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Abstract

A monopoly seller is privately and imperfectly informed about the buyer’s value of
the product. A designer can provide the seller with additional information, which the
seller uses to price discriminate the buyer. We demonstrate the difficulty of screening
the seller’s information: When the buyer’s value is binary, no combination of buyer
surplus and seller profit can be implemented other than those achieved by providing
the same information to all seller types. We use the result to characterize the set of
implementable welfare outcomes and demonstrate the trade-off between buyer surplus

and efficiency.
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1 Introduction

The use of consumer data is an important aspect of the digital economy. One prominent
use of consumer data is price discrimination: A seller uses data to learn about consumer
preferences and tailor prices accordingly. Given its potential harm, various parties—such as
policymakers, platforms, and consumers themselves—attempt to control the flow of consumer
data. However, they likely have limited ability to control the flow of data across sellers
because of information asymmetry—i.e., sellers may be privately informed about their market
demand and customers. This raises questions about the scope of data provision to privately
informed sellers and its impact on consumer surplus, seller profits, and efficiency.

We study information provision to a privately informed seller. A monopoly seller has a
product for which a buyer has an uncertain binary value: high or low. The seller’s interim
belief that the value is high—called the seller’s type—is her private information. The seller
may obtain additional information, which we model as a statistical signal about the value.
We take a mechanism design approach and consider a designer who offers the seller a menu
of signals. Given the menu, the seller selects a signal, learns about the buyer’s value, then
sets a price. Finally, the buyer decides whether to buy the product.

We study the set of all welfare outcomes the designer can implement with an arbitrary
menu of signals. If the seller’s type is observable, the set becomes the “surplus triangle” in
Bergemann, Brooks, and Morris (2015)—i.e., the designer can attain any outcome such that
the total surplus is no higher than the efficient level, the buyer’s surplus is nonnegative, and
the seller’s profit is no lower than what she would earn without additional information.

The designer can no longer attain the surplus triangle when the seller’s type is private.
For example, the first-best buyer surplus, which attains the efficient allocation and gives the
seller the same profit as under uniform pricing, requires that different types of sellers obtain
different signals. However, if the designer were to implement such an outcome by offering
a menu of those signals, some seller types would choose signals intended for other types in
order to extract surplus from the buyer.

We show that the designer cannot effectively screen the seller: An outcome is imple-

mentable through some menu of signals if and only if it is implementable by providing the



same signal to all seller types. This result highlights the inherent difficulty in eliciting the
seller’s private information through personalized information provision.

To establish this result, we first identify structural properties that govern how a menu of
signals affects prices across various seller types and buyer values. These properties parallel
those of one-dimensional incentive compatibility with transfers. In our setup of data screen-
ing without transfers, the properties imply a monotone likelihood structure of the prices set
by different seller types. We then use this lemma to explicitly construct, for any given menu
of signals, a single signal that replicates the seller’s equilibrium pricing behavior induced by
the original menu of signals. The signal we construct is Blackwell more informative than each
signal in the original menu. However, the signal is designed so that no seller type benefits
from the additional information.

We build on this result and geometrically characterize the set of implementable outcomes
as the convex hull of an aggregate surplus function that averages across seller types. We
show that not only can the designer focus on providing the same signal to all seller types, but
the signal does not need to be complex: Any implementable outcome can be achieved using
a signal with at most three signal realizations, and any extreme implementable outcome,
such as one that maximizes buyer surplus, requires at most two signal realizations.

We apply the above results to solve the case in which the seller’s type is uniformly
distributed. Figure 1 depicts the set of implementable outcomes for observable types (light
blue triangle) and unobservable types (dark blue area). The seller’s private information
shrinks the implementable set. Providing any signal reduces buyer surplus, because a large
mass of seller types will use the signal to extract surplus from the buyer. Also, the only
efficient outcome leads to zero buyer surplus. The right boundary of the surplus set is
spanned by signals that reveal that the buyer has the high value with some probability, and
symmetrically, the left boundary is spanned by signals that reveal the low value.

Our analysis reveals two insights that are more broadly relevant. First, it highlights the
trade-off between increasing consumer surplus and total surplus regarding the provision of
consumer data to sellers. As we show in Section 4, the trade-off holds beyond binary values.
Second, in Appendix B, we show that the surplus set for binary values subsumes the set of

equilibrium outcomes of various games in which the buyer and the seller exchange information
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Figure 1: The sets of implementable outcomes for observable and unobservable seller types
when low value equals 1, high value equals 2, and seller types are uniformly distributed on
[0,1]. The horizontal axis and vertical axis represent the ex ante expected payoffs of the
buyer and seller, respectively.

with each other, including voluntary disclosure of the buyer’s value and a “request—consent”

protocol.

Related literature Our paper relates to the recent theoretical literature on third-degree
price discrimination and market segmentation. Bergemann, Brooks, and Morris (2015) show
that all individually rational outcomes can arise in a single-product monopoly setting. The
result is extended to multiproduct markets (Haghpanah and Siegel (2022, 2023)); competitive
markets (Shi and Zhang (2020); Rhodes and Zhou (2024); Elliott, Galeotti, Koh, and Li
(2022)); and two-sided markets (Condorelli and Szentes (2022)).! We contribute to this
literature by clarifying how the seller’s private information limits possible welfare outcomes

and creates the trade-off between consumer welfare and efficiency.?

'Relatedly, Roesler and Szentes (2017) and Deb and Roesler (2023) analyze the informational impacts
in single-product monopoly pricing and second-degree price discrimination, respectively. Our paper is also
related to recent work that refines Bergemann et al. (2015) based on how a seller endogenously obtains
information, such as Ali, Lewis, and Vasserman (2023); Fainmesser, Galeotti, and Momot (2023a); and
Fallah, Jordan, Makhdoumi, and Malekian (2024).

2To focus on the role of the seller’s private information, we abstract away from other important forces
relevant to consumer data and data regulation. See, e.g., Acquisti, Taylor, and Wagman (2016); Choi, Jeon,
and Kim (2019); Argenziano and Bonatti (2021); Bergemann, Bonatti, and Gan (2022); and Fainmesser,
Galeotti, and Momot (2023b).



We use a mechanism-design framework to study provision of consumer information to a
privately informed monopolist, which connects our work with that of Baron and Myerson
(1982). Similar mechanism-design machinery for information provision is used by Kolotilin,
Mylovanov, Zapechelnyuk, and Li (2017); Bergemann, Bonatti, and Smolin (2018); Smolin
(2023); and Yang (2022). Specifically, our screening impossibility result complements the
findings of Kolotilin et al. (2017), as we discuss in Section 3.2. These papers allow for a fully
flexible way of designing information, following the Bayesian persuasion literature (Rayo and

Segal (2010); Kamenica and Gentzkow (2011)).

2 Model

The setting involves a seller, a buyer, and a designer. The seller has a unit good for sale.
The buyer’s value v for the good is uncertain and either high or low: v € V = {L, H} with
H > L > 0. The seller has a private type, which is captured by § € © C [0, 1] and represents
her belief that v = H. The type is distributed according to measure F' € A([0,1]).?

The seller seeks to obtain additional information, which we model as a statistical signal
about the buyer’s value, v. Formally, a signal Z = (S, ) consists of a set S of signal
realizations and a family of likelihood functions {7 (-|v)},ey over S. Where it does not cause
confusion, we write conditional distribution 7 (-|v) as 7(v).

At the outset, the designer posts a menu M of signals. Then, the game proceeds as
follows. First, the seller’s type # is drawn according to F' and the buyer’s value v according
to 0.% Second, the seller privately observes her type 6 and chooses a signal Z = (S, 7) € M.
Third, the seller observes signal realization s € S drawn according to 7(v) and posts a price
p € R. Finally, the buyer observes value v and price p and decides whether to buy the
product. If the trade occurs, the buyer obtains payoff v — p and the seller obtains payoff p.
Otherwise, both players obtain zero payoffs. For any given menu M of signals, the solution
concept is a perfect Bayesian equilibrium.

Any equilibrium induces an allocation rule a : Vx© — [0, 1] x R, which specifies, for each

3Given set X, we write A(X) for the set of all probability distributions on X.

4By Bayes’ rule, this timing is equivalent to one in which the value is drawn before the type.



pair of value and type, the probability of a trade and the expected payment from the buyer
to the seller. We call the corresponding ex ante expected payoffs of the buyer and the seller
as the buyer surplus and seller profit, respectively. A welfare outcome, or simply outcome,
refers to a pair of buyer surplus and seller profit. Each allocation rule leads to a unique
outcome, but a given outcome may come from multiple allocation rules. An allocation rule

and an outcome are implementable if they can arise in an equilibrium of some menu.

3 Surplus Set Characterization

We begin our analysis with the benchmark case in which the designer observes the seller’s

type. We then proceed to the primary scenario of unobservable types.

3.1 Observable Seller Type

Suppose that the seller’s type is known to be fy. Then, the efficient total surplus is W(6,) =
OoH + (1—6y) L and the seller’s profit from optimal uniform pricing is I(6y) £ max{6yH, L}.
Bergemann et al. (2015) show that the set of all implementable outcomes coincides with the

“surplus triangle.”

Claim 1. (Bergemann, Brooks, and Morris (2015)) If the seller type is commonly known to
be Oy, outcome (U, I1) is implementable if and only if U > 0, I1 > I1(6,), and U+TT < W ().

The result generalizes to the case in which the seller’s type is drawn according to dis-
tribution F' and the designer observes the realized type. In this case, for each type 6, by
Claim 1, the implementable outcomes satisfy three linear constraints, two of which feature
type-dependent terms, I1(f) and W(6). Denote their aggregate values averaged across types
by

e / 6)AF(@) and W2 / W()ar ). (1)

From the ex ante perspective, II is the profit the seller can guarantee and W is the maximum
feasible total surplus. We show that the set of implementable outcomes equals the surplus

triangle that uses these aggregate values (omitted proofs are in Appendix A).
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Claim 2. (Observable type) If the seller type is commonly known and distributed according
to F, then outcome (U, 1) is implementable if and only if U >0, 11 > I, and U + 11 < W.

The result implies that the buyer-optimal outcome (W —1I1, IT), which is efficient and gives
the seller the same profit as under no additional information, is implementable. Thus, if the

seller’s type is observable, there is no trade-off between consumer surplus and efficiency.

3.2 Unobservable Seller Type

We now turn to the main setup, in which the seller’s type is private. Our starting observation
is that some points in the surplus triangle are no longer implementable, because they violate
the incentive compatibility constraint in the screening problem.

For example, suppose that the seller’s type is either 6; € (0, L/H) or 65 € (L/H,1). The
optimal uniform price is L for type #; and H for type 5. At the buyer-optimal outcome,
type 61 should continue setting price L, and for efficiency, type 6, must obtain a signal that
reveals the buyer’s value to be H with a positive probability.® However, type 6; could then
strictly benefit from the signal for 65, which violates the incentive compatibility constraint.
Thus, the seller’s private information shrinks the set of implementable outcomes.

The example is not specific to the buyer-optimal outcome: We show that the designer

can never meaningfully allocate different signals to different types when types are private.

Proposition 1. (Screening Impossibility) Any implementable allocation rule can be imple-

mented by a menu that consists of a single signal.

To prove this result, we first analyze the structure of the seller’s incentive compatibility
constraints. An important class of menus is a class of direct mechanisms. A direct mechanism
is a menu of direct signals indexed by € so that Z(0) sends two signal realizations, S =
{sr, s}, and the likelihood functions 7(6) are such that each type 6 is willing to choose signal
Z(0) and to set prices p = L and p = H after observing signal realizations s; and sy of Z(0),

respectively. Interpreting signal realization s, as a recommendation to set price v € {H, L},

By Bayes plausibility, some signal realization s will cause type 6o to believe that value H is even more
likely than 6. To cause type 602 to price efficiently, signal realization s must reveal that the value is H.



we can view a direct mechanism as sending a value-dependent price recommendation based
on the seller’s reported type.

The following result shows that the designer can without loss of generality focus on direct
mechanisms (the proof is standard and omitted; it follows the revelation principle argument

of Myerson (1982) and Bergemann et al. (2018)).

Claim 3. (Direct Mechanisms) An allocation rule is implementable if and only if it is im-

plementable by a direct mechanism.

Given a direct mechanism, we can parameterize the direct signal Z(6) for each type 6 by
probabilities a(f) and §(#) with which the signal sends realization sy conditional on values
H and L, respectively. Without loss of generality, we assume 3(0) > «(6).® We can then

express signal Z() in matrix form as

I(Q) ST, SH
v=L|1—af) «ff) - (2)
v="H|1-75(0) ()

For truth-telling to be optimal, each type should prefer her own signal Z(6) to all other
alternatives. The value of a signal depends on the type’s response to recommendations, which
in turn depends on the posterior beliefs the recommendations induce. Because 5(6) > «(6),
the posterior belief rank is the same for all types: The posterior probability of v = H is
higher after observing sy than after observing s;. As such, no type would be willing to swap
the pricing decisions—i.e., set p = H after s; and set p = L after sy. Hence, the relevant
incentive constraints are those under which the seller misreports the type and follows the

recommendation. Type #’s profit after such a deviation to type €’ is

I(0,6") £ (1 = 0)(1 — ()L + 0((1 — B(0)) L + B(0) H). (3)

Incentive compatibility requires that TI(6,0) > T1(0,0’) for all 6,0’ € ©. This property must

hold in any direct mechanism and allows us to pin down the structural properties of any

6 Also, without loss of generality, in what follows we set a(1) = 5(1) = 1.
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implementable allocation rule.

Lemma 1. (Allocation Properties) In any direct mechanism, for any 01,0203 € © such that

01 < 0y < b5, the following hold:

1. (Monotonicity) a(0;) < a(6s) and 5(61) < 5(02); and

2. (Relative Impact) (5(0s) — 5(02))(a(02) — a(6r)) < (8(02) — 5(61))(a(fs) — a(f2)).

Lemma 1 follows from the seller’s incentive constraints.” Point 1 means that if the seller
faces a larger fraction of higher-value buyers, then regardless of the mechanism, the seller sets
a high price with higher probability for both low-value and high-value buyers. Thus, high-

value buyers impose negative externalities on low-value buyers by increasing the likelihood

8

that low-value buyers face high prices.® Point 2 disciplines the relative price impact of an

increase in the seller’s type on low-value and high-value buyers. The condition is written as

ratio monotonicity—i.e., ggzz;:gég > gggz;:gégig—which means that increases in the seller’s

type disproportionately affect low-value buyers at higher types compared with lower types.

To provide additional intuition, we can interpret Lemma 1 in the context of the standard
monopoly screening, such as that of Mussa and Rosen (1978), by viewing «a/(f) and 5(6) as
“price” and “quality,” respectively. Note that the seller’s incentive compatibility constraints
remain the same after we apply any #-dependent positive affine transformation to the seller’s

profit. In particular, consider the following transformed profit, f[(@, '), defined as follows:

A N A 1 / 1 , H 0 ,
10,0 & L5 110.0) = 75 = —al0) + (3—1) —8(6).

The transformed profit ﬁ(Q, 0') is equivalent to consumer utility in Mussa and Rosen (1978),
where a(0') and [(6') are the price and quality, respectively.
In the screening problem that results from the transformed payoff f[(@, '), the seller now

acts as a buyer. Point 1 of Lemma 1 is a standard property of such a problem: A “buyer”

"The conditions in Lemma 1 are necessary but not sufficient for implementation. For example, the
conditions hold for a(8) = §(8) = 0 for all § € ©, but such an outcome may not be implementable because
any type 6 > L/H will set price H with positive probability under any signal.

8This point resonates with Galperti, Levkun, and Perego (2024a) and Galperti, Liu, and Perego (2024b),
who study the impacts of negative externalities from high-value buyers to low-value buyers on the value of
data records and the functioning of a data market, respectively.



of a higher type, who cares more about quality, purchases higher quality and pays more.
In our model, this means that the seller who faces a larger fraction of high-value buyers is
willing to accept a higher “price” (i.e., a higher probability of charging price H to low-value
buyers and missing out on trade with them) in order to enjoy better “quality” (i.e., a higher

probability of correctly charging price H to high-value buyers). Point 2—again written as

a(03)—a(b2) a(f2)—a(01)
B(03)—B(02) — B(02)—pB(01)

the current quality level (cf. Johnson and Myatt 2003). Indeed, if this inequality were

—means that the marginal price per unit of quality is increasing in

violated, then type 65, who is willing to pay an extra a(fy) — «(6;) to purchase a quality
increment of 5(65) — B(01), would find it even cheaper and thus strictly profitable to pay
another a(f3) — a(fs) to further increase quality by 5(63) — B(62).

Proceeding with the analysis, observe that Claim 3 implies that Lemma 1 applies to any
menu of signals, once we view «(f) and 5(6) as the equilibrium pricing probabilities of each
type 6 under a given menu. In particular, if the designer provides the same signal to all
types, sellers of different types optimally respond in such a way that the induced pricing
behavior conforms with Lemma 1. Proposition 1 states that the opposite is also true—i.e.,
the allocation rule of any mechanism can be replicated by providing the same signal to all

seller types. We are now ready to prove this result.

Proof of Proposition 1. The proof is constructive. We prove the statement for © = [0, 1];
a fortiori, this proves the statement for any © C [0,1]. Take any implementable allocation
rule. Claim 3 ensures that the allocation rule can be implemented by a direct mechanism,
(a(6), 3(0))geco. We construct a signal Z such that if the designer provides Z to all seller
types, the same outcome («(f),3(6))sco arises in equilibrium. As we show, signal 7 is
Blackwell more informative than any of the signals in the original mechanism; however, no
type can benefit from the extra informativeness.

The signal realization space of Z is S = [0,1]. The likelihood function 7 is such that for
all z € [0,1], Pr(s <z |v= L) =a(z) and Pr(s <z |v= H) = (). Doing so is possible,
because the first property of Lemma 1 ensures that functions o and 3 are increasing, take
values in [0, 1], and equal 1 at § = 1. If «(f) and 5(f) are not right-continuous, = employs
their right-continuous modifications.

The second property of Lemma 1 implies that signal Z satisfies the monotone likelihood
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ratio property.” As such, lower signal realizations induce higher posterior beliefs across all
types, and for each type, a best response to 7 is characterized by a threshold s such that
the type sets price p = H for all s < 5 and price p = L for all s > 5. However, the
choice between different thresholds is equivalent to the choice between different signals in
the original mechanism, because pooling signal realizations s below and above 6 results in
signal Z(0) = («(#), 5(6)). Hence, by incentive compatibility of the original mechanism, type
0 optimally chooses the threshold § = 6. The resulting allocation rule mimics the allocation

rule in the original direct mechanism type by type. O]

Proposition 1 is reminiscent of and complementary to the equivalence between exper-
iments and persuasion mechanisms established by Kolotilin et al. (2017). However, our
analysis differs from theirs in three respects. First, in our model, the seller’s type is corre-
lated with the value, which affects the seller’s assessment of and response to a signal. Second,
we obtain a stronger equivalence result, which applies to allocation rules and not just to the
seller’s interim utility. In our setting, the stronger result is necessary for welfare analysis
because the seller’s interim utilities alone do not determine buyer surplus. Third, our result
requires a different proof technique. Kolotilin et al. (2017) establish their equivalence by
studying the seller’s interim utilities and appealing to an existence argument. In contrast,
we operate in the more detailed space of allocation rules and, for any given implementable
allocation rule, explicitly construct a single signal that implements it.

Like the result of Kolotilin et al. (2017) relies on binary actions, Proposition 1 relies on
binary values. If there are more than two values, the belief space is multidimensional and
the structural properties of incentive compatibility lose their one-dimensional structure. As
a result, for any given signal that is Blackwell-more-informative than all signals in the menu,
we cannot ensure that this joint signal would not spill relevant information across types.

In fact, as we demonstrate in the example below, differentiated information provision can
be welfare-enhancing even with three values, because buyer-optimal signals can appeal to

the “right” seller type.

9The condition (a(f3) — a(62))(B(02) — B(61)) > (a(f2) — a(01))(B(03) — B(f2)) is a general definition
for CDF « dominating CDF 8 in the monotone likelihood ratio order (see Theorem 1.C.5 of Shaked and
Shanthikumar (2007)).
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Example 1. (Three Values) Let the possible values be V- = {L, M, H} = {1,3,4}. There
are three seller types, 6, = (1/2,1/4,1/4), 02 = (1/2,1/2,0), and 03 = (1/2,0,1/2), which
are equally likely. In the absence of additional information, the types set prices p; = M,
pe = M, and p3 = H, and buyer surplus is Uy = 1/12.

We derive the buyer-optimal outcome and show that it is efficient and cannot be attained

by a single signal. Consider a menu in which types are provided with the following signals:

Z(O1) | s1 so Z(0s) | 51 so Z(O3) | s1 so
L 1 0 7 L 1 0 | L 1 0 | ()
M |1/2 1/2 M |12 1/2 M |2/3 1/3
H |1/2 1/2 H [1/2 1/2 H |1/3 2/3

so that each signal has two possible realizations with the likelihood function 7 as presented
in the tabular form. It is straightforward to verify that no type wants to deviate. Moreover,
the outcome is efficient and each type earns the same profits as in the absence of additional
information: Given these signals, types 6; and 65 set prices p = L and p = M after signal re-
alizations s; and so, respectively, and type 63 sets prices p = L and p = H, respectively. The
buyer surplus is then maximal among all feasible allocations, given the individual rationality
of the seller.

However, we cannot implement this outcome by providing the same signal to all seller
types: Any efficient single signal must give strictly positive rents to type #;. Indeed, for signal
7T = (S, ) to attain efficiency, it must be that whenever 7(so|L) > 0 for some sy € S all types
charge p = L following that signal, which means that m(sg|L) > 27 (so| M) to persuade type
05 and 7(so|L) > 3m(so|H) to persuade type 63; in turn, these incentive constraints together
guarantee that #; also charges a low price. Since type #; never charges a price below p = L,
her profit decreases as we increase the frequency of signal sp—i.e., as we increase m(so|L),

m(so|M), and 7(so|H) subject to the incentive constraints. Therefore, of all efficient single

12



signals, the profit of type #; is minimized at the signal

| s s
L1 0
Ml1/2 12
H|1/3 2/3

which is efficient and maximizes the probability of type 8, setting price p = L while ensuring
that type 6, offers the remaining buyers the second-lowest price p = M. The resulting 6;’s
minimal profit equals 19/12, which is strictly greater than her outside option of 3/2 and,
as such, necessarily results in lower buyer surplus than under the multi-item mechanism

presented above. O

3.3 Implementable Outcome Characterization

In this section, we leverage Proposition 1 to provide results that help us characterize the
set of implementable welfare outcomes. Specifically, the results enable us to (i) cast the
problem of finding extreme implementable outcomes (such as the buyer-optimal outcome) as
Bayesian persuasion (Lemma 2) and (ii) bound the number of signal realizations necessary
to attain implementable outcomes (Corollary 1).

To begin, we follow Alonso and Camara (2016) and show that the posterior belief of one
seller type pins down that of all seller types. Consider a hypothetical seller who has a prior
belief 1o = E[f] that v = H. We call the posterior belief of the hypothetical seller a basic
posterior belief. Suppose that the hypothetical seller and the seller with type 6 face the same
signal and observe its realization. Then, by Bayes’ rule, the basic posterior belief y of the

hypothetical seller and the posterior belief ¢ of type 6 must satisfy the following equation:'®

Op(1 — po)
011 — o) + (1— 0)(1 — w0

t =

(6)

Let t(u,0) denote the right-hand side of Equation 6. Thus, the basic posterior belief u

Equation 6 must hold regardless of what signal and signal realization induce these posterior beliefs.

13



determines the posterior beliefs of all seller types.

In turn, the seller’s posterior determines her pricing decision: The seller sets price p = H
if t > L/H and price p = L if t < L/H. Equivalently, when observing a signal realization
that induces a basic posterior belief u, the seller with type 6 sets p = H if 6 > é(u) and
p = L if § < A(p), where the threshold type 6 is determined by ¢(u, (1)) = L/H.

We now define the welfare functions that, for any basic posterior belief, aggregate con-
sumer surplus and seller profit across all seller types. By Bayes’ consistency, if the seller’s
posterior belief is ¢, the probability of v = H is indeed ¢t. Thus, the players’ expected payoffs

after any signal realization that induces a basic posterior belief y are written as

0()
U() = / (. 0)(H — L) dF(6), (7)

0() 1
H(u):/o LdF(8)+/§( U 0yHaro) (8)

We use these functions to characterize the set of implementable outcomes. Define by
graph(U, IT) a graph of the vector function that keeps track of players’ payoffs (U(u), II(1))
at different basic beliefs p. Any signal is characterized by a distribution of the basic beliefs,
which by Bayes’ rule must average to the prior belief ;1. Therefore, any signal implements an
outcome in a convex hull of graph(U, IT) with the first component equal to py. Vice versa,
Aumann and Maschler (1995) and Kamenica and Gentzkow (2011) show that any belief
distribution that averages to the prior can be induced by some signal. Therefore, any point
in the convex hull of graph(U,II) such that the first component is py can be implemented
by some signal (cf. Doval and Smolin (2024)).

Proposition 2. (Implementable Outcomes) The set of all implementable outcomes is

& ={(x,y) : (o, v, y) € co(graph(U,1I))}, (9)

where functions U and II are given by (7) and (8).

Proposition 2 enables us to cast the problem of finding extreme implementable outcomes

as Bayesian persuasion. Assume that the type distribution F' is continuous, which implies
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that the indirect payoffs (i.e., (7) and (8)) are continuous in basic belief ;. Then, by Propo-
sition 2, the set £ is compact and convex. As a result, any extreme point of £ maximizes
some linear combination of buyer surplus and seller profit. This maximization problem cor-

responds to a Bayesian persuasion problem over a split of basic posterior beliefs to maximize
WA(1) £ AU () + Aall(p) (10)

for some (A, Air) € R?. We then obtain the following result:

Lemma 2. (Extreme Outcomes) If the seller type is continuously distributed, the set of
extreme implementable outcomes is spanned by solutions to Bayesian persuasion problems

parameterized by A = (\y, A1) € R?:

max E, . [W* sub'ectto/ T(dp) = pg. 11
e Eu (WA ()] ] M)u(u) o (11)

The above two results bound the number of signal realizations that are necessary for
implementation. If F' is continuous, the indirect payoffs are continuous functions of basic
belief 1 and graph(U,II) features a single connected component. Thus, by Fenchel-Bunt’s
theorem, every point in the convex hull of graph(U, IT) can be generated by a randomization
over at most |V| — 1+ 2 = 3 of its points. Such randomization corresponds to a signal with
at most 3 signal realizations. Also, any extreme point of £ is implemented by a solution of

a Bayesian persuasion problem, which has at most |V'| = 2 signal realizations.

Corollary 1. Suppose that the seller type is continuously distributed. Any implementable
outcome 1is implementable by providing all seller types with a signal with at most 3 signal
realizations. Any extreme point of the set of implementable outcomes is implementable by a

signal with at most 2 signal realizations.

3.4 Uniform Type Distribution

We now leverage the results in the previous section to analytically solve the case in which

the seller’s type is uniformly distributed on [0, 1]. First, we introduce two classes of signals.
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Consider a signal whose likelihood function in tabular form is

7 ST SH
v=L|1—a « (12)
v=H|1—-p8 f

for some «, 5 € [0, 1]. A signal is high-value flagging if o = 0, so that realization sy can arise
only if v = H. A signal is low-value flagging if 5 = 1, so that realization s; can arise only
if v = L. Note that the fully informative signal (& = 0 and 8 = 1) and the uninformative
signal (o = 5 = 0) belong to these classes.

Proposition 3. (Uniform Types) Let the seller type be uniformly distributed on [0,1]. The
full-information outcome and the no-information outcome are extreme points of £. The left
and right boundaries of € connect these two outcomes and are spanned by low-value and

high-value flagging signals, respectively. Moreover, the following hold:

1. If % > %, then the buyer-optimal outcome in £ is generated by the uninformative signal.

2. If % < %, then the buyer-optimal outcome in £ is generated by the high-value flagging

H-2L
H-L "

signal with flagging rate 8 =

The result builds on Lemma 2 and Corollary 1. Any extreme point of £ solves a Bayesian
persuasion problem (11) and is generated by a signal with two signal realizations. We can
thus present the persuasion problem as a maximization problem with respect to o and 3
and solve it in closed form.

Intuitively, information provision affects buyer surplus in two ways. On the one hand,
it can benefit the buyer by persuading some seller types § > L/H to set price p = L even
when the buyer has value H. On the other hand, information provision may harm the buyer
if 0 < L/H, because such seller types would set price p = L in the absence of data. Because
all implementable outcomes are spanned by providing the same signal to all seller types,
information provision increases the buyer’s surplus for some seller types and decreases it for
other types. If L/H is high—i.e., a large fraction of seller types set price L in the absence
of data—then the negative effect dominates and any data provision is detrimental for the

buyer (Part 1). If L/H is low, then some data provision is Pareto improving (Part 2).
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Figure (a) L=1,H =3 Figure (b) L=2,H =3

Figure 2: Implementable outcomes when seller types are uniformly distributed on [0, 1].
Light blue denotes the case of observable type. Dark blue denotes the case of unobservable
type. Black boundaries are spanned by flagging signals. Points C' indicate buyer-optimal
outcomes in £.

Figure 2 depicts the sets of implementable outcomes for two concrete cases of value
distribution. When the seller’s type is unobserved, the sets of implementable outcomes are
smaller than the entire surplus triangle. The uninformative signal implements the “south”
end of £ as an extreme point, which is also the seller-worst outcome. The right boundary
is spanned by high-value flagging and the left boundary by low-value flagging. As we move
along each boundary from south to north, the corresponding signals have higher flagging
rates and become more informative.!’ The two boundaries meet at the “north” end of &,
which is the seller-optimal outcome and is implemented by providing full information. In
fact, this is the only efficient outcome and gives zero surplus to the buyer.

The buyer-optimal outcome differs in the two cases. Figure 2(a) depicts Part 2 of Propo-
sition 3: As L/H = 1/3 < 1/2, we have = 1/2, so the buyer surplus is maximized by
flagging one-half of high-value buyers. Figure 2(b) depicts Part 1: As L/H = 2/3 > 1/2,
the buyer surplus is maximized by providing no information. In this case, adverse selection

is so severe that any additional information would on average hurt the buyer.

UThis observation holds for any (L, H); see the proof of Proposition 3 in Appendix A, where we charac-
terize those flagging signals in closed form.
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4 Beyond Binary Values

Even though Proposition 1 fails for more than two values, some of the welfare implications
demonstrated in Section 3.4 hold more generally. Formally, suppose that the buyer’s value
can take more than two values, i.e., V. = {vy,...,v,} with v; < -+ < v, and n > 2. The
following result shows that to attain the efficient outcome, the designer must typically give a
positive rent to the seller—and, in some cases, the full surplus. Thus, the trade-off between

consumer welfare and efficiency, observed in Figure 2, is a general phenomenon.

Proposition 4. (Efficiency and Buyer Surplus) Assume that the type distribution F places
probability 1 on the interior of A(V'). Then, the following hold:

1. If F has a positive density over an open set of types who, in the absence of data, charge

prices p > vy, then any implementable efficient outcome gives a positive rent to the seller.

2. If there is a positive measure of types in any neighborhood of the type that places probability

1 on v,, then the only implementable efficient outcome is that under full information.

For Part 1, consider the types over which F' has a positive density. Efficiency requires
that these types occasionally set the lowest price p = vy to serve the lowest-value buyer, and
thus obtain additional information. However, if some type weakly prefers to set p = v; after
some signal realization, nearby types would strictly prefer to set the same price following
that realization and would therefore strictly prefer to change their prior action. This means
that they can earn strictly positive rents from that signal and must earn strictly positive
rents when faced with any efficient menu.

For Part 2, under the stated condition, there is a sequence of types with the following
properties. First, the types converge to the extreme type that places probability 1 on the
highest value, v,. Second, along the sequence of types, the corresponding signals converge
to the fully informative signal. In particular, types along this sequence need to be persuaded
to charge all possible prices depending on the buyer’s value, and thus must be provided
with progressively more detailed information. The limit argument, coupled with incentive

compatibility, then implies that all types must be offered a fully informative signal.'?

12Note that the condition of Part 2 is violated in Example 1, which is why it was possible in that case for
the buyer-optimal mechanism to lead to efficiency.
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5 Conclusion

We studied the provision of consumer information to a monopoly seller who has a private
belief about the binary value of its product. We established the impossibility of effectively
screening the seller via personalized information provision and presented a method to derive
the set of possible welfare outcomes. Our results highlight the trade-off between consumer
protection and efficiency, driven by adverse selection in the use of data. While our model is
stylized, it helps clarify how a firm’s private information may hinder the effective allocation

of consumer data—an issue that should be relevant across a broad range of contexts.
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Appendix A: Proofs Omitted from the Main Text

Proof of Claim 2. To show the “only if” direction, take any feasible welfare outcome

(U,TI) = ( /0 1 U(0)AF(9), /O 1 H(@)dF(e)) .

Claim 1 implies that for each 6, we have U(#) > 0, I1() > I1(#), and U() + I1(8) < W(6).
Integrating both sides of each inequality with F, we obtain U > 0, II > II, and U411 < W.

To show the “if” direction, take any (U, II) € R? such that U > 0, IT > II, and U+IT < W.
The point (U, II) belongs to the triangle whose vertices are (0, W), (0,II), and (W — II, II).

Let a, B € [0,1] with o + 3 < 1 satisfy

(UaH) = O‘(O>W> +B<Oaﬂ) + (1 —a— 6)(W_H:H)

_ ( [ 0= 8)W) - w)ar ). [ aWio)+ o116 + (1 a - mﬂ(e)dF(e)) |

For each 6, the point

(UO),11(0)) 2 ((1 = a = B)[W(6) — L(0)}, aW(9) + BLL(O) + (1 — o — A)II(B) )

is in the surplus triangle and thus feasible. Aggregating the welfare outcome (U(#),I1(6))
across possible 0, we conclude that (U, II) ( fo ), I1(0)dF (6)) is also feasible. [

Proof of Lemma 1. Part 1. Fix any 6 > ;. The system of mutual incentive constraints is

(1= a(62))L + 61 (a(62) L + B(O:1)(H — L)) > (1 — a(6,)) L + 04 (a(65) L + B(6:)(H — L)),

(1= c(62)) L + Ox((0:) L + B(0:)(H — L)) > (1 — a(61))L + Oo(cu(61) L + B(6) (H — L)).
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Summing over the inequalities (13) and (14) and using the fact that 6, > 6, we obtain

o)L+ B(62)(H — L) > al6y) L+ B(61)(H — L). (15)

In turn, (13) and (15) together imply a(f2) > a(6;) because

(a(fz) — a(bh))L = 01 (a(b2)L + B(02)(H — L) — a(b)L — B(61)(H — L)) = 0. (16)

Finally, (14) and (16) imply 5(62) > £(61) because

(B(02) — B(01))02(H — L) > (a(f2) — a(61))(1 = 62)L > 0. (17)

Part 2. Fix any #; < 6y < 63. The system of incentive constraints of type 6, toward

types #; and 03 can be written as

(B(02) — B(61))02(H — L) > () — ax(61))(1 — 65) L, (18)
(B(03) — B(02))02(H — L) < (a(f3) — a(b2))(1 — 62) L. (19)

By the property in Part 1, all sides of (18) and (19) are nonnegative. Multiplying the
respective smaller and larger sides and dividing the resulting inequality by 0o(1—65)(H—L)L,
we obtain the desired inequality of Part 2. O]

Proof of Proposition 3. Step 1. We use the “boundary” to mean the boundary of £. By
Lemma 2 and Corollary 1, any extreme point on the boundary can arise with a signal that

has two signal realizations. We parameterize such signals by («, ), f > « as

I(O) SL SH
v=L|l—a «a - (20)
v=H|1—-p p

Given any such signal, we write the objective AU + ApIl in terms of the highest and lowest

types that respond to the signal realizations. In particular, for any given (a, §) with 8 > «,
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we can find two cutoffs z,y with x < y such that types below x set price L after both

realizations; types above y set price H after both realizations; and types between z and y

will set prices H and L after sy and sj, respectively. Cutoffs x and y solve

L=(1—a)L+z(al+B(H - L)),
yH=(1-a)L+y(al+ B(H - L)),

which implies
(1—a)L

al B
Y"H_—aL-pH-L)

YT AL+ BH-L)

Alternatively, we can write («, 3) as functions of (z,y):

_z(Hy—1) ﬁ:(Hy—Dﬂ—x)
Ly —x)’ (y—x)(H—-L)

L . .
= <y < 1. The interim

Cutoffs (x,y) can arise under some signal if and only if 0 < z <

profit of type 6 € [x,y] is
H(z,y|0)=1-0)(1—a)L+0((1—-pB)L+BH)) =L+ (Hy—y[;)i;@—x).

The interim profits of types 6 < x and § > y are L and 0H, respectively. The ex ante seller

profit is

x Y H —L 1
H(x,y):/ Ld0+/ L+l (O—x)dG—I—/ 0Ed0
0 T - y

= Ly+ (Hy ~ D)y +2) — (Hy — D+ (1 7).

(21)
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The buyer surplus is

U(x,y) =(H — L) /deQ—F (1-8)(H —1L) /y9d9

T L Hym Do)

—(H L)/O 9d9+(H L P )/ 66
[ (Hy—L)(1—a) [*

=(H L)/O 0do = /x@dQ

:%(H — L)y* — %(Hy = L)1 —z)(y + ). (22)

Step 2. We characterize signals that span the “right” boundary that corresponds to Ay > 0.
Take any (Ay, A1) € R? with Ay > 0. Because II(z,y) is linear in z and U(z,y) is convex
in z, W(z,y) is convex in z and maximized at « = 0 or x = L/H. Note that (z,y) =
(L/H,y) implies (o, B) = (1,1) and (x,y) = (0, L/H) leads to (0,0), but both are the same
uninformative signal. Thus we can without loss of generality assume z = 0 and focus on the

problem maxz <y W(0,y), where

1 1 1 H
W(0,y) = A | 5(H = L)y — 5 (Hy = L)yl + A [Ly +o(Hy =Ly + 5(1 - y?)

Ay A
= 7Ly(1 —y) + T(Ly + H).

If Ay = 0, then the function is maximized at y = 1 for Ay > 0 and at y = 0 for Ay < 0.
Thus, the point that maximizes the seller profit is attained by the fully informative signal,
and the point that minimizes the seller profit is attained by the uninformative signal.

If Ay > 0, the function W(0,y) is strictly concave in y so we can use the first-order

condition to determine an interior solution:

>\U‘|’>\H 1 >\H
=2V T (4 22
Y= 7o 2( +)\U)

IfL <1 (1 + %) < 1, then the optimal y is 1 (1 + %) Otherwise, there is a corner

solution y = % or y = 1 for low or large values of \pj, respectively.
Plugging x = 0 into («, 8) above, we obtain v = 0—i.e., the signal sends realization sy

only if the value is H, so it is a high-value flagging signal. Thus each point on the right
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boundary arises under some high-value flagging signal. As we move the right boundary
from the seller-worst point to the seller-optimal point, cutoff y increases (or equivalently, (
increases) and the corresponding signal changes from the uninformative signal to the fully
informative signal. If % > %, the buyer optimal point is A;; = 0, so we have y* = L/H—i.e.,
the uninformative signal maximizes the buyer surplus. If % < %, the buyer optimal point is

y* = 1/2—i.e., a partially informative high-value flagging signal maximizes buyer surplus.

H-2L
H-L "~

In this case, plugging the optimal (z,y) into («, ), we obtain « = 1 and =
Step 3. We characterize the “left” boundary that corresponds to Ay < 0. The seller profit
[I(z,y) is linear in y and the buyer surplus is strictly concave in y. Because Ay < 0, the
function W (x,y) is strictly convex in y, which means that the optimal y will be % or 1.

Because y = £ is equivalent to (z,y) = (%,1), we can without loss of generality assume

that y = 1. We have

Wiz, 1) = Ao %(H _I)- %(H _D)(l-2) +x)] +n [L 4 %(H L) (142)— (H—-L)

= 20(H — Dy + A oL+ (H - L)1 - ).

The first-order condition with respect to x yields

A A
AU:U——H:O<:>93 =

Thus any point on the left boundary can arise under a low-value flagging signal. As we
move the left boundary from the seller-worst point to the seller-optimal point by raising

An, the corresponding signal changes from no disclosure (x,y) = (L/H, 1) to full disclosure

(z,y) = (0,1). 0

Proof of Proposition 4. Part 1. Assume the stated condition holds. Consider a direct menu
that leads to an efficient outcome. Let © C A(V) be the open set over which F has a
positive density. By the condition described in Part 1, we can take O so that any type in
© chooses a price strictly above the lowest possible value v; in the absence of additional
information. In this set, a positive measure of types assign positive probability to v = vy, so

there exists a type 6 € © such that the direct signal 7 (9~) recommends p = v; with a strictly
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positive probability. Let u(é) be the posterior belief of § after that recommendation. If types
in an open neighborhood of 6 observe recommendation p = vy, they would have posterior
beliefs over an open neighborhood of (6, in accordance with equation (6). Because pricing
indifference curves in A(V) have measure zero, a strictly positive measure of types in 0
would strictly prefer to follow that recommendation, and would thus strictly benefit from
z (é) It follows by incentive compatibility that the seller’s rents are strictly positive.

Part 2. Assume the stated condition holds. Consider any direct menu that leads to an
efficient outcome. There exists € > 0 such that for all 0 < € < g, type 0., defined as

n—1

0. ~ (e"‘l,gn_z,...,e2,5,1—Zek), (24)
k=1
belongs to © and prices efficiently after observing direct signal Z(6.), where the approxima-
tion means being in an e"-neighborhood.
Start with value v = v;. Since 6, attaches strictly positive probability to v = v; and prices
efficiently, Z(6.) recommends p = v; at value v; with probability 1. For the recommendation
to be incentive compatible, this recommendation must be sent with probability O(g*~!)

at all values v, 1 < k < n.B3

Proceed to value v = vy. Because 6. attaches strictly
positive probability to v = vy and prices efficiently, and Z(6.) recommends price p = v; with
probability O(e) at v = vq, it must be that Z(f.) recommends price p = v, with probability
1 —0(e) = 0O(1) at v = vy. For the recommendation to be incentive compatible, it must be

sent with probability O(¢*~2) at all values v;, 2 < k < n. Proceeding analogously for all

higher values, we obtain that signal Z(6.) must take the following form:

0. ZO.) | p=vi p=uvy P =0y
gnt v =1 0 0
en? v=uvy| Oe)  O(1) 0 (25)
1= "1ek v=u,|0E") O@E™?) ... 0()

13That is, the recommendation probability is bounded by L - e*~1 for some fixed L.
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When ¢ — 0, Z(6.) converges to a fully informative signal. Since € can be set arbitrarily
small, incentive compatibility implies that each type # € © earns a maximal possible rent

and thus is offered a fully informative signal. O
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Appendix B: Communication Protocols

The goal of this appendix is to demonstrate that our characterization of implementable
outcomes helps us understand the equilibrium outcomes of various communication games in
which the seller and the buyer exchange information. Specifically, we first establish the equiv-
alence between our mechanism-design approach and general communication games. We then
consider particular communication games—such as cheap-talk communication, voluntary dis-
closure, and a request-and-consent protocol—and depict how the equilibrium outcomes of
these games are mapped into the set of implementable outcomes in our model.

We begin by describing a general communication game, in which both the buyer and the
seller may be initially imperfectly informed about the buyer’s value, v, and both players may
take an action that affects what information the seller will learn about v.

Formally, the game consists of the buyer and the seller, who have private types t € T" and
0 € O, respectively. The joint distribution of (v,t,0) is such that ¢ and 6 are independent
conditional on v.

The game consists of a communication stage and a trade stage. The communication
stage is described by a protocol P, which is a triple, (Ag, {Ap(t) }ier, V), where Ag is the
seller’s action space and Ap(t) is the action space of the buyer with type t.!4 Depending on
an application, the buyer’s action could be a message he sends to the seller or some action
the buyer takes, such as whether to accept the seller’s data request. The last element of the
protocol P is the signal scheme, ¥ = (S, 7). Here, S is the set of signal realizations the seller
can possibly observe in the protocol, and 7 : V' x Ag x Ag — A(S) is the likelihood function
of different signal realizations, which can depend on the value and the players’ actions.

In the communication stage, the seller and the buyer take the protocol as exogenous and
move in turn. First, the seller takes an action. Second, the buyer observes the seller’s action
and chooses his own action. A seller strategy is og : © — A(Ag) and a buyer strategy is
op: T x As — A(Ap(t)). At the end of the communication stage, the seller observes signal
realization s according to W.

The communication stage is followed by the trade stage, in which the seller sets a price,

14This is a large class of protocols that are natural in applications. However, like a revelation principle,
our results can be stated with respect to a broader class of protocols at the expense of additional notation.
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p. The buyer learns the value v, observes the price, and decides whether to purchase the
good. If trade occurs, the buyer’s payoff is v — p and the seller’s payoff is p; otherwise, both
players obtain a payoff of 0. The solution concept is perfect Bayesian equilibrium.

Any equilibrium in a protocol results in an allocation rule a : V' — [0, 1] x R, which, as in
the main text, specifies the probability of a trade and the expected payment from the buyer
to the seller for each value. We continue to use (welfare) outcome, buyer surplus, and seller
profit to mean relevant ex ante expected payoffs.

Given any equilibrium of any protocol, the designer in our baseline model can replicate

the same outcome by offering the seller a menu of signals, and the converse is also true.

Proposition 5. An allocation rule can arise in an equilibrium with some communication

protocol if and only if it can arise in an equilibrium under some menu of signals.

Proof. The proof follows the revelation principle argument of Myerson (1982, 1983), but
is adapted to our environment. For the “if” direction, note that any menu mechanism is
a communication protocol such that Ag(t) = {ag}. For the “only if” direction, consider
any protocol and an equilibrium in it. In this equilibrium, each action of the seller induces
a signal Z(a) = (9,7(a)) with 7(a) : V. — A(S), where the likelihood function averages
over the buyer’s equilibrium strategy and the signal scheme. Replace this protocol with
a menu mechanism M = {Z(a)},eca,. This change does not alter the seller’s equilibrium
strategy and results in the same allocation rule as the original protocol. Indeed, the only
thing that matters at the trading stage is the seller’s estimate of the buyer’s value. It does
not matter whether this estimate is obtained through direct data provision or equilibrium
inference. Also, the buyer type is not useful for screening the seller type because they
are conditionally independent. As a result, menu mechanisms with direct data provision

implement all equilibrium allocation rules. O]

Below, we describe several protocols that select different subsets of implementable out-
comes, as depicted in Figure 3. We assume that the seller’s type distribution F' has a full
support on [0, 1], which implies that the seller’s type distribution conditional on the buyer’s

value, v € {H, L}, has a full support on (0, 1) for each v.
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Figure 3: Equilibrium outcomes selected by different communication protocols. Seller types
are uniformly distributed on [0, 1], and (L, H) = (1, 3).

Cheap Talk. Suppose that the buyer knows the value at the outset and sends a cheap-talk
message—i.e., t = v, Asg = {ap}, Ag(H) = Ap(L) = Ap for some nonempty set Ap, and
s = ap. This protocol leads to a no-information outcome. Indeed, if an equilibrium entailed
some nontrivial communication—i.e., if v = L were strictly more likely after message m € Ag
than after message m’ € Ag—then sending m would lead to weakly lower prices for all seller
types and strictly lower prices for types above but close to L/H. An H-buyer would then
never send message m’, which would contradict the presumption that message m indicates

a higher likelihood of an L-buyer. Thus, cheap-talk communication leads to no information.

Voluntary Disclosure. We turn to the buyer’s voluntary disclosure of verifiable informa-
tion, which corresponds to the following protocol: t = v, As = {ao}, Ap(v) = {{v}, 0} for
each v € {H, L}, and s = ap. That is, the buyer knows v at the outset and chooses whether
to disclose his value.

In this game, the set of equilibrium outcomes coincides with all implementable outcomes
spanned by low-value flagging signals. As a starting observation, take any equilibrium and
suppose that an L-buyer sends message () with a positive probability. After observing message

(0, the seller with a sufficiently low type @ sets price L. But if so, an H-buyer sends () with

I151f the seller is uninformed, this setting is a special case of Ali, Lewis, and Vasserman (2023).
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probability 1, because sending {H} leads to price H for sure, whereas sending () secures
a positive probability of price L.1® Thus, if an L-buyer sends message () with a positive
probability, an H-buyer sends message () with probability 1.

Any equilibrium must then take one of the two forms: (i) an L-buyer sends message ()
with a positive probability and an H-buyer sends () with probability 1, or (ii) an L-buyer
sends message {L} with probability 1. In equilibrium (ii), we can without loss of generality
assume that an H-buyer sends () with probability 1, because whether an H-buyer sends () or
{H} does not affect the seller’s posterior belief; either way, the seller learns that v = H.

The buyer’s equilibrium strategy in equilibrium (i) or (ii) can be written in a tabular

form as follows:

T L 0
v=L|1l—a « (26)
v=H 0 1

where a > 0 in equilibrium (i) and o = 0 in equilibrium (ii). Thus, the buyer’s equilibrium
strategy serves as a low-value flagging signal.

Conversely, for any low-value flagging signal (i.e., for any « € [0, 1]), there is an equilib-
rium in which the buyer’s equilibrium strategy coincides with (26). Indeed, an L-buyer is
indifferent between any messages because she will always earn a payoff of 0. The deviation
of an H-buyer to the off-path message { H} can be deterred by the seller’s belief that places
probability 1 on H. In particular, the two ends of low-value flagging signals—mno disclosure
(v = 1) and full revelation (o = 0)—can arise in some equilibria.

This observation implies that voluntary disclosure decreases the buyer’s ex ante payoff,
because any low-value flagging signal increases the probability that an H-buyer faces price

H.'" Also, Proposition 3 implies that if the seller’s type is uniformly distributed, the equi-

16An H-buyer and an L-buyer have different beliefs on the seller’s type, because the distribution of the
seller’s type @ conditional on v differs between v = H and v = L. However, all the arguments in this section
hold because we only use the fact that the belief of each-type buyer on the seller’s type has a full support
on (0,1).

17This observation is consistent with Example 5 of Ali, Kleiner, and Zhang (2024), which shows that the
buyer surplus is always 0 under voluntary disclosure when the buyer’s value is binary and the seller’s type
is known to be 6y > L/H.
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librium outcomes of the voluntary disclosure game span the left boundary of the surplus set

(see Figure 2), which highlights the potential inefficiency of this protocol.

Request-Consent Protocol. In this game, the seller chooses a signal to request and the
buyer decides whether to accept it. The seller’s action space Ag equals the set of all signals
with S = [0, 1], and the buyer’s action space equals Ag(H) = Ag(L) = {accept,reject}.
The seller first chooses a signal, then the buyer observes the requested signal (but not its
realization) and decides whether to accept it. The seller obtains the requested signal if the
buyer chooses accept and does not observe any additional information otherwise.

In this protocol, if the buyer is initially perfectly informed (i.e., ¢ = v), then any imple-
mentable outcome can arise in some equilibrium: Take any implementable outcome and the
signal Z that implements it. The following equilibrium has all seller types obtain signal Z.
On the equilibrium path, all seller types request signal Z and the buyer accepts it regardless
of his value. The seller’s deviation to an off-path signal can be deterred if the buyer, follow-
ing the deviation, believes that the seller’s type is § = 0. The buyer with this belief thinks
that the seller will set price L, so the buyer never strictly benefits from providing additional
information. In turn, if the seller believes that any buyer who deviates and rejects the signal
request has value H, then the buyer finds it optimal to accept signal Z.

In contrast, if the buyer is uninformed when deciding on the request acceptance (i.e.,
t = tp), then the set of equilibrium outcomes is smaller and coincides with the set of imple-
mentable outcomes such that the buyer is at least as well off as under no data provision.
Indeed, if all seller types request the same signal Z, the uninformed buyer will accept it if and
only if signal Z weakly increases his ex ante payoff; the seller cannot use the off-path belief

punishment because the buyer is uninformed. The result then follows from Proposition 1.
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