Prominence-for-data schemes in digital platform
ecosystems: Implications for platform bias and
consumer data collection *

Marc Bourreau

Department of Economics and Social Sciences, Telecom Paris,19 place Marguerite Perey, 91120 Palaiseau, France
marc.bourreau@telecom-paristech.fr, https://perso.telecom-paristech.fr/bourreau

Jan Kramer, Janina Hofmann

Chair of Internet and Telecommunications Business, University of Passau, Dr.-Hans-Kapfinger-Str. 12, 94032 Passau,
Germany, jan.kraemer@Quni-passau.de, janina.hofmann@uni-passau.de, http://www.ibusiness.uni-passau.de

It is crucial for content providers (CPs) to appear prominently on dominant online platforms in order to
attract consumer demand. Platforms often offer content providers prominence in return for a monetary
compensation (e.g., a sponsored listing). We consider the case where CPs can pay the platform for prominence
by sharing data about their consumers, rather than money. Since data is non-rivalrous, the economic effects
of data sharing for prominence are more complex and differ from paying for prominence with money. In
a game-theoretic model we show that more consumer data will be collected as soon as CPs can obtain
prominence on the platform. Whether the platform is more biased under a prominence-for-money scheme
or under a prominence-for-data scheme depends on the marginal revenue from shared (non-exclusive) data.
If this marginal revenue is high, e.g., because the platform and the CPs do not compete fiercely on the
data market, then prominence-for-data will yield a higher platform bias, lead to more data collection by the
CPs, and ultimately lower consumer surplus. We also show that a vertically integrated dominant platform
can extort the non-integrated CP to share data even without giving prominence. Our results therefore bear

important insights for the regulation of data-rich online platforms.

Key words: B2B data sharing, prominence on platforms, consumer data, data collection

* Financial support by Deutsche Forschungsgemeinschaft through project KR 3889/5-1 is gratefully acknowledged.
The authors are thankful to participants at the International Conference on Wirtschaftsinformatik 2021, the 48th
Telecommunications Policy Research Conference 2021, the Paris Conference on Digital Economics 2021, the Doctoral

Workshop on the Economics of Digitization 2021 in Toulouse, and in particular to Paul Belleflamme for helpful



Bourreau, Kramer and Hofmann: Prominence-for-data schemes in digital platform ecosystems

1. Introduction

The main purpose of online platforms is to organize and present the available content in a way
that facilitates the consumers’ discovery process for content (Kréamer and Schnurr 2018, Renda
2015). However, this also implies that online platforms can bias the discovery process in favor
of some content providers (CPs), as they have the ability to steer consumers towards a specific
CP by giving that CP more prominence on the platform. At the same time, some platforms have
become gatekeepers of the internet, because they are key brokers for users’ attention. For example,
a survey conducted by the European Commission found that 82 % of small and medium enterprises
(SMEs) are reliant on search engines in order to sell their offered services and products online.
Online platforms commonly grant prominence to specific CPs in return for monetary payments
(e.g., sponsored listing or sponsored search results). Such payments are usually elicited through
a position auction. However, platforms have also been accused of extracting data from CPs (e.g.,
on consumer behavior), which helps them optimize their business and increase their data-induced
market power. For example, platforms induce CPs to share some of their data by offering them
benefits on the platform or access to additional services (e.g., a social login or fulfillment service).!
In this paper, we specifically consider prominence-for-data schemes where a CP is offered more
prominence on the platform (e.g., by biasing the search results in favor of that CP) in return for
access to the CP’s data.

This scenario is exemplified by Google’s accelerated mobile pages (AMP) project, whose main
purpose is to speed up mobile websites by hosting the content directly on Google’s services. How-
ever, this also has the (likely intended) effect that Google is able to attain the usage statistics of
unaffiliated websites that are accessed via AMP. In return, AMP-enabled websites are placed more

comments and suggestions.

L For a detailed analysis of the strategic effects of such induced data sharing on competition in the advertising
ecosystem see Kramer et al. (2019). They formally show that CPs can be trapped in a data-sharing dilemma (Kramer
et al. 2019), whereby unilaterally they cannot resist to accept a data sharing offer, but collectively they are ex-post

worse off by doing so.
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prominently in the mobile search results, e.g., by appearing in the so-called carousel results or sim-
ply being listed higher in the mobile search results page (because they load faster). Thus, in effect,
AMP is a means to implement a data-for-prominence scheme (Jun et al. 2019).The CMA notes in
its report about ”online platforms and digital advertising” that publishers using AMP complain to
have significantly lower abilities to monetize content as well as Google’s acess to usage statistics,
althouhgh using AMP leads to more prominence in Google search results (CMA 2020). Similarly,
Google offers Android developers a software toolkit named Firebase, which, among other things,
indexes the app and its content, and thereby enhances the performance for links to the app on
Google Search.? However, at the same time, Google acquires consumer data from the apps through
Firebase, supposedly even if consumers have opted out of tracking (Reuters 2020b).*> Moreover,
both Apple and Google factor app usage statistics (e.g., user engagement through the number of
app starts) into the ranking algorithms for their respective app stores (Walz 2015).

The strategic implications of prominence-for-data scheme, i.e., a main driver of business-to-
platform data sharing, has not been analyzed in the information systems, marketing and economics
literature so far, despite its practical and policy relevance. The fact that data is non-rivalrous,
which means that it can be effortlessly duplicated and then marketed competitively, implies that
the welfare effects of payments in data are inherently different than payments in money, which
warrants a separate investigation. Also the welfare consequences of payments in data are more
complex since welfare is not simply shifted from the sender to the recipient of the payment, as it
would be the case with money.

We develop a game-theoretic model in order to analyze the economic implications of data-for-
prominence schemes in the platform economy. In our model, a monopolistic platform can decide to
offer one of two CPs more prominence on the platform (e.g., by biasing the search results) in return
for a share of the CP’s data. Consumers choose a CP, next to individual preferences, based on the

2 See https://firebase.google.com/products/app-indexing.

3In addition, there is an ongoing investigation by the US Department of Justice on whether Firebase suppresses

competition in secondary markets such as online advertising (Reuters 2020a).
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CP’s collection level of consumer data and the CP’s prominence on the platform. Moreover, the
platform and both CPs compete in a B2B market for data (e.g., an advertising market, or a market
for customer analytics) in which they can exploit the consumer data acquired by offering their
consumer-facing service. The platform and the CPs can reap higher profits in the data market,
the more user data they possess. However, due to the non-rivalry of data, competition in the data
market intensifies as more firms possess the same data sets. This creates a novel trade-off for CPs
when sharing data in return for prominence.

We then compare three schemes by which online platforms grant prominence. First, a baseline
scheme, where the platform can choose to bias in favor of one of the CPs, but does not receive a
compensation in money or data in return. Second, a prominence-for-data scheme, where the plat-
form offers a bias in favor of one CP in return for a share of that CP’s data. Third, a counterfactual
prominence-for-money scheme, where the platform offers a bias in return for a monetary payment,
but where the platform does not receive additional data from the CP.

We find that the platform has no incentive to bias in favor of one CP, if it does not receive
a compensation in return. Introducing a bias would weaken the competition between CPs and
allow them to collect more data from consumers. This, in turn, intensifies the competition with the
platform on the data market. However, when a CP can offer a compensation to the platform, either
in money or in data, the platform does have an incentive to introduce a bias. The bias can either
be higher under a prominence-for-money scheme or a prominence-for-data scheme, depending on
the marginal revenue from non-exclusive data. If the value of shared (non-exclusive) data is low,
the platform has a larger incentive to bias under a prominence-for-money scheme, and will also
make larger profits under this scheme. However, if the marginal revenue from shared data is high,
then a prominence-for-data scheme leads to a higher platform bias, and a higher platform profit.
However, for consumers a larger platform bias is always welfare decreasing, because it weakens the
competition between CPs, and leads to collection of more data, and hence higher privacy costs for

them.
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Our results bear important implications for the future regulation of platforms. Policymakers and
scholars around the world have raised concerns that platforms may use their dominant role to distort
competition (e.g., Crémer et al. 2019, Furman et al. 2019, Scott Morton et al. 2019). In 2019, the
European Union adopted a platform-to-business (P2B) regulation (European Commission 2019),
which requires platforms to reveal the factors according to which they rank CPs, including possible
payments in money or data. The regulation does not prohibit particular prominence schemes,
however. More recently, the European Commission has introduced a proposal for a Digital Markets
Act (DMA), which allows policymakers to intervene more directly and to ban certain business
practices of dominant platforms (European Commission 2020). A particular area of concern is the
platform’s anti-competitive use of data from CPs that are being intermediated over the platform,
and the platform’s self-preferencing in rankings. We highlight how the desire to elicit more data
from CPs can be the driver for a platform’s biased ranking. Moreover, we demonstrate that a
vertically integrated platform, which has the ability to set a bias on the platform in favor of its own
downstream CP, can extort the non-integrated CPs into sharing data - even if the non-integrated
CP remains less prominent that the integrated CP.

The remainder of this article is structured as follows. Next, we review the relevant literature on
digital platforms and value creation through data. In Section 3 we develop and solve our game-
theoretic model. In Section 4 we compare the market outcomes in the baseline, prominence-for-data
and prominence-for-money schemes and discuss our findings. In Section 5 we analyze the effect of
a CP which is vertically integrated with the platform. In Section 6 we examine the impact if the

CPs can invest in data analytics. Section 7 concludes with some policy implications.

2. Related literature

We contribute to the emerging literature on digital platform ecosystems (Tiwana 2015), which is
reviewed by De Reuver et al. (2018), Hein et al. (2020) and Kretschmer et al. (2020). In particular,
our model relates to three strands in this literature - payment for prominence, biased search

intermediation, and competition and data strategies in platform markets.
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First, a large body of literature considers sponsored rankings on platforms and investigates
various relevant questions in this context such as usability, optimal auction formats or bidding
strategies as well as the welfare effects and policy implications of this type of platform strategy
(e.g., Abhishek et al. 2019, Armstrong et al. 2009, Armstrong and Zhou 2011, Athey and Elli-
son 2011, Berman and Katona 2013, Chen and He 2011, Feng et al. 2007, Ghose and Yang 2009,
Hagiu and Jullien 2014, Long et al. 2021, Song 2021, Weber and Zheng 2007, White 2013). All
of these papers consider prominence-for-money schemes, however, none considers prominence-for-
data schemes, which is the focus of this paper. Prominence on platforms is substantial for content
providers to obtain consumer demand and thus, to increase their revenues (Garg and Telang 2013,
Kim et al. 2010, Kréamer and Zierke 2020, Ursu 2018). Sponsored search can be a significantly
better device to increase sellers revenues on e-commerce platforms than advertising on social media
(Sun et al. 2020). Considering the importance of prominence, the higher the platforms possibility
to obfuscate rankings, the higher is also the content providers willingness to pay for prominence
(Mamadehussene 2020). Introducing mechanisms such as payment-for-prominence or social logins
strengthen the competition between content providers and they may end up in a prisoner’s dilemma
situation (Armstrong and Zhou 2011, ?). In general, the market outcomes and welfare effects typ-
ically depend on the market structure (De Corniere and Taylor 2019, Hunold et al. 2020, Song
2021) - in particular, whether the content providers compete in prices (e.g., Chen and He 2011,
Dellarocas 2012, Zhou 2011) or in quality (e.g., Chen et al. 2010, Katona et al. 2020, Krédmer and
Zierke 2020). De Corniere and Taylor (2019) denote these different environments as ‘conflicting
payoffs’ and ‘congruent payoffs’, respectively, because a higher price leads to a higher surplus for
CPs but a lower surplus for consumers (conflicting payoffs), whereas a higher quality can benefit
both (congruent payoffs). In our model, the CPs compete in the amount of data they collect from
consumers, which corresponds to a conflicting-payoffs environment. Accordingly, they are always
worse off with a biased ranking scheme, regardless of the type of compensation paid to the plat-

form. Kramer and Schnurr (2018) review the strategic and welfare effects of paying-for-prominence
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schemes and come to the conclusion that market interventions may only be warranted under a
conflicting-payoffs environment. Our model shows that this view extends also to prominence-for-
data schemes. Moreover, Chu et al. (2020), Ghose et al. (2014) propose mechanisms how an optimal
ranking can be achieved from a total welfare perspective, optimal mechanisms under prominence
schemes.

Second, our set up relates to models on search bias (e.g., Bourreau and Gaudin 2018, Hagiu and
Jullien 2011, 2014, De Corniere and Taylor 2014). De Corniere and Taylor (2014) use a Hotelling
model to analyze biased search intermediation on a platform without any payments for prominence.
They model bias as a design choice shifting the consumer demand between the competing publishers
listed on the platform. The platform has an incentive to bias search results to reduce competition
from the two publishers in the advertising market. However, when they are symmetric, no publisher
represents a more important threat, and therefore, the platform sets no bias. We also model bias
as a demand shift in a Hotelling setup but find that a bias strengthens competition between the
platform and the CPs in the data market, which explains why the platform sets no bias when there
is no compensation for prominence. The theoretical models are strengthened through Hunold et al.
(2020) who provide empirical evidence of intermediation bias by online travel agencies (OTAs).
Hagiu and Jullien (2011, 2014) develop a model in which consumers access different products
on a platform sequentially, but the platform can divert their search by showing them the less
preferred product first to generate higher revenues. They show that when introducing a bias,
the platform trades off between the higher revenues obtained with biased intermediation and the
reduced consumer activity. In our set up, the platform also faces a trade-off when biasing its
ranking, albeit a different one: Biasing allows the favored CP to collect more data from consumers,
and this leads to fiercer competition with the platform in the data market.

Third, we contribute to the emerging literature on platform data strategies (Bhargava et al.
2020). In data-driven markets, firms compete not only in prices or quality, but also in privacy or

data-disclosure levels (Casadesus-Masanell and Hervas-Drane 2015, Kummer and Schulte 2019).
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For firms, consumer data represent both an input and an output. As an input, data allows firms
to improve the quality of their products or services (e.g., Casadesus-Masanell and Hervas-Drane
2015, De Corniere and Taylor 2020, Guembel and Hege 2021), to personalize ads (De Corniere and
De Nijs 2016) or product prices (e.g., Montes et al. 2019). As such, data can provide firms with
a competitive advantage, when they are better able to collect consumer data than their rivals,
thereby increasing market concentration (e.g., Priifer and Schottmiiller 2020, Hagiu and Wright
2020). But data can also be an output for firms, sold to third parties (e.g., marketing companies,
data brokers, etc.). In this context, the literature has explored how the data can be sold, e.g.
exclusively or not (e.g., Montes et al. 2019) or with which selling mechanism (Bounie et al. 2020),
data brokers’ incentive to aggregate data from different sources (Gu et al. 2021), and competition
between data intermediaries taking into account the non rivalrous nature of data (Ichihashi 2019).
In our model we build on these microfoundations, but abstract from the details of data collection
and data monetization. With respect to the data input, we assume that consumers dislike data
collection and prefer the content provider which collects less data about them. With respect to the
data output, we assume that consumer data which is held exclusively by a firm is more valuable
than consumer data that is available to several firms.

Moreover, our paper is related to Jeon and Yan (2020) who study how the adoption of Google’s
AMP affects data allocation and innovation incentives. However, the focus of their paper is different,
and the authors do not consider the effect of prominence-for-data schemes directly. Instead, in Jeon
and Yan (2020) AMP does not lead to differences in prominence, but can be adopted by all content
providers and reduces customer churn by improving the loading speed of websites. They then show
that, similar to Kramer et al. (2019), the adoption of AMP may engender negative externalities and
result in a prisoner’s dilemma for content providers. To the best of our knowledge, the interplay
between the level of data collection and prominence on platforms has not been studied in the
literature so far. In our model, we consider data as a currency for prominence payments, and show
that prominence increases the market power of firms vis--vis consumers, allowing them to collect

more data.
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3. The model

We consider a monopolistic platform (P) and two competing content providers (CP i,i =1,2).
Consumers can discover the CPs only via the platform. The platform can steer consumers towards
one of the two CPs by giving it prominence on the platform, e.g., by ranking it systematically higher
in the search results, everything else being equal. In this case, we will say that the platform is biased.
We consider and compare three prominence schemes, which differ in the compensation that the
platform receives from the CP in return for prominence. First, in the baseline scheme (denoted by
superscript B), the platform can choose to make one CP more prominent but does not receive direct
compensation from the CP. Second, in the data-for-prominence scheme (denoted by superscript D),
the platform requires the CP to share some or all of its data in return for prominence. Third, under
the money-for-prominence scheme (denoted by superscript M), the platform grants prominence for
a monetary compensation, like in a standard sponsored search ranking. Below, we elucidate the
structure and the timing of the game further.

Consumers and demand: Two horizontally differentiated CPs compete for the attention of single-
homing consumers. Both CPs offer their content for free, but collect data from the users that
consume their content. Let d; be the amount of data collected by CP i from each of its users.
There is a unit mass of consumers, denoted by D, who can access the CPs solely via the platform.
Consumers single-home and after entering the platform, they choose which of the two CPs they
want to visit. Let D; denote the demand for CP i, so that D = D; + D, = 1. The demand of each
CP depends on three main factors. Everything else being equal, consumers prefer the CP which
(1) collects less data about them, and (2) which offers content that is closer to their individual
preference; but (3) the CP’s demand depends also on the platform’s bias.

With regard to the platform’s bias, we built on Bourreau and Gaudin (2018), De Corniere
and Taylor (2014), Hagiu and Jullien (2011) and assume that the platform can steer consumers
towards a specific CP. To this end, as in De Corniére and Taylor (2014, p.597) we assume that

consumers know their preferences but are unable to map these to their position on the Hotelling line.



Bourreau, Kramer and Hofmann: Prominence-for-data schemes in digital platform ecosystems

10

Accordingly, consumers cannot identify which CP is optimal for them and rely on the platform’s
recommendation instead.

More specifically, we assume that a consumer’s preference z is uniformly distributed on the unit
interval and that the CPs are located at each end of the preference spectrum, i.e., CP 1 at z =0

and CP 2 at x = 1. Thus, a consumer with preference x derives a utility of

v—0d; —tx if using CP 1
ui(x) =

v—0dy—t(1—x) if using CP 2,

where v is the base utility for using content, § > 0 is the consumers’ marginal disutility of data
collection (reflecting the importance of the consumers’ privacy concerns), and ¢ is the marginal
disutility when the CP’s content differs from a consumer’s ideal content in the preference spec-
trum. Accordingly, there exists an indifferent consumer located at Z for whom wu;(Z) = uy (). All
consumers with z <  derive a higher utility when using CP 1, and all consumers with > & derive
a higher utility when using CP 2. The platform is aware of Z, and if it were to present the two
CPs in an unbiased way, the CPs’ demands would depend only on (1) the data collection levels
and (2) the consumers’ preferences. That is, CP 1 and CP 2 would obtain the demands D; = #
and Dy =1— T, respectively.

However, we assume that the platform can introduce a bias and alter the presentation of the
CPs on the platform in such a way that it favors one of the two CPs. This means that in this case
the platform alters its recommendation to consumers in such a way that the favored CP receives
a share 0 of the demand addressed to the other CP, where 6 € [0,1) represents the level of bias.
Assume without loss of generality that CP 1 is the prominent CP. Consequently, the demands of
CP 1 and CP 2 are D, =D, + 6D, and Dy = (1— 5)152, respectively.

Note that in our parsimonious set up we do not need to model consumer search explicitly in order
to introduce a bias. Nevertheless, our assumptions are in line with the outcomes from the literature
on consumer search. For example, Hagiu and Jullien (2014) choose a similar set up with explicit

consumer search, and note that the platform’s bias can be interpreted as the probability by which
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the platform exposes a consumer first to the consumer’s less preferred CP. When consumers have
positive and heterogeneous search costs, some will remain with the CP that they have encountered
first, even if this leaves them with a lower utility (net of search costs). In this way, the platform
can divert demand from the less prominent to the more prominent CP in a continuous manner,
which is exactly what we have assumed here.

Content providers’ and platform’s profits: The CPs compete with the platform on the data
market (e.g., the market for targeted advertising, selling data analytics services, or simply as a data
broker). While we abstract from modeling competition in the data market explicitly, we borrow the
central insight from models of competing data intermediaries (e.g., Gu et al. 2021, Ichihashi 2019)
that the economic profits of a firm are the greater, the more the firm has access to exclusive data.
Let dp be the amount of data that the platform P owns about each of its users. Then, we assume
that ¢; = pd; dp denotes the amount of data that CP ¢ has in common with P (non-exclusive data),
with p < 1 representing the degree to which P’s and CP i’s data coincide. Consequently, e; = d; — ¢;
is the amount of data that is exclusive to CP i. Notice that, as each firm collects more data, the
amount of common data will increase. This is because, as a firm increases its data collection efforts,
it will also collect some additional data about a consumer that — albeit being new data to the
collecting firm — was already known by the other firm. This effect becomes stronger, the more data
the other firm has. In line with the insight of previous literature (Gu et al. 2021, Ichihashi 2019)
that non-exclusive data has a lower marginal revenue than exclusive data, we normalize a firm’s
marginal revenue from exclusive data to one and let § € [0,1) denote the marginal revenue from
(non-exclusive) common data. Since the acquired consumer data can be exploited in the secondary
data market, it only decreases the consumers utility but does not create any added value for users
(e.g., no personalization).

In the baseline scheme, the CPs do not compensate the platform for prominence with data or

money. Therefore, CP i’s profit is given by

I'Y = (e; + Bei) Di, (1)
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and P’s profit is given by
I1° = (e} + Ber) Dy + (ey + Bez) Do, (2)
where e =dp — ¢; is the data that P has exclusive relative to CP i.
In the prominence-for-data scheme, P offers CP 1 more prominence on the platform in return
for a share v of its data. That is, if CP 1 accepts this offer, it shares with P an amount ~yd; of data
about each of its users. Some of this shared data was already common to P and CP 1 (y¢;) and

sharing has no effect here. However, CP 1 also shares e, of its exclusive data. CP 1 and CP 2’s

profits are then given by

P =((1—v)er+B(ci+ve1))Dr and TP = (ex+ Bea)Do. (3)

Likewise, P’s profit under a prominence-for-data is given by

P = (ef + B(ei +7e1)) Dy + (ek + Bey) Dy. (4)

Finally, in the prominence-for-money scheme, P offers CP 1 more prominence in return for a
monetary payment. If CP 1 accepts, the profit functions are similar as in the baseline scheme,

except for the monetary transfer m between CP 1 and P. Hence,

'Y =(ey+pBei)Dy—m and T3 = (es+ Bey)Ds, (5)
" = (ef + Ber) Dy + (&5 + Bea) Dy +m. (6)
Note that the total value of data held by CP i is given by e; + S¢; = [1 — p(1 — B)dp]d;. Thus,

the term v =1 — p(1 — B)dp represents the average value of the data collected by CP i. In the

baseline scheme and in the prominence-for-money scheme it is the same for the two CPs. However,

in the prominence-for-data scheme, for CP 1 we have instead v, = (1_7)612[?(61“@1) =(1—7v)r+~0.
Subsequently, we restrict attention to cases where v > 0, because otherwise data-funded CPs would

not be viable. This requires that p(1 — 5)dp < 1, for which we need to assume that pdp <1, so

that this condition holds for all values of .
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Moreover, note that the total value of data held by the platform is e + Bc; = dp [1 — (1 — 8)pd;].
Likewise, we need to assume that v, =1— (1 — 8)pd; (which represents the average value of data
for P for CP i’s consumers) is strictly positive. This requires that pd; <1 in order to hold for all
values of 3.%

Timing: The timing is as follows: In Stage I P chooses a prominence offer by selecting a level
of bias and, depending on the prominence scheme, a compensation in terms of data or money. In
Stage 2 the CPs decide whether to accept the prominence offer. In Stage 3, the CPs choose their
data collection level. Finally, in Stage 4 consumers decide which CP to patronize and demands are
realized. In order to determine the subgame-perfect equilibrium for each prominence scheme, we
proceed by backwards induction.

3.1. Equilibrium in the baseline scheme

The marginal consumer Z, who is indifferent between accessing CP1 or CP2, is located at

1 0(dy—dy)

Consequently, the demands of CP 1 and CP 2 are D; = Dy + 6D, and Dy = (1 — ) D,, respectively,
with D1 =T and D2 =1— 2. Note that l~?i does not depend on §. Thus, CP i’s demand decreases
with its level of data collection (0D;/0d; < 0) and increases with the level of data collection of
CP j#1 (0D;/0d; >0).

Stage 8 (CPs’ data collection levels): First, note that using the average value of data, v =
1—p(1—p)dp, CP ¢’s profit can be rewritten as I'; = vd,;D;(d;,d;; ). More precisely, assuming

prominence is given to CP 1, we have:
Fl :le (Dl(dl,d2)+6b2(d1,d2)> and F2: (1—5)Vd2D2(d1,d2). (7)

Since v is independent of d;, CP 1 chooses a data collection level in order to maximize

dy (bl(dl,dg) +6D2(d1,d2)>. Thereby, the platform’s bias § in favor of CP 1 has two effects on

4'We show later that this implies 6 > @'
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CP 1’s data collection level: First, there is a scale effect, because a larger bias increases CP 1’s
demand, which increases the return from an increase in the level of data collection. Second, there is
a demand elasticity effect. A higher level of bias makes CP 1’s demand less elastic to an increase in
data collection. This is because the consumers, which CP 1 loses owing to a higher data collection
level, can be ‘won back’ due to the bias, which shifts demand from CP 2 to CP 1. Both effects
induce CP 1 to increase its data collection level if it is given more prominence on the platform.
CP 2’s best response data collection level is per se independent of §, but CP 1’s and CP 2’ data
collection levels are strategic complements. This means that CP 2’s data collection level increases
whenever CP 1’s data collection level increases. Thus, in equilibrium the data collection levels of

both CPs increase with . More specifically, in our model we obtain in equilibrium:

a() =B )

- 30 <d\(9). (5)

Hence, we find that Dy = D;(d;,ds) =1/2+9/6, so CP 1’s demand is increasing in 6 (9P1/a5 > 0).
This implies that CP 2’s demand, which is given Dy = Do(dy,ds) = 1/2 — /6, is decreasing in &
(9P2/95 < 0). Also note that the profit of each CP increases with ¢ in equilibrium. In other words,
prominence softens competition in privacy between the CPs, allowing them to earn higher profits.

Stage 2 (Acceptance of the prominence offer): Since the platform does not demand any compen-
sation for the CPs in return for prominence, this stage does not exist in the baseline scheme.

Stage 1 (P’s bias): The platform chooses the optimal bias § such that it maximizes its profit

from (2). Using the fact that D; + Dy =1, P’s profit can be rewritten as

I = dp 1 — p(1— B)A()] (9)

where A(0) = d;(6)D1 + do(d) D2 represents the total amount of data collected by both CP 1 and
CP 2 in equilibrium. From (9), we can see that P’s profit is maximized if the total amount of data
collected by the two CPs, A(d), is minimized. Since both CPs collect more data when P introduces

a bias, P maximizes its profits by setting 6 =0 (no bias) in equilibrium.
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3.2. Equilibrium in the prominence-for-data scheme
P may now offer the CPs the possibility to receive more prominence on the platform (by biasing
the consumers towards CP i) in exchange of a share ~v;e; of their exclusive data. On the one
hand, being prominent increases the CP’s consumer demand and softens competition with the rival
CP. However, on the other hand, sharing data with P reduces the average value of data for the
prominent CP.

Stage 4 (Consumers’ demand): The consumers’ decision concerning the choice between CP 1
and CP 2 is the same as in the baseline scheme (Section 3.1).

Stage 3 (CPs’ data collection levels): 1f no CP has taken the prominence offer, this stage is the
same as in the baseline scheme. Now, assume that CP 1 has accepted the prominence offer and has
to share a proportion v of its data with P. Using again the CPs’ average value for data, we can

rewrite the CPs’ profits as follows:
Fl :V,ydl (El(dl,dg)—F(sﬁg(dl,dg)) and FQZ (1—6)I/d2D2(d1,d2).

From our assumption pdp <1, it follows that v, = (1 —y)v + v8 < v. Therefore, data sharing
reduces the average revenue from data for CP 1. Nevertheless, otherwise the CPs’ decision problems
remain the same as in the baseline scheme (7). Thus, we obtain the same equilibrium data collection
levels as in (8). In other words, P’s prominence contract does not distort the data collection levels,
even though CP 1 obtains a smaller average revenue (v,) from the data that it collects.

Stage 2 (Acceptance of the prominence offer): The platform offers the CPs an (exclusive)
prominence-for-data offer {~,d}, which only one of the two CPs can take. As the two CPs are
symmetric, we assume without loss of generality that, if the offer is accepted, it is accepted by
CP 1. CP 1 accepts the prominence offer if and only if I'y > I's, that is, if it is better to be the

prominent CP than the non-prominent one. This is true if

(340)%

(3—6)2
“I8(1-6p @ ©

(7,9) = "18(1—0)0

Iy (6) =
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For 6 > 0, we find that it is better to be prominent than non-prominent if and only if

s 126v
T T U8B0 - pdp)

(10)

In words, for a given level of bias d, the reduction of the average value of data v, should not be
too large for CP 1 to accept the prominence offer.

Stage 1 (P’s prominence-for-data offer): Again, using the fact that Dy + Dy =1, P’s profit can
rewritten as

I1° = dp [1 — p(1 - B)A)] +7B(L — pdp)ds Dy (11)

Since P’s profit increases with v and the data collection levels do not depend on ~, the platform
chooses the maximum data sharing level acceptable to CP 1, i.e., v =75(d). P’s profit function can

then be rewritten as

206vt

74 =dp [1 - p(1 - B)A(S)] + 3'9(1—5)115

(12)

The platform faces a trade-off when setting its level of bias. On the one hand, the first term in
P’s profit function (12) is identical to P’s profit function in the baseline scheme and incentivizes
the platform to set a minimal (no) bias. On the other hand, the second term in P’s profit function
increases with 0 and therefore incentivizes the platform to set a maximal bias. In other words,
setting a larger bias increases competition in the data markets by increasing the amount of data
collected by the two CPs, but it also allows P to derive larger revenues from CP 1, because CP 1
would be willing to share more data with P. Taken together, the platform will choose a bias
balancing the two effects. However, it is important to see that, in any event, the platform now has
a higher incentive to set a positive bias than in the baseline scheme, and will generally choose a

non-zero bias in equilibrium. More specifically, assuming an interior solution, we obtain that

p_ 4 5(1—B)2pdp — 3V
ot \@\/ (1-8)%pdp

3.3. Equilibrium in the prominence-for-money scheme

In this scheme, P offers one of the CPs more prominence in exchange for a lump-sum payment m.
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Stage 4 (Consumers’ demand): The consumers’ decision concerning the choice between CP 1
and CP 2 is the same as in the baseline scheme (Section 3.1).
Stage 3 (CPs’ data collection levels): Assuming that CP 1 has accepted the prominence offer,

CP 1’s and CP 2’s profits are given by
Fl = l/dlDl —m and FQ = VdQDQ.

Since m is exogenously given at this stage, the CPs’ decision problems are the same as in the
baseline scheme. Hence, we obtain the same equilibrium data collection levels as in (8).

Stage 2 (Acceptance of the prominence offer): The platform offers the CPs an (exclusive)
prominence-for-money offer {m,d}, which only one of the two CPs can take. Following the same
logic as with the prominence-for-data offer, CP 1 accepts the offer if and only if I'y > I's, which

yields

2wt
- 30(1-9)

m<m

We note that m would also be the payment that would arise if the two symmetric CPs were to

compete for prominence in a second price auction, because it represents the difference in profit

between being in the more prominent and the less prominent position. Hence, in a second price

auction both firms would bid exactly m to be in the more prominent position, and thus, the winning
bidder (chosen at random) would have to pay .

Stage 1 (P’s prominence-for-money offer): Evidently, P would choose m = in equilibrium (or,

alternatively, conduct a second price auction in which the CPs would choose m endogenously).

Therefore, P’s profit can be written as
7 = dp 1 p(1 - BAW)] + 2.

Similar as under a data-for-prominence scheme, the platform faces a trade-off when determining
the optimal bias. The first term in P’s profit function corresponds once again to the profit function

in the baseline scheme, which is maximized by setting a minimal bias. But the second term is
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increasing in &, which would call for a maximal bias. Thus, also under a prominence-for-money
scheme the platform has a stronger incentive to set a positive bias than in the baseline scheme and

will generally choose a positive bias (§ > 0). Assuming an interior solution, we obtain

s \/»\/Sdpp (1-p)-3
B)dpp

4. Comparison of market outcomes and welfare
Having derived the equilibrium outcomes under each scheme, we can now compare and discuss
them.

Data collection: We can observe from Equations (8) that the data collection levels increase, if (i)
competition between the CPs is weak (high ¢), (ii) the privacy concerns of the consumers are weak
(low 0), and (iii) the marginal revenue from non-exclusive data is still relatively high (high f).
(iv) Moreover, the platform’s optimal bias 0 increases with the marginal revenue from the (non-
exclusive) common data, /3, in the prominence-for-data and the prominence-for-money schemes.
Since a larger bias reduces the competition between the CPs, this results in an increase of the CPs’
data collection levels. In contrast, if p and dp are high, this implies a low level of bias, and hence,
low data collection levels since the any additional data being collected is more likely to be (less

profitable) common data.

ProprOSITION 1 (Data collection and platform bias). The amount of data that each CP

collects from their consumers increases with the platform’s bias d.

Platform’s incentive to bias: We now compare the platform’s incentive to introduce a bias across

the three prominence schemes. We do this by considering the platform’s marginal revenues from

setting a positive bias. Let Ry = dp[l — p(1 — B)A(9)], R = 392£fﬁ) 2 and R; = . Then,
we can express the platform’s profit in the three schemes as follows: II” = R;, II” = R, + R, and
HM == R1 + Rg.

In the baseline scheme, the platform’s profit strictly decreases with the level of bias (i.e., a;f;l <0).

This is because a larger bias relaxes the competition between CPs, which increases their data
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collection efforts. Consequently, the amount of data exclusive to the platform is reduced, and hence,
its profits in the data market. Therefore, in the absence of any compensation by the CPs, the
platform only has disincentives to set a positive bias. By contrast, under a prominence-for-data
or a prominence-for-money scheme the platform does have incentives to set a positive bias. This

is because the platform can receive a larger compensation from the CP (in data or money) if it

ORy
) B8

AR

>0 and

increases the bias (i.e. > 0, respectively). Nevertheless, the platform’s disincentive
due to the reduction in exclusive data remains. In equilibrium, the platform will therefore set a
bias that balances out the positive and negative incentives. Since the disincentive to set a bias
remains the same across all three schemes, a prominence-for-data scheme provides the platform

with higher incentives to bias than a prominence-for-money scheme if and only if

9

1

25 ~ 95 T a5 |30(1=0)|1-5 " @ 39(1—5)] “h<3
Consequently, whenever the marginal revenue from non-exclusive data is low ( 5 < 1/2) it follows
that 6% <P <M in equilibrium, i.e., a prominence-for-money scheme leads to a higher bias than
a payment-for-data scheme; and vice versa, if the marginal revenue from non-exclusive data is high

(B >1/2) it follows that 6% < < §P, such that prominence-for-data leads to the highest platform

bias.

PROPOSITION 2 (Prominence scheme and platform bias). A prominence-for-data scheme
leads to a higher platform bias than a prominence-for-money scheme if the marginal revenue from
non-exclusive data is high (8 > %), and vice versa. The platform has no incentive to bias in favor

of one CP if it does not receive a compensation by that CP (baseline scheme).

Platform’s profits and choice of prominence scheme: It follows immediately from the preceding
discussion that the platform’s profit must be lower in the baseline scheme than in the case when
it offers either prominence-for-data or prominence-for-money, because the platform can always
choose no bias and not receive a compensation. Furthermore, it also holds that Ry, = R3; when

B =1/2, in which case the platform would also choose the same bias in equilibrium. Thus, for
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B =1/2 the platform’s profits under a prominence-for-data and a prominence-for-money scheme
coincide, whereas for § > 1/2 the platform’s profit is larger under prominence-for-data and for
B < 1/2 it is larger under prominence-for-money. Consequently, if P could choose, it would prefer a
prominence-for-data scheme over a prominence-for-money scheme whenever the marginal revenue
from non-exclusive data is high (5> 1/2).

Platform industry profits: The platform industry profit (or industry surplus) is given by the
sum of the platform’s and both CPs’ profits. Again, we find that the platform industry profit
is the highest under a prominence-for-data scheme when > 1/2 and otherwise, it is the highest
under a prominence-for-money scheme. The platform industry profits are always the lowest in the
baseline scheme. This is intuitive, because whenever the platform introduces a bias, then this relaxes
the competition between CPs, which leaves them with higher gross profits to the detriment of
consumers; and according to Proposition 1 we already know that for 5 > /2 a prominence-for-data

scheme leads to the highest bias.

ProprosITION 3 (Platform profits and industry profits). A prominence-for-data scheme
leads to a higher platform profit and a higher profit for the whole platform industry than a
prominence-for-money scheme if the marginal revenue from non-exclusive data is high (8 > %), and
vice versa. The platform makes the lowest profit if it does not receive a compensation for introducing

a bias (baseline scheme).

It is important to see that > 1/2 also means that the total (marginal) profit that can be made
from shared, non-exclusive data is larger then the total (marginal) profit that can be made if the
same data were exclusive, since 23d > d. Therefore, in the following, we will denote > 1/2 as a
situation in which data sharing is increasing platform industry profits, and hence efficient from an

industry perspective.

COROLLARY 1. The platform prefers a prominence-for-data scheme over a prominence-for-
money scheme precisely when data sharing is efficient from an industry perspective. The platform

always prefers the scheme that yields the highest bias.
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This is remarkable in so far as the platform would unilaterally implement the prominence scheme
that maximizes the industry surplus, although it is considering only its own profit and not industry
profits. At this point, it is worth discussing the welfare implications of the threshold § =1/2 in more
detail. Clearly, for 8 > 1/2 data sharing is efficient from an industry perspective, since the platform’s
and CP’s joint profit from the shared data is larger than without sharing. For example, this could
be the case when each firm combines the data with other data that it has (which we do not model
here) to create a diversified data set, which can then lead to an expansion of total demand on the
data market. The two firms could also sell the same non-exclusive data, but through diversified
sales channels, thereby not competing head to head for all potential buyers. The firms may also not
sell the data directly, but provide analytics or advertising services based on that data, which yield
differentiated offers, or cater to different buyers, allowing the firms to make more profit together
than any one firm could do alone.

However, we note that § =1/2 does not necessarily mark the threshold at which data sharing
is efficient for the digital economy as a whole. For example, § < /2 could capture a situation in
which the competition between the platform and the CP in selling the common (non-exclusive),
shared data is fierce. Due to competition, each firm makes less than if it could have sold the data
exclusively as a monopolist. However, this also means that data buyers (which we do not model
here) would get a better deal. But, as we show above, when < 1/2 less data is collected in the
first place, which is likely to be bad for data buyers. The overall welfare effect would therefore
depend exactly on the use of data, and could go either way. With the advancement of technology,
it may also change over time, even if the same data is being sold at the same prices. An assessment
of total welfare is therefore futile in our context, and therefore, we restrict our attention to the
platform industry surplus and consumer surplus (see below) separately. Moreover, in Section 6 we
consider more formally how these insights become more nuanced when we allow firms to invest in
data analytics technologies, so that they can exploit the data available to them differently. This
can also yield thresholds  # /2 at which the platform will switch between a prominence-for-data

and a prominence-for-money scheme.
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The preceding discussion also highlights the more complex welfare considerations that arise under
a prominence-for-data scheme, or more generally when payment is made in data rather than money.
Whereas the monetary payment under a prominence-for-money scheme is a welfare neutral transfer
from the CP to the platform, the welfare implications of a payment in data depend crucially on
the difference in marginal revenue between exclusive and non-exclusive data, as well as the use of
data.

Consumer surplus: We now consider the consumer surplus. Recall that a bias leads to a higher
data collection level by both CPs, which is unambiguously bad for consumers. In addition, the bias
introduces a distortion in demand, as some consumers are steered towards the CP that provides
them with a lower utility. Thus, the order of the size of the biases arising in the three schemes also
represents the order of consumer surplus in these schemes. Accordingly, any form of compensation

offered to the platform in return for more prominence is inevitably bad for consumers.

PROPOSITION 4 (Consumer surplus). More platform bias always reduces consumer surplus:
The higher the platform’s bias, the higher are the consumers’ privacy costs (as more data is being
collected), and the lower is the allocative efficiency of the platform (as more consumers are steered

away from their optimal CP).

COROLLARY 2. The baseline scheme (no compensation) always yields the highest consumer sur-
plus. The prominence-for-data scheme yields the lowest consumer surplus precisely when it is effi-
cient from an industry perspective (3 > %) The platform always prefers the prominence scheme

that yields the lowest consumer surplus.

5. Vertically integrated platform

We now explore the same three prominence schemes in case the platform is vertically integrated
with CP 1 and therefore has full and exclusive access to CP 1’s data. The timing is the same as
before. However, the platform now faces a new trade-off, because it must choose whether it should
give prominence to its own integrated CP, or rather to the rival CP in return for some additional

compensation. We denote the scenarios with vertical integration by the additional superscript I.
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5.1. Equilibrium in the baseline scheme with vertical integration

Now that CP 1 is merged with the platform, all of this CP’s data is exclusive to the integrated
platform. However, when merging P’s and CP 1’s data sets, we have to ensure that the data
that is contained in both data sets is only counted once by deleting the duplicate common data.
To see this, recall that d; =e; + ¢; and dp = ef + ¢;. Hence, the merged data set is given by
diUdp =d; +dp —c; and all of this data is exclusive to the integrated platform. The integrated

platform’s and non-integrated CP 2’s profit functions are then as follows:

%" = Dy(dy +dp — 1) + Da(dp + Bez) (13)

F2B’I = D2(€2 + 662) (14)

Stage 4 (Consumers’ demand): This stage is the same as in the baseline scheme.

Stage 3 (CPs’ data collection levels): In contrast to an independent platform, the integrated
platform now considers the (negative) impact that the own CP’s data collection may have on
common data. Thus, given the same level of bias, CP 1’s data collection level is lower under
vertical integration. Hence, also CP 2’s data collection level is comparably lower due to the strategic

complementarity. We then find:

_t(3+6—pdp(4+05—f))

(3 8)t(1— pdp)
B = a5 B @t B)pdr)

v OG-t )

Stage 2 (Acceptance of the prominence offer): This stage does not exist in the baseline scheme.
Stage 1 (P’s bias): In the baseline scheme, the platform cannot offer prominence in return for
compensation. However, by giving its own integrated CP more prominence, the platform can relax
the competition between the CPs. Using the equilibrium data collection levels, it follows that the
integrated platform’s profits increase with a larger bias (% > 0). Thus, in stark contrast to the
case of an independent platform, the integrated platform would choose a maximum bias in favor

of its own integrated CP in equilibrium.
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5.2. Equilibrium under prominence-for-data with vertical integration
Under a prominence-for-data scheme, the platform can either increase the prominence for its own
CP 1, in order to allow its own CP to gather more consumer data, or make an offer to the competing

CP 2, in order to collect a share v of its data. The profit functions are then given by

77 = Dy(dy +dp — ¢1) + Do(dp + B(cz +7es))

L7 = Dy((1—7)ez + B(ez +vez)).

Stage 4 (Consumers’ demand): This stage is the same as in the baseline scheme.
Stage 3 (CPs’ data collection levels): In the best response equilibrium, the CPs choose data

collection levels as follows:

B+d+B(1—=0)(v+pdp(1—7))—4pdp)t
0(1—6)(3— By +pdp(By—B—2))
(3—06)(1 —pdp)t
0(1—0)(3—By+pdp(By—5-2))

Compared to the data sharing scheme with no integration (D), the integrated CP 1 would collect

di(6) =

da(6) =

By

less data (given the same level of bias) if dp < z—20-—.

Stage 2 (Acceptance of the prominence offer): We already established that in the baseline scheme,
the integrated platform would choose a maximum bias and steer consumers towards its own inte-
grated CP, leaving the rival CP with zero demand and zero profits. Thus, CP 2 would accept a
prominence offer {7, d} if and only if T'y” > 0. This means that for 3> 0, CP 2 would always accept
to share all of its data with the integrated platform, as long as the platform leaves it with some
(small) positive demand.

Stage 1 (P’s prominence-for-data offer): Vertical integration provides the platform with a pow-
erful threat in comparison to a non-integrated platform that allows to extort all data from CP 2.
Since the platform’s profits increase in 7 ( 3(3—1_5 >0), P chooses the maximum level of data sharing
~v = 1. Moreover, the platform does not even have to offer prominence (in the sense used before) in
order to induce CP 2 to share all of its data, but can just offer to choose a lesser degree of bias for
its own CP. Thus, in effect CP 2 shares all of its data, but the platform still selects an (almost)

maximal bias for its own integrated CP 1, and leaves CP 2 with (almost) no demand.
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5.3. Equilibrium under prominence-for-money with vertical integration

Under a prominence-for-money scheme with vertical integration, the profit functions are as follows:

"™ =Dy (dy+dp —¢1) + Do(dp + Bea) +m

]._‘QI’M = D2(62 + ﬁCQ) —m.

Stage 4 (Consumers’ demand): This stage is the same as in the baseline scheme.

Stage 3 (CPs’ data collection levels): The equilibrium data collection levels are the same as
in (15).

Stage 2 (Acceptance of the prominence offer): Similarly as under a prominence-for-data scheme,
the platform can extort all surplus from CP 2, and CP 2 would accept any offer that leaves it with
positive demand and profits.

Stage 1 (P’s prominence-for-money offer): For the integrated platform it is always more lucrative
to maximally bias in favor of its own integrated CP (and leave CP 2 with zero demand) than
to make CP 2 more prominent and to extort all of CP 2’s profits. Thus, also in this scheme the

integrated platform chooses a maximal bias.

PRrOPOSITION 5 (Vertical integration and platform bias). The platform will set a mazi-
mal bias for its integrated CP and leave the non-integrated CP with minimal demand. This result
holds irrespective of the compensation scheme, also if the platform does not receive a compensation

for prominence (baseline scheme).

6. Investments in Data Analytics

The added value of consumer data does not only depend on the amount of data collected but also
on how well the CPs are able to analyze it. Therefore, we now consider that CPs can improve the
value of the data they collect from consumers by investing in data analytics, and study how this
affects our insights. To this end, in Stage 3 the CPs not only choose the level of data collection d;
but also simultaneously how much effort or investment they put in data analytics, denoted by h;.
Each CP incurs a cost C'(h;) =*/2h? for the effort in data analytics, with k> 0. We denote this

extension with the additional superscript A.
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6.1. Equilibrium in the baseline scheme with data analytics

The platform’s profit remains the same as in (2), but CP ¢’s profit is now given by
24 = hwd;D; — C(hy). (16)

Stage 4 (Consumers’ demand): This stage is the same as in the baseline scheme.

Stage 3 (CPs’ data collection levels and data analytics efforts): The CPs simultaneously decide
how much data to collect from their customers and their effort in data analytics. In our set up, the
CPs’ incentives to collect consumer data does not depend on the value of data, because there is
no cost of data collection. Therefore, we find the same equilibrium data collection levels as in the
main model (see (8)). Plugging these data collection levels into the CP’s profit function (16), we

can derive the equilibrium data analytics efforts:

(340t
~ 180k(1—0)

(3—19)%tv

B,A _
) ~ 180k(1—0)

and  hD*(0) (17)

The CPs make higher data analytics efforts when the level of platform’s bias is higher (‘%a#?) >0).

This is because the bias softens competition between CPs, which increases their incentives to invest
in data analytics.

Stage 2 (Acceptance of the prominence offer): Since the platform does not demand any compen-
sation for the CPs in return for prominence, this stage does not exist in the baseline scheme with
data analytics.

Stage 1 (P’s bias): The platform chooses the level of bias 6 which maximizes its profit. Notice
that P’s profit function as well as the CPs’ equilibrium data collection levels are the same as in
the main model, therefore,

174 = dp[L - p(1 - B)A(S)): (18)

Hence, P’s profit is decreasing with the total amount of data collected by the CPs, A(J), and
therefore, it is again optimal for the platform to set no bias in order to minimize the amount of

data collected by the CPs, i.e., §%4 =0.
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6.2. Equilibrium under prominence-for-data with data analytics
We now consider a prominence-for-data scheme offered to one CP.

Stage 4 (Consumers’ demand): This stage is the same as in the baseline scheme.

Stage 3 (CPs’ data collection levels and data analytics efforts): If no CP has taken the promi-
nence offer, this stage is the same as in the baseline scheme. Now, assume that CP 1 has accepted

the prominence offer. CP 1 and CP 2’s profits are then given by
7% =hyvydy Dy (dy,dy) — C(hy) and T3 = hovdyDy(dy,ds) — C(hy).

As before, the equilibrium data collection levels are given by (8). By substituting these data
collection levels into the CPs’ profit functions above, we can derive the equilibrium data analytics

levels for the two CPs:

D,A _ (3+6)2tV’y D,A . (3—5)2tl/
O =15 =g ™ MO =1gga =g

Since v, = (1 —vy)v +v8 <v, CP 1 makes a lower effort in data analytics when it shares its
data with the platform, compared to the baseline case. This is because data sharing decreases the
average marginal revenue from data for CP 1, and therefore, reduces its incentive to invest in data
analytics.

Notice that the prominence-for-data scheme has an ambiguous effect on the CPs’ relative invest-
ment levels in data analytics, compared to the baseline scheme, as we can have either h? A (6) >
RYA(8) or hP4(8) < hY*(6). On the one hand, CP 1 attracts a larger demand than its rival,
because it is prominent, which stimulates its data analytics effort compared to CP 2. On the other
hand, due to data sharing, CP 1’s average revenue from data is lower than CP 2’s, which reduces
its effort compared to its competitor.

Stage 2 (Acceptance of the prominence offer): The platform makes an (exclusive) prominence
offer {,6} to CP 1. CP 1 accepts this offer if and only if """ > T2 that is, if it is better to be

the prominent CP than the non-prominent one. This is true if

Sppa_ (B
=2 648k62(1 — §)2

DA_ (3+ 5)4V3t2
b 648k02(1 —6)2

We find that I'; > T’y if and only if v <75(6), which is the same threshold as in (10), and thus

indeed independent of the data analytics costs, k.
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Stage 1 (P’s prominence-for-data offer): The platform chooses the terms of the prominence

contract {v,d} to maximize its profit, which is given by

Since () is the same threshold as in the main model, and also the data collection levels are the
same as in the main model, P faces exactly the same trade-offs as in the main model when setting
the bias under a prominence-for-data scheme. Hence, it would also set the same bias as in the main
model in equilibrium (see Section 3.2), independent of the analytics investments. This is because,
in our set up, the data analytics technology affects the profitability of the CPs, but not their data
collection levels. Since CP 1 pays in data to obtain prominence, the platform’s incentives are not

affected by the data analytics technology under this scheme.

6.3. Equilibrium under prominence-for-money with data analytics
Finally, we consider a prominence-for-money scheme offered to one CP.

Stage 4 (Consumers’ demand): This stage is the same as in the baseline scheme.

Stage 3 (CPs’ data collection levels and data analytics efforts): If no CP has taken the promi-
nence offer, this stage is the same as in the baseline scheme. If CP 1 has accepted the prominence
offer and pays the fixed fee m for the benefit of being prominent, then the CPs’ profit functions

are given by

Fl :h1Vd1D1 *C(hl) —m and FQZhQVdQDQ*C(hQ).

The equilibrium data collection levels and data analytics efforts are the same as in the baseline
scheme with data analytics (see (8) and (17)).

Stage 2 (Acceptance of the prominence offer): CP 1 accepts the platform’s prominence offer if
and only if I'y > I'y, that is, if

(34 8) 0%t (3—8)2t2 A 0(9+07)

= m>D,= A AL
LT GaskeE (102 Tt T easker(1 o2 =" T omker(1 o)
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Stage 1 (P’s prominence-for-money offer): The platform elicits the maximum payment m* from

CP 1, and thus, its profit is given by

5 (9+ 62) 212

"4 =dp[1—p(1-B)A@)] + k021 —0)"

(19)

The platform chooses the bias ¢ to maximize its profit (19). Like in the main model, the platform
trades off between the monetization revenues from its own data and the revenues derived by
selling prominence for money. Notice that the second term in (19), which represents the financial
compensation for prominence, is different than without data analytics. This is because CP 1’s
average revenue from consumer data is now given by h;v, and the data analytics effort h; depends
on the level of bias (see (17)). Therefore, the bias increases the compensation not only because it
softens competition between CPs (as in the main model), but also because it leads them to make
larger data analytics efforts, increasing their profitability.

Comparison of bias under prominence-for-data vs. prominence-for-money with data analytics:
We can now compare the platform’s incentives to bias when CPs can invest in data analytics. We
have already established that, in line with the main model, the platform has a higher incentive
to set a bias under either a prominence-for-data scheme or a prominence-for-money scheme than
under the baseline scheme. Furthermore, notice that the profit functions given by (12) and (19)
differ only in the second term (i.e., the revenue from compensation), which is increasing in .
Therefore, it suffices to determine in which prominence scheme the marginal compensation revenue

5(946)t%0?
27k62(1—5)2

from bias is larger. We find that % [302(’1‘?5)] % > % [

] if and only if

V(9495 +62(3—6)) 1— B
180(1—0) 3

k>k=

In other words, the platform has a stronger incentive to set a bias under a prominence-for-data
scheme if the cost for data analytics is relatively high (k > l;:) Otherwise, if the cost of data analytics
is low, the platform has a stronger incentive to bias under a prominence-for-money scheme. The
threshold % also decreases with 3, so that it becomes more likely that a prominence-for-data scheme

yields a higher bias than a prominence-for-money scheme if 3 is large. This is consistent with our
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findings in the main model. However, different to the main model, if the cost of data analytics is high
enough, it is also possible that prominence-for-data yields a higher platform bias than prominence-
for-money even when < 1/2. The intuition for this result is that the platform’s incentive to bias
under prominence-for-data does not depend on the cost of data analytics, because the CPs’ data
collection levels are independent of this cost. By contrast, under prominence-for-money, a higher
cost of data analytics reduces the revenue that can be made from the data collected by the CPs,
and hence, their willingness to pay for prominence.

This demonstrates another interesting difference between prominence-for-data schemes and
prominence-for-money schemes. While more advanced data analytics capabilities affect a firm’s
ability to generate revenue from data, they do not necessarily affect a firm’s incentive to collect
raw data in the first place. Since payments are made in raw data under a prominence-for-data
scheme, these do not directly depend on the value of the data, and hence are less affected by
advancements in data analytics technology that can increase the value of data. By contrast, under
prominence-for-money schemes the payments do depend on the value of the data, rather than the
amount of raw data, and thus they are directly affected by advancements in data analytics.

By comparing the platform’s profits under the two schemes in (12) and (19), we can observe
that for a given level of bias, the platform makes a higher profit under prominence-for-data if and

only if
vt(9+462) 1-0
180(1—-9) p

k>k=

Moreover, we find that k<k. Therefore, whenever the platform’s bias is higher under prominence-
for-data (i.e., k> l;:), the platform also makes a higher profit under this scheme (it makes a higher
profit if it sets the same bias as under money-for-prominence, but can make an even higher profit
by setting it profit-maximizing level of bias). Note, however, that the converse is not necessarily
true. This means, unlike in the main model, there exist parameter constellations k<k< ]~€, where
the platform prefers a prominence-for-data scheme, but sets a lower bias under this scheme than
it would under a prominence-for-money scheme. Hence, the platform does not always prefer the

scheme that yields the highest bias.
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PROPOSITION 6 (Data analytics and platform bias). If CPs can invest in data analytics to
increase their revenue from data, the platform sets a higher bias under a prominence-for-data
scheme than under a prominence-for-money scheme if the cost for data analytics is high (k > l~€),
and vice versa. The platform does not always prefer the scheme that yields the highest bias, however,
whenever the platform would set a higher bias under the prominence-for-data scheme, it also makes

a higher profit by implementing this scheme.

7. Conclusions

Theoretical contribution and managerial implications: We have developed a game-theoretic
model to analyze the trade-offs that CPs face when sharing data in return for prominence on a
dominant online platform. To the best of our knowledge, the economic effects of prominence-for-
data schemes have not been studied so far. We find that a dominant online platform would not
choose to bias in favor of any CP when it is not allowed to receive compensation from the CPs in
return. An unbiased platform maintains the highest possible level of competition between the CPs,
and induces them to limit the amount of data they collect from consumers. This is good for the
platform itself, especially if it already has access to extensive consumer data sets, because it avoids
that CPs collect more data on consumers, which would lower the average revenue from data for
the platform. An unbiased platform also preserves consumers’ privacy the most, and avoids that
some consumers may be steered away from the content that would offer them the highest utility.
Therefore, an unbiased platform always provides the highest possible consumer surplus.

However, we also show that a dominant platform has incentives to introduce a bias if it is
compensated for giving prominence, either through a prominence-for-money or prominence-for-
data scheme. Generally, the platform prefers a prominence-for-data scheme if the marginal revenue
from non-exclusive data is high, or if the CP’s costs for data analytics are high. Some scholars
have suggested that, due to the non-rivalry of data, competition with shared data sets may be
very fierce, resulting in almost zero marginal revenue from non-exclusive (shared) data. Clearly,

in this case, the platform would always prefer a prominence-for-money scheme. We also show that
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platforms may prefer a prominence-for-money scheme if CPs can easily invest in data analytics
and are thereby able to derive more revenue from their data sets. In this case, the platform can
appropriate the value from the CP’s data better through a prominence-for-money scheme instead
of demanding the raw data through a prominence-for-data scheme. However, in reverse this means
that the platform prefers a prominence-for-data scheme whenever it has superior data analytics
capabilities vis-a-vis the CPs. In this case the CPs underappreciate the value of their raw data
relative to the platform, and it is therefore more attractive for the platform to elicit payments in
data (which seem relatively cheap to the CPs) rather than money.

In contrast to the transfer of money, which is welfare neutral per se, our model also highlighting
that the transfer of data, as in prominence-for-data schemes, leads to new, interesting welfare
properties. By eliciting payments in data, rather than money, welfare is not just distributed, but
increased. In our model the platform’s incentives to choose between a prominence-for-data scheme
are perfectly aligned with allocative efficiency from the perspective of the whole platform industry,
i.e. the platform and the CPs. However, the alignment of incentives between the platform and the
CPs also means that the platform would always choose the prominence scheme that allows it to
set the highest bias and to reduce competition in the content market the most. For consumers, in
turn, this means that they are always presented with the prominence scheme that yields the lowest
consumer surplus. Consumers would always prefer a non-biased platform, but this occurs only if
the platform offer neither a prominence-for-money nor prominence-for-data scheme.

Finally, we also show that in case the platform is vertically integrated with one CP, it has a very
strong incentive to bias in favor of the integrated CP and to deny the rival CP consumer demand.
This holds irrespective of whether the platform receives a compensation in data or money from the
rival CP for giving it more prominence.

From a managerial perspective, our model shows that the revenue that can be derived from
non-exclusive data is crucial for the evaluation and effects or prominence-for-data schemes. Data

sharing is efficient and preffered from an industry perspective if the total marginal revenue from
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shared data is larger than the (unit) marginal revenue from exclusive data. Such a situation is only
likely to arise if the data sending CPs and the data receiving platform can differentiate their data
offers, e.g., by combining the shared, non-exclusive data with other data sources that they may
have to generate a novel data set; or by catering to different groups of data buyers, e.g., advertisers
and market analysts. In these cases, data sharing yields a market expansion from which all industry
participants can benefit.

Generally, prominence-for-money or prominence-for-data schemes reduce the competition in the
content market, which allows both (prominent and non-prominent) CPs to collect more consumer
data. Therefore, the non-prominent CP can also benefit from such schemes, although, of course, it
will receive less demand than if the platform were unbiased.

A CP’s evaluation of prominence-for-data schemes also depends on consumers’ privacy attitudes
and the CP’s analytics capabilities. If consumers privacy concerns are low, or the CPs data analytics
capabilities are low, then payments with data seem relatively cheap to the CPs and they are likely
to opt into a prominence-for-data scheme. However, if consumers are privacy aware and competition
between CPs is strong, then CPs face a dilemma. On the one hand, prominence would help them to
evade the strong competition, but on the other hand, obtaining data from consumers is particularly
costly.

Policy implications The market power of platforms has spurred the attention of policymakers
around the world. For example, Google Search, the Google Play Store and Apple’s App Store are
quasi monopolists in their respective markets, and therefore the gatekeepers to consumers’ demand.
We have shown that in such an environment, the platform is not cognizant about consumers’
privacy and would indeed choose the prominence scheme that yields the lowest consumer surplus.
Therefore, from a policy perspective, our analysis strongly suggests that payment-for-prominence
schemes, be it in money or data, should be scrutinized by policymakers as they are likely to
provide dominant, data-rich platforms with an incentive to bias to the detriment of consumers’

choice and privacy. Even more so, vertically integrated data-rich platforms are worrisome, because
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independent CPs may not even achieve an unbiased presentation if they offer the maximal possible
compensation to the platform.

In conclusion, our results warrant to demand more transparency from platforms on how rankings
are derived and which factors, including the sharing of data, are relevant for determining a CP’s
prominence on the platform. In the EU, legislators have already passed a Platform-to-Business
(P2B) regulation®, by which platforms have to reveal such information. However, the P2B regula-
tion does not ban any particular practices and applies equally to dominant and non-dominant as
well as to vertically integrated and independent platforms. More recently, the European Commis-
sion has proposed a Digital Markets Act (DMA)®, which specifically seeks to regulate dominant
platforms. Among other things, the DMA would prohibit platforms (i) to engage in self-preferencing
when they are vertically integrated, (ii) to combine user data sourced from CPs when performing
the intermediation service with user data from the platform’s other activities, unless the users
consent, and (iii) from using any non-public data that was acquired from the CPs when performing
the intermediation service in competition with those CPs. It is yet not clear, however, how the
first provision can be effectively monitored and enforced, and whether the latter two provisions
would also apply to prominence schemes offered by the platform, because the CPs opt-in to them.
Nevertheless, our results confirm the risks for the extortion of data from CPs and the possible
distortion of consumer choice, especially when platforms are vertically integrated.

Limitations and Future Research As with any analytical model, we have made a number of
assumptions and simplifications in order to derive a parsimonious model. Although we believe that
our insights are quite robust, the model could be challenged on any of these assumptions. Thus,
we see several avenues that could be explored by future research. First, we have assumed that
the marginal revenue from data is the same for the platform and the CPs. We think this is a

® Regulation (EU) 2019/1150 of the European Parliament and of the Council of 20 June 2019 on promoting fairness

and transparency for business users of online intermediation services.

6 Proposal for a regulation of the European Parliament and of the Council on contestable and fair markets in the

digital sector (Digital Markets Act), COM(2020) 842 final.
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natural starting point for the analysis, and one that we already partially relaxed when allowing
CPs to invest in data analytics. Nevertheless, in reality the marginal revenue from the shared
data may be very different for the CP and the platform, for example, because the CP does not
have any advertising technology of its own, or because the platform possesses complementary data
that renders the shared data particularly valuable for the platform. If the marginal revenue differs
strongly, we would expect that the platform’s incentives and the CPs’ incentives to choose a certain
prominence scheme would not be aligned anymore. Second, in our analysis we have focused on free
services that consumers pay for with their data. If CPs would also compete on price, they could
benefit from a relaxation in competition through the platform’s bias not only by collecting more
data, but also by collecting a higher price. This would likely tip the platform’s decision more in
favor of a prominence-for-money scheme. However, this would also require additional assumptions
on the consumers’ demand, and how they would trade-off paying with data and paying with money.
Third, we have assumed that the total demand for the platform is inelastic with respect to the
platform’s bias. If instead the mass of consumers using the platform would decrease with the level
of the platform’s bias, then this would present the platform with an additional costs for setting a
positive bias. However, this would not affect our insights qualitatively, as this costs would accrue
in the same way across all prominence schemes. The only difference would be that the platform
would choose a lower bias in equilibrium, everything else being equal. Finally, we acknowledge
that we have not considered additional external effects and welfare effects that can be associated
with data sharing. For example, sharing data may spur innovation in other sectors or lead to more
efficient advertising and tailored offerings, which may again have a positive impact on consumer
welfare, above and beyond the privacy concerns that we have considered here. However, it is also

reasonable to assume that consumers cannot fully anticipate these effects in their decision making.
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