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Abstract
Thanks to new digital technologies, web users are continuously targeted by offers
that potentially fit their interests even if they are not actively looking for a product.
Does this matching always promote transactions with high social value? We consider
a model in which web users with state-contingent preferences are targeted by relevant
banners. We characterize the optimal strategy of a seller who, in addition to the price
of the offered good, designs a banner. We show that, in equilibrium, there is a positive
relationship between the price of the offered good and the accuracy of the banner sent
to users. Then, we consider the strategic decision of a Platform that attracts sellers
because of its targeting abilities and we underline that a reduction in seller’s costs may
translate into less informative banners and lower prices,fueling purchases of goods that
rational individuals may regret due to the persuasive nature of banners.
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Introduction

Ann is surfing the web, she just started to play the guitar and suddenly, from her Facebook
feeds, new advertisements appear:1 they are related to music, music equipment and mostly
guitar lessons. Ann is a self-learner and she is captured by an advertisement of a software
which promises her quick improvements. Importantly, Ann was not actively looking for such
a product. On the contrary, because of her collected private information, the advertising
platform exposed Ann to a banner promoting a product that might fit her needs. Nevertheless, the information she acquired through the banner does not answer the question Ann
is struggling with: “do I need this product?”.
The software costs $20 and Ann knows that, if she needs the product, she would enjoy
a payoff of 30. She also knows that, if she does not need the product, she would receive a
payoff of zero and suffer a utility loss due to the fact that she would still pay for a product
that does not match her needs. Ann believes that she does not need the product with
probability 0.7. Thus, she would never buy the product at this price since her expected
payoff (0.3 × (30 − 20) − 0.7 × 20 = -11) would be lower than zero.
What could a seller possibly do in order to convince Ann to buy the software? More
precisely, once a seller is matched with a user who is potentially interested in the sponsored
product, what are the seller’s options? One obvious option would be the one of lowering
the price of the sponsored product. For example, the seller may set a price of $9, making
Ann just indifferent between buying it or not. A different option would be to change her
perception of needs, keeping the price of $20. The seller could design an experiment which
conveys some information about Ann’s payoff-relevant state, that is, her needs. To this
purpose, the seller can commit to a signal structure over purchase recommendations.2 In
other terms, the seller designs a reliable experiment from which Ann may learn something
new about the match between the product and her needs. For instance, the seller might offer
Ann a free trial of the product, which may or may not convince her to buy it. The possible
1

Realistically speaking, Ann’s browser history is partly collected in the form of cookies, text files stored

in Ann’s computer that can be accessed by other web servers that aim to use Ann’s collected information
in order to show her content which is more likely to be close to her actual needs.
2
Hence, the seller is a Sender with commitment power as in Rayo and Segal (2010); Kamenica and
Gentzkow (2011). We discuss the related literature in the following section.
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recommendations to “buy” and “not buy” are sent with probability 0.95 and 0.8 conditional
on Ann’s true needs, respectively.3 Given this opportunity, Ann is willing to proceed with
the free trial. When Ann likes the experiment, i.e., she observes the recommendation “to
buy”, her expected payoff is larger than zero due to the change in her beliefs that results
from the outcome of the experiment.4
This simple example shows that, whenever an individual is uncertain about the benefits
she would derive from consuming a good, a seller might be willing to reveal some information
in order to increase the probability of selling the good. However, the example also shows
that the experiment leaves Ann with positive surplus since her expected utility is larger
than zero. This means that the seller, if allowed, could design an optimal price experiment
pair in order to maximize his profits. In other words, the price of the offered good depends
not only on how much the consumer values the product, but also on how much information
the seller is able to convey in order to reduce user’s uncertainty.
Nevertheless, the most important concern that the seller has is finding Ann. To this end,
the seller might be willing to employ the aid of a middleman who would be able to target
Ann and all users that are similar to Ann on an Internet platform. In the reality of digital
markets, advertisers outsource the job of reaching users interested in their products to
Internet giants in exchange for a fee. For instance, Facebook advertising platform explains
to its users that:
“Our ad products let businesses and organizations connect with the people who
are most likely to be interested in their products and services. We believe the
ads you see across the Facebook family of apps and services should be useful
and relevant to you.”5
Throughout this work, we focus on those situations in which the users of a website are
exposed to offers they are not actively looking for. Going back to our example, the seller
does not know Ann and the match with Ann and other similar users, who potentially share
the same interest in the product, is the result of the job of a middleman; the latter offers
3

Formally: Pr(not buy|no need) = 0.8 and Pr(buy|need) = 0.95.
One can verify that whenever Ann does not like the trial, she would prefer not to buy the product.
5
See https://www.facebook.com/ads/about/?entry_product=ad_preferences
4
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sellers the possibility to expose potentially-interested users to their offers in exchange of a
per-click fee.
This paper has a two-fold aim. The first is to characterize the optimal strategy of a
seller that consists of an information-design strategy and a price. More precisely, the seller
decides the information structure of an experiment and the price of the offered good which
can be interpreted as the price of the user’s risky action “buy the product”. We show
that the reduction of user’s uncertainty granted by the observation of the outcome of the
experiment has to be compensated by an increase of the price of the offered good. That is
to say, we derive an inverse relationship between the accuracy of the experiment and the
price of the offered good. When the experiment is fully informative the seller asks for the
maximum price he could ask for, on the contrary, when the experiment is not informative
(i.e., when it does not change user’s perception), then the seller asks for the minimum
price. In particular, we show that there exists a multiplicity of optimal experiment-price
strategies that maximize seller’s profit and always leave the user with null expected payoff.
Nevertheless, we also show that, when the production of the good as well as the design of the
experiment are costly, then the set of equilibria shrinks to a unique optimal experiment-price
pair characterized by a price that sustains a persuasive experiment. Thus, the equilibrium
experiment may suggest the user to buy a product she does not need.
Having characterized the relationship between a generic seller and a generic user, we
then switch our attention to the strategic decisions of an Internet platform maximizing
profits by selling banner spaces in exchange for a per-click fee. Sellers are lured into joining
the platform because of its targeting abilities which create potential transactions with the
users they are matched with. Accordingly, our aim is to understand the role of the platform
as a matchmaker and its effects on welfare. The first observation we make is that welfare is
maximized whenever the platform has perfect targeting abilities, as each seller is matched
with his preferred user. This allows sellers to tailor their price-experiment pair on the
basis of users’ characteristics. Users are left with null expected payoff and all surplus is
extracted. In turn, sellers’ profits are captured by the per-click fee which transfers the
rent to the platform. Since in equilibrium sellers send persuasive experiments, there may
emerge transactions generating negative social surplus. Finally, we show that a decrease
of sellers’ marginal cost of production might reduce the value created by banners. This is
4

because more efficient sellers design less informative experiments lowering the price of the
good increasing sales, also in cases in which users would have preferred not to buy. Because
a reduction of sellers’ marginal cost of production increases its profits, the platform prefers
to hire more efficient sellers whereas, in the interim, users’ decisions become cheaper and
less accurate. Therefore, the efficiency gain might be balanced by a decrease of accuracy,
thus reducing welfare.
The remainder of this paper is divided as follows. In Section 2 we present the review of
the related literature. Section 3 introduces the model and presents the optimal behavior of
a single seller (3.1) as well as the optimal choices of the platform (3.2). Section 4 is devoted
to the understanding of the impact of targeting on welfare and of the role of the platform
in information provision. Finally, Section 5 concludes.

2

Related Literature

The emergence of online markets and the so called big data have an important impact on
companies’ strategies. Indeed, the access to user-specific information by online middlemen
makes them very attractive for firms, which have the opportunity to enact tailored pricing
and advertising strategies and use these platforms to reach an enormous number of potential
customers.
Targeting is the natural way to respond to the huge mass of information accessible online.
In particular, different degrees of knowledge may lead to segment the market through price
discrimination (Thisse and Vives 1988), loyalty schemes (Shaffer and Zhang 2000), switching
offers (Chen 1997; Fudenberg and Tirole 2000; Villas-Boas 1999) and online pricing (Taylor
2004). Tailoring is thus prominent in online markets, where targeted advertising of products
may be efficient as it creates new opportunities for trade, by getting on board consumers
that would have been excluded otherwise (Bergemann and Bonatti 2011).
Digital middlemen have a key role, because of their ability to provide a two-sided matching service between users and advertisers. At this regard, De Corniere and De Nijs (2016)
have demonstrated how online intermediaries may have a negative impact on welfare, as their
disclosure of consumer-specific information to advertising firms may lead to excessive prices.
5

Differently from their paper, in our model targeting is always efficient, but it generates social waste, overspending in persuasion. Moreover, many scholars have recently focused on
the sale by search engines of sponsored links to advertisers to reach online searchers. Hagiu
and Jullien (2011) show how platforms may have incentives to divert search, inducing more
search than needed. Athey and Ellison (2011) analyze and discuss the effects of different
position auctions on welfare and consumers surplus and finally, Gomes (2014) highlights a
trade-off between rent extraction and clicking volumes, as advertiser with the highest willingness to pay does not necessarily offer the most relevant advertisement and long-run clicks
depend on the relevance of sponsored links. Differently from this literature, in our model
the platform is a website in which users surf to enjoy contents (e.g. newspapers, blogs) or
to interact with friends (social media) and are exposed to banners although they are not
actively looking for products. Hence, for their attention to be captured by banners, the
latter must display a relevant product. When users can be perfectly targeted with tailored
banners, the clicking volumes are always maximized and then the platform only focuses on
rent extraction. Differently, when users are not perfectly targeted, the trade-off is between
clicking volumes and the per-click fee paid by the seller to which the banner space is sold.
We borrow from the literature of targeting the matching role of online intermediaries
and their discriminating power, but we look at online targeting from another perspective.
In a context in which users have state-dependent needs, advertisement is interpreted as
a statistical experiment that is useful for users to discover their needs. Therefore, our
model interpretation of advertisement does not immediately match with the classification
traditionally adopted by the literature, i.e., persuasive (Robinson 1969; Kaldor 1950) and
informative (Stigler 1961; Nelson 1974) advertisement.6 The experiment has the only role of
providing individuals with information (more or less accurate) about their state of necessity.
In this sense, it does not entail any ex-ante change in consumer preferences but only an
ex-post demand shift due to the change in perception about the state of necessity induced
by the observation of the outcome of the experiment.
Our modeling choice is in the spirit of the recent stream of literature about information
control, initiated by Rayo and Segal (2010) and Kamenica and Gentzkow (2011). In these
6

See Bagwell (2007) for a review on different classes of advertisement.
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models, a sender with commitment ability is able to design an experiment which reveals some
information about decision maker’s payoff relevant state. The sender designs the experiment
in order to maximize the probability with which the decision maker takes her preferred
action. Kamenica and Gentzkow (2011) study an application of their model in which an
advertiser designs an experiment in order to inform consumers about the characteristics of
the sponsored product whereas Rayo and Segal (2010) consider a case in which a platform
displays different experiments to maximize its profits exploiting their position across a
webpage. Relaxing the assumption on the commitment power of the sender, Hoffmann
et al. (2014) study a model in which the latter may decide to acquire information about
the personal characteristics of individuals and tailor messages that persuade them to take
a particular action through selective information disclosure about horizontal aspects of a
product. They find that the extent to which hyper-targeting7 may harm consumers depends
on the ability of firms to price-discriminate, on the competition between senders and on
consumers’ wariness.

3

The Model

An Internet platform runs a website and offers banner spaces to sellers in exchange for a
per-click fee. Users who visit the website are exposed to banners, which can be tailored
whenever possible. Whenever a user clicks on a banner, she receives an experiment whose
outcome can be interpreted as a purchase recommendation. The information structure
of the experiment is designed by the seller. Thus, a seller is characterized by a banner
containing the price of the good and its information. When the outcome of the experiment
is positive, the user buys the product. In line with the advertising policy of Facebook and
Google, the banners cannot contain contents that are manipulative or deceptive per se. In
our setup, this is guaranteed by the commitment power we give to the advertisers, who
cannot manipulate the outcome of the experiment.8 The timing of the model is as follows:
7

Hoffmann et al. (2014) define hyper-targeting as “the collection and use of personally identifiable data

by firms to tailor selective disclosure”.
8
A possible source of commitment is reputation which sellers may build online thanks to the interactions
with users who frequently comment on sponsored posts. For instance, Best and Quigley (2017) show that
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Platform
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Consumers

Sets per-click fees

design experiments
and set prices

decide whether to click
on the banner and possibly buy

All

All payoffs
are realized

Figure 1: Timeline
First, the platform sets a per-click fee that sellers have to pay in order to advertise their
products through banners. Then, sellers enter the platform by paying the fee, and each
of them reaches targeted users. Banners contain the price of the sponsored product and
an experiment that may improve user’s knowledge of her needs. Given their prior beliefs,
consumers each consumer decides whether to click on a banner and - conditional on the
information received - whether to purchase the advertised product. Finally payoffs of all
agents are realized.
For the sake of exposition, we proceed as follows. In the next section, we study a generic
seller-user interaction. Subsequently, we study the optimal decisions of a platform that attracts sellers because of its targeting abilities. We say that the platform has perfect targeting
abilities whenever it is informed about each user’s willingness to pay. When the platform
has imperfect targeting abilities, the platform is just informed about the distribution of the
willingness to pay of its users.

3.1

Offers through Banners

In this section, we formalize the example proposed in the introduction. We consider one
seller targeting a generic user with willingness to pay x ∈ [x, x̄]. In terms of our example, the
seller is targeting Ann and all the users who share the same characteristics x. The seller’s
product is advertised through a banner and sold at price p ≥ 0. While the user is informed
by the banner about all the product’s characteristics, she is uncertain about whether the
product will indeed be needed or not, i.e. she is characterized by an unobservable state ω ∈
{0, 1}, describing her necessities. As in Johnson and Myatt (2006), the user is characterized
“the desire to persuade in the future can generate credibility, and hence persuasion, today”.
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by state-dependent preferences u(ω, x, p). In our setup ω = 1 denotes the state of the
world in which the good is needed, while ω = 0 denotes the state of the world in which
the good is not needed. The user has a prior belief about being in the state 0, denoted as
µ ≡ Pr(ω = 0). Thus, given her prior, the user’s expected utility from buying the product
is:
UB (x, p) = −p + (1 − µ)x + µ · 0.

(1)

In the “bad” state ω = 0, the user will find the product not useful to her purposes whereas,
in the good state ω = 1, she gets the maximum payoff which is equal to her willingness to
pay minus the price. The outside option of not buying is assumed without loss of generality
to give zero payoff, UN B (x, p) = 0.
The seller reaches the user through his banner which contains the price of the offered
good and an experiment whose outcomes are statistically correlated with user’s state of
necessity. In particular, since the experiment reveals something about the user’s payoffrelevant state, the user might find it worth clicking on the banner. Formally, an experiment
is characterized by a pair of conditional probability distributions π0 and π1 :
π0 ≡ Pr(s = 0|ω = 0),
π1 ≡ Pr(s = 1|ω = 1)
where s ∈ {0, 1} denotes a shopping advice (for simplicity the message). Conditional on
the observation of message s, the user forms the posterior belief Pr(ω = 0|s) ≡ µs using
Bayes rule:
µπ0
,
µπ0 + (1 − µ)(1 − π1 )
µ(1 − π0 )
µ1 =
.
µ(1 − π0 ) + (1 − µ)π1
In order for s to express a shopping advice of the kind “buy” or “not buy”, the experiµ0 =

ment π ≡ (π0 , π1 ) must be incentive compatible so that the observation of s represents a
recommended action. In particular, if the message s = 1 suggests to buy the product, then
it must be the case that, conditional on message s = 1, user x weakly prefers to buy the
product, i.e. UB (x, p, π|s = 1) ≥ UN B (x, p, π|s = 1) = 0, that is:
(1 − µ)π1
x ≥ p.
(1 − µ)π1 + µ(1 − π0 )
9

(IC1)

Furthermore, for the experiment to be incentive compatible, conditional on s = 0,
user x needs to strictly prefer avoiding the purchase, that is UN B (x, p, π|s = 0) = 0 >
UB (x, p, π|s = 0) thus
p>

(1 − µ)(1 − π1 )
x.
(1 − µ)(1 − π1 ) + µπ0

(IC0)

When the IC conditions hold, the user behavior is determined by the observation of the
result of the experiment, i.e., she is “obedient” to the latter. Notice that a user would click
on a banner only if it is incentive compatible. Otherwise she would receive recommendations
she does not agree with, and therefore she would not follow them.
Given that the seller designs the information content of the experiment but he does not
manipulate directly the observed message s, the seller is a Sender with commitment power
as in Kamenica and Gentzkow (2011). In other words, through the choice of the experiment
π ∈ [0, 1]2 , the seller designs what the user learns from participating in the experiment. In
our leading example, the free trial contains some information relevant to Ann, so that she is
better informed about whether she needs the software after having tried its demo version.
The experiment can have two possible outcomes: when s = 1, it succeeds in persuading
the user that, in expected terms, she is weakly better off buying the product, whereas
when s = 0, the experiment fails to persuade her to buy it. In addition to Kamenica and
Gentzkow (2011), we allow the Sender to choose the price of the sponsored product which,
in our setup represents the cost of the risky action buy.
In order to study the relationship between user’s and seller’s decisions we proceed by
steps. First, we study the relationship between the information structure of the experiment
and the price of the offered good. We start by abstracting from the possible costs the seller
may incur in, e.g., production or shipping costs, and information-design costs. We then
relax the analysis by studying how these frictions affect seller’s optimal strategy.
Seller’s strategic variables are summarized by the banner though which he reaches the
targeted user. Thus, the seller targeting user x is described by the banner βx = (p, π) where
x is referred to the targeted user as explained above. The game develops as follows:
i) Nature draws the user’s x state of necessity ω which is unknown to both players;
ii) The seller targeting user x designs his banner βx ;
10

iii) The user observes βx and decides whether to click or not on the banner;
iv) If the user does not click on the banner, she gets her reservation payoff, 0. If she
clicks, she receives a shopping advice s and then reacts accordingly.
We solve the user-seller interaction problem by means of the Bayes Correlated Equilibrium (BCE) (Bergemann and Morris 2016) with the Sender-Preferred refinement. Thus,
the equilibria are those BCE in which the Sender payoff is maximized, as in Kamenica and
Gentzkow (2011). In equilibrium, the banner βx = (p, π0 , π1 ) is such that the incentivecompatibility constraints hold. In this case the seller’s profit is given by
Π = Pr(s = 1)p.

(2)

Notice that the probability with which the outcome of the experiment results in a recommendation to buy the product is
Pr(s = 1) = µ(1 − π0 ) + (1 − µ)π1 ,

(3)

which depends on the strategic choice π made by the seller. Therefore, equilibrium is an
optimal banner
βx∗ = arg max Pr(s = 1)p s.t. IC0 and IC1.
βx

(4)

Proposition 1. The Optimal Banner.
Consider the seller targeting user x. The optimal banner βx∗ = (p∗ , π0∗ , π1∗ ) is characterized
by π1∗ = 1 whereas π0∗ and p∗ satisfy
1−µ
x = p∗ .
∗
1 − µπ0

(5)

Therefore, there is a continuum of equilibria in which π0∗ (p∗ ) is strictly increasing in the
price of the offered good and the equilibrium payoff is (1 − µ)x for any βx∗ .
Proof. User’s expected payoff increases in the probability with which the experiment sends
the correct recommendation. In addition, in state ω = 1 the seller’s and the user’s interests
are perfectly aligned. Thus, because of the linearity of the problem, π1∗ = 1. Then, at π1∗ we

11

have posterior belief µ0 = 1 since message s = 0 can only be observed in state ω = 0. This
means that IC0 is always trivially satisfied. Substituting π1∗ = 1 into IC1 we are left with:
1−µ
x ≥ p.
1 − µπ0
The seller’s and the user’s interests are now perfectly opposed which means that, in equilibrium, IC1 is binding. Finally, for any π0 ∈ [0, 1], there exists a p∗ ∈ R+ such that IC1 is
satisfied with equality, that is

1−µ
x = p∗ .
1 − µπ0∗

From the relationship, it is immediate to note that p∗ strictly increases in π0∗ . Substituting the optimal βx∗ = (p∗ , π0∗ , 1) into the profit equation of the seller each equilibrium
combination yields (1 − µ)x.
Proposition 1 describes the choice of the optimal banner as an information-design problem in which, in addition to the information content of the experiment, the seller also
chooses the price of the product sold. At one extreme, we find the fully informative banner βx∗ = (x, 1, 1) which always suggests the user not to buy when she doesn’t need the
product, and to buy in the good state of the world. As this equilibrium eliminates user’s
uncertainty about her state of necessity, the latter is willing to pay the maximal price. At
the opposite extreme, the non-informative banner βx∗ = ((1 − µ)x, 0, 1) suggests the buyer
to buy in all states of the world, thus effectively providing no information to the user. In
turns, the latter will be willing to buy at a price equal to her expected payoff given her
priors about the state of the world.9 Intuitively, the seller is facing an endogenous trade-off
between low demand (selling with low probability) and high prices on one side, and high
demand (selling with high probability) and lower prices on the other side. This reflects
the fact that the experiment must be incentive compatible and, therefore, the price must
accommodate the purchase recommendations. In particular, since π1 = 1, the probability
of sale resulting from a credible information structure is Pr(s = 1) = 1 − µπ0 , where π0
9

Observe that this would be the unique outcome of a Sender-Receiver game in which sender has no

commitment power. Given that interests are opposed, there is no information the seller could share without commitment and her only possibility would be to decrease the price. Nevertheless, the commitment
assumption underlines the fact that, thanks to the platform, the seller may build some reputation which
allows her to increase the price of the good in exchange for a more accurate experiment.
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has to satisfy the IC1. Thus, in order to increase the probability of sale, the seller has
to decrease π0 , and a percentage change of π0 will give a percentage change in the probability of sale equal to

∂ Pr(s=1)
∂π0

×

π0
Pr(s=1)

=

−µπ0
.
1−µπ0

Meanwhile, for the same percentage

change to be incentive compatible, the price has to vary and a percentage change in π0
gives

∂p
∂π0

×

π0
p

=

µ(1−µ)x
(1−µπ0 )2

×

(1−µπ0 )π0
(1−µ)x

=

µπ0
.
1−µπ0

Hence, the reduction in margins required to

provide less information (and sell also in the bad state) is always perfectly offset by the
increase in demand. As an example, consider a situation in which x = 10 and µ = 1/2. If
the seller sells only in the good state producing a fully informative experiment, π0 = 1, the
optimal price turns out to be p = 10 and the expected profit Π = 5. If the seller instead
switches to the opposite extreme, proposing a non-informative experiment with π0 = 0, the
price cannot exceed p = 5. In relation to the fully informative solution, the seller doubles
the probability of sale, but charges half the price: the expected profit would be precisely
the same as in full information.
The positive relationship between the price and π0 can be understood in terms of accuracy of the experiment. The accuracy of the experiment is defined as
x

Y

µ

x0 > x

p

0

Figure 2: Accuracy of the experiment as a function of the price. The constraint is given by
π0∗ (p) ∈ [0, 1] and µ = 0.8. Two users x0 > x receive different equilibrium banners.
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Y := µπ0 + (1 − µ)π1 , Y ∈ [0, 1]

(Accuracy)

that is the probability with which the purchase recommendation matches user’s needs.
Given that in equilibrium π1∗ = 1, from the relationship π0∗ (p∗ ) ∈ [0, 1] we obtain
Y ∗ = 1 − (1 − µ)

x
−1−µ
p∗

thus, when targeting user x, more accurate banners result in higher prices. It is worth
to stress that, keeping the price constant, the accuracy of the experiment decreases in x.
Indeed, if the user willingness to pay increases but the price remains constant, the seller
can increase the probability of sales just by designing a less accurate, though incentive
compatible, experiment.
Proposition 1 describes the abstract relationship linking the price of the offered good and
the information content of the experiment neglecting the market frictions and transaction
costs that affect seller’s behavior. Indeed, the multiplicity of optimal banners targeting
consumer x described in Proposition 1 vanishes when the seller faces a positive marginal
cost of production c > 0, which can be thought as a shipping cost from the warehouse to
the user. In particular, the seller has to pay a cost c whenever the good is purchased. Then,
the seller’s problem becomes
max Pr(s = 1)(p − c) s.t. IC0 and IC1.
βx

(6)

The cost the seller has to pay does not affect the user’s incentive compatibility constraints
which guarantee that, in equilibrium π1∗ = 1 and
1−µ
x = p∗ .
1 − µπ0∗

(7)

The next proposition shows how the set of equilibria identified in Proposition 1 shrinks in
favor of fully informative experiments whenever the seller incurs a positive marginal cost
c > 0.
Proposition 2. Marginal cost of production.
Consider the seller targeting user x. When the seller faces a marginal cost of production
c > 0, the optimal banner βx∗ = (p∗ , π0∗ , π1∗ ) is characterized by π1∗ = π0∗ = 1 and p = x.
14

Proof. The relationship between p and π0 needed to fulfil incentive compatibility, i.e.,
1−µ
x
1−µπ0

= p(π0 ) reduces seller’s problem to the following:



1−µ
max Pr(s = 1)[p(π0 ) − c] = max (1 − µπ0 )
x−c
π0
π0
1 − µπ0

which is maximized at π0∗ = 1.
The intuition behind this result is easily grasped by following up on our previous example. Consider again a switch from a price 10 (which is incentive compatible only if π0 = 1)
to a price of 5, but now assuming a marginal cost c = 2. The reduction in margins going
from 10 − 2 = 8 to 5 − 2 = 3 is such that the new margin is 3/8 < 1/2, whereas the
probability of sale is again doubled. This means that providing full information - and the
maximal price - is always the best solution for the seller. Therefore, a seller who wants to
target user x will do so by designing a fully informative experiment, thus selling only in the
good state at the maximal price.
Proposition 2 stresses the fact that positive costs of production provide an incentive for
the seller to design a fully informative banner in order to maximize his profits. Nevertheless,
experiments are rarely fully informative as gathering information is usually costly. Designing
an experiment would require the seller to sustain relevant costs to study the drivers that can
inform a user about her needs. In turn, those costs affect the seller’s optimal behavior in a
straightforward way as they create an additional trade-off the seller has to consider when
designing his optimal banner – the seller has less incentives to provide information given that
it is costly to do so. The cost of designing an experiment can be related to the reduction of
uncertainty the user experiences after having run the experiment (see for instance Kamenica
and Gentzkow 2014 and Martin 2017). Thus, the natural formulation of a cost function
for such a problem is based on Shannon’s entropy function (Shannon, 1948). However, in
order to not overly complicate the model, we make the following simplifying assumption
about the cost of designing an experiment: for all sellers, the cost of the experiment C(π)
is given by kC(π0 ) where C(·) is a strictly convex function with C(0) = 0, C 000 (·) = 0 and
k ≥ 0 is a scale parameter which measures the ability of a seller to provide a more accurate
experiment.10 Under this formulation, all sellers are freely able to set π1∗ = 1 whereas the
accuracy of the experiment in state ω = 0 is endogenously determined. This assumption
10

The fact that C 000 (·) = 0 is a mathematical convenience that does not affect the results of the model as
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1

Pr(ω = 1|s = 1)
1−µ

C(π)

0

1

π0

Figure 3: Posterior belief Pr(1|1) as a function of π0 and cost function. The cost of designing the experiment strictly increases in π0 . When π0 = 1, the experiment becomes fully
informative and the reduction of uncertainty is maximized, i.e., the user is informed about
her necessities.
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implies that the cost of designing an experiment increases in the posterior belief 1 − µ1 the
user reaches after observing message s = 1. In other words, given that π1∗ = 1, starting
from π0 = 0 one would have no reduction of uncertainty whereas ending up with π0∗ = 1
one would reach the fully informative experiment and therefore the maximum reduction of
uncertainty (see Figure 3). Thus, in this final case, the seller’s problem is
(p − c) Pr(s = 1) − kC(π0 ) s.t. IC0 and IC1.

(8)

Proposition 3. Costly experiment.
Consider the seller targeting user x. When the seller faces marginal cost c > 0 and the cost
of designing the experiment is C(π) = kC(π0 ) as described above, then the optimal banner
satisfies βx∗ = (p∗ , π0∗ , π1∗ ), where:
p∗ =

 µc 
1−µ
x, π1∗ = 1, and π0∗ = C 0−1
1 − µπ0
k

Proof. From relationship (7), the seller’s problem reduces to
max = (1 − µ)(x − c) − µ(1 − π0 )c − kC(π0 ).
π0

From the convexity of C(π0 ), it follows that the FOC
µc = kC 0 (π0∗ )
are necessary and sufficient and π0∗ is implicitly defined by the cost function.
When the choice of the experiment is not costly, the seller would opt for a fully informative banner whenever he faces a positive marginal cost. However, given that also designing
an experiment is costly, the seller reduces its informativeness. In addition, since the user
understands that she is going to buy the product with some probability in the bad state of
the world, the seller has to insure her by setting a lower price. This trade-off is captured
by the first order conditions, indeed:
=

µc
|{z}

MB of no sale in ω=0

long is C is strictly convex.
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kC 0 (π0∗ ) .
| {z }

MC of info

(9)

One can think about the seller being possibly efficient along two different dimensions:
production and information design. Intuitively, a seller with a smaller marginal cost is more
efficient in producing or shipping the good, whereas a seller with a lower k is able to provide
the same level of accuracy at a smaller cost. Condition 9 identifies this relationship and the
following lemma formalizes the directions of the trade-off in terms of accuracy.
Lemma 1. Costs and Accuracy.
i) A decrease of the cost of designing the experiment results in a higher equilibrium
accuracy;
ii) A decrease of marginal costs results in a lower equilibrium accuracy;
iii) As c → 0, the equilibrium experiment provides no additional accuracy, i.e., π0∗ → 0.
Proof. Since π0∗ = C 0−1

µc
k



, the equilibrium accuracy of the experiment can be written as
 
0−1 µc
+ (1 − µ)π1∗ .
Y = µC
k

As C(·) is strictly convex, it directly follows that C 0−1 (·) increases in k and decreases in
c. Then, since C 0 (·) is monotonic, C 0−1 (·) reaches its minimum, π0∗ = 0, at c = 0. Finally,
when no experiment is available, the accuracy of user’s decision is 1 − µ, i.e., the probability
of buying in the good state. Therefore, the change in accuracy due to the observation of
the experiment is
Y − (1 − µ) = µπ0∗
which goes to 0 when π0∗ is equal to 0.
Since the accuracy of the experiment and the price of the offered good are bounded
by the equilibrium relationship found in Proposition 1, the trade-off between the efficiency
dimensions are reflected by the price of the offered good as shown in Figure 3. A change
in

µc
k

induces a change in the price according to the cost of designing the experiment the

seller is facing. Whereas the magnitude of the price change depends on the shape of cost
function C(·), lower marginal costs always translate into less accurate experiments, i.e., a
lower equilibrium value of π0∗ .
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C 0 (·)

x

p∗ (π0∗ )
µc
k

p∗

(1 − µ)x

π0∗

1

π0

Figure 4: The equilibrium price p∗ (π0∗ ) is determined by the optimal choice of how much
information to convey in state 0, i.e., π0 . The picture shows that the optimal level of π0∗
solves the trade-off between the cost of producing the good, c, and the marginal cost of
increasing π0 , C 0 (·). Then, the optimal price is determined by the equilibrium relationship
p∗ =

1−µ
x.
1−µπ0∗

Finally, a decrease of c, reduces the marginal cost of selling in the bad state,

π0∗ decreases and to have the offer being incentive compatible, the price has to decrease
accordingly.
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In this section we derived the optimal banner a seller would design in order to reach a
potential consumer. The banner contains the price of the good being sold and an experiment.
If the experiment-price pair is incentive compatible, then the user clicks on the banner
and she receives a purchase recommendation behaving accordingly. We showed that the
efficiency dimensions of the seller affect the optimal equilibrium experiment-price pair. In
general, the accuracy of the seller’s experiment depends on his efficiency trade-off whereas
the price of the offered good must satisfy the incentive-compatibility constraints. Therefore,
the less accurate the experiment, the smaller the price. The analysis has nevertheless been
carried out without considering the role of the platform matching sellers and users. In the
following section, we introduce the platform who matches sellers, characterized by their
optimal banners, and users, characterized by their willingness to pay.

3.2

The platform: a perfect matchmaker

In the previous section, we characterized the optimal banner targeting user x. At this point,
we are able to discuss the role of the platform as a matchmaker. The role of the platform is
to target with a banner each user and it is precisely for this reason that sellers are willing to
pay a fee for its services. We assume that the platform sets a per-click fee f , which means
that whenever a user clicks on banner βx , the correspondent seller has to pay the amount
f . Since a banner βx∗ is incentive compatible for user x, then it would generate a click also
for all users with x0 > x. Moreover, the seller providing banner βx∗ is the one willing to pay
the most to reach user x in the web.11 The profit made by the seller providing banner βx∗
will be:
Π(βx∗ ) = (1 − µ)x − (1 − µπ0∗ )c − C(π0∗ ).
In order to focus our attention on the most interesting cases, we assume the following:
Assumption 1. The marginal cost of production is sufficiently low: c >
11

kC 0 (1)
.
µ

Notice that all banners βx0 with x0 < x would not generate any profit when shown to user x, who does

not click on it. Differently, all banners βx0 with x > x0 will generate a lower profit than βx∗ , which is the
optimal banner that can be shown to user x, as it entirely extracts her surplus.
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Assumption 2. x is sufficiently high: Π(βx∗ ) > 0.
Under assumptions 1 and 2, it is worth targeting all agents and none of them is perfectly
informed by the experiments proposed in the banners. Relaxing the first assumption would
lead to corner solutions in which the experiments are perfectly informative and, as we will
show, it will entail that the welfare gains of targeting are maximal. Relaxing the second one
would only make some people never tailored by banners, as providing them with information
would not generate any profit.
In the following, we are going to consider two different regimes: perfect and imperfect
targeting. In the first, the platform knows each user’s x and can thus perfectly tailor
banners. In the second, the platform only knows the distribution.
Imperfect targeting. The platform chooses which banner to show to each user among
the optimal banners as described in Proposition 3. The platform’s problem can be reduced
to the choice of which user x to target, since banners are optimally designed. If the platform
decides to show banner βx∗ to all users, the maximal fee is f = Π(βx∗ ), as the fee cannot be
higher than the seller’s profit.12 Hence, the platform’s problem reduces to
max [1 − G(x)] Π(βx∗ ) .
x |
{z } | {z }

(10)

click volume per-click fee

Intuitively, the seller faces the following trade-off. On the one hand, by targeting a user
with a lower x, the platform increases the number of clicks and reduces the fee. On the other
hand, by targeting a user with a larger x, it is able to increase the fee at the expense of a
reduction of click volume. The following lemma reports the optimal choice of the platform.
Lemma 2. When targeting is imperfect, the platform shows a unique banner βx∗ , where:
x∗ = arg max[1 − G(x)]Π(βx∗ )
x

Proof. To see that a solution to platform’s problem exists, notice that the function [1 −
G(x)]Π(βx∗ ) is continuous in the closed and bounded interval [x, x̄], thus, by the extreme
value theorem, it attains a maximum at x∗ .
12

In other words, we implicitly assume that the advertising market is competitive, vis-à-vis the platform,

because sellers compete for a limited number of banner spaces. Therefore, sellers’ expected profits are zero.
The only thing that would change if sellers had market power would be the surplus distribution.
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Perfect Targeting. In this case, the platform is able to discriminate among users choosing for each x ∈ [x, x̄] the optimal banner βx∗ which, as discussed in the previous case,
maximizes the surplus of each seller in the interaction with user x and, in turn, the rent
extractable by the platform.
Lemma 3. When targeting is perfect, each user x ∈ [x, x̄] is shown an optimal banner βx∗ .
Proof. The proof is direct consequence of Proposition 3.
The only difference between Lemma 2 and Lemma 3 is in the number of different banners
shown by the platform. When perfect targeting is not viable, the platform has no better
option than placing the same banner βx∗ to all users. On the contrary, if individual xs are
known by the platform, each user receives a personalized offer: a banner that contains a
price and an experiment. The consequences of such a difference are better understood in
terms of welfare as we will discuss in the following section.

4

Discussion

In this section, we discuss the welfare consequences of targeting and the platform’s incentives to provide accurate experiments, showing also that there is an important relationship
between accuracy of the experiments and social welfare.
In order to understand welfare, consider a user x who clicks on the banner. When the
banner gives her a positive recommendation, she buys the product receiving a payoff of
x − p in the good state and −p in the bad state. The seller receives the price and faces
a marginal cost whenever the good is sold and always pays a fee whenever the user clicks.
The platform receives the fee independently of the result of the experiment included in the
banner. As the price and the fee are transfers among agents, the total surplus generated by
each transaction user-seller is given in the good state of the world by x − c and in the bad
state by −(1 − π0∗ )c, as reported in the following table.
Table 1 refers to a user-seller interaction through a clicked banner. The viability of
perfect targeting affects both the clicking volumes and the per-click surplus distribution.
Targeting makes more users click on a banner. In particular, when targeting is perfect, each
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State

Prob

User x

Seller

platform

T S(x)

1

1−µ

x−p

p−c−f

f

x−c

0

µ

−p(1 − π0∗ )

(p − c)(1 − π0∗ ) − f

f

−(1 − π0∗ )c

Table 1: Individual payoff and total surplus in each state ω from each click.
of them clicks on a personalized banner. This banner will entirely extract the tailored user’s
surplus, as the price would precisely be the one that makes her indifferent between buying
and not buying. When targeting is imperfect, the clicking volumes are lower, because users
with x < x∗ do not click on the unique banner βx∗∗ . The user with x = x∗ clicks on the banner
and receives zero expected payoff, as the tailoring banner lets the seller extract her entire
surplus. Finally, users with higher willingness to pay will receive a positive expected payoff,
as U (x > x∗ , βx∗∗ ) > 0. Therefore, when targeting is perfect, users’ surplus is completely
extracted. Finally, the sellers are indifferent, as their surplus is always extracted by the
platform through the fully discriminating fee. The following proposition summarizes the
impact of targeting on surplus distribution.
Proposition 4. Perfect targeting entails a reduction of users’ surplus and an increase of
the platform’s profits. Sellers are always left with zero surplus.
Proposition 4 shows that perfect targeting entails a shift of consumer surplus to the
platform. This is a classic tale of two-sided price discrimination. When targeting is perfect,
each seller is matched with his desired user whose surplus in totally extracted by the banner.
In other words, perfect targeting makes all users click on a banner and possibly buy a
product, but all of them become infra-marginal. Once the sellers extract the entire surplus
of the other side of the market, the discriminating fee is used by the platform to fully take
over the value created by banners.
The reasoning used in Table 1 applies to every user-seller interaction, thus the expected
total surplus sums the surplus generated by each banner and takes into account also the
cost of designing the experiments. The expected welfare is:
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surplus

production cost

{ z
{ information cost
Z x̄ }|
Z}|x̄
z }| {
(1 − µ)
xg(x)B(x)dx − (1 − µπ0∗ )c
g(x)B(x)dx − C(π0∗ )
(11)
x
x
|
{z
}

z
W

=

Wp

where B(x) = 1 if agent x clicks on a banner and zero if she does not. With perfect targeting
B(x) = 1 ∀x, while with imperfect targeting B(x) = 1 for x ≥ x∗ and B(x) = 0 below
x∗ . If providing any level of information were free, users would buy only in the good state,
or simply π1∗ = π0∗ = 1 and C(1) = 0, with no transactions in the bad state and maximal
number of surplus-generating transactions. Total welfare can be split into two components.
The first one is the value generated within the platform, Wp , which represents the surplus
component emerging thanks to the existence of the middleman who, through the banners,
allows the interaction between sellers and users. The second one does not concern the
platform, as it is the information cost that sellers sustain to provide potential consumers
with experiments.
Comparing the welfare with perfect and imperfect targeting yields the following proposition.
Proposition 5. Welfare is strictly larger under perfect targeting. The welfare gain due to
perfect targeting drops as long as the banners become less accurate.
Proof.
When individual x’s are not known, the total welfare is given by:
W

IT

Z

x̄

= (1 − µ)
x∗

xg(x)dx − c(1 − µπ0∗ ) [1 − G(x∗ )] − C(π0∗ )

(12)

With perfect targeting, the total welfare is given by:
W

PT

Z
= (1 − µ)

x̄

xg(x)dx − c(1 − µπ0∗ ) − C(π0∗ )

x

Comparing Equations (12) and (13) we find:
Z x∗
PT
IT
W − W = (1 − µ)
xg(x)dx − c(1 − µπ0∗ )G(x∗ ) > 0,
x

24

(13)

since Assumption 2 implies that the first term is larger than the second one.
Moving from imperfect to perfect targeting entails a massive boost in the clicking volumes and purchases in the good as well as in the bad state. In particular, because experiments are costly, fully informative experiments are never sent, i.e., π0 < 1 for all xs. Hence,
although perfect targeting increases the overall supply of information conveyed and sellers
would like to provide as much information as possible, the experiments are biased towards
persuasion, thus generating undesirable transactions in the bad state.
As a consequence, accuracy becomes very important to understand the welfare generated
by the platform by means of the banners. In particular, less accurate experiments result
in a welfare loss both under imperfect and perfect targeting. Perfect targeting emphasizes
this effect with respect to imperfect targeting, as all users, rather than some of them, click
on non-accurate banners, giving us the second part of Proposition 5.
The accuracy of experiments is then a crucial aspect as long as welfare is concerned.
Indeed, for given level of targeting, a decrease of accuracy has the effect of reducing welfare.
Therefore, two questions naturally arise. Which advertisers has the platforms incentives to
hire? Do they provide accurate experiments? Once answered these two questions, we are
able to demonstrate that increasing productive efficiency may counterintuitively decrease
the social value created by the platform, i.e., Wp in equation (11).
The platform’s objective is to maximize clicking volumes and per-click rent extraction.
Moreover, since clicking volumes essentially depend on the ability of the platform to target
users, per-click rent extraction becomes the unique objective within each targeting regime.
Therefore, the platform has always incentives to hire the seller making most profits. As
a consequence, there may exist situations in which the platform hires sellers offering less
accurate experiments, as expressed in the following proposition.
Lemma 4. Consider the platform deciding which seller to hire for the banner targeting user
x. The platform may prefer to hire sellers offering less accurate experiments.
Proof. When deciding which banner to show to user x, the platform just sets a fee that
takes the entire surplus of the corresponding seller. Since the price will always be set to
make the IC1 binding and to induce always a click, the profit of a seller is the only concern
for the platform. Since π1∗ = 1, the profit of a seller with cost c can be directly written as:
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Π(π0 |c) = (1 − µ)x − (1 − µπ0 )c − C(π0 ),
where π0 is any conditional probability between zero and one. Now, consider a shock to a
lower marginal cost c0 < c. It will hold that:
Π(π0 |c0 ) ≥ Π(π0 |c) for all π0 ,
so that the objective function Π(π0 |c0 ) lies above Π(π0 |c) for any π0 chosen by the seller.
This also implies max Π(π0 |c0 ) ≥ max Π(π0 |c). Hence, the platform will always choose the
π0

π0

most efficient seller as it will guarantee a higher per-click fee. Combining this result with
the one in Lemma 1, hiring a more efficient seller results in less accurate experiments.
The intuition behind the result stated in Lemma 4 is that a more efficient seller can
make higher profits when producing a banner tailored for user x. The discriminating power
of the platform in setting the fees allows it to extract the entire surplus generated by
the banner. Therefore, the optimal solution for the platform is just to hire the seller
generating the highest possible surplus which is clearly reached by the most efficient seller.
An important consequence is that the platform prefers a seller proposing less accurate
experiments. Indeed, combining the results shown in Lemma 1 with the one in Lemma 4,
we show that competition for banner spaces would not result in better accuracy, since a
decrease of the sellers’ marginal cost leads, at the limit, to non-informative experiments.
On the one hand, more efficient sellers have weaker incentives to provide information about
the bad state. On the other hand, efficient sellers are more appealing to the platform, as
they achieve higher profits and consequently pay higher fees.
Lemma 4 is particularly important when we consider the effect of increasing sellers’
efficiency on the surplus that is generated within the platform. In particular, as shown
in the following proposition, a positive productivity shock may lead to a drop of surplus
brought about by banners.
Proposition 6. Assume sellers to experience a positive productivity shock, so that c decreases. If C 00 <

µ2 c
,
k

this shock will result in a decrease of WP , regardless the targeting

regime.
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Proof. Let us consider the surplus created by the platform in equation (11):
Z
Wp = (1 − µ)

x̄

xg(x)B(x)dx − (1 −

µπ0∗ )c

x̄

Z

g(x)B(x)dx.

(14)

x

x

From the sellers’ first-order conditions we have that π0∗ is implicitly defined by cµ = kC 0 (π0∗ ).
Totally differentiating the first-order condition we get

dπ0∗
dc

=

µ
.
kC 00

Let us consider a drop in

the marginal cost from c to c0 < c. We have:

0

Wp (c ) − Wp (c) = [−(1 −

µπ0∗ (c0 ))c0

+ (1 −

µπ0∗ (c))c]

Z

x̄

g(x)B(x)dx.
x

(15)
The productivity shock does not affect clicking volumes, which will be determined by
the targeting regime. Therefore, regardless the targeting regime, Wp (c0 ) − Wp (c) < 0 when:
c − c0 < µ[cπ0∗ (c) − c0 π0∗ (c0 )].
Given

dπ0∗
dc

=

µ
,
kC 00

we have that π0∗ (c) = π0∗ (c0 ) +

dπ0∗
(c
dc

(16)

− c0 ) = π0∗ (c0 ) +

µ
(c
kC 00

− c0 ). Plugging

into equation (18), we get:




c − c0 < µ c π0∗ (c0 ) + kCµ 00 (c − c0 ) − c0 π0∗ (c0 )


µc
0
c − c0 <
µ (c − c0 )π0∗ (c0 ) + kC
00 (c − c )
1<

µπ0∗ (c0 ) +

µ2 c
kC 00

For all π0∗ (c0 ) ∈ [0, 1], the right-hand side is surely larger than

(17)
µ2 c
.
kC 00

Therefore, C 00 <

µ2 c
k

is

a sufficient condition for the positive productivity shock to lower the welfare generated by
the platform.
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The sufficient condition found in Proposition 6 relies on the two effects triggered by a
productivity shock. The first effect is related to the efficiency gain, since costs drop, i.e.
c0 < c. The second effect emerges indirectly from Lemma 4, which expresses the positive
relationship between π0∗ and c. The two forces go in opposite directions. The direct effect
pushes Wp to increase, but the second one goes towards a welfare deterioration:
0

Wp (c ) − Wp (c) =

0

(c − c
| {z }

efficiency gain

− µ[cπ0∗ (c)
|

−
{z

c0 π0∗ (c0 )])

accuracy loss

x̄

Z
x

}
|

g(x)B(x)dx .
{z
}

(18)

clicking volumes

The decrease in welfare may only result from an accuracy loss. In particular, when the
cost of designing the experiment changes quickly with π0 then a positive productivity shock
brings about a reduction of π0∗ which is small relatively to the efficiency gain of producing
at a lower cost. In Figure 4, the line C 0 becomes steeper. Conversely, as long as the cost
of designing the experiment increases slowly, the loss in terms of information overcomes
the direct efficiency gain, with detrimental consequences on the surplus originated in the
platform. In Figure 4, the line C 0 becomes less steep.
Notice that Proposition 6 is referred to the welfare that banners originate within the
platform and abstracts from the reduced cost of information. Total welfare W = Wp −C(π0∗ )
must increase because of the enhanced efficiency. However, the efficiency introduced by the
productivity shock is captured by a boost in persuasion but nevertheless does not insure
an increase of socially valuable transactions. Indeed, 1 − π0 is just but the probability with
which a banner “lies”. Therefore, a decrease of π0 allows the experiments to be less reliable
in exchange of lower prices.

5

Conclusion

In recent years, the evolution of Internet-market activities started to worry policy makers
insofar as digital and global transactions do not constitute an easy target for regulators.
In addition, the availability of users’ private information created a market which platforms
exploit to match sellers and users. Whereas the platform effectively increases the match
between users and sellers, its incentives do not generally imply more informed purchase
28

decisions. Regardless from its targeting ability, which determines clicking volumes, the
objective of the platform is essentially to extract a rent from sellers’ profits. The higher the
ability of sellers to produce profits, the more they become appealing to the platform.
Interestingly, whenever the increase in sellers’ profits is due to an improvement in production efficiency, then sellers’ willingness to inform users about their needs decreases. Indeed,
an increase in sellers’ production efficiency is transferred to consumers in form of lower
prices but at the cost of more uncertain decisions. Thus, the enhancement in efficiency goes
along with a deterioration of experiments’ accuracy. As the second effect might overwhelm
the first the welfare might be reduced.
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