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Abstract

We consider a data broker specialized in the treatment of consumer data, and selling
to firms its analytics services. The broker accesses the data of a firm and returns
information on the willingness to pay of consumers, allowing the firm to achieve higher
profits by price-discriminating consumers. By accessing the data of a firm, the broker
can benefit from effects of learning-by-doing reducing its further treatment cost. At
first glance, the intuition suggests that this learning effect allows the broker to treat
data in a wider range of cases, such as when the treatment cost is high, and induces
an expansion of the data market. Yet, our contribution is to show that learning effects
can induce a shrinkage of the data market: by anticipating how providing their data
to the broker will induce the learning effect, firms will strategically prefer to remain
uninformed if doing so implies that their competitor also remains uninformed.

1 Introduction

The digitization of the economy has seen the rise of data markets. Retailers, banks, or real
estate companies now routinely acquire the services of data brokers such as Nielsen, Axciom
or Equifax, specialized in supplying fine-grained data and business analytics allowing firms to
optimize their interactions with customers. In 2020, the data brokerage industry was valued
at 200 Billion USD (Tucker and Neumann, 2020), and is expected to rise to more than 462
Billion USD by 2031.

These data brokers spend tremendous efforts to collect the most granular data that they

use to fuel machine learning algorithms allowing them to predict at best consumers’ purchas-
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ing behavior. For instance, Nielsen collects data using the National Consumer Panel where
consumers report their daily purchasing behavior.?

Yet, an important part of their data comes from their clients themselves. An online retailer
that purchases the services of Nielsen to optimize its pricing strategy will first provide data
on its past consumers’ purchase behavior and payment transactions, and Nielsen will then
treat the data using its analytics services — such as the Scantrack service for instance — to
provide the retailer with recommendations on its pricing strategy. Similarly, in the US, banks
provide Equifax, Axciom and Transunion with financial data on their customers, and then
they purchase the credit scores computed by these data brokers, which they use to offer
consumers with personalized interest rates. As pointed by the FTC (2014), “data brokers
report that they obtain data directly from their merchant and financial service company
clients”. Hence, by selling their analytics services to firms, data brokers learn from the data
of their clients and improve the quality of their data sets and algorithms. Data markets
are characterized by strong effects of learning-by doing, and as data brokers accumulate
experience, they can provide their clients with better and cheaper analytics services.

In light of these effects of learning-by-doing that characterize data markets, this paper
examines what tactic firms should adopt with regard to purchasing the services of a data
broker and thereby providing it with their data. To structure the setting that we analyze,
we consider one data broker and two firms — labelled Firm A and Firm B — competing in a
product market. Firms have data on some of their consumers. They can pay the data broker
to treat their data and provide them information on the willingness to pay of these customers,
allowing firms to charge consumers personalized prices. This requires a firm to provide its
data to the broker, which may help it to reduce its treatment cost later on. For simplicity,
Firm A decides first whether to deal with the broker, and then Firm B makes its decision.

When the data broker benefits from strong learning-by-doing effects, one would thus
expect the data market to expand, with the broker selling its services to Firm B more often.
These dynamics inspire us to ask the following questions: May a firm choose in fact not to
purchase the services of the broker because of the learning-by-doing effect? If so, when and
why might such a counter-intuitive strategy make sense? In turn, what are the impacts of
such a strategy on profits and consumers?

Our main contribution is to show that learning-by-doing effects in data may induce firms
not to purchase the services of a broker and therefore reduce rather than increase the overall
use of data. The intuition for this result is the following.

When Firm A knows that providing its data to the broker will make it more efficient, it

2National Consumer Panel.


https://www.ncppanel.com/

anticipates that its improved efficiency will allow the broker to provide its analytics services
to Firm B, the competitor of Firm A. This would result in a sharp increase of the intensity of
competition in the product market, that Firm A can sometimes avoid by not purchasing the
services of the broker. Such a strategic anticipation does not take place without learning-by-
doing, in which case Firm A would know that purchasing the services of the broker does not
change its ability to treat the data of Firm B. This anticipation of the competitive effect of
learning-by-doing results in a shrinkage of the data market, a novel result in the literature.

Perhaps even more surprisingly, we show that the broker is sometimes even ready to pay
Firm A to treat its data, anticipating the cost reduction that this induces and the further
profits that the broker will realize. In such case, treating the data of Firm A has the value
of investments in cost-reducing innovations that benefit the broker later on. Paying to treat
its data provides Firm A incentives to share the data, which it would not find profitable
otherwise. Indeed, in support of these intuitions, the FTC (2014) report points to practices
of data brokers purchasing data from firms, and particularly from retailers.?

Our results have both managerial and policy implications. First, managers of the compet-
ing firms should consider that their data are valuable inputs that benefit the broker. With
this in mind, the bargaining power between buyers and sellers of data may change, as a firm
can account for the efficiency gains that its data provides with the broker. Secondly, man-
agers of the data broker company should account for these effects of learning by doing when
dealing with their clients. Otherwise, our results will show that the broker may sell data to
fewer firms and achieve lower profits. In terms of policy and welfare, our results contribute to
policy debates where regulators are increasingly wary of the importance taken by data brokers
in our economics, in particular regarding their ability to collect precise sensitive information
on consumers, raising a threat to their privacy.* By highlighting the importance of effects
of learning-by-doing in data markets, our results suggest that the data market may expand
as data brokers become even more efficient, but that this expansion may be limited if firms
account for the value of their data when dealing with brokers.

The rest of the article if organized as follows. We review the literature on learning-by-
doing and on data markets in Section 2. We describe the model in Section 3, and we solve the

product-market equilibrium in Section 4. We characterize the value of information in Section

3See FTC (2014) p.13: "Data brokers in this study purchase information about individuals from wide-
ranging commercial sources. For example, the data brokers obtain detailed, transaction-specific data about
purchases from retailers and catalog companies. Such information can include the types of purchases (e.g.,
high-end shoes, natural food, toothpaste, items related to disabilities or orthopedic conditions), the dollar
amount of the purchase, the date of the purchase, and the type of payment used”.

4See for instance the FTC (2014) report, and more recently, the Digital Platform Services Inquiry
March 2024 report on data brokers of the Office of the Australian Information Commissioner. Last accessed,
26.01.2024.
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5 and the selling strategy of the broker in equilibrium in Section 6. Section 7 concludes.

2 Literature

Learning-by-doing Effects of learning-by-doing have been for long identified in several in-
dustries, including plane manufacturers (Rosenberg, 1982; Miller and Chen, 1994; Von Hippel
and Tyre, 1995) and service organization (Darr et al., 1995). These early evidence have then
initiated a rich theoretical literature.

Cabral and Riordan (1994) analyze duopolists benefiting from effects of learning-by-doing,
and show that intense price competition can provide firm with a strong competitive advantage
allowing it to drive its competitor out of the market.

A rich literature builds on these model considering infinite interaction among firms in
markets with learning-by doing. Besanko et al. (2010) consider firms acquiring experience
that may decay over time. Besanko et al. (2014) analyze how learning-by-doing impacts
competitive pricing. Sweeting et al. (2022) analyze a strategic buyer that anticipates how its
consumption will reduce further prices. Deng et al. (2023) build on this last model to look at
varying bargaining power in the product market, by considering partial extraction of surplus
by the buyer.

These papers consider a rich set of questions including among other issues of entry and exit
and product variety, showing that learning-by-doing reduces the number of variety compared
to the social optimum. They also highlight the large number of equilibria in such infinite
games, for instance as buyers can choose to postpone their consumption decision to benefit
from lower prices at later stages.

We contribute to this literature by introducing competition among buyers. We will show
that a firm that anticipates how its purchasing of the services of the broker impacts its ability
to deal with the competing firm in the following stage can lead to an equilibrium where all

firms prefer not to use the data at all, resulting in a shrinkage of the data market.

Data and markets We contribute to a rich literature analyzing the value of data in digital
markets. Theoretical contributions in various fields have modelled effects of learning-by-doing
with data in static models by focusing on increasing return to scale (Agrawal et al., 2019;
Mihet and Philippon, 2019; Jones and Tonetti, 2020; Martens et al., 2021; Farboodi and
Veldkamp, 2023).

By considering sequential interactions, we explicitly model learning effects and how they

impact further interactions between the broker and the firms. We will show that, even



though learning effects in data take place in principle, their implementation may not occur
when accounting for firm’s behavior. On the contrary, the market value of data will decrease

if firms anticipate that the learning effect will allow the broker to serve their competitors.

3 Model

3.1 Consumers

Consumers buy one product at a price py from Firm A located at 0, or at a price pg from
Firm B located at 1. Consumers located at = € [0, 1] receive a utility V' from purchasing the
product, but incur a cost ¢ > 0 of consuming a product that does not perfectly fit their taste
x. Therefore, buying from Firm A (resp. from Firm B) incurs a cost tz (resp. t(1 — z)).

Consumers choose the product that gives the highest level of utility:

V—p—tx if buying from Firm A,
u(x) =
V — py — t(1 — ) if buying from Firm B.

3.2 Firms

Firm A is located at 0 and has some information on consumers in [0, 4], Firm B is located
at 1 and has some information on consumers in [1 — dp, 1].

The information owned by each firm can be generated for instance by customers sharing
data as part of a loyalty program. Firms cannot exploit this information on their own, but
they can share it with a data broker that will treat the data and return to firms perfect

information on these consumers.

3.3 Data Broker

The broker sells to firms the possibility to treat their data and price discriminate consumers.
The broker makes sequentially a take-it-or-leave-it offer to each firm. First, the broker makes
an offer to Firm A, and then to Firm B. Thereby, it can charge a maximal price of information
equal to the willingness to a firm, i.e., equal to the difference of profits with information and
those if it remains uninformed. We delve into the details of these offers when solving the

game in Section 4.



Inferring consumers’ types from data has a cost. If the broker has treated the data of
Firm A, it benefits from a cost-reduction that is proportional to d4 and to a factor a. Hence,
at the time it makes an offer to Firm B, the broker will be able to treat Firm B’s data at a
lower cost if it has treated Firm ’s data before. This specification allows us to model effects
of learning by doing, and parameter a captures the strength of these effects. For simplicity

we use the following functional form for the cost function:

co for Firm A
cop for Firm B without learning effect,

c0p(1 — ady) for Firm B when Firm A treated d4.

Hence, the broker makes an offer if the gains from selling information dominate the cost to

treat the data.

3.4 Timing

The timing of the game is as follows:

o Stage 1: The broker makes an offer to sell information to Firm A.
» Stage 2: The broker makes an offer to sell information to Firm B.

» Stage 3: Firms set a homogeneous price for consumers on whom they do not have
information. If they have acquired information on ¢ consumers, they then personalize

prices for these identified consumers.

This timing is commonly used in the literature on learning-by-doing as it allows to simply
identify the different effects of the interaction between an upstream seller and one of the firms
(Besanko et al., 2010, 2014, 2019; Sweeting et al., 2022).

If a firm declines the offer of the broker, we ignore the possibility of renegotiation later
on. For instance, if Firm A refuses the offer of the broker and Firm B accepts it, Firm A

cannot reconsider the offer afterwards.

4 Competitive equilibrium in the product market

We compute prices and demands when firms have acquired information from the data broker.

Firm A price discriminates consumers on [0, 4], and charges consumers on [d4, 1] a homo-

6



geneous price. Similarly, Firm B price discriminates consumers on [1 — dp, 1], and charges a

homogeneous price to consumers on [0,1 — dp].

Prices and demand. Firm A sets a price p4(z) for consumers located at [0, d;]. Similarly,
Firm B sets a price pg(x) for consumers located at [1 — dp,1]. Firm i then sets a unique
price p;s on the rest of the unit line. The prices charged to consumers targeted by Firm A

and Firm B satisfy:

V—tr —palx) =V —t(l1—2) —pp = palx) =pp+1t—2tx,
V—tl—z)—pplx)=V —te —psy = pp(r) =pas+2tx —t.

Let denote d4 the demand for Firm A (resp. dp the demand for Firm B) where firms compete.

d 4 is determined by the indifferent consumer z:

PB—patt

Vti—pa=V—t(l-5)—ps = &= 0",

anddA:j—(SA:pB—Tzw_(;A (resp. dB=1—5B—pB_27’;A+t).

Profits of the firms. The profits of the firms are:

oA oA — _|_t

A :/0 pA(LE)dLC—FdApA :/0 (pB+t—2tx)dx+ (szptA —5,4) DA,
1 1 — +t

™ = pB(:I:)d:E+dBpB :/ (pA+2t$—t)dl'+ (pApB —53) PB-
1-6p 1-65 2t

Prices and demands in equilibrium. We now compute the optimal prices and demands,

using first-order conditions on 7; with respect to p;. Prices in equilibrium are:®

2 4 2 4
pa =t| 353 35A]7 pp =t| 35A 353]

Replacing these values in the above demands and prices gives:

pa(zr) =2t — ?53 — §6A —2tx, pg(r) = 2tr — ?;A _ ?53

5We rule out negative prices from the analysis, and a price is taken equal to zero in case its expression
below is negative.



The indifferent consumer is located at:

1 1 1
T=—+4-04— =0
TT TR0 30s
Demands in equilibrium are as follows:
1 2 1 1 2 1
dy=—=—=04— =0 dgp ==+ =0p — =04.
A= 5~ 3047 308, B=5 + 308~ 304

Profits in equilibrium. We compute profits by replacing prices and demands by their

equilibrium values:

t 7 2 4 2 2
i = = *(52?5 *52 t — *51'(571'25 *(Slt - *571'75. 1
R e R R (1)
Profits are strictly concave functions with respect to d4 and dp, and they have a unique

maximum.

5 Value of Information

In the rest of the analysis we focus on the symmetric case 64, = dg = 0. This implies that,
depending on whether firms have their data treated by the broker, firms make the following
profits:

Mg =TR= % if firms do not have their data treated,

Ta=7p =% =1%—06 if both firms have their data treated,

T=1+%2- D and x =L — 21 — ¢] if only one firm (with profits 7 ) treats its data.

When the broker treats the data of a firm, it enhances its ability to extract the surplus of
the closest consumers by personalizing prices. This increases the profits of a firm, but also
intensifies competition and harms the competitor. Hence, a firm benefits from having its data
treated, to the expense of its competitor.

This competitive effect of information is so strong that when both firms have their data
treated, they achieve lower profits than if they had remained uninformed. Overall we can

rank the profits as follows:

=]
V
N | =~



5.1 Selling Information to Firm B

A monopolist data broker can charge a maximal price of information equal to the difference
of profits of a firm with and without information. For Firm B, this maximal price p depends

on whether Firm A had its data treated:

T—7 if Firm A has acquired data,

pB =
if Firm A is uninformed.

In turn, the broker sells information to Firm B if the price of information is greater than
the cost to treat information, equal to dc(1 — ad) if Firm A had its data treated, and to dc

otherwise.

Firm A had its data treated. In this case, Firm B will purchase data from the broker if
and only if # — m > dc(1 — ad). Denoting ¢ = ¢, this conditions implies that Firm B has its

data treated in this case if the treatment cost is not too high — ¢ < % — and if the amount of

c—=2

data to treat is smaller than a threshold: & < § By =

1
9(2—a) "

~ 11 -
OéC?

Hence, Firm B acquires data if

The threshold dp, is smaller than % if ¢ >

CcE [O, m] and (5 c [0,%],

MIN]

ie [m, %] and § < dpy = %:zé‘

Firm A did not have its data treated. In this case, Firm B will purchase data from

the broker if 7 — % > dc. This condition requires that the treatment cost is not too high

- ¢ < % — an that the amount of data to treat is smaller that the following threshold:

5<(§B:%<%—é)

o5 is smaller than % if ¢ > 1%. Hence, Firm B acquires data if

= [0,%] and ¢ € [0, %],

¢e s, 3] and5<(§B:%(§—é).

—

5.2 Selling Information to Firm A

Firm A anticipates how acquiring information impacts the decision of Firm B to acquire data

in the next stage. This determines its willingness to pay and changes the price that the broker



can charge for information:

T— if Firm B purchases data,
pA = T — % if Firm B remains uninformed,
T—T if Firm B remains uninformed only if Firm A purchases data.

The decision of Firm A to acquire data has two opposite effects on the decision of Firm B to
acquire data. On the one hand, we can show that 7 — % > 7 — m and the gains from having
its data treated decrease for Firm B if Firm A treats its data as well. On the other hand,
when Firm A deals with the broker, Firm B benefits from a cost reduction that increases its
incentives to deal with the broker too. Firm A then balances these strategic anticipations

with its own incentives to deal with the broker.

6 Selling Information in Equilibrium

We have seen that the treatment cost is a critical determinant of the decision of firms to have
their data treated. In particular, when ¢ > %, firms do not have their data treated and they
compete in the standard Hotelling mode. Hence, we focus of low treatment costs and ¢ < %

The decision of Firm A to acquire information depends on the resulting impact on the
decision of Firm B, which can be summarized by the respective positions of the thresholds
) g and ) B2.

Hence, the decision of Firm A to acquire information will depend on the strength of the
effect of learning-by-doing, captured in our model by the term « ¢ . The effect will be weak
when this product will be smaller than a cutoff value, otherwise, the effect of learning-by-doing

will be strong.
Definition 1.
The learning effect is said to be weak when:

2.

* Fither the learning parameter is smaller than 5: o < %,

« or the treatment cost is lower than 5 ¢ € [0, 5],

« or the amount of data to treat is small: § € [0, min{dp, d 5o, 1]

Conversely, the learning effect is said to be strong when:

10



4

oo and the amount of

o the learning parameter is higher than %, the cost is greater than
data to treat is high:

2 . 4 PPN 1
oz>§ & c>9—a & 52m1n{63,532,§}.

We analyze the data acquisition decision of the firms in cases of weak and strong learning-
by-doing in the rest of the section, and we explain the role of the thresholds provided in the

definition in changing the decision of the firms to acquire data.

6.1 Weak Learning Effect

Firm B does not have its data treated. A condition for Firm B not to have its data

2

5, or when the parameter is high but

treated is when the learning parameter is small, a <

1 4}.

the cost satisfies ¢ € [9(2704), o

In this case, a necessary and sufficient condition for Firm B not to treat its data is for the
amount of data acquired to satisfy § € [5 B, %] Indeed, simple algebra allows us to show that
5 B > 5 B2 regardless of the value of ¢.

Firm A does not treat its data. When 6 € [z, 1], Firm B does not have its data
treated. Firm A treats its data if T — c¢d > £, which is equivalent to 0 < %(% —¢) = o5, and

Firm A does not treat its data either.

Firm A treats its data. When 6 € [332,33], Firm A can either remain uninformed
and Firm B will treat its data, or Firm A can treat its data, which will discourage Firm B
from treating its data. Hence, the decision of Firm B to treat its data is conditional of Firm
A remaining uninformed.

We can show that Firm A has its data treated. Indeed, its decision is either getting its
data treated and make 7, or not and in this case, Firm B has them treated and makes profits
equal to w. Hence, Firm A treats its data if 7 — & > &0, which is always true and Firm A
only has its data treated.’

By doing so, Firm A reduces the gains from data acquisition for Firm 2. Because the
learning effect is weak, it is dominated by this discouragement effect and Firm B does not

acquire information when Firm A does. On the contrary, because the alternative to remain

‘Indeed, 7 — 7 > &6 <= L+ 92— %] - L4 21— 8] >3 <= % —¢> 6, which is always true as
¢ <

win
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uninformed for Firm A is to face Firm B that acquires information, it increases the willingness

to pay of Firm A for information.

Firm B has its data treated regardless of Firm A: § < min{SB,ng, %} Firm A has
the choice to have its data treated and make profits equal to 7, or to remain uninformed and
make profits equal to w. Hence, Firm A treats its data if 7 — cd > m.

This condition is satisfied § is smaller than the threshold & A2 = % (% — é). This value is
always smaller than min{dz, d 5, T

Hence, when d € [0, SAQ] both firms have their data treated. When § € [3A2, min{SB, 532, %}],
Firm A does not have its data treated, but Firm B does. In this case, Firm A anticipates
low profits as Firm B will acquire data, and prefers not to acquire information. For Firm B,

even if Firm A acquire data, having its data treated is beneficial as it faces lower treatment

costs due to the learning effect.

Lemma 1.
When 6 € [SAQ, min{SB, 332, %}], Firm A does not acquire data, anticipating low competi-

tive profits as Firm B will acquire information.

Proof. There are two cases to consider:

12 ¢ S
SEa) 3), we have dp < 0py.

e When a < %, or when a > % and the cost satisfies ¢ € |

1

o When, ¢ < g 5

%a), o5 and dps are greater than - so that Firm B always has its data
treated.

(2

6.2 Strong Learning Effect

We now consider the case where the learning effect is strong. In this case, when § € [3 B, 5 B2
Firm B will choose to acquire data from the broker only if Firm A has acquired data too, and
the broker can benefit from the learning effect, thereby incurring a lower treatment cost when
dealing with Firm B. When ¢ > dp» firms do not have their data treated and they remain

uninformed.

9

"Indeed, we have a1 (% — E) < min{> (% — é) s Tz 5 )
9
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Firm B has its data treated if Firm A does: § € [33,532]. Anticipating this effect,
Firm A expects profits equal to # — ¢d if it acquires information, and to % otherwise.
t

Hence, Firm A treats its data if and only if # —cd — 5 > 0. This condition is never

satisfied, and in this case, Firm A does not have its data treated.

Proposition 1.
When the learning effect is strong, Firm A does not acquire data in equilibrium. By doing
so, it prevents the broker to benefit from learning by doing, preventing in turn Firm B from

acquiring data.

Hence, in this case, the learning-by-doing effect in data induces firms not to acquire data
from the broker. This effects results from a strategic anticipation by Firm A of how the

learning effect will enable Firm B to acquire information.

The broker can pay for data. In the previous reasoning, the broker maximizes its
profits at each period, and the participation constraint must be satisfied for both firms.
This ignores the possibility for the broker to maximizes total profits across periods, thereby
transferring a positive amount of money to Firm A to benefit from the learning effect an be
able to sell to Firm B in the second period.

Proposition 2 provides conditions for the broker to benefit from purchasing data from
Firm A and learn from it.

Proposition 2.

A 2_ o9z A A A
When the learning effect is strong, there exists dpqy = i—j with o9 € [0p,dpa] such that:
9

o When ¢ € [53,5T2], the data broker pays Firm A to acquire its data and benefit from
the learning effect.

o When § € [5T2, SBQ] Firm A does not acquire information to prevent the broker from

learning from data. In this case, none of the firms acquire data from the broker.

Proof. When transfers are allowed, the broker maximizes the sum of profits in the first stage

~ @ —¢d — L — and in the second stage — & — w — ¢d(1 — ad). Hence, there is room for data

treatment if

t 2_9¢ .
Fodd =S th—m—cd(l-ad) >0 = §< 3 =
-«
9

Simple comparison with o5 and dpy allows us to show that dpy € [53, 332]. Indeed, on the

2 ~

5—2¢ ~ ~

one hand we have 47— — % (% — c) >0 — 726;80‘ > ¢(a —
9

2
3

), which is always true. On
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(o)

N N 1
the other hand, 079 < 0y <— ¢ > ot . For a > %, this implies that ¢ > %, which

(67

is outside of the range of values that we consider. n

6.3 Comparative Statics

We summarize these results using Figure 1
0
ol

02
1/2

Figure 1: Profits

An increase in the value of the learning effect has ambiguous impact on the incentives of
firms to acquire information, and overall on the expansion or reduction of the data market.

On the one hand, when « increases, the threshold dpo increases, so that the range of values
of ¢ for which Firm B is willing to treat its data if Firm A had its data treated becomes wider.
As the learning effect becomes stronger, the treatment cost of Firm B decreases relaxing the
condition under which the firm treats its data. This induces an expansion of the data market
due the the learning effect.

2

On the other hand, when a becomes greater than £, a new zone appears for the cost

4 2

parameter characterized by ¢ € [g-, 5], where Firm A anticipate that acquiring information

will enable Firm B to acquire it too thanks to the learning effect, and for this reason, Firm

2

A prefers to remain uninformed. When « increases above 3,

E;ia decreases, and this new zone
becomes wider. This means that a stronger learning effect may reduce the possibility for both
firms to acquire information, inducing a shrinkage of the data market.

This effect is softened by the possibility for the broker to pay for the data of Firm A.
Indeed, we observe an increases with « of the threshold STQ below which Firm A accepts to
sell its data to the broker, even though this implies that Firm B will also be able to acquire

information.

14



Proposition 3 formalizes these intuitions.

Proposition 3.

An increase in the strength of the learning effect:

e expands the data market if o < %, as Firm B can have its data treated for for higher

treatment costs,

o shrinks the data market if o > 2

3, as Firm A anticipates how acquiring information

will allow Firm B to acquire it too, and forces its competitor to remain uninformed by

remaining uninformed and preventing the learning effect to take place.

7 Conclusions

TBD
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A Appendix

A.1 Selling Information

A.1.1 Firm A had its data treated

Firm B has its data treated under the following condition:
7—m—cd(l—ad)>0

Denoting ¢ = ¢ we obtain the following participation constraint:

t t 26t ) &—2
——t— === -l —ad) >0 = 6 > —3—.
2 (2 3| 3]> (1 - ad) ai — I
- 2
If ac > %, we have § > ();:751—1 > % which is a contradiction with § < % and participation is
9

never satisfied. o,
If % > ¢ > % we have 6 > 0 > O;:i and participation is always satisfied.
9

c—=2

Hence we focus our analysis on the meaningful case where % > ¢. We denote dpy = —31,
9

at—
the threshold below which participation is ensured (because the sign of the inequality reverses
when dividing by the negative term in ¢).

Condition for 332 < %: ¢ >

1
9(2—a) "

¢elo, m] . participation is ensured for 4 € [0, 3],
N 2_=x
S [m, 2] : participation is ensured for § < dps = j_ié.
9
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A.2 Firm A did not have its data treated by the broker
The profits of the firms are equal to:

WB:ﬁ:%—i‘%[ —%6] and’/TA:ﬂ

L — 2071 — 21 if Firm B has its data treated,

T4 =7 = 5 otherwise.

Firm B has its data treated if § < 53 = % (% - 6).

™\

> %: Firm B does not have its data treated and firms make profits equal to %

. % > & Firm B does not have its data treated if § > d5 and firms make profits equal to
t
5.

. % > ¢ Firm B has its data treated if § < dp and firms make profits equal to T4 = 7
and mp = 7.

Summary If Firm A has its data treated:

. 6<m: A =7 —codand 7 = 7T — c§(1 — ad).

>8> gy

Wi
©

— 5 < by ma =7 —codand mp = T — c§(1 — ad).

— %>(5>52: Ty =7—co and T = 7.

™\

>z mu=7—codand g = T.

wiN

If Firm A does not have its data treated:

. §>5:
—0<dp: ma=mand T1g =T — 0.
—%>(5>5BZ WA:WB:%.
< 2. _ _t
. C>§. TpA=TB = 3.

A.2.1 Firm A

(i) If & > 2: no treatment.

A 2_=x A A
.o 2 ~ #. . _ § C _ g g_N
) (i) If 3 > ¢ > 5@ ) comparing 0py = - and op = = <3 c) we show that o >
Opy <> &< o
e a< % - SB > 332
2 ~ 4 2 Iy N
. a>§andce[9fa,g] = dpy > 0p°

8Note that a simple verification allows us to ensure that % > SB, 332 .
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e ) E [33, 532] Firm B has its data treated if Firm A does.

Either Firm A has its data treated: makes profits m4 = 7 — ¢d

Or Firm A does not have its data treated and makes profits %

So Firm A has its data treated iff 7 — ¢ — % > 0.

This condition is never satisfied and firms do not have their data collected.

Is there room for treatment with transfer to Firm A?

*

Coalition’s gains in the first stage: @ — cd — %

*

Coalition’s gains in the second stage: T — m — ¢d(1 — ad).

*

Room for treatment with transfer iff # —cd — L + @ — 1 — ¢d(1 — ad) > 0
= 2(4-0%) - {— (521 - 2]) > 62 - ad)

2 2

= < = = by
Y
* 8T2 > 5B2
= aP? - 2-2>0 ¢ > atlartad)”
(e
1/2
+ To have oo > 0, we need that M < é Simple algebra show that

this is true for o > %(1 + M)

. 53 > § Firm B has its data treated. Firm A either has its data treated and makes
profits equal to @ or not and make profits equal to 7.

e CcE|

Firm A has its data treated iff

Fon>e = LRt —Lt+ BN -5 = §<2(2-0) =da

5A2 < 63 = 1% (% — 6) < % (% - 6), which is always true.

> 5,42 = > which is true for ¢ > gi

18’

As 5 a2 < 53, Firm B has its data treated regardless of the decision of Firm A for
o< (53.

1 4 N Iy
9(2—a)’ 97a] ? 63 > 5B2-

5 € [0p, :]: Firm B does not have its data treated.

A

Firm A has its data treated iff 7 — cd > L <= § < 2(2 — &) = 0. Hence, Firm
A does not have its data treated.

o€ [332, SB]: only Firm A has its data treated.

Indeed, its decision is either getting its data treated and make 7, or not and in
this case, Firm B has them treated and makes profits equal to . Hence, there is

room for treatment iff

T—m2>@ < L4+ %2-D]-L 42 9>

always true as ¢ < i, and Firm A only has its data treated.

— ¢ > 0, which is

Lk

—0< 332: both firms have their data treated

e ¢ <

( : both firms have their data treated

At a = % there is a new zone that appears, where we have dg > 9, if ¢ < E;ia
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