly due to the uncertainty

effect, which leaves CP L relatively better off when γ is low. In fact, notice that in the example

CP L would never prefer an organic ranking over a sponsored ranking if there were no ranking

uncertainty (γ = 1).
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Figure 6 Comparison of Consumers’ Surplus, Platform Profit, and CPs’ Profits between Organic Ranking and

Sponsored Ranking

(a) Consumers’ Surplus, Platform Profit, and CPs’ Profits

0.5 0.6 0.7 0.8 0.9 1.0

0.0

0.2

0.4

0.6

0.8

1.0

γ

k


k

CS  > CS s

CPS  > CPS s

o

o

Γo > Γs

(b) Profits of CP H and CP L

0.5 0.6 0.7 0.8 0.9 1.0

0.0

0.2

0.4

0.6

0.8

1.0

γ

k

πL > πsL

πH > πsH

k


o

o

Note. (a) Comparison of consumers’ surplus and CPs’ surplus between the organic and the sponsored ranking over

the full range of parameter values for k and γ. In the diagonally-shaded area, the organic ranking yields higher

surplus for consumers. In exactly the same area, the organic ranking also yields higher profits for the platform. In

the horizontally-shaded area, organic ranking yields a higher surplus for the CPs. In the non-shaded area, sponsored

ranking yields a higher surplus for consumers (and the platform) and CPs. (b) Comparison of CP H’s and CP L’s

preferred ranking algorithm for all parameter values of k and γ. In the diagonally-shaded area, organic ranking yields

higher expected profit for L. The horizontally-shaded area yields higher expected profit for H under organic ranking.

Figures derived for n1 = 6, n2 = 4.

Platform Profit (Γ): The platform surplus is readily given by Γ in (5). We can show numerically

that, for all possible parameterizations of the linear demand functions, the platform makes higher

revenues under a sponsored ranking exactly in the same parameter regions where the consumers

receive a higher surplus under a sponsored ranking (see Figure 6a). This holds not only in the

example but for linear demand functions more generally.10 Thus, if the platform were to choose a

ranking algorithm, say in Stage 0 of an extended game, then it would always choose exactly the

algorithm that would maximize consumer surplus. This is because the platform makes revenues

based on the CPs’ expected gross revenues, but not based on CPs’ profits (i.e., not including

the investment costs). CP’s gross revenues are maximized when the total demand is maximized,

i.e., when consumers’ surplus is maximized. Therefore, when choosing the ranking algorithm, the

platform’s incentives and the consumers’ incentives can be perfectly aligned.

Vertical Integration: Finally, it is insightful to consider the welfare outcomes also in the case

of vertical integration with self-preferencing. From Proposition 6 we already know that vertical

10 However, this result does not necessarily hold for more general demand functions.
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Figure 7 Consumer Surplus and Industry Profit under Vertical Integration with Self-Preferencing
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Note. Vertical integration with self-preferencing can result (a) in a higher consumer surplus and (b) in a higher total

industry surplus, both in case CP H or in case CP L is vertically integrated with the platform. All figures derived

for n1 = 6, n2 = 4, γ = 1.

integration can yield higher content qualities for the integrated provider than any of the other

unbiased ranking regimes. Figure 7 confirms that this also means that vertical integration can yield

a higher consumer surplus and a higher total industry profit (i.e., the sum of platform profit and

CP’s profit) than an unbiased ranking regime without vertical integration.11 Vertical integration

may even then lead to higher consumer surplus and industry profits than the unbiased rankings if

the platform is integrated with the less efficient content provider.

Proposition 7 (Welfare). No single ranking algorithm always yields the highest social welfare:

Depending on the strengths of the competition, uncertainty and revenue-share effects, either the

organic ranking or the sponsored ranking can yield the highest consumer surplus, CPs’ surplus or

platform profit.

In case of a linear demand function the platform always prefers a sponsored ranking over an organic

ranking exactly when this maximizes consumer surplus.

Vertical integration with self-preferencing can yield a higher consumer surplus and industry profit

than an either the organic ranking or the sponsored ranking.

Proof: For the first part and third part of the proposition see Figure 6a and Figure 7 for

existence, respectively. The second part is shown numerically for the full range of the parameters

k and γ and arbitrary values of n1 and n2 with n1 >n2. �

11 Note that it is not possible to separate the platform’s profit from the CPs’ profits anymore with vertical integration.
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9. Conclusions
9.1. Summary and theoretical contribution

We developed a game-theoretic model with a monopoly platform and two content providers in order

to investigate how a sponsored ranking algorithm affects content quality and welfare in comparison

to an organic ranking algorithm. We identified four distinct strategic effects – the competition

effect, the uncertainty effect, the revenue-share effect, and the payment-reduction effect – which

jointly determine content providers’ incentives to invest in content quality, and hence welfare.

Intuitively one would expect that an organic ranking provides content providers with the highest

incentives to invest in quality, precisely because content providers compete for the top ranking

position in quality. Indeed this is what we denote as the (1) competition effect, and we can show

that it becomes stronger the more similar content providers are with respect to their ability to

produce content quality. However, we could also show that a sponsored ranking algorithm can yet

lead to higher overall content quality and welfare. This is due to two additional effects.

(2) Revenue-share effect: Under a sponsored ranking, content providers react more strongly to a

marginal increase in the platform’s revenue share for two reasons. First, whereas under an organic

ranking a reduction in quality corresponds to a lower probability of being in the first ranking

position, this is not the case under a sponsored ranking, where the ranking position does not

directly depend on content quality. Therefore, under an organic ranking content providers cannot

afford to decrease their quality as much as under a sponsored ranking in response to an increase in

the revenue share. Second, under a sponsored ranking content providers can react to an increase in

the revenue share through two strategic channels: through a reduction in quality, and through lower

bids in the position auction. On the contrary, under an organic ranking, content providers can only

react through a reduction in quality. Taken together, content providers are more sensitive to an

increase in the platform’s revenue share under a sponsored ranking, which induces the platform to

set a lower revenue share under this ranking regime. This in turn, provides content providers with

a higher incentive to invest in quality under a sponsored ranking compared to an organic ranking.

(3) Uncertainty effect: Under an organic ranking content quality is also affected by the platform’s

uncertainty in identifying content quality. The higher the uncertainty, the lower the incentives of

the more efficient content provider to invest in quality, but the higher the incentives of the less

efficient content provider to invest in quality. In reverse, a sponsored ranking does not suffer from

such investment distortions due to CPs’ uncertainty because the winner of the position auction

can be determined with certainty.

Furthermore, the same three effects can also explain the outcomes and investment incentives

under a hybrid sponsored ranking, which considers both quality and bids. However, in hybrid

sponsored rankings an additional investment incentive arises, because the CP who expects to win
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the auction, has an extra incentive to to increase its quality in order to lower its payment in the

auction. This is what we denote as the (4) payment-reduction effect. This does not mean, however,

that overall investment incentives are strongest under a hybrid sponsored ranking, because we

can show that the other investment incentive effects are less pronounced than under either a pure

sponsored or a pure organic ranking.

Finally, we also considered the case where the platform is vertically integrated with one content

provider and always promotes its own content. Vertical integration yields a boost in the revenue-

share effect for the integrated provider, and thereby provides it with strong incentives to invest in

content quality. However, because the ranking is biased towards the integrated provider, the non-

integrated provider now has lower investment incentives than under an organic ranking or sponsored

ranking. Nevertheless, vertical integration with self-preferencing can overall yield a higher average

content quality and consumer welfare than unbiased ranking regimes without vertical integration.

9.2. Managerial implications

From a managerial perspective, our model highlights that a sponsored ranking may indeed be

beneficial for content providers on a dominant platform, especially those who can produce content

quality with high efficiency. In an environment where it is difficult for the platform to assess

quality accurately, or where the platform applies an intransparent editorial policy, efficient content

providers prefer to bid for a top position, which is a reliable way to signal their quality, rather than

to rely on the platform’s noisy (and potentially biased) quality assessment process. Moreover, a

sponsored ranking shields content providers from engaging in a costly quality-based competition.

Competition in quality is comparably costly, because marginal investments in ‘quality’ become

increasingly expensive, whereas competition in ‘money’ entails constant marginal costs. Thus, a

sponsored ranking can yield higher profits for content providers, because it prevents them from

excessive investments in quality, above and beyond the quality level that they would offer absent

any competition.

However, a sponsored ranking may also pick winners and losers. Those content providers that

are less efficient and therefore have a competitive disadvantage are likely to be worse off under a

sponsored ranking. In particular, we have shown that under a sponsored ranking even a very small

difference in the providers’ inefficiencies will, in contrast to an organic ranking, yield a distinct

differentiation in the the providers’ content quality. This is because under a sponsored ranking

the more efficient content provider can secure the top position with certainty. On the contrary,

under an organic ranking the more efficient provider can never be certain to be in the top position,

even when the platform can assess content quality with certainty. This effect becomes even more

pronounced when the platform cannot assess content quality accurately.
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9.3. Policy implications

From a policy perspective, an important observation is that the platform’s and consumers’ preferred

ranking algorithm can be perfectly aligned. This is because the platform prefers the algorithm that

yields the higher weighted average of the expected qualities, which is a proxy for the gross revenues

that content providers receive, and which therefore corresponds to a higher profit of the platform.

Thus, our model provides an example of an online market where the exercise of market power by a

dominant platform does not translate into a loss of consumer welfare. Yet, it is important to point

out that under a total welfare standard market failures may still occur, because consumer welfare

ignores the content providers’ investment costs. This supposed shortcoming of the consumer welfare

standard, which is adopted, e.g., in US antitrust enforcement, has recently led to a lively debate

regarding the appropriate welfare standard for policymakers (see, e.g., Khan 2017). Our model

informs this debate by formalizing the conditions under which the consumer welfare standard is

not an appropriate signal for market power in digital markets.

Furthermore, in Europe policymakers have proposed to impose ‘neutrality’ regulation for domi-

nant online platforms, like app stores (CNNum 2014, ARCEP 2018). Extending the legal framework

of net neutrality, which currently only applies to Internet Service Providers, would possibly pro-

hibit online platforms to offer pay-for-prominence regimes, such as a sponsored ranking (cf. Easley

et al. 2018). Our results are a critical assessment in this regard. The application of such a rule

would crucially depend on the market environment and its intended purpose. In general terms, we

identify many instances in which a sponsored ranking regime would yield better results (in terms

of quality and welfare) than an organic ranking regime. Thus, our findings do not support ex-ante

regulation of ‘platform neutrality’. If, however, the purpose of the rule is to ensure competition

between content providers, especially in order to protect ‘small’ and less efficient content providers,

then a ‘neutrality’ rule may be warranted.

A neutrality rule has also been proposed in an effort to prevent self-preferencing of the plat-

form’s own, vertically integrated content or service. For example, this is the proposed remedy of

the European Commission following an anti-trust investigation of Google, who favored its own

shopping comparison service in the search results (European Commission 2017). Similar remedies

are envisaged in the context of app stores, because the ranking algorithm in Apple’s App Store

seems to be biased towards Apple’s own apps (Mickle 2019, Nicas and Collins 2019). We show

that vertical integration per se need not be to the detriment of consumers, because it can boost

the quality of the integrated content or service by a surge in the revenue-share effect. However,

self-preferencing creates a bias in the ranking that destroys the competition for the more prominent

position. This results in lower content quality, especially for the non-integrated provider. Therefore,

measures that prevent ranking biases, e.g., more transparency of the platforms on the factors that
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determine a ranking position, can ensure fair and effective competition, which will improve mar-

ket outcomes. In Europe, a first step in this direction has recently been pursued by the so-called

Platform-to-Business Regulation (European Commission 2019b). Moreover, European lawmakers

are currently considering additional ex-ante regulation for dominant platforms in the context of

the Digital Services Act, which may include a complete ban of self-preferencing.

9.4. Limitations and future research

In closing, we would also like to mention some limitations of our model that may prompt future

research. First, we have highlighted in the introduction that large platforms, such as app stores or

search engines, are considered to have significant market power by policymakers both in the US and

in the EU. Therefore we have modeled the strategic trade-offs faced by a monopolistic platform.

Yet, a possible policy agenda may be to introduce more competition among platforms. Therefore,

it could be insightful to see how competition between platforms affects content quality and a

platform’s choice of the ranking algorithm. While a complete analysis of competition is beyond the

scope of this paper, two arguments can already be made here: First, in such an environment content

providers will usually multihome (are present on both platforms), while consumers singlehome

(choose one platform exclusively). For example, Bresnahan et al. (2014) show in the context of

app stores that those apps which “satisfy the bulk of user demand” are available on both Apple’s

App Store and Google’s Play Store. This gives rise to a situation in which platforms would only

compete for the singlehoming users, but not for the content providers. In fact, once users have

signed up with a given platform, and can only be reached through it, this creates a ‘competitive

bottleneck’ (Armstrong and Wright 2007), which gives each platform monopoly power over the

multihoming content providers. In the context of our model, this means that, given a certain user

market share, each platform faces the same strategic trade-offs when setting the revenue share as

if it were a monopolist, and therefore, our main results would not change. Second, in the context

of online markets, it is reasonable to assume that multihoming content providers would offer the

same content quality on each platform (e.g., because they can develop platform independent apps

in Java). Further assume singlehoming consumers choose the platform from which they expect the

higher surplus (average weighted content quality). Then platforms would compete for consumers

on the basis of the ranking algorithm, and all platforms would prefer a sponsored ranking over

an organic ranking for all values of γ < 1. This is because a sponsored ranking always promotes

the content provider with the highest quality, whereas an organic ranking promotes the content

provider with the highest quality only with probability γ < 1, so that the average weighted content

quality is higher under a sponsored ranking.
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In our analysis, we have taken the platform’s ranking uncertainty γ and the content providers’

cost difference k to be exogenous parameters. Future research could seek to endogenize these param-

eters, for example through modelling a consumer review system which would allow the platform

to improve its ranking uncertainty, or by specifying a technological distance between a platform

and the content provider that would motivate differences in the cost function. However, since we

compare the different ranking algorithms for all possible combinations of these parameters, this

would not yield new market outcomes, but rather limit the set of possible outcomes. In particular,

recall that even if the platform can identify content quality perfectly in the long run, e.g., due to

user feedback or downloads, which corresponds to γ = 1 in our model, then a sponsored ranking

can still provide higher incentives to invest in quality than an organic ranking if the competition

effect is relatively weak.

Moreover, we have considered content providers that can only invest in quality that increases

consumers’ utility. Thus, investments in quality are beneficial for both consumers and content

providers. We would expect different outcomes in a setting where content providers have a strategic

instruments that are able to reduce consumers’ welfare, for example, prices or investments in a more

intrusive advertising technology or other privacy diminishing measures. A sponsored ranking may

increase the usage of such malicious content, because it would be possible to attain a high ranking

position despite being of low quality for users. Clearly, this can be attenuated by a hybrid sponsored

ranking with quality factor, but even more so by a pure organic ranking. Thus, if investments if

investments in malicious content is of a dominant concern, this would change our results and policy

implications, and may support the application of a neutrality rule after all.
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Online appendix

Appendix A: Equilibrium derivation under an organic ranking with more general
demand functions

Stage 3: Given the CPs’ quality choices in Stage 2 and the revenue share in Stage 1, the CPs’ revenues

and profits are readily given by equations (3) and (4), respectively.

Stage 2: In order to derive the equilibrium it is necessary to determine the reasonable quality range for

each CP first. To this end, note that L can choose not to compete in qualities, i.e., to serve only users

accessing the content in the second position. L’s profit in this situation is

ΠL = (1− s)DL,2− q2
L. (14)

Maximization with respect to qL results to

q
L

=
(1− s)

2

∂DL,2

∂qL
. (15)

By inserting equation (15) into (14) we obtain an outside profit of

Π̃L = (1− s)DL,2− q2

L
. (16)

Suppose there is a qL > qH , resulting in a profit of Π̂ for which L obtains the top position with probability

γ. qL is a reasonable choice if Π̂L

!

≥ Π̃ holds. We can rearrange this to determine the maximum reasonable

quality of CP L as

qL =

√
(1− s)DL,1− Π̃L. (17)

This quality level is sufficient to outbid CP L. Choosing qH = qL provides CP H with an outside profit of

Π̃H = (1− s)DL,1− q2
L. (18)

Note that H chooses qH ≥ qL if qL ≤ arg maxqH ΠH . Thus, there is a corner case where quality competition

does not occur that is characterized by qL
!
= arg maxqH ΠH . Solving for k yields

k̃=
(1− s)

2qL

∂Dm
H,1

∂qmH
. (19)

Consequently CP H’s maximum quality level is:

qH =

{
arg maxqH ΠH = (1−s)

2k

∂DH,1

∂qH
for k≤ k̃

qL for k > k̃
(20)

This means that two types of equilibria can arise depending on k. First, a pure strategy equilibrium occurs

if k≤ k̃. In this case H’s maximization problem results to

qH = arg max
qH

ΠH =
(1− s)

2k

∂DH,1

∂qH
, (21)

and L’s maximization problem yields

qL = arg max
qL

ΠL =
(1− s)

2

∂DL,2

∂qL
. (22)

This is an unique equilibrium since choosing qL > qH yields lower profits for L due to qH ≥ qL.
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Second, a mixed strategy equilibrium can arise for k > k̃. Suppose CP H chooses qH ∈ (qH , qH ] with a

positive probability p. If choosing the quality level qH were part of L’s quality strategy, then there would

be a positive probability for a tie. L’s profit in case of a tie is (1− s)DL,2 −CL. However, for L setting a

marginally higher quality would give larger profits. This is because a slightly higher quality yields a marginal

increase of costs for L, but a significant increase of expected revenue, since the probability to get the first

position and to receive a demand of DL,1 increases by p. Consequently choosing the quality level qH cannot

be part of the equilibrium strategy of L if qH is chosen by H with probability p. Consider further that if qH

is not played by L, a marginal lower quality level yields the same probability for H to get the first position

and to receive a demand of DH,1. Thus, choosing qH minus an increment is strictly better than choosing qH

with probability p as long as the decrease in costs for quality is higher than the decrease in expected revenue.

Choosing the lower bound qH with probability one is also not an equilibrium, since L would outbid H by

choosing qH plus an increment. Consequently, the equilibrium quality strategy of H consists of a mass point

at its lower bound, and an atomless distribution of qH between qH and qL.

The equilibrium strategy of L looks similar. We already mentioned that L will never choose a quality that

is played by H with probability p. Thus, it will never play qH as long a qH is a mass point in H’s equilibrium

strategy. It will further choose no quality level between qH and qL, because the probability to receive DL,1

remains zero in this range; but the profit from receiving DL,2 is maximized at qL. Further, L will never choose

a qL ∈ (qH , qL] with a positive probability p. To see this, suppose L chooses a quality qL with probability p.

Then H will never choose a qH which is equal to qL minus an increment, because the probability to receive

DH,1 is much higher by choosing qH = qL. But, if H never chooses qL minus an increment, then choosing

qL minus an increment instead of qL yields the same probability for L to receive DL,1. Consequently, an

equilibrium strategy of L can only have a mass point at qL. This mass point is always part of L’s equilibrium

strategy. If L never chooses qL then H always loses the quality based competition by choosing qH . Note that

in such a situation H gets Π̃H if it chooses qL, and (1− s)DH,2 − k qH2 if it chooses qH . Note further that

for k = 1 both profits are equal, because the equality of both profits determines the maximum quality level

that L chooses. For every lower k the revenue side of both profits remains equal, but the costs of choosing

qL decrease by a factor qL
2, and the costs of choosing qH decrease by a factor qH

2. That is, for every k < 1

choosing qL yields a higher profit. Thus, H will never choose a quality level which is lower than the minimal

quality level of L. Consequently, any strategy where L does not choose qL cannot be part of an equilibrium

strategy. Finally, choosing qL with probability one cannot constitute an equilibrium strategy either, because

the best response of H is to choose qH with probability one, which, however, also cannot be an equilibrium

strategy, as already mentioned.

Thus, the equilibrium strategies of both CPs consist of a mass point at the respective lower bound, and an

atomless distribution between qH and qL. Consequently, for every quality choice of L, the condition ΠL
!
= Π̃L

holds, and for every choice of H, the condition ΠH
!
= Π̃H holds. Solving for CDFs yields:

FH =
Π̃L− ((1− s)DH,2− q2

H)

(1− s)(DH,1−DH,2)
, (23)

FL =
Π̃H − ((1− s)DL,2− k q2

L)

(1− s)(DL,1−DL,2)
. (24)
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Finally, with the CDFs at hand, we can derive q
H

. Let the corresponding probability density functions

(PDF) of H’s and L’s quality choice be fH and fL, respectively. Values of q where one of the PDFs is negative

cannot be reasonable. As both PDFs are increasing in q, we can solve for the minimum feasible q by solving

for the maximum root of both PDFs. Solving fL
!
= 0 and fH

!
= 0 we obtain that the maximum root is

q
H

=max




q
L
,

(DH,1−DH,2)(
∂DH,1

∂q
H

− ∂DH,2

∂q
H

) +

√√√√√√
(DH,1−DH,2)2

(
∂DH,1

∂q
H

− ∂DH,2

∂q
H

)2 −
Π̃H

k
−

(1− s)
(
DH,1

∂DH,2

∂q
H

−DH,2

∂DH,1

∂q
H

)

k
(
∂DH,1

∂q
H

− ∂DH,2

∂q
H

)




.

(25)

Note that this minimum quality is chosen by CP H with a probability of FH(q
H

). Likewise, the probability

that CP L chooses its minimum quality q
L

, and does not compete for the top position in the ranking, is

FL(q
H

).

Proof of Lemma 1: In the case of a linear demand function with d1 = n1 qH and d2 = n2 qH , equations

(1) and (2) simplify to Di,1 =N1qi and Di,2 =N2 qi, respectively, where N1 and N2 are defined as in Lemma

1. Substituting this into the above formulas for Fi, qL and qi, with i= {L,H} yields Lemma 1.

Stage 1 In the first stage the platform selects the revenue share, s, which it commands from the CPs.

Thereby, it anticipates how its choice of s will affect the CPs’ subsequent quality choice. Since the platform

is a monopolist, s is determined by maximization of the platform’s profit

s= arg max
s

Γ =
DL +DH

−
(

dDL

ds
+ dDH

ds

) =
D

−dD
ds

, (26)

where D=DL +DH is the expected total demand of both CPs with

DL =FL(qH)DL,2

+

(∫ qL

q
H

(FH fLDL,1)dqL

)
+

(∫ qL

q
H

((1−FH)fLDL,2)dqL

)
, (27)

DH =FH(qH)FL(qH)DH,1 +FH(qH) (1−FL(qH))DH,2

+

(∫ qL

q
H

(FL fHDH,1)dqH

)
+

(∫ qL

q
H

((1−FL)fHDH2)dqH

)
, (28)

and where Di is the expected demand of CP i’s content and dDi

ds
is the corresponding total differential with

respect to s. We note that in the linear demand case the platform would demand a revenue share of s= 1/2

in equilibrium.

Appendix B: Properties of FH and FL

In the following we show that the quality choices of CP H first-order stochastically dominate the quality

choices of CP L, i.e., FH(q)≤ FL(q) for all 0≤ k < 1. Furthermore, we show that for k= 1 the quality choices

of both CPs coincide, i.e. FH(q) = FL(q) for k= 1.

Proof of stochastic dominance of FH over FL: First, note that for any given q = qH = qL, we have

D1 =DH,1 =DL,1 and D2 =DH,2 =DL,2. Consequently we can write the CDFs as follows:

FH =
Π̃L− ((1− s)D2− q2)

(1− s)(D1−D2)
, (29)
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FL =
Π̃H − ((1− s)D2− k q2)

(1− s)(D1−D2)
. (30)

Suppose first-order stochastic dominance holds, then FH ≤ FL holds for any given quality level q = qH =

qL ≤ qL and 0≤ k≤ 1. Substituting (29) and (30) into this condition yields

(1− k)q2 ≤ Π̃H − Π̃L. (31)

Recall that the expected profit of L when choosing qL is Π̃L. Consequently, we can write L’s outside profit

as Π̃L = (1− s)D1− q2
L. Inserting this result and Π̃H into inequality (31) yields

(1− k)q2 ≤ (1− k)q2
L, (32)

which is true for all 0≤ k≤ 1 and q≤ qL.

Proof of identity of FH and FL for k = 1: See that for k = 1 formula (32) holds with equality, from

which it can be immediately followed that FH = FL holds in this case.

Appendix C: Equilibrium derivation under a sponsored ranking with more general
demand functions

Stage 4: Stage 4 corresponds to Stage 3 in Section 3.

Stage 3: In this stage the CPs submit bids given their quality choice in Stage 2. In a second-price auction

it is a weakly dominant strategy to bid one’s true valuation (Krishna 2010, Proposition 2.1). A CP’s value

for the first position is determined by the additional profit that can be attained by being in the this position.

That is, in equilibrium bi = Πi,1−Πi,2 = (1− s)(d1(qi)− d2(qi)).

Stage 2: Consequently, the CP that has a larger incremental profit from being in the first position will

always win the auction in Stage 3. As investment costs in quality are sunk at this stage, the CP that has

chosen the higher quality level in Stage 2 will therefore always win the auction in Stage 3. For all feasible

values of k, it can be shown that CP H can choose its profit maximizing quality level, qmH without risking that

CP L might choose a higher quality. To see this, suppose L would choose a higher quality, i.e., qL = qmH (plus a

small increment) instead of its profit maximizing quality in the second position, q
L

. Then it would expect to

win the auction and make a profit of ΠL,1 = (1−s)d1(qmH )−CL(qmH )−bH with bH = (1−s) (d1(qmH )−d2(qmH )).

However, it is then easy to see that ΠL,1 = (1− s)d2(qmH )−CL(qmH )< (1− s)d2(q
L

)−CL(q
L

) = ΠL,2, because

L’s net profits are as if it were in the second position, and q
L

is the profit maximizing quality choice for the

second position. Consequently, given the same revenue-share s and for γ = 1, the content providers would set

the same quality levels as under the pure strategy equilibrium given by Equations (21) and (22), respectively.

Thus, under a sponsored ranking, there exists a unique pure strategy equilibrium in Stage 2, where CPs L

and H choose the quality levels

qL =
(1− s)

2

∂dL,2
∂qL

(33)

qH =
(1− s)

2k

∂dH,1
∂qH

(34)

Proof of Lemma 2: In the case of a linear demand function it follows that Di,1 = d1(qi) = d1 qi and

Di,2 = d2(qi) = d2 qi with i= {L,H}. Substituting this into the above formulas immediately yields Lemma 2.
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Stage 1: Finally, in the first stage, the platform determines the revenue share, s, so that s = arg maxs Γ =

arg maxs s(DH,1 +DL,2)− bL. This yields:

s=
DH,1 +DL,2 + dbL/ds

−
(

dDH,1

ds
+

dDL,2

ds

) =
D

−dD
ds

+
dbL/ds

−dD
ds

(35)

.

Appendix D: Proof of q
L
≤ q

H
< qL = qH

Notice that q
L
≤ q

H
holds if H chooses quality levels of qH ≤ qL with zero probability, i.e.,

FH(q
L

) =
Π̃L−

(
(1− s)DL,2− q2

L

)

(1− s)(DL,1−DL,2)

!

≤ 0.

Rewriting results to

FH(q
L

) =
Π̃L− Π̃L

(1− s)(DL,1−DL,2)
= 0.

Thus, at qH = q
L

the CDF of H’s strategy is zero, i.e. the probability that H chooses q
L

or a lower quality

is zero. To see that q
L
< qL, notice that the maximum quality of L is

qL =

√
(1− s)DL,1− Π̃L.

Inserting Π̃L yields

qL =
√
q2
L

+ (1− s)(DL,1−DL,2).

Note that qL > q
L

holds as DL,1 >DL,2. Next, see that qL = qH holds if the CDF of H is one at qH = qL.

This results in

1
!
=

Π̃L−
(
(1− s)DL,2− q2

L

)

(1− s)(DL,1−DL,2)

Inserting qL yields

1
!
=

Π̃L−
(

(1− s)DL,2− ((1− s)DL,1− Π̃L)
)

(1− s)(DL,1−DL,2)
.

Rearranging yields

1 =
(1− s)(DL,1−DL,2)

(1− s)(DL,1−DL,2)
,

i.e., the CDF of H is one at qH = qL and thus the maximum quality level of H is qL = qH for k > k̃.

Appendix E: Proof of Proposition 1 (Competition Effect)

Consider that qoL = qsL for k ≤ k̃ and equal s. Consider further that qsL is constant in k and that qsL = qoL.

From qoL > qoL for k > k̃ it follows that E[qoL]> qsL for k > k̃ and equal s, i.e., the competition effect induces

CP L to choose higher qualities under organic ranking.

Consider that qoH = qsH for k≤ k̃ and equal s. Note that E[qoH ]> qsH for k > k̃ holds if
∫ qoH

qs
H

fH(qH) qH dqH >FH(qo
H

) qo
H

+

∫ qsH

qo
H

fH(qH) qH dqH .

Note that both sides of the inequality are equal for k≤ k̃. Consequently E[qoH ]> qsH for k > k̃ holds if the

first derivative of the left side with respect to k is higher than the first derivative of the right side. Rewriting

the inequality by means of partial integration yields

Paying for Prominence

51
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0> 2FH(qsH) qsH −FH(qoH) qoH +

∫ qoH

qs
H

FH(qH)dqH −
∫ qsH

qo
H

FH(qH)dqH .

Note that FH(q) and qoH are independent of k, i.e. k affects qsH and qo
H

. Calculating the first derivative of

the inequality with respect to k results to the following condition for E[qoH ]> qsH under k > k̃:

0> 2 qsH fH(qsH)
∂qsH
∂k

+FH(qo
H

)
∂qo

H

∂k

Note that qsH > 0, fH(qsH)> 0, FH(qo
H

)> 0,
∂qsH
∂k

< 0 and
∂qo

H

∂k
< 0. Consequently E[qoH ]> qsH for k > k̃ holds.

Appendix F: Proof of Proposition 2 (Uncertainty Effect)

In order to proof the uncertainty effect, we have to show that under an organic ranking CP H has a

lower incentive invest into qH as γ falls, and that CP L has a higher incentive to invest in qL as γ falls,

everything else being equal. First consider the case, where the pure strategy equilibrium emerges (k < k̃).

Here the uncertainty effect can be shown immediately. Since DH,1 = γd1(qH) + (1− γ)d2(qH), it follows that
∂DH,1

∂qH
= γ ∂d1(qH)

∂qH
+ (1 − γ) ∂d2(qH)

∂qH
, which increases in γ since ∂d1(q)

∂q
> ∂d2(q)

∂q
. Thus, by Equation (21) qH

must decrease as γ decreases. Likewise, it holds that DL,2 = (1−γ)d1(qL) +γd2(qL) decreases in γ. Thus, by

Equation (22) qL must increase as γ decreases.

From this proof, it is also evident that the uncertainty effect must become stronger (i.e. γ has a larger effect

on investment incentives) if the demand function becomes more convex, because this means that ∂d1

∂qi
− ∂d2

∂qi

increases. The reverse holds for a more concave demand function.

For k > k̃ generally the same logic applies, but here the uncertainty effect interacts with the competition

effect, which has a countervailing effect on CP L’s quality choice. However, the uncertainty effect follows

from the minimum scale effect and the additional-scale effect, respectively. In Appendix B it is shown that

FH stochastically dominates FL for k < 1, which means that in the mixed strategy equilibrium CP H chooses

the highest content quality more often than CP L. Thus, when γ decreases, CP H suffers more often from the

corresponding reduction in Di,1 than from the corresponding increase in Di,2, which makes it less attractive

to invest in qH . This corresponds to the additional scale effect. The reverse holds true for CP L, who sets

the lower content quality more often, and thus benefits more from the increase in Di,2 than the decrease in

Di,1 as γ decreases.

Appendix G: Proof of Proposition 3 (Revenue-Share Effect)

Below, we derive that the platform will set a lower revenue share under a sponsored ranking for linear demand

curves and that this result holds also for a range of concave and convex demand curves which are sufficiently

linear, i.e., not too convex or too concave. This means that, everything else being equal, due to this revenue

share effect, CPs often have a stronger incentive to invest in quality under a sponsored ranking.

At first consider the case where the competition effect and the uncertainty effect are not present, i.e.,

k < k̃ and γ = 1. In this case, under both regimes, CP H will always attain the first position and CP L will

always attain the second position. Consequently, CPs face the same strategic incentives to invest in quality

under both regimes. This means that, in this case, both the total demand as well as the total differential

of demand with respect to s must coincide, i.e., Do =Ds and dDo

ds
= dDs

ds
. Yet, by comparing formulas (6)
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Krämer, and Zierke: Sponsored Rankings and Content Quality
44

and (8) it is evident, that the platform will nevertheless select a lower revenue share in equilibrium under a

sponsored ranking, due to the additional influence of s on the expected auction revenue. Therefore, in this

case it must hold for all demand functions that ss < so in equilibrium.

Given this benchmark, we now consider what would happen if k were to increase from k = k̃, i.e., if

additionally the competition effect is present. Three arguments are to be made here:

(i) From Proposition 1, we know that, given the same s, the expected content quality of each CP is higher

under an organic ranking for k > k̃. Consequently, also total demand and total revenue must be higher

under an organic ranking. This means that for any k > k̃ it must hold that Do >Ds. This implies that the

nominator of the first term in formula (6) is larger than in formula (8).

(ii) Due to the the fact that CPs compete in qualities under an organic ranking, they cannot afford to reduce

their qualities as much as under a sponsored ranking in response to an increase in s. This tends to lower the

absolute value of | dDo

ds
| relative to | dDs

ds
|.

(iii) Because CPs’ qualities are different under the two regimes for a given level of s, the CPs’ reactions to

an increase in s now also depend on the shape of the demand curve.

In case of a linear demand curve, the slope is the same at any level of qi, and then only arguments (i) and

(ii) are relevant. This means that, for a linear demand curve, the first term in formula (6) must be larger

than in formula (8), which means that also for k > k̃ it follows that s must be larger under an organic ranking

than under a sponsored ranking.

A convex demand curve tends to decrease ss further, because CPs’ bids react more strongly to an increase

in s. However, because qualities are higher under an organic ranking, the effect identified in argument (ii) is

dampened and possibly reversed. It is not possible to say - for general convex demand curves - which effects

dominate. However, it is safe to argue that ss < so should also hold for a large range of convex demand

functions.

In reverse, a concave demand curve tends to reinforce the effect identified in argument (ii), which tends to

increase so. Moreover, under a concave demand curve, CPs’ reduction in quality is relatively stronger at lower

quality levels. This tends to decrease ss, because qualities levels are lower under a sponsored ranking, given

the same s. On the other hand, CPs’ bids react less strongly to an increase in s under a concave demand

curve, which tends to increase ss. Again, it is not possible to derive more general insights for general concave

demand curves, but the result ss < so prevails as long as the demand curves are not too concave.

Finally, consider how an increase in ranking uncertainty would alter these results. A lower γ makes it less

attractive to attain the top ranking position under an organic ranking, and thereby the competition effect

is softened. In the limit, for γ = 1/2, the CPs are randomly assigned the top position and the competition

effect vanishes completely, i.e., for γ→ 1/2 it follows that k̃→ 1. This also means that, at lower values of γ,

the total differential dDo

ds
must be relatively larger than at higher values of γ, where the competition effect

would be stronger. Hence, a higher ranking uncertainty tends to decrease the optimal so, but has no effect on

ss, of course. Consequently, lowering γ renders the revenue shares to be more similar under the two ranking

regimes, everything else being equal.
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However, for the case of a linear demand function, one can show that ss < so continues to hold over the

whole range of γ. More precisely, in case of a linear demand function the revenue share under sponsored

ranking is

ss =
2 (n1)

3− (k n2)2 (n1−n2)− k n1 n2 (3n1− 5n2)

4 (n1)3− 4k n1 n2 (n1− 2n2)
.

which, for all feasible parameter values, is less or equal to the revenue share under organic ranking with

so = 1/2.

Appendix H: Sensitivity analysis of n1

In the following we study how an increase in the demand in the first position, relative to the second ranking

position influences the investment incentive effects that we have identified. In our model with linear demand

this translates into increasing n1 relative to n2. This, of course, means that attaining the first ranking position

becomes relatively more attractive, which has several implications for the dynamics of the competition under

each ranking that can be immediately derived from the existing analysis.

First, an increase in n1, everything else being equal, magnifies the competition effect. To see this, note

that an increase in n1 leads to a decrease in k̃ (see Lemma 1). This means that the competition effect

already occurs at lower levels of k under an organic ranking, and that the quality-based competition for the

first position becomes more intense. This in turns means that the competition effect becomes stronger. In

consequence, the cumulative distribution function representing the quality levels under an organic ranking

is shifted upward, i.e., content providers expected qualities go up. This is easy to see, for example, in terms

of q (the highest quality level that any content provider would set) in Lemma 1, which clearly increases in

n1.

Second, an increase in n1, everything else being equal, leads to a stronger increase in the quality of CP H

than in the quality of CP L. An increase in n1 benefits, predominantly CP H (the high efficiency provider),

because it attains the first position more often. This is already discussed in the context of the additional

scale effect in Section 5.2. When n1 increases, the additional scale that can be achieved in the first position

becomes larger, which gives the CP that is in the first position an additional investment incentive. Since CP

H is more often in the first position, both under an organic ranking and under a sponsored ranking, CP H

will increase its quality more than CP L.

Third, an increase in n1, everything else being equal, leads to a stronger increase in quality of CP H under a

sponsored ranking, relative to CP Hs expected quality increase under an organic ranking. Under a sponsored

ranking CP H always attains the first position. Thus, it always benefits from the additional scale effect, as

discussed above. By contrast, under an organic ranking, even absent any uncertainty by the platform, CP

H does not always secure the first position, because both CP H and CP L choose their qualities according

to some probability distribution. Thus, CP does not always (but still more often than CP L) benefit from

the additional scale effect. Therefore, an increase in n1 will, everything else being equal, raise the quality of

CP H more strongly under a sponsored ranking than under an organic ranking.

It is easy to see that this effect of an increase in n1 becomes more pronounced if the platform has uncertainty

in determining the correct ranking order under an organic ranking. A reduction in γ has no effect on the

outcomes under a sponsored ranking, of course. However, under an organic ranking a reduction in γ means
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that CP H attains the first position even less often, and accordingly reduces its expected quality even more

relative to its quality under a sponsored ranking. This is precisely due to the uncertainty effect highlighted

in Proposition 2.

Fourth, an increase in n1 monotonically increases the equilibrium bids, bi, under a sponsored ranking,

however, it does not monotonically decrease the revenue share, ss, set by the platform under a sponsored

ranking. One of the fundamental insights of our model is that the platform would generally set a lower

revenue-share under a sponsored ranking than under an organic ranking, because it takes into account that

the revenue share does not only affect its revenue from content, but also its revenue from the bids. Under

a sponsored ranking, an increase in s would not only trigger CPs to set lower content qualities (as is also

the case under an organic ranking), but also to submit lower bids (see Stage 2 in Section 4.2). This makes

the platform softer with respect to its choice of s, and hence the platform selects a lower revenue share than

under an organic ranking (i.e. in the absence of bids). How soft the platform is when setting s, depends on

the size of n1 relative to n2. When n1 is very low, then bids are very low and hence the platform will not

be much softer than under an organic ranking. Hence, it sets the revenue share similar as in the case of

an organic ranking. To see this, consider the limiting case where n1 = n2. In this case there is no value in

attaining the first position relative to the second position. Thus, firms will bid exactly zero, and hence the

revenue-share effect disappears completely, i.e., the revenue-share is set to the same level as under an organic

ranking, i.e., ss = 1/2. In other words, as n1 becomes very low, relative to n2, the platform becomes tougher

in setting s, because the revenue from bids matters less than the revenue from content.

The reverse is also true. If n1 is very large relative to n2, then for the platform revenue from content

also matters more than revenue from bids under a sponsored ranking. To see this, notice that under our

linear demand specification the platform’s revenue from content increases quadratically in n1 in the spon-

sored ranking equilibrium, because s(RH +RL) = s (n1 qH +n2 qL) = s
(

(1−s)
2k

n1
2 + (1−s)

2
n2

2
)

. However, the

platform’s equilibrium revenue from bids increases only linearly in n1, because bL = (1− s)(n1 − n2) qL =

(1−s)2 n2

2
(n1−n2). Hence, for very large n1, the revenue from bids becomes less important and therefore the

platform becomes tougher again when choosing the revenue share.

Taken together, this leads to a non-monotonic effect of n1 on the platforms choice of the revenue-share

under a sponsored ranking, and hence on the revenue-share effect. Consequently, the revenue-share effect

is the strongest for intermediate values of n1 relative to n2, because then the platform’s trade-off between

revenue from bids and revenue from content is the strongest.

In summary, while the size of n1 relative to n2 moderates the strength of the competition, uncertainty

and revenue-share effects in various ways, it does not affect the validity of the propositions.

Appendix I: Existence of the competition effect under a sponsored ranking with
quality factor

In order to understand how the competition effect works under a sponsored ranking with quality factor,

see that the outside profit of L remains the same as under organic ranking or sponsored ranking, given the

same revenue share, s. As long as CP L does not win the auction the design of r has no effect on CP L’s

profit. This fact implies that not only the outside option of L under a sponsored ranking with quality factor

Paying for Prominence

55
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remains unchanged, but also its behavior in a pure strategy equilibrium remains unchanged and is as under

a pure organic or a pure sponsored ranking given the same revenue share. However, when CP L engages in

a quality competition with H by choosing a quality qL > qH its expected profit is:

ΠL = (1− s) (FH d1(qL)− (1−FH)d2(qL))−CL(qL)−FH E(rL(qL)) (36)

where E(rL(qL)) is the expected payment of L if it wins the auction. Note that E(rL) = 0 under the organic

ranking. This means that under a sponsored ranking with quality factor it is less attractive for CP L to

compete with H in qualities than under a pure organic ranking. Consequently, the competition effect is

weaker under the sponsored ranking with quality factor for any β < 1. However, the competition effect still

exists, as long as β, k are sufficiently high. To see this, consider a situation with k > k̃. Assume further that

CP H expects CP L to choose qL = q
L

, as in a pure strategy equilibrium. Then CP L’s best response is

qH = qbrH . In order to proof if L has an incentive to deviate in this situation by overbidding CP H consider

that

ΠL,2 = Π̃L = (1− s)d2(q
L

)−CL(q
L

) (37)

is L’s profit from staying in the second position, while

ΠL,1 = (1− s)d1(qL,1)−CL(qL,1)−E(rL(qL,1)) (38)

is L’s profit from being in the first position. There is competition in quality as long as L has an incentive

to outbid H, i.e., as long as ΠL,2 < ΠL,1 for some qL > qbrH . For β = 1, i.e., under a pure organic ranking,

we already know that E(rL(qL,1)) = 0 and ΠL,2 <ΠL,1 holds when k > k̃. Further for β = 1 and k→ 1 the

difference in profits ΠL,1−ΠL,2 is strictly positive (non-marginal), because, by assumption d1(q)>d2(q) for

any given q. Contrast this with a situation in which β < 1. Then, when CP L wins the auction, it has to make

a positive payment, which decreases the difference in profits ΠL,2 < ΠL,1. However, as β→ 1 the expected

payment, E(rL(qL,1)), becomes arbitrarily small. Because the difference in profits is strictly positive when

β = 1, there must be a threshold β̃ < 1 above which CP L still wants to compete in qualities, because it then

has a chance for attaining a strictly greater profit than in its outside option, but must make a payment that

is smaller than the incremental profit.

This means that above β̃ there exists a unique mixed strategy equilibrium and below β̃ there exists a

unique pure strategy equilibrium. In the pure strategy equilibrium CP L chooses the same quality as under

a pure sponsored ranking (given the same revenue share s). However, given the same revenue share s, CP H

chooses a higher quality than under a pure sponsored ranking, because H can lower its payment by increasing

qH (payment-reduction effect).

Appendix J: Biased ranking without vertical integration

J.1. The model

We now study the case of a biased ranking algorithm, where the first ranking position always given either

to CP H or CP L, but irrespective of content quality or bids. That is, the platform and all CPs know in

advance which CP will receive the first position, and this is common knowledge. However, as we will show,

Paying for Prominence

56
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it does not matter whether or not the platform knows the CP’s type (i.e., if it is of high or low efficiency),

because it will set the same revenue-share in either case. The promoted CP always receives a demand of

D1 = d1 and the other CP always a demand of D2 = d2. It is useful to study this case, because it eliminates

any type of competition for the first rank between the two CPs. The timing is now as follows: Stage 1: The

platform announces its revenue share s. Stage 2: The CPs H and L simultaneously choose their content

qualities qH and qL, and the platform ranks the promoted CP (either H or L) always in the first position.

Stage 3: Content is demanded depending on its ranking position and quality, and revenues are realized.

J.2. Equilibrium derivation

Bias towards the more efficient CP: The analysis of Stage 3 is identical to the analysis of Stage 3 in

Section 3.2. In Stage 2 the CPs know with certainty that CP H will always obtain the first, and that CP

L will always achieve the second ranking position. Thus, the optimal qualities are readily given by profit

maximization.

qb,HH = arg max
qH

Πb,H
H =

(1− s)
2k

∂DH,1

∂qH
,

qb,HL = arg max
qL

Πb,H
L =

(1− s)
2

∂DL,2

∂qL
,

In Stage 3, anticipating its impact on the quality qL, the integrated platform maximizes its profit by setting

the revenue share to

sb,H = arg max
s

Γ =− DH,1 +DL,2(
dDH,1

ds
+

dDL,2

ds

) . (39)

Bias towards the less efficient CP: In Stage 2 optimal qualities are given by profit maximization as

follows:

qb,LH = arg max
qH

Πb,L
H =

(1− s)
2k

∂DH,2

∂qH
,

qb,LL = arg max
qL

Πb,L
L =

(1− s)
2

∂DL,1

∂qL
,

In Stage 3 the platform would then set a revenue share of

sb,L = arg max
s

Γ =− DH,2 +DL,1(
dDH,2

ds
+

dDL,1

ds

) . (40)

J.3. Quality investment incentives

Bias towards the more efficient CP: The platform will generally set a lower revenue share under a

sponsored ranking than under a biased ranking, i.e., ss < sb,H . By comparing ss = −DH,1+DL,2+dbL/ds(
dDH,1

ds
+

dDL,2
ds

) and

sb,H , it is immediately evident that under a biased ranking the platform does not need to consider the

negative impact that an increase in s would have on its auction revenue. This makes the platform’s revenue

less elastic in s, and thus, the platform will select sb,H > ss. Otherwise, a biased ranking is governed by the

same effects as a sponsored ranking. Thus, due to the lower revenue-share effect the content qualities of each

CP will be lower under a biased ranking compared to a sponsored ranking. In reverse, this means that when

comparing a biased ranking where H is always promoted with an organic ranking, then the same intuitions

derived when comparing a sponsored ranking with an organic ranking carry over, but the parameter regions

in which an organic ranking yields the higher expected quality will increase, for both H and L.
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Figure 8 Comparison of Content Qualities between Organic and Biased Ranking
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(a) When the ranking is biased towards H, then the quality of each CP is strictly lower than under a sponsored

ranking, and thus, the parameter region in which an organic ranking leads to higher qualities becomes larger compared

to Figure 3b. (b) When the ranking is biased towards L, the quality of CP H is strictly lower, but the quality of CP

L is strictly higher than under a ranking biased towards H. Accordingly, the parameter region in which an organic

ranking yields a higher quality for CP L (H) becomes smaller (larger) compared to Figure 3b. Figures derived for a

linear demand function with n1 = 6, n2 = 4.

Bias towards the less efficient CP: Generally the same reasoning with respect to the competition,

revenue-share and uncertainty effects applies in case CP L is promoted under a biased ranking. In particular,

the platform will again set a higher revenue share than under a sponsored ranking for the reasons given

above. However, now the less efficient CP L operates at a different quality level than CP H, and therefore

it depends on the shape of the demand function whether the equilibrium revenue share is higher (for convex

demand functions), or lower (for concave demand functions) than in the case when the ranking is biased

towards CP H.

In any case, the difference in the revenue-share effect between the two biased rankings, if it exists, is only

of second order importance for the chosen quality levels, because it stems solely from the fact that the quality

levels at which CP L and H operate differ with respect to their respective slopes in the demand function

(assuming a not too concave and not too convex demand function). However, it is of first order importance

that the less efficient CP is now enjoying the larger scale due to it being in the first position, which creates a

negative quality distortion at the top. To see this, note that in an unbiased ranking, or in a ranking that is

biased towards H, CP H is awarded the top position more often than CP L and thus always enjoys the larger

scale effect.12 The relative inefficiency of CP L means that it cannot use the additional scale as efficiently

as CP H and therefore produces a quality that is lower than the quality that CP H would have chosen in

its place. In reverse, due to the additional scale, CP L now invests more than it would have in the second

12 Recall that FH stochastically dominates FL, such that CP H attains the top position more often under an organic
ranking; and that CP H will always attain the top position under a sponsored ranking.
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position. Depending on the size of the scale advantage (d1− d2) relative to the efficiency disadvantage (k),

CP L may either offer a quality that is lower, or a quality that is higher than that of CP H. Finally, notice

again that in any case a biased ranking would yield a lower quality level than a sponsored ranking even when

k= 1 due to the lower revenue-share effect.

Appendix K: Proof of Proposition 6 (vertical integration)

K.1. Equilibrium derivation

Integrated CP is of higher efficiency: The analysis proceeds as in Section J and, thus optimal qualities

are readily given by:

qv,HL = arg max
qL

Πv,H
L =

(1− s)
2

∂DL,2

∂qL
,

qv,HΓ = arg max
qΓ

Πv,H
Γ =

1

2k

∂DΓ,1

∂qΓ
.

In Stage 1, anticipating its impact on the quality qL, the integrated platform maximizes (11) by setting

the revenue share for the non-integrated CP to

sv,H = arg max
s

Γ =
−DL,2

dDL,2

ds

. (41)

Integrated CP is of lower efficiency: When the integrated CP is CP L, and the non-integrated CP is

CP H, i.e., the integrated CP is of lower efficiency, optimal content qualities are given by

qv,LH = arg max
qH

Πv,L
H =

(1− s)
2k

∂DH,2

∂qH
,

qv,LΓ = arg max
qΓ

Πv,L
Γ =

1

2

∂DΓ,1

∂qΓ
.

The optimal revenue-share for the non-integrated CP is given by

sv,L = arg max
s

Γ =
−DH,2

dDH,2

ds

. (42)

K.2. Comparison of content qualities under vertical integration

The formulas for the revenue shares immediately show i) the two CPs operate under a different revenue-

share, and that ii) the revenue share for the non-integrated CP will generally be different than under a biased

ranking without vertical integration. Only the reaction of the non-integrated CP on s matters. Whether this

leads to an increase or decrease in the revenue share depends, again, on the precise nature of the demand

function and is ambiguous for the general case. However, in any case this difference in the revenue-share

between a biased ranking with and without vertical integration is only of second order importance for the

quality choice, as long as the demand function is not too concave and not too convex, and it vanishes

completely for a linear demand function.

The former point on the asymmetric nature of the revenue-share effect is of first order importance for the

quality choice and does not depend on the nature of the demand function. Whereas the platform demands a

positive revenue share from the non-integrated CP, it demands a revenue share of s= 0 from the integrated

CP. Consequently, the revenue-share effect acts on the non-integrated CP similarly as under a biased or

organic ranking, but the absence of a revenue share provides the integrated CP with strong incentives to
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invest in quality under vertical integration; indeed much stronger than under either organic, sponsored or

biased ranking without vertical integration. Consequently, vertical integration with the platform will yield

similar outcomes as under a biased ranking without vertical integration for the non-integrated CP, but it

will yield a significantly higher quality for the integrated CP.
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Abstract

In recent years, mobile network operators worldwide introduced mobile plans that
restrict data transmission rates of certain content types such as videos. However, this
practice, known as throttling, is viewed critically as it violates so-called net neutrality
and is suspected to be used as an instrument to avoid network capacity improvements.
Thus, this paper investigates the impact of throttling on mobile network operators’
incentives to invest in the capacity of their network. A stylized game-theoretic model
is used with a monopoly mobile network operator providing access to the Internet
for a homogeneous group of consumers. It is shown that throttling helps to use the
capacity of mobile networks more efficiently, which, surprisingly, does not result in
mobile operators offering less overall network capacity. Instead, the ability to throttle
increases their incentives to improve network capacity.

1 Introduction

In recent years, mobile network operators (MNO), especially in the U.S., started to abolish

data caps in their mobile tariffs. Instead, they introduced unlimited data tariffs with trans-

mission rate restrictions for certain types of content (Welch, 2018). For example, T-Mobile

USA offers a tariff in which all video streams are restricted to the use of a maximum data

transmission rate of 1.5 Mbps (T-Mobile USA, 2018). Other examples for MNOs providing

tariffs with throttling the data transmission rates of certain content types are Telkom LIT

in South Africa (Saunders, 2018) or U Mobile in Malaysia (Qishin, 2018).

∗Chair of Internet and Telecommunications Business, University of Passau, Dr.-Hans-Kapfinger-Str. 12,
94032 Passau, Germany. Email: o.zierke@yahoo.de. Declarations of interest: None.

1

Raising Total Capacity Provision of Mobile Network Operators Through Throttling

62



Deutsche Telekom’s attempt to introduce a tariff with a similar restriction on data trans-

mission rates in Germany failed due to resistance from the national regulator with a signaling

effect for the whole European Union (EU). The Bundesnetzagentur found that throttling

practices violate the net neutrality regulation of the EU (Meyer, 2017). This regulation

states that “providers of Internet access services shall treat all traffic equally” (EU regula-

tion 2015/2120). The Academic literature on net neutrality has shown that such regulation

can be detrimental for overall welfare as it prohibits practices such as charging for prioriti-

zation of data streams in telecommunications networks, although such a paid prioritization

often results in a better resource allocation (Krämer et al., 2013). The analysis of this paper

shows that there are also reasons of doubt whether a prohibition of throttling data streams

is beneficial. The main concern regarding throttling in the context of net neutrality can be

found in Recital 15 of the EU’s net neutrality regulation. It states that traffic management

tools like throttling could be used as a substitute for network capacity expansion (EU regu-

lation 2015/2120). This concern seems to be justified only at first glance. The overall effect

of throttling is composed of two opposing effects. In practice, throttling, i.e., limiting the

data transmission rate for some content, means on the one hand that videos, for example, are

displayed to consumers with a lower resolution. This is detrimental to consumers’ quality of

experience (QoE). On the other hand, the network load per video stream decreases, which

in turn reduces congestion in mobile networks and is thus beneficial for consumers’ QoE. All

in all, the impact of throttling on QoE is not obvious and as a consequence the influence

on capacity investments is also not obvious, as QoE directly impacts consumers’ willingness

to pay and thus the monetization of capacity which in turn is the key driver for capacity

investments.

This paper investigates this relation of MNOs’ overall capacity investment incentives and

throttling by means of a stylized game-theoretic model with a monopolistic MNO. The model

shows that the ability of an MNO to throttle enables it to optimize the usage of its mobile

network. Surprisingly, this optimization never results in lower incentives to invest in network
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capacity but rather yields sometimes higher incentives, i.e., an MNO that is prohibited to

throttle data streams (due to some form of net neutrality regulation) will never provide more,

but sometimes less network capacity to its customers.

The paper is structured as follows. First, a brief overview of the literature is given, dealing

primarily with the economic literature on net neutrality. Afterwards, a game-theoretic model

is developed, and the results are analyzed and interpreted. Finally, an outlook for future

research is given.

2 Related Literature

This paper is mainly connected to the literature on net neutrality. In 2003, a paper of Wu

(2003) initiated a debate on the discrimination-free treatment of data in the Internet. The

major focus of the economic literature on this topic is about pros and cons of allowing paid

prioritization of data streams. In some of these papers a static setting is assumed in which

the capacity of the telecommunications network is exogenous (e.g., Guo and Easley, 2016;

Economides and T̊ag, 2012). These papers mainly deal with the influence of net neutral-

ity on the behavior of content providers and consumers. They show that net neutrality is

advantageous for content providers and users if it removes barriers to access the telecom-

munications network for them. However, it is not considered that the overall capacity of

the telecommunications network is also a barrier and that this barrier is controlled by the

Internet Service Provider (ISP). Papers that take into account the endogeneity of network

capacity include Bourreau et al. (2015), Choi and Byung-Cheol (2010), Economides and Her-

malin (2012), Krämer and Wiewiorra (2012) and Peitz and Schütt (2016).1 One of the major

results of these papers is that paid prioritization yields an additional revenue stream that

improves monetization of the mobile network capacity. This means that the incentives to

invest in capacity are usually higher without net neutrality. This positive effect on capacity

investments holds, as long as capacity is scarce. Capacity investments under net neutrality

1For a detailed literature review on net neutrality see Easley et al. (2018) and Krämer et al. (2013).
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are higher only if capacity expansion under paid prioritization would impair ISPs’ ability to

discriminate against content providers by charging fees for prioritization (see, e.g., Choi and

Byung-Cheol, 2010; Baake and Sudaric, 2019).

However, the results of all these papers are based on an additional stream of revenue

generated by paid prioritization. In contrast, throttling, which is the focus of the present

paper, is a pure traffic management tool, i.e., the ISP grants prioritization without receiving

any monetary reward. Economic papers on net neutrality that focus on neutrality viola-

tions where content providers do not pay for prioritization are rare. Some papers deal with

the consequences of an ISP being vertically integrated with a content provider (see, e.g.,

Dewenter and Rösch, 2016; Guo et al., 2010), while other papers deal with models where the

ISPs apply second degree price discrimination on the user side (see, e.g., Bandyopadhyay

and Cheng, 2006; Inceoglu and Liu, 2019; Guo et al., 2013). The paper by Inceoglu and Liu

(2019) is closely related to this paper. Their work focuses on price discrimination through

zero-rating, a form of mobile plans where the data streams of certain content providers are

not counted towards the customers’ data cap. They find that zero-rating increases the incen-

tive for ISPs to invest in network capacity. This is because zero-rating improves the ability

of ISPs to extract the rent of their customers and consequently it improves the monetization

of capacity. Similarly, the present paper shows that throttling improves the monetarization

of capacity and thus increases capacity investment. However, since this effect occurs in the

absence of any price discrimination, this paper adds a new important aspect to the literature

that has not been considered yet.

4

Raising Total Capacity Provision of Mobile Network Operators Through Throttling

65



3 A Model on the Impact of Bandwidth Throttling on

Capacity Investment Incentives in Mobile Networks

3.1 The Model Setup

Consider a market where consumers access the Internet and its content through a monopoly

MNO that provides a mobile network with an overall capacity k for a fixed flat rate price

p. Without regulation, the MNO is allowed to use throttling, which means that it can

limit the bit rate consumption of some content units. The degree of throttling will be

denoted as t ∈ [0,∞], with a higher t representing higher degrees of throttling and t = 0

representing a situation without throttling. The degree of throttling affects consumers’

Quality of Experience (QoE) and thus their utility from accessing the Internet through the

mobile network. The overall impact on QoE can be broken down into two effects.

First, throttling has an impact on congestion in peak traffic periods, in particular by

lowering the average traffic consumption per content unit. For example, if each video stream

uses a lower bit rate, this results in less frequent and less severe congestion events in the

network. Note that the frequency of congestion events is affected not only by throttling,

but also by the overall network capacity k, i.e., a higher network capacity as well as a

higher degree of throttling is appropriate to prevent congestion. This relation reflects the

concern that usage of throttling substitutes capacity expansion. In the model, the impact of

congestion on QoE is denoted as ∆(t, k) ∈ [0, 1], where ∆ = 1 represents a network without

any congestion and ∆ = 0 represents a network which allows no data transfers. The positive

impacts of throttling and capacity on congestion imply ∆(t, k) ≤ ∆(t̃, k) for any t < t̃ and

∆(t, k) ≤ ∆(t, k̃) for any k < k̃.

Second, in addition to the impact of throttling on congestion there is a direct effect of

throttling on consumers’ QoE. Throttling affects the average quality of content units not

only during peak traffic periods but all the time. This means that with throttling consumers

always have to be contented with, e.g., video streams having a lower resolution even though
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the available network capacity would sometimes allow for higher bit rates. This direct effect

of throttling on QoE is denoted as ΘE(t) ∈ [0, 1] with ΘE being twice differentiable in t and

ΘE(t) > ΘE(t̃) for any t < t̃. Further, ΘE(0) = 1 addresses that there is no direct impact

of throttling on QoE without throttling and ΘE(∞) = 0 addresses consumers’ inability to

access Internet content if all content is fully throttled. Assuming ΘE to be multiplicatively

separable from ∆ implies that QoE can be modeled by ∆(t, k) ΘE(t).

Changes in QoE affect consumers’ behavior in two ways. First, consumers’ utility per

content unit changes and, consequently, their willingness to pay. Hence, in the following

it is assumed that the willingness to pay per content unit is equal to the QoE. Second,

it is reasonable to assume that QoE influences consumers’ consumption profile. Let x ∈

[0, x] be the number of content units consumed by a consumer. The consumers’ content

consumption is the higher the less the QoE is affected by throttling or capacity constraints,

i.e., x(t,∆(t, k)) > x(t̃,∆(t, k)) for t < t̃ and x(t,∆(t, k)) ≤ x(t,∆(t, k̃)) for any k < k̃. The

fact that there is no consumption if the network is fully throttled implies x(∞,∆) = 0. The

same applies to a network which allows no data transfer, i.e., x(t, 0) = 0. Finally, x(0, 1) = x

reflects the maximum consumption in the absence of the negative effects of throttling and

congestion.

The resulting utility function for consumers is given by:

U = x(t,∆(t, k)) ∆(t, k) ΘE(t), (1)

Note that in order to limit the complexity of the model, it is assumed that consumers

are homogeneous. Consequently, given a certain parameter constellation, either all or none

of the consumers would buy access to the mobile network. Without loss of generality, we

normalize the mass of consumers to one.
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From the network perspective, ∆ is modeled as the ratio of mobile network’s capacity k

and total peak traffic T , i.e.,

∆ = min

{
k

T (t, k)
, 1

}
, (2)

which is a specification referring to Peitz and Schütt (2016). It reflects that if the available

network capacity is sufficient to deliver content always as soon as necessary, then congestion

is not an issue and ∆ = 1. If congestion is an issue, i.e., if the total peak traffic T exceeds the

available bandwidth, it is modeled as the probability that a packet is sent in time, which is

specified as ∆ = k
T (t,k)

∈ [0, 1) (Peitz and Schütt, 2016). The total peak traffic itself depends

on consumers’ data consumption. The MNO can influence this consumption by throttling.

First, throttling makes content less attractive and thus decreases x, the number of content

units consumed by a consumer. Second, throttling lowers the data rate consumption per

content unit, denoted as δ(t) ∈ [0, 1] in the following. This results in

T = x(t,∆(t, k)) δ(t), (3)

where δ(t) is assumed to be decreasing and twice differentiable in t. In other words, more

throttling decreases total peak traffic. Further, it is reasonable to assume δ(∞) = 0 in order

to address the absence of traffic in a situation where all content is fully throttled and δ(0) = 1

in order to address that there is no impact of throttling without throttling. Thus, T = x is the

unrestricted peak traffic that occurs if there is no throttling and congestion in the mobile

network. Note that consumers do not anticipate their impact on total peak traffic. This

assumption is in line with the related literature (Economides and Hermalin, 2015; Choi and

Byung-Cheol, 2010) and with reality where consumers’ information regarding their weight

on mobile cells’ capacity in relevant area is very limited.

The MNO is assumed to incur costs from providing network capacity represented by a

quadratic cost function. Other costs are assumed to be zero. Further, the MNO charges an
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access price p to each consumer. Consequently, the MNO’s profit function is

π =





p− k2 if p ≤ U

0− k2 else.

(4)

The timing of the model is as follows:

Stage 1: The MNO sets network capacity k, throttling degree t, and access price p.2

Stage 2: Consumers decide to buy or not to buy access to the mobile network and use it

depending on the QoE offered.

3.2 Equilibrium Derivation

The game is solved through backwards induction. As consumers are homogeneous, all of

them will buy at Stage 2 if and only if U ≥ p. Hence, the MNO’s profit maximizing price

at Stage 1 is p∗ = U . Inserting this result into the profit function yields the following

maximization problem regarding the choice of t and k:

max
t,k

(
π =

(
x(t,∆(t, k)) ∆(t, k) ΘE(t)− k2

))
(5)

First, note that the interior solution of Equation (5) is t∗ = arg max
t

(
k ΘE(t)

δ(t)

)
and k∗ =

1
2

ΘE(t)
δ(t)

. Second, note that k > T is never a reasonable choice which implies the existence

of cases with a corner solution k∗ = T . In such a case the profit maximizing throttling

level is t∗ = 0, as a higher degree of throttling provides no advantage, but would strictly

lower consumer’s willingness to pay. In order to specify the appearance of cases where the

MNO chooses this corner solution, assume that there exists a border case T = T̃ where the

interior solution of Equation (5) with respect to k is equal to the corner solution k = T .

Considering that k∗ = 1
2

ΘE(t∗)
δ(t∗)

, t∗ = 0 and k∗ = T hold for T = T̃ , yields T = k∗ = 1/2,

2By the Envelope Theorem, the results do not change if capacity is chosen in a previous stage.
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i.e., the border case is characterized by T = T̃ = 1/2. In summary, the equilibrium price,

equilibrium throttling level and equilibrium capacity investments are given by:

Lemma 1.

p∗ = U(t∗, k∗), (6)

t∗ =





arg max
t

(
k∗ ΘE(t)

δ(t)

)
if T > 1/2

0 else,

(7)

k∗ =





1
2

ΘE(t∗)
δ(t∗)

if T > 1/2

T else.

(8)

3.3 Interpretation and Results

The first insight is that there is a case T ≤ 1/2 where the MNO will never use throttling. Thus,

if the unrestricted peak traffic is sufficiently low, throttling will not be an issue. However, the

more interesting case is T > 1/2. Equation (7) shows that some positive degree of throttling

is profit maximizing if and only if ΘE

δ
has its global maximum at t ∈ (0,∞).3 Note that t = 0

results in ΘE

δ
= 1, i.e., the MNO will only choose a throttling degree other than t = 0 if this

yields ΘE

δ
≥ 1. In other words, an MNO will use throttling if and only if the negative direct

effect of throttling on customers’ QoE, ΘE, is outweighed by the positive effect on customers’

QoE, δ, due to less congestion. This result is summarized in the following proposition:

Proposition 1. An MNO uses throttling if and only if it can thereby alleviate consumers’

disutility from congestion in its mobile network.

3Note that t =∞ results in T ≤ k, where t =∞ is weakly dominated by t = 0.
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Correspondingly, Equation (8) shows that the ability to throttle never yields lower but

rather higher incentives to invest in capacity. In particular, as the MNO chooses t in a

way that maximizes ΘE

δ
, its choice will also maximize its incentive to invest in the network

capacity.

Proposition 2. An unrestricted MNO will always choose the throttling level that yields the

highest incentives to invest in network capacity.

Restricting the MNO’s choice to use throttling will therefore never lead to an improve-

ment in the overall network capacity, but rather bears the risk of reducing the incentive

to invest in network capacity. The intuition behind this at a first glance counter-intuitive

result is that each unit of network capacity is used more efficiently through throttling and

becomes therefore more valuable, i.e., throttling increases the utility per capacity unit and

thus consumers’ willingness to pay per capacity unit rises. Consequently, the marginal rev-

enue per capacity unit increases which makes it profitable for the MNO to incur more costs

from capacity investments.

4 Conclusion

Summary and Theoretical Contribution: This paper focuses on the incentives for an

MNO to invest in network capacity, if it is allowed to throttle data streams. By developing

a stylized game-theoretic model with an MNO providing access to the Internet for its cus-

tomers, it has been shown that obligations like the EU’s regulation of net neutrality that

prohibit throttling practices do not yield higher incentives for MNOs to invest in mobile net-

work capacity but rather bear the risk to decrease these incentives. This is because MNOs

may be able to offer a better quality of experience for a given network capacity by throttling.

Such a better quality of experience leads to a higher willingness to pay of consumers, so that

the MNO can enforce higher prices and therefore, achieves a better monetization of its net-
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work. This leads to a higher incentive to invest in additional capacity in order to monetize

this capacity as well.

In addition, the results show that the MNO uses throttling to improve the overall quality

of experience of consumers. This is done by balancing the positive impact on congestion

against the negative impact of lower content resolution, with the MNO choosing a solution

that generates the most profitable outcome in terms of consumers’ willingness to pay.

Managerial Implications: The model shows that throttling should primarily be under-

stood as an instrument to improve the overall quality of the customers’ experience. In

particular, the negative effects of throttling on experience due to lower quality, e.g., in video

resolution, should be balanced against the positive effects of less severe and less frequent con-

gestion in the mobile network. A higher quality of experience may create scope for higher

customer prices. This is not only beneficial in terms of current prices but should also be con-

sidered when scaling future investments in network capacity. It is expected that investments

in network capacity will be more profitable in networks where throttling is used properly

than in networks where no throttling is used, although throttling would improve the overall

quality of experience for customers.

Limitations and Future Work: Note that the model has a limitation in terms of not

taking into account competition between MNOs. However, even in a monopoly situation

throttling is used by the MNO in order to alleviate consumers’ disutility from network

congestion, i.e., to make the mobile network more attractive. It is obvious that this cause is

even more important under competition. Thus, the motivation of MNOs to use throttling

persists if competition is taken into account and consequently the qualitative effects remain

the same.

A further limitation is the assumption that consumers’ willingness to pay is homogeneous,

which means that the MNO’s revenue and the consumers’ willingness to pay are perfectly

aligned. However, this assumption has no qualitative impact on the results. A heterogeneous
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willingness to pay would at worst lead to a situation where the MNO would be less effective

in monetizing improvements in the consumers’ quality of experience. This will not affect the

result that throttling is used in a way that improves consumers’ overall quality of experience.

The only effect would be that the increase in the incentive to invest in capacity generated

by throttling would be less significant.

A somehow related assumption of the model is that consumers are homogeneous in their

sensitivity to the effects of throttling on quality of experience. This is of special importance

for future research investigating MNOs’ ability to use throttling as an instrument for price

discrimination. A paper of Zhai et al. (2018) on throttling in the context of cloud computing

implies that such a discriminatory intention can be the reason why capacity is artificially

scarce by the MNO in order to sufficiently differentiate a lower quality offer for consumers

with a lower willingness to pay from a higher quality offer for consumers with a higher

willingness to pay. The same mechanism is identified by Baake and Sudaric (2019) in the

context of net neutrality with a focus on paid prioritization. However, Baake and Sudaric

(2019) find that the result of Zhai et al. (2018) only holds if capacity is not scarce. In contrast,

when capacity investments are sufficiently costly, the ability to discriminate works in favor

of capacity investments. This positive effect once again results from a better monetization

of each capacity unit. One can therefore expect that the ability to discriminate through

throttling will usually amplify the effects presented in this paper.
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Authors Jan Krämer, University of Passau, Germany.
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1 Introduction

Data emerges as the essential resource in the 21st century and is increasingly important to our

economy and society. Data has become vital to many business models. It allows targeted and

personalized advertisements in online retailing and is used to develop and enhance artificial

intelligence as well as advancing and reshaping Internet of Things technologies decisively
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(Hall, 2020). In order to exploit the full potential of data, the accessibility of data is crucial

(European Commission, 2020; Ministry of Economic Affairs and Climate Policy, 2019). To

this end, the European Commission is planning legislative measures to improve access to

and use the of data (European Commission, 2021). One of the major intentions of the

proposed Data Act is to support data sharing between firms (European Commission, 2021).

This is to be achieved by reviewing competition rules, clarifying the rights of use for jointly

generated data and the legal liability of data use (European Commission, 2020). Besides,

data initiatives are being developed to promote data sharing. One example is Gaia-X, an

initiative supported by the German and French governments that aims to create a trusted and

sovereign data infrastructure for Europe to ensure secure and reliable data sharing (Gaia-X,

2020).

However, although data sharing is essential in promoting firms’ innovativeness and com-

petitiveness (Ministry of Economic Affairs and Climate Policy, 2019; PWC, 2018; Telekom,

2019), many firms are reluctant to share their own data, as it makes firms potentially vul-

nerable through a loss of control over sensitive internal data (Norman, 2001; Otto, 2019;

PWC, 2018) and their competitive edge (European Commission, 2020; Natwichai et al.,

2005; Trkman and Desouza, 2012). In addition, there is uncertainty about sharing partner

involvement and uncertainty about how the sharing partners will use the shared data, as well

as other coordination issues that make finding qualified sharing partners difficult (Cabrera

and Cabrera, 2002; European Commission, 2020; Loebbecke et al., 2016; Ministry of Eco-

nomic Affairs and Climate Policy, 2019). Thus, many firms miss vital opportunities for their

business activities and ultimately business performance.

In practice, there are already some data initiatives which seek to facilitate structured

sharing of data among firms. While large international initiatives, such as Gaia-X, are

still being developed, there are a number of smaller B2B data sharing platforms initiated

by businesses. The Data Intelligence Hub, for example, is a marketplace for data and

analysis tools by Deutsche Telekom which allows firms to conclude individual data sharing
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contracts (Telekom, 2019). In other initiatives, such as the Open Data Initiative by Adobe,

Microsoft, and SAP, firms share data on a collective cloud platform, that can be accessed by

all participating firms (Microsoft, 2019).

Despite the varying designs, all these initiatives can be roughly distinguished by the

degree to which a firm can control and individually limit other firms’ data access. Drawing

on the literature on public goods, n-person prisoner dilemmas and oligopoly competition,

we formulate the expectation that more control will have a positive effect on the amount

of shared data. We test this insight from literature by conducting an experiment and show

that control is indeed positively correlated with overall data sharing.

Our study is related to a wide range of literature streams dealing with sharing of knowl-

edge, information and data in the contexts of intra-firm knowledge sharing (see Wang and

Noe (2010) for an overview), joint ventures (see Bogers (2011) for an overview), and supply

chain optimization (see, e.g., Kembro et al. (2014), Lee and Whang (2000) and Zhou and

Benton Jr (2007)). However, in all these scenarios, there is a dependency between the shar-

ing partners working together in a firm, on a project or on a product. We abstract from

the existence of such dependencies and consider scenarios in which every potential sharing

partner can succeed even if its potential sharing partners do not. There are some closer

related theoretical models on firms sharing consumer data. In the models of Jentzsch et al.

(2013) and Krämer et al. (2019), firms can share data on consumers’ taste and in the models

of Zhao and Xue (2012) and Ghosh et al. (2015), firms can share data on consumers’ value.

In these models, firms share data only if their joint profit increases with data sharing and

the profit is redistributed so that sharing partners are better off after data sharing. More-

over, these models assume that data sharing agreements are perfect contracts that leave

no room for opportunistic behavior after the agreement is signed. In reality, however, it is

possible to exploit sharing partners as data is usually not a homogeneous good whose quality

and quantity can be clearly defined in advance. We will show that in a scenario without a

binding agreement, the theoretical prediction changes to no data sharing. Nonetheless, our
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experimental results show that data sharing occurs even in the absence of any agreements

and that the amount of data shared depends on the control dimension from above.

The remainder of this paper is structured as follows: First, we develop a prediction about

the impact of control based on experimental results in the areas of public good games, n-

person prisoner dilemma games, and oligopoly competition games. Second, we develop an

experiment to test our prediction that more control leads to more data sharing. Third, we

present the results of our experiment and finally, we discuss the results and derive an overall

conclusion.

2 Investigations on control in the experimental litera-

ture

There is no exact replication of control over data sharing in other experiments. However,

control in the broader sense, i.e., control over the relationships to others, has been inves-

tigated in many experiments. We identify relevant literature by considering the fact that

data sharing has several similarities with public good games, n-person prisoner’s dilemma

games and oligopoly competition games. In all these games, cooperation at the individual

level is costly, since non-cooperation, while others cooperate, maximizes individual profit.

Further, in all these games, cooperation at the industry level is beneficial, since the overall

profit is higher if all entities cooperate compared to the situation where no one cooperates.

Due to these similarities, we assume the empirical results of these games suitable for making

predictions regarding the effect of more or less control.

One of the most common ways of investigating more control in such games is to enable

costly targeted monetary punishment. There is a broad literature on public good games that

shows that the ability to punish leads to more cooperation (see, e.g., Ostrom et al. (1992),

Fehr and Gachter (2000), Fehr and Gächter (2002), Gürerk et al. (2006), Gächter et al.

(2008), Nikiforakis and Normann (2008), Reuben and Riedl (2013), Gächter et al. (2017)).
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Further, there is similar evidence for prisoner’s dilemma games (see, e.g., Dreber et al. (2008)

and Bone et al. (2015)) and oligopoly competition games (see Roux and Thöni (2015))

indicating that more control, i.e., the ability to punish, generally increases cooperation.

This connection breaks down only in a few exceptional cases. For example, Nikiforakis

and Normann (2008) show that the effectiveness of the punishment tool is important, and

Nikiforakis (2008) shows that the appearance of counter-punishments can cause a negative

effect of punishment on cooperation. However, it is also important to point out that the

overall effect of monetary punishment is ambivalent. Many studies show that the costs

caused by punishment can outweigh the positive effect of enhanced cooperation, resulting

in a negative net effect on overall profits (see, e.g., Ostrom et al. (1992), Fehr and Gächter

(2002), Dreber et al. (2008), Gächter et al. (2008), Gächter et al. (2017)).

To avoid the negative effect of costly monetary punishment, it is worth looking at the lit-

erature on the costless non-monetary punishment tool of ostracism. Especially with regard to

public good games, many studies have found that the possibility to ostracize non-cooperators

is sufficient to increase contributions to the public good (see, e.g., Cinyabuguma et al. (2005),

Güth et al. (2007) or Maier-Rigaud et al. (2010)). This is consistent with the result of Riedl

and Ule (2002) in the context of an n-person prisoner dilemma experiment. In other words, to

encourage cooperation, it seems sufficient to provide control over who to cooperate with. This

is confirmed by the results of experiments comparing bilateral relationships with multilateral

relationships. To see the connection, consider that bilateral relationships are characterized

by a firm being able to selectively decide whether or not to cooperate with a particular

other firm. In a multilateral relationship, a firm cannot discriminate, i.e., it cooperates with

all other firms or with none. For n-entity prisoner’s dilemma games Marwell and Schmitt

(1972) find in their experiment that the cooperation is significantly higher in a game with a

bilateral relationship than in a game with a trilateral relationship. In a more recent exper-

iment, Nosenzo et al. (2015) find the same result for a public good game when comparing

a game with a bilateral relationship with a game with three, four or eight entities. Further,
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this is in line with evidence from oligopoly experiments with Cournot competition. Dolbear

et al. (1968), Huck et al. (2004) and Orzen (2008) find markets with two firms to be more

collusive than markets with more than two firms. This result is confirmed for Bertrand and

Cournot competition by Horstmann et al. (2018) by means of a meta-analysis and additional

experiments.

Moreover, the literature provides evidence that it is not only important whether a firm can

control with whom it cooperates, but also whether it can respond in a graduated manner to

the behavior of its cooperation partners. The reason is that such an even more differentiated

type of control allows for graduated punishment. By comparing case studies, Ostrom (1990,

pp. 97–99) finds that cooperation works better when it is possible to impose graduated

punishment. In this way, the reasons and circumstances for deviation can be taken into

account (Ostrom, 1990, pp. 98–99). This is confirmed by Wright (2013). In his experiment,

he investigates which punishment strategies are successful under a Bertrand competition

(Wright, 2013). He finds that tacit collusion between competitors works best in markets

where firms punish a small price cut of a competitor proportionally with a similarly small

price cut in the next round, rather than with a disproportionately large price cut (Wright,

2013). Accordingly, a disproportional strategy was used by only a few participants, while

the majority used a proportional strategy (Wright, 2013).

In summary, the literature suggests that cooperation can be enhanced by giving firms

control over who they cooperate with and further enhanced by allowing graduated responses

based on the severity of cooperation partners’ deviations. However, it cannot be assumed that

the insights from the literature discussed simply carry over to the data context. Data sharing

differs from public good games, n-person prisoner’s dilemma games and oligopoly competition

games in an important aspect. Cooperation in data sharing does not directly reduce profit

at the individual level, but rather generates only indirect costs. In a prisoner’s dilemma,

the player directly receives a lower reward if he or she decides to cooperate. Similarly, an

oligopoly firm directly reduces its profits if it opts for a collusive price or quantity rather
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than choosing the best response. In a standard public good game, an entity receives a

lower reward from the private good because it invests resources in the public good rather

than the private good. However, in the case of data sharing, the profit of the firm is not

directly affected by whether the data are shared or not, as the data remain available to the

firm after sharing. Instead, data sharing incurs only indirect costs through the (potential)

opportunistic use of the data by the sharing partners.1

3 Experimental Design

3.1 Model

To capture the described specificity of data sharing, we develop a simple game-theoretical

model. We consider a set of n firms, which can, in principle, share data with each other.

Each firm is endowed with a set of (unique) data points. The firms can simultaneously decide

how much of their data to share. We then make the following key assumptions on the value

of shared data:

• The total profit of all firms is the higher, the more data the firms share.

• The profit of a firm is the higher, the more data the other firms share with it.

• The competitive advantage of a firm is greater, the more data the other firms have shared

with it.

These assumptions reflect that each firm would profit from having access to more data

(e.g., because it allows for data-driven innovations), but that sharing of data also bears

indirect costs through the (potential) opportunistic use of the data by the sharing partners.

Further, reflecting the believe of the European Commission, overall the economy (in terms of

producers’ surplus) would be better off if more data is shared between the firms (European

1See, e.g., Trkman and Desouza (2012) for a more detailed analysis of the potential risks.
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Commission, 2020). All of these assumptions are captured by the following profit function

of a firm i ∈ {1, . . . , n}:

Πi = mxi +ms

n∑

j=1;i6=j

sji xj −
c

n− 1

[
n∑

j=1;i6=j

(
mxj +ms

n∑

k=1;k 6=j

skj xk

)]
(1)

where xi is firm i’s data endowment, sij ∈ [0, 1] is the percentage of data firm i shares with

firm j , m is the revenue per unit from own data, ms is the revenue per unit from data

shared by other firms and c is the degree of competition with c ∈ [0, 1]. The first term in the

profit function represents the revenue from the firm’s own data; the second term represents

the revenue from data shared by the other firms with firm i; and the third term covers the

competitive influence of other firms depending on the average amount of data to which they

have access. Specifically, we model the profit of a firm as the revenue from the data available

to it minus c times the average revenue of its competitors from the data available to them.

For the experiment we used the following parameter specifications: n = 3, m = ms =

1, xi = 100 ∀i and c = 1
3
, which relate to a market with three firms and a medium level of

competition.

Regarding the theoretical benchmark consider that in our model for c > 0 the unique

subgame perfect Nash equilibrium for an n-period game is not to share any data. Thus, in

terms of the theoretical solution, our model is again not much different from public good

games where the entities in equilibrium do not contribute, from prisoner’s dilemma games

where in equilibrium all players defect, or from oligopoly competition games where the firms

play the one-shot Nash equilibrium instead of colluding. For all these games, however, it is

well known that experimenters usually find a certain degree of cooperation. Consequently,

we also expect to observe a degree of cooperation in the case of data sharing that exceeds

the Nash prediction. Moreover, we expect that the amount of data sharing will depend on

the kind of control that is granted to the firm.

8

Data Sharing between Firms

85



3.2 Treatments

We identify three important levels of control in the context of data sharing. At the lowest

level of control, called Collective Sharing, a firm has no differentiated control over who

accesses its shared data, i.e., each firm can only share the same percentage of its data with

all other firms. This reflects situations where a firm uploads part of its data to a data pool

that provides unrestricted data access to all participating firms. At the medium level with

slightly more control, called Excludable Sharing, the firm may fully exclude certain firms

from access to its data, i.e., the firm specifies how much data to be shared and decides which

of the potential sharing partners gets access to it. This reflects situations where a data

pool allows firms to decide who can access their uploaded data, or where the firm licenses

interested parties before granting access to part of its database via an API. At the highest

level of control, called Individual Sharing, a firm is able to decide independently with whom

it shares how much of its data, i.e., firms can set the amount of data to be shared specifically

for each firm. It reflects a situation where two firms share data bilaterally.

4 Procedures

The experiment includes twelve sessions, four sessions for each treatment, with a total of 177

participants.2 All sessions have been conducted in a laboratory at the School of Business,

Economics and Information Systems at the University of Passau, Germany in January and

February 2020. Subjects were recruited from the student subject pool of the University of

Passau via the ORSEE platform (Greiner, 2015). In a session 15 participants were matched

randomly and anonymously to groups of three firms each, with each participant representing

one firm. There were 30 rounds per session. The participants of a group played together in a

market over the whole 30 rounds (fixed partner matching). In all treatments, subjects were

fully informed about the timeline of the experiment and the consequences of their actions.

2In one session the usual number of 15 participants was reduced to twelve because not enough participants
showed up.
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A session comprised seven steps. First, participants were randomly assigned to a seat.

Subjects could neither see nor communicate with each other. Throughout the experiment,

participants could take notes on a notepad provided for them. Second, the experimental

instructions were handed out in print and read aloud from recording. The recording ensures

that the voice, accent and emphasis were identical in each session. Third, before starting

the actual experiment, the participants had to answer a series of comprehension questions.

Fourth, after all participants had successfully answered the questions on the instructions,

they were shown a video explaining the user interface of the experimental software. The

video clearly illustrates the processes in the experiment and familiarizes participants with

the user interface through which they submit their decision on how much data to share with

the other firms, and in which they are presented information on past actions, as well as a

profit calculator. Fifth, participants proceeded to the first round of the game without prior

practice rounds in order to prevent unobserved learning effects. However, through the game,

participants were able to access the profit calculator where they had the opportunity to check

for any possible constellation of data sharing between the three firms, what the available data

and the profits of all firms would be. Once the participants had made their decision, they

were redirected to a waiting page. On this page they waited until all participants had finished

the round. During this time, it was still possible to use the profit calculator. After all firms

had determined the data points they wanted to share, the participants saw the results, i.e.,

the decisions, profits and available data from the current round, illustrated in a graph. Across

all treatments, it took about an hour to complete the 30 rounds of playing the game. Sixth,

at the end of the game, the subjects had to answer some post-questions. Finally, the subjects

were paid out the profit of his or her firm from exactly one of the 30 rounds. The payout

of the profit from exactly one round avoids budget effects. Each participant determined the

round to be paid out by throwing a 30-sided dice. The profit their firm had made at the

end of this round (measured in Thalers) was converted into Euro; 10 Thalers correspond to

one Euro. Finally, the profit from the selected round in addition to a participation fee of 10
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Euro was paid to the subjects privately and in cash. The duration of a session from entering

the laboratory to the end of payment was about two hours. The average payout was 24.53

Euro.

5 Results

Our analysis focuses on how much data is shared in a given market. Therefore, in the

following we treat the average contribution in a group in a single round as an observation

from a particular market. Consequently, each observation entails three firms, each of which

decides how much data the other two firms in the market receive. Note that there is some

evidence in our data of a learning or coordination phase in the first rounds and an endgame

effect in the last rounds. In order to avoid distortions caused by such adjustment and

endgame effects, we do not take the first and last two rounds into account.3 Figure 1

provides an overview of the resulting data. The histogram shows how much data was shared

on average from period 3 to 28 in each particular market, ranging from 0 (no firm in the

market has shared any data in any round) to 100 (all firms in the market have shared all

their data in all rounds).
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Figure 1: Histograms of the average data sharing of the markets.

3Table 5 in subsection 5.3 shows that the endgame-effect is strongest in the last two rounds.
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Table 1: Summary statistics

Treatment Obs. Mean SD

Collective 20 54.5 33.2
Excludable 20 69.5 23.5
Individual 19 67.1 23.7

One-Way ANOVA In order to test for treatment differences, we perform a one-way

variance analysis (ANOVA). As in Figure 1, we use the average shared data from period 3

to 28 of each respective market. By doing so, we take into account that observations from

the same market from different rounds are not independent. The result confirms differences

between treatments on a 10% significance level (F (2, 43) = 2.73, p = .08, η2p = .11). Thus,

control has a significant impact on the amount of data shared in a market.

Result 1. Control has an impact on the average amount of data shared in a market.

Tukey post-hoc test However, a Tukey post-hoc test identifies no significant differences

between the treatments (Collective Sharing - Excludable Sharing: p = .12, Collective Sharing

- Individual Sharing: p = .13. Excludable Sharing - Individual Sharing: p = 1). This results

from the data having some structural peculiarities. We will address this in the following

sections by conducting a more detailed analysis based on the formation of reasonable sub-

samples.

5.1 Developing sub-sample boundaries

A first notable observation is that the characteristics of data contributions in first half of

the experiment differ from those in the second half. Contributions in the markets grew from

an average of 58.7 data points in the entire first half to an average of 68.7 data points in

the entire second half. A Mann-Whitney U-Test based on average market contributions

over all rounds confirms this difference to be significant at a significance level of 5% (U =

1330.5, Z = −1.922205, p = .03). Furthermore, average market contributions are more
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volatile in the first half than in the second half. By calculating the standard deviation of the

average market contributions for each market from rounds 3 to 15 and 16 to 28, we obtain

an average standard deviation of 11.95 for the first half and 7.45 for the second half. A

Mann-Whitney U-Test confirms the difference again to be significant at a 1% significance

level (U = 2419, Z = −3.472727, p = .0003). Thus, we observe that cooperation, i.e., higher

and more stable data sharing, especially emerges in the second half of the experiment. This

indicates that a distinction should be made between long-lasting business relationships and

new business relationships.

Result 2. On average, more data is shared in long-lasting business relationships than in

new business relationships. Further, the amount of shared data is less volatile in long-lasting

business relationships.

Based on these insights, we conduct a round split in the middle of the game, i.e., in

the following we analyze the first and second half of the game separately. Thus, we have

the early-rounds sub-sample covering the played rounds 3-15 and the late-rounds sub-

sample covering the other half of the played rounds minus the endgame-effect, i.e., rounds

16-28.

A first insight into the characteristics resulting sub-samples is provided by Figure 2,

which shows histograms of the average contributions per market, separated by early and

late rounds and separated by treatments. The values on the x-axis range again from 0 (no

firm in the market has shared any data) to 100 (all firms in the market have shared all of

their data). Note that, especially in the late round sub-sample, there are a large number of

highly cooperative markets whose average data contributions are close to the maximum of

100. By classifying a market as supra-cooperative when the average contribution of firms

in the market over all rounds exceeds 90 (out of 100) data points, we find 37.3% supra-

cooperative markets in the late round sub-sample and 13.6% supra-cooperative markets in

the early round sub-sample. A Fishers Exact Test confirms this difference to be significant

at a 1% significance level (p = .005)
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Figure 2: Histograms of the average data sharing of the markets in the early-rounds and
late-rounds sub-sample.

Result 3. Supra-cooperative markets are more likely to occur in long-lasting business rela-

tionships.

Note, however, that there is no evidence for an impact of control on the probability

of occurrence of supra-cooperative markets. A Fisher’s exact test4 shows that the null

hypothesis that there is no relationship between the number supra-cooperative markets and

control cannot be rejected (early-rounds sub-sample: p = .51, late-rounds sub-sample: p =

1.00).

Result 4. There is no evidence for a relationship between the occurrence of supra-cooperative

markets and control.

4As the frequencies of the individual combinations are quite small, the Fisher’s exact test is used instead
of the Chi-square test.
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As supra-cooperative markets do not appear to depend on control, we focus on non-

supra-cooperative markets in the remainder of our analysis. Table 2 shows the descriptive

summary statistics of the resulting sub-samples.

Table 2: Summary statistics for non-supra-cooperative markets

Round 3-15 Round 16-28
Treatment Obs. Mean SD Obs. Mean SD

Collective 16 42.0 22.4 13 32.5 24.1
Excludable 17 55.8 21.1 12 61.9 19.7
Individual 18 58.9 21.2 12 59.1 24.6

5.2 Sub-Sample Analysis

One-Way ANOVA Based on the datasets from above, we again perform a One-Way

ANOVA to test for differences in data sharing across treatments. To avoid dependencies

between observations from the same market, we use the average contribution of a market

from the sub-sample of early rounds and late rounds, respectively. We find an effect for

the early-rounds sub-sample at a 10% significance level (F (2, 48) = 2.89, p = .07, η2p = .11)

and we find an effect for the late-rounds sub-sample at a 1% significance level (F (2, 34) =

6.32, p = .005, η2p = .27), indicating a significant difference between the treatments.

Result 5. In non-supra-cooperative markets, control has an impact on the amount of data

shared in a market.

Tukey post-hoc test In order to investigate which treatments differ significantly in the

individual sub-samples, we perform a post-hoc test, using the Tukey-Test. The results in

Table 3 show that only Collective Sharing differs significantly from Individual Sharing in the

early-rounds sub-sample. In Individual Sharing on average of 16.9 more data points were

shared than in Collective Sharing. In the late-rounds sub-sample, Collective Sharing differs

significantly from Excludable and Individual Sharing, while there is no significant difference
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between Excludable and Individual Sharing (see Table 3). In Excludable Sharing the data

contributions were on average 29.4 data points and in Individual Sharing 26.6 data points

higher than in Collective Sharing.5

Table 3: p-values from
Tukey-Test to test for impact of control.

Round 3-15 Round 16-28

Collective Excludable Collective Excludable

Excludable .17 .008***
Individual .07* .90 .02** .95

Notes: ∗∗∗p < .01; ∗∗p < .05; ∗p < .1;

Result 6. In new business relationships, significantly more data is shared in Individual

Sharing than in Collective Sharing, while there is no significant difference between Collective

Sharing and Excludable Sharing, nor between Excludable Sharing and Individual Sharing.

Result 7. In long-lasting business relationships, significantly more data is shared in Exclud-

able Sharing and Individual Sharing than in Collective Sharing, while there is no significant

difference between Excludable Sharing and Individual Sharing.

5.3 Robustness Check with the Zero-Inflated Poisson Model

So far, the analyses only considered how much data in a market was shared on average over

several rounds. This takes into account that different rounds played in the same market are

not independent of each other. In the following analysis we use the so-called Zero-Inflated

Poisson Model (see Lambert (1992) and Moffatt (2015, p. 257)). This more sophisticated

approach allows us to incorporate the results of each round separately into the analysis and

to take into account the interdependence between the rounds played in a market by using

clustered standard errors. This analysis corroborates our results.

5In Appendix 7.1, we replicate the analysis by performing a Kruskal-Wallis test, followed by a Mann-
Whitney U-post-hoc test (see Bortz (2005, p.287)), showing that these results are robust.
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The Zero-Inflated Poisson Model is designed to analyze truncated data with excessive

occurrence of zeros (Lambert, 1992). For this purpose, the data is separated into two sets.

One set contains all non-zero observations plus the zero observations, which can be explained

by the distribution of the non-zero observations (Lambert, 1992). The other set, the so-called

”excessive” zeros, contains all zero observations that cannot be explained by the distribution

of the non-zero observations (Lambert, 1992). In our data, however, we have an excessive

number of observations at the upper bound where all data have been shared. Consequently,

to use the Zero-Inflated Poisson Model, we invert the value of contributions. In particular,

we calculate Not SharedData = 100−SharedData, i.e., the dependent variable in our Zero-

Inflated Poisson Model measures how much data has not been shared. Thus, the analysis

reflects the previous analysis by addressing the problem of supra-cooperative markets through

the separate consideration of the excessive zero observations.

Each regression (Model 1-5) in the resulting analysis in Table 4 and Table 5 entails two

estimations. One estimation, the zero model (see Table 4), is based on a Logit model and

estimates the probability that an observation is an excessive zero. Positive and significant

coefficients indicate factors that are correlated with a higher probability that an observation is

an excessive zero, and negative and significant coefficients indicate factors that are correlated

with a lower probability that an observation is an excessive zero. The other estimation, the

count model (see Table 5), is based on a Poisson regression and estimates the amount of

shared data for all observations that are not excessive zeros. For the given subsample, a

positive coefficient indicates a positive correlation with sharing less data, while a negative

coefficient indicates a negative correlation with sharing less data.

In Table 4 Model 1-3, the coefficients zero Excludable and zero Individual measure

whether excessive zeros are more likely to occur under the treatments Excludable Sharing

and Individual Sharing than under Collective Sharing. In Model 4 and 5, we use Individual

Sharing and Excludable Sharing instead of Collective Sharing as base treatment. zero Round

and zero Round2 control for round effects and the dummy variables zero Endgame 26-30 con-
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Table 4: Zero Models

Excessive observation of full data sharing

(1) (2) (3) (4) (5)

zero (Intercept) −1.190∗∗∗ −3.759∗∗∗ −2.726∗∗∗ −1.584∗∗∗ −0.995∗∗∗

(0.450) (0.808) (0.603) (0.404) (0.368)
zero Excludable 0.195 0.211 0.214 0.590

(0.581) (0.628) (0.639) (0.546)
zero Individual −0.395 −0.420 −0.427 −0.590

(0.604) (0.642) (0.651) (0.546)
zero Collective 0.395 −0.195

(0.604) (0.581)
zero Round 0.279∗∗∗ 0.099∗∗∗

(0.055) (0.015)
zero Round2 −0.006∗∗∗

(0.001)
zero Endgame Round 26 −0.170

(0.147)
zero Endgame Round 27 −0.269∗

(0.153)
zero Endgame Round 28 −0.440∗∗∗

(0.149)
zero Endgame Round 29 −0.920∗∗∗

(0.247)
zero Endgame Round 30 −2.832∗∗∗

(0.544)

Notes: ∗∗∗p < .01; ∗∗p < .05; ∗p < .1;

trol for endgame effects in rounds 26-30. The result shows that we cannot reject the null

hypothesis that the probability of observing an excessive zero under Excludable Sharing or

Individual Sharing is equal to the probability of observing an excessive zero under Collective

Sharing. This holds regardless of whether we control for round and end game effects (Model

2-3) or not (Model 1). Further, there is no significant difference between Excludable Sharing

and Individual Sharing (Model 4-5). In other words, the model cannot explain the excessive

occurrence of cases where all data in a market have been shared with differences in control.

This is consistent with Result 4 where we find no effect of control on the occurrence of

supra-cooperative markets.

However, Table 5 shows that differences in control can explain the amount of shared data

in the subset of observations that are not part of the excessive zeros. Note that in Model

1-3 count Excludable and count Individual measure the difference of these treatments to
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Table 5: Count Models

Average data in a market that is not shared

(1) (2) (3) (4) (5)

count (Intercept) 4.116∗∗∗ 4.290∗∗∗ 4.162∗∗∗ 3.770∗∗∗ 3.832∗∗∗

(0.083) (0.093) (0.083) (0.103) (0.077)
count Excludable −0.284∗∗ −0.285∗∗ −0.292∗∗ 0.062

(0.113) (0.113) (0.115) (0.129)
count Individual −0.346∗∗∗ −0.344∗∗∗ −0.349∗∗∗ −0.062

(0.132) (0.132) (0.134) (0.129)
count Collective 0.346∗∗∗ 0.284∗∗

(0.132) (0.113)
count Round −0.039∗∗∗ −0.006

(0.014) (0.005)
count Round2 0.001∗∗∗

(0.0004)
count Endgame Round 26 0.020

(0.072)
count Endgame Round 27 0.069

(0.075)
count Endgame Round 28 0.102

(0.070)
count Endgame Round 29 0.193∗∗

(0.083)
count Endgame Round 30 0.611∗∗∗

(0.118)

Notes: ∗∗∗p < .01; ∗∗p < .05; ∗p < .1;

Collective Sharing, respectively. In Model 4 and 5, we use Individual Sharing and Excludable

Sharing as the base treatment instead. Again, count Round and count Round2 control for

round effects and the dummy variables zero endgame 26-30 control for endgame effects. The

results show at a significance level of 5% that firms in the Collective Sharing treatment share

less data compared to the Excludable Sharing treatment and at a significance level of 1%

that firms in the Collective Sharing treatment share less data compared to the Individual

Sharing treatment. This holds true even if we control for round and endgame effects. We

find no significant difference between Excludable Sharing and Individual Sharing.

In summary, the results confirm Results 6 and 7 that in non-supra-cooperative markets

Individual Sharing and Excludable Sharing yield higher contributions than Collective Shar-

ing. Furthermore, the existence of an increasing round effect (see Result 2) and the existence

of an end game effect in the last two periods is confirmed.
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6 Discussion and Conclusion

Although it is widely believed that more data sharing between firms would be beneficial for

the industry as a whole, the success of projects to support such data sharing is currently

limited. In this context, we identified control over the accessibility of shared data as one

of the key design elements for such projects. Our experimental results confirm that control

over who can access shared data promotes the success of data sharing. More specifically,

Collective Sharing leads to less data sharing than Individual Sharing in new relationships,

and Collective Sharing leads to less data sharing than Individual Sharing and Excludable

Sharing in established relationships. Accordingly, a system where all firms have unrestricted

access to shared data seems to be weakly dominated by systems where firms have more

control over who exactly can access their shared data.

However, in contrast to results from comparable literature that does not explicitly address

data sharing, we did not find that the ability to react gradually to small deviations of the

cooperation partners is important, i.e., we found no significant difference between Excludable

Sharing and Individual Sharing. Consequently, our experiment provides no evidence for the

assumption that, e.g., a system in which firms can license other firms to access their shared

data via a standardized API are worse than a system where firms grant individual access

to a dedicated share of their data. With respect to data sharing platforms, our results do

not indicate that it matters whether they allow firms to upload a data package and only

give them control over who gets access to that data package, or whether the platform allows

firms to control exactly what part of the data package which other firm can access. Further

research is needed to determine whether this insight remains robust in other sharing contexts

and to explore the underlying reasons.

In addition, we observed that sharing behavior in new relationships are significantly dif-

ferent from sharing behavior in established relationships. Higher volatility and lower sharing

volumes, as well as the less frequent occurrence of supra-cooperative markets, indicate that

it takes time to establish a stable data sharing cooperation, regardless of how much control is
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given to the firms. Thus, in reality, data sharing projects should not be expected to perform

optimally immediately. Further, we could not find a correlation between the occurrence of

supra-cooperative markets and control. This indicates that control is particularly important

in markets where firms are reluctant to share data.

Note that our results in the experiment apply to situations without information restric-

tions and with a medium degree of competition. Future research should investigate whether

these results also apply to other environments. However, our main result in terms of the

overall importance of control is backed by a broad body of literature on public goods, pris-

oner dilemmas and oligopoly competition experiments. Thus, it is very likely that this main

result will persist and it is therefore advisable to give firms control over who gets access to

the data they share in order to favor overall data sharing
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Güth, W., M. V. Levati, M. Sutter, and E. Van Der Heijden (2007). Leading by example

with and without exclusion power in voluntary contribution experiments. Journal of Public

Economics 91 (5-6), 1023–1042.

Hall, D. W. (2020). Growing the artificial intelligence industry in the UK.

https://assets.publishing.service.gov.uk/government/uploads/system/

uploads/attachment_data/file/652097/Growing_the_artificial_intelligence_

industry_in_the_UK.pdf. Accessed: 19.02.2020.

Holm, S. (1979). A simple sequentially rejective multiple test procedure. Scandinavian

Journal of Statistics 6 (2), 65–70.
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7 Appendix

7.1 Kruskal-Wallis-Test and Mann-Whitney U-Test (main effects)

To confirm the results of the One-Way ANOVA and the Tukey-Test, we additionally perform

a Kruskal-Wallis-Test on the early-rounds and late-rounds sub-sample for the observations

with an average contribution below 90 data points. The result from the early-rounds sub-

sample indicates an impact of control at a significance level of 10% (Chi square = 5.93, p =

.06, df = 2). The result from the late-rounds sub-sample yields a Chi square = 10.26, p =

.006, df = 2, indicating a significant impact on a 5% level.

In order to investigate which treatment levels differ in the respective sub-samples, we

perform a post-hoc test, by using the Mann-Whitney U-Test. Additionally, we adjust the

p-values based on Holm (1979) to obtain robust p-values for the pairwise comparisons of

treatments. The results in Table 6 show that at a significance level of 5% Collective Sharing

differs significantly from Excludable Sharing and Individual Sharing in the late-rounds sub-

sample. Further, given a significance level of 10% Collective Sharing differs significantly

from Individual Sharing in the early-rounds sub-sample.

Table 6: p-values from
Mann-Whitney U-Test for impact of control

Round 3-15 Round 16-28

Collective Excludable Collective Excludable

Excludable .14 .01**
Individual .07* .57 .02** .67

Notes: ∗∗∗p < .01; ∗∗p < .05; ∗p < .1;
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