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1 Introduction

Superstar firms have become a defining feature of the U.S. economy as scalable markets,
winner-take-all dynamics, and network externalities increasingly concentrate economic activ-
ity among a small number of dominant companies. For example, Autor et al. (2020) document
rising sales concentration from 1982 to 2012 across all major sectors. This concentration of
power is salient in capital markets too: according to Dow Jones Market Data, the ten largest
companies in the S&P 500 represented 43.2% of the index’s total market value in June 2026
(Wall Street Journal, 2026). Their significance extends beyond product and capital markets,
as these firms and their leaders can also shape the political environment, among other things,
through lobbying and campaign spending (Perez-Truglia and Yusof, 2026)."

Dominant firms can generate large benefits for consumers through scale, convenience, and
innovation. At the same time, their market dominance creates the risk of classic antitrust
harms: higher prices, lower quality, reduced innovation, exclusion of rivals, and fewer choices
for consumers (Shapiro, 2019). As a result, antitrust enforcement has re-emerged as a central
policy tool for regulating dominant firms and preserving competition (New York Times,
2024). The remedies at stake can be substantial, ranging from restrictions on specific business
practices to divestitures or breakups, and shifts in antitrust enforcement have the potential
for large effects on firm values and market outcomes (Baker et al., 2023).

Although antitrust enforcement is often described as a technical legal and economic do-
main, public opinion still matters. In some cases, it can matter directly: private damages
actions may be decided by lay juries rather than only by judges or regulators.? More impor-
tantly, public opinion can shape antitrust enforcement indirectly by affecting the political
incentives of elected officials who write antitrust laws, fund enforcement agencies, and oversee
the broader direction of competition policy. Presidents also appoint the leaders of the Federal
Trade Commission and the Department of Justice, including officials who may take a more
or less aggressive approach to antitrust enforcement (Washington Post, 2024b). Because
these elected officials have incentives to respond to their constituents, whether they pursue
more aggressive antitrust policies may depend at least in part on what the public demands,
a link emphasized by historical work on the political economy of U.S. antitrust enforcement
(Lancieri et al., 2023).

'For example, large tech companies have spent substantial amounts on federal lobbying (Axios, 2026;
Fortune, 2026), and billionaires with major stakes in these companies have become increasingly influential
through their campaign contributions and ownership of media outlets (Washington Post, 2024a).

2The right to a jury trial applies to treble-damages suits under the antitrust laws; see U.S. Supreme Court
(1959). A prominent recent example is Epic Games v. Google, in which a federal jury found that Google
violated federal and California antitrust laws in connection with the Google Play Store; the Ninth Circuit
later affirmed the jury verdict and injunction (U.S. Court of Appeals for the Ninth Circuit, 2025).



Despite the importance of public opinion for antitrust enforcement, there is limited direct
evidence on what drives public demand for it. We fill this gap with a pre-registered survey
experiment studying Americans’ preferences over antitrust enforcement and the mechanisms
underlying those preferences.

Our design is organized around four beliefs that we hypothesize may shape demand for
antitrust enforcement. The standard economic framework evaluates antitrust enforcement
through its effects on welfare (Tirole, 1988; Shapiro, 2019). In this view, the central question
is not whether a firm has a large market share or faces few competitors, but whether market
power harms consumers, for example, through higher prices. This motivates the first belief,
perceived consumer harm. The other three beliefs capture considerations that may matter to
the public even if they fall outside the standard welfare-based framework. Respondents may
react to perceived market share itself. A large market share is not necessarily harmful, since
it may reflect a product or service that consumers genuinely prefer, greater convenience, or
other non-exclusionary advantages (Demsetz, 1973), but the public may fail to reason like
economists. The public may also care about perceived unfair competition. Even for the
same market outcome, respondents may react differently depending on whether they see it
as the result of fair competition or of conduct they perceive as unfair, such as exclusivity
agreements that make it harder for rivals to compete. Finally, broader moral judgments
about the firm may affect the public’s demand for enforcement even when the information is
not directly related to competition, which we capture with the company’s perceived negative
image. Because these beliefs are conceptually distinct but empirically interdependent, we
require a research design that can disentangle the causal effect of each belief even when
multiple beliefs may move together.

Subjects are randomly assigned to one of five real antitrust cases: Google vs. the Depart-
ment of Justice, Meta vs. the Federal Trade Commission, Live Nation vs. the Department
of Justice, Apple vs. Epic Games, or a class action lawsuit against Luxottica.® We focus
on real cases because they make the information more concrete and credible, and because
they allow us to study demand for antitrust enforcement in actual policy disputes rather
than in abstract scenarios. After introducing respondents to their assigned case, we elicit be-
liefs about the four dimensions discussed above: perceived market share, perceived consumer
harm, perceived unfair competition, and perceived negative image.

Respondents are then randomly assigned to one of five information conditions. The
control group receives no additional information. The four treatment groups receive fact-

based information about one of the four belief dimensions: market share, consumer harm,

3Essilor and Luxottica combined in 2018 to create EssilorLuxottica. For brevity, in the survey materials
and in the paper we refer to the company simply as Luxottica.



unfair competition, or negative image. The treatments follow the same conceptual structure
across cases, but the specific content is tailored to the assigned case. They provide short
arguments and facts supported by documentation such as government reports, academic
research, expert surveys, newspaper articles, and excerpts from television news coverage.
For the sake of brevity, we use the Google case as the running example in the rest of the
introduction, but the same design was implemented for all five cases. In the Google case,
for example, the treatments provided information about Google’s share of online search
advertising, how advertising costs may be passed through to consumers, its payments to be
the default search engine on browsers and devices, or a controversy involving the company
that was unrelated to antitrust.

After the information-provision stage, we re-elicit the same four beliefs, allowing us
to measure how each treatment changes respondents’ beliefs. We then measure the main
outcomes of interest: support for the plaintiff in the assigned case, support for a struc-
tural remedy, and support for a conduct remedy. In the Google case, these outcomes are
whether respondents side with the Department of Justice, whether they support breaking
up Google, and whether they support restricting Google’s default-search agreements. To
measure whether the treatment effects extend beyond the assigned case to views about other
dominant firms, we ask analogous belief and outcome questions about dominant firms more
broadly. Some of the policy-support measures are behavioral, such as signing a petition,
donating to an antitrust NGO, and sending an email to a representative. To measure the
persistence of the effects, one month after the baseline survey, we invited respondents to
complete a follow-up survey that re-elicited belief and outcome measures.

We conducted the baseline survey in May 2026 with 4,016 American respondents recruited
through Prolific, 71.3% of whom also completed the follow-up survey. We first show that
the information treatments strongly affected beliefs. The market-share treatment increased
perceived market share by 6.8 percentage points (pp), equivalent to 0.39 standard deviations
(SD). The consumer-harm treatment increased perceived consumer harm by 0.48 SD, while
the unfair-competition and negative-image treatments increased their targeted beliefs by 0.53
SD and 0.42 SD, respectively. These belief effects were not fully compartmentalized. Market-
share information primarily shifted perceived market share, with limited spillovers to other
beliefs. The consumer-harm, unfair-competition, and negative-image treatments had the
strongest effects on their targeted beliefs but also generated more substantial spillovers to
other beliefs.

Next, we discuss the average effects of each treatment. We organize the treatment-
effect analysis around three dimensions: intensity, breadth, and durability. Intensity asks

whether information moves respondents beyond plaintiff support toward support for concrete



remedies, such as breaking up the company; breadth asks whether information about one
antitrust case changes views about dominant firms and antitrust policy more generally; and
durability asks whether these effects remain visible one month later.

While the market-share treatment has a substantial effect on perceived market share, it
lacks intensity—it does not meaningfully increase demand for enforcement or remedies. The
consumer-harm treatment has the strongest overall profile: it increases plaintiff support by
0.45 SD and support for remedies by 0.28 SD, generates the clearest spillovers to broader
antitrust beliefs and policy support, and has the strongest durability in the follow-up survey.
The unfair-competition information increases plaintiff support by 0.48 SD and remedy sup-
port by 0.33 SD, but its effects are less broad and less durable. Negative-image information
has narrower effects, increasing plaintiff support at baseline but generating little breadth or
durability.

The average treatment effects are informative, but they do not by themselves reveal
which beliefs causally drive demand for antitrust enforcement. Because each treatment can
move multiple beliefs at once, the effect of any given treatment may reflect a combination
of changes across the four beliefs. We therefore estimate a 2SLS model that can disentangle
the causal effect of each belief. The results point to a clear hierarchy of mechanisms. Per-
ceived consumer harm is the broadest driver of demand for antitrust enforcement. Perceived
unfair competition also matters, especially for plaintiff support and remedies in the assigned
case. Perceived negative image plays a more limited role, mainly shifting respondents toward
the plaintiff side without generating comparable support for more consequential remedies.
Perceived market share has no meaningful independent effect.

These findings were not obvious ex ante, as shown by the results from an expert forecast
survey. To benchmark our findings, we invited a panel of experts on the topic, described the
experimental design and information treatments, and asked them to predict the treatment
effects. Several key results run counter to the expert forecasts. While experts expected all
treatments to increase demand for antitrust, we find that some treatments had positive effects
while others did not. Moreover, when asked about the causal mechanisms, experts predicted
that perceived market share would be the most important channel, whereas the data show
that this belief has a clear null effect.

Taken together, the results suggest that public demand for antitrust aligns closely with
the standard economic framework. The alignment comes from the central role of consumer
harm: respondents do not demand antitrust action simply because a firm is large, but because
they believe its market power harms consumers. Perceived unfairness, a factor outside the
standard economic framework, also matters, though with less breadth.

These findings have implications for how policymakers and regulators communicate about



antitrust enforcement. Public discussions often emphasize the size and market shares of
dominant firms, but our results suggest that this information is unlikely to increase support on
its own. Messages focused on prices, quality, choice, and other consumer-welfare consequences
may be more effective. Fairness-based arguments about exclusionary or unfair conduct can
also increase support for case-specific remedies, but appear less likely to generate broader
support for antitrust policy.

This paper relates to and contributes to two strands of literature. First, it contributes
to the literature on attitudes toward inequality and preferences for redistribution. A large
literature studies how the public responds to the concentration of income and wealth among
individuals, including preferences for taxing billionaires, business elites, and the top 1%
(Di Tella et al., 2021; Hope et al., 2023; Perez-Truglia and Yusof, 2026). We contribute to
this literature by shifting attention from the concentration of resources among individuals
to concentration among firms. This distinction is important because the concentration of
economic resources is not limited to individuals: firms also differ dramatically in size and
market power, yet we know much less about how the public responds to those disparities.

Second, this study relates to work on market power and antitrust. A large literature in
economics and law studies how market power affects prices, quality, innovation, entry, and
welfare, as well as how antitrust law should define markets and evaluate competitive harm
(Tirole, 1988; Shapiro, 2019). Despite its importance, no economics study directly measures
what drives demand for antitrust enforcement.* We contribute to this literature by filling that
gap. We show that Americans’ preferences align with the economic framework underlying
this literature: they do not care about market share per se, but care about market power
instead.

The rest of the paper proceeds as follows. Section 2 describes the research design and
implementation of the experiment. Section 3 presents descriptive evidence on baseline de-
mand for antitrust enforcement. Section 4 reports the average treatment effects on beliefs
and outcomes. Section 5 studies mechanisms using belief updating and a 2SLS framework.

Section 6 concludes.

4The closest exceptions are from political science: Brutger and Pond (2025a,b) use survey experiments
to study how factors such as partisanship, international competition, and nationalism shape support for
strengthening antitrust laws.



2 Research Design

2.1 Hypotheses

This subsection presents the paper’s main hypotheses about the beliefs that may shape
demand for antitrust enforcement. We discuss the intuition behind each of the four beliefs
below. For a more formal analysis, Appendix A provides a stylized model of market power
and incumbent advantage that formalizes this discussion.

The perceived consumer harm belief captures the standard economic rationale for
antitrust enforcement. The standard economic framework evaluates antitrust enforcement
through its effects on welfare (Tirole, 1988; Shapiro, 2019). In this view, the number of
competitors or the market shares of individual firms are not the ultimate objects of interest.
Instead, the central question is whether market power harms consumers through higher prices,
lower quality, fewer options, or less innovation. Thus, if respondents think like economists,
the key belief that should drive demand for antitrust is whether the company’s market power
produces consumer harm, for example through higher prices.

The perceived market share belief captures respondents’ views about the company’s
market share. Unlike consumer harm, a high market share is not necessarily harmful. A firm
may have a large share because it offers a product or service that consumers genuinely prefer,
greater convenience, or other non-exclusionary advantages (Demsetz, 1973). According to
the economic framework, holding consumer harm constant, market share should therefore be
irrelevant for demand for antitrust. However, to the extent that the public lacks economic
training or faces cognitive limitations, it may fail to understand that market share is not
harmful per se. Evidence from other policy domains, such as taxation, shows that public
reasoning can diverge from economists’ reasoning (Sapienza and Zingales, 2013; Stantcheva,
2021); there is also evidence that members of the public prefer certain policies that economists
view as inefficient relative to available alternatives (Jiang et al., 2026).

The perceived unfair competition belief captures views about the fairness of the
sources of market outcomes. One recurrent topic in antitrust cases is that firms may create
barriers that make it harder for consumers, business partners, or rivals to move away from
the incumbent, including through defaults, exclusive arrangements, or other forms of lock-in
(Klemperer, 1987). Such actions could increase market power and consumer harm, but the
public may also perceive them as unfair. This perception of unfairness may matter for demand
for antitrust. Evidence from survey experiments suggests that fairness norms constrain public
acceptance of firms’ profit-seeking behavior (Kahneman et al., 1986). Furthermore, evidence
from taxation shows that fairness considerations also shape policy support, such as stronger

support for wealth taxes when wealth is perceived as inherited rather than earned (Fisman



et al., 2020; Stantcheva, 2021). Holding market outcomes fixed, such as consumer harm or
market share, the public may care about how those outcomes came about. Respondents
may demand antitrust if they believe consumer harm arises because consumers do not shop
around for the best prices. But if they believe the same consumer harm comes from unfair
actions by firms, they may react even more strongly.

The perceived negative image belief captures broader moral judgments about the
company that may matter for public demand even when they are not part of the stan-
dard welfare-based rationale for antitrust enforcement. Intuitively, given a certain level of
consumer harm, the public may demand more antitrust if they view the firm as morally
objectionable. According to this hypothesis, information related to the morality of the firm
may affect demand for antitrust enforcement even if the information is unrelated to competi-
tion, for example sexual misconduct by senior executives or gender-based pay discrimination.
This hypothesis is inspired by related work showing that demand for taxing the rich can
increase when the public learns about their lavish lifestyles (Perez-Truglia and Yusof, 2026)
or becomes more distrustful of business elites (Di Tella et al., 2021).

These four beliefs are conceptually distinct but empirically interdependent. A single
piece of information can easily shift multiple beliefs at the same time. Consider, for example,
information that a firm used exclusivity agreements that made it harder for rivals to compete.
This information may increase perceived unfairness, but it can also affect the other beliefs.
Because the same conduct can protect the firm’s market position and soften competitive
pressure, it may increase the perceived market share and the perceived consumer harm.
To the extent that the conduct is seen as revealing something broader about the company,
this information may also harm its overall image. This interdependence motivates a research
design that measures each belief before and after the information treatments, and an empirical
framework that can help disentangle the role of each belief even when the beliefs move

together.

2.2 Overview of the Experimental Design

The baseline survey instrument is attached as Appendix F and described in detail below.?
Panel A of Figure 1 summarizes the structure of the baseline survey. Respondents were
randomly assigned to one of five antitrust cases. After a brief introduction to the assigned
case, we elicited four beliefs about that case. Respondents were then randomly assigned to
the control group or to one of four information treatments. After the information treatment,

we re-elicited the four beliefs, measured the main outcomes, and elicited analogous beliefs

5We corrected a handful of minor typographical errors in the survey instruments.



and outcomes about dominant firms more broadly.

2.3 Case Assignment

At the start of the survey, each respondent was randomly assigned with equal probability to
one of five antitrust cases.® Each case involved a company alleged to hold a dominant position
in a relevant market. Respondents were shown a small number of screens introducing the
assigned case. We also included questions assessing respondents’ familiarity with the assigned

company and antitrust case.” We briefly summarize the five cases below:

m Google vs. Department of Justice. The U.S. Department of Justice, joined by state
attorneys general, filed an antitrust lawsuit against Google in 2020.® Respondents
were told that the case alleged monopolization of internet search and search advertis-
ing through exclusionary contracts, especially agreements making Google the default
search engine on browsers and devices. They were also told that Google countered that
its dominance reflects product quality and consumer choice, and that default-search

agreements are standard distribution deals.

m Live Nation vs. Department of Justice. The Department of Justice and state attorneys
general filed an antitrust lawsuit against Live Nation, the parent company of Ticket-
master, in 2024.° Respondents were told that the case alleged monopoly power across
concert promotion, ticketing services, and venue operations, supported by exclusive
agreements, coercive tactics, and long-term contracts that limited rival ticketing firms’
access to major events. They were also told that Live Nation denied holding a monopoly

and argued that ticket prices are largely driven by demand and venue capacity.

» Apple vs. Epic Games. Epic Games sued Apple in 2020 over Apple’s App Store rules.’
Respondents were told that Epic alleged that the App Store is an illegal monopoly

5The enforcement actor varies across cases: Google, Meta, and Live Nation involve government antitrust
enforcement; Apple involves a dispute with Epic Games; and Luxottica involves a class action lawsuit.

"Some questions were conditional on earlier responses. For example, respondents who reported being
customers or users of the assigned company were asked about their experience with that company.

8The DOJ filed the case in October 2020. In August 2024, the U.S. District Court for the District of
Columbia concluded that Google had unlawfully maintained monopolies in search and search advertising; in
September 2025, the court ordered remedies restricting exclusive distribution contracts and requiring data
and syndication access for rivals.

9The DOJ filed the lawsuit on May 23, 2024. In March 2026, the DOJ reached a tentative settlement
with Live Nation. Some states continued litigating, and in April 2026 a federal jury found that Live Nation
and Ticketmaster had operated as an illegal monopoly.

0Epic filed its lawsuit in August 2020. The district court issued a mixed ruling in September 2021: Apple
largely prevailed on Epic’s antitrust claims, but the court enjoined Apple’s anti-steering rules. In January
2024, the U.S. Supreme Court declined to hear appeals by either side, leaving the lower-court rulings in place.



because Apple controls app installation on iPhones and requires developers to use its
in-app payment system, allowing commissions of up to 30 percent. They were also told
that Apple countered that the relevant market is broader than the iPhone and that

App Store fees reflect security, privacy, and ease-of-use benefits.

m Class action lawsuit against Luzottica. The survey described a class action lawsuit
against the Luxottica Group, an eyewear company that owns or controls brands such
as Ray-Ban and Oakley and retail chains such as LensCrafters, Sunglass Hut, and
Pearle Vision.'! Respondents were told that the case alleged anticompetitive practices
that inflated prices, restricted consumer choice, and made it difficult for competitors to
enter or remain in the eyewear market. They were also told that Luxottica argued that
the eyewear industry is highly competitive and that the complaints failed to plausibly

allege exclusionary conduct.

m Meta vs. Federal Trade Commission. The Federal Trade Commission, joined by state
attorneys general, filed an antitrust lawsuit against Meta, which owns Facebook, In-
stagram, and WhatsApp, in 2020.' Respondents were told that the case alleged that
Meta maintained monopoly power in social networking by acquiring emerging rivals,
especially Instagram and WhatsApp, and by cutting off developers that posed com-
petitive threats. They were also told that Meta rejected the claims, emphasizing that
the FTC had previously reviewed the acquisitions and that Instagram and WhatsApp

became successful because of Meta’s investment.

In selecting the five cases, we sought broad coverage across several dimensions of con-
temporary antitrust litigation. The cases span different industries, including software, social
media, eyewear, and live entertainment; involve companies that vary in public familiarity;
and concern different alleged anticompetitive practices, including exclusionary distribution
agreements, acquisitions of nascent rivals, app-store restrictions, vertical integration, and
long-term contracting practices. They also vary in the nature of the alleged consumer harm,
the type of market at issue, and the remedies sought. At the same time, three of the five
cases involve technology companies. This emphasis is intentional: it reflects the contempo-

rary antitrust landscape, in which several of the most prominent U.S. antitrust cases have

1The federal class action complaint we identified was filed in July 2023. Related actions were later
consolidated as In re Eyewear Antitrust Litigation. In September 2025, the U.S. District Court for the
Southern District of New York granted defendants’ motion to dismiss the amended complaints with leave to
replead.

12The FTC filed the lawsuit on December 9, 2020. In November 2025, the U.S. District Court for the
District of Columbia ruled in favor of Meta; in January 2026, the FTC filed a notice of appeal.



targeted large technology platforms (Wolfe, 2024). The design also allows us to examine

heterogeneity by assigned case and assess whether the main patterns are similar across cases.

2.4 Prior Beliefs

Before the information-provision stage, we elicited the four beliefs, which we refer to as the
prior beliefs.
Table B.1 reports the exact wording and scales for the belief questions, which are sum-

marized below.

m Perceived market share: this question provides a market definition and then uses a slider
to elicit the respondent’s guess about the share of that market held by the company in
question.'® For example, respondents assigned to the Google case were asked the share
of the U.S. online search advertising market held by Google, and respondents assigned
to Live Nation were asked the share of primary ticketing at major U.S. concert venues
held by Live Nation.

m Perceived consumer harm: this question elicits the respondent’s agreement with the fol-
lowing statement: “[Company]’s market power harms consumers, for example through
higher prices or reduced quality.”*® Subjects were shown a five-point agreement scale:
strongly disagree, somewhat disagree, neither agree nor disagree, somewhat agree, and
strongly agree. In the analysis, we code this question with values 0-4, where higher

values correspond to greater perceived consumer harm.

m Perceived unfair competition: this question asked: “Do you believe [company|’s market
dominance is mainly the result of fair or unfair competition?” We refer to the response
options as the five-point fairness scale: entirely fair competition, somewhat fair compe-
tition, neither fair nor unfair competition, somewhat unfair competition, and entirely
unfair competition. In the analysis, we code this question with values 0—4, where higher

values mean more unfair competition.

m Perceived negative image: this question asked: “Overall, how do you feel about [com-

pany| as a company?” using a five-point favorability scale: very favorable, somewhat

B Table B.1 provides the market definitions used for all five cases.

4Tn two of the cases, we adjusted the language to fit the company’s context more closely: for Apple, the
statement refers to “higher prices or reduced innovation”; for Meta, it refers to “decreased data security or
increased ads.”

10



favorable, neutral, somewhat unfavorable, and very unfavorable.!® In the analysis, we

code this question with values 0-4, where higher values mean more negative image.

2.5 Information Treatments

Within each treatment arm, the information followed a common structure and type of ar-
gument across cases, while the specific facts and examples were tailored to the assigned
case. Appendix E reproduces the screenshots for each information treatment and case. The
treatment screens were fact-based and included links to the underlying sources to make the
information credible and easy to verify. Across treatments, the sources included market-
share estimates, newspaper articles, academic research, expert surveys, reports, litigation
summaries, and short excerpts from news programs or documentary-style segments, such as
CBS Morning News or 60 Minutes, summarizing allegations about the assigned case.

We summarize the five information conditions below. Each respondent was randomly

assigned to one of the following groups, with equal probability:

m Control group: respondents did not receive any additional information, only a short

screen stating that they had been randomly selected not to receive information.

m Market-share treatment: respondents received additional information about the as-
signed company’s share of the relevant U.S. market. The market definition matched
the one used in the prior-belief question. The information stated that Google has an es-
timated 84 percent share of U.S. online search advertising, Live Nation controls roughly
80 percent or more of primary ticketing at major U.S. concert venues, Apple has an
estimated 84 percent share of the U.S. mobile application market, Luxottica controls
at least 60 percent of the U.S. eyewear market, and Meta has a 72 percent share of the

U.S. social media market.

m Consumer-harm treatment: respondents received additional information arguing that
the company’s market power may harm consumers. Depending on the case, the treat-
ment described channels such as higher prices, higher fees, reduced quality, reduced
innovation, reduced data security, increased ads, or fewer choices. For example, in
the Google case, the treatment explained that although Google Search appears free to
users, advertisers pay for search ads and may pass those higher advertising costs on to

consumers through the prices of products and services. The treatment also linked to a

5 Following Perez-Truglia and Yusof (2026), we also included an exploratory product-choice task designed
to measure company image in a more revealed-preference way. Respondents chose between a backpack with
the assigned company or brand logo and an otherwise similar backpack without that logo in several price
scenarios. See Appendix B.7 for more details.

11



report discussing Google’s market power and cited Clark Center survey evidence from

leading economists about whether Google’s dominance harms consumers and society.

Unfair-competition treatment: respondents received information suggesting that the
assigned company’s dominance may reflect conduct or advantages that could be per-
ceived as unfair. While fairness judgments can be subjective, we do not define the
conduct as fair or unfair ourselves; rather, each treatment focused on conduct that
media coverage or other parties had characterized as unfair. These treatments focused
on practices that may make it harder for rivals to compete, such as default arrange-
ments, exclusive contracts, restrictions within a platform ecosystem, vertical control
over distribution, or acquisitions of potential competitors. For example, in the Live
Nation case, the treatment discussed an academic article by Michael Carrier, a law
professor at Rutgers University, arguing that Live Nation and Ticketmaster used ex-
clusive ticketing contracts and pressure on venues to reinforce Ticketmaster’s position.
The treatment described allegations that venues could lose access to Live Nation con-
certs if they used rival ticketing services, and that multiyear exclusive contracts made

it difficult for competing ticketing firms to reach major events.

Negative-image treatment: respondents received information about a recent scandal
or controversy involving the assigned company that was not itself an antitrust allega-
tion. These treatments were designed to affect respondents’ broader perception of the
company rather than to provide direct information about market power or consumer
harm. For example, in the Apple case, the treatment described a Wall Street Journal
article about a proposed class-action lawsuit alleging gender-based pay discrimination.
The treatment explained that the plaintiffs sought to represent thousands of women
employed by Apple and argued that the company’s hiring and performance-review

practices contributed to persistent pay disparities.

To reduce the possibility that respondents would make unintended inferences from re-

ceiving information, the randomization was made explicit: respondents were told that some

participants would be randomly selected to receive information and that they would learn

on the next screen whether they had been selected.!®

16For example, a respondent receiving information about market share could wrongly infer that they were
receiving the information because their prior belief about market share was very inaccurate. By making the
randomization explicit, we mitigate this concern.
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2.6 Posterior Beliefs

Immediately after the information-provision screen, regardless of whether the respondent was
assigned to the control group or one of the four treatment groups, we re-elicited the same
four belief questions from the prior-beliefs module. For example, respondents assigned to
Google were again asked the four Google-specific belief questions described above. Comparing
posterior beliefs to prior beliefs allows us to measure belief updating about the assigned
company and case.

As discussed above, the four beliefs are empirically interdependent: each information
treatment may affect beliefs beyond the one it was designed to target. For example, infor-
mation that a company used unfair practices to gain market power could affect not only
perceived unfairness, but also beliefs about the company’s market share, consumer harm,
and negative image. Measuring all four belief updates is therefore central to the empirical
strategy, which uses these updates to study the relative contribution of each belief to demand
for antitrust enforcement.

We also took steps to reduce the possibility that respondents would make unintended
inferences from the repeated belief questions. Before eliciting posterior beliefs, we informed
respondents that all participants were asked the same questions again, regardless of their
earlier responses or whether they received any information. This wording was intended to
reduce the chance that respondents would interpret the repeated belief questions as a signal

that their initial answers were incorrect.

2.7 Outcomes

To understand how information changes demand for antitrust enforcement, we included sev-
eral outcome questions. Table B.2 reports their wording and scales, which are summarized
below. The main outcomes are case-specific measures of support for the plaintiff side and for
remedies in the assigned case. The variable plaintiff support captures which side respondents
support in the assigned case. For example, respondents assigned to the Google case were
asked: “Imagine you were appointed as the judge in charge of deciding in the case between
Google and the Department of Justice (DOJ). Which side would you be more likely to sup-
port?”!” The five response options were strongly support the company, somewhat support
the company, support neither side, somewhat support the plaintiff side, and strongly support
the plaintiff side. We refer to this as the five-point side-taking scale. In the analysis, we code

this outcome on a 0—4 scale, where higher values mean stronger support for the plaintiff side

1"The wording was tailored to each assigned case. For example, the counterpart could be the Federal
Trade Commission, Epic Games, or a class action lawsuit rather than the Department of Justice.
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in the assigned case. When a question asks respondents whether they support or oppose
a remedy or policy proposal, we use a five-point support scale: strongly oppose, somewhat
oppose, neither support nor oppose, somewhat support, and strongly support. The remedy
outcomes measure the intensity of demand for antitrust enforcement: whether respondents
support more consequential structural or conduct remedies, such as breaking up the company,
rather than only a favorable ruling against it (Kwoka and Moss, 2012).'® The first remedy,
break-up remedy, is a break-up or divestiture remedy. For example, respondents assigned to
Live Nation were asked whether they supported a measure that would “Require Live Nation

Y

to sell off Ticketmaster so it becomes a separate company.” The second remedy, conduct
remedy, would restrict a specific business practice. In the Live Nation case, for example,
respondents were asked whether they supported a measure that would “Prevent Live Na-
tion from making exclusive ticketing deals with venues and artists that require them to use
Ticketmaster.” In the analysis, we code each remedy outcome on a 0—4 scale, where higher
values indicate stronger support for the remedy. For conciseness, we combine the two remedy
outcomes into a single remedy index, defined as their average and therefore also measured on
the 04 scale.

Beyond measuring demand for antitrust in the assigned case, the survey was designed to
measure the breadth of the treatment effects: whether respondents extrapolate from a specific
antitrust case to beliefs and preferences about antitrust more generally. For example, if
information about Google increases the belief that Google harms consumers, we ask whether
it also increases the belief that market power by dominant companies more broadly harms
consumers. Likewise, if information about Google increases demand for antitrust enforcement
in the Google case, we ask whether it spills over to support for antitrust enforcement and
competition policy in other concentrated markets.

For brevity, when we discuss prior beliefs or posterior beliefs without further qualifica-
tion, we refer to beliefs about the assigned company and case. When discussing beliefs about
dominant companies more broadly, we explicitly call them general beliefs. The survey in-
troduced the general-beliefs module by asking respondents to think about “companies that
have a dominant position in their markets”. To make this idea concrete without repeating
the assigned case, the survey used the other four cases as examples of dominant companies.*’
We then elicited a set of general posterior beliefs that paralleled the four belief questions

about the assigned case. Respondents were asked the average share of the relevant U.S.

18To mitigate order effects, the survey randomized the order in which respondents saw the two remedy
questions.

For example, a respondent assigned to the Google case saw examples of Apple in smartphones and
mobile operating systems, Meta in social-media advertising, Luxottica in eyeglass frames and lenses, and
Live Nation in ticketing and live-event promotion.
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markets held by these dominant companies, whether they agreed that the market power of
dominant companies harms consumers, whether the market power of these dominant compa-
nies is mainly the result of fair or unfair competition, and how they felt overall about these
dominant companies.

Because remedies are context-specific, the broader analogue for the general outcomes
is support for antitrust enforcement and competition policy. We take multiple approaches
to elicit this broader form of support. First, the general antitrust support outcome asks
whether antitrust laws should be enforced more leniently, more strictly, or about the same
as they are now. We refer to this as the five-point enforcement-strictness scale, coded from
much more leniently (0) to much more strictly (4). Second, we described three real-world
policy proposals related to antitrust and competition policy and asked respondents whether
they supported or opposed each proposal using the five-point support scale.?’ The support
FO question described Executive Order 14036, “Promoting Competition in the American
Economy”, which directs federal agencies to promote competition and strengthen antitrust
enforcement. The support conduct bill question described the American Innovation and
Choice Online Act, which would restrict certain business practices by large online platforms
that may disadvantage competing businesses. The support merger bill question described
the Platform Competition and Opportunity Act, which would make it harder for very large
online platforms to acquire other companies. Before these policy questions, respondents were
informed that, at the conclusion of the study, we would share the anonymous survey results
with politicians and organizations relevant to these issues. This type of consequentiality
script has been shown to increase respondents’ perceptions that their answers may matter
for real-world decisions (e.g., Elias et al., 2019).

We also include three behavioral measures of policy support. For petition signing, re-
spondents read about a petition calling for stronger antitrust and competition enforcement
and indicated whether they would be interested in signing it. Respondents who answered
yes were shown a link to the petition website. In addition to asking about their willingness
to sign the petition, we recorded whether they clicked the petition link. For contact repre-
sentative, respondents indicated whether they would consider contacting an elected official
to express concerns about abuses of market power by companies such as the one assigned
to them. Those who answered yes were shown an editable draft message advocating fair
competition and stronger antitrust enforcement. Based on each respondent’s state of resi-
dence, the survey identified one of their U.S. senators and provided a link to the senator’s

contact page. We recorded whether respondents copied the suggested message and whether

20The order of the three policy-proposal questions was randomized.
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they clicked through to the contact page.?! Finally, for antitrust donation, respondents al-
located a $100 donation between the American Antitrust Institute, a nonprofit organization
that promotes competition through research, education, and advocacy, and World Relief,
an international humanitarian organization. Respondents could allocate any amount from
$0 to $100 to either organization, provided that the allocations summed to $100. To make
the decision consequential, one survey participant was randomly selected, and the $100 was
donated according to that participant’s allocation. We measure the amount allocated to the
American Antitrust Institute.

Because the six policy-support metrics—the three policy-proposal items, petition signing,
contact representative, and antitrust donation—are elicited on different scales, we combine
them into a policy index following the approach of Kling et al. (2007): we orient each com-
ponent so that higher values indicate greater support for antitrust policy, standardize each
component using the control-group mean and standard deviation, average the standardized
components, and then standardize the average again using the control-group mean and stan-

dard deviation.??

2.8 Follow-Up Survey

One month after the baseline survey, respondents were invited to complete another survey,
which we refer to as the follow-up survey. The main goal of this survey was to measure the
durability of treatment effects: whether any changes in beliefs and demand remained visible
about one month later.

The follow-up survey instrument is attached as Appendix G and described in detail below.
Panel B of Figure 1 summarizes the structure of this survey. We designed the beginning of
the follow-up survey to reduce demand effects. Before returning to the antitrust questions,
respondents answered a short set of filler questions about their use of and attitudes toward
artificial intelligence. The follow-up survey also used University of Zurich branding rather
than the UCLA branding from the baseline survey. Next, the survey included a brief summary
of the same case that was assigned at baseline. It then re-elicited the same belief measures
and most of the same outcome measures from the baseline survey, except for the behavioral
policy-support outcomes: petition signing, contacting a representative, and the donation-
allocation task. We excluded these outcomes for two reasons. First, we wanted to keep the

follow-up survey short enough to accommodate the trial-simulation module described below.

21 Clicking the petition link, copying the suggested message, or visiting the senator’s contact page does not
establish that a respondent ultimately signed the petition or submitted the email. We therefore use these
follow-through measures as behavioral validation of the stated-choice outcomes.

22This standardization is not needed for the remedy index, which averages two outcomes elicited using
the same five-point support scale.
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Second, it would be somewhat odd to re-elicit the same behavioral outcomes—for example,
respondents who had already signed the petition at baseline would not be eligible to sign it
once again.??

At the end of the follow-up survey we included a real-time trial simulation. In the Google
case, for example, the respondent was asked to take the role of a Department of Justice lawyer,
while an AI lawyer represented Google. Respondents exchanged a few messages with the Al
lawyer in real time, and an Al judge evaluated which side made the more convincing case.
To encourage respondents to take the exercise seriously and put effort into their arguments,
respondents were told that 10% of participants would be randomly selected for an additional
bonus based on how persuasive their arguments were. By placing this simulation at the
end of the survey, we ensured that the information exchanged with the Al lawyer would not
contaminate the rest of the outcomes.?* Because the trial simulation generated unstructured
text data, analyzing these responses requires additional time. We therefore leave the analysis

of this module to a future version of the paper.

2.9 Complementary Surveys

We conducted two supplemental surveys with different samples of respondents. The first one
is referred to as the “expert forecast survey.” The goal of this survey is to assess the extent
to which the experimental results were predictable or surprising. A sample of academic
and professional experts were provided with a detailed description of the main experiment,
including the antitrust cases, information treatments, and main outcomes. They were then
asked to forecast the average treatment effects and to rank the potential causal mechanisms.
Appendix D provides more details on the expert sample and survey design, and Appendix |
reproduces the full survey instrument. The second supplemental survey is referred to as the
“emotions survey.” The goal of this survey is to evaluate respondents’ emotional reactions
to the information treatments. Appendix C provides more details on the survey design and

implementation, and Appendix H reproduces the full survey instrument.

23Likewise, if respondents had already contacted a representative at baseline, it would be odd to ask them
again to contact a representative.

24For example, the conversation with the Al could expose respondents to arguments or information related
to a different treatment as the one they were originally assigned to.
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3 Sample and Baseline Demand for Antitrust

3.1 Implementation Details

The experiment was pre-registered at the AEA RCT Registry (AEARCTR-0018249) and
was reviewed and approved by the North General Institutional Review Board at UCLA.
We conducted the experiment with a sample of American respondents recruited through
Prolific. 'We required respondents to be U.S. residents and to complete the survey on a
laptop or desktop computer. The baseline survey was fielded on May 4-5, 2026. A total
of 4,016 respondents completed the baseline survey. The median completion time was 16.7
minutes and respondents were offered $3 for completion. We invited the baseline respondents
to participate in the follow-up survey approximately one month later. A total of 2,865
respondents completed the follow-up survey, corresponding to 71.3% of the baseline sample.?
The median completion time was 14.5 minutes.?%

Given growing concerns about online data quality and Al-assisted survey responses, we
implemented several quality-control measures. The baseline survey informed respondents
that the use of Al tools or automated assistance was prohibited. Prolific has its own measures
in place to detect and prevent Al use and automated Al agents in surveys (Prolific, 2026).
According to independent accounts, at the time that we fielded the survey, the estimated
share of Prolific participants using Al was reported to be very small (e.g., Celebi et al., 2026;
Affonso, 2026). However, out of an abundance of caution, we included our own independent
AT detection tools. The main Al-use detection, developed by Celebi et al. (2026), uses a
short video that Al agents can easily miss because they ingest snapshots of the screen rather
than real-time video feed. Indeed, this Al detection tool was found to be highly effective
at detecting Al agents (Celebi et al., 2026). This video-code check was passed by 98.5% of
respondents. The 1.5% who failed provide an upper bound for the potential share of responses
generated by Al agents, since human respondents could fail this check if they were not paying
close attention. Thus, this Al check confirms that the vast majority of the respondents were
not using Al tools to respond to our survey. The rest of the data quality checks reinforce
this view. We also included CAPTCHA verification, and the mean reCAPTCHA score was
0.96 on a 0-1 scale, where higher values indicate a greater likelihood that the respondent

27

is human.”* Finally, an open-ended question in the baseline survey allowed us to track

25Because respondents could take a few days to respond to the follow-up invitation, the elapsed time
between the baseline and follow-up surveys varies somewhat across individuals. On average, the follow-up
survey was completed 29.9 days after the baseline survey.

26Respondents were offered a minimum of $2 for completing the follow-up survey.

2TWe included both a reCAPTCHA verification challenge and the video-check in the follow-up survey too,
with similar results.
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respondents’ typing behavior. In total, 92.5% of respondents entered text; among them,
99.5% typed at speeds consistent with human input. These patterns again suggest that the
share of Al-assisted or Al-agent-generated responses was very low.

We included standard attention checks, which 96.3% of respondents passed even though
the checks were placed at the end of the survey, when survey fatigue was likely highest.
Among baseline respondents, 98.3% rated the survey questions as easy or very easy. The
distribution of completion times suggests little concern about substantial speed-taking: only
4.5% of respondents completed the survey in under eight minutes.

The survey also collected several background measures to characterize respondents and
assess their familiarity with the assigned companies and antitrust cases. Respondents entered
the survey with different levels of familiarity with the assigned companies and cases. Most
respondents had heard of Google, Apple, Meta, and Live Nation, while Luxottica was much
less familiar. Awareness of the specific antitrust disputes was lower and varied more across
cases, from 5.8% for Luxottica to 43.9% for Live Nation; Appendix B.3 provides more detail.?®
We also asked respondents whether they perceived the survey as politically biased; 86.7%
reported no bias, 10.6% a left-leaning bias, and 2.8% a right-leaning bias.

3.2 Sample Characteristics and Randomization Balance

Table 1 reports descriptive statistics and randomization balance. Column (1) describes the
full baseline sample: 58% of respondents are female, 46% are 35 or younger, 66% are White,
19% are Black, 6% are Asian, and 6% are Hispanic. About 66% of respondents report annual
household income above $50,000, 55% have a college degree, 43% identify as Democrats, and
25% identify as Republicans. As is common in online samples, our sample differs somewhat
from the general U.S. population: respondents are younger, more educated, more female,
and more Democratic-leaning than the benchmark population—see Appendix B.2 for more
details. Columns (2)—(6) report the same characteristics separately by information-treatment
arm: control, market share, consumer harm, unfair competition, and negative image. Column
(7) reports the p-value from a joint test of equality across treatment arms. Observable
characteristics are balanced across treatment groups: the differences are small in magnitude,
and none of the reported p-values indicates statistically significant imbalance. The final
panel reports follow-up participation. Overall, 71% of baseline respondents completed the
follow-up survey, and follow-up participation is similar across treatment arms, suggesting no

meaningful selective attrition by information treatment.

28Prior awareness of the antitrust cases, if anything, biases the results against detecting treatment effects
because respondents who were already familiar with a case received less new information from the information
treatment.
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3.3 Baseline Beliefs

We begin by describing baseline beliefs, using respondents assigned to the control group.
The top row of Figure 2 summarizes these results. Panel A shows that the average perceived
market share was 67.2%. This average masks substantial heterogeneity: the 10th percentile
is 40.0%, while the 90th percentile is 86.9%. Panel B shows that 68.3% of respondents some-
what or strongly agree that the assigned firm’s market power harms consumers; again, these
averages mask meaningful heterogeneity, as these beliefs are stronger for some subjects than
for others. Panel C shows that 53.8% of respondents view the firm’s market power as arising
more from unfair than fair competition. And Panel D shows that 38.8% report an unfavor-
able view of the assigned company. The corresponding general beliefs about dominant firms
show similar patterns.?’ The four beliefs are correlated with one another, though far from
perfectly so. In the control group, pairwise correlations range from 0.01 between perceived
market share and perceived negative image to 0.71 between perceived unfair competition and
perceived negative image, with an average correlation of 0.37 across the six belief pairs. This
pattern is natural given that the beliefs are interdependent: for example, respondents who

perceive a higher market share also tend to perceive somewhat greater consumer harm.

3.4 Baseline Demand for Antitrust Enforcement

We next describe the demand for antitrust enforcement in the control group, to provide a
sense of the baseline support. The main pattern is that baseline demand is substantial. The
bottom row of Figure 2 reports selected outcomes for the control group. Panel E shows
that baseline plaintiff support is substantial but far from unanimous: 56.4% of control-
group respondents somewhat or strongly support the plaintiff side, with an average response
of 2.46 on the five-point side-taking scale. Support for remedies depends on the type of
remedy. Although many respondents favor antitrust enforcement, support is lower for the
more punitive structural remedy than for restrictions on specific business practices: while
46.9% somewhat or strongly support the break-up remedy (Panel F), 70.1% support the
conduct remedy (Panel G).

Support is also high when respondents are asked about antitrust enforcement and compe-
tition policy more generally. Panel H shows that 75.5% of control-group respondents some-
what or strongly support increasing enforcement of antitrust laws in concentrated industries.
Support for the three policy proposals is high, with more than 80% of control-group respon-

dents somewhat or strongly supporting each proposal. By contrast, the behavioral measures

29Respondents perceive dominant firms as having large market shares and tend to agree that market
power harms consumers, while views about unfair competition and negative image are more mixed—see
Appendix B.4 for details.
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show more moderate support. On average, respondents allocate 39.6% of the hypothetical
donation budget to the antitrust organization. And although 49.5% say they would sign
the petition and 40.6% say they would consider contacting their representative, the behav-
ioral proxies, such as clicking the relevant links, indicate that smaller shares took subsequent
steps toward these actions; see Appendix B.6 for details. Additional baseline outcomes are
discussed in Appendix B.4. Although baseline beliefs and support vary somewhat across
cases, the overall pattern is consistent: respondents perceive the assigned firms as having
substantial market power and express meaningful support for the plaintiff side, case-specific
remedies, and general antitrust enforcement; see Appendix B.8 for more details.

Although we observe a high level of support for antitrust enforcement on average, base-
line beliefs and preferences vary considerably across respondents. Before interpreting this
cross-sectional variation as meaningful heterogeneity, we assess the extent to which it may
reflect measurement error. We use two test-retest exercises among respondents assigned to
the control group. First, we compare prior and posterior beliefs elicited within the baseline
survey. Because control-group respondents received no information between these elicita-
tions, the resulting correlations provide a measure of short-run reliability. The correlations
are high, ranging from 0.88 to 0.95 across the four belief measures. Under the classical
measurement-error model, these correlations can be interpreted as the share of observed
variation attributable to signal rather than noise. The high correlations therefore indicate
that variation in the belief measures contains a strong and meaningful signal.

However, these within-survey correlations may overstate reliability if some respondents
remembered and repeated their earlier answers. To address this concern, we conduct a sec-
ond test by comparing responses across the baseline and follow-up surveys. This longer-run
comparison is more demanding because respondents may have consumed additional infor-
mation about the companies or antitrust cases and genuinely revised their views between
survey waves. Thus, the cross-wave correlations reflect both measurement error and genuine
changes in beliefs and preferences. The test-retest correlations range from 0.57 to 0.78 for
the belief measures and from 0.60 to 0.64 for the three main case-specific outcomes. These
correlations suggest that the survey measures capture relatively stable views rather than
pure noise, especially given that the two surveys were conducted one month apart. They are
also in the range of test-retest correlations reported for other subjective survey measures,
including life satisfaction and economic preferences (Krueger and Schkade, 2008; Dohmen
and Jagelka, 2024)—for more details, see Appendix B.12.

Finally, we examine how prior beliefs relate to demand for antitrust enforcement. Each
of the four prior beliefs is positively and significantly correlated with baseline demand for

antitrust enforcement—see Appendix B.5 for more details. Plaintiff support is strongly as-
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sociated with the beliefs that the firm’s market power harms consumers, reflects unfair com-
petition, and gives respondents a more negative view of the company. The correlation with
perceived market share is positive but more modest. These correlations, of course, do not

imply causation, which is why we use an experimental approach.

4 Average Treatment Effects

4.1 Treatment Effects on Beliefs

Figure 3 reports treatment effects on the four belief measures. As a placebo check, Ap-
pendix B.13 shows that prior beliefs are balanced across treatment arms before respondents
learned whether they would receive information. Let K = {MS,CH,UC, NI} denote per-
ceived market share, perceived consumer harm, perceived unfair competition, and perceived
negative image. For respondent i and belief k € K, let ¥/;"”" and b7 denote prior and
posterior beliefs. Define the belief update as Aby, = b — br*". Let T* indicate assignment
to information treatment k, with TF = 0 for all k in the control group. Let s} denote the
market-share signal corresponding to respondent ¢’s assigned case. We start with the market-
share treatment because it provides the cleanest illustration of belief updating: unlike the
other treatments, it gives respondents a numeric signal on the same scale as the belief elicita-
tion. Panel A shows that the market-share treatment increases perceived market share by 6.8
pp. This effect is highly statistically significant and large in magnitude. The positive average
effect is also consistent with the distribution of prior beliefs: among respondents assigned to
the market-share treatment, prior beliefs were, on average, 9.8 pp below the corresponding
signal.

We use a simple framework of Bayesian learning as a lens to interpret these effects on
beliefs (e.g., Cavallo et al., 2017; Cullen and Perez-Truglia, 2022). In the standard case
in which the respondent’s prior belief and the signal are normally distributed with known
variances, the posterior mean is a precision-weighted average of the prior mean and the signal
(e.g., DeGroot, 1970). Subtracting the prior from both sides implies that belief updating is

proportional to the gap between the signal and the respondent’s prior belief:
iZ\fItS - z?\lfg = QMms (sf\gs - zrz\ljg) + €ims- (1)

The parameter )5 measures the degree of updating. If ap;s = 0, respondents ignore
the information; if aprg = 1, respondents fully adjust to the signal. Equation (1) implies
that respondents whose priors are below the signal should revise their beliefs upward, while

respondents whose priors are above the signal should revise their beliefs downward.
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In practice, respondents may also revise their answers between the prior and posterior
elicitations even when they do not receive the market-share treatment. For example, they
may reconsider the question, correct an earlier typo, or move their answer in the direction
of the true value for spurious reasons unrelated to the treatment. Following the standard
approach in information-provision experiments, we separate treatment-induced learning from
this spurious updating by comparing respondents who were shown the information to those

who were not:
Abi,MS = TMS + 5M5T;MS + OzMSTZ-MS (S?gs — i}ﬁg) + nyms (S?C/[S — big(;g) + Ei,MS- (2)

The coefficient 7y, captures spurious updating: the relationship between the market-share
gap and belief revisions among respondents in the control group. The coefficient a5 captures
how the market-share treatment changes the slope of belief updating with respect to the prior
gap, above and beyond that spurious updating.

Panel B of Figure 3 displays the empirical analogue of equation (2). The y-axis is belief
updating, Ab; yrs, and the x-axis is the prior gap, sMS %ng, plotted separately for the
market-share treatment and control groups. The control-group slope corresponds to s,
while the treatment-group slope corresponds to ajrs + 1ars; the difference between the two
slopes is therefore ajss. At any given prior gap, the treatment-induced belief update is
s + anms (sf‘fs - 17}\%) Consistent with the learning framework, respondents update
upward when their priors are below the signal and downward when their priors are above it.
Empirically, the treatment and control lines cross close to zero, indicating little treatment-
induced updating among respondents whose priors were already close to the signal.

Next, we turn to the consumer-harm treatment. Panel C of Figure 3 shows that this
treatment increased perceived consumer harm by 0.52 points on the 0—4 scale, an effect that
is both statistically significant (p<0.001) and economically meaningful. Panel D shows the
heterogeneity in belief updating by prior beliefs. The consumer-harm treatment differs from
the market-share treatment because the signal was implicit rather than explicit. That is, the
consumer-harm treatment did not tell respondents that the firm’s consumer harm was equal
to a specific number on the 0—4 scale. Instead, it was up to the respondents to interpret the
information as a value of 3, 3.5, 4, or some other value. The fact that the average update
was positive implies that, on average, the implied signal was above the average prior belief
(2.7 on the 04 scale).

To analyze belief updating when signals are implicit rather than explicit, we estimate a

version of equation (2) that replaces the observed prior gap with the prior belief itself. The
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estimable regression for k = C'H is:
Abjcy =Tom + 6enTE ™ + OéCHﬂCHb%% + TICHb%(Z +&icn- (3)

The control-group slope is oy, while the treatment-group slope is nog + acg; the difference
between the two slopes is therefore acy. At any given prior belief, the treatment-induced
belief update is ooy + acny Z’é‘}; If the treatment moves respondents toward an implied
signal, the treatment and control lines should cross at the value of the prior belief equal to
that implied signal. Panel D of Figure 3 shows that the treatment and control lines cross
close to 4. This suggests that respondents interpreted the consumer-harm narrative as a
strong signal near the top of the scale: respondents with priors below 4 update upward,
while respondents already near 4 have no reason to update downward.

Panels E and F of Figure 3 repeat the exercise for perceived unfair competition. Panel E
shows that the unfair-competition treatment shifted perceived unfair competition upward, on
average by 0.60 points on the 0—4 scale. Since this treatment does not make the signal explicit,
we estimate the analogue of equation (3) with & = UC. Panel F shows that respondents
with lower prior unfairness beliefs update upward by more, while the treatment-control gap
narrows as prior beliefs move toward the top of the scale. The fitted lines converge near the
top of the scale, suggesting that respondents interpreted the unfair-competition treatment as
a strong signal near the top of the unfairness scale.

Panels G and H turn to perceived negative image. Panel G shows that the negative-image
treatment increases the perceived negative image of the assigned company by an average of
0.51 points on the 0—4 scale. In Panel H, we estimate the implicit-signal specification with
k = NI. The treatment and control groups are nearly identical among respondents with prior
beliefs equal to 4. This suggests that respondents interpreted the negative-image treatment
as a strong signal near the top of the negative-image scale: respondents with lower priors
update upward, while respondents already near the top have no reason to update downward.

Table 2 reports the average treatment effects on the main beliefs and outcomes. Panel A
reports raw coefficients in the original units of each outcome. To make it easier to compare
effect sizes across outcomes, we focus mostly on Panel B, which reports coefficients standard-
ized by the standard deviation of the corresponding outcome. Columns (1)—(4) report the
effects on all four case-specific belief measures. The diagonal coefficients correspond to the
effects discussed in Figure 3: each treatment significantly shifts the belief it was designed to
target. The off-diagonal panels shows that, additionally, the treatments often spills over to
other beliefs.

The market-share treatment is the most compartmentalized: it increases perceived mar-
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ket share by 0.39 SD, but its only statistically significant spillover is on perceived unfair
competition, at 0.13 SD. Our preferred interpretation is that, after learning that the firm has
a larger market share than they thought, respondents infer that the company may have done
something unfair to gain that competitive advantage.

For the other treatments, the spillovers are broader. The consumer-harm treatment in-
creases perceived consumer harm by 0.48 SD, but it also increases perceived market share
by 0.34 SD, perceived unfair competition by 0.41 SD, and perceived negative image by 0.44
SD. This suggests that information about consumer harm changes respondents’ broader in-
terpretation of the case: if the firm’s market power harms consumers, respondents also infer
greater dominance, less fair conduct, and a more negative overall view of the company.

The unfair-competition treatment has similarly broad effects. It increases perceived unfair
competition by 0.53 SD, while also increasing perceived market share by 0.36 SD, perceived
consumer harm by 0.38 SD, and perceived negative image by 0.44 SD. This pattern is consis-
tent with respondents interpreting unfair conduct as evidence of broader market power and
consumer harm: if the firm uses unfair practices to preserve its position, respondents infer
that it is also more dominant, more harmful to consumers, and deserving of a more negative
evaluation.

The negative-image treatment primarily affects perceived negative image, increasing it by
0.42 SD. It also has significant spillovers to perceived consumer harm (0.19 SD) and perceived
unfair competition (0.21 SD), though no detectable effect on perceived market share. This
suggests that information portraying the firm’s leadership as unethical leads respondents to
draw broader inferences about the firm’s conduct: they become more likely to believe that
the company harms consumers and competes unfairly, but not necessarily that it has a larger
market share.

These patterns reinforce the idea that the four beliefs are interdependent: information
designed to move one belief can also change how respondents think about market power,
consumer harm, unfair conduct, and the company more generally. In this section, we focus
on the average treatment effects; in Section 5, we return to this belief updating and use it to

disentangle the causal effects of each belief.

4.2 Treatment Effects on Demand for Antitrust Enforcement

Column (5) of Table 2 reports effects on plaintiff support, our most direct measure of which
side respondents favor in the assigned case. Support for the plaintiff side responds most
strongly to information about consumer harm and unfair competition, while market share
alone has little effect. Despite the strong effect on the perceived market share, the market-

share treatment has small (0.09 SD) and only marginally significant (p=0.066) effect on
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the plaintiff support. By contrast, the other three treatments increase plaintiff support
substantially. The consumer-harm and unfair-competition treatments produce the largest
effects, at 0.45 SD and 0.48 SD, respectively (both p<0.001). The negative-image treatment
has a somewhat smaller effect on plaintiff support, at 0.29 SD (p<0.001).

We organize the remaining outcome effects around three dimensions of demand for an-
titrust enforcement: intensity, breadth, and durability. Intensity asks whether information
moves respondents beyond plaintiff support toward support for concrete remedies, such as
breaking up the company. Breadth asks whether information about the assigned case spills
over to beliefs and preferences about dominant firms more broadly. Durability asks whether
the effects remain visible in the follow-up survey about one month later.

Column (6) of Table 2 shows the effects on intensity. The consumer harm and unfair
competition treatments produce the strongest evidence that respondents are willing to move
beyond agreement with the plaintiff side toward more consequential remedies. The market-
share treatment has no statistically significant effect on the remedy index (0.06 SD, p=0.262).
By contrast, the consumer-harm treatment increases the remedy index by 0.28 SD, while the
unfair-competition treatment increases it by 0.33 SD (both p < 0.001). The negative-image
treatment also increases remedy support, but the effect is smaller, at 0.19 SD (p < 0.001).
Most importantly, this is just the average effect of the negative image treatment; Section 5
asks whether it operates through perceived negative image itself or through the treatment’s
spillovers to perceived consumer harm and unfair competition.

Columns (1)—(6) of Table 3 speak to breadth. Overall, breadth is strongest for consumer
harm, intermediate for unfair competition, and limited for negative image and market share.
The consumer-harm treatment increases all four general beliefs, with effects of 0.13 SD on
general market share (p=0.009), 0.25 SD on general consumer harm (p<0.001), 0.17 SD on
general unfair competition (p<0.001), and 0.15 SD on general negative image (p=0.002). It
also increases general antitrust support by 0.13 SD (p=0.010). The effect on the policy index
is smaller, at 0.05 SD, and not statistically significant (p=0.270). The 90% confidence inter-
val, [-0.03, 0.13], does not rule out modest positive effects. Still, the smaller point estimate
suggests that consumer-harm information may move general support for stricter enforcement
more than support for specific policy instruments or behavioral actions, perhaps because
some respondents recognize the problem but are less enthusiastic about the available polit-
ical or policy solutions (Kuziemko et al., 2015; Stantcheva, 2021). The unfair-competition
treatment also has some breadth, increasing general consumer harm by 0.16 SD (p=0.001)
and general unfair competition by 0.12 SD (p=0.017), but its effects on general antitrust
support and the policy index are not statistically significant (0.08 SD, p=0.110, and -0.05

SD, p=0.317). Our preferred interpretation is that learning that executives at one com-
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pany engaged in unfair practices may not lead respondents to infer that executives at other
dominant firms behave similarly. The negative-image treatment has more limited breadth:
it has small, marginally significant effects on general consumer harm (0.09 SD, p=0.071)
and general unfair competition (0.09 SD, p=0.077), but not on general negative image (0.06
SD, p=0.204), general antitrust support (0.08 SD, p=0.110), or the policy index (-0.01 SD,
p=0.807). In other words, respondents appear willing to update their view of the specific
company, but do not generalize from misconduct at one firm to a broader negative view of
dominant firms as a class. The market-share treatment again mostly affects beliefs about
market share itself, increasing general perceived market share by 0.16 SD (p=0.001), with no
corresponding increase in general antitrust support (-0.00 SD, p=0.960) or the policy index
(-0.04 SD, p=0.475). This reinforces the main interpretation from the case-specific outcomes:
respondents update their beliefs about dominance, but absent corresponding concerns about
consumer harm or unfair conduct, they do not treat dominance itself as a sufficient reason
to demand stronger antitrust enforcement.

Columns (11) and (12) of Table 2 speak to durability. The consumer-harm treatment
remains the most durable: one month later, it still increases plaintiff support by 0.15 SD
(p=0.010) and the remedy index by 0.12 SD (p=0.032). The unfair-competition treatment
also has persistent effects, but they are somewhat smaller and less precisely estimated, with
effects of 0.11 SD on plaintiff support (p=0.054) and 0.10 SD on the remedy index (p=0.082).
By contrast, the negative-image treatment has little durability: its follow-up effects are 0.06
SD for plaintiff support (p=0.277) and 0.01 SD for the remedy index (p=0.839). The market-
share treatment continues to have no meaningful effect on the main outcomes, with follow-up
effects of 0.01 SD and 0.02 SD (p=0.904 and p=0.700).

One interpretation is that durability declines with inferential distance from the treatment:
information about a specific firm may remain relevant for views about that firm, while broader
beliefs and policy preferences require an additional extrapolation that fades more quickly.
Columns (7)-(12) of Table 3 examine whether the broader effects persist in the follow-up
survey. Unlike in the baseline survey, the follow-up effects on general beliefs and general
antitrust support are not statistically significant. These null effects should be interpreted
cautiously: the follow-up effects are substantially attenuated, and the follow-up sample is
29% smaller than the baseline sample. As a result, the confidence intervals are too wide to
rule out modest effects that are both broad and durable. The one unusual pattern is that
column (12) shows statistically significant negative effects on the follow-up policy index for
all four treatments. We do not interpret these estimates as evidence that the treatments
reduced support for antitrust policy, since they are not accompanied by negative effects on

general beliefs or general antitrust support. A more plausible explanation is that, by chance,
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the control group scored higher on the follow-up policy-index components.

More broadly, the follow-up estimates line up directionally with the baseline estimates, but
they are smaller in magnitude. This pattern is consistent with other information-provision
experiments, where the effects of information tend to decay over time, probably because,
in the interim, some subjects forget the experimental information or receive new informa-
tion. For example, Cavallo et al. (2017) find that 45.6% of the belief updating induced by
information about inflation persisted four months later. In our setting, a pooled comparison
of baseline and follow-up treatment effects suggests that follow-up effects are about 31% as
large as the corresponding baseline effects—see Appendix B.14.

In sum, the consumer-harm treatment performs best across intensity, breadth, and dura-
bility; the unfair-competition treatment is powerful but narrower; the negative-image treat-
ment has limited breadth and durability; and the market-share treatment has no meaningful
effect on demand for antitrust enforcement.

Some additional robustness checks are presented in the Appendix. Appendix B.10 shows
that the treatment-effect estimates are robust to adding respondent-level controls and re-
stricting the sample to respondents who passed either the survey attention check or the
video-comprehension check. Appendix B.11 reports treatment effects separately for each of
the five cases. The main qualitative patterns are broadly evident across the five cases, and
none of the results seem to be driven by a single case. Appendix B.9 reports treatment effects
separately for the break-up and conduct-remedy components. The component-level estimates
closely mirror those for the remedy index. Likewise, Appendix B.9 reports treatment effects
separately for each of the six components of the policy index.

The expert forecast survey, analyzed in detail in Appendix D and summarized below, helps
put these results in perspective. Two features of the forecasts are worth emphasizing before
comparing them to the experimental estimates. First, experts reported low confidence in their
predictions. Second, their forecasts were highly dispersed: for each treatment-outcome pair,
some experts predicted negative effects while others predicted sizable positive effects. This
lack of consensus suggests that the effects of the information treatments were not obvious ex
ante. If we compare the experimental estimates to the individual forecasts, only a minority
of experts come close to predicting the treatment effects. Even if we average across experts,
there are still large discrepancies between the average forecasts and the actual effects. The
average forecasts suggest that all treatments would have similar positive effects, whereas the
experiment shows large differences across treatments. The contrast is especially stark for
market-share information: the treatment experts expected to be the most effective is the

least consequential in the experiment.
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5 Causal Mechanisms

The previous section shows which information treatments affect demand for antitrust en-
forcement. This section studies the causal mechanisms behind those effects: which beliefs
move respondents toward supporting enforcement and remedies? Because each treatment
can shift multiple beliefs at once, we use the experimental variation in belief updating to
estimate the relative causal contribution of perceived market share, consumer harm, unfair

competition, and negative image.

5.1 2SLS Model

The learning framework in Section 4.1 describes a simple case with one belief and one explicit
signal. The mechanism analysis requires a richer framework because our setting has four
treatments and four potentially interrelated beliefs. Respondents may use the information
from one treatment to make inferences about more than one belief. For example, a respondent
who learns that a firm has a higher market share than expected may update the market-
share belief directly, but may also infer that the firm causes more consumer harm or view
the company more negatively.

Following the econometric approach used in other information-provision experiments, such
as Cullen and Perez-Truglia (2022) and Giaccobasso et al. (2025), we estimate a 2SLS model
that uses the information treatments as exogenous shocks to respondents’ belief updates. We
retain the notation from Section 4.1, with K = {MS,CH,UC, N1} denoting the four belief
dimensions and Ab;;, denoting respondent ¢’s belief update along dimension k. The four belief
updates are the endogenous variables in the 2SLS model. As in equation (2), the specification
uses the prior gap sM° — bf?ffg for market share because that treatment provides a numeric
signal. For the other three belief dimensions, it uses prior beliefs, as in equation (3). Let 7,
denote case fixed effects for respondent i’s assigned case.

We begin with the first stage. For each belief k € K, we estimate:

Abj =7+ Y 0Ty + Y oy T} (sf\gs - fz\’fg)

teK teK
0 pri S (MS ;
+2 > kLU (Sf\f - 17}%) (4)
(eK me{CH,UC,NI}
+ > DembPr " 4 7o 4 g, ke K.
me{CH,UC,NI}

Equation (4) is a system of four regressions, one for each of the four beliefs. The treatment

indicators allow each information treatment to shift each belief on average. The treatment-
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by-prior interactions allow these effects to depend on respondents’ starting beliefs. As in
Section 4.1, the specification uses the prior gap for the market-share dimension because the
market-share signal is explicit; for the other three dimensions, it uses the prior belief itself.
It is important to note that this specification does not require each treatment to be a pure
shock to only one belief. Instead, it allows, for example, the consumer-harm treatment to
affect perceived consumer harm directly while also affecting perceived market share, perceived
unfair competition, and perceived negative image.

Let Y; denote the outcome of interest. The second-stage equation is:

Y =wo+ > Yelby + Yus (Sf\gs - ,7;;) + > Vb £+ €, (5)
keK me{CH,UC,NI}

The coefficients 1, capture the effect of belief updating along dimension £ on the outcome,
holding fixed the other belief updates, the market-share prior gap, and the prior levels of the
other beliefs. Equation (4) is the corresponding first-stage system for the four endogenous
belief updates, Ab, in equation (5). The belief updates may be correlated with unobserved
determinants of antitrust demand, such as attention to the survey, prior familiarity with
the firm, or latent preferences for antitrust enforcement. We therefore estimate equation (5)
using a 25LS model.

The excluded instruments are the treatment indicators, T}, the interactions between the
treatment indicators and the market-share prior gap, T} x (sf‘f S — Z’}jg), and the interactions
between the treatment indicators and the other prior beliefs, T/ x bb" for £ € K and
m € {CH,UC,NI}.>® The treatment indicators isolate average shifts in belief updating
induced by the information treatments, while the interactions with prior beliefs and the
market-share prior gap allow treatment-induced updating to depend flexibly on respondents’

starting beliefs.

5.2 2SLS Results

Before turning to the 2SLS estimates, it is useful to provide an intuition for the identification
strategy. The average treatment effects already provide some suggestive evidence about
the underlying mechanisms. The market-share treatment primarily shifts perceived market
share, with much smaller spillovers to the other beliefs. Yet this treatment has little effect

on demand for antitrust enforcement. This pattern already suggests that perceived market

39Tncluding the prior beliefs and market-share prior gap as controls ensures that the excluded instruments
isolate variation driven by random assignment to the information treatments, rather than cross-sectional
differences in respondents’ baseline views.
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share is unlikely to be an important independent driver of antitrust demand. For the other
treatments, however, the average treatment effects are harder to interpret: the consumer-
harm, unfair-competition, and negative-image treatments each shift several beliefs at once,
so their effects on outcomes could reflect different combinations of perceived consumer harm,
perceived unfair competition, and perceived negative image.

The 2SLS strategy builds on the fact that even though the treatments often move several
beliefs at once, they do not move them in the same proportions. For instance, the consumer-
harm treatment moves all four beliefs, but its largest effect is on perceived consumer harm; the
unfair-competition treatment has its largest effect on perceived unfair competition; and the
negative-image treatment has its largest effect on perceived negative image. These differences
in the relative strength of belief updating help disentangle which belief updates are most
closely associated with changes in demand for antitrust enforcement.

Crucially, the identifying variation becomes significantly richer once we account for differ-
ences in prior beliefs. Respondents do not update equally in response to the same information:
they update more when the information is farther from their priors and less when their priors
are already close to the message. As a result, the profile of belief updating induced by a given
treatment differs across respondents. For example, a respondent who initially perceives little
unfair competition but already perceives substantial consumer harm may update strongly
on unfair competition after receiving the unfair-competition treatment, while updating lit-
tle on consumer harm. The treatment-by-prior interactions in the first stage capture this
heterogeneity and help separate the causal contribution of each belief.

To illustrate the richness of the heterogeneous updating by prior beliefs, Figure 4 shows
the first-stage results in binned scatterplot form. The diagonal panels (A, F, K, and P), show
the effects of each treatment on the main belief it was designed to affect.?! The off-diagonal
panels, correspond to the spillovers to the other three beliefs.

Figure 4 shows that belief updating is strongly shaped by respondents’ prior beliefs.
The reported “Diff. p-value” tests whether the treatment and control slopes are equal.
In 13 of the 16 treatment-belief pairs, we reject equality of slopes at conventional levels,
indicating that treatment-induced updating usually differs systematically with respondents’
prior beliefs. This pattern appears not only in the diagonal panels, but also in many off-
diagonal panels. For example, consider a respondent who initially scores 0 on perceived
consumer harm but 4 on perceived unfair competition. In response to the consumer-harm
treatment, this respondent updates strongly on perceived consumer harm (Panel F) but

does not update at all on perceived unfair competition (Panel K). A respondent with this

31Panels A, F, K, and P of Figure 4 are the multivariate counterparts to Panels B, D, F, and H of Figure 3.
They need not match exactly because while Figure 3 measures each treatment-belief relationship separately,
Figure 4 estimates all treatment-by-prior interactions simultaneously.
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combination of prior beliefs is then extremely useful for disentangling the effects of perceived
consumer harm from those of perceived unfair competition. The same logic extends to other
combinations of prior beliefs: they generate different profiles of belief updating, which help
separate the causal contribution of each belief.

Table 4 reports the 2SLS estimates. Panel A reports raw coefficients, but we focus on
Panel B, which reports standardized coefficients. The coefficients can be interpreted as the
causal effect of a one-point increase in a belief, holding the other three beliefs fixed.

A common concern in 2SLS models is weak-instrument bias (Stock et al., 2002). In our
setting, this concern is mitigated by the strong belief updating documented in Section 4.1:
the information treatments generate large and statistically significant movements in the belief
measures. At the same time, weak instruments are a relevant concern because the four belief
updates are interrelated, so the first stage must isolate variation in each belief update holding
the others fixed. As a formal diagnostic, the bottom of Table 4 reports the Cragg-Donald
Wald F-statistic. The statistic is 9.63 across specifications, close to the conventional rule-of-
thumb threshold of 10 (Staiger and Stock, 1997); therefore, we do not view weak instruments
as a significant source of concern.

The results from Table 4 indicate that perceived market share has no meaningful effect
on demand for antitrust. The effects are close to zero across all four outcomes: -0.003 SD for
plaintiff support, -0.004 SD for the remedy index, -0.003 SD for general antitrust support,
and 0.002 SD for the policy index. Thus, although the market-share treatment strongly shifts
perceived market share, the 2SLS results confirm that perceived market share itself is not an
important driver of demand for antitrust enforcement.

Perceived consumer harm is the broadest mechanism. A one-point increase in perceived
consumer harm raises plaintiff support by 0.24 SD and the remedy index by 0.18 SD. When
respondents learn about the presence of consumer harm, they become more supportive not
only of enforcement in the assigned case, but also of broader antitrust policy. It also increases
general antitrust support by 0.17 SD and the policy index by 0.33 SD. This is the only belief
channel with economically and statistically significant effects across all four outcomes.

Perceived unfair competition is also an important mechanism, but its effects are con-
centrated on the assigned case. A one-point increase in perceived unfair competition raises
plaintiff support by 0.38 SD and the remedy index by 0.35 SD. However, the corresponding
effects on general antitrust support and the policy index are small and statistically insignifi-
cant. This suggests that perceived unfair conduct makes respondents want enforcement and
remedies against the specific firm in the assigned case, but does not generalize as strongly to
broader antitrust policy preferences.

As a belief channel, perceived negative image has a narrower effect. A one-point increase
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in perceived negative image raises plaintiff support by 0.27 SD, but has little effect on the
remedy index, general antitrust support, or the policy index. This evidence suggests that a
negative view of the company is enough to move respondents toward the plaintiff side, but
not strong enough to prompt support for remedies. This helps interpret the average effect of
the negative-image treatment on remedy support discussed above. That treatment shifted
not only perceived negative image, but also perceived consumer harm and perceived unfair
competition. The 2SLS estimates suggest that the remedy response is more likely driven
by the spillover to the beliefs on consumer harm and unfairness than by perceived negative
image itself.

The limited role of perceived negative image is also consistent with evidence from the
emotions survey. As discussed in Appendix C, all four information treatments elicited sub-
stantially more negative than positive emotions, but the emotional response was broadly
similar across treatments. This contrasts with the main experiment, where the treatments
generated sharply different effects on demand for antitrust enforcement. This pattern sug-
gests that negative affect alone is unlikely to be the main mechanism; instead, the results
point to differences in how respondents update specific beliefs and translate those beliefs into
policy preferences.

Taken together, the 2SLS estimates suggest a clear hierarchy of mechanisms. Perceived
market share is not important. Perceived consumer harm is the broadest and most robust
channel. Perceived unfair competition is powerful for plaintiff support and remedies, while
perceived negative image mainly affects plaintiff support. The expert forecasts also missed
the mark on causal mechanism. In particular, experts predicted that perceived market share
would be by far the most important belief channel, whereas the 2SLS results indicate that it

does not matter at all-—see Appendix D for more details.

6 Conclusions

This paper studies public demand for antitrust enforcement using a pre-registered survey
experiment with 4,016 American households. Respondents were assigned to one of five real
antitrust cases and then randomly assigned to receive no additional information or one of
four information treatments: market share, consumer harm, unfair competition, or negative
image. The treatments had sharply different effects on demand for antitrust enforcement.
Information about market share substantially changed perceived market share but did not
meaningfully increase plaintiff support or remedy support. The other treatments increased
antitrust demand, but differed in their intensity, breadth, and durability. The consumer-harm

treatment had the strongest profile on all three dimensions: it increased plaintiff support and
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support for consequential remedies, spilled over to broader antitrust policy preferences, and
persisted in the follow-up survey. The unfair-competition treatment also increased plaintiff
support and remedy support, but its effects were less broad and less durable. The negative-
image treatment had the narrowest effects: it shifted respondents toward the plaintiff side
and had smaller effects on remedies, but generated little breadth or durability.

Because each treatment can move several beliefs at once, these average treatment effects
do not by themselves reveal which beliefs causally drive demand for antitrust enforcement.
We therefore estimate a 25LS model to disentangle the causal effect of each of the four beliefs.
The results point to a clear hierarchy of mechanisms. Perceived consumer harm is the most
robust driver of antitrust demand, increasing support for the plaintiff side, remedies, and
even preferences about dominant firms beyond the specific case at hand. Perceived unfair
competition matters for plaintiff support and remedies but lacks breadth. Perceived negative
image plays a more limited role, while perceived market share has no meaningful effects.

Our results suggest that public demand for antitrust aligns closely with the standard
economic framework in its sharp distinction between market share and market power: re-
spondents do not demand antitrust enforcement simply because a firm has a high market
share, but only if they believe there is consumer harm. The departure from the core economic
framework comes from the perceived unfair competition. Holding perceived consumer harm
fixed, respondents are more willing to support enforcement and remedies when they believe
dominance was obtained or maintained through unfair practices, although this channel is
more limited in breadth and durability.

The fact that the public cares about consumer harm and not market share per se is perhaps
most surprising given the prominent role that market share often plays in antitrust litigation,
typically in the form of market definition. For example, in the FTC’s case against Meta, the
FTC alleged that Meta had monopoly power in a market for “personal social networking”
services, but the court rejected this narrow market definition, emphasizing that the relevant
competitive landscape also had to account for substitutes such as TikTok and YouTube. Once
the market was defined more broadly, Meta’s share was below the level typically associated
with monopoly power, and the court ruled for Meta (U.S. District Court for the District of
Columbia, 2025). Moreover, the discussion of market share was also prominent in the other
four cases included in our study.*? This illustrates how, in legal practice, the assessment of

market power can hinge on the antecedent question of market definition: the same firm may

32For Meta, see U.S. District Court for the District of Columbia (2025, pp. 82-87). For Google, see U.S.
District Court for the District of Columbia (2024, pp. 156-157); for Live Nation, see U.S. District Court for
the Southern District of New York (2026, p. 36); for Apple/Epic, see U.S. Court of Appeals for the Ninth
Circuit (2023, p. 41); for Luxottica, see U.S. District Court for the Southern District of New York (2025, pp.
20-26).
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appear dominant in a narrowly defined market but substantially less so in a broader market.
In this sense, public preferences line up closely with the economic framework instead of the
market-share-centered approach often emphasized in legal practice.

Our findings also have implications for how policymakers and regulators communicate
about antitrust enforcement. Public discussions of antitrust often emphasize the sheer size
of dominant firms, including their market shares and the concentration of the markets in
which they operate. Our results suggest that this type of information is unlikely, on its own,
to increase public support for enforcement. Communication strategies that focus instead
on prices, quality, choice, and other consumer-welfare consequences may be more effective
at generating durable support for remedial measures, such as breaking up companies, and
may also increase broader support for antitrust policy. Persuading the public that large
firms engage in unfair practices may also increase support, especially when the goal is to
build demand for enforcement or remedies in a specific case. However, these fairness-based

arguments seem less likely to generate broader support for antitrust policy.
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Figure 1: Survey Flow
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Notes: The figure summarizes the sequence of the baseline survey (Panel A) and follow-up
survey (Panel B). At baseline, respondents were assigned with equal probability to one of five
antitrust cases and subsequently to the control group or one of four case-specific information
treatments. Posterior beliefs repeat the four prior-belief measures. The follow-up was admin-
istered approximately one month later and repeated the belief measures and most outcomes,
but not petition signing, contacting a representative, or the donation-allocation task. The trial
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Figure 3: Treatment Effects on Beliefs
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Notes: The figure compares beliefs between respondents assigned to each information treatment and respondents
assigned to the control group. The left panels show posterior-belief distributions. The right panels show belief
updating, defined as the posterior minus the prior belief, as a function of prior beliefs. For market share, the
horizontal axis is the prior gap, defined as the case-specific signal minus the prior belief. The other beliefs range from
0 to 4. In the left panels, ur — pc denotes the difference in treatment- and control-group means; the corresponding
p-value tests equality of means. In the right panels, Sy and B¢ denote the treatment- and control-group slopes; the
reported p-value tests equality of slopes. Legends report the number of observations.
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Figure 4: First-Stage Belief Updating
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Notes: The figure visualizes the first-stage belief-updating regressions in equation (4).

treatment-group slopes. “Diff. p-value” tests whether these slopes are equal. Legends report the number of observations.

Rows correspond to the belief being updated, and columns correspond to the information
treatment. MS, CH, UC, and NI denote market share, consumer harm, unfair competition, and negative image, respectively. Belief updating is defined as the posterior minus the prior
belief. Lines show fitted values from regressions of belief updating on treatment assignment, prior beliefs, treatment-by-prior interactions, and assigned-case fixed effects. Markers
show regression-adjusted means for each prior-belief category: 20-point intervals for the market-share prior gap and response categories 0—4 for the other priors. The other prior
beliefs are held at their sample means, and all regressions include assigned-case fixed effects. In the market-share row, the horizontal axis is the prior gap, defined as the case-specific
signal minus the prior belief; positive values indicate prior underestimation. The other rows use prior beliefs measured from 0 to 4. The labels 8¢ and B1 denote the control- and
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Table 1: Descriptive Statistics and Balance Tests

By Treatment Group

Market Consumer Unfair Negative
Full Sample Control Share Harm Competition  Image p-value
1) (2) 3) (4) (5) (6) (7)

Panel A: Respondent characteristics

Female (%) 57.7 57.9 58.1 57.0 58.4 57.3 0.977
(0.8) (1.7) (1.7) (1.8) (1.8) (1.7)

Age < 35 (%) 45.9 46.6 44.8 44.0 46.6 47.6 0.593
(0.8) (1.8) (1.7) (1.8) (1.8) (1.8)

White (%) 66.0 66.9 66.2 64.1 66.1 66.6 0.792
(0.7) (1.7) (1.7) (1.7) (1.7) (1.7)

Black (%) 18.6 19.3 18.8 19.4 16.2 19.4 0.402
(0.6) (1.4) (1.4) (1.4) (1.3) (1.4)

Asian (%) 5.6 4.9 5.9 6.1 6.3 4.6 0.455
(0.4) (0.8) (0.8) (0.9) (0.9) (0.7)

Hispanic (%) 6.3 5.5 6.3 7.2 7.5 5.2 0.271
(0.4) (0.8) (0.9) (0.9) (0.9) (0.8)

Income > 50k (%) 65.6 64.5 66.8 65.5 66.6 64.5 0.789
(0.7) (1.7) (1.7) (1.7) (1.7) (1.7)

College degree (%) 54.8 53.3 55.8 56.0 52.5 56.6 0.375
(0.8) (1.8) (1.7) (1.8) (1.8) (1.7)

Democrat (%) 43.4 44.2 45.7 42.8 40.8 43.4 0.383
(0.8) (1.7) (1.8) (1.8) (1.7) (1.7)

Republican (%) 25.0 25.1 24.7 23.1 27.3 24.9 0.427
(0.7) (1.5) (1.5) (1.5) (1.6) (1.5)

Trust in federal government 1.00 1.00 1.02 0.99 1.00 1.00 0.958
(0.01) (0.03) (0.03) (0.03) (0.03) (0.02)

Panel B: Follow-up participation

Completed follow-up survey (%) 71.5 73.2 70.4 72.5 70.9 70.3 0.618
(0.7) (1.6) (1.6) (1.6) (1.6) (1.6)

N 4,016 812 810 797 791 806

Notes: Panel A reports baseline respondent characteristics, and Panel B reports the share of baseline respondents
who completed the follow-up survey. Column (1) reports means for the full baseline sample. Columns (2)—(6) report
means by randomized information-treatment assignment. Column (7) reports the p-value from a joint test that the
means are equal across the five treatment groups, conducted separately for each row. Standard errors are reported
in parentheses. Indicator variables are reported in percentage points. Trust in the federal government ranges from
0 to 3, with higher values indicating greater trust.
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Table 2: Average Treatment Effects on Case-Specific Beliefs and Main Outcomes

Baseline Survey Follow-Up Survey

Beliefs Outcomes Beliefs Outcomes

(1) (2) ®3) (4) () (6) (7 (8) 9) (10) (11) (12)

Mkt. share Cons. harm Unfair Neg. image Plaintiff supp. Remedy index Mkt. share Cons. harm Unfair Neg. image Plaintiff supp. Remedy index

Panel A: Raw Coefficients

Market share treatment 6.840*** 0.040 0.143** 0.078 0.102* 0.057 1.730* -0.021 -0.025 -0.096 0.008 0.021
(0.732) (0.055) (0.057) (0.062) (0.057) (0.051) (0.956) (0.061) (0.065)  (0.071) (0.067) (0.060)
Consumer harm treatment 5.960*** 0.519***  0.467*** 0.539*** 0.512%** 0.291*** 2.500** 0.111* 0.064 0.153** 0.168*** 0.131**
(0.866) (0.051) (0.057) (0.061) (0.054) (0.050) (0.980) (0.059) (0.065)  (0.069) (0.064) (0.059)
Unfair competition treatment 6.377*** 0.408***  0.604***  0.533*** 0.544%*** 0.342%** 1.703* 0.068 0.155** 0.104 0.129* 0.104*
(0.859) (0.053) (0.056) (0.062) (0.054) (0.049) (1.021) (0.061) (0.065)  (0.071) (0.066) (0.059)
Negative image treatment 0.343 0.210***  0.241***  0.507*** 0.328*** 0.200*** 0.493 -0.019 0.045 0.066 0.072 0.017
(0.885) (0.053) (0.056) (0.060) (0.055) (0.051) (1.016) (0.060) (0.065)  (0.070) (0.065) (0.062)
Panel B: Standardized Coefficients
Market share treatment 0.388*** 0.037 0.126** 0.064 0.090* 0.055 0.098* -0.020 -0.022 -0.080 0.007 0.020
(0.042) (0.050) (0.051) (0.051) (0.050) (0.050) (0.054) (0.058) (0.058)  (0.059) (0.058) (0.058)
Consumer harm treatment 0.338*** 0.477%**  0.411***  0.443*** 0.448*** 0.281*** 0.141** 0.105* 0.057 0.127** 0.147*** 0.124**
(0.049) (0.047) (0.050) (0.050) (0.047) (0.048) (0.055) (0.057) (0.058)  (0.057) (0.056) (0.056)
Unfair competition treatment 0.362*** 0.375***  0.532***  0.439*** 0.477*** 0.331%** 0.096* 0.064 0.139** 0.087 0.112* 0.099*
(0.049) (0.048) (0.049) (0.051) (0.047) (0.047) (0.058) (0.058) (0.058)  (0.059) (0.058) (0.057)
Negative image treatment 0.019 0.193***  0.212***  0.417*** 0.288*** 0.193*** 0.028 -0.018 0.040 0.055 0.063 0.016
(0.050) (0.048) (0.049) (0.049) (0.048) (0.049) (0.057) (0.057) (0.058)  (0.058) (0.057) (0.059)
Observations 4,016 4,016 4,016 4,016 4,016 4,016 2,869 2,869 2,869 2,869 2,869 2,869
Control Mean 67.547 2.692 2.326 2.089 2.459 2.491 68.891 2.875 2.488 2.259 2.643 2.621
Control SD 17.632 1.087 1.136 1.215 1.142 1.035 17.709 1.051 1.120 1.204 1.146 1.048

Notes: The table reports average treatment effects of the four randomized information treatments relative to the control group. Each column is estimated using a separate OLS regression
of the indicated outcome on the four treatment indicators. Columns (1)—(6) report baseline-survey effects; columns (7)—(12) report effects measured in the follow-up survey approximately
one month later. Columns (1)—(4) and (7)—(10) report effects on posterior beliefs, while columns (5)—(6) and (11)—(12) report effects on case-specific outcomes. Panel A reports coefficients
in the original units. Market share ranges from 0 to 100 percent; all other beliefs and outcomes range from 0 to 4, with higher values indicating greater perceived consumer harm, more
unfair competition, a more negative company image, stronger plaintiff support, or stronger remedy support. The remedy index is the mean of the break-up and conduct-remedy outcomes.
Panel B standardizes each outcome using its control-group mean and standard deviation separately within each survey. The reported control means and standard deviations are in the
original units. Robust standard errors are reported in parentheses. *** ** and * denote significance at the 1, 5, and 10 percent levels, respectively.
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Table 3: Average Treatment Effects on General Beliefs and Additional Outcomes

Baseline Survey Follow-Up Survey
General Beliefs Outcomes General Beliefs Outcomes
1) (2) 3) (4) (5) (6) (7) (8) 9) (10) (11) (12)

Mkt. share Cons. harm Unfair Neg. image Gen. antitrust Policy index Mkt. share Cons. harm Unfair Neg. image Gen. antitrust Policy index

Panel A: Raw Coefficients

Market share treatment 3.015%** 0.025 0.028 -0.051 -0.002 -0.035 1.015 -0.060 -0.121*  -0.135** -0.004 -0.175%**
(0.900) (0.047) (0.056) (0.053) (0.040) (0.049) (1.017) (0.054)  (0.066)  (0.061) (0.046) (0.062)
Consumer harm treatment 2.461%*** 0.233***  0.195***  0.157*** 0.100*** 0.053 1.273 -0.012 -0.000 0.041 0.070 -0.128**
(0.937) (0.045) (0.055) (0.051) (0.039) (0.048) (1.015) (0.053)  (0.063)  (0.060) (0.045) (0.059)
Unfair competition treatment  1.617* 0.154***  0.134** 0.084 0.064 -0.050 1.074 -0.015 -0.055 -0.010 0.019 -0.158***
(0.934) (0.046) (0.056) (0.052) (0.040) (0.050) (1.043) (0.052)  (0.065)  (0.060) (0.046) (0.061)
Negative image treatment 0.169 0.085* 0.099* 0.066 0.064 -0.012 0.071 -0.044 -0.080 -0.046 0.005 -0.106*
(0.946) (0.047) (0.056) (0.052) (0.040) (0.049) (1.044) (0.053)  (0.065)  (0.061) (0.047) (0.060)
Panel B: Standardized Coefficients
Market share treatment 0.156*** 0.026 0.025 -0.049 -0.003 -0.035 0.056 -0.068 -0.110*  -0.132** -0.006 -0.175%**
(0.047) (0.050) (0.050) (0.051) (0.050) (0.049) (0.056) (0.060)  (0.059)  (0.060) (0.059) (0.062)
Consumer harm treatment 0.128*** 0.247***  0.174***  0.151*** 0.128*** 0.053 0.070 -0.013 -0.000 0.041 0.089 -0.128**
(0.049) (0.048) (0.049) (0.049) (0.049) (0.048) (0.056) (0.060)  (0.057)  (0.059) (0.058) (0.059)
Unfair competition treatment  0.084* 0.163***  0.120** 0.081 0.082 -0.050 0.059 -0.016 -0.049 -0.010 0.024 -0.158***
(0.048) (0.048) (0.050) (0.050) (0.050) (0.050) (0.058) (0.058)  (0.059)  (0.059) (0.059) (0.061)
Negative image treatment 0.009 0.090* 0.089* 0.064 0.082 -0.012 0.004 -0.049 -0.072 -0.045 0.006 -0.106*
(0.049) (0.050) (0.050) (0.050) (0.051) (0.049) (0.058) (0.059)  (0.059)  (0.060) (0.060) (0.060)
Observations 4,016 4,016 4,016 4,016 4,016 4,016 2,869 2,869 2,869 2,869 2,869 2,869
Control Mean 64.161 3.021 2.344 2.416 2.998 0.000 65.980 3.146 2.493 2.495 3.022 0.000
Control SD 19.292 0.941 1.121 1.040 0.787 1.000 18.079 0.896 1.107 1.021 0.782 1.000

Notes: The table reports average treatment effects of the four randomized information treatments relative to the control group. Each column is estimated using a separate OLS
regression of the indicated outcome on the four treatment indicators. Columns (1)—(6) report baseline-survey effects; columns (7)—(12) report effects measured in the follow-up survey
approximately one month later. Columns (1)—(4) and (7)—(10) report effects on posterior beliefs about dominant firms generally. Columns (5) and (11) report effects on general
support for antitrust enforcement, while columns (6) and (12) report effects on the policy index. Panel A reports coefficients in the original units. General market share ranges from
0 to 100 percent; the other general beliefs and general antitrust support range from 0 to 4, with higher values indicating greater perceived consumer harm, more unfair competition,
a more negative image of dominant firms, or stricter preferred antitrust enforcement. The policy index is constructed following Kling et al. (2007), with higher values indicating
greater policy support. At baseline, it combines three policy-support questions, petition signing, contacting a representative, and the antitrust-donation allocation. At follow-up, it
combines only the three policy-support questions because the other components were not re-elicited. Panel B standardizes every outcome using its control-group mean and standard
deviation separately within each survey; therefore, the policy-index coefficients are unchanged across panels. The reported control means and standard deviations are in the original
units. Robust standard errors are reported in parentheses. *** ** and * denote significance at the 1, 5, and 10 percent levels, respectively.



Table 4: 2SLS Effects of Belief Updating on Antitrust Outcomes

Plaintiff support

(1)

Remedy index

(2)

(3)

General antitrust

(4)

Policy index

Panel A: Raw Coefficients

Perceived Market Share -0.003 -0.004* -0.003 0.002
(0.002) (0.002) (0.002) (0.003)
Perceived Consumer Harm 0.269*** 0.174** 0.136* 0.328***
(0.091) (0.082) (0.076) (0.097)
Perceived Unfair Competition 0.433*** 0.345%** 0.052 -0.157
(0.105) (0.098) (0.082) (0.106)
Perceived Negative Image 0.303*** 0.079 0.007 -0.147
(0.094) (0.089) (0.078) (0.102)
Panel B: Standardized Coefficients
Perceived Market Share -0.003 -0.004* -0.003 0.002
(0.002) (0.002) (0.002) (0.003)
Perceived Consumer Harm 0.235%** 0.168** 0.173* 0.328***
(0.080) (0.079) (0.097) (0.097)
Perceived Unfair Competition 0.379*** 0.333*** 0.066 -0.157
(0.092) (0.095) (0.104) (0.106)
Perceived Negative Image 0.265*** 0.076 0.009 -0.147
(0.083) (0.086) (0.099) (0.102)
Observations 4,016 4,016 4,016 4,016
Baseline Mean 2.459 2.491 2.998 0.000
Baseline SD 1.142 1.035 0.787 1.000
Cragg-Donald Wald F-statistic 9.63 9.63 9.63 9.63

Notes: The table reports 2SLS estimates using baseline-survey responses. Each column is estimated using a separate regres-

sion. The four endogenous regressors are the belief updates in perceived market share, consumer harm, unfair competition,
and negative image, each defined as the posterior minus the prior belief. The excluded instruments are the four treatment
indicators and their interactions with each of the four prior beliefs. For market share, the belief measure is the prior gap,
defined as the case-specific signal minus the prior belief; the other prior beliefs are measured on their original 0—4 scales.
All specifications include the four belief measures and assigned-case fixed effects. Columns (1) and (2) report effects on
case-specific plaintiff and remedy support; columns (3) and (4) report effects on general antitrust support and the policy
index. Panel A reports coefficients in the original outcome units. Plaintiff support, the remedy index, and general antitrust
support range from 0 to 4. The remedy index is the mean of the break-up and conduct-remedy outcomes. The policy index
combines the three policy-support questions, petition signing, contacting a representative, and the antitrust-donation allo-
cation following Kling et al. (2007); it is standardized using the control group. Panel B standardizes the dependent variable
using its control-group mean and standard deviation but leaves the belief updates in their original units. The reported
baseline means and standard deviations are control-group values in the original units. The table also reports the first-stage
Cragg—Donald Wald F-statistic. Robust standard errors are reported in parentheses. *** ** and * denote significance at
the 1, 5, and 10 percent levels, respectively.
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