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In a digital economy, product users actively contribute to firm production through their
data, while firms (platforms included) undertake costly investments to collect and process
user data to improve their products. These developments have raised concerns regarding
the anti-competitive effects of data and user privacy (Acquisti, Taylor, and Wagman, 2016;
Farboodi, Mihet, Philippon, and Veldkamp, 2019; Acemoglu, Makhdoumi, Malekian, and
Ozdaglar, 2022), and motivated recent data-related regulation, including privacy protection
policies (e.g., GDPR or CCPA) or data-sharing initiatives (e.g., Open Banking). Our study
aims to highlight core inefficiencies in such a data economy, to evaluate existing data-related
policies to detect potential pitfalls, and to show how a data union can address inefficiencies
and enhance user welfare. To this end, we develop a simple model of data-driven firm com-
petition with the novel feature that data are jointly produced by users’ economic activities
and firms’ investments in data infrastructure.

In our model, two firms sell products (“services”) to a mass of identical customers
(“users”) over two periods under price competition. Firms potentially differ in baseline ser-
vice quality and abilities in processing data to improve services. Users’ payoff from buying
a firm’s service increases with intrinsic service quality and data-related quality improve-
ments, but decreases as firms collect user data and cause privacy-related costs (disutility).
The stock of data depends on a firm’s costly infrastructure investment for data genera-
tion/collection/processing and users’ buying and data contribution decisions.

In period one, firms choose their data investment, the data price they pay to users for
sharing/contributing data, and the service price. Users then each choose at which firm to buy
the service and how much data to contribute, trading off privacy costs against compensation
for data contribution. Importantly, users are compensated for their data contribution and
thus their privacy costs either directly through higher data prices or indirectly through lower
service prices. In period two, firms process the data to improve services, and compete again
for users. In both periods, service quality is subject to random shocks, giving one firm a
competitive advantage upon experiencing a positive shock. Firms set prices in asymmetric
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simultaneously after the quality shock realizes, while investments are chosen pre-shock.

Data collection improves services, benefiting users, but induces dynamic feedback effects,
potentially harming competition and users. The firm, which wins the market in period one,
accumulates data and improves its service, leading to a competitive advantage in the second
period. When this data advantage is sufficiently large, the winning firm becomes monopolist
as its competitor exits, causing market tipping to the detriment of users.

Dispersed users do not take into account the broader effects of their data contribution,
focusing only on their own privacy costs and the compensation they receive. Specifically,
they do not internalize their impact on (i) service quality affecting all users, (ii) competition,
and (iii) firms’ incentives to invest in data collection. Equilibrium data collection decreases in
users’ privacy costs, inversely capturing their willingness to contribute data, and generally
does not maximize user welfare or total surplus. The laissez-faire equilibrium therefore
features inefficient data undercollection (underinvestment), compromising service quality,
or data owvercollection (overinvestment), causing market tipping and lack of competition.
Unlike existing data-related policies, a data union, coordinating users’ data contributions,
can address these inefficiencies and enhance user welfare.

We study user privacy protection policies that allow users to opt out from contributing
data to firms, such as the General Data Protection Regulation (GDPR) and California
Consumer Privacy Act (CCPA). To incentivize data contribution, firms pay users a direct
compensation for their privacy cost. However, since firms transfer these additional costs of
data collection to users through higher service prices, these privacy protection policies have
no effect on equilibrium payoffs and data collection in our setting. Moreover, a reduction
in users’ privacy costs (due to better technology or regulation enhancing user privacy) can
increase or decrease user welfare. Indeed, lower privacy costs stimulate data collection for
service improvements; however, excessively low privacy costs trigger data overcollection and
market tipping.

We evaluate a data sharing policy that requires firms to share a fraction of their data

with competitors. Data sharing may address data overcollection and enhance competition,



but exacerbates data undercollection. Because individual firms incur the full cost of data
collection while sharing the benefits with their competitors, data sharing introduces a free-
rider problem, which curbs data investments. On the bright side, data sharing reduces the
competitive advantage that a firm can gain from data, enhancing competition. The optimal
data sharing policy, maximizing user welfare, minimizes the extent of data sharing subject
to preventing market tipping. However, data sharing might not be effective at preventing
market tipping, and it can be optimal to have no data sharing at all.

Given the limitations of existing data-related policies, we show how a data union, co-
ordinating users’ data contributions, enhances user welfare by addressing the inefficiencies
in data collection. The data union effectively determines the compensation (i.e., the data
price) that users receive for contributing data, influencing the costs and incentives to invest
in data collection. This can be achieved by taxing (subsidizing) users’ data contributions to
lower (raise) their willingness to contribute data and thus to raise (lower) the compensation
they require for contributing data. Interestingly, the data union and optimal data price
can also be implemented in a market-based approach by introducing a novel type of data
intermediary, a data trust, which buys data from users and sells them to firms.

The data union maximizes user welfare, but, as we show, the analysis can be generalized
to other objective functions (such as total surplus). Because more data generally benefits
users, the data union sets the lowest data price to enable maximum data collection subject to
preventing market tipping. In particular, the data union raises (lowers) the data price relative
to the laissez-faire benchmark to curb (stimulate) data collection, when data overcollection
(undercollection) ensues.

Our analysis sheds light on how the optimal data price depends on firm and market
characteristics and, more generally, on when regulation should stimulate or curb firms’ data
collection. The data price should be higher, when (i) data are highly productive in improving
services, (ii) the differences in data productivity are large across competing firms, or (iii)
services are highly valuable to users. When data are highly productive and can create

significant competitive advantages, a high data price is necessary to limit data collection



to prevent market tipping, especially when there are large differences in data productivity
between firms. When services are highly valuable to users, monopoly rents are high and
firms have strong incentives to strategically overinvest in data collection to cause market
tipping, making it necessary to curb data collection.

We also show that the optimal data price is lower when firms (must) share data with
each other, highlighting substitutionary interactions between data sharing and data union.
Intuitively, data sharing limits the competitive advantage from data collection, which en-
hances competition and allows the data union to lower the data price without triggering
market tipping. Interestingly, our results suggest that the combination of data sharing poli-
cies and a data union effectively addresses inefficiencies and enhances user welfare in a data
economy. When the data price is optimally determined by the data union, more data shar-
ing (i) introduces a free-rider problem, curbing data collection, but (ii) reduces the optimal
data price, stimulating data collection. Crucially, the second effect dominates the first one.
Consequently, when the data price is optimally determined by the data union, data shar-
ing policies increase firms’ data collection investments and so service quality, thereby also
improving user welfare. This contrasts the outcome from the baseline model without data
union, where data sharing reduced data collection and user welfare.

We extend our baseline setting to study user-centric data markets, where users own
and sell their data to firms. As users do not internalize the broader consequences of their
data sales (on firms’ investments or competition), they sell their data to both firms, de-
facto implementing data sharing among firms. Accordingly, data generated by one firm is
shared with the competitor, reducing firms’ incentives to collect data. Like data sharing, data
markets exacerbate data undercollection, but potentially enhance competition. A data trust,
which intermediates data sales from users to firms considering their impact on competition
and firms’ investments, improves the efficiency of data collection and user welfare.

Finally, we consider firm-centric data markets, where firms own and trade user data. If
one firm sells data to its competitor, it enhances its competitor’s service quality and therefore

competition, which benefits users but decreases firms’ joint payoff. Notably, firms optimally



trade data only when trading improves their joint payoff, which happens if and only if trading
reduces competition by causing market tipping. Consequently, data trades among firms and
the introduction of firm-centric data markets harm users by reducing competition.

Following Jones and Tonetti (2020); Farboodi and Veldkamp (2021); Veldkamp and
Chung (2022), we model data as by-products of economic activities. Akin to dynamic
network effects (Biglaiser, Calvano, and Crémer, 2019; Halaburda, Jullien, and Yehezkel,
2020) or learning-by-doing (Dasgupta and Stiglitz, 1988; Cabral and Riordan, 1994), data
collection causes dynamic feedback effects that affect competition. Several papers study the
link between data and competition (Biglaiser et al., 2019; Calvano and Polo, 2021; Eeckhout
and Veldkamp, 2021; Priifer and Schottmiiller, 2021; De Corniere and Taylor, 2020; Hagiu
and Wright, 2021; Bergemann and Bonatti, 2023). Unlike existing papers, our model of
data-driven firm competition endogenizes data collection as depending on both users’ data
contributions and firms’ investments, with novel implications for data-related regulation.

We highlight how data sharing, e.g., in Open Banking (He, Huang, and Zhou, 2023;
Goldstein, Huang, and Yang, 2022), or data sales (Parlour, Rajan, and Zhu, 2022) under-
mine firms’ incentives to collect data. We show how a data union, coordinating users’ data
contributions, addresses inefficiencies in data collection and can enhance user welfare, espe-
cially when combined with data sharing policies. This data union admits a market-based
implementation via a data intermediary (data trust), which, different from the ones studied
in Ichihashi (2021); Bergemann, Bonatti, and Gan (2022); Liu, Ma, and Veldkamp (2023),
maximizes users’ payoff. Our analysis also speaks to data markets, their regulation (Berge-
mann, Crémer, Dinielli, Groh, Heidhues, Schafer, Schnitzer, Morton, Seim, and Sullivan,
2023), the discussion of data trusts in other academic fields (Delacroix and Lawrence, 2019;
Houser and Bagby, 2022), recent policies on centralizing data ownership (such as China’s
national data bureau'), or the emergence of data DAOs (akin to a data union).

Several papers focus on user privacy (Campbell, Goldfarb, and Tucker, 2015; Dosis and

Sand-Zantman, 2019; Liu, Sockin, and Xiong, 2020; Choi, Jeon, and Kim, 2019; Fainmesser,

ISee this article on Reuters.
2See this article.
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Galeotti, and Momot, 2022). In our model, users incur (reduced form) privacy-related costs
when contributing data (Ichihashi, 2020), for instance, arising from data-driven price dis-
crimination (Bergemann, Brooks, and Morris, 2015; Brunnermeier, Lamba, and Segura-
Rodriguez, 2021; Ichihashi and Smolin, 2022). We contribute by showing how users’ privacy
concerns (or the lack thereof) distort equilibrium outcomes, which can be corrected by in-

troducing a data union (Arrieta-Ibarra, Goff, Jiménez-Herndndez, Lanier, and Weyl, 2018).

1 Model Setup

We develop a purposefully stylized model that illustrates the key mechanisms, while ad-
mitting analytical closed-form solutions. Appendix K discusses modeling assumptions and

robustness.

Firms and products. Two firms x € {A, B} compete in price for a unit measure of homo-
geneous customers (“users”) over two periods, ¢t = 1,2, without discounting. We denote z’s
competitor by —z. In each period, firms produce services (i.e., products) at cost normalized
to zero and sell them at price py, while a user buys at most one unit of service from either
x = Aorxz= B, orno unit at all. N7 € [0, 1] is the mass of users purchasing service from z

in t. The value or quality of firm z’s service is
Y =K"+ Z + ¢" D" Ty, (1)

where Iy is an indicator function. K* > 0 represents the base service quality. ZF € {0, Z}
is a quality/demand/technology shock. The constant Z satisfies Z > max{A#, A} >0
where A% = K* — K2, For simplicity, Z; := (Z{, ZB) takes values (Z,0) and (0, Z) with
equal probability 1/2, randomizing firms’ relative competitive advantage. Finally, ¢* D*I;—o
captures period-2 service improvements from data D collected in period 1, where ¢* >
0 reflects x’s ability to process/utilize/analyze data. Our formulation broadly describes

different forms of data-enabled learning that improve services and products, such as within-



user and across-user learning (Hagiu and Wright, 2021).

Data collection. Following Jones and Tonetti (2020), data are generated as by-products
of economic activities when a user buys/consumes a firm’s services in t = 1. For simplicity,
there is no more data collection in the terminal period ¢ = 2. The key novelty of our setting
is that the amount of data generated through firm x, that is, DT =1 0Ny, depends on
(i) the number of services sold to users in t = 1 (i.e., N¥), (ii) users’ data contribution
decisions 6% € [0, 1], and (iii) the firm’s (publicly) observable data infrastructure investment,
I* € [0, I] with upper bound I > 0. Firm x chooses investment I” at the onset of period 1
against a (private) cost $A(17)? with A > 0. We impose a parameter condition (presented in
Appendix A) to ensure that I* < I does not bind in optimum.

Intuitively, when a user buys firm z’s service in ¢t = 1, I” units of data are gener-
ated/collected, and the user decides on the fraction 6 € [, 1] of these data that it con-
tributes or sells to (i.e., shares with) firm z. 6 € {0,1} captures whether users or firms
govern data; users can (cannot) opt out from contributing data when § =0 (§ = 1).* Any
user, buying from firm x in ¢ = 1, sets the same 6* to maximize its payoff (d® — ¢*)0*I* from
contributing data, leading to 8 = 6 when d* < ¢* and 6#* = 1 when d* > ¢*.

Here, d*I76" is the direct compensation for data contribution paid by x, with a (per unit)
data price d*. Next, ¢*I*0" is a privacy-related cost (disutility) of contributing data with
privacy cost parameter ¢*(< ¢%), inversely capturing users’ willingness to contribute data.”
Users pay an effective price of P := py —0%d*I*I_y for x’s service, which accounts for users’
compensation for contributing data. As shown later, data and service prices (d%,py) affect
payoffs only via PF. Hence, firms have two pricing instruments (d”, p¥) for one product and

effectively compete in setting P. To preclude degenerate pricing equilibria (see Appendix

3All (identical) users act symmetrically and can be aggregated to one representative user under the
assumption that this representative user takes product prices and quality as given. The stipulation in (1)
then captures that an individual user’s data may improve both (i) its own service quality, e.g., due to better
customization, (“within-user learning”) and (ii) the service quality for others (“across-user learning”). See
Hagiu and Wright (2021) for a discussion and examples of these two types of data-enabled learning.

4Users (partially) govern their data under privacy protection regulation (e.g., GDPR and CCPA).

5¢T9*I* may also reflect potential positive effects of data contribution, such as improved customization;
possibly, ¢® < 0.



K), we assume P > 0 and firms cannot make a loss by selling to users.

Because data as a resource are non-rival, both firms can in principle use the same data
simultaneously. Thus, firm z’s amount of data D* used for service improvements in t = 2
may differ from the amount of data generated by x in t = 1, D®. We consider that firm z
shares (exogenous) fraction n* € [0, 1] of its data with its competitor —z (at no cost), which
could be the outcome of regulation (e.g., Open Banking) or, as we show in Section 3.1, of
data markets.> That is, D* = D® + n_”ﬁf)_w; potentially, n* = 0. An additional unit of data
increases z’s and —x’s product quality by ¢* and n*¢~* respectively, generating an overall

advantage of ¢} := ¢ — n*¢~" for . We assume ¢} > 0 (more data benefits ).

Payoffs. A user’s payoff from buying from z (while contributing fraction #* of data) equals
uy =Y — PP — c*0°["1—yy. Firm ’s payoff in ¢ = 2 equals 75 := N3p3, while its (post-
investment) payoff in ¢t = 1 is n{ := N{p{ — d* Ny 170" + Nip5 = NPPP + n5. We assume
that firm x € {A, B} operates in period 2 if and only if Ey[73] > 0 where the expectation is
over Zy at onset of t = 2. When firm x exits, the remaining firm —x becomes monopolist, an
outcome we refer to as market tipping. This assumption allows us to tractably capture the
tension between data and competition. Indeed, as we show, too much data collection can
trigger market tipping and lack of competition. To abstract from trivial cases, we assume
that in t = 1, both firms operate (with E;[7]] > 0) and there is meaningful competition; see

Appendix A for parameter conditions.

Equilibrium. We focus on a subgame perfect equilibrium in pure strategies where all
users act symmetrically (taking prices and investments as given) and firms maximize their
(expected) payoffs. When firm z is monopolist, users buy from z if and only if u¥ > 0. When
both firms operate, users buy from firm = that delivers higher u¥ (subject to breaking even).
To ensure that users break even, firms charge maximally Y,* — c®0% "1 ;1.

The timing within period ¢t = 2 is as follows. First, firms simultaneously decide whether to

6¢® could depend on n* to capture that users incur larger privacy cost for sharing data with = when x

shares their data with —z. In practice, not all data generated by x is useful or can be ported to —z, so
n* < 1 generally.



operate or exit. Second, the shock Zy = (Z3', Z8) realizes. Third, firms choose their prices
ps simultaneously to maximize 75 (taking the choice of —x as given); users make buying

decisions given prices. In period ¢t = 1, firms first simultaneously choose their investment

I” to maximize E,[r]] — A(I;)Q. Second, the shock 7, = (Z{, ZP) realizes. Third, firms x
choose d* and p] to maximize 7], taking the choices of the other firm as given; users make

buying and data contribution decisions given prices (p7, d*),—a 5.

2 Solving the Equilibrium

User payoff uf and buying decisions depend on (d%, py) only via P?. Therefore, firms price-
compete by setting P’ > 0. Since users are identical, firms set prices in asymmetric Bertrand
competition (provided they both operate), with one firm serving (winning) the entire market
in that N7, N, % € {0,1} and N} + N, = 1. Determining the (unique) pricing equilibrium
in asymmetric Bertrand competition is straightforward. Firm x wins the market in period ¢
(i.e., NJ = 1), whenever the quality of its service (minus the privacy cost) is higher than its
competitor’s, that is, whenever Y;* — c*I"0%y—y > Y, — c*II*xG*"EH{tzl}.7 The losing firm
—x charges price P, = 0. By assumption, it cannot further lower the price to undercut
x. The winning firm x charges P;" = Y,* — c®I%0%j—1y — [Y;_x — c’zI*””Q’m]I{tzl}] > 0, so
users are indifferent between at x or —z. When firm z wins in period 1 and Ny = 1, which
happens if and only if Z{ = Z, the price P; and thus period-1 revenue decrease with ¢*I1*6*.
That is, users are compensated for their data contribution and privacy costs either directly
through higher data prices d* or indirectly through lower service prices py.®

Firm x optimally incentivizes data contribution 6* = 1, i.e., x sets d* > ¢* when 6 = 0.
Otherwise, when 6% < 1, firm z could profitably reduce I* (to save the investment cost)
and raise d* and lower pj in a way that P and ﬁf remain unchanged. Since py and d”

affect payoffs and equilibrium outcomes only through Pf := pf + 0d*I°lj—yy, i.e., firms

"We break ties in favor of x = A, so NA = 1 when YA+ Z/ — cAIAGAH{f;l} =YP+ZP —cPIPOPI .
8Parameter condition (A.2) in Appendix A ensures that firm z wins and realizes positive payoff in ¢ = 1
if and only if Z¥ = Z.



have two pricing instruments (p7, d*) for one product, we consider in what follows without
loss of generality d* = ¢®.”

When —zx exits in ¢ = 2 and the market tips, z becomes the monopolist in ¢ = 2 (so
N3 = 1) and charges users the price Py = pj = Y;*, leaving them with zero payoff in ¢ = 2.
The indicator 7% € {0, 1} denotes this outcome and is equal to one if and only if the market
tips upon Z7 = Z <= Ny = 1. When 7% = 0, Ny = 1 if and only if Z7 = Z. The

following Proposition summarizes equilibrium outcomes.

Proposition 1. When the market tips upon Z7 = Z and T* = 1, data investment satisfies

I* =17 = max{‘bz;/\cz, Z;f%}. Otherwise, when T® = 0, data investment satisfies I* =
n

_ [g5—2e7]"

I = =5 where [[|* = max{-,0}.

The market tips (T = 1), if and only if G(c¢*) > 0 for

KA+ K"

G(c") : 5

+ (6" — )7 — A7) = AIjp)*. (2)

A sufficient condition for T® =1 is ©5= > Z;??

Given I*,T7, expected payoff for firm x (before Zy is realized) reads:

1 Z
Eq[n]] = 3 {A}’{ + 7 — ("I —c "I ")+ T" (5 + K* + ¢x[x>
1—Tv 1T o
+%(I%§,+A§(+2)} +%[A§+Z—[ 7],

User welfare U 1= E, [Zx:A’B(Nfu’f + N3u3)| equals

A B oz
U :=(K*+ K?) (1 — #) + % l — T 4 a-7 2T ){qﬁxnxﬂ + gzﬁxl‘”}] (3)

+%{_Czlu#{leﬁﬂ_%xl_m}]‘

The Proposition follows by direct calculation; Appendix B provides details. Absent

9Indeed, p¥ and d* affect payoffs and equilibrium outcomes only through Pf := p%+6%d*I *I{=1y. Asonly
the level of P¥ (instead of pf and d® separately) is payoff-relevant, pf and d* are not uniquely determined
in equilibrium. We therefore follow the convention that d* = ¢* — which is without loss of generality.
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market tipping (7% = 0), data investments I* — solving first-order condition almi] _ \[* =

are
0 (when I* > 0) — increase with data productivity ¢® and decrease with privacy costs
c®. Increasing I”, while incentivizing users to buy from firm z, requires to raise users’

compensation for contributing data either directly through higher data prices d* or indirectly
through lower service prices p{. Hence, the effective price P and x’s period-1 profits decrease
with I*¢”, making data collection costly.

The market tips upon Z7 = Z (i.e., T* = 1) and x becomes monopolist in ¢ = 2, when —z
cannot win in t = 2 and Ny * =0 even upon Z5 = Z. Thus, T* =1if Z - A}, +¢7*D™* <
¢*D*. Due to Z¥ = Z <= Ny =1 and 6° = 1, we have D* = [* and D™* = n*I”".

Consequently, market tipping 7% = 1 occurs (upon Z7 = Z), if 2’s data investment [*

Z—A%

R Because market tipping allows x to enjoy monopoly rents, firm z
n

exceeds I* =

might strategically “overinvest” in data collection to precipitate market tipping by raising

I* above I* := Z;#. The function G(¢*) captures firm z’s (scaled) payoff gain from doing
n
so. Thus, the market tips and 7% = 1 if and only if G(¢*) > 0.
0[]
oI

—AM?* = 0if and only

Z—A% .
= K overinvestment
n

Conditional on 7% = 1, I* = IF solves the first-order condition

if ‘bxz_)\cx > Z;gg;( (in which case G(c¢*) > 0). Otherwise, when d)"";—)\c‘"” <

to precipitate market tipping is costly and I = I%, possibly leading to G(¢*) < 0. High
investment cost A, high privacy costs ¢*, or low data productivity ¢® render data investment
costly and tend to avert market tipping.

Dispersed users do not consider the broader (period-2) consequences of their data contri-
bution, focusing only on their own privacy costs and compensation they receive. In particular,
they do not internalize their impact on (i) service quality, (ii) firms’ investment incentives,
and (iii) competition. Thus, equilibrium data collection does not maximize user welfare,
resulting in inefficient data undercollection (underinvestment) or overcollection (overinvest-
ment). Data undercollection means that user welfare would increase, if ¢* were lower and
firms collected more data to improve services. Data overcollection ensues, when too much

data collection I* > I* (due to excessively low ¢*), causes the market to tip, harming compe-

10We assume that when indifferent (G(c*) = 0), a firm does not precipitate market tipping.
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tition in ¢ = 2 and user welfare. Note that similar results and inefficiencies in data collection
arise if users are myopic (not necessarily atomistic) and therefore ignore the period-2 conse-
quences of their data contribution.

More data collection can increase or decrease user welfare. Provided ¢* > 2¢* and
T® = 0 (no market tipping), user welfare increases as more data is collected.'’ Under
these circumstances, more data generates gains from service improvements, and users can
capture part of these gains, since competition is fierce. However, too much data investment,
specifically I* > I*, harms user welfare by causing market tipping 7% = 1. Relatedly, an
increase in the productivity of data ¢* has ambiguous effects on user welfare. When 7 = 0,
higher ¢* enhances data collection investments and service quality to the benefit of users.
However, increasing ¢® beyond a certain point causes data overcollection and market tipping
(by pushing I* above I*), reducing user welfare.'?

We evaluate efficiency in terms of user welfare, with more efficient outcomes generating
higher user welfare. Section 2.4 and Appendix H discuss efficiency in terms of total surplus,
i.e., the sum of firms’ payoffs and user welfare. Our key findings remain qualitatively similar

Y

with total surplus as “objective,” with both inefficient data under- and overcollection arising

in equilibrium.

2.1 Existing Data-Related Policies
We show that existing data-related policies fail to address the inefficiencies in data collection.
Privacy protection. Privacy protection policies, such as CCPA or GDPR, allow users

to opt out from contributing data, which, in our model, is captured by § = 0. However,

as relevant equilibrium outcomes (e.g., payoffs and investments) do not depend on 6, such

1With some abuse of notation, treat I* as “parameter,” and calculate for 7% = 0: % = W >0
when ¢* > 2¢7, i.e., I* > 0.
R2For T* =0 and I* > 0:

ou 1 oI c® oI*
I x —x, T _
i =1 (1 @ g ) - S
T _ Cz+
ggs > 0 when ¢* > 2¢*, i.e., I* = % > 0.
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privacy regulation has no effects (on user welfare). The reason is that firms have two pricing
instruments (p{,d”) for one product, while only Py matters. Thus, restricting one price
(via @) does not affect equilibrium outcomes. For some intuition, suppose that § = 1, and
firms set d* = 0 and compete via p7; users are then indirectly compensated for their data
contribution through lower service prices. Under these circumstances, more data collection,
i.e., higher I*, causes more privacy-related disutility to users and so requires a lower service
price p{ to entice users to buy from xz. When 6 becomes zero and users can opt out from
contributing data, firms raise d* above ¢” to incentivize data contribution 8% = 1 and increase
pi by d*I*, leaving Py and payoffs unchanged. Intuitively, firms pass the additional cost of
data collection caused by privacy protection policies on to users via higher service prices,
leaving the equilibrium outcomes unchanged.

Interestingly, a reduction in ¢* (due to privacy protection regulation or investments (Fain-
messer et al., 2022)) may increase or decrease user welfare. When 7% = 0, a decrease in ¢®
increases data investment and contributions I*, boosting service quality and user welfare.
However, excessively low privacy costs ¢* imply data overcollection (i.e., I* > I%), triggering

market tipping to the detriment of users.®

Data sharing. Data sharing, such as in Open Banking or Finance initiatives, allows firms
to access the data of their competitors; Section 3.1 shows that data sharing can be the
outcome of data markets, with users owning and selling data to firms. Overall, data sharing
may address data overcollection, but exacerbates data undercollection.

Data sharing n* > 0 introduces a free-rider problem regarding data collection, curbing
firms’ incentives to collect data. While individual firms incur its full cost, the benefits
of data collection are shared with competitor firms and eventually also users, since data

sharing enhances price competition in t = 2. When 7% = 0, an increase in n* reduces data

BWhen 7% = 0 and I* > 0, calculate 2% = waﬂ — L= < 0for I* > 0. When ¢” is sufficiently

oc®
" —c”  Z-A%
low, then *—= > o

, which implies T% = 1.
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investments I* and user welfare due to this free-rider problem.'* However, data sharing may
benefit users by enhancing competition and preventing market tipping. Indeed, the market
tips upon Ny =1 and 7% = 1 when ¢7I* > Z — A%, which is harder to satisfy when ¢ is
small and n* is large.

The optimal data sharing policy 77 := arg max,c 7 U, maximizing user welfare (subject
to an exogenous upper bound 1* < 7 < 1), therefore minimizes the extent of data sharing
subject to preventing market tipping. That is, n* = inf{n” € [0,7] : T* = 0}."° However,
data sharing might not be effective at preventing market tipping (i.e., 7% = 1 for all n* €
[0,7]), and it can be optimal to have no data sharing at all (i.e., n¥ = 0), highlighting the

limits of data sharing policies.

2.2 Data Union and Data Trust

We introduce a data union which, given any n*, enhances user welfare by addressing the inef-
ficiencies in data collection. Intuitively, the data union coordinates users’ data contribution
decisions #”, determining users’ compensation for data contribution and firms’ data invest-
ments. This can be achieved by taxing (subsidizing) users’ data contributions to decrease
(increase) their willigness to share data and thus to increase (decrease) the compensation
they require for contributing data. Later, we discuss an alternative implementation of the
data union, which is market-based and involves a data intermediary.

The data union requires users to pay a tax 7% 2 0 to the union per unit of data they
contribute to firm z, amounting to total tax revenue T := _ _, 5 7°07I*NY; data contri-
butions are subsidized when 7 < 0. For now, we consider that the data union is budget

neutral, which could be relaxed. That is, taxes/subsidies 7 are rebated/financed to/from

2c”

MUTake T = (0 and I* = ﬁ;\ > 0, and calculate using (3) and gé: = _gw:

3n”_4(¢ I — (¢" + 0% )4A)+ S

For ¢=%, \,n* > 0, gg has the same sign as 2¢” + ¢} — 2¢” — (¢” + ¢~"n") < ¢f — ¢* <0, s0 gf]ﬁ < 0.
15Provided there exists feasible data sharing rule n* preventing market tipping, % is such that G(c%) = 0.
The upper bound 77 < 1 captures in reduced form the costs/limits of data sharing as well as that data

generated by x might be of limited use for the other firm —zx.
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users equally through lump-sum transfers, whereby any user receives/pays the same amount
T regardless of it choice of 6*. These lump-sum transfers do not affect users’ data contribu-
tion or buying decisions, and their exact timing is immaterial.'®

We assume a privacy cost of ¢ < ‘é—z absent taxation.'” When 6 = 0, a user, buying from
x, sets 0% = 1 if and only if d* > c+7*. With a slight abuse of notation, we define ¢* = c¢+7"
and note that, given ¢*, Proposition 1 applies. The tax 7% determines users’ willingness to
contribute data (i.e., ¢*) and therefore their (required) compensation for contributing data,
thereby influencing firms’ costs and incentives to collect data. Thus, the data union controls
how much user data I”NY is collected, but does not affect the choice of 6* — which is one
whenever I* > 0. Without any loss, we consider that the data price d* exactly compensates
users for their costs of contributing data, i.e., d* = ¢ = ¢+ 7%, noting that compensation
for data contribution could also take the form of a lower service price p{ rather than higher

data price. The data union chooses tax 7* or equivalently data price d* = ¢® = ¢+ 7 to

maximize sum of (expected) user welfare and tax proceeds:

U= max E

U+ > Txexfof] : (4)

2=A,B
As the parameter conditions in Appendix A require ¢® to be bounded, we impose 7% €
[7,7]. Without further specifying the bounds 7 < 7, we focus on the case 7% € (1,7),
i.e., parameters are such that this regularity constraint does not bind. Below Proposition
characterizes the solution to (4), yielding optimal compensation for data contribution ¢* =

¢+ 7. In what follows, we refer to ¢? as the optimal data price.

Proposition 2. Suppose that % € (7,7) in optimum. The (optimal) data price ¢* (= d*)

161f 72 > 0, the union could pay out 7 to every user at the end of t = 1. If 7% < 0, the union could raise
T from every user at the onset of ¢t = 1. The exact timing of the lump-sum transfer 7 is irrelevant, so we
do not specify it further.

TTf ¢ > %, user welfare is maximized for I* = 0, which, trivially, is achieved by prohibitively high tax.
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The market does not tip (T* = 0) and data investment is I* = —W’f;fﬁ

We sketch heuristically the arguments leading to Proposition 2, with more formal argu-
ments deferred to Appendix C.

The data union resolves the trade-off between improving services through stimulating
data collection and preventing market tipping through limiting data collection. Because
more data benefits users and user welfare increases with data collection (absent market

tipping), the data union implements the lowest data price ¢® and maximum level of data

_ -2t

) subject to preventing market tipping. The optimal data price

investment I*

CCU

= ¢? puts firm z indifferent between strategically triggering market tipping (by raising
I7 above I¥) and not doing so. Thus, G(cf) = 0 holds, which we can solve for closed-
form expressions for ¢Z. Depending on whether the laissez-faire equilibrium features data
undercollection or overcollection (market tipping), the data union sets ¢ Z ¢ and 7% = 0.
When ¢ > ¢ (¢ < ¢), the data union taxes (subsidizes) users’ data contributions, increasing
(decreasing) the data price and curbing (boosting) data collection.

By construction, data union dominates any data sharing policy, as it improves user welfare

given any data sharing rule n*. The next Section 2.3 highlights the interaction between data

sharing policies and data union by calculating comparative statics of ¢f with respect to n®.

Market-Based Implementation of Data Union and Data Trust. In the proposed
implementation of the data union with taxes/subsidies, users manage their data and sell

their data at price d* = ¢*. Firm x pays d* = ¢f = ¢+ 7" to users who pay taxes (receive
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subsidies) to (from) the data union. The optimal data price can also be implemented in a
market-based approach by introducing a data trust as intermediary. To see this, consider a
user contributing data to firm z. Firm x pays d*I* = (¢ + 7%)I" to this user who then pays
7%I" to the data union (or receives —7%I* if 7 < 0). Without any loss, we can rearrange
the chain of transfers such that firm x pays d*I* to the data union; the data union pays cI”®
to the user and keeps the remainder. Hence, the data union acts as an intermediary which
buys data from users at price ¢ and sells them to firm z at price d* = ¢+ 7%, with d* = ¢*
maximizing (4).'"® To prevent data overcollection, data trust might set ¢ > ¢, realizing
profits which are redistributed to users. When the data trust stimulates data collection via

c? < ¢, it realizes a loss which is financed by users. The interpretation is that the data trust

acts as data intermediary which intermediates data contributions from users to firms.'”

Non-discriminatory Pricing. When data union cannot apply discriminatory taxation

or pricing of data — that is, when (74,c¢4) and (77, ¢®) must be equal — it must set
7 := max{74, 78} or ¢, := max{c?, c?} to prevent market tipping. Then, under reasonable

parameter configurations, max{c?, ¢} becomes the optimal data price. In this case, the
optimal data price also reflects the trade-off between stimulating data collection for service
improvements and curbing data collection for enhancing competition. See Appendix I for

additional details.

Union Membership. While we characterize the effects of the data union and optimal
data price, we do not model users’ decision to join the data union, assuming it represents
all users. Appendix J discusses the incentives to join the union. As discussed in greater
detail in Appendix J, an individual user is better off joining the union, when the data

union taxes data contributions and thus pays out tax proceeds to its “members.” However,

18We can reverse above logic too, starting out with a data trust. Consider a user contributing data to .
Then, firm x pays d*I* = (¢ + 7%)I* dollars to the data trust, which pays ¢I® dollars to the user and keeps
7% [*. Without changing outcomes, we can rearrange this chain of transfers such that the firm pays d*I* to
the user; the user keeps c¢I” and pays the data trust 7717, akin to the tax-based implementation.

9Here, the data trust sells data only to the firm that has generated the data: When N¥ = 1, data trust
only sells data to x but not to —z, while x shares n* of the data with —x at zero cost. We relax this
assumption in Section 3.1, studying data markets.
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when the data union subsidizes data contributions and finances these subsidies from users
joining the union, an individual user could be better off not joining the union to avoid
financing the subsidy (while free-riding on the data union). While our analysis highlights
the effects of the data union and characterizes the optimal data price (abstracting from
incentive compatibility frictions), we leave the further study of the exact union design and
its incentive compatibility for future research. We note, however, that this incentive problem
could be resolved by (i) requiring users to be represented by data union or (ii) having a third
party (e.g., the government) cover the subsidy of data collection, in that the data union does
not have to be budget neutral. Indeed, in practice, initiatives that share similarities with a
data union could be government-led, as, for instance, is the case for China’s national bureau

of data.

2.3 Data Union: Analysis and Comparative Statics

We now study how the optimal data price depends on market and firm characteristics. More
broadly, our results of this Section highlight when data-related regulation should curb data
collection (i.e., ¢¥ > ¢) or stimulate data collection (i.e., ¢f < ¢). Corollary 1 (proven in

Appendix D) presents comparative statics of ¢?.
Corollary 1. When ¢ satisfies (5), the following holds:
1. Holding A% fized, ¢* increases in K and KB,

2. ¢ is hump-shaped in X, i.e., increases (decreases) for low (high) values of \.

3. When ¢* is not too large, in that (¢*)* < 2)\[(Z — AY) + K* + K5], then gﬁ > 0,

X
oc?

9=

oc% <0 oc?

o 55 <0, and < 0 (with the inequality being strict for n* > 0).

When services are highly valuable (high K*), monopoly rents are large, which incentivizes
firms to strategically precipitate market tipping and requires a high data price to prevent

this outcome. Likewise, when data are highly productive (large ¢*), a high data price is
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needed to prevent market tipping, especially when there are large differences in data pro-
ductivity between firms. Thus, ¢? tends to increase in ¢* and decrease in ¢~*. More in detail,
an increase in ¢* increases x’s competitive advantage from data collection, necessitating a
higher data price to limit x’s data collection to prevent market tipping. Overall, data price
should be higher when the data union’s main concern is lack of competition (data overcol-
lection) and lower when the main concern is data undercollection. The comparative statics
of ¢ with respect to A reflect this trade-off, since low (high) A\ causes data overcollection
(undercollection), making ¢ hump-shaped in A.

Finally, the data price ¢f decreases with the extent of data sharing as captured by n*.
More data sharing (higher n”) reduces the competitive advantage that a firm can gain from
data collection and therefore also the incentives to collect data. As a result, more data
sharing (higher 7*) enhances competition and allows the data union to lower the data price
to stimulate data collection while preventing market tipping. Hence, a high price for data
and data sharing are substitutes in preserving competition, so ¢¥ decreases with n®.

Can the combination of data sharing policies and a data union enhance user welfare?
What is the optimal data sharing policy in the presence of a data union? The following
Corollary (proven in Appendix E) addresses these questions by showing that data invest-
ments and user welfare increase with the extent of data sharing n*, when the data price is

optimally determined by the data union (i.e., ¢ = ¢¥).

Corollary 2. Suppose ¢° is not too large, i.e., (¢*)* < 2)\[(Z — A%) + K4+ KP], ¢" > 2c,
and 7 € (7,7) under the optimal data union policy. Then, under the optimal data price
determined by the data union (i.e., ¢* = ), data investments I* and user welfare U* from
(4) increase with n*. That is, g% >0 forY € {I*,U*} when ¢® = ¢, where the inequality
1s strict if and only if I® > 0.

Recall that absent data union intervention (i.e., for constant ¢*), more data sharing
(higher n*) reduces data collection investment I and user welfare (when 7% = 0). Notably,

the opposite result prevails when the data price is optimally chosen by the data union, in

that ¢® = ¢f. Under these circumstances, more data sharing stimulates data collection and
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enhances user welfare.

When the data price is optimally determined by the data union, more data sharing (higher
n*) has two effects. First, as in the baseline, data sharing reduces firms’ data investments
by introducing a free-rider problem regarding data collection. Second, data sharing tends
to enhance competition by preventing market tipping in ¢ = 2. Consequently, more data
sharing allows the data union to reduce the data price ¢? while preserving competition,
which in turn increases firms’ data investments. Interestingly, the decrease in data price
due to data sharing outweighs the associated free-rider problem, so that data investment
I7” increases with n* under the optimal data price. Because, in addition to boosting data
investments I, data sharing n* > 0 also improves services for a given level of investment [*,
we obtain that more data sharing enhances user welfare U* under the optimal data price.

Interpreted broadly, our results indicate that the combination of data sharing policies and
data union can effectively address inefficiencies in data collection and enhance user welfare
in a data economy. Provided that the data price is optimally determined by the data union
and the conditions of Corollary 2 are met, the optimal data sharing policy n* implements
maximum data sharing (subject to constraints).?’ In contrast, in our baseline model absent
data union, the optimal data sharing policy minimizes the extent of data sharing subject to
preventing market tipping.

Overall, our findings suggest that data sharing policies are in general beneficial only
when combined with a data union. The intuition is that the data union can alleviate the
free-rider problem in data collection arising from data sharing by appropriately subsidizing

data contributions.

20For regularity purposes and to ensure that the conditions of Corollary 2 are met, we impose the constraint
n* € [0,7] for 7 < 1. This constraint captures in reduced technological/practical limits and costs of data
sharing or that data generated by one firm x is less useful for —x. The optimal data sharing policy with
data union is then n* = 7.
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2.4 Data Union: Objective Function and Total Surplus

We assumed the data union maximizes user welfare. We now (heuristically) analyze the case
that (given any 7”) the data union maximizes total surplus and show that our key findings
remain qualitatively similar. Details are provided in Appendix H. As a first step, we calculate

total surplus — i.e., sum of user welfare and firms’ payoffs — as

with

1
S* = —
2

A

0=

and investments I” characterized in Proposition 1. Total surplus is simply the expected sum
of service quality minus the privacy costs and investment costs; it does not directly depend
on service and data prices which are merely transfers.

As we show and formalize in Appendix H, market tipping is inefficient in terms of total
surplus when the sufficient parameter condition % > ‘bg;;/\cz holds.?! In this case, our key
findings remain qualitatively similar to the baseline, featuring inefficient data overcollection
(market tipping) or undercollection in laissez-faire equilibrium. Data overcollection ensues
when too much data collection (i.e., I” > I*) harms total surplus by precipitating market
tipping. Otherwise, provided there is no market tipping, data undercollection ensues and
investment /* lies below the efficient surplus-maximizing investment level 7% = Z%, =

W > I”. Individual firms underinvest in data collection, because they do not take

into account that their data improves the other firm’s services too (due to data sharing or

2IMarket tipping 7% = 1 can be inefficient in terms of total surplus, as it precludes that the firm with a
positive productivity shock serves the market in ¢t = 2. When —z exits upon Z7 = Z (T* = 1), z serves the
market in ¢t = 2 regardless of the realization Z}, while it could be efficient in terms of total surplus to have
—x serve the market in case Z; ¥ = Z > 0 = Z7. Absent market tipping, it is precisely the firm with the
positive shock that serves the market, i.e., Ny =1 <— Z5 = Z.
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technological spillovers captured by n* > 0).

Appendix H then also analyzes a data union that maximizes total surplus, when the
privacy cost (absent data union) is ¢. The data union implements a tax 7% to set the price of
data ¢® = ¢+ 7%, The data union maximizes S +E[}_ _, 5 7"[*N7], i.e., the sum of surplus
(given ¢*) and tax revenues which are redistributed to users. As we show, the optimal data

price ¢® = ¢§ satisfies (provided 7% € (1,7)):

¢s = max{c,c —n"¢""},

with ¢ from Proposition 2. When ¢¢ = ¢, the data union, maximizing total surplus,
implements the lowest data price and maximum data collection subject to preventing market

tipping. When c¢¢ = ¢ — n®¢~", the data union sets the data price to implement [* =

(672”17 _ ¢t +no "2

o 75 — where

W is the efficient surplus-maximizing investment
when 7% = 0 and the privacy cost is c.

Provided n* > 0, the data price ¢§ (= ¢*) lies above (below) ¢ and 7° > 0 (7* < 0) if
and only if ¢ > ¢ (¢ < ¢). The data union addresses the inefficiencies in data collection
by taxing (subsidizing) data contributions to curb (stimulate) I* when ¢ > ¢ (¢f < ¢).
By construction, the data union, maximizing total surplus given 7n®, achieves higher total
surplus than data sharing policies alone or user privacy protection policies (as quantified
by #). We conclude that our findings remain qualitatively similar relative to the baseline

(with user welfare as the objective), when evaluating efficiency in terms of total surplus and

considering a surplus-maximizing data union.

3 Data Markets

We study markets for data in two forms: (i) users own and sell data (‘“user-centric data

markets”) or (ii) firms own and sell data (“firm-centric data markets”).
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3.1 User-Centric Data Markets

We extend our baseline to study user-centric data markets. In user-centric data markets,
users can contribute/sell data (generated in ¢ = 1) to both firms, unlike in the baseline where
users only contribute data to the firm whose service they bought in ¢ = 1. Akin to such data
markets, Open Banking initiatives allow users to share their banking data with many banks
and firms (e.g., FinTechs).

The data market, allowing users to sell data to the firm that sells the service in t = 1, is
already modeled in the baseline when 6 = 0. Buying the service from x, users sell fraction
6* € [0, 1] of their data to z at price d* = ¢”.

Next, we introduce a market that allows users to sell data to the firm at which they did
not buy the service in ¢ = 1. Suppose fraction 7% := %n® of the data generated by firm z in
t=1 (ie., ﬁ‘”) is shared with —z at the end of ¢t = 1, with exogenous n* € [0, 1] and users’
choice 6” € [0, 1] for § € {0,1}.2% Formally, D* = D* + 77 *D~*, where D* = §"I*N¥ (and
optimally 6* = 1). When § = 1, —z obtains data from z without having to compensate
users, yielding the baseline. Otherwise, when 6 = 0, users sell their data to —z at endogenous
(per unit) price d—*, while incurring (per unit) disutility of ¢=*. Therefore, users set 67 =1
if and only if d* > ¢*. As it would be suboptimal for —z to pay more than ¢*, data price
satisfies d = = d~* = ¢~*. Users do not internalize the broader effects of their data sales to
either firm, focusing only on their own privacy costs and compensation.

When 6 = 0, data is traded at the end of ¢ = 1 (or alternatively at the beginning of
period 2). Suppose N = D* =0 < D™ and N;* =1, ie., firm —z wins the market in
t = 1. Then, firm z decides how much data D* — D* = D* to acquire data from users at
price d* = ¢*. At the end of t = 1, x solves MAX e (o poiy-ap-o B2[T5] — ¢ [DT — D).

If maxp.cipe poty-op-o Elm3] — " [D* — D*] <0, firm z exits, causing market tipping

OE[r3] _ ¢"

T~% = 1. Conditional on operating, 52 = 5 .23 Thus, firm z buys all available data when

@* > 2¢*, while buying no data otherwise. There is no mandatory data sharing; everything

22Generally, n* < 1 capturing that (i) not all data can be ported from one firm to another or (ii) not all
data of firm x is useful to —z.

ZWhen both firms compete, then Ep[r%]

_ AR+¢"D*—¢ "D+ Z
= 5 .
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else remains as in the baseline. Proposition 3 (proven in Appendix F) summarizes some

equilibrium outcomes.

Proposition 3. Define ¢; = ¢* — n"¢™"Iiy-2>9.-2y and consider 0=0=0. WhenT* =1,

data investment satisfies I® = 1§ = max{‘ﬁt\cm, d)z_nx[z(z;ﬁ{hfmﬁ}. When T® = 0, data
T __9.x]+
investment satisfies 1" = I3, = %. The market tips in t = 2 upon Z7 = Z and

T* =1, if and only if G(c*) > 0 with G(c*) from (2). A sufficient condition for market

L gre (Z-A%)
tipping is “53= 2 G e

User-centric data markets lead to similar outcomes in terms of investment and market
tipping as the baseline with (mandatory) data sharing. Because users do not internalize the
effects of their data sales on firms’ investment incentives and competition, they sell their
data to all firms, leading to D* = D* + n‘xﬁ_z akin to data sharing.

When z wins the market in ¢ = 1, the market tips in ¢t = 2 (i.e., 7% = 1) whenever

—x cannot win in ¢ = 2 even upon Zj = Z. That is, 7% = 1 if and only if I* > I =

Z—A%,
GTng T —2e "

R Different to the baseline, the firm, losing period 1, now buys data from the
competing firms’ users instead of receiving it for free. This makes operating in period 2

more costly and therefore market tipping more likely, relative to the baseline. Formally, I*

Z-AZ

W——W) than in the extension with user-centric

is larger in the baseline (where we had [* =
data markets.

Because user-centric data markets are similar to our baseline with mandatory data shar-
ing, our main conclusions regarding the optimal data union and data price remain valid too.
We stipulate ¢ = c+ 7%, where ¢ < 2¢” is the intrinsic privacy cost and 7% 2 0 a tax chosen
by the data union according to (4). The data union effectively determines the data price
it =d* = d* and thus firms’ data collection investments. See Appendix F.4 for details and
an expression for ¢?. The optimal data price may lie above or below the laissez-faire price,
depending on whether the data union needs to address data overcollection or undercollection.

In the tax-based implementation, firm x pays any user the data price d* = ¢+ 7" per unit

of its data, while this user pays 7% (per unit) to the data union; the tax proceeds/subsidies

are then rebated /financed to/by all users equally. To obtain a market-based implementation,
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we can rearrange these transfers and have the data union act as intermediary (data trust).
When 2 buys one unit of a specific user’s data, then x pays (per unit) data price d* to the
data union, which pays ¢ to the user and captures 7%. In other words, the data trust buys
data from users at price ¢ and sells them to firm = at price d* (and to firm —x at price d—%).
The data trust intermediates data sales from users to firms taking into account the impact of
data sales on competition and firms’ investment incentives, thereby improving user welfare.

Finally, if the data union cannot price-discriminate in that ¢ = ¢® = d must hold, it

must set a data price of max{c?, ¢} to prevent market tipping.

3.2 Firm-Centric Data Markets

We evaluate firm-centric data markets, where firms own and trade user data at the beginning
of period t = 2. The key finding is that data trades among firms and therefore the intro-
duction of firm-centric data markets cause market tipping and lack of competition, harming
users. Intuitively, if one firm sells data to its competitor, it enhances its competitor’s service
quality and therefore competition, which benefits users but decreases firms’ joint payoff.
Firms optimally trade data only when trading improves their joint payoff, which happens if
and only if trading reduces competition by causing market tipping in period ¢ = 2.
Formally, we consider that at the end of period 1, before deciding whether to operate in
t = 2, firms can trade the stock of data gathered in period t =1 (i.e., Dz) — which we take
as given. We do not restrict attention to a specific trading protocol, but consider that trade
occurs if and only if trade puts both firms at least weakly and one firm strictly better off.
Formally, let 75 (D*, D~*) denote firm x’s expected payoff in ¢t = 2 given data (D*, D~%).
Consider that N¥ = 1 and D* = I* > D™* = 0. Absent data trade, D* = [* > 0 = D%
(there is no mandatory data sharing nor a user-centric data market). However, if firm x
trades (and thus shares) data with —z, we obtain D* = [* and D~* € (0,n[*] where we
impose that maximally (exogenous) fraction 7 € [0, 1] of z’s data can be sold to —z. Data

is traded if and only if both firms’ joint (expected) payoff strictly increases upon trade, that
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is, if and only if there exists (feasible) D~* € (0,7/~*) such that**

To(I*, D7)+ T, “(D™*, I%) > 75 (1°,0) + 75, (0, I7). (6)

Provided (6) is satisfied, there an appropriate transfer between firms implements the de-
sired split of surplus created from trade, which pins down the terms of trade (not further
characterized).?’

The following Proposition (proven in Appendix G) summarizes our key result.

Proposition 4. Consider N* = 1 and D* = I*. Data trade occurs, i.e., (6) holds for
admissible D* > 0, only if the market tips post-trade and firm x exits the market. A necessary

condition for data trade to occur is nd=* > ¢* + (A% + Z) /1.

When both firms operate in ¢ = 2 and trade data, they enhance product quality and
competition in period ¢t = 2, which solely benefits the users. That is, firms cannot capture
the gains from trade when competition is fierce. However, firms benefit from trading data
when this weakens competition by causing market tipping. Therefore, data is traded only
if it precipitates market tipping in ¢ = 2. A trade in which z sells data to —z precipitates
market tipping if the data productivity ¢~* of —x is sufficiently large. Intuitively, data trades
make data flow toward companies that can gain a significant competitive edge due to high
data productivity. Consequently, data trades among firms and therefore the introduction of
firm-centric data markets weaken competition by triggering market tipping. We therefore
conclude (without further formal analysis) that the introduction of firm-centric data markets

tends to harm users.

24The equilibrium in the period-2 subgame is defined as in the baseline, given stocks of data D* and D~*.
25Characterizing the terms of trade would require further assumptions on the trading protocol — which
we omit here.
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4 Conclusion

We develop a model of data-driven firm competition in which data are jointly produced
by dispersed users’ economic activities and firms’ investments in data infrastructure. Data
collection improves service quality, benefiting users, but may reduce competition, harming
users. Dispersed users do not internalize the impact of their data contributions on (i) ser-
vice quality, (ii) firm competition, and (iii) firms’ incentives to invest in data generation.
The laissez-faire equilibrium features inefficient data overcollection, reducing competition,
or undercollection, compromising service quality. Data privacy protection policies, open data
initiatives, and data markets all have limitations. We show how a data union, coordinating
users’ data contributions, enhances user welfare by addressing inefficiencies in data collec-
tion. The data union can be implemented in a market-based approach by introducing a data
trust, intermediating data sales from users to firms. Moreover, our results highlight that the
combination of a data union and data sharing policies can enhance user welfare in a data
economy. We also shed light on the determinants of the optimal data price, with implications
for data-related regulation.

Analyzing a purposefully stylized model, we formalize the concept of a data union but
leave several key questions unaddressed. It would be interesting to characterize optimal
data union in a more general and potentially quantitative framework. As our framework is
tractable and admits closed-form solutions, it could be extended in various ways, for instance,
by allowing for preference heterogeneity. Future research should also explore whether a
data union can be implemented through private entities (market-based approach) markets
or requires regulatory intervention. Furthermore, it is important to explore the legal or
technological implementation of a data union.

Finally, the concept of a data union — which we introduce and formalize in this paper —
has its counterparts in practice. For instance, legal entities in the form of data trusts start
to emerge (Houser and Bagby, 2022). Practitioners have also explored the concepts of data
pool or cooperative, where users contribute and share data. Examples include Driver’s Seat

and MIDATA.coop. More recently, the concept of DataDAO provides an implementation
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of an entity akin to a data union based on distributed ledgers and blockchain technology.
In addition, China’s newly introduced national data bureau constitutes an example of a

goverment-led initiative to centralizing data ownership.
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Appendix

A Regularity Conditions

To ensure I” < [ in equilibrium, we assume

. ¢~ (2 )
I>max{ o } (A.1)

To ensure that there exists P > 0 so that Ny = 1 upon Z7 = Z (and thus E,[x]] > 0), we
assume
A +Z — ("I —c*17%) > 0. (A.2)

A sufficient condition for (A.2) is
%+ Z>1 [max{c",0} — min{c™",0}]. (A.3)

Condition (A.2) ensures that N{¥ =1 (i.e., x wins the market in ¢t = 1) if and only if Z{ = Z.

Finally, we make assumptions how to break ties in asymmetric Bertrand pricing compe-
tition and regarding market tipping. First, in determining the pricing equilibrium, we break
ties in favor of z = A, so N/* = 1 when YA+ Z# — cAI404_yy = Y, "+ ZP — PIPOPL,_yy.
Second, we assume in Proposition 1 that when indifferent, a firm does not precipitate market
tipping. That is, when G(c¢”) = 0, the market does not tip upon Z7 + Z, so T* = 0. When
we call an equilibrium unique, we mean that is unique subject to these assumptions on how

to break ties.

B Proof of Proposition 1

We solve the model (i.e., the equilibrium) separately for the two cases, 7% =0 and 7% = 1,
where © = A (—z = B) or x = B (—x = A). Having solved the model for the two
cases T* € {0,1}, we then determine which case prevails in the (unique) equilibrium. In
what follows, E; denotes the expectation taken at the beginning of period t before the
shock Z;, = (Z#, ZP) realizes. Moreover, as can be easily verified, first-order conditions are
sufficient for optimality in our setting, so we do not always separately check the second-order

conditions for the sake of brevity.
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B.1 No Market Tipping 7% =0

Consider that 7% = 0, i.e., the market does not tip and both firms operate when Z7
Z <= Ny =1 realizes in period 1. Consider Z7 = Z, i.e., x wins the market in ¢t =
Then, Z§ = Z implies Ny =1 > 0= N,", P, " =m," =0, while Z3 =0 < Z;" =
implies N5 = 0. The (realized) period-2 payoff of x upon Z3 = Z becomes:

N~

ﬂ_%ﬁ:Péc:Y'Qx_Y'Qfx:Aglﬁ{+¢xDz_¢mefx_'_Z’

with D* = N¥I* +n "Ny I~ and D™ = Ny "I + n*NyI*. As firm = wins the market
with probability 1/2 (and otherwise has zero revenue), firm x’s expected payoff at beginning

of period 2 reads
A} + "D — "D+ Z
2
In period ¢t = 1, we have N¥ =1 if and only if Z{ = Z — which happens with probability
1/2. Then, Z} = Z implies that « wins the market, in which case P, * = 0 and

Eq[my] =

PP =Y~ YT (I — ¢TI = AL — (L — ¢ T0) + 2

Condition (A.2) implies P > 0, so E[77] > 0.

We calculate the expected payoff at the beginning of period 1:

Eqfnf] = % (A% — (T =TT 2+ %(F(w — "¢ 7") + A + Z))
+ i (A + Z+ 1" —¢7)] 7,

where [AZ + Z 4+ I7%(n%¢" — ¢ )" = [AL + Z+ I *(n2¢" — p~*)] (1 — T7%) is zero if
and only if firm x exits upon Z;* =2 > Z7 =0, ie., T7% = 1.

Firm = maximizes Eq[r]] — ’\(ITZ)Q over I* € [0, 1] at the beginning of period t = 1 (taking
17 as given). If I* € (0, 1), this leads to the first-order condition (FOC):

b — 2¢*

%[—cul(w—mw)}—wzo = I'=—3

2
Condition (A.1) ensures I* < I. The FOC is clearly sufficient, i.e., the second order condition
is satisfied as %i)z (Eq (%] — /\(1;)2) <0,
Thus,

L — 2" T 90|t
I = Iy :max{o,L} _ o2l

4\ 4N
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In this scenario, total expected payoff for firm x becomes

L 2
% = max <E1 [7F] — %)

1 2
<Af<—i—c‘”[ + 74 = <A§<+Z)+ hi)

mw+z+1 T — )] "

B.2 Market Tipping 7% =1

Next, consider that 7% = 1, i.e., the market tips upon Z7 = Z, which occurs if and only if
firm —x cannot “win” the market upon Z7 =0 < Z;* = Z. That is, 7% = 1 if and only if

Z—N  Z— AL

A —Z+1(¢" =10 ") >0 = [">1":= =
K ( ) T — TP o

(B.1)

Condition (A.1) implies I > I”. As Z > A% and ¢y >0, 17 > 0.
We consider 7% = 1, i.e., I > I. Then, conditional on Z{ = Z, firm x becomes

monopolist in period ¢ = 2 and charges optimally the monopoly Py = Y5" + Z5, so that users
just break even. Thus, z realizes period-2 profits of n5 = Py = K* + Z5 + ¢*1”.

If firm x wins in period 1, i.e., Z] = Z (which happens with probability 1/2), it charges
price PP = A% — (¢*I* — ¢ *I~*), while firm —x charges price P, * = 0. Condition (A.2)
ensures P > 0.

Then, period-1 expected payoff for firm x reads

1 37

1
+ o [A 2+ e - o))

where [AZ + Z + I7%(n~*¢" — ¢~*)]" is zero if and only if firm z exits upon Z;% = Z >
Z7 = Z (i.e., if and only if T7% = 1).

Conditional on 7% = 1 and hence I* > I®, firm x maximizes E, [7]] — )‘(I;)Q over I* > [

at the beginning of period ¢ = 1 (taking 1% as given). If I® € (1%, ), this leads to the FOC

¢x_cx

1 X €T T __ xr __
5(—0 +¢°) AN =0 <— I"= )

(A.1) ensures I* < I. The second-order condition is satisfied as a(?—i)g <]E1 (7] — /\(1;)2) < 0.
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Thus,

¢m_cm
I*=1Ii= I
T ma‘X{ 2/\ ) = )

with I% < I due to (A.1). When T® = 1, total expected payoff becomes

I = max (El[ﬂf] _ Wx)z) |

7> 2

When [7 > I, then

1 37 MIE? 1
“?25(%“‘”‘”7””5% U M ag sz oot o)

Otherwise, when I7 = I, we have

15 =

N | —

3% A(I7)?

1
+ A+ 2+ e - o))
B.3 Optimal Choice

Recall ¢ = ¢* — n®¢~*. Combining the two cases T € {0,1}, we can write the firm 2’
expected payoff at the beginning of period 1 as follows:

E,[7{] = % [A}Q +Z—(I*—c ") +T" (g + K* + qul"”)
1-7°
4—L—if—l(f%¢w—wf¢ﬂﬂ4—A§—+Z>}
# [Ak+Z+17m 7" —67)] .

_|_
Taking the choice of I™% as given, firm x’s total payoff (pre-investment) becomes

H:f = maX{HAgvaTu H%"}

Effectively, firm x chooses (taking the choice of the other firm as given) at the beginning of
the first period the investment I* € {I%, I%,} to maximize

7 = URple<rey + Uplies ey

. In other words, = chooses whether it precipitates market tipping upon Z7 = Z by raising
I* above I*.
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When II%, > II7, then the market does not tip upon Z7 = Z and x chooses ¥ = I}
so T = 0; ties are broken in favor of no tipping. Otherwise, when II%, < II7, the market
tips upon Z7 = Z (i.e., T* = 1) and I* = I7}.

Given /", we obtain that II%, = II7 is equivalent to

5 (et 5 (150 5+ 7)) - MR = (8 2) + 2
2§<—CIT+K +§+¢IT>— 2T ,
which simplifies to
AMIxr)? 2 5 + (67 — ) I — AIF)% (B.2)

Thus, the market tips if and only if

x T ¢ —c” Z-A%
Note that when I7 > I7, ie., 5= > e then
K44+ KP

G(c") +A(I7)* = MIRp)* > 0,

2
which triggers market tipping 7% = 1. As a result, a sufficient condition for market tipping

v et Z—AZ
T* =1 reads o rot

B.4 User Welfare

When there is market tipping ¢ = 2 and x becomes monopolist (i.e., T = 1), user welfare
(i.e., users’ per-period payoff) in ¢ = 2 is zero, since users are charged their reservation value

(i.e., P¥ =Y5") and merely break even.

Otherwise, when there is no market tipping (i.e., 7% = 0) and Z§ = Z, i.e., x wins the
market, we have P, * = 0 and Py = Yy — Y, “ + Z, so users’ utility /payoff/welfare in this
case becomes Y — Py =Y, * = K"+ ¢ *D™".

Therefore, if both firms operate in t = 2, expected user utility at the beginning of period

2 equals

Wb = Yz_$2+ Yy
This payoff depends on which firm has won period t = 1 through D*, D~*. When x has won
period 1, then D” = I” and D" = I and u}” = (K™% 4+ ¢~ "nI*) + 3(K* + ¢"I%).

= S(K ™ 4 97D ) (K + 67D,

Next, consider period ¢t = 1. When Z{ = Z, i.e., x wins the market, we have P, = 0 as
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well as Pf =Y — Y ° — (¢"I" — ¢ *I~"). Thus, Y* — Pf =Y + (¢"I" — ¢ *I~"). The
per-period utility for users in period 1 is then Y{*—Pf—c*"I* =Y *—c [ * = K *—c "] 7".
Next, we can write user welfare — users’ expected (lifetime) payoff/utility at the begin-
ning of period t =1 — as
1) o 1. _ 1
U =3 [K e (L= T S (K 4 T ) + (K afﬁ)}]

+§[K — 1 (L= TS + 67 0) 4 S(K 071 )}]

where we account for the fact that period-2 user payoff becomes zero upon market tipping
—ile,whenT? =1and Zy = Z <= Ny =1

One can also write:

U=3 3[R e G g s )|

We can rewrite this expression for U as

A B _ T
(e U1

* 2

{ 6 4 g 1}] 7

N |

which coincides with (3). One can insert (z, —x) € {(A, B), (B, A)} to obtain a more explicit

representation.

C Data Union — Proof of Proposition 2

C.1 Part I — Auxiliary Result

Consider parameters such that

Z-0y g2 G NZ-Ap)
qﬁ > 5 < C>?— (ﬂ .

Thus, 17 = ¢7,K and G(c”) can be rewritten as

KAL KD (=) Z-AF) _ MZ—ApP (165~ 21
2 o %) 163

G(c") = > 0,

Clearly, when ¢” > %1 then G'(c*) < 0 (owing to Z > A%,).
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Next, consider ¢* < . Then, we calculate

Z— Ny gy — 2"
/ T _— — K i :_[I_Ix
&) Y L

which is strictly smaller than zero if and only if

ey L . O 2MZ - A%)
> — > f K
¢! 4\ © 75 7

In particular we have that G(c”) strictly decreases when z dﬁK) > ¢>””2—)\c , e, & > ¢ —
(Z¢IN i) 4/\6 , with G'(¢”) < 0 whenever G(c") is differentiable.

Next, we evaluate

o — 2A(Z - AR)\ _ K"+ KP A2 - A ([g7 — 2c¢7])?
& 2 (¢7)? 16X
_ KA —I—KB N (¢x _ Cz)2 B ([(b% _ 2ca:]+)2
2 4\ 16
> 0,
with ¢ = ¢* — (Z AI < @".
As G(¢*) is continuous on S := ((bx - %, oo), it follows that G(c¢*) has a unique

root on S denoted ¢f with G(cf) = 0.

We can solve G(¢?) = 0 in closed form. When ¢ g , then

o nZ-ag) [, (22 8k)e — (2 Ao+ (K + K2\ |
2 oz o

Otherwise, when ¢} > % , we have

C

. O (KA KPP ¢N(Z - AL NZ-AR)
*_Z—A}”{( > gr (1) )

ie.,
ANZ — A%) N gbﬁ(KA + KPB)
o8 2(Z — A%)

n

=07 -

C.2 Part II — Data Union Optimization

For ¢* = ¢+ 7%, choosing ¢ is equivalent to choosing 7%, subject to ensuring 7* € [r,7]. Tt

is assumed that this constraint does not bind in optimum, i.e., 7% € (7,7) in optimum.

AT



As such, the data union maximizes

1 1
max (U + éTx[x + 7" ),

cA cB 2
TV

=U

with U characterized in Proposition 1 for a given level of ¢® = ¢+ 7®. This is akin to solving
max.A .B U with
1

U=3 {K—x —el 4 (1— Tﬂc){%(K‘m + oI + %(Kﬂﬁ + ¢W)}] (C.1)

+ % {Kz eI (1- T‘x){%(K*’" oI + %(Kx + n—wxrw)}] . (C2)
The objective function U depends on ¢* only via I*. As such, the data union’s optimization
becomes max;a sz U, subject to all relevant constraints — where one can treat I? (with a
slight abuse of notation) as a parameter.

Clearly, market tipping 7% = 1 or 7% reduces U (heuristically, one can calculate gTUz <
0). As such, the data union sets (¢, c?) so that there is no market tipping whenever feasible,

i.e., 7" =T~* = 0. Thus, whenever 7 € (7,7), then 7% = 0. By Proposition 1, this requires

that AN INZ — AL)
2K —C x x 2K
> — > — (—) .
or 2 o
Furthermore, for no market tipping to occur, it must be that G(¢*) < 0. As we know from

N(Z—AZ,)
o5
root ¢®. As such, market tipping does not occur if ¢* > ¢*; data union therefore implements

X ) pping ) p

the previous part, G(c*) strictly decreases in ¢* for ¢* > ¢* — ( ) and has a unique

The partial derivative with respect to I* becomes (holding all else equal):

— _C+

oUu 1 (1—T’C)(
ors 2 2

¢* + n”¢_$)]
Absent market tipping (7% = 0) and under ¢* > 2c, g—;Uz > 0.
Thus, the data union optimally induces maximum /* subject to ensuring the market does
: xr __ [d’%‘_QCwﬁ
not tip. As [¥ = — 53—

prevents market tipping. Thus, provided 7* € (7,7), optimal data price equals ¢® = ¢¥, with

decreases with ¢”, the union sets the lowest price of data that

c? solving G(c¢¥) = 0 and characterized in Part I of the proof.
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D Proof of Corollary 1

To begin with, define

_ T T _ T T A T
,C::%(z(Z N3G — (Z — AR )¢ + (K +KB>¢W>>O.
o5
Thus,

ro9NZ — A2
fz%——k( i) | K.
2 ot

As ¢" > ¢f, we have K < 2M\[Z — Af + K* + KP]. As an auxiliary result, we note that a
sufficient condition for ¢* < VK <= (¢*)? < K is given by

(¢")* <2A[(Z — A%) + K* + KP]. (D.1)

We now perform comparative statics.

Holding A% fixed, ¢ clearly decreases with K4 and K5,

Next,
o 2AZ-Ay) 1 K 20Z-A%) VK
O o 2WE A ¢z 2
Thus,
aacfzo = VK& 2 4NZ - AY) MZL%%A.

Thus, the expression for ¢f in (5) is hump-shaped (inverted U-shaped) in A, i.e., increases in
A for low levels of A\ and decreases in A for high levels of \.

We now calculate (using ¢ = ¢* — "¢~ > 0):

ot 1 2NZ —AL)  2MZ — AL ¢ — ¢°

I T ) F R R P
LR ()
2 T (o VK )

This expression is positive when ¢” — ¢y < VK. In particular, % > (0 when (D.1) holds or

when 7” is small (e.g., n° = 0).
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Next, we calculate (using ¢; = ¢* —n“¢~* > 0):

on* 2 (¢7)? VK (¢7)2
2 (¢7)? vK) ]
Thus, g;f < 0 when (D.1) holds and ¢—* > 0.
Due to ¢ = ¢" — ¢~ 7, 8‘161 has the same sign as g;i, provided n* > 0. Thus, when
n® > 0 and (D.1) holds, then 8?;}; < 0.
Calculate

Dcr 2\ N 20" —¢f 2\ <¢~’v — 0507 1)

02" 5 VK & %\ VK

which is negative under condition (D.1).

E Proof of Corollary 2

From (C.1) and under 7% = T'® = 0 (under the optimal data union policy), we obtain
T7 1 —x —x 1 —x —x, T TX 1 T T 7T
+§{K —cl +{§(K +o¢ 1 )+§(K +n "1 )}],
[¢F —2c*]

I
data prices c? are characterized in Proposition 2. That is, U* = U under ¢* = c.

where [* = . Note that U* = maxa .5 U. As we consider 74,78 € (7,7), optimal

It is apparent that — holding (I, I?) fixed — U* increases with #* and n~*. Further,

due to ¢, =% > 2¢, U* increases with I* and 7", holding all else equal. Thus, if I* increases
ou*
on=

In case I* = 0, n* does not affect U*, and g% = gg; = 0 (provided differentiability). It
therefore suffices to analyze I* > 0. Suppose that I* > 0 under ¢* = ¢
[¢f —2c7]F

ax

policy ¢® = %, strictly positive investment ¥ > 0 requires ¢ = ¢ <

> 0.

with n*, then U* increases with n* too. Formally, g% > 0 implies

X
* 7

with the optimal

under the optimal data union
o
2

data price ¢? characterized in Proposition 2. As I* =
so that c7 is

characterized in (5).
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Next, for I* > 0 and ¢ = ¢7 from (5), we calculate that I* = %, with

2(Z - AF) [ (2(2 A — (7 — ARG+ (K + KW)] :
n n

Define

_ T T _ x T A B\ |,z
K::zA(2<Z ALY — (Z $K>¢n+<K +K>¢’">>o.

Finally, we calculate (using ¢; = ¢* —n“¢~* > 0):

A e )
on* (¢7)? VK (¢7)? (¢7)? VK

Thus, % > 0 when (D.1) holds and ¢—* > 0.
Consequently, when I > 0 and ¢* = ¢?, we have ng;: > (0 and gg; > ( as well as g;i <0

(according to Corollary 1). This concludes the proof.

F User-Centric Data Markets: Proof of Proposition 3

The proof is analogous to the proof of Proposition 1, modulo slight changes. We solve the
model separately for the two cases T* € {0,1}, and finally determine which case prevails in

equilibrium.

F.1 No Market Tipping 7% =

First, suppose that both firms operate in ¢ = 2 upon Z7 = Z, i.e., T = 0. Let us analyze
firms’ decisions whether to acquire data in the end of ¢ = 1. For this sake, consider that
Ny =1, ie. Z{ = Z, and investment I* > 0; that is, firm x has won period ¢ = 1. Thus,
D* = D* = I” and D= = 0. The expected period-2 payoff of firm —x, given data D™,
becomes

o[y ®] = %(z AL 4D — ¢ID$>.

At the end of period ¢t = 1, firm —x solves

max Eo[m, ¥ — ¢ *D™"
D-=€[0,717]

OE[m, "] _ ¢
Due to S = 3
that D™ = n*D* = n*I* when ¢~* > 2¢~* and otherwise buys no data, i.e., D™ = 0; we

break ties in favor of buying all data, if indifferent.

, we get that in optimum/equilibrium, —z buys all available data so

All



Conditional on 7% = 0 and Z7 = Z, we then have under optimal data acquisition policy:
_ e 1 _ N
Eafr;] — D" = (2 Afe 4 [0 — 2 T - 67,

where [-]7 = max{-, 0}.
Building on our insights so far, we can derive for x = A, B, T® = 0 and ¢; = ¢* —

N* ¢ lg-=>2.-=1 the expected period-1 payoff of firm x:

E,[r7] = % (A}Q (I — Y 4 2+ %(ms;; FAT Z)>
|
to[AkFZ e 2] - o] (LT,

Note that according to (A.2), A} — (¢*I* — ¢™*17") > 0.

)\(11)2

5 If interior,

Firm z maximizes at the beginning of ¢ = 1 the objective E;[n]] —
optimal investment therefore solves the first order condition:
&

——%—)\Ixzo = I"=

¢y — 2¢*
1 _

4N

As a consequence,
T _ 9T +
4\

F.2 Market Tipping 7% =

Consider 7% = 1. The market tips in ¢t = 2, i.e. 7% = 1, and —z exits if and only if

D-zelon*1=] \ 2

max (1 (Z — AL+ D" — quCCI”J) — c_wD_z> <0.

This condition is equivalent

T 7T T T TT[ - —x]+ x Z_Aalc( _.Jz
A e e M T e e i
with @7 := ¢* — n®[¢p™" — 2c7 7| 7.

Suppose that indeed the market tips upon Z7 = Z, i.e., I* > I*. Then, conditional on
Zt =7 <= Ny =1, firm x becomes monopolist in period ¢ = 2 and charges optimally
Py =Yy + 73, realizing time-2 profits 5 = Py = K* 4+ Z5 + ¢*1*.

Conditional on market tipping in ¢ = 2 upon Z7 = Z (i.e., T* = 1), time-1 expected

A12



payoff for firm x reads

1 37
Eqi[nf] = 5 (A}’( — (¢ I* =) + -5 + K" + qbzlm))

[Af + Z 4 T [¢7 — 26T+ = 67)] (1= T7),

Note that according to (A.2), A} — (¢*I* —c¢™*17") > 0.

’\(I;)Q over I” > I" at the beginning of period ¢t = 1 (taking

I~ as given). If I* € (I*, 1), this leads to the first-order-condition (FOC);

Firm x maximizes E;[7]] —

¢x — "
2\

1
5(—c”“rgb"’”) —AN*=0 — I"=

Note that (A.1) ensures I* < I. Further, I* < I by (A.1).

As a result,
T

P* ="
[*=1Ii= r
T ma‘X{ 2)\ ) = )

with IZ < I. Under market tipping upon Z7 = Z, the payoff becomes

IT% := max | E{[n]| — )\(]I)z .
: (Bl )

I=>1* 2
F.3 Optimal Choice
Taking the choice of 17" by the other firm —x as given, firm x’s payoff becomes
I} = max{Il%, 117}

When 1%, > II7, then the market does not tip upon Z{ = Z; ties are broken in favor of no

tipping. Otherwise, the market tips.

Given [~*, we obtain that II}, 2 II7 is equivalent to

§<—c5@+§<hwgf+AK+Z)>— gT
1 Z M(I2)?
256ﬁﬁ+K@+5+Wﬁ>—(;)

which simplifies to
KA+ KP

(6T = - A

MIyr)* 2

A13



Thus, the market tips if and only if

_KA+KB

G(cY) 5

+ (¢" — )V — MIF)? — MI%p)? > 0.

F.4 Data Union and Data Trust
F.4.1 TUser Welfare

We first calculate user welfare as

1 1 1
U= [K“’” — T (1 T‘””){i(K‘”” + TN L Lgmazaeay) + S (BT + cb”I‘”)}}

1 1 1
+§|:Kl‘_C$]I+(1—T_I){é(K—w_’_gb—x[—z)_’_§(K$+n—x¢$]—$ﬂ{¢z>20z})}:|.

We can rewrite this as

A B
U::(KA—i—KB) <1——T ZT )
1 —T 7 (1_Tx) -z, X JT T 7T
1 +T{¢ T N grznemsy + 0717 | (F.1)
1 1-T-"
+ §|:_ ETE 4 ( 5 ){¢$Ix+7]x¢x1m]l{¢IZQCz}}:|

F.4.2 Auxiliary Result

Define ¢ = ¢* —n"¢""I4-2>9.-+) and @} := @7 —n[¢p~* —2c¢*|*. Recall that when the mar-
¢ —c* (Z—A%)}

2 0 e [
When the market does not tip upon Z7y = Z and 7% = 0, data investment satisfies

T __9,x]+
I* = IRy = = 42; ]

ket tips upon Z{ = Z and T* = 1, data investment satisfies I* = I} := max {

Consider parameters such that

(Z — A%) - ¢y — 2¢”

* —_— = F.2
oo —2cF = ax 77 o (F2)
which is met for ¢ sufficiently large.
Thus, 17 = Z;g;{ and G(c”) can be rewritten as
KA KB T _ V(7 — AT MN(Z — AZ 2 x_20w+2
G(Cx> — + + (¢ C )( K) . (( K)) _ ([¢n ] ) > 0’

2 Py (5)? 16\

Clearly, when ¢* > ?, then G'(¢*) < 0.
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Next, consider ¢* < ¢—2” Then, we calculate

Z-ny o

G'(c") = =1"—1"
() 7 1\ =
In particular, we have that G(c¢*) strictly decreases when [* = (Z;f%) > ‘bIQ_)\CI, ie., ¢ >
n
¢° — %, with limyy» G'(y) < 0 and lim, = G'(y) > 0 as well as G'(¢*) < 0 whenever
n

G(c") is differentiable.

Next, we evaluate

. ( 2= A;a)) CEALED NZ- 8 (6 =2
" o7 2 (Pr)? 16\
_ KA —|—KB N ((b:v _ C:c)2 B ([qb% _ 201]+)2
2 4N 16
> 0.
As C(c®) | . (a 22Z-A%) : . :
s G(c") is continuous on S := (¢* — % oo)7 it follows that G(c¢*) has a unique root

on S denoted ¢ with G(c¢%) = 0.
We can solve G/(cf) = 0 in closed form. When ¢ < ¢7/2, then

o O 2NZ=AF) |y, (HZ AR - (2 Aj)d + (K4 + KP)op :
* 9 Pz (I)f] .

n

Otherwise, when ¢ > ¢ /2, we have

PO (KA+KB+¢%Z—A%>_A(Z—Af;()?)
O Z— AL 2 oz ()2
e PIKA+KP)  \NZ - A%)

ATV EvS R T

F.4.3 Union Optimization

For ¢ = ¢+ 77, choosing ¢ is equivalent to choosing 7%, subject to ensuring 7° € [1,7].

Suppose that in optimum 7% € (7,7). As such, the data union maximizes

Ix ]71'
max (U + 5 (7% 4+ (1 = T*)7 "0 Lip-en0e-sy] + 5 [T+ (1- Tm)Txan{d,ngcz}]) .

cA,cB
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This is akin to solving max a .5 U with

1 1 1
Ui=5 {K_:” —el 7+ (11— TI){g(K_z TN L Lgmazacay) + S (KT + cbxfz)}}
5 | BT = el + (1= T S(K" + 67 1) + S (K" + 76" Tggosaen) |
1
+ 3 [(1 —T) (™ = )N I Ip-2z0c-2y + (1 =T77)(c" — c)n_ml_IH{WZQCI}}
It is clear that the data union sets (c¢?, c?) so that there is no market tipping, which requires

that

Z =A% 9" =" e 2MZ — AY)
3z > 5N = >0 ( 3z :

Furthermore, for no tipping to occur, it must be that G(¢*) < 0. As we now from the
2A(Z—AZ,)

previous part, G(c*) strictly decreases in ¢® for ¢* > ¢ — ( o ) and has a unique root

c?. As such, market tipping does not occur if ¢* > ¢7.

When 7% = 0 and I” = P22 > 0, then ¢ = 0.5¢¢ — 2\I” and 2% = —2) with a slight

abuse of notation. Holding all else equal and for ¢ > 2¢*, the partial derivative of U with

respect to I* becomes:

el I w CURA H{stzzcz})}
1-T* 1-T"
+ ( 9 )(C_$ — C)?’]I]I{d)fmzm;*z} — —( 5 )]_In_x]l{¢$220x}2)\.
As there is no market tipping, we have T% = T7% = 1.
We focus on ¢” large enough so that investment is sufficiently efficient, and gTUx > 0.

The baseline also focuses on this scenario. Under these circumstances, we obtain that data
union optimally sets 7° = ¢ — ¢ (provided 7% € (7,7)), as in the baseline. The data union
therefore implements maximum data collection subject to preventing market tipping, so that
the optimal data price ¢f solves G(c¢¥) = 0. The optimal price for data ¢? is available in

closed-form; see Internet Appendix F.4.2.

G Firm-Centric Data Markets: Proof of Proposition 4

Suppose that N{¥ = 1, i.e., Z{ = Z, and the investment level of firm x is /* > 0. Thus,
D*=1">0=D"

To begin with, consider arbitrary D*, D~" and suppose the market does not tip in t = 2.
Then,

(D%, D7) = S (A% + Z +¢"D* — ¢ D7)

N | —
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and

N

so that
To (D, D7)+, (D™, D%) = Z.
This result holds regardless of whether there is data trade.
First, consider that there is no data trade, in that D* = I* > 0 = D~". If the market

tips and —x exits in ¢t = 2, we have 7, (D", D*) = 0 and

A
T3(D7, D7) + 7 (D7, D7) = 75(D7, D7) = K™ + 671" + 7.

In addition, the condition for market tipping must hold in that
"I > 7 — A, (G.1)
This condition implies that
KI+¢IF+§zK”+% > 7.

If there is no market tipping, we have 75 (D*, D~%) 4+ 7, *(D~*, D*) = Z, which is strictly
lower than firms’ joint payoff under market tipping whenever (G.1) holds.

Second, consider there is a data trade, in that D* = [* and D~ € (0,n["]. A data
trade (from x to —x) is feasible, in that it strictly increases firms’ joint payoff, only if —z
operates in t = 2. Suppose to the contrary that post-trade, the market does not tip and
both firms operate, so that 75 (D*, D~*) + 7, “(D~*, D*) = Z. As a data trade occurs only
if it strictly increases firms’ payoff, it must be that absent a data trade, the market would
have tipped in that —z would have exited. That is, (G.1) holds. In addition, the pre-trade
surplus K% + ¢*I* + % must be lower than Z. However, we have according to (G.1):

Kf”+¢xlx+§ 2KI+% > Z,
a contradiction. It follows that the market tips post-trade, i.e., a data trade occurs if and

only if it is followed by market tipping and exit by firm x in t = 2.

A data trade (from z to —=x) is only feasible, in that it strictly increases firms’ joint
payoff, if —x operates in ¢ = 2. Thus, if the market tips post-trade, then it must be that

firm o — instead of —x — exits. This requires that
K2+ < TID,
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with D™* < nI*. A necessary condition for market tipping post-trade and data trade is

therefore
A+ 7
I:v

Furthermore, firms’ joint payoff is then 7, “(D~*,I*") = K *4+¢ "D "+ % This joint payoff

AL+ 7

ne—t = ¢ + > ¢" +

increases in D™" and is maximized for D™* = nl”.

H Total Surplus

We calculate total surplus. For this sake, define

1 A

1-17"

Total surplus reads then

s=3 [sx—A(Z)Q]. (HL.1)

r=A,B

We can write S as a function of 7%, 777", ie., § = S(T*,T~"). When 7% = 1 and there is
market tipping, we have [ = I{.. When 7% = 0 and there is no market tipping, we have

I* = If, with 17, I} characterized in Proposition 1.

H.1 Surplus-maximizing Investment

We now look for the surplus-maximizing investment level 7% = arg MaX fac(o7) S. Suppose
¢® > 2¢* (data collection is efficient).

We calculate Z%, holding T* fixed. First, fix 7% = 0. Then, the first-order condition

gfz = 0 becomes
—_— A" =0
2 + 4 ’
so that

B ¢m +nm¢—x —92c"

1* =Ty =
NT 4)\
When n* > 0, Z{ is larger than the privately optimal investment level under 7% = 0 —
which equals 1%, = W (see Proposition 1). When n* > 0 and Z%, > I%;,

individual firms do not take into account the surplus created through data sharing, causing
data undercollection (underinvestment). Note that, in addition to data sharing, n* > 0 could

also capture technological spillovers, in that improvements in x’s service quality spill over
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to improves —x’s service too. This effect is not necessarily related to data sharing. Thus,
even in the absence of data sharing, n* > 0 seems empirically plausible, leading to data

undercollection (underinvestment).

Second, fix T% = 1. Then, the first-order condition % = 0 becomes ‘751;01 — A" =0, so

ek

which is weakly larger than /7 from Proposition 1.

H.2 Total Surplus and Market Tipping

Holding all else equal, market tipping upon Z7 = Z, i.e., T =1, leads to lower surplus than
no market tipping 7% = 0 if S(0,77*) > S(1,7*). This is the case if

Z — A 1 —z A x x T\ 7T x

TK + §(¢x + 97" = 26" [§p — MIRr)? > (67 — )17 — A(IF)*. (H.2)
We can rewrite (H.2) as

Z — A
2

n o Iy

+ AI5)? + 5

> (¢ — ") I — MIp)". (H.3)

Assume ¢” — ¢® > 0. The right-hand-side is maximized for I§ = I7 = "ﬁzz_;z. Thus, a

sufficient condition for (H.3) is given by

z- 83, (65— 201) v 2°0~lgy — 2]t (g7 — )
2 16 4\

(H.4)

Finally, a sufficient condition for (H.4) and thus for (H.3) is

Pr — c* 2A

with % from (1). That is, market tipping is inefficient in terms of total surplus when 7 is

large, A% is low, ¢” is large, or the cost of data collection A is large.

H.3 Data Under- and Overcollection

We assume that (H.2) is met, in that market tipping is inefficient in terms of total surplus.
Then, as in the baseline, data overcollection ensues when too much data collection causes
market tipping, i.e., when [* > [*.

On the other hand, when the market does not tip and n* > 0, we have data undercollec-
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tion as I < Z¥p. That is, data collection investments by firms and data contributions by

users are inefficiently low in terms of total surplus.

These takeaways are similar to the ones obtained in the baseline and main text, when we
consider user welfare (instead of total surplus) as the “objective,” with both inefficient data

under- and overcollection arising in equilibrium.

H.4 Data Union and Surplus Maximization

We now analyze a data union that aims to maximize total surplus and show that our results
are qualitatively similar to our baseline analysis that considers a data union that maximizes

user welfare.

For this sake, consider (as in the baseline) that the privacy cost is constant ¢, while the
data union taxes data contributions at (potentially negative) rate 7% =2 0. We write for the

effective privacy cost ¢ = ¢+ 7%, and assume 2¢ < ¢* for z = A, B.

The union chooses (74, 78) or equivalently (c*, c?) to maximize
S =S+ E[r N+ NPT

where the equilibrium, given union intervention 7% and c¢”, is summarized in Proposition 1.

S=> [39”— W;)Q} : (H.5)

r=A,B

We can rewrite

where

1 Z
3x=§[m—cﬂ+z+w (Ku(bl’lu;)

(1-177)

L

We focus on parameters such that (H.2) is satisfied (under ¢® = ¢), i.e., market tipping is
inefficient when it comes to total surplus. A conservative, sufficient condition for this to be

the case is ; .

ot —c T 2\

The surplus-maximizing investment, conditional on no market tipping, is then Z* = arg max;= S,

: e T2
with [* = T* .= ¢tne 2

Recall that there is no market tipping and 7% = 0 if G(¢*) < 0, with G(¢*) from

Proposition 1. Denote the root of G(¢*) for ¢* > ¢* — AZ-2)

= by ¢Z, which is available in
n
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closed-form in Proposition 2.

As market tipping is inefficient (in terms of total surplus), data union implements I* = Z*
whenever G(¢*) < 0 (under optimal ¢*), while otherwise G(¢*) = 0. Then, the optimal price
of data c§ solves

x T X
cg = max{cy, ¢},
where cf, is such that I}, equals Z*. That is, solve

qu_l_nxgbfx_zc B ¢;L’]_20x
4\ 4

for ¢* = ¢?, to obtain ¢, = ¢ — n*¢~*. Therefore, the optimal data price satisfies
ci = max{ci,c—n ¢ "}

As in the baseline, optimal data price ¢* = ¢ may lie above or below c. Thus, the data union
may tax or subsidize data contributions to curb or stimulate data collection respectively. To
prevent market tipping, it might be necessary to raise ¢* = c¢§ above ¢ by setting 7% > 0 —
which happens when ¢ > ¢. Then, data overcollection and market tipping ensue in laissez
faire. On the other hand, when ¢ < ¢, data union stimulates data collection to alleviate data
undercollection. As such, the optimal policy is qualitatively similar, both when the union
maximizes total surplus or user welfare. Therefore, we view our key takeaways regarding

optimal data union or data trust as robust to the specific objective.

The key difference is that when maximizing user welfare, the data union implements
maximum data collection subject to preventing market tipping, leading to the optimal data
price ¢Z. When maximizing total surplus, the data union implements efficient data collection

1% subject to preventing market tipping, so that cg > ¢f is possible.

Finally, note that total surplus is the (equally weighted) sum of firms’ and users’ payoffs.
By extension, our results would likely not change significantly, if we considered a different

objective function (potentially one that overweights user welfare).
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I Data Union and Non-Discriminatory Pricing

We now impose the constraint that data union must set ¢* = ¢?. Thus, data union maximizes

max.4 5 U subject to ¢! = ¢# and with

U ::% {Kw — el (1 Tff){%(Kx + 6T + %(K‘” + wm}]
+ % [Kz —cl* + (1 - T—m){%(K—m + o) + %(Kw + n‘mcbml‘x)}] .

Denote the maximand by ¢, = ¢ = c¢®. Consider for simplicity that the solution to the

optimization is well-behaved. Absent the constraint ¢! = ¢, data union sets ¢ = ¢? (see

B

Proposition 2). Conditional on T4 = T# = 0, lowering ¢ = ¢? increases I* and I” and

increases user welfare. Thus, data union would like to maximize data investments, while

limiting users’ losses from market tipping.

Consider now without loss of generality that ¢ < ¢B: otherwise, we relabel the firms. It
is clear that ¢, > C*B is suboptimal, as the union could lower ¢, to strictly increase investments

without precipitating market tipping. Thus, ¢, < ¢Z. Next, ¢, < ¢ causes market tipping

with probability one and cannot be optimal, so ¢, > ¢, Setting ¢, € (¢, cP) causes market

* ) Tk
tipping upon ZZ = Z. However, conditional on T2 = 1, it is optimal to set ¢, = c¢2. In

particular, when ¢, € (c¢2,cP) and TP = 1, union could increase user welfare by lowering c,

* ) Tk

to increase I without precipitating T4 = 1. As such, ¢* € {c2,cB}.

To determine c,, one would need to compute welfare in these two scenarios — i.e., ¢, = ¢
or ¢, = c¢? — and check which choice of ¢, leads to higher user welfare. As market tipping

leads to the (extreme) outcome that users realize zero payoff in period 2, we expect that

under reasonable parameter conditions, ¢, = ¢Z > ¢4, in that market tipping is inefficient.

For the purpose of our analysis, we therefore (implicitly) focus on the case that market

tipping is inefficient. Consequently, the price of data becomes c, = max{cZ,cB}, when

* ) Tk
the data union cannot discriminate between firms. In this case, the tradeoffs underlying
the determination of optimal data price remain qualitatively similar as in the baseline. In
particular, the optimal data price reflects the trade-off between stimulating data collection

for service improvements and curbing data collection for enhancing competition.

J Incentive Compatibility of Data Union

To heuristically study an individual user’s incentives to join the union, suppose that an
individual deviant user decides not to join the union at the onset at time ¢ = 1 (before Z;

is realized and taking I*, p7, d* as given) — which does not change equilibrium outcomes as
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the user is atomistic. We assume that in case of staying out of the union, this user cannot
contribute data to firms, e.g., because the data union provides the necessary infrastructure
or the firm only gathers data union user data. If a user in the data union contributes a unit
of data, this user is paid d* = ¢+ 7% per unit data, but must pay the tax 7% and incurs
the privacy cost ¢, leaving zero net payoff from contributing data and implying indifference

between contributing data or not.

Accordingly, any user makes zero net profits from contributing data (regardless of union
membership), also implying that both deviant and union members make the same buying
decisions. Provided x wins period 1, the additional payoff from joining the union is then
7%]" — the rebate from the union to users. Essentially, when 7° > 0 (7% < 0), the data
union controls firms’ investment incentives by implementing a tax (subsidy) from firm z to
users, amounting to total proceeds Ny I*7* distributed to users (financed by users if 7% < 0).
As both firms win with equal probability 1/2, the overall additional payoff from joining the

IATA+IBTB
—2 .

Note now that the deviant is worse off (better off) staying out of the union when & > 0

union is U =

(U < 0). Consequently, users would voluntarily join the data union, if the data union (on
average) taxes data collection, e.g., Y > 0 . However, when U < 0, an individual user is
better off not joining the union, as this requires to contribute financially to the subsidy to

firms.

Thus, users may not find it optimal to join the union when the union subsidizes data
collection. This incentive compatibility problem can be resolved by either requiring users
to be represented by the data union or by having a (benevolent) third party (e.g., the
government) come up with the cost of subsidizing data collection, so that the data union is
no more required to be budget-neutral. We leave the further study of this topic to future

research.

K Discussion of Modelling Assumptions

To afford maximum theoretical clarity and to obtain analytical closed-form solutions, we
purposefully develop a stylized model which tractably captures the key economic mechanisms
that we would like to highlight. We now elaborate on several modelling assumptions and

model robustness in greater detail.

Shock Structure. Shocks to service quality, randomizing the relative competitive ad-
vantage between A and B, are needed to get meaningful competition and trade-offs with
homogenous customers (leading to asymmetric Bertrand competition). Without shocks, the

outcome of the competition would be deterministic and the “losing” firm has no incentive
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to invest in data collection, leading to less interesting equilibrium outcomes. However, with
uncertainty and shocks to service qualitt, both firms have incentives to invest, allowing us
to study how data collection investments are affected by different types of regulation in a

tractable setting.

The shock structure assumes that 7, = (Z4, ZPB) € {(Z,0), (0, Z)}, while Z* takes values
Z and 0 with equal probability 1/2. This specific structure is merely chosen for simplicity.
Similar findings would arise under a different shock structure. For instance, we could assume
that Z and Z,* are i.i.d. and take values Z and 0 with equal probability. In this case,
we would need to distinguish four cases, namely (Z7, Z2) € {(0,0),(Z,0),(0,2),(Z,2)},
which would not affect the key results but make the analysis more cumbersome. Likewise,

we could assume that Z7 is a continuous random variable and/or can take negative values.

User Homogeneity. To obtain closed-form solutions and to highlight the key economic
mechanisms analytically, we stick to a setting with homogeneous users and stochastic service
quality. While such modelling of price competition, to the best of our knowledge, is rather
uncommon, we note that similar findings would arise in a setting where customers are located
on a Hotelling line. In fact, a subsumed version of this paper relied on such modelling and
obtained similar key finding, although some of the analysis relied on numerical solutions and
thus was significantly less tractable. See Cong and Mayer (2023) for details. We view our
modelling of price competition with user homogeneity and shocks to service quality as an

improvement, since it affords more theoretical clarity and tractability.

Market Tipping. We assume that a firm exits in ¢ = 2, when it cannot win the market
anymore, which happens because the competing firm has gained a large advantage from data
generated in ¢t = 1. This assumption is a simple way to capture that reduced competition,
due to large (data-driven) differences in service quality, can harm users. The assumption
that firms exit unless they derive strictly positive (expected) payoffs from operating could
be micro-founded by incorporating a fixed cost of operations. Intuitively, we make this

assumption to capture the tension between data and competition (Farboodi et al., 2019).

Without this assumption, we would always have (duopolistic) asymmetric Bertrand com-
petition in period 2, with both firms competing. Consider that both firms (always) operate
in t = 2. Then, even if a firm has zero chance of winning the market in ¢t = 2, it would stand
by and provide services at zero cost. If firm z = A wins in period 2 — which would occur
with probability one if A% + DA¢* — DB¢P — Z > 0 — then x = B charges price zero and
users’ payoff becomes Y,P, while firm A charges P§' = Y — Y,2. User’s payoff in this event
is Y,?. An increase in D* would leave users’ payoff unchanged or increase if g:%i > 0 (due

to data sharing).
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Overall, users’ expected payoff in period ¢t = 2 could then be written as
VNG + VPN = (K4 + 9" DY + Z3) NG + (K7 + ¢” + Z3) N3

This payoff (at least weakly) increases in D#, D®, so more data and more data investment
would unambiguously benefit users. More pressing, under this stipulation when N3i' = 1
with probability one, reduced competition due to an increase in Y5 neither affects prices nor

user welfare.

The assumption that the market tips is therefore necessary to capture the tension between
data and competition (and that lack of competition can harm users). One could likely model
such adverse effects of reduced (data-driven) competition in a different way, without changing

the key findings.

User Welfare. In the main text, we use user welfare as the objective when evaluating the
efficiency of equilibrium allocations. Notably, Internet Appendix H highlights that our find-
ings remain qualitatively similar under this different objective function, namely total surplus
(equally weighted sum of firms’ and users’ payoff). By extension, we expect qualitatively
similar results also when considering a differently weighed average of firms’ and users’ payoffs

(tilted toward users).

Non-negativity constraint on effective service price. We impose P > 0 to preclude
degenerate pricing-equilibria which are supported by the losing firm pricing in a way that
results in negative payoff if it instead won the market at the prices charged. A similar
assumption is made in Hagiu and Wright (2021). Without the assumption P > 0, we would

need an assumption of similar nature to preclude degenerate pricing equilibria.

A natural, alternative constraint would be that the losing firm’s continuation payoff
must be positive, if it won the customers. Let’s sketch what happens under this alternative
constraint. In period 2, we have Py = p§ and 75 = Nypj. Thus, the constraint 73 > 0

would simply imply Py > 0, as is assumed in the main text.

In period 1, the losing firm may find it optimal to strategically underprice in period 1 by
setting a negative price. To see this, suppose that Z# = Z and A wins the market in period
1 (in our baseline), with P/ > 0 and PP = 0 while users are indifferent between buying at
A or B. Then, in general, B could profitably deviate by further undercutting A through
PP < 0 — which would imply negative period-1 profits but also more data and higher period
2 (expected) profits.

In particular, denote by ﬁg(f?A, DB ) the expected period-2 payoff for firm z, when firm x
(—x) generates D* (D~*) units of data. Clearly, when A wins, then DA = I and D? = 0.
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When A wins period 1, then the period-1 payoff for B is zero and the expected period-2 payoft
(which can be zero if B exits) is 75 (I4,0). However, if B were to undercut A and win the
market, B’s period 1 payoff becomes PP and period-2 payoff becomes 72 (0, I8) > 75 (14,0).
The lowest price PP that B is willing to set is then

PP =—[75(0,1%) == (1*,0)] <o0.

Under these circumstances, the analysis would become more complicated, while we expect

the key findings to remain similar. We therefore impose PF > 0.

Modeling of Data Sharing. One interpretation of our modeling of (mandatory) data
sharing —i.e., D™% = D + nxf)“”” — is that due to regulation,  must share fraction n* of
their data with competitor firm —z. In general, n* < 1, as not all data generated on x can

be ported to or used by —zx.

In practice, not all data shared by = with —x is (equally) useful for —x, so n* may also

reflect such technological constraints. For instance, we could rewrite D* = D= +ﬁ*xa*“l§*x,

T x

where n~" corresponds to the fraction of the data D~ that —z shares with z and o~
captures to what extent these data improve x’s service. We could then define n* = o*n”.
Thus, even if firms must share all data (7* = 1), the data of —z may not be as useful to z

in that o® < 1 and n* < 1.

Finally, n® > 0 could also capture data-related technological spillovers.

Across- and Within-User Data-Enabled Learning. Our formulation broadly de-
scribes different forms of data-enabled learning that improve services and products, such

as within-user and across-user learning (Hagiu and Wright, 2021).

Specifically, in equilibrium, all (identical) users act symmetrically and can be aggregated
to one representative user under the assumption that this representative user takes product
prices and quality as given. The stipulation in (1) then captures that an individual user’s
data may improve both (i) its own service quality, e.g., due to better customization, (“within-
user learning”) and (ii) the service quality for others (“across-user learning”). See Hagiu and

Wright (2021) for a discussion and examples of these two types of data-enabled learning.

Interpreted broadly, within-user learning could also be reflected in the parameter c*.
That is, ¢*0*I" may not only capture the adverse consequences of sharing data — such as
loss of privacy or data-enabled price discrimination — but also potential positive effects (e.g.,

when ¢® < 0) — such as improved customization.
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