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Preface

This dissertation explores how informational frictions shape economic decision-

making and inequality. Across three chapters, it examines the design as well as access

to information in di�erent environments with asymmetries. The �rst two chapters

focus on information design, with Chapters 1 and 2 showing how information can be

strategically framed to in
uence one’s behavior and ways it can be sold to increase

revenue, respectively. The third chapter aims to understand how discrimination a�ects

access to information in job networks. Together, the chapters o�er a versatile perspec-

tive on the crucial role of information in shaping individual and collective outcomes.

In Chapter 1, we study the interplay of the information design and framing. We

extend the standard information design model with two agents, a sender (he) and a

receiver (she), allowing the two to have asymmetric conception of the state-space: while

the sender conceives all states separately, having, thus, a �ne conception of the world,

the receiver has a coarse conception, grouping two of the states in one composite state.

Following the literature on framing, the conceptions of the sender and the receiver can

be interpreted as �ne and coarse frames, respectively. Like in the standard information

design model, the receiver is up to decide upon an action that will a�ect the payo�s

of both agents, while the sender designs and commits to an information structure for

each state to persuade the receiver to choose the his preferred action. However, in our

setup, the sender has an additional channel to manipulate the receiver’s choice: before

designing the information structure, he can decide whether to re�ne the receiver’s

frame so that the latter conceives all states, i.e., has the �ne frame. If so, the receiver

adopts new prior beliefs and preferences consistent with her new �ne conception of the

world.

Our contribution provides three main insights. First, while under the �ne frame,

the sender problem becomes a standard information design problem governed by the

receiver’s beliefs and preferences, under the coarse frame, the receiver’s coarse con-

ception plays a crucial role in the design of the information structure. Second, we

characterize when the sender wants to re�ne the receiver’s initial coarse conception,

and when he prefers to keep her in the dark by keeping her coarse frame. We show
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that the sender wants to re-frame the receiver’s conception only when it increases the

chances of persuading her. Finally, we �nd a somewhat surprising result that re�ne-

ment of the receiver’s coarse conception might be harmful to her. First of all, under

the �ne frame, the receiver might adopt such preferences and beliefs that increase the

likelihood of persuasion in a way that makes her take suboptimal action more often

than under the coarse frame. Next, from the receiver’s subjective perspective, her

payo� might be higher under the coarse frame. This result shows that a mandatory

disclosure policy might harm the receiver.

In Chapter 2, I study a two-stage mechanism for selling information products. I

start with the work of Bergemann, Bonatti and Smolin (2018), who propose a model

in which an information buyer (she) can purchase supplementary information from

a monopolistic information seller. The buyer needs to decide upon a payo�-relevant

action. She has initial private access to partial information, and, thus, her belief

regarding the state-space can be interpreted as her type. The seller who doesn’t know

the buyer’s type proposes a menu of experiments to screen the buyer. Importantly,

the seller doesn’t care about the buyer’s action and is only interested in maximising

his revenue from selling the information. I extend this model by allowing the seller to

provide some partial information for free to the buyer before proposing her a menu of

experiments. This information takes the form of a public signal. I study the properties

of this public signal and under what conditions an informative public signal can be

revenue-improving.

The contribution of the chapter is as follows. First, I show that one can reformulate

the seller’s problem of designing an optimal public signal into a standard Bayesian

persuasion problem. Next, I show that any optimal public signal can be replicated by

a signal involving only two messages. While the latter result might look like a mere

implication of the existing results of information design literature, this is not so. In

the standard information design literature, the information sender (seller) cares about

the receiver’s (buyer’s) action. Thus, the sender is interested in the distribution of the

actions induced by the signal, rather than the posterior beliefs of the receiver. In my

setup, however, the information seller doesn’t care about the buyer’s action and just

wants to maximise his revenue. Since the buyer’s willingness to pay depends on her

beliefs, what matters for the seller/sender in this case is the distribution of posterior

beliefs induced by the signal. Finally, I show that in the case of the binary type of the

buyer, the informative public signal is bene�cial for the seller if, without it, he sells

the fully informative private signal to all the types.

In Chapter 3, we study the e�ect of discrimination on the job network formation

of Black Americans in the U.S. To do this, we run a large two-stage �eld experiment
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on LinkedIn, the world’s largest professional networking website. In the �rst stage,

we create 408 �ctitious pro�les { 8 pro�les in each U.S. state, as well as in D.C.

Half of the pro�les represent White and half Black young male users. We signal race

exclusively through AI-generated pro�le pictures, keeping the pro�le names racially

neutral. Further, we build the pro�le networks. To do so, we �rst create a balanced

pool of around 20,000 real LinkedIn users from the website’s initial suggestions. Each

user in the pool receives an invitation to connect from two of our pro�les, representing

one Black and one White individual. In the second stage of the experiment, we start

by swapping the race of half of our pro�les: if a pro�le represented a Black individual

in stage one, it gets a picture of a White individual in stage two, and vice versa. Next,

pro�les send messages to the members of their stage-one networks, inquiring either for

information about the recruiting process in the user’s company or asking for general

career advice.

Our study o�ers a number of novel insights. First, our study provides causal

evidence that discrimination plays a signi�cant role in the formation of job networks.

In the �rst stage, Black pro�les have networks that are 13% smaller than those of White

pro�les. Next, studying heterogeneity of discriminatory behavior among users, we �nd

that all groups of individuals, even Black people, discriminate. Nevertheless, the results

indicate that, surprisingly, women and younger users discriminate more than men and

older users, respectively. We �nd that Black pro�les also enjoy substantially fewer

informational bene�ts available through their networks. These informational bene�ts,

including job referrals and access to personal communication, are highly relevant and

might be crucial to one’s professional success. Due to our novel design, we show that

this disparity arises from the di�erence in the network size stemming from stage one,

rather than from the second-stage discrimination. We also contribute to the literature

on theories of discrimination. Our results are incompatible with traditional models

of direct discrimination, like statistical and taste-based discrimination, but align with

explanations based on limited attention and in-group bias. The �ndings also highlight

ways to address labor market inequality, such as expanding mentorship programs for

Black individuals or reducing the in
uence of exclusionary institutions to improve their

access to job-relevant information and opportunities.
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Chapter 1

Information Design with Frame

Choice

with Federico Innocenti and Niccol�o Lomys

1.1 Introduction

In communication, the meaning of words and facts depends on their interpreta-

tion. If agents disagree on what they are talking about because they frame the world

di�erently, they misinterpret the information provided to them. The framing of payo�-

relevant contingencies and information is widespread and has been recognized to have

critical implications for decision-making since the seminal work of Thaler (1980); Tver-

sky and Kahneman (1981); Hershey et al. (1982); Kahneman and Tversky (1984);

Schkade and Kahneman (1998). Motivated by this evidence, we study the interplay of

framing with information design to understand when and how information providers

can take advantage of their �ner worldview, which contingencies remain hidden in

communication, and whether preventing the exploitation of coarse worldviews calls for

policy interventions. Exploring these questions has implications for �nancial advice,

product labeling, rating and test design, and consumer protection.

Formally, we allow for the asymmetric framing of payo�-relevant states in the classi-

cal information design model (Kamenica and Gentzkow, 2011; Bergemann and Morris,

2019). Whereas Sender conceives each element of the state space separately, Receiver

has a coarse frame, conceiving two states as a single state that is a combination of the

two actual states. Before designing information to manipulate Receiver's beliefs and

behavior, Sender decides whether to re�ne Receiver's coarse frame so that the latter

conceives all states (i.e., adopts a �ne frame). If so, Receiver reacts to re-framing by

forming new preferences and prior beliefs. To discipline the relation between Receiver's
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CHAPTER 1. INFORMATION DESIGN WITH FRAME CHOICE

beliefs and preferences before and after re-framing, we assume that these satisfy sub-

additivity (Tversky and Koehler, 1994) and the partition-dependent expected payo�

model (Ahn and Ergin, 2010). Akin to canonical models of information design, Sender

commits to a conditional probability distribution over signals for each state. Under

the coarse frame, however, Receiver conceives the conditional probability distributions

under indistinguishable states as a single distribution (in the spirit of Mullainathan

et al., 2008). We explore several new questions that arise in such a setting. How

does Receiver's coarser worldview in
uence information design? Does Sender have an

incentive to re�ne Receiver's frame? How do Sender's choices about Receiver's frame

and information design a�ect Receiver's welfare? Does mandatory disclosure (i.e.,

re-framing) bene�t Receiver?

By answering these questions, we uncover three main insights. First, we show that

how Receiver frames the state space becomes crucial in shaping the optimal infor-

mation structure. As in standard information design problems, under the �ne frame,

the Sender-optimal information structure depends on Receiver's preferences and prior

beliefs. In contrast, under the coarse frame, Sender exploits Receiver's coarse concep-

tion of the state space to conceal part of the information structure and increase the

likelihood of persuasion, i.e., of Receiver taking Sender's preferred action. Second, we

characterize how Sender solves the trade-o� between keeping Receiver in the dark, thus

concealing part of the information structure, and re-framing, hence inducing Receiver

to revise preferences and beliefs after telling apart initially indistinguishable states.

Sender �nds re-framing optimal if this makes persuasion unnecessary or more likely.

In turn, re-framing can a�ect persuasion possibilities through (the combination of)

three channels: directly, through a change in preferences and prior beliefs, and indi-

rectly, by shaping the optimal information structure. Third, we show that re-framing

can harm Receiver in practice, thus questioning the scope of disclosure policies. In

particular, upon re-framing, Receiver can adopt preferences and prior beliefs that in-

crease the likelihood of persuasion more than what the concealment of the information

structure does under the coarse frame. Moreover, Receiver may be better o� under

the coarse frame from a subjective viewpoint if, under such a frame, Sender �nds it

optimal to con�rm Receiver's default action choice.

Road Map. The following two subsections provide an overview of our model and

results with an example and discuss the related literature. Section 1.2 introduces

the general model. Section 1.3 characterizes the optimal information structures and

compares them across the coarse and �ne frames. Section 1.4 characterizes Sender's

optimal frame choice. Section 1.5 discusses welfare and the scope of disclosure policies.

Section 1.6 discusses some natural extensions of the main model. Section 1.7 concludes.

2



CHAPTER 1. INFORMATION DESIGN WITH FRAME CHOICE

1.1.1 Example: Financial Advice

Consider �nancial advice on bank loans for house purchases. The persuasion of

households with a coarse understanding of loans' functioning may help to explain

seemingly irrational behavior, thus connecting our work to other behavioral explana-

tions of this phenomenon.1 Suppose a household (Receiver) must choose between a

�xed- or a 
oating-rate loan; a bank advisor (Sender) provides the household with rec-

ommendations. The advisor has a �ne frame: he understands that interest rates can

stay low, mildly increase because of muted economic conditions (e.g., faster growth),

or sharply increase because of exogenous shocks (e.g., an in
ation crisis). Should both

agents understand states according to the �ne frame, their common prior belief about

future interest rates, denoted by� , is

� (Low Rate) =
3
10

; � (Mild Increase) =
13
20

; � (Sharp Increase) =
1
20

:

The household initially has a coarse frame: in her mind, rates can only stay low

or become high. The advisor is aware of his superior understanding (e.g., because of

previous interactions with other households). To discipline the relation between the

household's beliefs across frames, we assume that such beliefs satisfy sub-additivity: if

the advisor re�nes the household's frame|by disclosing contextual information, i.e.,

explaining the di�erence between a mild and a sharp increase in interest rates|the

sum of the probabilities the household assigns to these states is larger than the prob-

ability she assigned to the composite state. A parameter� 2 [0; 1] captures how the

household subconsciously performs this operation, with� and 1 � � capturing the

prominence of each of the two states in the composite state. Formally, the household's

prior beliefs under the coarse frame (denoted by� R) and the �ne frame are related

as follows: � R(High Rate) = �� (Mild Increase) + (1 � � )� (Sharp Increase). Suppose

� = 1, meaning that the household identi�es a high rate with a mild increase; according

to the numerical speci�cation above, we have

� R(Low Rate) =
7
20

; � R(High Rate) =
13
20

:

We report preferences under the �ne and coarse frames in Tables 1.1 and 1.2.

Each column corresponds to a state; each row corresponds to a household's action.

1Starting with Campbell and Cocco (2003), the �nancial literature has explored demand and
supply explanations behind loan choices (see Albertazzi et al., 2024, for a review). Among behavioral
explanations, coarse framing may relate to the e�ect of �nancial literacy (Agarwal et al., 2010;
Fornero et al., 2011; Gathergood and Weber, 2017). Moreover, households are myopic and consider
future interest rates only up to a �nite horizon (Koijen et al., 2009; Badarinza et al., 2018; Fo�a et
al., 2019); during a period of stability, this is equivalent to assuming that households neglect or
underweight the possibility of a sharp increase in interest rates, �tting our setting.
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CHAPTER 1. INFORMATION DESIGN WITH FRAME CHOICE

In each cell, the �rst entry is the household's payo�, and the second is the advisor's

payo�. The advisor always prefers the 
oating-rate loan. Instead, the household

prefers the 
oating-rate loan if the interest rates stay low, whereas she prefers the

�xed-rate loan if the interest rates increase. Building on the partition-dependent ex-

pected payo� model, we assume that the household's payo� from each action depends

on her frame. Consistently with her prior beliefs, the household's payo�s under the

coarse frame (denoted byuR) and the �ne frame (denoted byu) are related as follows:

uR(a;High Rate) = �u (a;Mild Increase) + (1 � � )u(a;Sharp Increase) for all actions

a, where� = 1 in this example.

Table 1.1: Preferences under the Fine Frame.

Low Rate Mild Increase Sharp Increase
Floating Rate 1,1 -1,1 -10,1
Fixed Rate 0,0 0,0 0,0

Table 1.2: Preferences under the Coarse Frame with� = 1.

Low Rate High Rate
Floating Rate 1,1 -1,1
Fixed Rate 0,0 0,0

Given her preferences and prior beliefs, in the absence of the advisor's recommen-

dation, the household takes the �xed-rate loan under both frames. Thus, persuasion is

necessary under both frames: the advisor must design information to manipulate the

household's posterior beliefs and induce the choice of a 
oating-rate loan with positive

probability. The optimal information structure � |a family of conditional probability

distributions, one for each state, over loan recommendations|depends on the frame.

When the household has a �ne frame, the optimal information structure directly

follows from the standard arguments in Kamenica and Gentzkow (2011):

� (z1 j Low Rate) = 1; � (z1 j Mild Increase) =
6
13

; � (z1 j Sharp Increase) = 0;

where signalz1 corresponds to a recommendation to take the 
oating-rate loan that

the household �nds optimal to obey. Under this information structure, the household

takes a 
oating-rate loan with probability 3
5 .

When the household has a coarse frame, the advisor can exploit his �ner under-

standing to increase the probability of signalz1 (i.e., of inducing the household to take

the 
oating-rate loan). In this case, the optimal information structure is

� (z1 j Low Rate) = 1; � (z1 j Mild Increase) =
7
13

; � (z1 j Sharp Increase) = 1;

4
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inducing the household to take a 
oating-rate loan with probability 7
10 > 3

5 . Crucially,

the household's interpretation of information depends on her inability to distinguish

a mild from a sharp increase in interest rates. Consistently with her prior beliefs and

payo�s, the household conception of the information structure, denoted by� R , satis�es

� R(z1 j High Rate) = �� (z1 j Mild Increase) + (1 � � )� (z1 j Sharp Increase). Thus, the

advisor can conceal part of the mapping from states to recommendations. For� = 1,

the household conceives the information structure as

� R(z1 j Low Rate) = 1; � R(z1 j High Rate) =
7
13

:

Next, we investigate the advisors' incentives to re�ne the household's frame and the

implications of the advisor's choices on the household's welfare. The analysis sheds

light on whether disclosure of contextual information, i.e., re-framing, prevents the

household's exploitation. We consider two welfare perspectives. Under the objective

criterion, we evaluate the household's welfare under both frames using her preferences

and beliefs under the �ne frame. Under the subjective criterion, we evaluate the

household's welfare using her preferences and beliefs under the frame she has.

In the example above, the advisor is better o� when the household has a coarse

frame; hence, the advisor decides to keep the household under the coarse frame. The

household, however, would be better o� under the �ne frame from the viewpoint of

objective welfare. The reason is that, under the coarse frame, the household takes a

suboptimal loan with a higher probability. In this case, mandatory re-framing would

improve the household's welfare. We next show that this seemingly obvious conclusion

is not generally true. Although a coarse worldview may open the doors to the house-

hold's exploitation, re-framing can harm her in practice, thus questioning the scope of

disclosure policies. This insight is valid regardless of the adopted welfare perspective.

The advisor's choices|hence, the household's welfare|depend on how the latter

conceives states and their likelihood under the coarse frame, as captured by the pa-

rameter � . Consider the same setup as before but now with� = 3
4 . This change a�ects

only the analysis under the coarse frame, where the household's prior belief becomes

� R(Low Rate) =
1
2

= � R(High Rate):

We report preferences under the coarse frame in Table 1.3.

5
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Table 1.3: Preferences under the Coarse Frame with� = 3
4 .

Low Rate High Rate

Floating Rate 1,1 -13
4 ,1

Fixed Rate 0,0 0,0

When � = 3
4 , the household (subconsciously) assigns positive weight to the possibility

of a sharp increase in interest rates in her coarse conception. Compared to the case in

which � = 1, Receiver's prior belief of high future interest rates decreases from13
20 to 1

2

by sub-additivity. This change better aligns Receiver's prior beliefs with the advisor's

goal. At the same time, Receiver's conceived payo� from taking a 
oating-rate loan in

case of high interest rates decreases from� 1 to � 13
4 . Hence, since a 
oating-rate loan

now looks less appealing to the households, this change makes Receiver's preferences

less aligned with the advisor's goal. Under the corresponding optimal information

structure, which now is

� (z1 j Low Rate) = 1; � (z1 j Mild Increase) =
16
39

; � (z1 j Sharp Increase) = 0;

the household takes a 
oating-rate loan with probability 17
30, which is lower than 3

5 ,

the probability with which she does so under the �ne frame. Hence, since the prefer-

ence e�ect dominates that of prior beliefs, the advisor �nds re-framing optimal. The

household, however, is now better o� under the coarse frame from the viewpoint of

objective welfare. The optimal information structure under the �ne frame induces the

household to mistakenly take the 
oating-rate loan in the event of a mild increase in

the interest rates with a higher probability: 6
13 > 16

39. Hence, in this case, re-framing

hurts the household.

Consider next the viewpoint of subjective welfare. Under this criterion, the house-

hold is indi�erent between frames whenever persuasion is necessary under both frames.

Thus, disclosure policies play no role in this case. Instead, if persuasion is unnecessary

under one frame but necessary under the other, the advisor and the household are

better o� under the former frame. To see this, suppose� = 0, so that the household's

prior belief under the coarse frame becomes

� R(Low Rate) =
19
20

; � R(High Rate) =
1
20

:

We report preferences under the coarse frame in Table 1.4.
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Table 1.4: Preferences under the Coarse Frame with� = 0.

Low Rate High Rate

Floating Rate 1,1 -10,1

Fixed Rate 0,0 0,0

In this case, persuasion is necessary only under the �ne frame. The advisor is better o�

and keeps the household under the coarse frame, under which she takes the 
oating-

rate loan by default (and so with probability 1). From a subjective viewpoint, the

household's expected payo� equals920 under the coarse frame. In contrast, under the

�ne frame, persuasion is necessary, and the household's expected payo� at the optimal

information structure is 0. Thus, from a subjective viewpoint, ignorance is bliss: the

household prefers a coarse worldview in which the advisor con�rms her default action

to a �ner worldview in which the advisor provides information to steer her behavior.

Hence, mandatory re-framing would hurt the household.

1.1.2 Related Literature

We contribute to the literature on Bayesian persuasion and information design (see,

e.g., Kamenica, 2019; Bergemann and Morris, 2019, for recent surveys). In particular,

our work complements recent research on information design with behavioral agents,

which explores complementary channels that can a�ect persuasion, such as psycho-

logical concerns (Lipnowski and Mathevet, 2018) present bias (Mariotti et al., 2023),

non-Bayesian updating (de Clippel and Zhang, 2022) correlation neglect (Levy et al.,

2022), and ambiguity aversion (e.g., Beauchêne et al., 2019; Hedlund et al., 2021; Liu

and Yannelis, 2021; Cheng et al., 2024). To our knowledge, we are the �rst to consider

the interplay between framing and information design.

Closest to our paper is Galperti (2019), where agents' prior beliefs have di�erent

supports: whereas Sender has interior prior beliefs, Receiver deems some states impos-

sible. Galperti (2019) characterizes when Sender �nds it optimal to change Receiver's

worldview by providing evidence in the form of a signal. Our study di�ers in three

aspects. First, Receiver cannot initially distinguish between some states in our model,

instead of assigning zero probability to them as in Galperti (2019). This feature allows

Sender to conceal part of the information structure from Receiver. Second, in contrast

to Galperti (2019), Receiver has frame-dependent preferences in our setting, as in Ahn

and Ergin (2010). This feature creates an additional channel for Sender to in
uence

Receiver's behavior. Third, Receiver reacts di�erently to unexpected information. In

Galperti (2019), Receiver adopts an arbitrary interior prior after changing worldview;

instead, we follow Tversky and Koehler (1994) and assume that Receiver is subject

7
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to sub-additivity in forming new beliefs upon re-framing. These di�erences make our

�ndings not directly comparable.

Our paper also relates to the literature on strategic interactions under framing

e�ects (see, e.g., Piccione and Spiegler, 2012; Spiegler, 2014; Salant and Siegel, 2018;

Ostrizek and Shishkin, 2023; Burkovskaya and Li, 2024). In this context, the closest

paper to ours is Mullainathan et al. (2008), which studies the e�ect of coarse thinking

on communication. In their framework, Receiver simpli�es complex information into

broad mental categories, distorting beliefs and decision-making. Their approach to

information processing resembles Receiver's coarse understanding of the information

structure in our model. However, Mullainathan et al. (2008) di�ers signi�cantly from

our setting. First, Receiver fully conceives the state space but coarsely understands

observable situations associated with di�erent information-generating processes. Sec-

ond, Sender neither commits to an information structure nor fully controls it. Third,

Receiver actively chooses the coarse categorization to �t the information she receives.

In Mullainathan et al. (2008), Sender anticipates and exploits Receiver's response in

terms of coarse categorization. In contrast, in our model, Sender actively chooses Re-

ceiver's fame and then designs an information structure for the selected frame. Because

of these di�erences, our results do not directly compare.

The existing literature shows that mandatory disclosure policies can improve wel-

fare in some markets|e.g., housing (Myers et al., 2022) and environmental regulation

(Cohen and Santhakumar, 2007)|by reducing information asymmetry and incentiviz-

ing desirable behaviors. However, the e�ectiveness of these policies varies with market

context, cognitive barriers, and unintended consequences. For instance, mandatory

�nancial disclosure improves the e�ciency of �nancial markets but may crowd out pri-

vate information production, reducing �rm learning and investment incentives (Gold-

stein and Yang, 2017; Jayaraman and Wu, 2019). In the context of �nancial advice,

Inderst and Ottaviani (2012) shows that mandatory disclosure is likely bene�cial when

consumers of the advice are naive about the con
ict of interest between them and the

�nancial advisor. In our model, an opposite insight emerges: mandatory disclosure

can actually be harmful even if consumers misperceive the con
ict of interest. Our

analysis provides insight into disclosure policies when the less informed agent is bound-

edly rational (see Loewenstein et al., 2014, for an overview). Recent �nancial studies

show that disclosure might have a limited e�ect due to inattention, which can arise

from pessimistic beliefs (Adams et al., 2021) or limited attention (Hillenbrand and

Schmelzer, 2017). We show that forced disclosure can harm both agents, even if the

less informed one becomes fully rational after disclosure.

8
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1.2 Model

Primitives. There are two agents: Sender (he) and Receiver (she). Their payo�s

depend on the state! 2 
 := f ! 1; ! 2; ! 3g and Receiver's actiona 2 A := f a1; a2g.

Agents are initially uncertain about the state and share a common prior belief� 2

� ++ (
).

Sender has state-independent preferences and prefers actiona1 to action a2. His

preferences are represented by the payo� functionv : A � 
 ! R, where

v(a; ! ) :=

(
1 if a = a1

0 if a = a2
:

Receiver has state-dependent preferences, represented by the payo� functionu: A �


 ! R, where

u(a; ! ) :=

8
>>>><

>>>>:

1 if a = a1 and ! = ! 1

� 1 if a = a1 and ! = ! 2


 if a = a1 and ! = ! 3

0 if a = a2

;

and 
 6= 0. We normalize Receiver's payo� from actiona2 to 0. Receiver prefers action

a1 to action a2 in state ! 1, and action a2 to action a1 in state ! 2. If 
 > 0 (resp.,


 < 0), Receiver prefers actiona1 (resp., a2) to action a2 (resp., a1) in state ! 3.

Sender conceives each state in 
 separately. At the beginning of the game, Re-

ceiver cannot distinguish state! 2 from state ! 3: she conceives the state space 
 as


 R := f ! 1; ! 23g, where we write! = ! 23 if and only if ! 2 f ! 2; ! 3g. We refer to 
 R

and 
 as Receiver'scoarseand �ne frames, respectively, and to! 23 as thecoarse state.

Under the coarse frame, Receiver's preferences are represented by the payo� func-

tion uR : A � 
 R ! R, where

uR(a; ! ) :=

8
><

>:

1 if a = a1 ^ ! = ! 1

� 23 if a = a1 ^ ! = ! 23

0 if a = a2

;

and, for some� 2 [0; 1],

� 23 := � � + (1 � � )
: (1.1)

Receiver's conceived payo� from actiona1 in the coarse state! 23, denoted by� 23, is a

convex combination of her payo�s in states! 2 and ! 3. The parameter� disciplines how

prominent, albeit subconsciously, state! 2 is relative to state ! 3 in Receiver's coarse

conception. Receiver prefers actiona1 to action a2 in state ! 23 if and only if (1 � � )
 �

9
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� . Hence, Receiver's favorite action in state! 23 depends on her preferences under the

�ne frame|i.e., the parameter 
 |and her coarse conception|i.e., the parameter � .

Receiver's prior beliefs under the coarse frame,� R 2 � ++ (
 R), are sub-additive,

and

� R(! 23) := �� (! 2) + (1 � � )� (! 3): (1.2)

The parameter� in condition (1.2) tailors Receiver's conception of prior beliefs under

the coarse frame to that of the payo� function. Condition (1.2) implies� R(! 1) > � (! 1):

Receiver conceives state! 1 as more likely under the coarse frame than under the �ne

frame.

Sender knows everything about the game, including Receiver's initial coarse frame


 R , and her preferences and prior beliefs under both frames. Receiver only knows

the part of the game within her frame and is initially unaware of Sender's �ne frame.

Otherwise, the game is common knowledge within Receiver's frame.

Frame Choice and Information Design. Sender can re�ne Receiver's frame and

design the information structure to steer her behavior. The interaction proceeds as

follows:

1. Sender decides whether to re�ne Receiver's frame by explicitly describing states

! 2 and ! 3 to her. Let 
 0 2 f 
 R ; 
 g, u0 2 f uR ; ug, and � 0 2 f � R ; � g be Receiver's

frame, payo� function, and prior belief after Sender's decision, respectively.

2. Sender provides evidence about state! by committing to an information struc-

ture � :=
�
Z; f � (� j ! )g! 2 


�
, where f � (� j ! )g! 2 
 is a family of probability dis-

tributions on the �nite set of signals Z . Receiver's conception of� , denoted by

� 0 2 f � R ; � g, depends on her frame 
0. If 
 0 = 
, then � 0 = � . If 
 0 = 
 R , then

Receiver conceives the signal distribution under the coarse state! 23 as a convex

combination of the signal distributions under! 2 and ! 3. In particular, we have

� 0 = � R , where

� R(z j ! 1) := � (z j ! 1) and � R(z j ! 23) := �� (z j ! 2) + (1 � � )� (z j ! 3): (1.3)

Again, the parameter � in condition (1.3) tailors Receiver's conception of the

signal distribution under the coarse frame to that of the payo� function and

prior beliefs.

3. A signal z from the information structure � is publicly realized.

4. Receiver takes an actiona 2 A, and payo�s are realized.

10
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Within their frames, the agents are Bayesian and maximize their (subjective) ex-

pected payo�.

Let p0(� j z) 2 �(
 0) denote Receiver's posterior belief induced by signalz under

frame 
 0. We write p0(� j z) = p(� j z) if 
 = 
 and p0(� j z) = pR(� j z) if 
 0 = 
 R . By

Bayes rule,

p0(! j z) =
� 0(z j ! )� 0(! )

P
~! 2 
 0 � 0(z j ~! )� 0(~! )

for all z 2 Z and ! 2 
 0: (1.4)

We denote byp0 2 �(
 0) a typical (prior or posterior) Receiver's belief under frame


 0. We write p0 = p if 
 0 = 
 and p0 = pR if 
 0 = 
 R .

Sender's trade-o� when deciding whether to re�ne Receiver's frame relates to how

the latter conceives the state space and, hence, preferences, beliefs, and information

structure. On the one hand, re-framing induces Receiver to revise preferences and be-

liefs after telling apart states she could not distinguish. Depending on primitives, this

may make Receiver more inclined to take Sender's preferred actiona1. On the other

hand, under the coarse frame, Sender can conceal part of the information structure

from Receiver and focus on the provision of evidence (i.e., signals) in favor of action

a1 in one of the two states Receiver cannot distinguish,! 2 and ! 3. This freedom is

lost under the �ne frame because Receiver can tell the evidence produced in state! 2

apart from that produced in state ! 3.

Equilibrium. We focus on the unique perfect Bayesian equilibrium in which: (i)

Receiver takes actiona1 if indi�erent; (ii) Sender does not re�ne Receiver's frame if

indi�erent; (iii) Receiver's action depends only on her posterior belief induced by the

signal realization.

Preferences and Beliefs upon Re-Framing. We discipline the relation between

Receiver's coarse and �ne worldviews by making two related assumptions. First, we

assume that Receiver's beliefs satisfy sub-additivity: when Sender re�nes Receiver's

frame by explaining that a state consists of two states, the sum of the probabili-

ties Receiver assigns to these states is larger than the probability she assigns to the

original composite state. Tversky and Koehler (1994) propose a theory of subjective

probability|called support theory|according to which di�erent descriptions of the

same event can give rise to di�erent judgments. This theory accounts for sub-additive

beliefs, where individuals conceive the joint probability of two disjoint events to be

lower when they are presented together|as under Receiver's coarse frame|as op-

posed to when they are presented separately|as under Receiver's �ne frame. Several

studies provide evidence in favor of this theory (see, e.g., Fischho� et al., 1978; Fox and

Clemen, 2005; Sonnemann et al., 2013). We impose a special form of sub-additivity
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tailored to our model's speci�cs to guarantee the tractability of its analysis. Our

speci�cation maintains all qualitative features of more general formulations.

Second, we relate Receiver's preferences and beliefs before and after re-framing by

assuming that they satisfy the partition-dependent expected payo� (PDEP) model by

Ahn and Ergin (2010). Drawing upon Tversky and Koehler (1994), Ahn and Ergin

(2010) propose an axiomatic approach to introduce the PDEP model in which agents'

preferences and beliefs depend on their frame as summarized by a partition of the state

space. Their work provides a decision-theoretic foundation for support theory. We rely

on Ahn and Ergin (2010)'s framework as a foundation for Receiver's preferences and

beliefs in our model. We extensively discuss such a foundation in the context of our

model in Appendix A.1.

Discussion of Other Modeling Choices. We discuss in Section 1.6 why we focus

on three states and alternative frames of the state space. The interested reader can

read the discussion in Section 1.6 before our main results, which we present in Sections

1.3{1.5.

1.3 Information Design

In this section, we characterize Sender's optimal information structure under the

�ne and coarse frames, providing insights into how Sender exploits Receiver's coarse

conception when designing information.

1.3.1 Preliminary Observations

Receiver's Optimal Action. Receiver's optimal actiona: �(
 0) ! A satis�es

a(p0) 2 argmaxa2 A

P
! 2 
 0 u0(a; ! )p0(! ), and is equal to a1 if the maximizer is not

unique. The following lemma, whose proof is in Appendix A.2.1, characterizes how

Receiver's optimal action depends on her frame, preferences, and beliefs.

Lemma 1.1. Receiver's optimal actiona: �(
 0) ! A satis�es:

1. If 
 0 = 
 , then a(p) = a1 if and only if p(! 1) + 
p (! 3) � p(! 2).

2. If 
 0 = 
 R , then a(pR) = a1 if and only if pR(! 1) � � � 23pR(! 23).

Lemma 1.1 is intuitive: Receiver takes Sender's preferred actiona1 if and only if

her belief that the state is one in which she also prefers actiona1 is su�ciently large.

Next, we introduce the notion of persuasion necessity under a given frame.

12
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De�nition 1.1. Persuasion is necessaryunder frame
 0 if Receiver's optimal action at

prior belief � 0 di�ers from Sender's preferred action, i.e.,a(� 0) 6= a1, and unnecessary

otherwise.

By Lemma 1.1, persuasion is necessary under frame 
 if and only if

� (! 1) + 
� (! 3) < � (! 2); (1.5)

and under frame 
 R if and only if

� R(! 1) < � � 23� R(! 23): (1.6)

Condition (1.6) requires that � 23 < 0, i.e., Receiver prefers actiona2 in the coarse

state ! 23.

Basic Properties of Optimal Information Structures. Three standard proper-

ties routinely hold in this class of models (see Kamenica and Gentzkow, 2011, for the

details).

1. Bayes Plausibility.By designing an information structure� , Sender can induce any

posterior beliefs such that Receiver's expected posterior belief equals her prior belief:

X

z2 Z

p0(� j z)

 
X

! 2 
 0

� (z j ! )� 0(! )

!

= � 0(�): (1.7)

2. Straightforward Information Structures.There is a straightforward information struc-

ture, i.e., with only two signals, Z = f z1; z2g, which is outcome-equivalent to any

optimal information structure. Let signal z1 (resp., z2) correspond to Sender's recom-

mendation to take actiona1 (resp., a2). Hence,z1 corresponds to evidence in favor of

Sender's goal.

We focus on straightforward information structures under which Receiver �nds it

optimal to obey Sender's recommendation. Sender's expected payo� under any such

information structure � , denoted by E� [v(a; ! )], equals the probability of signalz1

under � :

E� [v(a; ! )] =
X

! 2 


� (z1 j ! )� (! ): (1.8)

3. Posterior Beliefs. If persuasion is unnecessary under frame 
0, without loss, we as-

sume that Sender leaves Receiver's prior beliefs unchanged. If persuasion is necessary,

the posterior beliefs induced by the optimal information structure satisfy the following

properties:
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(a) Signal z1 makes Receiver indi�erent between actionsa1 and a2. If 
 0 = 
, this

property implies that

2p(! 1 j z1) + (1 + 
 )p(! 3 j z1) = 1 : (1.9)

If 
 0 = 
 R , this property implies that

pR(! 1 j z1) = �
� 23

1 � � 23
: (1.10)

(b) Signal z2 makes Receiver certain that the state is one in which actiona2 is

uniquely optimal to her. If 
 0 = 
, this property implies that

p(! 1 j z2) = 0 ; and, if 
 > 0, p(! 3 j z2) = 0 : (1.11)

If 
 0 = 
 R , this property implies that

pR(! 1 j z2) = 0 : (1.12)

1.3.2 Optimal Information Structure

Assuming persuasion is necessary, we characterize the optimal information struc-

ture in each frame. We �rst introduce the notions of favorable and unfavorable states

to Sender.

De�nition 1.2. State ! is favorable to Senderif Receiver prefers actiona1 in state

! , and unfavorableotherwise.

State ! 1 is favorable to Sender under both frames. By equation (1.4) and the

optimality conditions (1.11) and (1.12), the optimal information structure satis�es

� (z1 j ! 1) = 1: Sender recommends Receiver to take Sender's preferred actiona1 with

probability 1 in state ! 1.

Characterizing the optimal signal distributions conditional on states! 2 and ! 3 is

more interesting. Since Receiver cannot distinguish! 2 from ! 3 under the coarse frame,

comparing the properties of� (� j ! 2) and � (� j ! 3) across frames gives insights into how

Sender exploits Receiver's coarse conception when designing information. To help the

analysis, we introduce the notions of persuasion focus and possible persuasion.

De�nition 1.3. Under the optimal information structure, for k; ` 2 f 2; 3g with k 6= `:

ˆ Sender focuses persuasion on state! k if he maximizes� (z1 j ! k) subject to Bayes

plausibility and the feasibility constraints� (z1 j ! 2) 2 [0; 1] and � (z1 j ! 3) 2 [0; 1].
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ˆ If Sender focuses persuasion on state! k , persuasion is possible in state! ` if

� (z1 j ! ` ) > 0, and impossibleotherwise.

Sender focuses persuasion on state! k if he maximizes the likelihood of signalz1

(hence, actiona1) in state ! k and leaves producing evidence in favor of his goal (i.e.,

signal z1) in state ! ` as a residual task. This task is viable if persuasion is possible in

state ! ` , which requires� (z1 j ! k) = 1.

We summarize the optimal information structure under each frame with the fol-

lowing propositions. Their formal statements and proofs are in Appendices A.2.2 and

A.2.3.

Proposition 1.1. Suppose
 0 = 
 and persuasion is necessary. Under the optimal

information structure, � (z1 j ! 1) = 1 , and:

1. Sender focuses persuasion on state! 3 if


 � � 1; (1.13)

and on state! 2 otherwise.

2. Given persuasion focus on state! 3, persuasion is possible in state! 2 if and only if

� (! 1)
� (! 3)

� � 
: (1.14)

3. Given persuasion focus on state! 2, persuasion is possible in state! 3 if and only if

� (! 1)
� (! 2)

� 1: (1.15)

The optimal information structure in Proposition 1.1 corresponds to the solution

of a standard Bayesian persuasion problem. Its interpretation is as follows. First,

suppose
 > 0. If so, only state! 2 is unfavorable to Sender, and conditions (1.13) and

(1.14) are satis�ed. Hence, Sender focuses persuasion on state! 3, and persuasion in

state ! 2 is possible.

Next, suppose
 < 0. If so, states! 2 and ! 3 are unfavorable to Sender. By Bayes

plausibility (condition (1.7)) and the optimality condition (1.9), there is a persua-

sion trade-o�: increasing the likelihood of recommending actiona1 in state ! 2 (i.e.,

� (z1 j ! 2)) requires decreasing that in state! 3 (i.e., � (z1 j ! 3)), and vice-versa. By

condition (1.13), how Sender resolves this trade-o� depends on how Receiver's payo�

from action a1 in state ! 2 compares to her payo� from actiona1 in state ! 3. If the

former is larger than the latter (i.e., � 1 > 
 ), inducing Sender to take actiona1 in
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state ! 2 is \easier" than doing so in state! 3; hence, Sender focuses persuasion on

state ! 2. Otherwise, Sender focuses persuasion on state! 3.

For k; ` 2 f 2; 3g with k 6= `, by conditions (1.14) and (1.15), when Sender focuses

persuasion on state! k , whether persuasion is possible in state! ` depends on Receiver's

prior beliefs and preferences. Persuasion is possible in state! 2 if and only if, after

being told that the state is not ! 2, Receiver's expected bene�t from actiona1, equal

to � (! 1)=[� (! 1) + � (! 3)], is larger than Receiver's expected cost from actiona1, equal

to � 
� (! 3)=[� (! 1) + � (! 3)]. Similarly, persuasion is possible in state! 3 if and only

if, after being told that the state is not ! 3, Receiver's expected bene�t from actiona1,

equal to � (! 1)=[� (! 1) + � (! 2)], is larger than Receiver's expected cost from actiona1,

equal to � (! 2)=[� (! 1) + � (! 2)].

Proposition 1.2. Suppose
 0 = 
 R and persuasion is necessary. Under the optimal

information structure, � (z1 j ! 1) = 1 , and:

1. Sender focuses persuasion on state! 3 if

�� (! 3) � (1 � � )� (! 2); (1.16)

and on state! 2 otherwise.

2. Given persuasion focus on state! 3, persuasion is possible in state! 2 if and only if

�
� R(! 1)

� 23� R(! 23)
� 1 � �: (1.17)

3. Given persuasion focus on state! 2, persuasion is possible in state! 3 if and only if

�
� R(! 1)

� 23� R(! 23)
� �: (1.18)

Proposition 1.2 shows how Sender exploits Receiver's inability to distinguish state

! 2 from state ! 3 when designing the optimal information structure under the coarse

frame.

By Bayes plausibility (condition (1.7)) and the optimality condition (1.10), increas-

ing � (z1 j ! 2) requires decreasing� (z1 j ! 3), and vice-versa. By condition (1.16), how

Sender resolves this persuasion trade-o� depends on his prior beliefs about states! 2

and ! 3, i.e., � (! 2) and � (! 3), and the prominence of state! 2 in Receiver's conception

of state ! 23, i.e., the parameter� . Sender focuses persuasion on state! 3 (resp., ! 2)

if � (! 3) (resp., � (! 2)) is su�ciently large|since this makes Receiver more likely to

take actiona1 from Sender's viewpoint|and � is su�ciently large (resp., small)|since
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evidence in favor of actiona1 produced in state! 3 (resp., ! 2) is \discounted" less than

that in state ! 2 (resp., ! 3) in Receiver's conception of the information structure (see

condition (1.3)).

For k; ` 2 f 2; 3g with k 6= `, by conditions (1.17) and (1.18), when Sender focuses

persuasion on state! k , whether persuasion is possible in state! ` depends on Re-

ceiver's prior beliefs, preferences, and conception of state! 23 under the coarse frame.

Persuasion is possible in state! ` if and only if Receiver's conceived expected bene�t

from action a1, equal to � R(! 1), is su�ciently large relative to Receiver's conceived

expected cost from actiona1, equal to � � 23� R(! 23). How large such a payo� di�er-

ence must be depends on how prominent state! k is relative to state ! ` in Receiver's

conception of state! 23.

Comparing Information Structures across Frames. By conditions (1.13) and

(1.16), the �rst di�erence between the optimal information structures across frames is

what drives Sender's persuasion focus. Under the �ne frame, persuasion focus depends

solely on Receiver's preferences. In contrast, under the coarse frame, persuasion focus

depends on Sender's prior beliefs and Receiver's conception of the coarse state! 23.

That is, Sender exploits the coarse conception of Receiver, ignoring her preferences

and beliefs, which are instead crucial in most standard information design problems.

By conditions (1.14)-(1.15) and (1.17)-(1.18), given Sender's persuasion focus on

state ! k , whether persuasion is possible in state! ` (where k; ` 2 f 2; 3g with k 6= `)

depends on Receiver's preferences and beliefs under both frames. Under the coarse

frame, however, Receiver's conception of the coarse state! 23 also plays a decisive role.

Summing up, Propositions 1.1 and 1.2 highlight that Receiver's framing of the

state space can become more critical than her preferences and beliefs in shaping the

optimal information structure. First, by a�ecting persuasion focus, Receiver's frame

determines what states Sender pools together (! 1 and ! 2 as opposed to! 1 and ! 3)

when providing evidence in favor of his goal. As a result, Sender's persuasion focus

can di�er across frames. Second, for a given persuasion focus, persuasion in the other

state may be possible under one frame but impossible under the other. We show in

the following sections that these features have rich implications for Sender's choice of

Receiver's frame and equilibrium welfare.

1.4 Frame Choice

In this section, we characterize Sender's optimal frame choice and how this relates

to Receiver's conception and the optimal information structures under the two frames.

Value of Re-Framing. Let � c (resp., � f ) be the optimal information structure when
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Receiver's frame is 
R (resp., 
). The value of re-framing is

V := E� f [v(a; ! )] � E� c [v(a; ! )]; (1.19)

whereE� [v(a; ! )] is Sender's expected payo� under information structure� 2 f � c; � f g,

as de�ned by equation (1.8). Sender re�nes Receiver's frame if and only ifV > 0.

1.4.1 Optimal Frame Choice

The following proposition characterizes when Sender �nds it optimal to re�ne Re-

ceiver's frame. We refer to Appendix A.2.4 for the formal statement and its proof.

Proposition 1.3. Sender re�nes Receiver's frame if and only if:

1. Persuasion is unnecessary only under the �ne frame;

2. Persuasion is necessary under both frames, but signalz1 under the optimal infor-

mation structure is more likely under the �ne frame than under the coarse frame.

By Proposition 1.3, Sender re�nes Receiver's frame in two cases. The �rst is when

persuasion is necessary under the coarse frame and unnecessary under the �ne frame

(part 1). In this case, re-framing alone is enough to induce Receiver to take Sender's

preferred actiona1 with probability 1. The second is when persuasion is necessary

under both frames, but Receiver's preferences or prior beliefs after re-framing make it

more likely for Sender to induce Receiver to take actiona1 (part 2).

Graphical Illustration. Given optimal information structure, Figure 1.1 shows how

the optimal frame choice depends on the parameter� . In blue, we represent the region

of the parameter space where persuasion is unnecessary under the coarse frame. In

green, we represent the region of the parameter space where persuasion is necessary

under both frames and signalz1 is more likely under the coarse frame than under the

�ne frame. The value of re-framing cannot be positive in these regions.

In yellow, we represent the region of the parameter space where persuasion is nec-

essary under the coarse frame and unnecessary under the �ne frame. This region

corresponds to part 1 of Proposition 1.3. In gold, we represent the region of the pa-

rameter space where persuasion is necessary under both frames and signalz1 is more

likely under the �ne frame than under the coarse frame. This region corresponds to

part 2 of Proposition 1.3. The value of re-framing is positive in these regions.

Figure 1.1 displays a complex relationship between the region of the parameter

space where the value of re-framing is positive and the value of� . Recall that, when

� = 1, Receiver conceives the coarse state! 23 as state ! 2|which is unfavorable to
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Figure 1.1: Optimal Frame for Di�erent Values of � .

(a) � = 1 (b) � = 0 :75 (c) � = 0 :5

(d) � = 0 :25 (e) � = 0 (f) Legend

Sender|while ignoring state ! 3, which is favorable to Sender if
 > 0, and unfavorable

otherwise. The opposite occurs when� = 0. For any � 2 (0; 1), Receiver's conception

of the coarse state! 23 is a non-trivial combination of states! 2 and ! 3.

First, suppose� = 1. In this case, Sender can completely conceal the signal dis-

tribution in state ! 3 under the coarse frame, whereas no concealing is possible upon

re-framing. Given this, the value of re-framing is positive if persuasion is necessary

under the coarse frame (which happens if� (! 2) > 1
2 by condition (1.6)) and 
 > 1.

To gain intuition, we distinguish two cases depending on the value of
 :

1. If 
 < 0, state ! 3 is unfavorable to Sender. Under the coarse frame, Sender can

recommend actiona1 with probability 1 in state ! 3 without jeopardizing per-
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suasion in state! 2. Under the �ne frame, instead, the persuasion trade-o� we

describe after Proposition 1.1 forces Sender to focus persuasion on either state

! 2 or state ! 3, leaving persuasion in the other state as a residual task. Hence,

re-framing is not optimal.

2. If 
 > 0, state ! 3 is favorable to Sender. In this case, Sender can recommend

action a1 with probability 1 in state ! 3 under both frames. Hence, Sender's

re-framing decision depends on the likelihood of producing evidence in favor of

his goal (i.e., signalz1) in state ! 2. If 
 � 1, signalz1 is more likely under the

coarse frame because sub-additivity makes state! 1 more likely and because of

the properties of the optimal information structure. As a result, re-framing is

not optimal. To counterbalance sub-additivity and make the value of re-framing

positive, it must be that Receiver's payo� from action a1 is greater in state! 3

than in state ! 1, i.e., 
 > 1.

When � decreases, the region of the parameter space where the value of re-framing

is positive for 
 > 1 shrinks and eventually disappears, as panels (b){(e) show. The

reason is that, for all� 2 (0; 1), Receiver conceives state! 23 as a non-trivial combina-

tion of states ! 2 and ! 3. Hence, her conceived payo� from Sender's preferred action

a1 in state ! 23, � 23 = � � + (1 � � )
 , increases as� decreases. Due to this increase,

the region of the parameter space where persuasion is unnecessary under the coarse

frame for 
 > 1 expands.

Lower values of� , however, also correspond to new regions of the parameter space

where the value of re-framing is positive. For example, when� = 0:75, if 
 < 0 and

is large in absolute value, the region where persuasion is unnecessary under the coarse

frame shrinks because� 23 decreases. This fact creates a new region where, for small

values of� (! 3), the value of re-framing is positive, as panel (b) shows. The reason is

that, as 
 becomes negative and large in absolute value, signalz1 becomes less likely

under the coarse frame. At the same time, such a decrease in
 has little impact on the

optimal information structure under the �ne frame if � (! 3) is su�ciently small. Sim-

ilar insights apply to the regions of the parameter space where the value of re-framing

is positive when
 < 0 and is large in absolute value in panels (c) and (d).

Summing up, Sender re�nes Receiver's frame in two circumstances. First, when

state ! 3 is (su�ciently) favorable to Sender, and Receiver ignores it under the coarse

frame. Second, when state! 3 is unlikely and (su�ciently) unfavorable to Sender, and

Receiver assigns an excessive weight to it under the coarse frame. Crucially, Receiver's

coarse conception indirectly a�ects the frame choice via its impact on the optimal

information structure under the coarse frame. When� = 1, Sender focuses persuasion

on state ! 3 (since he can conceal it from Receiver), and persuasion is possible in state
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! 2. As � decreases, Sender �nds focusing persuasion on state! 3 progressively less

attractive up to a threshold (see condition (1.16)) where Sender begins focusing per-

suasion on state! 2. Similarly, as � moves away from 1, the possibility of persuading in

state ! 2 is challenged (see condition (1.17)). At the other extreme, when� = 0, Sender

focuses persuasion on state! 2 (since he can conceal it from Receiver), and persuasion

is possible in state! 3. Therefore, since the optimal information structure under the

�ne frame does not depend on� , Sender often faces a choice between frames under

which he �nds it optimal to focus persuasion on di�erent states. The direct e�ect of

� on preferences and beliefs and its indirect e�ect through the optimal information

structure jointly determine Sender's choice of Receiver's frame.

1.5 Welfare

In this section, we study Receiver's equilibrium welfare to understand the scope

of disclosure (i.e., re-framing) policies. Given the information structure designed by

Sender, our analysis focuses on determining under which frame Receiver is better o�.

We motivate the focus on Receiver's frame by observing that policymakers are more

likely to mandate disclosure of all relevant contextual information (that is, mandate

re-framing) rather than regulating the communication content.

We evaluate Receiver's welfare by considering a subjective and an objective crite-

rion. According to the subjective criterion, we evaluate Receiver's welfare using her

preferences, beliefs, and conception of the information structure conditional on her

frame. Hence, Receiver's subjective welfare is a function ofu, � , and � under the �ne

frame anduR , � R , and � R under the coarse frame. According to the objective crite-

rion, we evaluate Receiver's welfare from the viewpoint of an outside observer with

the �ne frame (e.g., a policymaker). In particular, we assume that Receiver's correct

preferences and beliefs areu and � .

The following proposition, whose proof is in Appendix A.2.5, summarizes our �nd-

ings about Receiver's welfare and shows that re-framing can harm Receiver.

Proposition 1.4. According to the subjective criterion:

(a) If persuasion is necessary under both frames, Receiver is indi�erent between

frames.

(b) If persuasion is necessary under one frame but unnecessary under the other,

Receiver is better o� under the latter.

(c) If persuasion is unnecessary under both frames, Receiver can be better o� under

either frame.
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According to the objective criterion, Receiver is better o� under the �ne frame if and

only if

� (! 2)[� c(z1 j ! 2) � � f (z1 j ! 2)] + 
� (! 3)[� f (z1 j ! 3) � � c(z1 j ! 3)] > 0: (1.20)

First, consider the subjective criterion. If persuasion is unnecessary under frame


 0 2 f 
 R ; 
 g, Sender leaves Receiver's beliefs unchanged, thus con�rming her default

action a1. Given Receiver's payo�s, persuasion is unnecessary under frame 
0 if and

only if action a1 gives her an expected payo� larger than 0 (and equal to 0 in a non-

generic region of the parameter space). In contrast, if persuasion is necessary under

frame 
 0, the optimal information structure makes Receiver indi�erent between the

two actions after signalz1 and Receiver prefers actiona2 after signal z2. Since Re-

ceiver's payo� from action a2 is equal to 0, Receiver's expected payo� if persuasion is

necessary under frame 
0 equals 0. Parts 1{(a) and 1{(b) of the proposition follow. If

persuasion is unnecessary under both frames, Receiver prefers the frame under which

her subjective expected payo� from the default action is the largest; depending on the

primitives, this may occur under either frame. Part 1{(c) of the proposition follows.

Next, consider the objective criterion. Receiver is better o� under the frame in

which Sender's recommendations induce her to take her optimal action given the state

with the highest objective probability. This probability depends on preferences and

beliefs (i.e.,u and � ) and the optimal information structures (i.e., � f or � c). Condition

(1.20) in part 2 of the proposition summarizes this relationship.

To �x ideas, suppose �rst 
 < 0. If so, Receiver prefers actiona2 in states ! 2 and

! 3. In this case, for Receiver to be better o� under the �ne frame, by condition (1.20),

it su�ces that � c(z1 j ! k) > � f (z1 j ! k) for all k 2 f 2; 3g. In other words, Receiver is

better o� under the �ne frame if Sender exploits the coarse frame to send signalz1

more often, inducing Receiver to take actiona1 even when sub-optimal for her. Next,

suppose
 > 0. If so, Receiver prefers actiona1 in state ! 3. In this case,� f (z1 j ! 3) = 1

by Proposition 1.1. Hence, by condition (1.20), Receiver can be better o� under the

�ne frame even if � c(z1 j ! 2) < � f (z1 j ! 2). In other words, Receiver can be better o�

under the �ne frame even if Sender �nds it optimal to send signalz1 in state ! 2|thus

inducing Receiver to take actiona1 even when sub-optimal for her|more often than

under the coarse frame.

Also according to the objective criterion, however, there are situations in which

Receiver is better o� under the coarse frame, as the following example shows. Suppose

� = 1 and � (! 1) + 
� (! 3) < � (! 2), so that persuasion is necessary under both frames

(by conditions (1.5) and (1.6)). In this scenario, whenever
 > 1, Receiver is better

o� under the coarse frame. The reason is that, under the coarse frame, Sender cannot
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leverage state! 3, favorable to him, to send signalz1 in state ! 2 more often (by condi-

tion (1.3) for � = 1). At the same time, he can do so under the �ne frame. Formally:

ˆ Sender recommends actiona1 with probability 1 in state ! 3 under both frames,

i.e., � f (z1 j ! 3) = 1 = � c(z1 j ! 3);

ˆ Sender recommends actiona1 in state ! 2 under the �ne frame with higher prob-

ability than under the coarse frame: � f (z1 j ! 2) = � (! 1 )+ 
� (! 3 )
� (! 2 ) > � (! 1 )+ � (! 3 )

� (! 2 ) =

� c(z1 j ! 2).

Thus, Sender �nds it optimal to re�ne Receiver's frame. At the same time, by equa-

tion (1.20), the di�erence in Receiver's objective welfare under the �ne and the coarse

frames is proportional to � c(z1 j ! 2) � � f (z1 j ! 2), the di�erence in the probability of

signal z1 in state ! 2. Since such a di�erence is negative, Receiver is better o� under

the coarse frame.

Implications for Disclosure Policies. The previous analysis has implications for

the scope of policy interventions. Call a con
ict of interest a situation in which Sender

and Receiver are better o� under di�erent frames. According to the subjective crite-

rion:

ˆ If persuasion is necessary under both frames, Receiver is indi�erent between

frames, whereas Sender can be better o� under either frame (Proposition 1.3).

ˆ If persuasion is necessary under one frame but unnecessary under the other, Re-

ceiver and Sender are better o� under the frame where persuasion is unnecessary.

ˆ If persuasion is unnecessary under both frames, Sender chooses the coarse frame,

whereas Receiver can be better o� under either frame.

Hence, a con
ict of interest can arise only in the latter case. This case, however, is

knife-edge, as we select the equilibrium in which Sender does not re�ne Receiver's frame

if indi�erent. If we impose that Sender chooses Receiver's preferred frame whenever

indi�erent as an alternative selection criterion, any con
ict of interest would disappear.

From the viewpoint of the objective criterion, the previous discussion shows that

Sender is better o� under the frame where he can send signalz1 more often under un-

favorable states, whereas the opposite holds for Receiver. Hence, a con
ict of interest

often arises. In particular, re-framing is not always in Receiver's best interest.

Summing up, under both welfare criteria, there are situations under which Receiver

is better o� under the coarse frame. Hence, an e�ective disclosure policy would require

a careful understanding of the interplay between framing and information design.
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Graphical Illustration. Figures 1.2 and 1.3 illustrate for which values of parameters

there exists a con
ict of interest between Sender and Receiver and whether mandating

re-framing is a solution to this problem. In red, we represent the region of the param-

eter space where there is a con
ict of interest. In green, we represent the region of the

parameter space where Sender and Receiver are better o� under the same frame. We

use a darker (resp., lighter) color tone to represent the region of the parameter space

where Receiver is better o� under the �ne (resp., coarse) frame.

Figure 1.2 considers the subjective criterion. A con
ict of interest can arise only

when persuasion is unnecessary under both frames. In this case, there is a con
ict

of interest if Receiver is better o� under the �ne frame, as we select the equilibrium

under which Sender chooses not to re-frame whenever indi�erent. This case corre-

sponds to the dark red region. In all other scenarios, mandating re-framing is either

unnecessary|which is the dark green region|or harms Receiver (and Sender)|which

is the light green region.

Figure 1.3 considers the objective criterion. Here, a con
ict of interest is more

likely. Whereas Sender is better o� under the frame where he can recommend action

a1 with the highest probability, this harms Receiver because of the higher likelihood

that the recommendation is misleading. There is no con
ict of interest when persua-

sion is unnecessary under both frames|which is the light green region. Mandating

re-framing can either help|which is the dark red region|or harm|which is the light

red region|Receiver.

1.6 Discussion and Extensions

In this section, we discuss our modeling choices and a few natural extensions.

Three States. We assume that Receiver cannot distinguish between two out of three

states and that Sender can \certi�ably" prove there are no other states beyond! 1, ! 2,

and ! 3 upon re-framing. In other words, Receiver is initially unaware of her coarse

conception. However, upon re-framing, although Receiver becomes aware of her initial

coarse conception, she becomes sure that no other state beyond! 1, ! 2, and ! 3 exists.

These assumptions allow us to focus on how framing interplays with information design

in the simplest possible non-trivial setting. Therefore, we can transparently analyze

Sender's incentives and trade-o� between keeping Receiver in the dark and re-framing

and characterize the welfare implications of Sender's choices.

With more than three states, if Sender chooses a frame that contains more states

than the original Sender frame but is not the same as Sender's frame, Receiver may

begin reasoning about the possibility that Sender's frame is �ner than hers. These
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Figure 1.2: Con
ict of Interest under the Subjective Criterion for Di�erent Values of� .

(a) � = 1 (b) � = 0 :75 (c) � = 0 :5

(d) � = 0 :25 (e) � = 0 (f) Legend

considerations would naturally lead to a (non-standard) informed principal problem

(Myerson, 1983). Although certainly of interest, these considerations are beyond the

scope of this paper.

Alternative Frames. In Appendix A.4, we consider alternative coarse frames and

show that qualitatively analogous insights emerge. The case in which Receiver cannot

distinguish between states! 1 and ! 3, i.e., 
 R = f ! 13; ! 2g, is specular to our main

speci�cation. Under the coarse frame, Receiver conceives! 2, the unfavorable state to

Sender. At the same time, she cannot distinguish! 1, the favorable state to Sender,

from ! 3, which is a favorable or unfavorable state to Sender depending on the sign

of 
 . Hence, in contrast to the main speci�cation, under the coarse frame, Sender

cannot conceal evidence in favor of his goal produced in the unfavorable state! 2. In
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Figure 1.3: Con
ict of Interest under the Objective Criterion for Di�erent Values of
� .

(a) � = 1 (b) � = 0 :75 (c) � = 0 :5

(d) � = 0 :25 (e) � = 0 (f) Legend

addition, under sub-additivity, Receiver conceives state! 2 as more likely under the

coarse frame than under the �ne frame. These forces strengthen Sender's incentives

to re-frame. Hence, re-framing becomes optimal in a larger region of the parameter

space. However, the welfare implications remain the same: Receiver may be better o�

under the coarse frame.

If Receiver cannot distinguish between! 1 and ! 2, i.e., 
 R = f ! 12; ! 3g, the insights

resemble those when 
R = f ! 1; ! 23g if 
 > 0, and those when 
R = f ! 2; ! 13g if 
 < 0.

Unawareness Interpretation. Our model also accommodates asymmetric aware-

ness and the expansion of Receiver's state space. In particular, when� 2 f 0; 1g,

Receiver is unaware of one of the states in the state space. Hence, when Sender re�nes
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her conception, Receiver becomes aware of the state she was initially unaware of. In

this sense, our paper is close to recent work exploring belief formation under growing

awareness (see, e.g., Karni and Vier�, 2013; Piermont, 2021). We stick to the approach

in Ahn and Ergin (2010), which accommodates growing awareness in a setting where

agents' preferences and beliefs may depend on their level of awareness summarized by

how they partition the state space.

1.7 Conclusion

We allow for asymmetric framing of the state space in the classical information de-

sign model. Whereas Sender conceives all states separately, Receiver cannot initially

distinguish among some of them. Our analysis provides three main insights. First, we

show that Receiver's framing of the state space becomes more critical than preferences

and beliefs in shaping the optimal information structure. Second, we characterize how

Sender resolves the trade-o� between keeping Receiver in the dark, thus concealing

part of the information structure, and re-framing, hence inducing Receiver to revise

preferences and prior beliefs after telling apart initially indistinguishable states. Third,

we show that, although a coarse worldview may open the doors to Receiver's exploita-

tion, re-framing can harm Receiver in practice, thus questioning the scope of disclosure

policies.

Several questions may be worth future research. First, one could consider the case

in which Sender is uncertain about Receiver's reaction to re-framing, i.e., Receiver's

beliefs and preferences upon re-framing. Studying such a model would require adopt-

ing a robust approach to information design (e.g., in the spirit of Dworczak and Pavan,

2022; Kosterina, 2022). Second, one could consider competing Senders. Whereas com-

petition between Senders who provide information about the same state would lead

to complete revelation, non-trivial insights may emerge if the information provision

is about distinct states. Third, one could consider multiple Receivers, some of which

have a coarse frame while others do not. In this case, under public information design,

Sender must persuade Receivers who are heterogeneous in their worldviews.
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Chapter 2

Selling Information with Free

Samples

2.1 Introduction

Today, we are hunting for information { data and knowledge are crucial for success,

innovation, and informed decisions. The value of information has grown, leading to

a rapidly expanding market for information products. Consider, for example, the

explosive growth of big data market, which increased from$7 to $35 billion between

2011 and 2018 and is expected to reach$103 billion in 20271. Similarly, the e-learning

sector, including online courses, is forecast to double between 2019 and 20262. For

many of us, e-books, news, data analysis tools, and online courses are an integral part

of our daily lives. With such a robust demand for these products, the question that

arises naturally is: What is the optimal strategy for delivering information products

to consumers?

Consider information sellers, such as data brokers, online course platforms, or news

providers. Drawing on insights from mechanism design, they can o�er several products

that vary in quality/precision of information and price to screen potential buyers for

their willingness to pay. 3. However, an information seller can potentially do better

than that. In addition to o�ering a price menu, a common practice is to provide

potential buyers with a free sample of the information product as a form of promotion.

These promotions may include free trial lessons, data samples, news snippets, and

more. Sellers can adopt this approach to attract hesitant consumers and increase their

interest in buying the complete product.

1https://www.statista.com/statistics/254266/global-big-data-market-forecast/
2https://www.statista.com/statistics/1130331/e-learning-market-size-segment-worldwide/
3E.g., https://www.udacity.com/course/data-analyst-nanodegree{nd002
https://corestore.corelogic.com.au/product/rp-data-professional
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This work studies whether and under what conditions an information seller can

bene�t from such free information samples. It builds on the setup of Bergemann et

al. (2018), who characterize a revenue-maximizing menu for information products. In

the framework, there is an information seller (referred to as \he") and an information

buyer (referred to as \she"). The buyer is up to decide upon an action that would,

depending on the state, a�ect her payo�. She has some private information about the

state space summarized in her (interior) prior beliefs. The buyer's prior beliefs can be

interpreted as her type, and the seller designs a price menu to screen the buyer. The

menu is a set of statistical experiments that vary in precision and price: the less sure

the buyer is which state is the true one, the more precise information she wants and

the more she is willing to pay for it. I extend the setup, allowing the seller to send a

public signal containing (partial) information about the state space, before proposing

the menu of experiments to the buyer. This signal is observed by the buyer for free.

The seller commits to both the menu and public signal before observing the true state

of the world. The commitment assumption is somewhat natural in the setting: the

length of the trial period or the amount of information available for free is usually a

long-term decision of the seller, while data, fresh news, or new online courses appear

much more frequently. One can also consider services that provide software tools for

data collection, such as Oxylabs or Google Analytics. The sets of tools in free and paid

versions are usually �xed (although the paid versions might vary in the set of tools). At

the same time, the companies do not know in advance which data the customers will

collect using these tools. In this sense, such companies design statistical experiments

that would be available to the buyer but cannot control the outcome, either in the

case of the free trial/version or during the usage of the paid version of the software.

In many scenarios, a seller can bene�t from providing free information.4 Speci�-

cally, it happens due to the initial disagreement between the seller and the buyer on

which state is more likely to be true, thus holding varying expectations concerning the

public signal's realization. In the case of binary type, state, and action spaces, the

seller bene�ts from providing free information if the share of the less uncertain type

is su�ciently high. In this case, without the public signal, the seller would sell a fully

informative experiment to both types. Hence, the prior belief of a less uncertain type

determines the price of the experiment. With the public signal, the seller targets this

type to make her (in expectation) less sure about the true state of the world and, thus,

willing to pay more for the supplemental information.

An important result is that, with two states, any optimal public signal can be

implemented with the signal involving just two signal realizations. The result could

4An interested reader can �nd a detailed discussion about why a two-step mechanism cannot
always be replicated by one-stage mechanism in Appendix B.1
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be particularly interesting for real-life applications as it might su�ciently reduce the

computation time needed to �nd an optimal solution. Although the result might seem

to be an implication of the information design literature (Kamenica and Gentzkow,

2011; Alonso and Câmara, 2016a), one should be cautious when using insights from

the latter, as the goal of the information sender di�ers between the two. In the studies

on information design, the sender cares about the action the receiver will take, and

thus, what matters is the action distribution rather than beliefs per se. In this work,

however, the sender doesn't care about the receiver's action; instead, the sender is

interested in the very value of the receiver's beliefs, as they determine the price.

The rest of the paper is organized as follows. In Section 2, I discuss related lit-

erature. Section 3 presents a baseline model. In Section 4, I talk about the optimal

menu, conditional on the public signal realization. In Section 5, I present a partial

characterization of the cases when the seller bene�ts from providing free information

and when it is not pro�table.

2.2 Related Literature

Primarily, this work contributes to the literature on designing mechanisms for in-

formation selling. The closest papers are Bergemann, Bonatti and Smolin (2018) and

Zhen and Chen (2021). In Bergemann, Bonatti and Smolin (2018), the authors study

the problem of a data seller using a price menu to sell supplementary information to a

data buyer. The buyer's prior belief regarding the state space is her private knowledge

and can be interpreted as her type. The optimal menu is used to screen the buyer's

type and, in some cases, allows the extraction of the full surplus generated by the

trade. The authors fully characterize the optimal menu in a framework with binary

state and binary action spaces. In this work, I extend the framework of Bergemann,

Bonatti and Smolin (2018), allowing the seller to use an additional free public signal

that contains (partial) information about the true state of the world, before he pro-

poses a price menu. The public signal enables the seller to manipulate the buyer's

prior beliefs and, hence, change the set of types he deals with. In many cases, the free

signal increases the seller's expected payo�.

Zhen and Chen (2021) also study the problem of selling information products in

a setup with heterogeneous buyers, in which the seller could use a free public signal.

In contrast to this work, the seller cannot discriminate between the buyers, and after

a public signal realization, he is restricted to selling only a fully informative experi-

ment. The study shows that it is NP-hard to �nd an optimal free signal in the general

framework with the single-type buyer, and it is NP-hard to �nd a constant factor ap-
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proximation to the optimal disclosure rule in the case of heterogeneous buyers. Overall,

the mechanism proposed in the current work is more general than those considered in

the two above-mentioned papers, giving more freedom to the seller.

Optimal mechanisms for a monopolist information seller are also examined in

Babaio� et al. (2012) and Chen et al. (2020). However, in their frameworks, the

seller observes his private information about the state before he decides on the selling

protocol. In both works, the buyer's decision depends on a two-dimensional state,

where the buyer privately observes a signal about one of the dimensions, while the

seller has access to a signal about another dimension and can sell this private informa-

tion to the buyer. In comparison to Babaio� et al. (2012), Chen et al. (2020) consider

the case when the information buyer faces a budget constraint. Shuze et al. (2021)

also study a setup in which the seller and the buyer have access to independent parts

of information and the seller proposes his part of the information to the buyer. In

their framework, the seller observes his private information before setting its price.

When the buyer's utility function is linear in her type and the action space is binary,

they show that the seller can bene�t from using a sequential mechanism, rather than a

one-round one. H•orner and Skrzypacz (2016) model a problem of a �rm that is willing

to hire an agent whose competence is her private knowledge. The agent might signal

her type by performing a task such that a competent type always succeeds while an

incompetent agent fails with some probability. The players are allowed to have mul-

tiple rounds of interaction, where in each round the agent can sell the information to

the �rm. The authors show that the competent type bene�ts from gradual interac-

tion with the �rm compared to single-round communication. Bergemann et al. (2022)

examine an optimal menu in a setup with a binary state and at least three actions.

They show that in this case, the problem of selling information is high-dimensional,

with the cardinality of the optimal menu growing at least linearly in the number of

available actions. The authors also characterize an environment in which proposing

only fully informative signals is optimal for the seller. Cai and Velegkas (2021) fo-

cus on algorithms for �nding optimal menus in the framework of Bergemann et al.

(2018). They also extend the setup of the latter, considering a case with multiple

competing buyers. Chen et al. (2022) explore the problem of selling data to a machine

learner. Their setup is similar to the one studied in Zhen and Chen (2021), yet in their

work, the seller is restricted in his choice of experiments that can be used to signal

the data quality. Li and Shi (2017), Es}o and Szentes (2007a) consider a case where

a seller of a physical object can both set the price of the object as well as disclose

information about the object to the buyer before the purchase, which makes buyer's

action contractible in their settings. As noted by Bergemann et al. (2018), through
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Es}o and Szentes (2007b) consider a similar setup of selling information, information

value in their model is one-dimensional, yet in the setup of Bergemann et al. (2018)

(and, hence, in the current work), the value information products has features of both

vertical and horizontal di�erentiation. Another similar work is Mora and Rodr�guez

(2024), in which authors show that in an environment with a heterogeneous prior, a

monopolistic seller with limited commitment is better o� by using a dynamic selling

mechanism which gradually reveals information to the buyer than by selling the in-

formation in one period. In their setup each period a seller makes a take-it-or-leave

it o�er to the buyer, and doesn't use a menu of experiments. Moreover, due to the

limited commitment power, in a given period the seller cannot commit to the selling

strategy for the next period. In my set up, however, the seller commits to the overall

selling strategy at the beginning of the game.

This work also draws upon the literature on information design. Given the commit-

ment assumption of the information seller, the problem of an optimal free public signal

can be studied following the analysis of Kamenica and Gentzkow (2011) and Alonso

and Câmara (2016a). The former is a pioneering paper on Bayesian persuasion, which

studies the problem of a sender who tries to persuade a receiver in case the agents hold

a common prior. In Alonso and Câmara (2016a), the authors relax the common prior

assumption, examining persuasion under heterogeneous priors. They use a technique

to transform the problem into one with a common prior. I rely on this technique in

my analysis. In the current work, the sender can only send a public signal to the

buyer while promoting information products. Public persuasion has been considered,

for example, in Laclau and Renou (2016), Alonso and Camara (2016b), Wang (2015).

The public signal could be interpreted as an advertisement for information prod-

ucts. There are three main views on the e�ect of advertising goods (Bagwell, 2007).

Advertising can be persuasive, in
uencing consumer preferences and encouraging prod-

uct purchase (Dixit and Norman, 1978; Shapiro, 1980; Kotowitz and Mathewson,

1979). Alternatively, it may have an informational role, providing essential details

about the product, such as quality, price, and availability (Nelson, 1970, 1974; Mil-

grom and Weber, 1982). Finally, it can also be viewed as a complementary product in

itself, directly impacting consumer preferences and choices (Stigler and Becker, 1977).

The advertising of an information product in the form of a signal, in some way, com-

bines all these three e�ects: it changes preferences, delivers information to the buyer,

and, at the same time, is an information product itself. Es}o and Szentes (2007a); Li

and Shi (2017) free information provision for goods, which can also be interpreted as

free trials. One notable distinction is the multidimensionality of buyer types, a key

feature highlighted in (Bergemann et al., 2018). Here, di�erent types of buyers may
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both assign varying values to information products and di�er in how they rank the

latter. This feature adds complexity to the buyer's type, making it two-dimensional.

Next, both Es}o and Szentes (2007a); Li and Shi (2017) focus on private signals, while

in this work, the free signal is public. The information design approach has also been

applied to the problem of advertising goods (Anderson and Renault, 2006; Arieli and

Babichenko, 2019). An important di�erence is that, in this work, the information

sender (the seller) does not care about the action the buyer will choose and is focused

exclusively on the revenue. Consequently, the seller wants to shape the buyer's beliefs

in a particular way to maximize revenue, rather than merely making her beliefs (fail

to) meet a certain threshold.

The price of an information product depends on its e�ect on buyers' expected

payo�. How much she is willing to pay for it depends on how much this supplementary

information improves her decision-making. Similarly, Frankel and Kamenica (2019)

introduce a measure for the information value and the cost of uncertainty based on the

change in the payo� caused by the signal realization. Focusing on marginal information

valuation, Lefez (2022) examines the willingness of a platform to pay for additional

consumer data depending on how much it improves its pro�t.

2.3 Model

Primitives. The setup draws upon Bergemann, Bonatti and Smolin (2018). In the

baseline model, there are two agents { an information seller (he) and an information

buyer (she). A state space is 
 = f ! 0; ! 1g. The buyer faces a decision-making problem:

she needs to choose an actiona 2 A; where A = f a1; a0g, which will have payo�

implications for her. The buyer has a matching utility:

uB (a; ! ) =

(
1 ai = ! i

0 otherwise

She does not observe the true state.� 2 � is the buyer's type, where � 2 (0; 1) is her

prior belief that the true state of the world is ! 1. The variation in the prior beliefs

can be interpreted as the variation in how sure di�erent types are about the true

state of the world. With the symmetric matching utility function, the least informed

type is the one whose prior belief equals 1=2, so she is most uncertain about the true

state of the world. The buyer types are distributed according toF 2 �
. In line

with Bergemann, Bonatti and Smolin (2018), I assume that the seller's prior belief is

� = E(� ). This assumption can be interpreted as if all agents have initially access to

the same information and thus have the same prior belief, but then the buyer privately
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observes some new information in the form of a signal. Formally, type� is generated

from the common prior� and a privately observed signalr 2 R, where the information

structure � : 
 ! � R underlying r is commonly known. The private belief of the

buyer is de�ned via the Bayes' Rule:

� (! jr ) =
� (r j! 1)�

� (r j! 1)� + � (r j! 0)(1 � � )

Information products. Before choosing an action, the buyer can purchase an infor-

mation product from the seller to enhance her knowledge. Each information product

is an experimentE = ( f � (�j ! )g! 2 
 ; Z ), whereZ is a �nite set of signal realizations (or

messages) and� (�j ! )g! 2 
 2 � Z is a collection of conditional probability distributions

over them. The seller is indi�erent toward the buyer's action and cares only about his

payo� from selling the information product.

Advertisement and price menu. What is new compared to Bergemann, Bon-

atti and Smolin (2018), is that, before selling the information, the seller can adver-

tise his information products. Advertising involves revealing partial information for

free. Similarly to the information product itself, an advertisement is a public signal

P = ( f � (�j ! )g! 2 
 ; S), where S is a �nite set of signal realizations (or messages) and

f � (�j ! )g! 2 
 2 � S is a collection of conditional probability distributions over them.

The di�erence between the advertisement and the information product is that� is

public and the buyer observes it for free. I will use terms \advertisement" and \public

signal" interchangeably throughout the project.

It is assumed that the buyer cannot refuse to observe the signal induced by the

advertisement. Thus, if the seller decides to reveal some information for free, the

buyer always perceives this information and updates her beliefs accordingly. The seller

commits to the advertisement rule before the true realization of the state. The seller

chooses the advertisement to a�ect the buyer's beliefs and change her type to a more

favorable one, making her (in expectation) willing to pay more for the information

product. Let ~� s and ~� s be the posterior beliefs of the seller and the buyer of type

� , respectively, induced by the advertisement realizations. Notice that the buyer's

type and the signal are dependent, and both convey information about the state of the

world. Therefore, for the seller, the distribution of types changes after an informative

public signal. Let Gs be the cdf of the posterior beliefs of the buyer induced by the

public signal s. Further, I will omit superscript s whenever it doesn't matter which

public signal has been realized.
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After the public signal, the seller proposes a menu of information products to the

buyer. The seller commits to a set of menus before the realization of the true state,

which contains a menu for each potential public signal realization.5 Formally, for each

signal realizations 2 S, he designsM s = ( Es; ts), with the possibility that M s 6= M s0

for s 6= s0. Denote seller's expected revenue from selling information asv(~� ).6

Timing . Interaction in the game proceeds according to the following steps:

(1) The seller commits to a public signal and a set of menus, the choice is observed

by the buyer;

(2) The state is realized;

(3) The public signal is realized, the agents observe the signal and update their

beliefs;

(4) The buyer chooses an experiment (if any) and pays its price to the seller;

(5) The private signal of the purchased experiment is realized, the buyer updates

her beliefs and chooses an action.

2.4 Optimal Menu

Let's �rst consider how the optimal menu looks conditional on the advertisement

realization.

Binary Type

Here � = f � L ; � H g. The high type, � H , is initially less informed, i.e.,j1=2 � � H j <

j1=2 � � L j and, thus, willing to pay more for full information. The buyer is of type� H

with probability 
 , and the probability is known to the seller. � = 
� H + (1 � 
 )� L

is the seller's prior belief that the true state of the world is! 1. Since the buyer's

type and the public signal are not independent, the shares of the buyer's types would

change from the perspective of the seller, given an informative public signal. Denote

the new share of the buyer's type that initially was the high type as ~
 s := P r(� H js).

The posterior beliefs of the high and low types are denoted as~� H and ~� L , respectively.

5In Zhen and Chen (2021) the seller also commits to the price conditional on the signal realization.
6The setup where the seller cannot condition the menu on the realization of the public signal

has been introduced in the online appendix of Bergemann, Bonatti and Smolin (2018) through a
numerical example.
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The revenue-maximizing price menu in the binary-type case has been fully char-

acterized by Bergemann, Bonatti and Smolin (2018) and is brie
y summarized in this

subsection. First, using the revelation principle, one can focus only on experiments

wherejZ j = jAj, so that Z = f z0; z1g. There are several cases to consider.

Congruent beliefs . The posterior beliefs arecongruent if (after the public signal

realization) both types of the buyer agree on which state of the world is more likely

to be the true one, i.e., either1
2 6 ~� H < ~� L or ~� H < ~� L 6 1

2 .

If 1
2 6 ~� H < ~� L and the share of the high-type buyers is su�ciently large, ~
 > 1� ~� H

1� ~� L
,

the optimal menu includes only a fully informative experiment. For example, signalz1

can be observed only in state! 1, while signalz0 { only in state ! 0, so the buyer is sure

which state is the true one after the signal realization. The price for this information

product is 1� ~� H , and the experiment is purchased only by the high-type buyer.

If 1
2 6 ~� H < ~� L and the share of the high-type buyers is not big enough, ~
 6 1� ~� H

1� ~� L
,

the optimal menu also includes only one fully informative experiment. However, in

this scenario, the seller prefers to charge 1� ~� L for such an experiment, so both types

of buyers purchase it.

The case of~� H < ~� L 6 1
2 is symmetric.

Non-congruent beliefs . The other scenario is when posterior beliefs are non-congruent.

In this case, given their updated beliefs, high and low types disagree on which state of

the world is likely to be the true one, i.e., either~� L < 1
2 < ~� H or ~� H < 1

2 < ~� L .

If ~� L < 1
2 < ~� H and the share of high-type buyers is su�ciently large, ~
 >

~� L
~� H

,

the optimal menu includes two di�erent experiments. One, fully informativeEH , is

designed for the high type, which is proposed at a price 1� ~� H . The other experiment

EL is only partially informative, so that � L (z1j! 1) = 2~� H � 1
~� H � ~� L

, � L (z0j! 0) = 1; it is sold at

price 2~� H � 1
~� H � ~� L

~� L . Each type of buyer chooses the experiment designed for her, unwilling

to deviate.

If ~� L < 1
2 < ~� H and the share of high-type buyers is not large enough, ~
 6

~� L
~� H

, the

optimal menu includes one fully informative experiment sold at price~� L , so that both

types of buyers purchase it.

Again, the case of~� H < 1
2 < ~� L is symmetric.

The results can be summarized in the following proposition:

Proposition 2.1. (Bergemann, Bonatti and Smolin, 2018) Given the optimal menu,
the seller's payo� conditional on the advertisement realization is characterized by a
piecewise functionv : � � � ! R+ , such that:
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ˆ if � L < 1
2 < � H or � L < � H < 1

2 , then

v(~� H ; ~� L ; ~
 ) =

8
>>>>>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>>>>>:

~
 ~� H ~
 >
~� L
~� H

& ~� L < ~� H 6 1
2

~� L ~
 6
~� L
~� H

& ~� L < ~� H 6 1
2

~� L ~
 6
~� L
~� H

& 1
2 � ~� L > ~� s

H � 1
2 & ~� L < 1

2 < ~� H

~
 (1 � ~� H ) + (1 � ~
 )
2~� H � 1
~� H � ~� L

� ~� L ~
 >
~� L
~� H

& 1
2 � ~� L > ~� H � 1

2 & ~� L < 1
2 < ~� H

(1 � ~
 )~� L + ~

1 � 2~� L

~� H � ~� L
� (1 � ~� H ) 1 � ~
 >

~� H
~� L

& 1
2 � ~� L 6 ~� H � 1

2 & ~� L < 1
2 < ~� H

1 � ~� H 1 � ~
 6 1� ~� H

1� ~� L
& 1

2 � ~� L 6 ~� H � 1
2 & ~� L < 1

2 < ~� H

1 � ~� H 1 � ~
 6 1� ~� H

1� ~� L
& 1

2 < ~� L < ~� H

(1 � ~
 )(1 � ~� L ) 1 � ~
 > 1� ~� L

1� ~� H
& 1

2 < ~� L < ~� H

ˆ if � H < 1
2 < � L or 1

2 < � H < � L , then

v(~� H ; ~� L ; ~
 ) =

8
>>>>>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>>>>>:

(1 � ~
 )~� L 1 � ~
 >
~� H
~� L

& ~� H < ~� L 6 1
2

~� H 1 � ~
 6
~� H
~� L

& ~� H < ~� L 6 1
2

~� H 1 � ~
 6
~� H
~� L

& 1
2 � ~� L 6 ~� H � 1

2 & ~� H < 1
2 < ~� L

(1 � ~
 )(1 � ~� L ) + ~

2~� L � 1
~� L � ~� H

� ~� H 1 � ~
 >
~� H
~� L

& 1
2 � ~� L 6 ~� H � 1

2 & ~� H < 1
2 < ~� L

~
 ~� H + (1 � ~
 )
1 � 2~� H

~� L � ~� H
� (1 � ~� L ) ~
 > 1� ~� L

1� ~� H
& 1

2 � ~� L > ~� H � 1
2 & ~� H < 1

2 < ~� L

~� L ~
 6 1� ~� L

1� ~� H
& 1

2 � ~� L > ~� H � 1
2 & ~� H < 1

2 < ~� L

~� L ~
 6 1� ~� L

1� ~� H
& 1

2 < ~� H < ~� L

~
 (1 � ~� H ) ~
 > 1� ~� H

1� ~� L
& 1

2 < ~� H < ~� L

2.5 Optimal Advertisement

Optimal advertisement can be studied following the Bayesian persuasion literature.

However, to apply existing insights from the literature, one needs to rewrite the Seller's

problem to turn it into the standard persuasion problem. Speci�cally, using the results

of Alonso and Câmara (2016a), one can express the posterior of the buyer as a function

of the posterior of the seller.
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Lemma 2.1. (Alonso and Câmara, 2016a) Given buyer's posterior belief~� , the latter

can be represented as a function of~� :

~� (~� ) =
~� �

�

~� �
� + (1 � ~� ) 1� �

1� �

Next, in the context of the standard persuasion problem, Kamenica and Gentzkow

(2011) show that, when the buyer has private prior information, their main results

hold. Combining their approach and Lemma 2.1, one can establish the following7:

Lemma 2.2. Given a public signal realization, one can rewrite the seller's revenue

function as a function of his posterior~� , i.e., v̂(~� ) := v(~� ). More speci�cally, since

t(~� ) := t̂(~�; r ) it holds that:

v̂(~� ) =
X

r 2 R

[� (r j! 1)~� + � (r j! 0)(1 � ~� )] � t̂(~�; r )

.

In words, conditional on a public signal realization, one can rewrite the revenue

function, which depends on the buyer's type distribution, as a function of a single

variable, that is, the seller's posterior belief ~� . Given this result, the seller's problem

of �nding an optimal advertisement rule can be formulated as follows:

sup
~� � �

E� (v̂(~� ))

s.t. � 2 �(�(
)) ; E� (~� ) = �

Therefore, the problem of �nding an optimal advertisement rule turns into a per-

suasion problem with a common prior. However, one should be cautious when applying

the results of Kamenica and Gentzkow (2011). In their framework, the sender cares

about the action choice of the buyer, and thus, what matters is the distribution of

actions induced by the signal realization. So, if two di�erent signals lead to di�erent

posterior distributions but result in the same action distribution, the sender would be

indi�erent between the two signals, ceteris paribus. In this work, however, the seller is

concerned with his revenue, and hence, cares about the value of the buyer's posterior

rather than the action she chooses. Therefore, the seller might prefer one signal over

the other even if both induce the same distribution of actions. Nevertheless, the main

results of Kamenica and Gentzkow (2011) still hold. LetV be the concave closure of ^v.

7All the proofs are provided in the appendix.
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Proposition 2.2. (i) The value of the optimal advertisement equalsV(� )

(ii) Any optimal signal can be represented by a direct signal, i.e., such thatjSj =

j
 j = 2 where one signal is evidence in favor of state! 0 and the other { in favor

of state ! 1.

While the proof of (i ) is identical to the one in Kamenica and Gentzkow (2011),

the proof of (ii ) is di�erent. It relies on the proof of Lemma 2 from Kamenica (2008),

the working paper version of Kamenica and Gentzkow (2011), which is more geometric

than the one in the published version.8

Example 1 illustrates an optimal advertisement.

Example 2.1.

The graph depicts a case when
 = 2
3 , � H = 7

10, � L = 1
10, so that initially the beliefs are

non-congruent. The blue line corresponds to the revenue of the sellerv̂(~� ). V(� ) is the

expected payo� from the optimal public signal. The latter lies on a purple line belonging

to the concave closure of the graph. It is strictly abovêv(� ), so an informative public

signal is optimal in this case. It is such that with one realization of the signal (left

point) the seller induces posterior beliefs such that~� s0
H = 1

2 and ~� s0
L = 1

22, while the

other realization results in full revelation of the state~� s1
L = 1

2 and ~� s1
H = 21

22.

With two types, if, without advertising, the seller sells full information to every

buyer, he pro�ts from using informative public signal advertising. Intuitively, prior to

advertising, the seller should be less sure about the true state of the world than the low

8Proof of Lemma 3.1 in Zhen and Chen (2021) also relies on this proof.
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type. Given this, the seller is su�ciently sure that he will be able to surprise the low

type, whose belief determines the price of the full information, by providing evidence in

favor of the other state, shifting her beliefs toward1
2 . Proposition 2.3 summarizes this

intuition, presenting su�cient conditions on the parameters for the advertisement to

be optimal. It focuses on the cases of both congruent and non-congruent prior beliefs.

Proposition 2.3. If j� j = 2, informative public signal is optimal when:

(i) 1
2 < � H < � L and 
 < 1� � L

1� � H

(ii) � L < � H < 1
2 and 
 <

� L

� H

(iii) � L < 1
2 < � H and 
 <

� L

� H

(iv) � H < 1
2 < � L and 
 < 1� � L

1� � H

Here is an example illustrating case (i ):

Example 2.2.

The graph depicts a case when
 = 1
2 and � H = 2

3 , � L = 5
6 , so that initially the beliefs

are congruent. The blue line corresponds to the revenue of the sellerv̂(� s). V(� ) is the

expected payo� from the optimal public signal. The latter lies on a purple line belonging

to the concave closure of the graph. It is strictly abovêv(� ), so an informative public

signal is optimal. It is such that with one realization of the signal (left point) the seller

induces a posterior belief such that12 � ~� s0
H = ~� s0

L � 1
2 , while the other realization results

in a full revelation of the state! 1.

41



CHAPTER 2. SELLING INFORMATION WITH FREE SAMPLES

Corollary 2.1. When j� j = 2, the advertisement can be revenue-improving given any

support of � .

In some cases, an informative advertisement is not optimal for the seller. For exam-

ple, he may not bene�t from it if the buyer's types are congruent and the probability

of the high-type is su�ciently large 9.

Example 2.3.

The picture depicts the case when� L = 6
7 ; � H = 4

7 ; � = 3
5 ; 
 = 9

10. Without a

public signal, the seller sells a fully informative experiment only to the high type. As

can be seen in the picture, a public signal is not revenue-improving. Intuitively, the

belief of the high-type buyer is initially very close to12 . Since the buyer is of high type

with a su�ciently high probability, the seller does not �nd it bene�cial to advertise the

information product, risking to shift the high type's beliefs too far away from1
2 for the

sake of a small improvement in the payo�.

2.6 Conclusion

In this work, I build on the framework of Bergemann, Bonatti and Smolin (2018)

by introducing a mechanism where a monopolist information seller can o�er a free

information sample to a privately informed buyer before presenting a price menu for

information products. This free public signal allows the seller to in
uence the distri-

bution of buyer types strategically. By surprising the buyer with free information, the
9Though, this is not always the case.
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seller reduces (in expectation) the buyer's con�dence in the true state of the world,

increasing her willingness to pay for an information product.

There are several avenues for further exploration. First, I aim to complete the

analysis of the binary type case, providing a comprehensive characterization of when

free signals bene�t the seller and when they do not. Additionally, I plan to study

the continuum-type case, identifying the families of distributions where o�ering free

signals proves pro�table and those where it does not.

Finally, this work studies a more general mechanism for selling information. How-

ever, it remains an open question whether this mechanism is optimal or whether in-

troducing more steps would be revenue-improving.
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Chapter 3

LinkedOut? A Field Experiment on

Discrimination in Job Network

Formation

with Wladislaw Mill and Felix Rusche

3.1 Introduction

[...] market-based explanations will tend to predict that racial

discrimination will be eliminated. Since they are not, we must seek

elsewhere for non-market factors [...] networks seem to be good places to

start.

Kenneth J. Arrow, Journal of Economic Perspectives, 1998, p. 98

Around half of all jobs in the U.S. are found using information and referrals ob-

tained through informal networks (Topa, 2011). Members of underrepresented groups

rely on job networks as much as White individuals, but their networks include fewer

high-status individuals with connections to high-paying jobs. They also provide less

information, such as news about vacancies or insider perspectives (Fernandez and

Fernandez-Mateo, 2006), which could help elucidate the worse labor market outcomes

of underrepresented groups (Bayer and Charles, 2018; Co�man, Exley and Niederle,

2021). Yet, existing research does not explain why networks of underrepresented groups

are providing fewer bene�ts. Discrimination could play a pivotal role in the establish-

ment and utilization of these networks. However, di�erences may also be confounded

by other factors like self-selection and pre-existing inequalities, such as neighborhood

segregation and socioeconomic background.
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We causally investigate if and how discrimination a�ects the size, composition, and

information provision of the job networks of Black Americans. To mimic real-world

networks and their use, we conduct a pre-registered �eld experiment on LinkedIn { the

world's largest and most utilized online job networking platform with more than 900

million users (LinkedIn, 2023). Our �eld experiment consists of two stages. In the �rst

stage, we build networks for 400+ �ctitious pro�les. We signal race (Black or White)

solely via AI-generated pro�le pictures. In the second stage, we request job-related

information from the networks formed in the �rst stage. Our novel research design

allows us to resolve potential endogeneity in the networks formed in the �rst stage and

separately identify discrimination in the second stage. Speci�cally, we can decompose

discrimination in informational bene�ts into direct discrimination during Stage II and

discrimination that occurs in Stage I.

A key feature of our �eld experiment is that we signal race exclusively through

pro�le pictures. In particular, we create new AI-generated pro�le pictures and develop

an algorithm that varies aspects of race inherently assigned by birth, like skin tone

and facial features (i.e., the algorithm `morphs' the race of a picture). To minimize

behavioral responses due to stereotypes, the algorithm does not alter facial expression,

hairstyle, clothing, or background. We validate our approach through an online ex-

periment, which provides three main insights: 1) participants are not able to identify

our pictures as fake, 2) the pictures clearly and precisely signal race, and 3) the pic-

tures of Black and White individuals are rated as highly comparable with regard to

characteristics such as looks, authenticity, intelligence, etc.

Each pro�le in our experiment has a unique Black or White AI-generated pro�le

picture, to ensure that our results are not driven by particular pictures. Further,

each pro�le has a `twin' of the other race with the same CV but a morphed pro�le

picture. To make it realistic that our pro�les joined LinkedIn only recently, their CVs

represent them as young men who recently �nished college and are otherwise similar

to regular LinkedIn users. The pro�les are furthermore assigned names that are both

frequently used and racially ambiguous (e.g., Michael), such that race is exclusively

signaled through the pictures.

To investigate how discrimination a�ects the formation of job networks, our pro-

�les send a connection request to around 20,000 users during the �rst stage of the

experiment. Each user receives requests from both a Black and a White pro�le with

equivalent CVs and a time lag of four weeks between the requests. This experimental

setup allows us to causally identify whether race a�ects the size of networks as twins

di�er only in their race and send connection requests to an identical number of users

drawn from the same subject pool. Based on rich information gathered from users'
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public CVs, we can further identify who discriminates.

We �nd a 13% lower connection acceptance rate for Black (23%) compared to White

pro�les (26%). In exploring who discriminates based on our rich set of individual-level

characteristics, we observe discriminatory behavior to be widespread. In fact, there is

little evidence of user groups that do not discriminate against Black pro�les. That said,

there is also substantial heterogeneity. Interestingly, men and older users show lower

gaps in Black versus White acceptance rates relative to women and younger users,

respectively. Additionally, we provide suggestive evidence that Black users discrimi-

nate as well, though to a lesser extent than non-Black individuals. Higher education

and social status are only weakly associated with lower levels of discriminatory behav-

ior. Gaps in Black versus White acceptance rates occur across almost all U.S. states.

Within states, we �nd larger gaps for users who reside in more Republican counties.

In the second stage of the experiment, we assess the informational bene�ts of Black

versus White job networks by asking the connections made in the �rst stage for advice.

Importantly, our experimental design allows us to distinguish between disparities in

informational bene�ts resulting from gatekeeping (Stage I) and discrimination in re-

sponses to information requests (Stage II). Before asking for advice, we swap half of

the AI-generated Black pro�le pictures for White pictures and vice versa. As a result,

half of the individuals who accepted the connection request of a White pro�le are

asked for advice by a Black pro�le and, similarly, half of those who originally accepted

a request of a Black pro�le are asked for advice by a White pro�le. The picture swap

allows us to evaluate how much information Black and White pro�les would receive

if they had access to the same networks. We also can examine whether swapping it-

self a�ects behavior, i.e., whether connections of swapped accounts notice the picture

swap. Our results suggest that they do not, as we �nd no di�erence between swapped

and non-swapped pro�les in the number of views, pro�le blocking, connection disso-

lution, or types of responses. Moving to results on message response rates, we �nd no

discrimination in responses if Black and White pro�les are given access to the same

networks. The zero result is precisely estimated and extends to messages' content and

usefulness.

Next, we assess the expected informational bene�t provided by each pro�le's net-

work, accounting for the possibility of discrimination during both stages. Speci�cally,

we estimate the expected number of responses for each pro�le, had they sent messages

to their entire Stage I network. We �nd compelling evidence that the networks of

White pro�les provide substantially more informational bene�ts than those of Black

pro�les. Furthermore, di�erences in informational bene�ts emerging during Stage II

can almost fully be accounted for by `gatekeeping' in Stage I, as opposed to direct dis-
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crimination in Stage II. Our �ndings are consistent with models of rational inattention

and potentially in-group preferences and are not driven by mechanical features of the

experiment such as salience, exposure, etc.

This paper provides a number of new insights that expand and complement the

existing literature. First, we providecausal evidence on discrimination in job network

formation and information provision. Crucially, these informal networks have been

shown to substantially bene�t individuals' careers (Topa, 2011; Pallais and Sands,

2016; Schmutte, 2015). To date, however, research on discrimination in network for-

mation and information provision has largely relied on correlational analyses due to

the challenges of causally studying a network formation process using observational

data (McDonald, Lin and Ao, 2009; Ioannides and Datcher Loury, 2004). Further,

our two-stage design proved to be essential for identifying discrimination in outcomes,

helping to disentangle sources of discrimination (Bohren, Imas and Rosenberg, 2019;

Bohren, Hull and Imas, 2022).

In addition, our study advances correspondence studies' methodology by introduc-

ing an AI algorithm to vary and signal race. The algorithm allows us to precisely

and uniquely vary racial characteristics. Thus, it provides an alternative to relying

on noisy proxies like names, which might convey unintended characteristics such as

socioeconomic background (Gaddis, 2017; Fryer Jr and Levitt, 2004; Bertrand and

Mullainathan, 2004), or skills and productivity (Kreisman and Smith, 2023; Abel and

Burger, 2023). Our experiment further deviates from traditional correspondence stud-

ies (e.g., Kroft, Lange and Notowidigdo, 2013; Agan and Starr, 2018; Acquisti and

Fong, 2020) by examining discrimination in a novel setting characterized by a sub-

stantially more diverse target group, low decision-making costs, and targets that may

desire network diversity for information bene�ts or virtue signaling (Angeli, Lowe,

Lowe et al., 2023). We also contribute more generally to correspondence studies con-

ducted on online platforms or social media (e.g., Doleac and Stein, 2013; Bohren, Imas

and Rosenberg, 2019; Ajzenman, Ferman and Sant'Anna, 2023).

The �rst stage also adds important insight into who discriminates. We have the key

advantage of observing individuals' choices alongside a wide range of user characteris-

tics. In contrast, classical audit and correspondence studies are typically conducted at

the industry or �rm-level (e.g., Kline, Rose and Walters, 2022), while work focusing on

individuals (mostly not in the context of labor markets) observe only a few individual-

level characteristics, such as gender or race (e.g., Block et al., 2021; Edelman, Luca

and Svirsky, 2017).

Our second stage meanwhile shows that LinkedIn networks provide valuable infor-

mation, thus contributing to the literature studying e�ects of professional networks
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on career outcomes (Gallen and Wasserman, 2021; Cullen and Perez-Truglia, 2023).

The information provided in the second stage of the experiment also highlights the

importance of weak ties (Gee et al., 2017a; Gee, Jones and Burke, 2017b) and their

role in providing valuable insights.

Finally, we contribute to recent theories on the nature of discrimination. In line

with frontier contributions in the discrimination literature (Dobbie, Hull and Arnold,

2022; Baron et al., 2024), we conduct a multistage experiment to understand where

discrimination originates. We also combine the design with detailed information on

the participants and a survey of LinkedIn users to contextualize the results in light of

di�erent theories of discrimination. The results are not compatible with simple theories

of direct discrimination, such as taste-based and statistical discrimination, as usually

considered in static correspondence studies. They are, however, well accounted for by

rational inattention (Barto�s et al., 2016; Ma�ckowiak, Mat�ejka and Wiederholt, 2023)

and potentially in-group bias (Akerlof and Kranton, 2000; Chen and Chen, 2011).

Overall, our study provides causal evidence on a previously understudied mecha-

nism that helps to explain the worse labor market outcomes of Black individuals: the

e�ect of discrimination on the size and information provision of job networks. Our

two-stage experiment shows that di�erences in informational bene�ts emerge due to

gatekeeping (i.e., during Stage I), rather than through di�erences in message response

rates during Stage II. The �ndings furthermore o�er crucial insights into potential

ways to combat inequality in the labor market. Improving networking opportuni-

ties for Black individuals, e.g., through mentorship programs, could be an e�ective

approach. Another could be diminishing the role of exclusive institutions such as

'old boys clubs' (Cullen and Perez-Truglia, 2023; Michelman, Price and Zimmerman,

2022). Such steps would help improve information access for Black individuals and

thus equitable access to job opportunities.

3.2 LinkedIn

With over 199 million U.S. users and 900 million worldwide, LinkedIn is the leading

global online job networking platform (LinkedIn, 2023). Users create pro�les that

highlight professional experience, including work history, education, and additional

customized information, such as skills and volunteer experience. The platform o�ers

features for job hunting, networking, content sharing, and educational resources. Users

build their professional networks by adding contacts or accepting connection requests.

Firms also use LinkedIn extensively, creating pro�les to post job openings, receiving

applications, and using the platform for general promotion. Globally, 58.4 million
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companies have pro�les (LinkedIn, 2023).

To shed light on why and how people use LinkedIn, we conducted an online survey

with 500 U.S.-based LinkedIn users recruited through Proli�c (see online Appendix

C.9 for details). Respondents are mostly motivated to use the platform for profes-

sional reasons, with 92% viewing LinkedIn as a job networking platform rather than

social media. Moreover, in their rankings of the di�erent reasons to use LinkedIn, they

place all professional motives higher than any social ones. Job searching, networking,

increasing one's visibility to potential employers, and �nding out which skills employ-

ers are looking for are ranked highest. In contrast, dating is ranked lowest. Regarding

professional development, 69% consider LinkedIn useful or extremely useful for their

career, and 53% agree or strongly agree that LinkedIn connections are useful for ac-

quiring jobs. Regarding professional development, 53% agree or strongly agree that

LinkedIn connections are useful for acquiring jobs, and 69% consider LinkedIn useful

or extremely useful for their career. Speci�cally, between 60 and 82% indicate being

likely or very likely to use the platform for purposes such as job searching, researching

employers, contacting employees at a company of interest, or using LinkedIn's `Easy

Apply' feature.

3.3 Experimental Design

To test the e�ects of discrimination on network formation and information pro-

vision, we begin by creating 400+ realistic pro�les of early-career professionals on

LinkedIn. To signal race, we create our own AI-generated pictures and develop an

algorithm that transforms an AI-generated picture's race while keeping other facial

features stable. In the �rst stage of our experiment, these pro�les develop networks

by sending connection requests to 20,000 users. Each user receives requests from two

statistically identical accounts, di�ering only in terms of race. In the second stage,

connected users are asked for advice via a direct message, allowing us to explore poten-

tial gaps in the informational bene�ts of the resulting networks. Our design allows us

to cleanly identify di�erences in the number of messages received as a result of smaller

or di�erent networks (Stage I) or direct discrimination in message responses (Stage

II). In what follows, we provide a detailed description of the experimental design.

3.3.1 Creating Realistic LinkedIn Pro�les

This subsection explains how we brought our pro�les "to life." That is, how we

create pro�les that resemble those of real users.
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Basic Pro�le Features Each pro�le represents a male user born in the late nineties

who recently graduated with a bachelor's degree in business administration and just

started his �rst job. The beginning of one's career is a common time to start developing

a professional network and opening a LinkedIn account. In fact, 54% of users in our

survey report having opened their account during college or at an early career stage

(see online Appendix C.9 for more details on the survey).

Geography To increase external validity, we develop eight pro�les in each of the

50 federal states and the District of Columbia. Pro�les live in the largest city of the

respective state (as shown in Figure 3.1), which ensures anonymity and reduces the

chances of being identi�ed as fake and blocked by LinkedIn.1

Education Each of our pro�les is a recent graduate of business administration, which

is by far the most popular major among U.S. college graduates (Niche, 2019). Further,

any type of �rm { from hospitals to steel plants { employs individuals with business

degrees, ensuring that we do not have to focus our study on a speci�c industry. Regard-

ing the degree-granting institution, we assign each pro�le a college from their home

state. To ensure that educational quality is comparable across states while avoid-

ing additional signals through out-of-state education and experience, we refrain from

assigning top universities, such as Harvard. Instead, we choose institutions o�ering

business degrees fromNiche.com's 2022 ranking of the 557 \Best Colleges for Busi-

ness in America." We only assign universities ranked 70th and below. Details about

universities chosen are provided in Section 3.3.3.

Jobs Pro�les all have one year of work experience in one of �ve randomly assigned job

titles. These include `Buyer', `O�ce Manager,' `Administrative Assistant,' `Marketing

Assistant,' and `O�ce Administrator.' The job titles are obtained from payscale.com

by searching for entry-level jobs for bachelor graduates of business administration.

Titles are chosen, given their suitability for early-career professionals and generality {

i.e., almost any �rm could employ someone with the titles above. All these positions

are comparable regarding their skill level, with an average salary between 38,000 and

48,000 dollars. To �ll the pro�les with information, we also randomly assign them one

job description.2

Employer Each pro�le is assigned an employer. We draw upon Statista's Company

Database to obtain the biggest employers in the U.S. (Statista, 2022), identify the 10

1Table C.1.2 in the online appendix provides a full list of the corresponding cities.
2See Tables C.1.7 and C.1.8 in the online appendix for details.
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largest companies in each selected city, and randomly assign one of these to each pro�le.

We choose large corporations as employers to make it less likely that `coworkers' will

encounter our pro�les and realize they are fake. Moreover, larger employers are likely

to have su�cient workforce turnover to remain anonymous, are more likely to have

hired a recent graduate, and are very likely to hire business-related workers.

Names To avoid potential drawbacks of signaling race via names, �rst and last names

of pro�les are race-neutral. For �rst names, we focus on names that appear among

the 50 most common names for both White and Black men (i.e., the intersection of

popular Black and popular White names). We sort these by the relative popularity

among Black Americans and take the 10 most popular names. The selected names are

all among the top 30 names. For last names, we draw on race shares by last names

from U.S. Census Bureau (2022) and choose those that are roughly equally likely to

be of a Black and White individual and unlikely to be of any other race. We again

pick relatively common names.3

Additional Details on Pro�les To make pro�les more realistic, we add appropri-

ate details. In particular, LinkedIn allows users to signal skills such as `Teamwork' or

`Bookkeeping'. We create a collection of skills, drawing on LinkedIn's 20 most com-

monly reported skills for each of the given job titles. From these 20 skills, we randomly

assign �ve relevant skills to the speci�c job of each pro�le.

To further round out the pro�le with information, we add past volunteer experience.

We chose organizations that are very popular in the U.S., non-partisan, and present

across the country: `Big Brother and Sister,' `Red Cross,' and `Crisis Text Line.' All

of these organizations are within or close to the biggest city in a given state or can be

contributed to remotely, ensuring that we do not have idiosyncratic results due to very

speci�c volunteering experiences. In addition, all of these experiences do not require

special skills, thus avoiding any signaling of di�erential information.4

3.3.2 Varying Race via AI-Generated Pictures

The key variation in our study is race. To signal race, we create AI-generated

pictures and develop an algorithm that transforms the picture's race while holding

3To obtain �rst names, we rely upon the most common �rst names of men born in 1997 in Georgia
(Georgia Department of Public Health, 2022). Table C.1.5 in the online appendix provides an overview
of all �rst names and their popularity. It also shows the rank of the �rst name for all baby names
across the U.S. in 1997. Table C.1.6 shows the surnames, race shares, and rank across the U.S.

4Table C.1.9 in the online appendix lists the relevant skills by job title. Table C.1.10 provides an
overview of the volunteering experience. It also includes descriptions of the tasks we created based
on real pro�les.
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other characteristics stable. The approach has two important features to account

for ethical concerns. First, all pictures are AI-generated, thus avoiding privacy issues.

Second, and more importantly, we do not de�ne race characteristics ourselves. Rather,

we take an agnostic approach. The transformation algorithm is de�ned as follows: we

take all images of young Black men found among the 100 thousand images provided

by StyleGAN2 (Karras et al., 2020). We translate these images into multidimensional

vectors and do the same for a comparable number of White images. Next, we calculate

the average Black and White image vectors and take their multidimensional vector

di�erence. The transformation algorithm then simply adds this di�erence vector to a

White image or subtracts it from a Black one.5

We conduct an experiment on Amazon's MTurk (n� 500) to validate the pictures

along a number of dimensions. In the �rst step, we test whether participants perceive

the pro�le pictures to depict real humans rather than computer-generated ones. For

this, participants are shown 20 pictures in a style that resembles a Google Captcha.

They are told to select all computer-generated images, and given a monetary incentive

to click on the correct ones. Among the pictures shown, ten are our A.I-generated

images while another six depict real humans. The real human pictures are chosen from

the set of training images of StyleGAN2 to �t the age, race, and gender category of our

images. An additional four pictures show obviously computer-generated images, i.e.,

with strange hats, deformations, or unrealistic facial features. The results indicate

that our White and Black images arenot perceived as more likely to be computer

generated (12% and 14%, respectively) than the images of real humans (15%), while

obvious fakes are correctly identi�ed in 84% of cases. These results align with a recent

study by Nightingale and Farid (2022), which suggests that good AI-generated pictures

are indistinguishable from real faces.

Following this exercise, each participant rates ten of our pictures along a number

of dimensions. Importantly, both Black and White pictures are associated with the

targeted race and gender. In addition, our results suggest that, despite potential

biases of participants, pictures are rated similarly across several additional dimensions,

including trust, appearance, authenticity, and intelligence, thus providing reassuring

evidence that our algorithm keeps picture characteristics stable.6

5Online Appendix C.2 describes the picture creation and the transformation algorithm in greater
detail.

6See online Appendix C.6 for more details, and Section C.6.3 for the detailed results.
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3.3.3 First Stage – Network Creation

The experiment’s �rst stage consists of building networks of our pro�les to measure

discrimination in network formation. Drawing on detailed information on individual

user characteristics, we additionally identify which are most predictive of discriminat-

ing behavior (pre-registration: #RDPZ67). Below, we describe how we choose the

users to whom we send connection requests.7

Creating (Twin) Profiles Using the characteristics described above, we create four

‘twin pairs’ in each U.S. state (and D.C.). A twin pair consists of a Black and a White

pro�le with the same CV. Twins di�er only in terms of their race, as signaled via

the AI-generated pro�le picture. While they also have di�erent names to ensure the

pro�les are not detected by LinkedIn, these are randomly assigned and do not signal

race. Importantly, within each state, the characteristics above, such as names, job

title, picture, etc. are drawn without replacement. As a result, pro�les within a twin

pair are identical except for the picture. Meanwhile, pro�les across twin pairs di�er

in pictures and almost every aspect of the CV.

Collection of Targets After creating the pro�les and before sending any connection

requests, we identify relevant users with whom to connect, i.e., ‘targets.’ To this end,

we collect roughly 150 contacts recommended by LinkedIn for each of our pro�les.

Drawing on these initial platform suggestions rather than, e.g., a random sample of all

LinkedIn users in the U.S., has two advantages. First, these suggested contacts tend

to be geographically relevant, i.e., they live close to our pro�les. Figure 3.1 shows the

locations of our pro�les and selected targets as indicated on their LinkedIn pro�les

and geolocated using Google Maps API. We observe a median distance of 14km from

our pro�les. Second, they are professionally relevant; that is, they work in a similar

industry or related job, attended the same university, or hold a related degree. Overall,

following the LinkedIn suggestions closely mimics the construction of job networks of

real users, as the platform aims to propose professionally relevant connections. After

collecting the initial suggestions, we pool all of them by state (that is, over the eight

7A timeline of our experiment is provided in Figure C.1.1 in the online appendix. In the pre-
registration, we had initially planned to exclude LinkedIn users without pro�le pictures. During the
construction of the target pool, it became apparent that a signi�cant number lacked a pro�le picture.
Excluding them would have severely reduced our target pool and induced potential selection bias.
At the same time, the algorithm inferring demographic features from pictures turned out to be less
reliable than anticipated, leading to our decision to instead rely mainly on �rst and last names to infer
gender and race. We therefore included accounts without pictures but excluded individuals without
a �rst name from the sample.
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pro�les) and identify their race and gender based on their pro�le pictures and names.8

We then draw on these characteristics to create four exclusive pools per state with 96

targets each. Across all pools, we balance on gender to ensure that half of the targets

are women. We further balance the pools in terms of race shares to have su�cient

data on the behavior of underrepresented groups. For each state, we thus obtain four

balanced pools (roughly 50-50 in terms of gender, and 70-30 in terms of White vs. non-

White). Finally, we randomly assign targets to one of the pools, meaning that target

characteristics are comparable in expectation across pools. Importantly, through the

random assignment of the initial LinkedIn suggestions to our pro�les, we resolve any

potential endogeneity resulting from the initial suggestions of the algorithm.

Figure 3.1: Locations of pro�les and targets.
Note: Pro�le locations and city names show the places where our pro�les reside. Target locations
represent unique geolocations using Google Maps API based on targets’ self-reported location. Each
location includes one or multiple targets. The �gure includes the number of targets by Core Based
Statistical Area (CBSA). In cases where a given county does not belong to a CBSA, county borders
are displayed instead.

Sending Connection Requests Next, we use our pro�les to connect to targets.

Speci�cally, each target receives two requests: one from a Black and one from a White

pro�le.9 This leads to a sample size of 19,584 target pro�les per group, allowing us

8This is done based on U.S. census and social security data on �rst and last names (Kaplan, 2022).
For pictures, we use a face recognition software (Taigman et al., 2014).

9We follow this strategy for internal validity and causal identi�cation. As argued above, reaching
out to users one does not know is very common on LinkedIn and the platform’s algorithm is tailored
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to detect even e�ect sizes of an order of magnitude smaller (Cohen’s D of 0.028) than

what is usually considered small (i.e., a Cohen’s D below 0.2, see Sawilowsky, 2009),

with high power (80%). In requests, pro�le pictures { and hence the race of pro�les

{ are very salient. The pictures always appear next to the request, including, but not

limited to an email the user may receive informing her of the request and on LinkedIn

itself, where users can choose to ignore or accept a request (see example screenshots

in Figure C.1.3 in the online appendix). As might be expected on a platform aimed at

professional networking, receiving connection requests from users one does not know is

very common. In our LinkedIn user survey, 63% report receiving such requests a few

times a month or more often. That said, sending a message along with requests appears

to be less common (only around 22% of surveyed LinkedIn users state that connection

requests contain a message at least ‘most of the time’ while 55% say sometimes or

never; see online Appendix C.9). For this reason, we send connection requests without

an accompanying message.

We would ideally contact each target with two pro�les that di�er only in their race,

i.e., two pro�les from the same twin pair. Since this would likely raise suspicion, we

instead send each user a request from two pro�les from di�erent twin pairs. Doing so

ensures that the requests received by a single user are su�ciently di�erent, given that

the pro�les di�er in almost every aspect of their CV, including their underlying pro�le

picture. In addition, by drawing all pro�le characteristics from the same distribution

(without replacement), we ensure that the pro�les sending the request are statistically

identical.

Figure 3.2 shows the requesting procedure of two twin pairs A and B. Each con-

sists of a Black and a White account. Potential contacts are two mutually exclusive

pools of 96 targets each, Pool 1 and 2. All targets in the �rst pool receive requests

from James and Joshua. Those in the second pool receive requests from Michael and

Tyler. By using this approach, we can ensure two things. First, given that the pools

are balanced and randomized, both twins contact people who are, in expectation, the

same, allowing us to account for twin-�xed e�ects, keeping everything but race sta-

ble. Second, contacting targets using two pro�les in combination with information

on target characteristics means we can draw conclusions about who discriminates at

the individual level. Speci�cally, we can observe which characteristics predict a higher

acceptance rate gap between Black and White requests.

Receiving two requests from unfamiliar accounts at the same time may raise sus-

picion. To mitigate this concern, we implement a four-week lag between the �rst and

to suggest relevant connections. In general, however, decisions about whom to send a request to
may be driven by other factors that we explicitly exclude, such as professional status, homophily, or
behavioral reactions in anticipation of discrimination.
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