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Abstract

This paper investigates how profiling technologies can help platforms to target consumers’
advertising preferences. Profiling technologies are used by platforms to infer the ad-sensitivity of
consumers. Platforms can tailor the level of ads to the ad-sensitivity of consumers. We show that
such technologies have large implications on advertising intensity and welfare.
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1 Introduction

Advertising is the main mechanism to finance media content such as TV, radio or magazines.

It also constitutes most of media platforms income on the Internet (Shiller et al., 2017). For in-

stance, in the third quarter of 2016, U.S. advertisers invested $17.6 billion in digital advertising

according to the Internet Advertising Bureau,1 a 20 percent increase over the same time period

in 2015.

However, Internet users tolerate less and less online ads that degrade their online experience

(Manchanda et al., 2006; Goldfarb and Tucker, 2011b), and as a response, they block ads using

ad-avoidance technologies (AATs).2 In 2016, 26.3% of US online users were using an ad-

blocker (69.8 million Americans), a jump of 34.4% over last year.3 AATs can be installed

on web browser, and forthcoming versions of Chrome and Firefox will even directly integrate

them by default.4 The ad-blocking feature will filter out automatically ads such as pop-ups and

auto-playing video.

The growing adoption of AATs by a significant part of online users confirms that advertising

is perceived as a nuisance. However, an even larger proportion of consumers still continue to
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visit websites and click on ads that are related or targeted to their personal tastes and interests.

Ad-sensitivity, or equivalently, ad preferences therefore vary across online users.

Online content providers may adopt various strategies to account for ad-sensitivity. For ex-

ample, Tag (2009) analyzes a monopoly platform that offers either an ad-free pure subscription

option or an ad-only program to discriminate consumers. The author shows that the subscrip-

tion option induces a higher level of advertising for those remaining on the ad-only option.

In the end, the aggregate consumer surplus falls, whereas the advertiser surplus rises through

lower ad prices. Anderson and Gans (2011) extend the possibility for consumers to choose

a costly ad-avoidance technology (such as TiVo) to strip out the ad nuisance in place of a

subscription option. They confirm the results of Tag (2009), and also show that the adoption of

AATs may reduce program quality.

The platform strategies analyzed in Tag (2009) and Anderson and Gans (2011) rely on the

idea that ads are only perceived as a nuisance, and that consumers’ advertising preferences are

not directly observable (they are exogenous). By choosing a program, online users self-select

and reveal afterward their ad-sensitivity. However, recent profiling technologies are allowing

platforms to infer the ad-sensitivity of online users. On the basis of past behavior (click on

ads, number of ads seen, etc.), or by associating consumers that have similar profiles, platforms

can determine whether a user is more or less ad-sensitive, and tailor accordingly the level of

advertising to prevent him adopting AATs. For example, digital platforms are using profiling

technologies to limit the number of ads seen by consumer, the frequency of exposure of a

consumer to a given ad, and ads to products a consumer has already purchased. As illustations,

Facebook and Snapchat limit the number of ads users can see in newsfeeds5 or to be appeared

between friends’ snaps and stories.6 This technique is called "frequency capping" (Buchbinder

et al., 2011).

This article analyzes the impact of the use of a profiling technology on platforms’ strate-

gies, the surplus of consumers and advertisers, and the volume of ads served on the market.

We develop a model in line with Anderson and Coate (2005), Tag (2009) and Anderson and

Gans (2011), where a monopoly platform infers consumers’ ad preferences using a profiling

technology. The model is based on three key features. Firstly, advertising is not necessarily

perceived as a nuisance, as it may benefit Internet users to see some ads. Secondly, online users

are heterogeneous in their ad-sensitivity. Two types of consumers are distinguished: there is a

proportion of consumers who are strongly ad-sensitive (γ) and a proportion of consumers who

are weakly ad-sensitive (γ). Thirdly, we allow the platform to classify users according to their

5TechCrunch, How Facebook News Feed Works, Sep 6, 2016.
6Adweek, Snapchat Is Letting More Brands Run Ads Between Friends’ Stories, August 10, 2016.
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ad-sensitivity thanks to a profiling technology. However, the profiling technology is not always

efficient, i.e. it does not perfectly identify the users’ ad-sensitivity. In other words, consumers

γ and γ may respectively see a level of advertising unadapted to their advertising preferences,

hence adopting AATs.

Our model shows that the use of a profiling technology by a platform have strategic im-

plications. Firstly, we highlight that the profiling technology may not always be used by the

platform. Indeed, the platform uses the profiling technology only if it generates greater reve-

nue. This is the case when the technology is efficient such that the probability of correctly

classifying the ad-sensitivity of users is sufficiently high. In this case, the technology allows

the platform to tailor the levels of advertising to the ad-sensitivity of users, thus increasing its

profits. Indeed, without profiling technology - or if the technology is not efficient enough to

be used -, the platform cannot precisely infer the advertising preferences of each online user.

It will therefore set a unique level of advertising for all users on the site, whether they are ad-

sensitive or not. But this strategy is unlikely to be effective. If the platform sets a low level

of advertising while users are not ad-sensitive, it could inflate the level of advertising to incre-

ase its profits. Similarly, if the platform sets a high level of advertising while users are very

ad-sensitive, the latter will prefer not to see ads and will then adopt AATs. This result is not

trivial because an efficient profiling technology is not always flawless. Indeed, a perfect pro-

filing technology always perfectly classifies Internet users according to their type. However,

an efficient but imperfect technology makes mistakes, even if it generate higher profits for the

platform. In this case, technology may classify a consumer as being very ad-sensitive when he

is actually not ad-sensitive, and vice versa. Hence, even if the use of the technology increases

the platform’s profits, it may not properly tailor the level of advertising to the ad-sensitivity of

each type of user. This can have big implications on the platform profits. For example, a user

who is wrongly classified as being very ad-sensitive will see a lower number of ads, thus redu-

cing the profit opportunities for the platform. On the contrary, a user who is wrongly classified

as being not ad-sensitive will see too many ads, and will adopt in reaction AATs.

Secondly, the use of an efficient profiling technology by the platform also changes the total

number of ads served on the market. We find that in presence of a perfect profiling technology,

the total number of ads served to Online users is always higher than without technology. This is

due to the fact that the technology allows to serve more ads to weakly ad-sensitive users, while

serving an appropriate level of ads to users who were avoiding ads before. However, when

the technology is not flawless, the results change. We find that if the plaform faces a strongly

ad-sensitive audience, more ads will be served with technology than without. Conversely, if the

platform adresses a weakly ad-sensitive audience, the total number of ads served is higher with
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technology only if this technology is highly efficient.

Thirdly, we show that introducing a perfect profiling technology is always welfare incre-

asing when the platform is facing and audience that is not very ad-sensitive, as the gains for

advertisers and the platform offset the potential loss in Internet users surplus. However, the ana-

lysis become more complex when 1) the technology is perfect but the platform is facing a very

ad-sensitive audience or 2) the technology is imperfect. In both case, the impact of the techno-

logy on welfare depends on Internet user surplus and advertisers profits. Firstly, the impact of a

profiling technology on Internet users surplus depends on whether the less elastic fringe of users

prefers to see many ads (being correctly classified) or few ads (being misclassified). Secondly,

we show that advertisers may not benefit from the introduction of a profiling technology, while

the platform does. This situation happens when the technology is sufficiently efficient to be

implemented by the platform but not efficient enough to increase advertisers profits.

The paper is organized as follows. The next section describes the model. Section 3 solves

the case where the platform does not use a profiling technology. Section 4 introduces the

profiling technology. Section 5 analyzes the aggregate number of ads served on the market.

Section 7 summarizes the key findings and strategic implications of the paper, and concludes.

2 Description of the Model

Our model deals with a monopolist platform (also called platform) that delivers content and

displays ads on a website to online users (also named consumsers), and sells advertising space

to advertisers. The platform therefore manages its website to attract online users on one side

and advertisers on the other.

2.1 Online Users

Online users visit the website and receive utility:

U =


1 + γ(a), if choosing to visit and see ads,

θ, if choosing to visit without seeing ads,
(1)

and 0 otherwise. A consumer receives therefore utility by viewing an editorial content of

quality q, normalized here to 1. If she chooses to visit the website and see ads, she receives

γ(a), where a is the number of ads (or advertisers), and γ the sensitivity to advertising. γ(a)

is assumed to be continuous, differentiable, concave in a, with γ(a = 0) = 0. γ(a) has two

notable properties. First, when no ads is displayed on the website, the consumer only enjoys the

quality of editorial content. Second, we hypothesize that a low number of ads is enjoyable and
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provides utility for consumers; targeted advertising for instance provides useful information

about product firms. However, too many ads displayed on the website, even though they are

targeted, degrade the user experience and provide disutility. Advertising is perceived in this

case as a nuisance. This is crucial in generating demand for AATs. Indeed, when advertising is

perceived as a nuisance, the consumer can choose to view content and earn utility θ for using

AATs.

Consumers are heterogeneous in their sensitivity to advertising. To keep things as simple

as possible, we consider two populations. First, there is a proportion β of consumers who are

strongly ad-sensitive: γ. By contrast, there is a proportion 1− β of consumers who are weakly

ad-sensitive: γ. By definition, consumers of type γ would prefer to see a lower number of ads

compared to weakly ad-sensitive consumers γ.7

To summarize, the respective utilities of consumers γ and γ are:

U =


1 + γ(a), if choosing to visit and see ads,

θ, if choosing to visit and not see ads,
(2)

and,

U =


1 + γ(a), if choosing to visit and see ads,

θ, if choosing to visit and not see ads.
(3)

From Eqs. 2 and 3, it is straightforward to see that when the cost to block ads is high, i.e.

when θ < 0, the choice of the consumer is, whatever his ad-sensitivity, either to consume with

ads or not to visit the website. In the sequel, we will only consider the cases where the cost of

using AATs is low enough, i.e. when θ > 0. In other words, Internet users have only the choice

between consuming and seeing ads or consuming without ads and using AATs.

This assumption is clearly in line with recent announces from Google and other large Inter-

net companies. Google for example is about to roll out an ad-blocking version of his Chrome

web browser (Wall Street Journal, Google Plans Ad-Blocking Feature in Popular Chrome

Browser, April 19, 2017).8 The ad-blocking feature, which could be switched on by default,

would filter out automatically unacceptable ads such as pop-ups and auto-playing video, that

degrade online user experience. As the feature of ad-blocking would be installed by default,

the cost of blocking ads would be dramatically low.

7From the properties on γ(a), we assume that γ(a) ≥ γ(a), ∀a ≥ 0.
8In the U.S., Chrome has nearly 47.5% of the browser market across all platforms, according to online analytics

provider StatCounter.
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2.2 Advertisers

Following Anderson and Coate (2005) and Anderson and Gans (2011), we assume that a single

ad suffices to reach all consumers on the platform, and so an advertiser decides to place an ad

as long as the profit per consumer is no smaller than the price paid for an ad per consumer

reached. We also rank advertisers from highest to lowest willingness to pay per consumer and

derive the advertiser inverse demand curve r(a). The corresponding total advertising revenue

earned per individual, R(a) = r(a)a, where r(a) is concave, and r′(a) < 0 when r(a) > 0,

making R(a) concave in a.9

2.3 Platform

The platform delivers content to Internet users and displays ads on his website. The platform is

only financed by advertising (and not by subscription). His profit function corresponds to the

revenue per Internet user R(a) times the number N of Internet users:

Π = r(a)aN(a) = R(a)N(a).10 (5)

AsR(a) is concave in a (because r(a) is), the platform is interesting to get on board enough

advertisers to be profitable, but up to a certain level, too many advertisers lower its revenues (at

a certain point, r(a) is too low as the further advertiser expects a lower impact of its ad).

3 Baseline Model Without Profiling Technology

In the baseline case, the platform has no profiling technology to find out the consumer ad-

sensitivity. We introduce the profiling technology in Section 4.

The timing of the game in this baseline case is in two stages. In stage 1, the platform

chooses the number of advertisers a (or equivalently, the number of ads to be displayed), and

in stage 2, consumers choose to visit the website. In other words, when visiting the website,

consumers discover the level of advertising and its possible nuisance, and choose to see or not

ads using AATs. We solve the game by backward induction.

9These properties are similar to the ones in Anderson and Gans (2011).
10By assumption 1 + γ(a) > 1 + γ(a) ∀a, and N(a) can be written as:

N(a) =


0, if θ > 1 + γ(a),

1− β, if 1 + γ(a) > θ > 1 + γ(a),

1, if 1 + γ(a) > θ.

(5)
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3.1 Stage 2

The users decide to view ads or to avoid them using AATs. Consumers of type γ and γ choose

to visit the website depending of their respective sensitivity to advertising. Their respective

utilities are defined in Eqs. (2) and (3). Let define m and m as the solutions for which 1 +

γ(m) = θ and 1 + γ(m) = θ. These respective solutions can be interpreted as the maximum

levels of advertising that users γ and γ are willing to accept to visit a website.

If the cost of AATs decreases for example, consumers γ and γ are both less ready to see ads.

However, consumers γ and γ respond differently to a change in AATs. For any given θ, con-

sumers γ who are strongly sensitive to advertising, will accept to see less ads than consumers

γ, who are weakly sensitive to advertising. As consumers γ are more sensitive to the nuisance

cost of ads than consumers γ, the former will be more likely to use AATs when its utility from

avoidance ads θ increases.

3.2 Stage 1

As the platform cannot discriminate consumers in the baseline case with a profiling technology,

it can choose either to sell advertising spaces to a low number of advertisers, serving possibly

consumers γ and γ, or to sell spaces to a high number of advertisers and reach only consumers

γ who have a high ad-sensitivity. The general optimization problem of the platform is:

max
a

Π = r(a)aN = R(a)N(a). (6)

The strict concavity of the profit function guarantees the existence and uniqueness of an

optimal level of advertising noted â.11 The latter may be lower than the maximum levels of

advertising m and m that consumers γ and γ are willing to accept to visit the website. In this

case, the ad-avoidance technology does not exert any competitive pressure on the platform, and

there is an interior equilibrium where ads are served to both types of users. This is examined in

Proposition 1.

Proposition 1:When the platform is not constrained (â < m) (which corresponds to 1+γ(â) ≥
θ), an interior equilibrium exists where ads are served to both types of users. The potential for

ad avoidance does not impact platform behaviour, and hence the level of advertising.

Proposition 1 is original with respect to Tag (2009) and Anderson and Gans (2011). When

Internet users are weakly ad-sensitive, ads are perceived as a benefit and not as a nuisance by

both types of users; consumers derive a positive utility from seeing ads, and can be defined as

11The first order condition with respect to a is: r(â) = −â∂r(â)
∂a .
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ad-lovers. In this case, the platform can choose to display few ads to both types of users to

maximize its profits. The level of advertising does not therefore depend on AATs. This case

is displayed in Figure 1: when setting a∗ = â, the platform earns Π∗ = R(a∗ = â) = R̂, and

both types of consumers γ and γ visit the website (N = 1) as the optimal level of advertising

is lower that the ones which would exclude both types of consumers from visiting the website,

i.e. â < m < m.

â m m

Π∗(a∗ = â)

a

Π

Figure 1: 1 + γ(â) ≥ θ

However, Internet users may be more ad-sensitive. Indeed, â may be greater than the max-

imum levels of advertising m and/or m that consumers γ and γ are willing to accept to visit

the website, forcing the platform to lower its advertising level to prevent Internet users from

adopting AATs. For example, when min(â,m) = m (which corresponds to 1 + γ(â) < θ), if

the platform sets a∗ = â, it cannot reach consumers who are strongly ad-sensitive. Two main

cases are thus possible.

In the first case, when â < m (which corresponds to θ ≤ 1 + γ(â)), the platform can only

reach weakly ad-sensitive consumers when setting a∗ = â. As a consequence, the platform has

the choice between setting a∗ = m and serving all the users (N = 1), or setting a∗ = â and

reaching only weakly ad-sensitive consumers (N = 1− β). We refer to this case in the sequel

as a case where the platform is weakly constrained on its level of advertising. In this case,

weakly ad-sensitive users remain ad-lovers as they always get positive utility from advertising,

regardless the choice of the platform. Conversely, strongly ad-sensitive users are ad-neutral

when a∗ = m, as they receive similar benefit from advertising than with AATs, and ad-averse

when a∗ = â, as they all prefer AATs and not see ads. Figure 2 (left) illustrates the case

where both types of consumers visit the website and the profits of the platform are higher for
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a∗ = m. However, setting a∗ = â as it is displayed in Figure 2 (right) would be preferable for

the platform with the strongly ad-sensitive users on board.

âm m

Π∗(a∗ = â)
Π∗(a∗ = m)

a

Π

âm m

Π∗(a∗ = â)
Π∗(a∗ = m)

a

Π

Figure 2: 1 + γ(â) < θ ≤ 1 + γ(â)

In the second case, when â > m (which corresponds to 1 + γ(â) < θ), both types of

consumers are not interested in visiting the website when setting a∗ = â. The platform has the

choice between setting a∗ = m, and reach both types of consumers (N = 1), or setting a∗ = m

and serve again only weakly ad-sensitive consumers (N = 1−β). By reference to the previous

strategy, we will say that the platform is strongly constrained on its level of advertising. In this

case, weakly ad-sensitive users are now ad-neutral as they are indifferent between seeing ads

or using AATs. However, strongly ad-sensitive users are ad-averse as they all prefer AATs and

not see ads. Moreover, if the strategy of the platform is a∗ = m, it follows the same logic as

in the previous case: weakly ad-sensitive users are ad-lovers while strongly ad-sensitive users

are ad-neutral. The choice faced by the platform is illustrated in Figure 3. In Figure 3 (left),

setting a level of advertising a∗ = m to target weakly ad-sensitive users is less profitable for

the platform than setting a∗ = m, a lower number of advertisers allowing to serve both types

of consumers.

âm m

Π∗(a∗ = m)
Π∗(a∗ = m)

a

Π

âm m

Π∗(a∗ = m)

Π∗(a∗ = m)

a

Π

Figure 3: 1 + γ(â) < θ

To summarize, when the platform is weakly or strongly constrained on the level of adver-
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tising, it can choose to serve either both types of users or only weakly ad-sensitive users. The

profits of the platform are in these cases:

Π∗ =

 R, if both types of consumers visit the website,

(1− β)R, if the only weakly ad-sensitive consumers visit the website,
(7)

where R = R(a∗ = m). R represents either the revenues from setting the optimal level of

ads â (implyingR = R(a∗ = â)) when the weakly ad-sensitive users have a higher utility when

viewing ads rather than adopting AATs (â < m), or the revenues from setting the optimal level

of ads m (implying R = R(a∗ = m)), when the weakly ad-sensitive users have a higher utility

when adopting AATs rather than viewing advertising (â > m). The revenue per user when the

platform chooses to focus only on weakly ad-sensitive consumers can therefore be written as

R = R(a∗ = min(â,m)). To keep the notations as simple as possible, we will use R and R in

the rest of the paper.

Proposition 2 summarizes the different cases regarding the choices of advertising levels.

Proposition 2:When the platform is constrained (â > m), two cases are possible. First, when
R
R
> 1 − β, it chooses the level of advertising a∗ = m, and displays ads to users γ and γ.

Second, when R
R
< 1 − β, it chooses a∗ = min(â,m) and only displays ads to consumers γ.

See Proof of Proposition 2 in Appendix A.1.

Proposition 2 states that when the proportion of strongly ad-sensitive users is high in the

population (R
R
> 1 − β), the platform may find profitable to set the level of advertising so as

to attract not only weakly ad-sensitive users but also strongly ad-sensitive ones. By contrast,

when the proportion of strongly ad-sensitive users is low (R
R
< 1 − β), it is most profitable to

only target weakly ad-sensitive users.

4 Equilibrium with Profiling Technology

In the baseline case, the platform does not have a profiling technology to find out the consumer

preferences for advertising, and sets an equal level of advertising for both types of consumers.

In this section, the platform can now use a profiling technology to tailor a level of advertising

to each type of consumer γ and γ, and prevent consumers from adopting AATs.

The profiling technology exploits programmatic techniques, which are methods for buying

and selling online ads in real time. Real time means that the entire process takes only a few

milliseconds to complete, before a web page is loaded by a consumer. Typically, a consumer

visits a website. Once connected, the technology gathers personal information about users with
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the help of cookies, and produces a signal that can be of two types, s or s.12 A signal s (resp.

s) means that the technology correctly classifies a user of type γ (resp. γ) with probability

δ. Without loss of generality, we assume that δ ∈ [1
2
, 1]; δ = 1 means that the technology is

perfectly efficient and always classifies correctly Internet users, and δ = 1
2

indicates that the

technology brings no information, and correctly classifies Internet users with probability 1
2
.

Once the classification has been made, the platform is able to display the content and the

level of advertising adapted to the probable type of consumer: for example, the level of adver-

tising aT will be displayed to consumers classified as strongly ad-sensitive (γ), and the level

of advertising aT to the ones classified as weakly ad-sensitive consumers (γ). If the profiling

technology is efficient, i.e. if δ = 1, the platform perfectly discriminates the types of con-

sumers, and tailors the level of advertising aT and aT to users γ and γ, who do not use in

turn AATs. On the other hand, if the technology does not perfectly identify the types of users

δ ∈ [1
2
, 1[, consumers γ and γ may see a level of advertising unadapted to their advertising

preferences, and adopt in reaction AATs.

The use of a profiling technology does not change the timing structure for the order of

moves except that the platform chooses now the number of advertisers a in a context where the

profiling technology is effective in stage 2. In stage 1, the platform sets the advertising levels

aT and aT to be displayed to consumers classified as γ and γ. In stage 2, consumers choose to

visit the website, and decide to avoid ads if the level of advertising is not adapted. We solve the

game by backward induction.

4.1 Stage 2

Following the baseline case, the users decide to view ads or to avoid them using AATs. Depen-

ding on their ad-sensitivity, the utilities can be written as:

U =


1 + γ(aT ), if choosing to visit with ad level aT ,

1 + γ(aT ), if choosing to visit with ad level aT ,

θ, if choosing to visit and not see ads,

(8)

and,
12The profiling technology uses machine-learning methods to construct signals.
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U =


1 + γ(aT ), if choosing to visit whith ad level aT ,

1 + γ(aT ), if choosing to visit whith ad level aT ,

θ, if choosing to visit and not see ads.

(9)

4.2 Stage 1

4.2.1 Description of the profiling technology

Following the Bayes’ rule, we can calculate the expected profits of the platform. The probabi-

lity to receive the signal s knowing that the Internet user is of type γ is equal to δ, and can be

written as P(s|γ) = δ. The signal s is received with probability P(s) = βδ + (1 − β)(1 − δ)
and s with probability P(s) = δ(1− β) + β(1− δ). Upon receiving the signal s, the platform

then knows that this signal is true with probability:

P(γ|s) =
P(s|γ)P(γ)

P(s)
=

δβ

δβ + (1− δ)(1− β)
,

and

P(γ|s) =
P(s|γ)P(γ)

P(s)
=

δ(1− β)

δ(1− β) + (1− δ)β
.13

Applying the Bayes rule, the expected profits of the platform are:

max
aT ,aT

E
(
ΠT
)

= P(s)
(
P(γ|s) + P(γ|s)

)
R(aT ) + P(s)

(
P(γ|s) + P(γ|s)

)
R(aT )

= [βδ + (1− β)(1− δ)]R(aT ) + [β(1− δ) + δ(1− β)]R(aT )
(10)

4.2.2 Advertising choice of the platform with profiling technology

Similarly to the baseline case, when the platform is not constrained, that is when ads provide

utility for both types of users (â < m), the optimal amount of ads targeted for consumers γ and

γ is exactly the same. The profiling technology is not therefore useful in this case. This result

is summarized in Proposition 3.

Proposition 3:When the platform is not contrained- that is when â < m- the platform always

sets its interior level of advertising which is equal for all users, i.e. aT∗ = aT∗ = â. The

profiling technology is not useful in this case.

13By definition, P(γ|s) ≡ 1− P(γ|s), and P(γ|s) ≡ 1− P(γ|s).
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Proposition 3 is equivalent to Proposition 1, and the same intuitions apply. A more inte-

resting case arises when the platform is constrained, as the profiling technology can now be

helpful in discriminating consumers in setting two distinct levels of advertising.

Focusing on the case where the publisher is contrained â > m, we notice that expected

profits in Eq. (10) are made of four terms: two terms related to the probability of receiving

the signal s, and two terms related to the probability of receiving the signal s. First, upon

receiving the signal s, the platform will set the level of advertising aT∗ = m to attract users γ.

The resulting profits are also composed of two terms. The first term, βδR(aT
∗
), is the revenue

related to the successful classification of users γ, and the second term, (1 − β)(1 − δ)R(aT∗),

is the revenue from the wrong classification of users γ. In both cases, users γ and γ will choose

to see ads without AATs.

Second, upon receiving the signal s, the platform will set the level of advertising aT∗ =

min(â,m) to attract users γ. The resulting profits are also composed of the proportion of

successfully classified users γ, δ(1− β)R(aT∗), and the wrong classification of users γ, β(1−
δ)R(aT∗). In this case, only users γ will choose to see ads without AATs. Indeed, users γ

receive a higher utility when using AATs than from seeing ads.

We summarize the strategies of the platform in the Proposition 4:

Proposition 4:When the platform is constrained (â > m), the use of the profiling technology

allows the platform to discriminate consumers γ and γ: a proportion δβ + (1 − δ)(1 − β) of

users classified as γ sees a level of advertising aT∗ = m, while a proportion δ(1−β)+(1−δ)β
classified as γ sees a level of advertising aT∗ = min(â,m).

In setting the optimal level of advertising, the strategy of the platform will depend on the

probability δ to correctly classify users γ and γ. The expected profits of the platform at the

equilibrium can be written as:

E
(
ΠT
)∗

= δβR + (1− β)(1− δ)R + δ(1− β)R.14 (11)

4.2.3 Technological choice of the platform

Given the efficiency δ of the profiling technology, the platform may or may not adopt it. We

therefore compare the platform’s profits with and without profiling technology to underline the

condition of adoption of the profiling technology by the platform.

When â < m, Proposition 3 already demonstrates that the platform has no use for the

profiling technology
14We recall that R = R(m) and R = R(min(â,m)).
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Conversely, when â > m, comparing profits in Eq. (11) to Eq. (7) allows us to obtain the

minimum efficiency value δ for which it is always profitable for the platform to use the profiling

technology.

Proposition 5:When the platform is constrained (â > m), it always uses the technology if
R
R
≥ 1 − β and δ ∈ [δ, 1], or R

R
≤ 1 − β and δ ∈ [δ, 1], with δ = βR

Rβ+(1−β)(R−R)
and

δ = (1−β)(R−R)

Rβ+(1−β)(R−R)
. See Proof of Proposition 5 in Appendix A.2.

Proposition 5 states that the platform will use the profiling technology when the probability

of correctly classifying the types of users is sufficiently high, i.e. when δ > max(δ, δ).15

Indeed, when the profiling technology is deficient (δ < max(δ, δ)), the platform does not

properly classify a part of Internet users, resulting into lower profits. For example, when users

γ are classified as γ, their utility decreases and they choose to avoid ads by adopting AATs,

resulting in a drop of profits.

5 Some considerations about the volume of ads in equili-
brium

The use of a profiling technology affects the level of ads served to consumers with respect to a

situation where the platform does not use a profiling technology. In this section, we determine

more precisely how the number of ads served at equilibrium changes when the platform uses the

profiling technology. Do consumers see more ads when a platform uses a profiling technology?

We restrict the analysis to the cases where the platform may use the technology.16 Proposi-

tion 6 presents two different cases.

Proposition 6:When the platform is constrained (â > m) and chooses to use the technology

(δ > max(δ, δ)), it affects Internet users in two ways.

• Firstly, when R
R
≥ 1− β, a proportion δβ + (1− δ)(1− β) of consumers sees the same

level of ads with or without technology, whereas a proportion δ(1 − β) + (1 − δ)β of

consumers sees more ads. The level of ads increases so much for the proportion (1− δ)β
of consumers that they choose to adopt AATs when they would choose to see ads without

technology.

15When R
R ≤ 1 − β we have δ ≤ 1

2 ≤ δ ≤ 1, and when R
R ≥ 1 − β we have δ ≤ 1

2 ≤ δ ≤ 1. Therefore, we

know from Proposition 5 that the platform will use the profiling technology if δ > max(δ, δ).
16We indeed established that when all Internet users are not ad-sensitive (min(â,m) = â), the platform does

not use the technology.
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• Secondly, when R
R
< 1 − β, a proportion δ(1 − β) + (1 − δ)β of consumers sees the

same level of ads as without technology, whereas a proportion δβ + (1− δ)(1− β) sees

less ads. The level of ads decreases so much for the proportion δβ of consumers that they

prefer to see ads when they would prefer to avoid them without technology.

Proposition 6 shows that introducing a profiling technology greatly changes the level of ads

consumers may see with respect to a situation without profiling technology.

Firstly, Proposition 2 shows that if the platform does not use a profiling technology and
R
R
≥ 1 − β, it will set a low level of ads a∗ = m and will attract all Internet users. However,

when using the profiling technology, the platform sets two levels of advertising aT∗ = m

and aT∗ = min(â,m) when receiving the signals s and s. The profiling technology does not

however always correctly classify consumers, which may encourage some to adopt AATs. This

is exactly the case when the platform tailors a level of ads aT∗ for users γ but classifies some of

them as γ. In this latter case, it is preferable for the proportion (1− δ)β of these users to adopt

AATs. The number of consumers who chooses to see ads therefore decreases with respect to

the baseline case.

Second, Proposition 2 also shows that if the platform does not use a profiling technology

and R
R
< 1 − β, it may want to set a higher level of advertising a∗ = min(â,m) to get higher

profits in attracting less Internet users γ. In the case with profiling technology, both levels of

advertising aT and aT are still available. As the platform sets aT∗ = m when receiving s, the

level of advertising decreases for respective proportions δβ and (1−δ)(1−β) of users correctly

and incorrectly classified as γ. In this case, the proportion of users δβ correctly identified as

γ chooses to see ads when they would choose to adopt AATs without profiling technology.

The use of a profiling technology allows the platform in this case to increase the number of

consumers who choose to see ads with respect to the baseline case.

To evaluate in the end whether the levels of ads with profiling technology aT∗ and aT∗

differ from the one without technology aT∗, we need to calculate how many ads are served to

consumers. Indeed, we cannot simply compare the levels of ads with or without technology,

as different proportions of consumers can be targeted by two distinct levels of advertising.

Basically, as an illustration, we have to compare a case without profiling technology where the

platform sells 10 ads to reach 100 consumers to a case where the platform can use a profiling

technology and sell on the one hand 8 ads to reach 75 consumers γ, and 10 ads to reach 25

consumers γ on the other.

We denote by V = Na∗ and V T = N|s=sa
T∗+N|s=sa

T∗, the total number of ads served by
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the platform without and with profiling technology. We have:

V =



â if â < m,

m if â > m and R
R
≥ 1− β,

(1− β) min(â,m) if â > m and R
R
< 1− β,

and,

V T =


V if â < m or â > m and δ < max(δ, δ),

m(δβ + (1− β)(1− δ)) + δ(1− β) min(â,m) if â > m and δ > max(δ, δ).

When online users are not very ad-sensitive, the platform will not use the technology as

all users still visit the website when setting its favorite level of advertising a∗ = â. When at

least a proportion of users is strongly ad-sensitive (min(â,m) = m), it is clear that when the

profiling technology does not correctly classify users, i.e. when the technology is deficient

(δ < max(δ, δ)), the platform does not use it, and the situation remains unchanged: V T = V .

However, when the technology is efficient (δ > max(δ, δ)), the platform uses the profiling

technology to tailor the level of ads to both types of consumers. This situation has to be compa-

red with the two possible strategies available for the platform when it does not have a profiling

technology, i.e. when V = m or V = (1− β) min(â,m). We establish the following proposi-

tion:

Proposition 7:When the platform is constrained (â > m) and chooses to use the technology

(δ > max(δ, δ)), the total number of ads served by the platform to Internet users is higher V T >

V when R
R
≥ 1− β. If R

R
< 1− β, V T > V if δ ∈ [δV , 1], with δV = (1−β)(min(â,m)−m)

(1−β)(min(â,m)−m)+βm
.

See Proof of Proposition 7 in Appendix A.3.

Proposition 7 shows that the platform will serve more ads in total when R
R
≥ 1 − β, while

it is not always the case when R
R
< 1− β.

Indeed, according to Proposition 6, introducing a technology when R
R
≥ 1 − β decreases

the number of Internet users seeing as. On the one hand, the platform attracts all Internet

users without technology, while it misclassifies a proportion of strongly ad-sensitive users when

using one. On the other hand, the technology allows to set a higher level of ads to a proportion

of correctly classified weakly ad-sensitive users. All in all, we find that the higher level of

ads shown to correctly classified weakly ad-sensitive users always offsets the decrease in the

number of Internet users seeing advertising.
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Conversely, according to Proposition 6, introducing a technology when R
R
< 1−β allows to

attract more users on the platform. On the one hand, correctly classified strongly ad-sensitive

users choose not to avoid advertising and see a low level of ads. On the other hand, misclassified

weakly ad-sensitive users see less ads than before. All in all, we show that the higher number of

Internet users seeing ads offsets the lower level of ads seen by misclassified weakly ad-sensitive

user only if the profiling technology does not misclassify too much.

6 Winners and Losers of the Profiling Technology

We analyze how the introduction of a profiling technology may affect consumers, advertisers,

and the platform. In doing that, we define total welfare as the sum of the platform profits

(Π), the advertisers surplus (Sa) and the users surplus (Su). We compute the total welfare

without technology (W ) and the total welfare with the profiling technology (W T ) when it is

good enough to be used by the platform (i.e. when δ > max(δ, δ)).

6.1 Internet user surplus

Two cases are interesting to analyze when â > m.17

Proposition 8:When the platform is constrained (â > m) and chooses to use the techno-

logy (δ > max(δ, δ)):

• If R
R
> (1− β), STu > Su if γ(min(â,m)) > γ(m).

• If R
R
< (1 − β), STu > Su if δ 6= 1 and γ(min(â,m)) < γ(m). See Proof of Proposition

8 in Appendix A.4

Proposition 8 underlines two important results. Firstly, the impact of the profiling techno-

logy on users surplus largely depends on the utilities associated to a correct or a misclassifica-

tion. For example, an Internet users could tolerate a high advertising intensity, but may prefer a

lower one, hence prefering to be misclassfied by the technology. Conversely, a user may want

to receive more ads on a specific subject, hence generating a higher utility from being correctly

classifed. Secondly, it also depends on the structure of the market, as the impact of introducing

a technology depends on the advertising level set by the platform without technology.

Indeed, when R
R
> (1 − β), introducing a profiling technology will increase consumer

surplus only if weakly ad-sensitive users prefer to be correctly classified (γ(min(â,m)) >

17The consumer surplus will not be affected by the introduction of technology when â = â < m. Indeed,
Proposition 3 shows that the technology will not be used by the platform in this case.
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γ(m)). 18 This is due to the fact that the platform attract all Internet users with a low level of

advertising, hence showing few ads to users weakly ad-sensitive. Hence, using the technology

allows to show more ads to weakly ad-sensitive users. The impact of the technology on user

surplus therefore depends on whether weakly ad-sensitive users prefer to see more ads (being

correctly classified) or fewer ads (being misclassified).

The inverse situation arises when R
R
< (1−β) as introducing an imperfect profiling techno-

logy increases consumer surplus only if weakly ad-sensitive users prefer to be misclassified

(γ(m) > γ(min(â,m))). In this situation, the platform chooses to strip out weakly ad-sensitive

users of their utility while excluding strongly sensitive users when he has no profiling techno-

logy. Hence, introducing a technology would reduce the level of ads shown to misclassified

weakly ad-sensitive users. Consequently, user surplus increase with a profiling technology if

weakly ad-sensitive users prefers a lower level of ads (being misclassified) than a high level of

ads (being correctly classified).

6.2 Advertiser surplus

Like the consumer surplus analysis, we only analyze the situation encountered when the plat-

form is constrained â > m. More generally, introducing a perfect profiling technology will

increase advertisers surplus. However, an imperfect technology may have different effect as

the platform have different practice when it has no profiling technology.

Proposition 9:When the platform is constrained (â > m) and chooses to use the technology

(δ > max(δ, δ)), advertisers always benefit from it STa > Sa if R
R
≥ 1 − β. If R

R
≤ 1 − β,

advertisers benefit from the technology if δ ∈ [δsa , 1], with δsa =
(1−β)(sa−sa)

saβ+(1−β)(sa−sa) . See Proof

of Proposition 9 in Appendix A.5.

Proposition 9 highlights important results for advertisers. When R
R
≥ (1−β), the advertisers

will gain from the profiling technology as long as it it is beneficial for the platform to introduce

it only. Conversely, if R
R
< (1 − β), there is an area on δ where introducing the technology is

profitable for the platform but lower the advertisers surplus.

In this case, the platform may choose to adopt the technology even if it lowers advertisers

surplus, hence making their situation worse than without technology. This is due to the fact that

an efficient profiling technology allows a better detection of strongly ad-sensitive users, which

require a lower level of ad, hence decreasing advertisers surplus. This result exerts a strong

18As γ(m) > γ(m), the profiling technology can only increase consumer surplus when the platform is weakly
constrained min(â,m) = â) and γ(m) < γ(â). This is intuitive as a correct identification in this case generates
higher utility than a misclassification for Internet users weakly ad-sensitive.
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impact on the computation of total welfare.

6.3 Profits of the platform

The analysis follows the same mechanisms as in Proposition 5. The platform choose to use the

technology only if it generates high enough profits, i.e if the technology is good enough. The-

refore the condition for the technology to be profit increasing are the same than in Proposition

5.

6.4 Total welfare

We simplify the analysis in writing the industry profits as G = R+ sa and G = R+ sa and the

incentives to be correctly identified for weakly ad-sensitive consumers as Iγ = γ(min(â,m))−
γ(m).

Proposition 10:When the platform is constrained (â > m) and chooses to use the technology

(δ > max(δ, δ)):

• If R
R
> (1− β), W T > W if δ(βG+ (1− β)(G−G) + (1− β)Iγ) > βG

• If R
R
< (1− β), W T > W if δ(βG+ (1− β)(G−G) + (1− β)Iγ) > (1− β)(G−G) +

(1− β)Iγ . See Proof of Proposition 10 in Appendix A.6

Proposition 10 underline different situations. We analyze only the cases where the techno-

logy is efficient enough and have an impact on market equilibrias (that is when the platform is

constrained by the nuisance of Internet users when setting its level of advertising).

A first situation arises when R
R
> (1 − β). In that case, the industry profits - that is the

platform profits and the advertisers surplus - always benefits from the introduction of an ef-

ficient technology. Two cases can arise. Firstly, if weakly ad-sensitive users generate more

utility from being correctly identified (γ(min(â,m)) > γ(m)), the introduction of technology

will be welfare increasing as it improves the situation of all agents in the market. Secondly,

if weakly ad-sensitive Internet users generate more utility from being misclassified as strongly

ad-sensitive (γ(min(â,m)) < γ(m)), the introduction of technology will be welfare increasing

if the opportunity cost of not being misclassifed is not too high (γ(min(â,m) close to γ(m)).

A second situation arises when R
R
< (1 − β). In this case, the industry profit may not in-

crease with the introduction of the technology, as platform may use the technology while it de-

creases advertisers surplus. more precisely, three different situations may occur. Firstly, if the
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introduction of an efficient technology decreases industry surplus 19 and weakly ad-sensitive

Internet users earn higher utility from being correctly classified (γ(min(â,m)) > γ(m)), it

will be welfare decreasing as both industry profits and Internet users surplus are lower with

technology than without. Secondly, if the introduction of an efficient technology increases

industry surplus and weakly ad-sensitive Internet users earn higher utility from being misclas-

sified (γ(â,m)) < γ(m)), it everyone benefit from the technology. Finally, if the technology

decreases industry surplus and increases Internet user surplus or increase industry surplus and

decrease Internet user surplus, the introduction of such technology may have an ambiguous

effect on welfare. Results are sumed up in Figure 4.
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Figure 4: Welfare impact of technology with r(a) = 1− a

7 Strategic implications and conclusion

In this part, we summarize the key results and implications of the model, and concludes.

We observe that the main findings depends on whether attracting users who are strongly ad-

sensitive is profitable or not for the platform. We recall from Proposition 2 that when there is

no profiling technology, the publisher will choose to set a low level of advertising and attract all

Internet users if R
R
> 1− β or set a high level of advertising and only attract the least sensitive

Internet users if R
R
< 1− β.

Let assume for simplicity that the marginal revenue function R(a) of the publisher is fixed,

as well as the maximum advertising level users of each population are willing tolerate m and

19The technology is efficient enough to be used by the platform but sharply decreases advertisers surplus (δsa >
δ > δ)
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m. 20 In this case, the incentives of the platform to attract or not the entire audience depends

on the proportion β of strongly sensitive Internet users visiting its website. Firstly, we note that

when there is a dominant proportion of strongly sensitive Internet user (high β), the publisher

is likely to attract all Internet users with a low level of advertising. When this is the case, we

consider that the platform is facing a strongly elastic audience that creates incentives to lower its

advertising level. Conversely, when there is a dominant proportion of weakly sensitive Internet

users (low β), the publisher will be more likely to set a high level of advertising and attract only

weakly ad-sensitive Internet users. In that case, the platform is facing an audience we define as

weakly elastic to advertising.

From above, we consider that the platform can encounter two types of audience: strongly

elastic or weakly elastic to advertising level. For example, illegale streaming or downloading

websites such as The Pirate Bay or DpStream generally face an audience weakly elastic to

advertising, and choose to set a high level of advertising. Conversely, News websites such as

The New York Times, The Washington Post or The Financial Times adress a larger audience

which is significantly more elastic to advertising levels, hence fostering them to lower the level

of advertising.

The platform sets its advertising level depending on the type of audience it attracts, knowing

its marginal revenue function R(a). Considering this typology of audiences, we are able to

derive key strategic implications:

Key Result 1:

• On a platform facing an audience weakly elastic to advertising, the introduction of a

profiling technology reduces AAT demand, and therefore increases the number Internet

users seeing advertising.

• Conversely, on a platform facing an audience strongly elastic to advertising, the intro-

duction of a profiling technology increases AAT demand, and therefore decreases the

number of Internet users watching ads.

This result directly stems from Proposition 6. Without profiling technology, a platform

facing weakly elastic audience choose to focus on attracting only Internet users who are the less

ad-sensitive. Hence, introducing a profiling technology allows the platform to attract strongly

ad-sensitive users in offering a better Internet user experience. For illustration, introducing a

profiling technology on DpStream would improve the user experience of a part of the audience.

20which defines R and R as R(a∗ = m) = R and R(a∗ = m) = R
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Conversely, without profiling technology, a platform facing a strongly elastic audience

chooses to attract the entire audience of Internet users. Therefore, introducing a profiling

technology may degrade the experience of strongly ad-sensitive users who are misclassified,

and therefore foster them to use AATs instead of watching ads. As an example, introducing a

profiling technology on The New York Times would deteriorate the user experience of a part

of the audience.

A subsequent analysis can be drawn on the impact of the profiling technology on welfare.

Propositions 10 determines the conditions for which the introduction of such technologies is

welfare increasing. Mapping the propositions to our analysis allows to underline the following

key results:

Key Result 2:

• On a platform facing an audience weakly elastic to advertising, the introduction of an

efficient profiling technology is welfare increasing if Internet users benefits more from

being misclassified than correctly classified and advertisers benefit from the technology.

• Conversely, on a platform facing an audience strongly elastic to advertising, the intro-

duction of a profiling technology is always welfare increasing if Internet users benefits

more from being correctly classified than misclassified.

Key result 2 highlight that the impact of the introduction of a profiling technologies de-

pends on the audience of the website that adopts it. From the analysis on Proposition 10, we

understand that if the profiling technlogy is highly efficient, its introduction is welfare enhan-

cing no matter the type of websites. However, if the profiling technology is less efficient, the

introduction of a profiling technology impacts welfare differently depending on the structure of

its audience.

For example, introducing a profiling technology on a platform facing a strongly elastic

audience such as The Washington Post is welfare increasing if this very audience is composed

of internet users that enjoy being correctly classified (or don’t care about their classification).

Indeed, on the one hand, both advertisers and the platform benefit from the introduction of a

profiling technology. On the other hand, the less elastic fringe of the audience is seeing more

ads with profiling technology than without. Therefore, the impact of the profiling technology

on total welfare obviously depends on whether the audience prefers to be correctly classified

(seeing more ads) or not (seeing less ads).

Conversely, introducing the profiling technology on platform facing a weakly elastic de-

mand such as The Pirate Bay may have more ambiguous impact on total welfare. Firstly, the
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advertisers do not always enjoy the introduction of such technology when facing that type of

audience, as the platform practice lower level of ads. Secondly, the less elastic fringe of the

audience is seeing less ads with profiling technology than without in this case. All in all, the

impact of the profiling technology on total welfare depends on whether the audience prefers to

be correctly classified (seeing more ads) or not (seeing less ads) and if the advertisers extract

benefit from the profiling technology. Therefore, introducing a profiling technology on a plat-

form facing a weakly elastic demand such as DpStream is less likely to be welfare improving

The efficiency of the profiling technology relies on two important points. On the one hand,

the profiling technology must use a good enough classification technology (such as machine

learning), which may represent an investment for the platform. On the other hand, the profiling

technology uses Internet user personal information to classify as averse or not to advertising.

Thus, the fact that more and more Internet users tend to protect themselves using Privacy En-

hancing Tools (PETs) may lower quality of the profiling technology. This last point is crucial

for regulators. For example, the European commission is regulating the use of personal in-

formation for business purpose, giving more market power to Internet user. For this different

reasons, one of the limit of the paper is to consider the efficiency of the profiling technology as

exogenous, while it is endogenous to the choice of Internet users and depends on the regulation.

Future research may therefore consider the link between the willingness to share information

of Internet users, the privacy regulation operating on the market and the efficiency of profiling

technologies used by firms to serve advertising.
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A Appendix

A.1 Proof of Proposition 2

We compare the profits of the platform when it serves consumers γ and γ to the ones when it

serves only consumers γ:

• θ ≤ 1 + γ(â(v)): Π(a∗ = â) = (1− β)R(a∗ = â)

• θ ≥ 1 + γ(â(v)): Π(a∗ = m) = (1− β)R(a∗ = m)

The threshold R
R
> 1− β results directly from the comparison.
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A.2 Proof of Proposition 5

Two cases have to be analyzed.

• First case: R
R
> 1− β.

Two strategies are available, which gives the following profits:

Π∗ =


P(s)R + P(s)P(γ|s)R if the platform follows the signal,

R else.

Comparing both profits leads directly to the rule that following the signal is more profi-

table for δ ∈ [ Rβ

Rβ+(1−β)(R−R)
, 1]. Else, ignoring it is more profitable.

• Second case: R
R
≤ 1− β.

Again two strategies are available, either following the signal or not:

Π∗ =

 P(s)R + P(s)P(γ|s)R if the platform follows the signal,

(1− β)R else.

Comparing both profits leads directly to the rule that following the signal is more profi-

table for δ ∈ [ (R−R)(1−β)
(R−R)(1−β)+Rβ , 1]. Else, ignoring it is more profitable.

It is immediate to see that both values are below 1, and a direct resolution allows to verify

that they are above 1
2
.

A.3 Proof of Proposition 7

• When R
R
≥ 1− β, V T > V if δ ∈ [δV , 1].

• When R
R
< 1− β, V T > V if δ ∈ [δV , 1].

With δV = βm
(1−β)(min(â,m)−m)+βm

and δV = (1−β)(min(â,m)−m)
(1−β)(min(â,m)−m)+βm

.

However, we know from Proposition 5 that for the technology to be used by the platform,

it has to be efficient enough such that δ > max(δ, δ).

We therefore compare the conditions for which the platform would use the technology and

the volume of ads may increase with profiling technology. We find that as r(a) is decreasing in

a, r(m) > r(min(â,m)) and therefore δV < δ and δV > δ.

Hence, we are able to write that :
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• When R
R
≥ 1− β, V T > V

• When R
R
< 1− β, V T > V if δ ∈ [δV , 1].

with δV = (1−β)(min(â,m)−m)
(1−β)(min(â,m)−m)+βm

.

A.4 Proof of Proposition 8

Su = NU +NU =



β(1 + γ(â)) + (1− β)(1 + γ(â)) if â < m

βθ + (1− β)(1 + γ(m)) if â > m and R
R
> (1− β),

βθ + (1− β)(1 + γ(min(â,m))) if â > m and R
R
< (1− β),

(12)

STu =


β(1 + γ(â)) + (1− β)(1 + γ(â)) if â < m

βθ + (1− δ)(1− β)(1 + γ(m))+
δ(1− β)(1 + γ(min(â,m)) if â > m

(13)

A.5 Proof of Proposition 9

Sa = N

∫ a∗

0

(r(a)−r(a∗))da =



sa(â) if â < m

sa(m) ≡ sa if â > m and R
R
> (1− β),

(1− β)sa(min(â,m)) ≡ (1− β)sa if â > m and R
R
< (1− β),

(14)

STa =


sa(â) if â < m

(δβ + (1− δ)(1− β))sa + δ(1− β)sa if â > m
(15)

When the platform is constrained (â > m), the advertisers benefit from the technology

STa > Sa if R
R
≥ 1−β and δ ∈ [δsa , 1], or R

R
≤ 1−β and δ ∈ [δsa , 1], with δsa = βsa

saβ+(1−β)(sa−sa)

and δsa =
(1−β)(sa−sa)

saβ+(1−β)(sa−sa) .

However, we know from Proposition 5 that for the technology to be used by the platform,

it has to be efficient enough such that δ > max(δ, δ).

We compare the conditions that insure benefits from the technology for advertisers and the

platform. We find that R
R
≥ 1 − β (resp. R

R
< 1 − β) the condition for the platform to benefit

from the profiling technology overlooks the one for advertisers i.e δ > δsa (resp. δ > δsa) if
R
R
> sa

sa
(resp. R

R
< sa

sa
).

We call G(a) the antiderivative of r(a). We therefore can rewrite the above condition in
R
R
> G−R

G−R (resp. <), which can be simplified to R
R
> G

G
. Computing the derivative of G and R
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with respect to a, we find that G′ = r and R′ = ar′ + r. As r′ < 0, G′ > R′, which prove the

condition R
R
> G

G
to be always true.

We can therefore wright that if R
R
≥ 1 − β, STa > Sa and if R

R
< 1 − β, STa > Sa only if

δ ∈ [δsa , 1] with δsa =
(1−β)(sa−sa)

saβ+(1−β)(sa−sa) .

A.6 Proof of Proposition 10

W =



R(â) + sa(â) + 1 + βγ(â) + (1− β)γ(â) if â < m

R + sa + βθ + (1− β)(1 + γ(m)) if â > m and R
R
> (1− β),

(1− β)(R + sa) + βθ+

(1− β)(1 + γ(min(â,m) if â > m and R
R
< (1− β),

(16)

W T =


R(â) + sa(â) + 1 + βγ(â) + (1− β)γ(â) if â < m

(δβ + (1− δ)(1− β))(R + sa) + δ(1− β)(R + sa)
+βθ + (1− δ)(1− β)(1 + γ(m)) + (1− β)(1 + γ(min(â,m)) if â > m

(17)
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