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Abstract
The question of data has been at the center of recent debates around competition
policy in the digital era. Concerns in this area are wide-ranging, and encompass
privacy, collusion, barriers to entry, exploitative practices, and data-driven mergers.
Data can serve several purposes: for instance it can be used to improve algorithms,
to target advertising, or to offer personalized discounts to consumers. While this
heterogeneity of uses for data has sparked a large literature in economics, the
multiplicity of models makes it difficult to draw general conclusions about the
competitive effects of data.
In this paper we introduce data into a competition-in-utility framework. The
three key features of data are that (i) it allows to generate more revenue for a given
level of utility, (ii) it is a byproduct of firms’ economic activity, and (iii) it is a club
good (non-rival and excludable).
We provide a sufficient condition for data to be pro-competitive, and apply it
to several environments illustrating the variety of uses for data. We then use the
framework to study market dynamics, data-driven mergers and privacy policies.
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Introduction

Data has become one of the most important issues in the ongoing vivid debate about
competition and regulation in the digital economy. This is illustrated by recent policy
reports (e.g., Crémer et al., 2019; Furman et al., 2019; Scott Morton et al., 2019), policy
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hearings (such as the FTC’s recent Hearing on Privacy, Big Data, and Competition1 ),
and newly established specialist policy teams (such as the UK CMA’s Data, Technology,
and Analytics unit). The idea that firms would seek to gather information about their
consumers and market environment is not new, but today’s situation stands out by the
scale and scope of the data collected, along with its importance to many of the most
successful technology firms’ business models.
Firms have found many uses for the data they collect or acquire, be it targeted
advertising, price-discrimination, or product improvement (e.g. better search results,
more personalized product recommendations), often through the help of machine learning
algorithms. While observers acknowledge the various efficiencies Big Data brings about,
many concerns remain. A first concern is that data may hamper effective competition, by
raising barriers to entry or by creating winner-take-all situations (see e.g. Furman et al.,
2019, 1.71 to 1.79). A second, related, concern is that dominant firms may also engage in
exclusionary conduct related to data, by refusing to provide access to data to other firms,
by signing exclusive contracts or by employing tying and cross-usage agreements (Autorité
de la Concurrence and Bundeskartellamt, 2016, pp 17-20). A third broad concern is
exploitative behavior, when a firm either uses its dominant position to collect excessive
amounts of data (see the recent Facebook case by the German Bundeskartellamt) or uses
its data to extract surplus from consumers (Scott Morton et al. (2019), p.37: “[Big Data]
enables firms to charge higher prices (for goods purchased and for advertising) and engage
in behavioral discrimination, allowing platforms to extract more value from users where
they are weak”). Finally, an increasing number of mergers in the digital sector involve
data (see Argentesi et al., 2019, for recent cases), and there is still a debate as to how such
data-driven mergers should be tackled by competition authorities (Grunes and Stucke,
2016).
The importance of data to the digital economy has led to a rapidly growing economics
literature (see below for a discussion). Most papers in that literature focus on one kind of
data use (e.g. price-discrimination, targeted advertising) and on a narrow set of issues
(e.g. exclusive deals, mergers, evolution of market structure). While the correspondingly
detailed modelling has allowed researchers to uncover and understand some novel economic
mechanisms that apply to some specific situations, one drawback of this approach is that
the connection between the various models and issues is not always clear.
In this paper we propose a framework that allows a unified approach to the various
usages of data, and we derive a number of results related to the policy issues mentioned
above. We consider a model where firms compete in the utility-space. This approach is
flexible enough to encompass various business models, such as price competition (with
uniform or personalized prices), ad-supported business models, or competition in quality.
1
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Inspired by Armstrong and Vickers (2001)’s work on price-discrimination, we model data
as a revenue-shifting input: for a given utility provided, a better dataset enables a firm
to generate more revenue from each consumer, a natural property across many uses of
data. Our first main result consists in characterizing the environments where data is pro(or anti-) competitive, in the sense that a better dataset induces a firm to offer more
(or less) utility to consumers. We show that in many cases the pro or anticompetitive
nature of data can be assessed without making specific assumptions about the shape of
the demand function,2 but instead depends only on the mapping between utility and
revenue (Proposition 1). We apply the result to various examples inspired by standard
models of data usage.
This preliminary static analysis, which only relies on the revenue-shifting property
of data, serves as a building block for the rest of the paper. We then consider other
properties of data to study various issues. First, we study the link between data and
market structure by assuming that data is a byproduct of the economic activity of firms.
We show that a necessary condition for data to lead to market dominance or to deter
entry is that it is pro-competitive in a static sense. While fairly intuitive, this point —
which to the best of our knowledge had not been explicitly made — indicates a tension
between the static and the dynamic effects of data on market outcomes, which could
constitute a guide for practitioners.
Next, we turn to the study of data-driven mergers. We consider two adjacent markets:
the data generated on the monopolized market A can be used by the firms who compete
on market B. Here again, data is a byproduct of activity on market A, and thus depends
positively on the utility offered to consumers on that market. We look at a merger between
the monopolist on market A and one of the B competitors, and study in particular how
the merger may affect the incentives of firm A to collect data by providing utility to
consumers. In this context, a specificity of data is that it may not be possible for firm A to
license its data to a B firm absent the merger, either because of regulatory constraints or
contractual frictions. We show that whether data trade is possible without the merger is
an important factor, along with the pro- or anti-competitive nature of data, in determining
if the merger benefits consumers.
Finally, we introduce consumer privacy concerns in a model of data collection by a
monopolist. Our baseline model can accommodate such a situation, with the potential
tweak that collecting more data may reduce the firm’s revenue for a given utility provided.
We show that the firm may collect too little or too much data depending on whether data
is pro- or anti-competitive. In this context, a potential friction may be that consumers
cannot observe how much data is collected or sold to third parties (resulting in privacy
costs). Another source of inefficiency lies in the data externalities among consumers: data
about a consumer may help a firm learn something about others. We discuss various
2
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policy interventions: restrictions on the amount of data collected, increased consumer
control of data collection, increased transparency. While the first two policies work well
when data is anticompetitive, they are ineffective and can even backfire when data is
pro-competitive. Transparency offers more flexibility when data is pro-competitive, and
may achieve the second-best optimum.

2

Related Literature

The economic literature has not yet developed a coherent general framework for the
analysis of data and competition. One reason is that data takes many forms and has
many different users and uses (see Acquisti et al., 2016, for a discussion of this point).
Instead, much of the literature has focused on the study of particular applications of data.
Perhaps the most well-established strand of literature studies the use of data for
personalized pricing. Papers on behavior-based price discrimination study the use of
consumers’ transaction history to personalise current prices. This tends to harm consumers
who are naive or myopic, but may be neutral or even beneficial when consumers strategically
control the release of personal data (Acquisti and Varian, 2005; Taylor, 2004).3 Other
papers study the use of personalized prices when firms have data about which firms’
products consumers like most and least (e.g., Anderson et al., 2016; Fudenberg and Tirole,
2000; Kim et al., 2018; Montes et al., 2018; Thisse and Vives, 1988). In most such models,
data tends to be pro-competitive because it enables a firm to offer lower prices to a rival’s
customers without sacrificing profit on its own (although some groups of consumers may
be left worse-off, for example, because list prices increase to make room for personalized
discounts).4
Another important use of data that has received a lot of attention is the targeting of
advertisements. Targetting may increase welfare and consumer surplus because consumers
see more relevant ads (e.g., Bergemann and Bonatti, 2011; Johnson, 2013; Rutt, 2012),
but can have negative consequences for consumers for several reasons. Firstly, firms whose
ads are well-targeted may increase their prices because consumers like their products more
(de Cornière and de Nijs, 2016). Secondly, when ads are well-targeted firms may send
more ads, which is harmful if consumers find the marginal ad to be a nuisance (Johnson,
2013). Thirdly, targeting distinct groups of consumers can be a way for firms to segment
3

In Belleflamme and Vergote (2016) consumers strategically hide their identity to avoid falling victim
to price discrimination, but this induces the monopolist firm to distort list prices in a way that harms all
consumers. In Kim and Choi (2010) firms can learn whether consumers bought a complement or substitute
good in the previous period. This can be welfare-improving to the extent that it helps complementors
avoid the usual Cournot externality.
4
Belleflamme et al. (2017) emphasize the importance of overlap in firms’ datasets. If two firms have
the same data then they compete on equal terms for the same consumers, resulting in low prices (and
profits). If, on the other hand, firms have data for partially-overlapping sets of consumers they can earn
profit from their information advantage over rivals for some customers.
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a market and thus relax competition (Galeotti and Moraga-González, 2008; Iyer et al.,
2005; Roy, 2000).5 Overall, the competitive effect of data when used for ad targeting
appears ambiguous.
While these studies shed light on the relationship between data and competitive
outcomes in some situations, it is hard to distil a single overall message about data’s
competitive effects. Indeed, whether data leads firms to make better or worse offers to
consumers depends on the specific context. In this paper we develop a model that can
flexibly incorporate various uses of data and thus provide a clearer and more general
picture of exactly when data is most likely to be pro- or anti-competitive.
The second part of our paper considers the role that policy can play in fostering
competition in data-rich markets. In this respect, our work is related to papers that
consider similar issues either in markets with data or elsewhere. Prufer and Schottmüller
(2017) study market tipping in markets where data facilitates innovation, endogenously
generating a kind of indirect network effect. This is related to models of market dynamics
with learning by doing (e.g., Cabral and Riordan, 1994) or network effects (e.g., Mitchell
and Skrzypacz, 2005). Some commentators have speculated that data may be used as
a barrier to entry and Fudenberg and Tirole (1984) provide a classic analysis of entrydeterrence strategies. Elsewhere, Kim and Choi (2010) and Kim et al. (2018) study
the implications of mergers that result in the transfer of data about consumers between
merged parties. Our contribution to this literature is to show that our earlier insights
about the pro- or anti-competitive effects of data have important implications for these
kinds of policy questions. For example, we show that whether a data-driven merger is
anti-competitive or not depends on the way that data is used. Our framework therefore
allows us to develop new results on when tight merger control is pro-competitive.
Less directly related is a class of papers that, broadly speaking, examines the ability
of markets to effectively regulate the distribution and use of data. Concealing transactionrelevant data creates information asymmetries that are a known cause of inefficiency
(Posner, 1981; Stigler, 1980).6 However, forcing individuals to share personal data distort
their behaviour, which can lower rather than increase welfare (Jann and Schottmüller,
2019). Choi et al. (2019), Acemoglu et al. (2019) and Bergemann et al. (2019) make
the point that when one consumer’s data can be used to learn about others it creates a
negative externality. Assigning property rights and creating a market for data need not,
therefore, yield efficient outcomes. Hermalin and Katz (2006) provide a related neutrality
result: assigning property rights over data to either consumers or a monopoly firm yields
the same equilibrium distribution of surplus because consumers’ outside option (to refuse
5

Other papers in the targeted advertising literature study the implications of targeting for different
kinds of media (Athey and Gans, 2010; Bergemann and Bonatti, 2011), or the data acquisition strategy
of firms (Bergemann and Bonatti, 2015).
6
In a similar vein, Kim and Wagman (2015) show that preventing the sharing of data between firms
can reduce welfare if that data helps to screen out inefficient transactions.
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to trade with the firm) is the same in both cases. Campbell et al. (2015) argue that data
protection regulation may be anti-competitive because providing one-time consent to large
multi-product incumbent firms is less troublesome than administering a relationship with
many smaller entrants. In Casadesus-Masanell and Hervas-Drane (2015) more competitive
markets yield better consumer outcomes but can result in less privacy as firms change
their focus from competing in privacy to competing in price.

3

The competitive effects of data

3.1

Model description

There are n ≥ 1 firms, i ∈ {1, . . . , n}, vying to serve consumers. We adopt a competitionin-utility framework à la Armstrong and Vickers (2001), with each firm choosing a ui ∈ R+ ,
possibly at a fixed cost of C(ui ).7 Consumers have idiosyncratic preferences over firms so
i
that, if the utilities offered are u = (u1 , . . . , un ), firm i’s demand is Di (u), with ∂D
> 0.8
∂ui
Each firm has a dataset indexed by δi ∈ R. We assume that better datasets (with a
higher δi ) allow a firm to earn more from serving a consumer at any given utility level. If the
i ,δi )
> 0.9 We say
per-consumer revenue associated with utility ui is r(ui , δi ), we have ∂r(u
∂δi
a firm with a higher δi has ‘more’ data (even though a larger δi might actually correspond
to a more informative dataset of equal size). The competition-in-utilities approach allows
us to flexibly analyze a variety of different business models and technologies for using
data—each corresponding to a different relationship between ui , δi , and r. In particular,
2 r(u ,δ )
i ,δi )
i i
we do not, at this stage, impose any assumptions on the signs of ∂r(u
or ∂ ∂u
as
∂ui
i ∂δi
these will vary from application to application.
There are two ways to interpret δi . Firstly, it might measure the aggregate data held
by i about the overall population of consumers. Having such data might enable the firm to
provide a better offer to all consumers by, for example, making product recommendations
based on the choices or feedback of past customers. Alternatively, the δi might measure
the amount of data the firm has about a single specific consumer, in which case ui is
interpreted as a personalized offer to that consumer and each consumer is treated as a
separate market, buying from i with probability Di (u).
7

When strategies are multi-dimensional, C might depend on the way in which utility is provided. For
instance, an increase in quality entails a cost, unlike a decrease in price. We return to this issue below,
but for the moment assume that the strategic choice is uni-dimensional.
8
For example, each consumer might have an outside option of zero and receive an i.i.d. taste shock
for each firm so that consumer l values i’s product at ui + il . With a unit mass of consumers we then
have Di (u) = Pr(ui + il > max{0, maxj6=i uj + jl }).
9
We call r the per-consumer revenue, but one can easily account for a positive unit cost by interpreting
r as a mark-up.
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Firms simultaneously choose their ui to maximize profit
π(u, δi ) = r(ui , δi )Di (u) − C(ui ),

(1)

which we assume to be smooth and quasi-concave in ui for any u−i , δi .
For illustrative purposes, let us briefly and informally sketch one example application
(this and several others are developed more completely in Section 3.3). Suppose firms
set prices pi for personalized products. The more data the firm has, the better can it
personalize the product so that a consumer’s value for the product, v(δi ), is increasing.
We might then have ui = v(δi ) − pi . This implies the firm’s per-consumer revenue is
r(ui , δi ) ≡ pi = v(δi ) − ui . The fixed cost does not depend on pi , so C(ui ) is constant. We
are now in a position to write profit in the form (1) and re-frame the firm’s problem as
choosing ui rather than pi .

3.2

When is data pro- or anti-competitive?

We begin by studying how data affects firms’ incentives to offer utility, treating δi as an
exogenous parameter. We will later endogenize δi by considering various ways that data
is obtained as a by-product of economic activity, starting in Section 4.
Let ubi (u−i , δi ) be firm i’s best-response function. We use the following definition.
Definition 1. We say that data is pro-competitive (anti-competitive) for firm i for a
−i ,δi )
given u−i if ∂ ubi (u
> 0(< 0).
∂δi
2

πi (u,δi )
Firm i’s best-response is increasing in δi if and only if ∂ ∂u
> 0. Given the
i ∂δi
expression for firm i’s profit, (1), its best response function, ûi (u−i , δi ), is found as the
solution to its first-order condition:

∂π(u, δi )
∂r(ui , δi )
∂Di (u)
∂C(ui )
=
Di (u) +
r(ui , δi ) −
= 0.
∂ui
∂ui
∂ui
∂ui

(2)

Differentiating with respect to δi , we find that data is pro-competitive if
∂ 2 πi
∂Di (u) ∂r(ui , δi ) ∂ 2 r(ui , δi )
=
+
Di (u)
∂ui ∂δi
∂ui
∂δi
∂ui ∂δi

(3)

is positive. Our first result gives a sufficient and a necessary-and-sufficient condition for
data to be pro-competitive:
Proposition 1.

1. If

∂ 2 r(ui ,δi )
∂ui ∂δi

≥ 0, data is pro-competitive for firm i.

2. If C 0 (ui ) = 0 so that firm i’s technology has constant returns to scale, data is
2
i ,δi ))
pro-competitive for firm i if and only if ∂ ln(r(u
> 0.
∂ui ∂δi
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Data affects the incentive to provide utility in two ways. Firstly, an extra unit of
data increases the marginal revenue earned from an additional consumer and therefore
the incentive to attract consumers with high utility offers. This corresponds to the first
term in (3), which is always positive. Secondly, data may affect the opportunity cost (or
benefit) of providing utility to a consumer. For example, the opportunity cost of showing
consumers fewer ads is higher the more precisely targeted the foregone ads would have
been. This gives rise to the second term in (3), whose sign is ambiguous.
Part 1 of Proposition 1 follows immediately from the fact that only the second term
of (3) has an ambiguous sign. Part 2 is found by using the first-order condition, (2), to
eliminate D from (3). In both cases we obtain a condition that does not depend on D so
that precise knowledge of the shape of demand is often not necessary in order to assess the
competitive effects of data. Instead, what is most important is the economic technology, r,
that connects data, utility, and revenue. This technology will be driven by the particular
way in which data is being used.
Proposition 1 leads quite naturally to results on equilibrium utility offers. Under
∗
monopoly (n = 1), the sign of ∂u
is given directly by the sign of (3). For n > 1, the
∂δ
∗
equilibrium u is given by the intersection of firms’ best-response functions. Suppose we
assume
∂ 2 π i X ∂ 2 πi
< 0,
(C1)
+
∂u2i
∂u
i ∂uj
j6=i
which guarantees the equilibrium is unique.10 Then the following proposition describes
how data affects the utility that is provided in equilibrium.
Proposition 2.A. Suppose firms are symmetric (δi ≡ δ) and (C1) holds. In the unique
(symmetric) equilibrium, utility offers are increasing in δ if and only if data is procompetitive.
Proposition 2.B. Suppose n = 2 and (C1) holds. In the unique equilibrium, if data is
pro-competitive (anti-competitive) then
1. u∗i ≥ u∗j (u∗i ≤ u∗j ) when δi ≥ δj ;
2. an increase in δi causes u∗i to increase (decrease);
3. an increase in δi causes u∗j to increase (decrease) if utilities are strategic complements,
and decrease (increase) if they are strategic substitutes.
Under symmetry, an increase in δ causes the equilibrium point to shift along the
45 line in the same direction as fimrs’ best responses (up if data is pro-competitive
and down otherwise)—see Figure 1. When only one firm’s δi increases, that i’s utility
offer moves in the same direction as its best response shift (up if data is pro-competitive
◦

10

Formally, this ensures each firm’s best response function is a contraction (see Vives, 2001).
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Figure 1: An increase in δ1 ≡ δ2 ≡ δ cause equilibrium utility offers to increase when
data is pro-competitive. The left panel shows the case of strategic substitutes, the right
strategic complements.
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BR1 (u2 )

u1

u1

Figure 2: An increase in δ2 causes the equilibrium u∗2 to increase when data is procompetitive. The effect on u∗1 depends on whether the game has strategic substitutes (left
panel), or complements (right panel).
and down otherwise). The equilibrium point then moves along the rival’s best response
function so that the two firms’ offers move in the same direction if the situation is one of
strategic complements, and in opposite directions when utilities are strategic substitutes.
Figure 2 illustrates. Using a result from de Cornière and Taylor (2019), whenever demand
is additively separable,11 we can show that strategic complementarity/substitutability
∂r
depends only on the sign of ∂u
:
i
Lemma 1. Suppose Di (u) has the additively separable form Di (u) = ψ(ui ) − φ(uj ), with
i ,δi )
φ and ψ increasing. Then payoffs are strategic complements if ∂r(u
< 0, and strategic
∂ui
∂r(uj ,δi )
substitutes if ∂ui > 0.
11

The Hotelling model of competition provides a natural example of additively separable demand. In
such a model, given transport cost t, a consumer at location x ∈ [0, 1] prefers firm 1 (located at 0) to
firm 2 (located at 1) if u1 − tx > u2 − t(1 − x). Assuming full market coverage, this implies demand
D1 (u) = 12 + u2t1 − u2t2 .
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3.3

Applications to product personalization, ad targeting, and
price discrimination

The analysis has so far been conducted in terms of an abstract parameter δi , which could
be interpreted as any factor that shifts r. One thing that makes the application to data
particularly interesting is that relatively standard models of data use naturally generate
both pro- and anti-competitive effects. Here we apply the framework to some of the main
ways data is used (product improvement or personalization, targeted advertising, and
price discrimination) and show how the model can be used to determine the competitive
effects of data in each case.
3.3.1

Product improvement

One important use of data is to improve the quality of the products or services offered by
firms. For instance, search engine algorithms use data about past queries to improve their
results. This improvement can also take the form of more personalized recommendations
without affecting the quality of the underlying products: a movie streaming service
suggesting shows to its users based on their viewing history, or an online retailer suggesting
products to consumers based on past purchases.
We already discussed a reduced-form model of product improvement in Section 3.1.
To recap: suppose a firm charges pi for a product that consumers value at v(δi ), which is
increasing.12 We then have ui = v(δi ) − pi and hence r(ui , δi ) ≡ pi = v(δi ) − ui . Because
∂ 2 r(ui ,δi )
= 0, Proposition 1 tells us that data is pro-competitive in this case. Intuitively,
∂ui ∂δi
if data is used to improve the product then the firm can charge a higher price while
providing a given level of utility. This high price increases the firm’s marginal incentive to
attract consumers, inducing it to increase ui .
We can extend this result using the more general framework of demand-shifting (Cowan,
2004).13 In this broader class of models, each consumer who picks firm i buys q(pi , δi )
units of its product, q being non-decreasing in δi (equivalently, we could formulate the
model starting from the inverse demand function P (qi , δi )). The utility that a consumer
R∞
obtains from choosing i is the standard consumer surplus: ui = pi q(x, δi )dx. Inverting
this equation we obtain the price (and hence r(ui , δi )) associated with a given ui . In
Appendix B.1 we show that data is pro-competitive when it is used to improve products
in such a way as to induce an additive or multiplicative shift in demand. More precisely:
12
This reduced-form can be given a microfoundation: suppose each firm is a multi-product retailer
of experience goods (e.g., movies or books). Each consumer has an ideal product, θ, and experiences a
mismatch from product x such that she values x at V − (x − θ)2 . Each firm obtains a signal, si that
is distributed according to N (θ, δ1i ). After observing si , the best that firm i can do is to recommend
product s. The value when choosing firm i is then v(δi ) = V − E[(s − θ)2 ] = V − δ12 .
i
13
Cowan (2004) only considers symmetric demand shifters, and does not look at the equilibrium utility
provision.
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Result 1. Suppose φ is a non-increasing function satisfying φ0 (·) + xφ00 (·) ≤ 0. Then
data is pro-competitive if any of the following conditions hold: (i) q(p, δ) = δ + φ(p), (ii)
q(p, δ) = δφ(p), (iii) P (q, δ) = δ + φ(q), or (iv) P (q, δ) = δφ(q).
3.3.2

Targeted advertising

Another major use of data is to facilitate the targeting of advertising. Suppose that the
firms are media platforms that face an inverse demand for advertising slots P (ni , δi ),
decreasing in the number of ad slots, ni . Having more data allows firms to better target
ads, so P is increasing in δi . For example, according to an industry report, the price of
advertising to a user of the Safari web browser has fallen 60% since it started blocking
access to users’ data.14 Suppose that there is a one-to-one mapping between the number
of ads shown by firm i and the utility ui , so that the number of ads corresponding to
ui is n(ui ). Then the firm’s revenue is r(ui , δi ) = n(ui )P (n(ui ), δi ). We consider two
formulations of this model corresponding to different assumptions about n(ui ).
Firstly, suppose that consumers dislike seeing ads—a common assumption in the
literature (e.g., Anderson and Coate, 2005). Then n0 (ui ) < 0 in this case and using
Proposition 1 (2) yields:
Result 2. In the targeted advertising application with n0 (ui ) < 0, data is anti-competitive
2
2 P (n ,δ )
(ni ,δi )]
i i
> 0. This is true, in particular, if ∂ ∂n
is non-negative.
if and only if ∂ ln[P
∂ni ∂δi
i ∂δi
Secondly, in the so-called “attention economy” the key advertising bottleneck is often
not the number of ads that can be shown to a consumer, but the consumer’s willingness to
pay attention to them. Suppose that ui measures the quality of a firm’s content (chosen at
cost C(ui )). Consumers spend more time (or attention) on a platform with better content
and the platform can show one ad per unit of time. Thus, n0 (u) > 0. Using Proposition 1
(1) yields:
Result 3. In the targeted advertising application with with n0 (ui ) > 0, data is pro∂ 2 P (ni ,δi )
∂ 2 P (ni ,δi )
i ,δi )
≥
competitive if ∂P (n
+
n
0.
This
is
true,
in
particular,
if
is noni
∂δi
∂ni ∂δi
∂ni ∂δi
negative.
In Appendix B.2 we provide a microfoundation based on using noisy signals about
consumers’ preferences to target ads. We derive the implied P (ni , δi ) and show that
∂ 2 P (ni ,δi )
= 0, meaning data is anti-competitive in the model with ad nuisance but pro∂ni ∂δi
competitive in the model of competition for attention. Thus, the same inverse demand
for advertising can imply quite different effects of data depending on the exact mode of
competition. Our point in this paper is not to argue that data is pro- or anti-competitive
when used to target ads, but simply to stress the modelling assumptions that drive such a
14

See https://www.theinformation.com/articles/apples-ad-targeting-crackdown-shakesup-ad-market, accessed 10 December 2019.
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result. When ads create nuisance, increasing u means showing fewer ads. This is more
costly if δi is large (because the marginal ad is more valuable). Conversely, when firms
compete for attention a higher u means consumers spend more time on the platform. This
is more beneficial the larger is δi (because each unit of attention can be more precisely
matched with an ad).
3.3.3

Price-discrimination

Armstrong and Vickers (2001) use the competition-in-utility framework to study competitive price-discrimination. While most of their analysis takes place in an environment
of intense competition (so that the equilibrium is close to marginal cost-pricing), they
2
i ,δi )]
provide a condition analogous to ∂ ln[r(u
> 0 for discrimination to benefit consumers
∂ui ∂δi
(their Lemma 3), and apply it to compare uniform pricing and two-part tariffs (Corollary
1). Here we revisit the issue of price-discrimination, by explicitly incorporating data in the
model. This allows us to study marginal improvements in the ability to price-discriminate,
as well as asymmetric situations.
Consider a model in which a consumer has a value for each of a continuum of goods
drawn independently from some distribution F . Each firm i sells its own version of
every good and has data that allows it to determine consumers’ willingness to pay for
a fraction δi of them (we call these goods identified ) and thus extract as much of the
surplus as it wants. For the remaining 1 − δi unidentified goods, the firm only knows that
consumers have demand Q(p) = 1 − F (p) and can do no better than setting a uniform
price. Consumers one-stop shop, and the utility of choosing firm i is given by the standard
consumer surplus measure.
To develop some intuition, first consider the polar cases with δi ∈ {0, 1}. If δi = 0
then, given a target ui , the firm cannot do better than a uniform price for all goods. To
increase consumer surplus from area a in Figure 3 to areas a + b + d would require the
firm to cut price from p∗ to p∗0 , causing a change in revenue of e − b. If, on the other hand,
δ = 1 then the firm is able to perfectly price discriminate and the sum of consumer and
firm surplus must equal the total area under the demand curve. Thus, increasing utility
from a to a + b + d would result in a change in revenue of −b − d. The opportunity cost
of providing utility is lower when the firm has no data. This suggests that data might be
anti-competitive.
We develop this reasoning more formally in Appendix B.3. Denote the maximal social
R∞
surplus generated by a product as u (i.e. u = 0 q(x)dx). We show that a firm wishing
to offer utility ui optimally provides as much of that utility as possible by lowering the
uniform price of the non-identified products rather than extracting less surplus from
identified products (if ui ≤ (1 − δi )u then it can provide all of its utility in this way). This
implies an optimal set of prices (and thus an r) associated with any target utility level.
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Figure 3: Price discrimination.

We prove the following result:
Result 4. Consider the equilibrium of the price-discrimination game outlined above.
1. If u∗j < (1 − δj )u, we have
2. If u∗j > (1 − δj )u,
behavior.

∂r(u∗j ,δj )
∂δj

∂ 2 r(u∗j ,δj )
∂uj ∂δj

< 0.

= 0: more data does not affect firm j’s equilibrium

While part 1 of Result 4 does not imply that data is anticompetitive in the corresponding
∂ 2 ln[r(u∗j ,δj )]
< 0), one can check that
region (the sufficient (and necessary) condition is
∂uj ∂δj
this is indeed the case when q(p) is linear or has a constant price-elasticity.
Result 4 suggests that data is more likely to be anti-competitive when the initial
level of data is small. Indeed, for δj close to zero we necessarily have u∗j < (1 − δj )u and
∂ 2 r(uj ,δj )
therefore ∂uj ∂δ
< 0, while for δj close to 1 u∗j > (1 − δj )u, which means that data ceases
j
to be anticompetitive.
3.3.4

Other applications

We can also apply competition-in-utility framework to other situations, including where
firms’ decisions are multi-dimensional (e.g. choice of a price and quality), where there are
network effects, or where consumers can consume from more than one firm (multi-homing).
We analyze such situations in Appendix B. The model works relatively well in environments
13

with multidimensional decisions or network effects, even though it sometimes loses the
attractive property that the pro or anti-competitive nature of data is independent of the
choice of the demand function. The multi-homing example illustrates more clearly some
of the limitations of the approach, as firm i’s revenue depends on δj and uj , making it
difficult to sign the shift in firm i’s reaction function following an increase in δi .

4

Data and market dynamics

Dynamic competition concerns are a recurring feature of the policy debate around data.
For instance, the European Commission, when dealing with mergers involving data, has
looked at whether the transaction would give a data-related advantage to the merging
parties that could not be replicated by rivals, thereby deterring entry or inducing exit by
competitors. A related concern is that data creates network externalities and that this
can lead to market tipping through the winner-takes-all logic.
In this section we present two models of dynamic competition involving data. In
both models, data is generated by past sales. In the first model, two firms compete over
multiple periods and we ask how data and market shares evolve over time. The second is
a two-period model where an incumbent is a monopolist in period 1 but faces entry in
period 2. We investigate under which conditions data can be used as a barrier to entry.
In both models, we show that the key condition is whether data is pro- or anticompetitive. In the model of repeated interactions, whether data is pro- or anti-competitive
determines whether the “network effects” are positive or negative. In the former case, but
not in the latter, data may induce tipping in the long run.
Likewise, when data is pro-competitive, data collection can be used as an entry-deterrent
strategy: by collecting more data initially, the incumbent reduces the entrant’s post-entry
profit. When data is anti-competitive, collecting more data makes the incumbent soft and
raises post-entry profit.15
These results point to an intrinsic tension between static and dynamic competition: it
is precisely when data reinforces static competition that it risks being used to suppress
dynamic competition.

4.1

Long-run market evolution

Suppose n = 2 firms compete over many periods, t = 1, 2, . . .. Firms discount the future
at rate β. At the start of period t, firm i has access to data δit . If the utility offered in
period t is ut = (uti , utj ) then the per-period profit is
πi (ut , δit ) = r(uti , δit )Di (ut ) − C(uti ).
15

The analysis is an application of Fudenberg and Tirole, 1984.
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We assume that (C1) holds and that πi is concave in uti .
Firm i accumulates new data from interacting with each of the D(uti , utj ) consumers it
attracts in period t, and may also be able to carry-over some data from period to period.
Its dataset in period t + 1 is therefore of size δit+1 ≡ f (Di (ut ), δit ), non-decreasing in both
∂δ t+1
arguments. Let ∂δi t ≤ 1: data at least weakly decays over time (e.g., because it becomes
i
outdated). We focus on Markov-perfect equilibria in which firms offer utility u∗i (δit , δjt ) in
each period. Thus, a firm’s value function has the form
vi (ut , δit , δjt ) = πi (ut , δit ) + βVi [δit+1 , δjt+1 ],
where Vi is i’s continuation value given the datasets it expects firms to start the next
period with. We assume β is small enough that vi (ut , δit ) is maximized where the first-order
∂vi
condition ∂u
t = 0 holds.
i

We say that data is transient if it quickly becomes obsolete (formally, if
Firms are myopic if β = 0.

∂δit+1
∂δit

= 0).

Proposition 3. Suppose either (i) data is transient, or (ii) firms are myopic. In a
Markov-perfect equilibrium:
1. if data is pro-competitive, a firm with an initial advantage stays ahead forever:
δit ≥ δjt =⇒ δit+1 ≥ δjt+1 .
2. if data is anti-competitive, any initial advantage shrinks over time: δjt ≤ δit =⇒
δit+1 − δjt+1 ≤ δit − δjt .
Proof of Proposition 3. Firms choose uti to satisfy
best response, ûti , is increasing in δit if

∂vi (uti ,utj ,δit ,δjt )
∂uti

= 0. Thus, firm i’s

∂ 2 vi (uti , utj , δit )
∂ 2 πi (uti , utj , δit )
=
+
∂uti ∂δit
∂uti ∂δit
"
#
t+1
∂ 2 Vi ∂δit+1 ∂δit+1
∂ 2 Vi
∂δit+1 ∂δj
∂Vi ∂ 2 δit+1
β
+ t+1 t+1
+ t+1 t t
(4)
∂δit ∂uti
∂(δit+1 )2 ∂δit ∂uti
∂δi ∂δj
∂δi ∂ui ∂δi
is positive, and decreasing if (4) is negative. If firms are myopic then β = 0 so (4) has
∂ 2 πi (uti ,utj ,δit )
∂δ t+1 ∂ 2 δ t+1
the same sign as
. If data is transient then ∂δi t , ∂uti∂δt = 0 so (4) again has
∂ut ∂δ t
i

i

i

∂ 2 πi (uti ,utj ,δit )
.
∂uti ∂δit

ûti

i

i

the same sign as
In both cases,
is increasing in δit if and only if data
is pro-competitive. By a similar logic, if firms are myopic or data is transient then
∂ 2 vi (uti ,utj ,δit )
= 0, meaning ûti is independent of δjt .
∂uti ∂δjt
Summarizing, suppose that δi > δj and data is pro-competitive (anti-competitive).
Then i’s best response is shifted up (down) compared to j’s i and we can therefore use
the same logic as in Proposition 2.B to show that uti > utj (uti < utj ) in equilibrium.
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To prove part 1 note that if data is pro-competitive and δ1 ≥ δ2 then both arguments
of f (Di (ut ), δit ) are larger in the case that i = 1 than when i = 2.
To prove part 2 note that if data is anti-competitive and δ1 ≥ δ2 then we must
∂δ t+1
have D1 (ut ) < D2 (ut ). Combined with the assumption that ∂δi t ≤ 1, this implies that
i
δit+1 − δit = f (Di (ut ), δit ) − δit is smaller when i = 1 than when i = 2.
If data is pro-competitive then a firm with more data will choose to offer higher
utility and thus accumulate more new data than its rival each period, leading to an
entrenched market-leader. This is a necessary, but not sufficient condition for data to
cause market tipping. Whether data actually causes the market to tip also depends
on whether the extra utility provided by the market leader causes its advantage to
grow from period to period. Suppose, for example, we take take our simplest product
improvement application (r(uti , δit ) = vδit − uti ) with n = 2 and let demand be à la
ut −ut
Hotelling: Di (ut ) = 12 + i2τ j . If data is transient, such that δit+1 = Di (ut ), then the
system has a single state variable, δ1t .16 We can compute the equilibrium utility offers as
u∗1 (δ1t ) = 31 (v + vδ1t − 3τ ), u∗2 (δ1t ) = 31 (2v − vδ1t − 3τ ). Thus, the transition rule is
δ1t+1 = D[u∗1 (δ1t ), u∗2 (δ1t )] =

1 (2δ1t − 1)v
+
.
2
6τ

The market tips if and only if 3τ < v. If τ is small then demand is quite elastic and
the leader exploits its advantage to capture many more consumers, leading to tipping.
Likewise, a large v means that a little extra data gives a big advantage, again leading to
tipping.
When data is anti-competitive, on the other hand, Proposition 3 is unambiguous: data
cannot lead to market tipping. Intuitively, when data is anti-competitive a firm with a
current advantage in data offers lower utility and therefore serves fewer consumers than
its rival. This leads to the leader’s data advantage decreasing over time. We therefore
observe an interesting tension between static and dynamic competition concerns related
to data: it is when data is statically pro-competitive that long-run dynamics are most
likely to foster competitive concerns.

4.2

Data as a barrier to entry

There are two periods, with different cohorts of consumers.17 In the first period, the
incumbent (firm I) is the only firm on the market. If it offers u1I , the demand for its
product is D1 (u1I ). The initial amount of data held by the incumbent is normalized to
zero, so that its first period profit is r1 (u1I , 0)D1 (u1I ) − C(u1I ). At the start of period 2,
16

This is because δ2t = D2 (ut−1 ) = 1 − D1 (ut−1 ) = 1 − δ1t .
Alternatively, consumers could live for two periods and be willing to buy at each period (non-durable
good), without any switching cost.
17

16

the data held by I is δI = f (D1 (u1I )), where f is an increasing function. The entrant, E,
must pay an entry cost e. If it does so, its initial level of data is normalized to zero.
Let’s assume that entry is not blockaded, i.e. that, should I behave as a monopolist in
the first period, entry would be profitable in the second one. Suppose that I wishes to
deter entry by E. When can the collection of data be effective to do so? Given that entry
is more likely to be deterred if E expects I to offer a high utility, the answer follows as an
immediate corollary of Proposition 1.
Corollary 1. An entry-deterrence strategy by I involves:
• Over-collection of data in period 1 (compared to the monopoly solution) if data is
pro-competitive;
• Under-collection of data in period 1 if data is anti-competitive.
The logic behind Corollary 1 is a straightforward application of Fudenberg and Tirole
(1984). In the terminology of Fudenberg and Tirole (1984), acquiring more data makes I
tough when data is pro-competitive, soft when it is anti-competitive, which explains the
result. An implication of Corollary 1 is that successful entry-deterrence strategies relying
on acquisition of data benefit consumers in the first period. The effects on consumer
surplus for the second period are more ambiguous. On the one hand, active competition
may provide more incentives than monopoly to offer a large utility. On the other hand, if
∂ 2 r2 (u2I ,δI )
> 0, it might be that the extra data collected in period 1 increases the incentives
∂uI ∂δI
to offer a high utility in period 2.

5

Data-driven mergers

An alternative way for a firm to acquire more data is to merge with another firm in
possession of a dataset. Several recent mergers, such as that between Microsoft and
LinkedIn or Facebook and WhatsApp, have indeed been partially motivated by the
acquisition of data. In the Microsoft and LinkedIn case, LinkedIn’s data could be used
by Microsoft to customize its Customer Relationship Management (CRM) software,
Dynamics 360.18 One should note that Salesforce, the leader in the CRM market, was
also reportedly interested in acquiring LinkedIn. Following the Facebook and WhatsApp
merger, Facebook has been in a position to use the data from WhatsApp to offer more
personalized advertisements, even though it initially claimed this would not be technically
feasible.19
In this section we build upon our baseline framework to study data-driven mergers.
We enrich the model by incorporating several key features of the relevant cases. We model
18

See https://www.reuters.com/article/us-microsoft-linkedin-idUSKBN17Q1FW, accessed 13
December 2019.
19
See http://europa.eu/rapid/press-release_IP-17-1369_en.htm, accessed 13 December 2019.
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data as a byproduct of economic activity: the quantity (and quality) of data generated
by a firm is an increasing function of the usage of its product (on both the extensive
and intensive margins). In order to focus on the data-related aspects of the merger, we
assume that the merging firms operate on separate markets and are therefore not direct
competitors.20 We label the two markets A and B, and assume that data generated on
market A can be used in market B.21
Such a structure shares some similarities with a vertical merger case, in the sense that
a firm in a “downstream” market (B) obtains an input (data) from a firm in an “upstream”
market (A), and competition authorities have paid close attention to theories of harm
related to input foreclosure by the integrated firm (Ocello and Sjödin, 2017). There are
two main versions of such theories of harm: (i) after the merger, the firm with the data
will stop supplying it to its rivals in the B market; (ii) after the merger, the integrated
firm will gain exclusive access to the data, which will harm its rivals. While the two
theories rely on data being kept internally after the merger, they differ as to whether data
is shared before the merger. This point underlines a first difference between a data-driven
merger as we model it and a more standard vertical merger: as we argue below, in some
cases, regulatory or contractual frictions make data sharing between independent firms
impossible or impractical, so that the merger is the only way to share data.
The second main difference between our framework and a vertical one lies in the fact
that selling data is not necessarily the primary purpose of the firm in the A market,
and that the A and B firms may face the same consumers. We therefore argue that an
important aspect, which so far has been relatively neglected, is how the merger will affect
the behavior of the A firm (and therefore consumer surplus) in its primary market.

5.1

The model

Market structure Firm A is a monopolist on market A, and offers a mean utility
uA , leading to a demand DA (uA ) and a per-consumer revenue rA (uA ). Let πA (uA ) ≡
rA (uA )DA (uA ) − CA (uA ). Serving consumers on its primary market allows firm A to
collect a quantity of data δA ≡ δ(uA ), with δ 0 (uA ) > 0. Thereafter we operate a change
of variables and say that firm A directly chooses a quantity of data δA , corresponding
to a utility level uA (δA ), with u0A (δA ) > 0. Firm A’s profit on its primary market is
πA (δA ) ≡ πA (uA (δA )), which we assume is quasi-concave and maximized for δb such that
b = 0.
πA0 (δ)
The data can also be used on a secondary market B, where two firms (B1 and B2 )
20

While this assumption seems plausible in the Microsoft/LinkedIn merger, it is more controversial in
the Facebook /WhatsApp case, as both firms could be viewed as competitors in the market for social
network services. The European Commission considered that the two companies are distant competitors,
due to distinguishing features and consumers’ ability to multi-home. We discuss horizontal data-driven
mergers at the end of this section.
21
For simplicity we ignore the possibility that data generated on B could be used on A as well.
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compete. Competition on the B market takes the form described in Section 3: firms
offer utility level ui , i ∈ {1, 2}, resulting in a demand Di (ui , uj ). We assume that A is
the unique source of data so that, if A transfers a quantity δi to firm Bi , the latter’s
per-consumer revenue is r(ui , δi ).22 We will mostly use the reduced-form profit expressions

πi (δi , δj ) ≡ r (u∗i (δi , δj ), δi ) Di u∗i (δi , δj ), u∗j (δj , δi ) − C (u∗i (δi , δj )), where u∗i denotes the
utility level provided in the subgame where the data levels are δi and δj .
Data trade We will consider two scenarios, depending on whether data trade between
two independent firms can happen. As we will show, this is actually a critical determinant
of whether the merger is likely to benefit consumers.
Data is a non-rival but excludable good: when data trade is possible, firm A can
choose to sell any vector (δ1 , δ2 ) ∈ [0, δA ] × [0, δA ],23 in exchange for payments T1 and T2 .
The trade mechanism consists in simultaneous take-it-or-leave-it public offers (δ1 , T1 ) and
(δ2 , T2 ) made by firm A,24 followed by simultaneous public acceptance decisions by the
B-firms.
Extra assumptions and notations On the B market, we assume that the ui ’s are
strategic complements,25 and that a firm’s profit is increasing in the amount of data it
∂π (δ ,δ )
has: i∂δii j > 0. These assumptions entail a loss of generality. In particular, the second
one rules out situations where an increase in δi would lead firm Bj to compete so much
more fiercely that Bi would prefer to commit not to use the data.
Timing The game proceeds as follows: At t = 1, firm A chooses δA . At t = 2 data
trade takes place when possible. At t = 3 the firms in market B observe δ1 and δ2 and
choose their utility offers.

5.2

Merger when data trade is not possible

Several factors may make data trade between independent firms impractical. For instance,
privacy regulations may prevent firms from sharing personal data with third parties.26
Another possible friction has to do with moral hazard regarding data protection. Suppose
that company A licenses its customer data to another firm, B. If B does not undertake
the appropriate level of investment in cyber-security, or if it uses the data in a fraudulent
22

Another equivalent interpretation is that the B firms start with the same level of data, and δi
measures the additional data provided by A.
23
Whether the data is sold, temporarily licensed, or whether firm A merely allows B firms to send
queries to the database without providing the data itself is of no consequence in the model.
24
The results would hold with Nash bargaining provided A has enough market power over the data.
25
Recall that, with additively separable demand, u1 and u2 are strategic complements if and only if
∂ri
∂ui < 0.
26
Note that in some jurisdictions mergers may not always allow firms to transfer data internally.
Recent calls for “data Chinese walls” within companies would also complicate matters.
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way itself, consumers may blame company A in case of a breach, which would deter A
from licensing the data.27 With a merger, B would internalize the value of A’s reputation
and invest accordingly. In our analysis, we thus consider the two situations: data trade
without a merger can either be possible or not.
Suppose therefore that data trade between A and the B firms is impossible absent the
merger. We assume that the merger allows the new firm to transfer the data between A
and B1 . We compare the equilibrium outcome when firms are independent to the case
where A and B1 merge. We use a superscript I for the case of independent firms, and a
superscript M for the case where A and B1 merge.
Independent firms Given that trade is impossible, firm A focuses solely on maximization of its A-market profit. It therefore chooses to collect δAI = δb by offering utility
b Since the B firms have no access to data, they offer utilities ui (0, 0).
u
bA = uA (δ).
Merger At t = 1, firm A − B1 maximizes the joint profit of the integrated unit,
1
b
πA (δA ) + π1 (δA , 0). Given that ∂π
> 0, in equilibrium δAM > δ.
∂δ1
I
Comparison The fact that δAM > δAI means that uM
A > uA , i.e. that consumer surplus
on market A increases after the merger. In market B, the merger results in firm 1 having
access to an additional δAM data. The effect of the merger on consumer surplus on market
B therefore depends on whether data is pro- or anti-competitive.

Proposition 4. When data trade between independent firms is not possible:
1. If data is pro-competitive, the merger increases consumer surplus on both markets.
2. If data is anti-competitive, the merger increases consumer surplus on market A but
reduces it on market B.

5.3

Merger when data trade is possible

We now turn to the case where data can be traded even without the merger. A first
point to look at is whether firm A finds it more profitable to offer an exclusive deal to
one of the B firms or to sell data to both. In the former case, its revenue from the sale
of data is πi (δ, 0) − πi (0, δ), while in the latter it is 2 (πi (δ, δ) − πi (0, δ)). Exclusivity is
preferred when πi (δ, 0) + πi (0, δ) > 2πi (δ, δ), which is a version of the well-know “efficiency
effect” (Gilbert and Newbery, 1982). For the sake of brevity we only present the results
corresponding to this case in the main text.
27

The Facebook - Cambridge Analytica scandal is a good illustration of the drawbacks of licensing data
to independent third parties. See https://www.vox.com/policy-and-politics/2018/3/23/17151916/
facebook-cambridge-analytica-trump-diagram, accessed 13 December 2019.
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The first-order condition for firm A is
πA0 (δ) +

∂πi (δ, 0) ∂πj (0, δ)
−
=0
∂δi
∂δi

(5)

The amount of data collected affects the price of data through two channels: first, collecting
more data increases the profit of the data holder by assumption. Second, it also affects the
profit of the firm which does not obtain the data. The sign of this effect is not constant,
and depends on whether data is pro- or anticompetitive. Indeed, if data is pro-competitive,
∂πj (0,δ)
a higher δi implies a higher ui , which is bad for Bj ’s profit: ∂δ
< 0. The reverse holds
i
when data is anti-competitive.
If A and B1 merge, A still has the option to sell the data to B2 . However, such a
strategy is never profitable if exclusivity is preferred when A is independent (the price at
which A − B1 would sell to B2 , π2 (δ, δ) − π2 (0, δ), would not compensate the loss in profit
π1 (δ, 0) − π1 (δ, δ)). Therefore the profit of the integrated firm is πA (δA ) + π1 (δA , 0), and
its first-order condition is
∂πi (δ, 0)
=0
(6)
πA0 (δ) +
∂δi
After the merger, firm A − B1 no longer takes the effect data has on B2 into account.
Comparing the first-order conditions, we obtain the following:
Proposition 5. When data trade among independent firms is possible:
1. If data is pro-competitive, the merger leads to less data collection, reducing consumer
surplus on both markets A and B.
2. If data is anti-competitive, the merger leads to more data collection, increasing
surplus on market A but reducing it on market B.
The same logic applies to the case where πi (δ, 0) + πi (0, δ) < 2πi (δ, δ). In that case, an
independent firm A sells data to both firms, and an integrated A − B1 finds it profitable to
sell data to B2 as well (so that there is no foreclosure effect). But the merger changes the
incentives to collect data through its effect on the A − B1 negotiation: before the merger,
A wants to reduce the profit that B1 would make if it did not buy the data, whereas such
a force disappears after the merger.

5.4

Summary and discussion

A data-driven merger can affect consumers through two channels: by changing the
distribution of data (and intensity of competition) in market B, and by changing incentives
to collect data in market A. Combining Propositions 4 and 5: If data is pro-competitive,
we find that surplus in markets A and B is aligned: the merger benefits consumers in
21

both markets if and only if data trade is impossible prior to the merger. If data is
anti-competitive then the surplus effects of the merger differ across markets: consumers
benefit in market A from better offers designed to generate more data, but are harmed in
market B where the extra data softens competition.
We have used the assumption of public offers. Beyond its tractability, this allows us
to emphasize the novelty of our approach. In vertical relations with secret contracting, it
is well-known that integration can restore the monopoly power of a firm, by enabling it to
commit not to sell its input to downstream rivals (Hart and Tirole, 1990). Our choice
to focus on public offers means that we shut down this effect and consider environments
where the merger does not raise foreclosure concerns: if, after the merger, firm A finds
it profitable not to sell data to B2 , it would sign an exclusive deal with B1 even absent
the merger. Incorporating such foreclosure concerns would not add much insight to our
analysis.
Notice also that in this setup, the one-monopoly-profit theory does not hold: the
merger is strictly profitable even with public offers. This is due to our assumption that
the choice of firm A takes place before the negotiation stage. Inverting the timing would
allow firms to replicate the merger with a contract.

5.5

Horizontal data-driven mergers

Some horizontal mergers can also result in competitors merging their databases, thereby
gaining further insights about consumers for instance. Our general model can be readily
applied to such a situation. Suppose that firms 1 and 2 merge in a market with n firms.
First, as is standard in horizontal mergers, unilateral effects exert a downward push on
the merging firms’ best-response. Let δi0 be the post-merger quality of firm i’s data. We
presumably have δi0 ≥ δi for i = 1, 2. When data is anti-competitive, this further reduces
the utility offered by merging firms, and the overall effect of the merger is negative. When
data is pro-competitive, however, the increase in δ1 and δ2 may offset the unilateral effect,
in the same manner that reductions in marginal costs due to synergies may make a merger
desirable for consumers. The key is of course that the increase in δ1 and δ2 should be
large enough, i.e. that combining the datasets of merging firms is very valuable. This
will be true if data generates enough economies of scale and/or economies of scope, an
empirical matter subject to much debate (See Chiou and Tucker, 2017; Schaefer et al.,
2018; Claussen et al., 2019, for empirical studies in various contexts).

6

Data collection with privacy concerns

We have so far focused on the competitive implications of data. However, a significant
part of the policy debate around data has revolved around consumer privacy concerns
22

and potentially exploitative practices related to the collection of individuals’ data—see,
for example, Bundeskartellamt (2019). Several regulatory options have been considered
or implemented (through the EU’s General Data Protection Regulation for instance):
restrictions on the type of data that can be collected, increased transparency regarding
data collection and usage (firms’ privacy policies are often quite opaque to consumers),
or a transfer of control to individual consumers (through consent mechanisms) or to
consumer unions.28
Privacy concerns enrich our baseline model through two conceptual novelties, which
we introduce successively. First, they can lead the revenue function r to be (locally)
decreasing in δi . In this context we study the effects of limiting data collection and
of imposing transparency to otherwise opaque policies. Second, a consumer’s privacy
concerns arguably only apply to what data about her a firm has, even though data about
other consumers might be used in the firm’s interaction with this consumer, leading to
the presence of externalities among consumers.
Because the effects that we discuss here are orthogonal to strategic interactions among
firms, we assume that the firm is a monopolist.

6.1

A model with privacy concerns

Suppose that δ measures the share of consumer characteristics that the firm collects (e.g.
gender, age, taste in movies, etc.). We introduce privacy concerns by assuming that
consumers incur a disutility γ(δ), where γ is increasing and convex.
If u is the (mean) gross utility offered by the firm (with corresponding revenue r(u, δ)),
the net utility is then U ≡ u − γ(δ). We write R(U, δ) for the per-consumer revenue as a
function of the net utility U and of the amount of data δ, i.e. R(U, δ) = r(U + γ(δ), δ)
The main difference with the baseline model is that privacy concerns may make R(U, δ)
decreasing in δ, as the following examples illustrate.
Example: product improvement Suppose that consumer have unit demand for the
product, and that the willingness to pay (ignoring privacy concerns) is v(δ). We then have
U = v(δ)−γ(δ)−pi , and, with a marginal cost normalized to zero, R(U, δ) = v(δ)−γ(δ)−U .
Whenever γ 0 (δ) > v 0 (δ), R is decreasing in δ.
Example: targeted advertising with nuisance If the firm shows n ads (sold at
price P (n, δ)), suppose that consumers’ net utility is U = v − kn − γ(δ).
 The per-consumer

v−U −γ(δ)
v−U −γ(δ)
revenue is nP (n, δ), which means we can write R(U, δ) =
P
,
δ
, which
k
k
can be decreasing in δ if γ 0 (δ) is large enough compared to
28

∂P
.
∂δ

Arrieta-Ibarra et al. (2018) advocate for the notion of data as labor, which we do not consider here.
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For simplicity we assume that the fixed cost is independent of the level of utility
provided, and that u 7→ r(u, δ) is decreasing and log-concave. The firm’s profit can then
be written as
π(U, δ) = R(U, δ)D (U ) − C

(7)

b (δ) be the profit-maximizing net utility if the firm collects an amount of data δ.
Let U
b 0 (δ) > 0, and anticompetitive if U
b 0 (δ) < 0.
We say that data is pro-competitive if U
We have the following characterization:
Proposition 6. In the model with privacy concerns, data is pro-competitive if and only
2
if ∂ ln(R(U,δ))
> 0.
∂U ∂δ
Proposition 6 is the analogue of Proposition 1 with privacy concerns (and constant
fixed cost). The necessary and sufficient condition for data to be procompetitive is similar
2
to the the baseline model , i.e. given by the sign of ∂ ln(r(U,δ))
. However, the presence
∂U ∂δ
of privacy concerns makes it “more likely” that data is anticompetitive in the following
sense: if data is anticompetitive absent privacy concerns, it will remain so with privacy
concerns, whereas data can be anticompetitive with privacy concerns but procompetitive
without. To see this, note that
∂ 2 ln (r(u, δ))
∂ 2 ln (R(U, δ))
∂ 2 ln (r(u, δ))
=
+ γ 0 (δ)
∂U ∂δ
∂u∂δ
∂u2
By log-concavity of u 7→ r(u, δ), the term multiplying γ 0 (δ) is negative, meaning that
2
< 0.
larger privacy concerns make it more likely that ∂ ln(R(U,δ))
∂U ∂δ
We now consider a game where the firm chooses both how much data to collect and
how much utility to provide. A typical complaint of consumers related to data is the
opacity of the system, meaning that it is difficult for consumers to know how much data
about them firms actually collect (and what they do with it). We make this our starting
point, and consider several policy interventions.

6.2

Opacity and restrictions on data collection

Suppose that consumers cannot observe the choice of δ, but can form rational expectations
δ e . This opacity does not prevent the firm from generating revenue thanks to the data, but
it means that consumers’ participation decision only depends on their expected privacy
cost γ(δ e ). If we fix privacy concerns at γ(δ e ), we are back to the model without privacy
concerns and utility u − γ(δ e ), in which case the firm’s profit is increasing in δ.
Therefore the equilibrium is such that δ ∗ = 1, which consumers correctly anticipate.
The equilibrium level of utility is given by the first-order condition ∂π(U,1)
= 0.
∂U
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Suppose that a regulator restricts the amount of data that firms can collect. Formally,
we model this with a cap δ̄ < 1 that the firm cannot exceed. If we maintain the assumption
of opacity, the cap is binding in equilibrium: δ ∗ = δ̄. By definition we have the following
result:
Proposition 7. A cap on data collection improves consumer welfare if and only if data
is anticompetitive.
While trivial, Proposition 7 highlights that a cap is a fairly crude instrument, that
works well when data is anticompetitive, but that can backfire when it is procompetitive.

6.3

Transparency

We now consider a different approach, focused on enabling consumers to observe the firm’s
data policy (how much data is collected, how it is used, etc.). Under such a transparency
policy, the firm solves maxU,δ π(U, δ).
Let (UT∗ , δT∗ ) be the profit-maximizing strategy. In a second-best world, where the
regulator cannot choose U , how does the equilibrium level of data collection compare
to the one that would maximize consumer surplus? The next result identifies a class of
models such that transparency achieves the second-best.
Proposition 8. If

∗)
∂ 2 R(UT∗ ,δT
∂U ∂δ

= 0, transparency achieves the second-best consumer surplus.

Proof. Starting from (UT∗ , δT∗ ), suppose that we force the firm to change the amount of
data it collects by some . The firm will then choose to provide a different utility level.
The sign of the change in the net utility provided to consumers is given by the sign of
∂ 2 π(UT∗ , δT∗ )
=
∂U ∂δ


∂ 2 R(UT∗ , δT∗ )
∂R(UT∗ , δT∗ ) 0 ∗
∂R(UT∗ , δT∗ ) 0 ∗
∗
D(UT ) +
D (UT )  =
D (UT )
∂U ∂δ
∂δ
∂δ
(8)
∗)
∂R(UT∗ ,δT
∗
There are three possible cases: (i) δT ∈ (0, 1), in which case it satisfies
= 0, and
∂δ
∗)
∂R(UT∗ ,δT
∗
therefore utility does not increase. (ii) δT = 1, which implies that
≥ 0, and
∂δ
∗
a decrease in δ (weakly) reduces the utility provided. (iii) δT = 0, which implies that
∗)
∂R(UT∗ ,δT
≤ 0, and an increase in δ (weakly) reduces the utility provided.
∂δ


∂ 2 R(U ∗ ,δ ∗ )

T T
An example where
= 0 is the model with product improvement and unit
∂U ∂δ
demand (see above): R(U, δ) = v(δ) − γ(δ) − U . Notice that this example can be given
another interpretation: data does not improve the quality (which we denote s) but is sold
by the firm to a third party for a price v(δ) − s.
In such environments, transparency provides the firm with the right incentives: it
collects the amount of information that maximizes the surplus created by each transaction,
which then gives it an incentive to generate many such transactions by providing a large
net utility. Compared to a cap on data collection, transparency is “information light”,
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in the sense that the regulator does not need to have detailed information about the
environment for the policy to be effective.
Transparency can also sometimes achieve the second best if it results in a corner
∗)
∂ 2 R(UT∗ ,δT
solution. If δT∗ = 0 but
< 0 then the firm’s choice to collect as little data as
∂U ∂δ
∗)
∂ 2 R(UT∗ ,δT
> 0 over
possible is also (second-)best for consumers. Likewise, if δT∗ = 1 and ∂U ∂δ
the relevant range then consumers benefit from the firm’s decision to collect as much data
as possible.
Unfortunately, the alignment of incentives between consumers and the firm is not
always perfect.
∂ 2 R(U ∗ ,δ ∗ )

T T
> 0 (resp.< 0), the firm collects
Proposition 9. Suppose that δT∗ ∈ (0, 1). If
∂U ∂δ
too little (resp. too much) data from consumers’ point of view.

∂R(U ∗ ,δ ∗ )

T T
Proof. δT∗ ∈ (0, 1) implies
= 0. From (8), we then see that increasing δ by  > 0
∂δ
∗)
∂ 2 R(UT∗ ,δT
would increase (resp. decrease) the incentive to provide utility if
> 0 (resp.
∂U ∂δ
< 0).

Notice however that, compared to the default opacity regime, transparency is an
improvement even when it leads to too much data collection as long as δT∗ < 1. The only
case where opacity is preferred to transparency is when the latter leads to a large drop in
∗)
∂ 2 R(UT∗ ,δT
> 0.
data collection even though ∂U ∂δ

6.4

Data externalities and control

Let us now explicitly take into account the idea that, in order to generate “insights”
about consumer l, a firm needs data about this consumer but also data about other
consumers, for instance to predict her future behavior based on how consumers with
similar characteristics have behaved. Let ∆l ≡ g(δl , δ−l ) be the quality of the “insights”
about consumer l if δl is the quality of the data it has about the consumer and δ−l is
the quality of data about other consumers (where we assume symmetry among the other
consumers). We assume that g is increasing in both arguments.
For a consumer over whom the firm has insight ∆, the revenue of firm i as a function of
the gross utility ui is r(ui , ∆), increasing in ∆. The privacy loss for consumer l is γ(δl ).29
We consider a regime of individual control of data, where each consumer decides how
much data to share with the firm.
b 0 (∆) > 0), individual control results in
Proposition 10. If data is pro-competitive (U
too little data being collected by the firm compared to the second-best consumer-optimal
29

Under this specification, consumers dislike sharing their data, independently of how much data the
firm has about other consumers. One could also assume that consumers dislike the firm knowing or
inferring things about them, in which case the disutility would be γ(∆l ). Our results would not change
under this alternative specification.
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solution. If data is anticompetitive, individual control results in too much data being
collected.
The result is a straightforward implication of the observation that, when data is
pro-competitive (resp. anticompetitive), individual control of data results in a game of
contribution to a public good (resp. public bad): individual consumers do not internalize
the effect of their data sharing decision on others.
Compared to a situation where the firm collects the data opaquely, however, it is
clear that individual control is an improvement in the anticompetitive case but not in the
procompetitive one.

7

Conclusion

In a time of intense regulatory scrutiny around the digital economy, it is important that
debates take place under a certain conceptual clarity. When it comes to data and its
competitive implications, the multiplicity of models developed by economists might run
in the way of such clarity.
In this paper we propose another, complementary approach based on a competition-inutility framework. The flexibility induced by this approach allows us to analyze a variety
of policy issues (e.g. market structure, data-driven mergers, data collection regulations)
under a variety of scenarios regarding data uses (e.g. product improvement, targeted
advertising, price-discrimination). The key property of data in our framework is that it
allows firms to generate more revenue per-consumer for a given utility provided.
We show that in many cases the (static) pro- or anticompetitive nature of data can
be inferred from the properties of the per-consumer revenue function independently of
the demand function or of the competitive intensity, and illustrate the usefulness of the
approach using various examples. Whether data is pro- or anticompetitive in turn has
major implications, for instance regarding the evolution of market structure, an issue for
which we show that data cannot be anticompetitive in a static sense and simultaneously
lead to tipping or barriers to entry. When it comes to data-driven mergers, when data is
pro-competitive, a key condition for a merger to be desirable is that trade of data among
independent firms be severely constrained. In the domain of privacy regulation, policies
restricting data collection or granting individual control to consumers are desirable when
data is anticompetitive, but perform poorly when data is pro-competitive. Measures
fostering (effective) transparency provide more flexibility and may achieve the second-best
in setups where data can be either pro- or anticompetitive.
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A

Omitted proofs

Proof of Proposition 1. Part 1: The first two terms on the right-hand side of (3) are
positive: the demand for firm i is increasing in ui , and its revenue is increasing in δi .
Intuitively, having more data raises the incentive to provide utility, as the firm generates
2 r(u ,δ )
i i
more revenue from each extra consumer. The sign of ∂ ∂u
is ambiguous (see below for
i ∂δi
2
examples). What we can say is that when it is non negative, we have ∂u∂ i π∂δi i > 0, i.e. data
is pro-competitive.
∂ri
i
/Di = − ∂u
/ri by (2). We thus have
Part 2: When C 0 (u) = 0, we have ∂D
∂ui
i
∂Di (u) ∂r(ui , δi ) ∂ 2 r(ui , δi )
∂r(ui , δi )) ∂r(ui , δi ) ∂ 2 r(ui , δi )
+
Di (u) > 0 ⇔ −
+
r(ui , δi )) > 0
∂ui
∂δi
∂ui ∂δi
∂ui
∂δi
∂ui ∂δi
1
⇔
r(ui , δi )2



∂r(ui , δi )) ∂r(ui , δi ) ∂ 2 r(ui , δi )
∂
−
+
r(ui , δi )) > 0 ⇔
∂ui
∂δi
∂ui ∂δi
∂δi

∂ri
∂ui

!

ri

>0

∂ 2 ln (r(ui , δi ))
⇔
>0
∂ui ∂δi

Proof of Proposition 2.A. Starting from the first-order condition, (2), and totally
differentiating yields
#
"
X ∂ 2 πi duj
∂ 2 πi
∂πi2
+
dδ = 0.
dui +
∂u2i
∂ui ∂δ
∂u
i ∂uj dδ
j6=i
Symmetry implies

duj
dδ

=

dui
.
dδ

Making this substitution and rearranging, we have
∂π 2

i
dui
∂ui ∂δ
= − ∂2π
P
i
dδ
+ j6=i
∂u2
i

∂ 2 πi
∂ui ∂uj

.

The denominator is negative by (C1) and the numerator is equal to (3), which is positive
if and only if data is pro-competitive.
Proof of Proposition 2.B. We find u∗1 as the solution to
ûi (ûj (u∗i ), δi ) − u∗i = 0

(9)

(recalling that ûi is i’s best response function). The left-hand side of (9) is decreasing in
u∗i under (C1). Suppose data is pro-competitive. The left hand side of (9) is increasing
in δi so u∗i must increase with δi (part 2). Part 3 then follows immediately from the
definition of strategic complements and substitutes. A symmetric argument holds for the
anti-competitive case.
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Parts 2 and 3 along with (C1) imply that, starting from a symmetric equilibrium with
∂u∗
∂u∗
δi = δj , we have ∂δji < ∂δii . Part 1 follows immediately.
Proof of Lemma 1. Totally differentiating (2) yields
same sign as

∂ 2 ui
.
∂ui ∂uj

dûi
duj

2

2

πi
= − ∂u∂ i ∂u
/ ∂∂uπ2i , which has the
j
i

Differentiating (2) yields
∂r(ui , δi ) ∂Di (u) ∂ 2 Di (u)
∂ 2 πi
=
+
r(ui , δi ),
∂ui ∂uj
∂ui
∂uj
∂ui ∂uj
| {z }
=0

which has the opposite sign to

B

∂r(ui ,δi )
.
∂ui

Proofs and supplementary material for Section 3.3
applications

B.1

Product improvement with general demand shifting

Suppose that, if firm i sets a price pi , each consumer who picks firm i buys q(pi , δi ) units
of its product, q being non-decreasing in δi . The utility that a consumer obtains from
choosing i is then
Z
∞

u(pi , δi ) =

q(x, δi )dx.
pi

Inverting this equation we obtain p̂(ui , δi ), the unit price that delivers a utility ui . The
associated per-consumer profit, assuming a constant marginal cost ci , is
r(ui , δi ) = (p̂(ui , δi ) − ci ) q (p̂(ui , δi ), δi ) ,
which is easily shown to be non-decreasing in δi for any utility level above the monopoly
one.
Equivalently, we could assume that data shifts each consumer’s inverse demand, so
that a consumer’s willingness to pay for a qth unit of product i is P (q, δi ). We then define
q̂(ui , δi ) as the solution to
Z

q

(P (x, δi ) − P (q, δi )) dx

ui =
0

and r(ui , δi ) = q̂(ui , δi ) (P (q̂(ui , δi ), δi ) − ci ) .
Let us define the mark-up elasticity of demand:
η(u, δ) ≡ −

∂q(p̂(u,δ),δ)
(p̂(u, δ)
∂p

q(p̂(u, δ), δ)
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− c)

=−

P (q̂(u, δ), δ) − c
q̂(u, δ) ∂P (q̂(u,δ),δ)
∂q

2

r(ui ,δi )
i ,δi )
The proof of Result 1 consists in showing that ∂η(u
≥ 0 if and only if ∂ ∂u
≥ 0,
∂δi
i ∂δi
which is a sufficient condition for data to be pro-competitive for firm i (by Proposition 1
(1)).

Proof of Result 1. p̂(ui , δi ), the price that generates utility ui , is implicitly defined by
Z

∞

ui =

q(x, δi )dx
p̂(ui ,δi )

∂ p̂
i ,δi )
We have ∂δ
= − q(p̂(ui1,δi ),δi ) . Firm i’s
≥ 0 and, by the implicit function theorem, ∂ p̂(u
∂ui
i
per-consumer profit is r(ui , δi ) = (p̂(ui , δi ) − c) q (p̂(ui , δi ), δi ). Using the property that
∂ p̂
= − q(p̂(ui1,δi ),δi ) , we can write
∂ui

∂r(ui , δi )
= −1 + η(ui , δi )
∂ui
The cross-derivative of the per-consumer profit is then
∂η(ui , δi )
∂ 2 r(ui , δi )
=
∂ui ∂δi
∂δi
2

r(ui ,δi )
By Proposition 1 (1), we know that ∂ ∂u
≥ 0 is a sufficient condition for data to
i ∂δi
be pro-competitive.
≥ 0 in the four examples mentioned.
Let us now show that ∂η(u,δ)
∂δ
)−ci )φ0 (p̂(ui ,δi ))
i ,δi )
(i) If q(pi , δi ) = δi + φ(pi ), η(ui , δi ) = − (p̂(uiδ,δii+φ(p̂(u
. Then, ∂η(u
is of the
∂δi
i ,δi ))
same sign as


∂ p̂(ui , δi ) n 0
−
φ (p̂(ui , δi )) + (p̂(ui , δi ) − ci )φ00 (p̂(ui , δi ) (φ(p̂(ui , δi )) + δi )
∂δi
o
0
2
− (p̂(ui , δi ) − ci )(φ (p̂(ui , δi )))
which is positive if φ0 (p) + pφ00 (p) ≤ 0.
)−ci )φ0 (p̂(ui ,δi ))
(ii) If q(pi , δi ) = δi φ(pi ), then η(ui , δi ) = − (p̂(ui ,δiφ(p̂(u
and a similar calculation
i ,δi ))
to case (1) applies.
∂η(ui ,δi )
i ,δi )−ci
For cases (iii) and (iv), write η(ui , δi ) = − P (q̂(u
is of the
∂P (q̂(ui ,δi ),δi ) . Then,
∂δi
q̂(ui ,δi )

same sign as
−

n ∂P (q̂(u , δ ), δ ) ∂P (q̂(u , δ ), δ )
i

i

i

i

i

i

∂qi

q̂(ui , δi )
∂qi


h ∂ q̂(ui , δi ) ∂P (q̂(ui , δi ), δi )
∂ 2 P (q̂(ui , δi ), δi )
− P (q̂(ui , δi ) − ci
+ q̂(ui , δi )
∂δi
∂qi
∂qi2
∂ 2 P (q̂(ui , δi ), δi ) io
+ q̂(ui , δi )
∂qi ∂δi
∂δi
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∂P (q̂(ui ,δi ),δi )
∂ 2 P (q̂(ui ,δi ),δi )
+
q̂(u
,
δ
)
is
i
i
∂qi
∂qi2
2 P (q̂(u ,δ ),δ )
∂
i i
i
xφ00 (x) ≤ 0, and
is equal to zero
∂qi ∂δi
∂η(ui ,δi )
(4), so that ∂δi > 0 in both cases.

The term

B.2

non-positive by the assumption that φ0 (x) +
in case (3), and to φ0 (q̂(ui , δi )) < 0 in case

Microfoundation for ad targeting with noisy signals

We can microfound the ad targeting technology described in Section 3.3.2 by supposing
the product space is a circle of circumference 2 with consumers and advertisers uniformly
distributed around its perimeter. If a consumer is shown an ad for a product located
at distance 0 ≤  ≤ 1 from their location, the consumer’s willingness to pay is w with
probability 1 − 2 , and 0 otherwise. For each consumer, platform i receives a noisy signal
about the consumer’s location and discloses it to advertisers. If, without loss of generality,
the consumer’s true location is indexed as zero then the signal is distributed on [−1, 1]
according to the truncated normal distribution with mean zero and standard deviation
1
.
δi

That is, the PDF of signal si is f (si , δi ) =

φ(si , δ1 )

, where φ(·, δ1i ) is the normal

i

Φ(1, δ1 )−Φ(−1, δ1 )
i
i
1
and
Φ
is
the
δi

PDF with mean zero and standard deviation
corresponding normal CDF.
An advertiser located at x is willing to pay up to w (1 − E[2 |si , x]). If the platform
decides to sell ni advertising slots, the resulting price of an individual slot is given by the
marginal advertiser’s willingness to pay.
ni /2 from
 That advertiser is
 located a distance
1−2f (1,δi )
∂ 2 P (ni ,δi )
ni 2
si , implying a price of P (ni , δi ) = w 1 −
− ( 2 ) . Notice that ∂ni ∂δi = 0.
δ2
i

B.3

Price discrimination analysis

Let Ij,l be the set of products for which j observes l’s willingness to pay (j’s identified
products). For z ∈ Ij,l , let vz,l and pj,z,l denote respectively the consumer’s willingness to
pay for product z and the price at which firm j sells it to her. The mean utility offered
by firm j is then
Z

Z

∞

(vz − pj,z,l )dz + (1 − δj,l )

uj,l =

q(x)dx
I
pN
j,l

z∈Ij,l

Because both firms can set personalized offers uj,l and ui,l to each consumer l, we can
consider each consumer as a separate market, and we now drop the l index for notational
convenience.
I
I
We decompose the utility uj in two: uj = UjI + (1 − δj )uN
j . The first term, Uj , is the
I
utility offered through identified products, while the second, (1 − δj )uN
j , is the utility
offered through non-identified products.
Let rI (U, δ) be the profit generated by the share δ of identified products if the associated
utility is U . If we denote the maximal social surplus generated by a product as u (i.e.
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u=

R∞
0

q(x)dx), we have
rI (U, δ) = δu − U − δc,

and

∂rI (U, δ)
= −1
∂U

(10)

Let rN I (u, δ) be the profit generated by non-identified products if the expected surplus
for each one is u. We have

rN I (u, δ) = (1 − δ)(pN I (u) − c)q pN I (u) ,

and

∂rN I (u, δ)
= (1 − δ)(η(u) − 1) (11)
∂u

R∞
NI
0 (pN I (u))
where pN I (u) satisfies u = pN I (u) q(x)dx and η(u) ≡ − (p (u)−c)q
is the “markq(pN I (u))
up elasticity” of demand.
As a preliminary step, we have the following result:
Lemma 2. Suppose that firm j wishes to offer utility uj .
• If uj ≤ (1 − δj )u, j optimally extracts all the value from identified products: UjI = 0.
I
• If uj > (1 − δj )u, all non-identified products are sold at marginal cost: uN
= u − c.
j

Proof of Lemma 2. Suppose first that uj ≤ (1 − δj )u, and that UjI > 0. Consider
the following reallocation of utility provision: firm i reduces the utility offered through
identified products by dUjI = −, and increases the utility provided by each non-identified
I
product by duN
= /(1 − δj ), so that the overall utility uj remains the same. The
j


NI
NI
∂rI (UjI ,δj )
1 ∂r (uj ,δj )
I
I
change in profit is 1−δ
−
 = η(uN
j ) > 0, so that Uj > 0 cannot
∂u
∂U
j
be optimal.
If uj > (1−δj )u, having U I = 0 is no longer possible: selling all non-identified products
at marginal cost would not be enough to provide utility uj . But a similar logic to that
above implies that the first step is indeed to lower the price of non-identified products to
marginal cost, before starting to lower the prices of identified products.
Intuitively, providing utility is cheaper by lowering the price of non-identified products,
because of the demand effect that is absent on identified products (their price is always
below the consumer’s willingness to pay). As the desired level of utility grows, the firm
has to start lowering the price of identified products.
Armed with Lemma 2, we can now prove Result 4:
Proof of Result 4. Part 1 : When u∗j < (1 − δj )u, we know by Lemma 2 that UjI = 0
u∗

∂ 2 r(u∗ ,δj )

u∗

j
so that r(u∗j , δj ) = rN I ( 1−δj j , δj ). By (11), ∂uj ∂δ
is of the same sign as η 0 ( 1−δj j ), which is
j
negative by the log-concavity of q. Part 2: When u∗j > (1−δj )u, we know by Lemma 2 that
I
uN
= u − c and UjI = u∗j − (1 − δj )(u − c) so that r(u∗j , δj ) = rI (u∗j , δj∗ ) = δj (u − c) − UjI =
j
u − c − u∗j , which is independent from δj .
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B.4

Multi-dimensional choice

Suppose that firms choose both price, pi , and quality, qi , at a fixed cost of K(qi ). The
utility experienced by a consumer is U (qi , pi , δi ), increasing in qi and decreasing in pi .
Inverting U , we get pi as a function: pi = P (ui , qi , δi ). Profit is then
πi (u, qi , δi ) = P (ui , qi , δi )Di (u) − K(qi ).
We assume that K is sufficiently convex to make π concave in qi . The firm will choose qi
to solve
∂P (ui , qi , δi )
Di (u) = K 0 (qi ),
(12)
∂qi
implying an optimal q ∗ (u, δi ).
The firm’s first-order condition is now


∂D(u)
∂πi (u, δi )
∂P (ui , qi , δi ) ∂P (ui , qi , δi ) ∂q ∗ (u, δi )
D(u) + P (ui , q ∗ , δi )
=
+
∂ui
∂ui
∂qi
∂ui
∂ui
∂K(qi ) ∂q ∗ (u, δi )
,
−
∂qi
∂ui
which, using (12), simplifies to
∂πi (u, δi )
∂P (ui , q ∗ , δi )
∂D(u)
=
D(u) + P (ui , q ∗ , δi )
.
∂ui
∂ui
∂ui
Data is pro-competitive if
∂ 2 πi (u, δi )
∂ 2 P (ui , q ∗ , δi )
dP (ui , q ∗ , δi ) ∂D(u)
=
D(u) +
> 0.
∂ui ∂δi
∂ui ∂δi
dδi
∂ui

(13)

This is analogous to (3).
By way of example, suppose that U (qi , pi , δi ) = δi qi −pi , implying P (ui , qi , δi ) = δi qi −ui .
Then (13) becomes


D(u)
∂D(u)
∗
q (u, δi ) + δi 00 ∗
> 0,
K (q (u, δi ))
∂ui
|
{z
}
dP (ui ,q ∗ ,δi )
dδi

which is satisfied so data is pro-competitive.

B.5

Model with network effects

Suppose that the mean utility that a consumer obtains from firm i depends on how many
consumers also buy from i. Let us assume that the value of these network effects is
α(qi , δi ), where qi is the number of consumers who buy from i. The stand-alone value of

33

product i is Vi , and its price is pi , so that
ui = Vi − pi + α(qi , δi )
We know that qi = Di (ui , uj ), and can use this fact to write
ri = pi = Vi − ui + α(Di (ui , uj ), δi )
2

α
In this model, data is pro-competitive if ∂q∂i ∂δ
> 0. For instance, we might expect this
i
to be the case if the network arise because consumers value a larger pool of potential
matches and if data allows the firm to match consumers more effectively.

B.6

Multi-homing

Suppose that the two firms are advertising supported websites, and that consumers can
multi-home. Following Ambrus et al. (2016), let us assume that participation decisions
are independent, i.e. that consumer l visits website i if v − kni + il ≥ 0, where ni is the
number of ads and k the nuisance cost.
We assume the same targeting technology as in Section B.2: each website receives a
noisy signal about the consumer, and discloses it to advertisers. The price of an advertising
slot on website i is then given by the willingness to pay of the marginal advertiser, which
is located at a distance ni /2 from the realization of the signal.
Suppose that advertisers value the first impression more than the second one. This
leads firm i’s revenue to depend not only on ui and δi , but also on uj and δj . Indeed,
as uj decreases (i.e. nj increases), more of the relevant advertisers on website i will also
buy a slot on website j, and their willingness to pay is thus lower. Similarly, a higher δj
reduces firm i’s revenue: an advertiser who receives a good signal on firm i anticipates
that, if this signal is accurate, it will also receive a good signal on website j, and will thus
have another opportunity to reach the consumer.
While the effect of an increase in δi on firm i’s best-response is still negative, the
change in δi affects firm j’s best-response in an ambiguous way. Indeed, while a higher
δi depresses rj and makes attracting another consumer less valuable, it also reduces the
∂2r
opportunity cost of increasing uj (the cross-derivative ∂uj ∂δj i is positive, as removing one
ad is less costly). Therefore we cannot predict in general the sign of the effect of δi on the
utility levels.
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