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Abstract

The prevalence of misinformation in advertising has spurred various interested parties –
regulators, the media and competing firms - to debunk false claims in the marketplace.
This paper studies whether such debunking messages provided by these parties can
reduce the impact of misinformation on consumer purchase behavior. If so, does de-
bunking effectively change consumers’ misbeliefs, a prediction consistent with standard
Bayesian updating, or does it merely reinforce consumers’ correct beliefs, a prediction
consistent with confirmation bias? We design and implement a conjoint experiment
that enables us to measure willingness-to-pay under exposure to real-world misinfor-
mation and debunking messages. Focusing on three ingredients in product categories
where misinformation is prevalent (aluminum in deodorants, fluoride in toothpastes,
and GMOs in food), we find that debunking plays an important role in mitigating
the impact of misinformation. Debunking can reduce even the strongest misinformed
beliefs, a promising finding for policymakers aiming to correct such misbeliefs in the
marketplace. We discuss the incentives for firms to debunk or introduce new products
that conform to misinformation.
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1 Introduction

Misinformation in advertisements is a widespread issue. Between 2015 and 2020 alone, the

FTC filed 172 cases regarding misleading advertising and marketing, with settlements up

to $191 million (FTC, 2019, 2020). Such misinformation not only harms consumers who

purchase the product, but also spreads misinformation about the entire product category,

creating negative spillovers into other products. For example, Kopari, a relatively new en-

trant in the deodorant market states their product is “aluminum-free” and is therefore non-

toxic, as shown in their Instagram post displayed in Figure 1. Consumers who view this

post may form new beliefs that aluminum in deodorants and antiperspirants is harmful, and

may increase their willingness-to-pay for aluminum-free products, even though the claims are

not supported by scientific evidence. The digital era magnifies the severity of this problem,

especially in the social media context, as it is difficult to identify and remove misleading ads

before it is seen by a potentially large number of consumers.

Regulators, the media, and competing firms have taken an active role in debunking such

misinformation. For example, Speed Stick, on its website, highlights the lack of scientific

evidence suggesting aluminum in antiperspirants and deodorants is harmful (Speedstick,

2020). However, little is known whether such debunking messages are effective and whether

various sources (media vs regulator vs competitor) differ in their abilities to alter consumers’

behavior led by misperceptions. Moreover, because of the fast-spreading nature of such

misinformation, the extent of misinformed beliefs in the current population might be large,

and it is unclear whether debunking would work on consumers with pre-existing strong

(mis)beliefs.

This paper aims to understand if misinformation influences consumers’ willingness-to-pay

and whether debunking from various sources can effectively revert the effect of misinforma-

tion. Furthermore, this paper asks if the impact of misinformation and debunking varies by

the level of consumers’ existing beliefs about the focal ingredient’s harmfulness.

Different theories for how individuals update their beliefs based on presented information

lead to differing predictions on whether debunking would be effective for individuals with

certain priors. On one hand, a standard Bayesian updating framework predicts that con-

sumers with the most different ex-ante beliefs from the presented information change their

willingness-to-pay the most. The Bayesian framework would therefore predict that those

with misinformed beliefs about the ingredient increase their willingness-to-pay the most

upon seeing information presented in debunking messages. On the other hand, confirmation

bias literature demonstrate that individuals tend to ignore information that conflicts with

their existing beliefs (Nickerson, 1998). It therefore predicts that debunking messages would
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Figure 1: Screenshot of an Instagram post by Kopari

be the least effective for consumers with strong pre-existing misinformed beliefs. Empiri-

cally measuring responses along this dimension, i.e., varying levels of existing (mis)beliefs,

is important because of the different theoretical predictions which have different policy im-

plications: one implies that debunking works for those with misinformed beliefs (an ideal

outcome for a policy maker) and the other implies that debunking merely re-affirms beliefs

for those without misinformed beliefs.

Empirically measuring the impact of misinformation and debunking is challenging for

two reasons. First, exogenous variation in when brands present this information is rare.

For example, the introduction of new products (e.g., non-GMO products) might coincide

with an uptick in demand for the attribute (e.g., non-GMO), making it hard to disentangle

consumer trends from message-induced demand. Second, it is almost impossible to run a

field experiment in this setting because of the inherent deception involved. Debriefing those

who were exposed to the deceptive ads (an IRB requirement) is practically infeasible. We

therefore utilize a preference measurement tool in which we can expose consumers to various

treatments and debrief them soon after. To ensure we measure the true willingness-to-pay, we

use an incentive compatible choice-based conjoint to elicit preferences. Choice-based conjoint

has been shown to be extremely adept at recovering and predicting consumer preferences

across various attributes, leading to widespread academic and industry acceptance (Green

and Rao, 1971; Green and Srinivasan, 1990). We combine the conjoint with a between-subject

experimental setup, enabling us to not only recover preferences of the focal ingredient, but

also measure how these preferences change under varying exposures to misinformation and

debunking.

The experiment is designed to elicit preferences for various attributes including the in-

3

Electronic copy available at: https://ssrn.com/abstract=3875665



gredient in question (e.g., aluminum) under exposure to various treatments. Participants

are first assigned to one of two advertising conditions: a control condition with an ad that

highlights an attribute unrelated to the ingredient in question, or a treatment condition

with an ad containing misinformation about the ingredient in question. Each participant

is then randomly assigned into one of four debunking conditions: the control group sees an

unrelated factoid from “How Stuff Works”, and the three treatment groups see debunking

messages from the media, regulator or a competing firm. By design, the debunking messages

across the three sources are identical; they differ only in the source.

To understand whether consumers’ ex-ante beliefs about the harmfulness of the ingredient

influences their responsiveness to misinformation and debunking, we design an additional

survey experiment to elicit beliefs before and after exposure to treatment. We directly elicit

beliefs surrounding ingredient toxicity because inferring such beliefs from choice data alone

is impossible (see Manski 2004). For example, a consumer might choose an aluminum-free

deodorant driven by preferences (e.g., “I do not like aluminum because it stains clothes”) or

beliefs surrounding ingredient toxicity (e.g., “I do not like aluminum because it is toxic”).

We define misinformation as any message that does not follow the federal law which

states “an ad must be truthful, not misleading, and, when appropriate, backed by scientific

evidence” (FTC). In our context, ads that state “Ingredient X is toxic” or imply that their

products are “Ingredient-X-free and therefore good for you” without scientific evidence sup-

porting the claim will be considered to be spreading misinformation. We investigate three

ingredients where misinformation regarding the safety of these ingredients is widespread:

fluoride, aluminum, and GMOs, with a separate survey for each ingredient.1 For each in-

gredient, we select a product category that has both 1) a firm within the category that

circulated messages containing misinformation, and 2) a competing firm, regulator, and me-

dia that debunks the misinformation. These criteria led to the following product categories:

fluoride-free toothpaste, aluminum-free deodorant, and GMO-free nutritional shakes. To

replicate the field setting to the extent possible, the ads shown in the advertising conditions

are taken from actual social media posts by firms that circulated messages with misinforma-

tion, and the debunking messages are summarized from arguments presented in actual news

articles, regulatory websites and competitors’ websites.2

First, we find heterogeneity across product categories in consumers’ baseline willingness-

1For more information about the misinformation around aluminum in deodorants, see WebMD.com
(2011). Basch et al. (2019) find a high proportion of Instagram posts mentioning fluoride contain mis-
information. Regarding GMOs, in 2018, 49% of Americans believe that genetically-modified foods are worse
for one’s health than non-genetically-modified foods (Funk et al., 2018).

2Ideally, the debunking messages would contain exact text from the debunking source. However, the
sources’ debunking messages are too long, so we summarize them for brevity in the experiment.
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to-pay: consumers prefer fluoride in toothpaste but are averse to aluminum in deodorants

and GMOs in food. After exposure to misinformation, the willingness-to-pay declines sub-

stantially for the preferred ingredient fluoride (a $1.37 or 42% decrease in baseline WTP),

but does not change significantly for the non-preferred ingredients: aluminum and GMOs.

An absence of response to misinformation, especially for ingredients where there is a base-

line negative WTP does not necessarily mean consumers are immune to misinformation. It

might merely mean that consumers already have strong misinformed beliefs, and the addi-

tional exposure in the experiment does not do much to shift these beliefs. Debunking in such

scenarios can therefore still play an important role.

Second, we find that debunking increases the willingness-to-pay across all three ingre-

dients, and is able to undo the damage caused by an additional dose of misinformation.

Specifically, debunking after misinformation restores the willingness-to-pay for fluoride back

to the pre-misinformation level, and increases the willingness-to-pay for aluminum by $1.21

(an increase of 63% relative to the baseline). The effect of debunking after misinformation,

averaged over all sources, is positive but not statistically significant for GMOs. We find

that debunking messages from regulators, media, and competing firms are effective at in-

creasing WTP for both aluminum and fluoride, while only the competing firm is effective for

debunking misinformation about GMOs. Although regulator and media messages are gen-

erally more effective than competitor messages, the differences across these sources are not

statistically significant. We caveat this finding with the acknowledgment that in a real-world

setting where misinformation-spreading ads are ubiquitous and debunking messages might

be harder to access, the damage created by misinformation might be more severe.

Given the effects of misinformation and debunking on demand for certain product at-

tributes, we quantify the incentives for new entrants to differentiate by spreading misin-

formation about ingredient X and incentives for incumbents to either debunk or introduce

an Ingredient-X-free product. We show that a new entrant has a strong incentive to spread

misinformation: a new fluoride-free toothpaste brand, for instance, nearly doubles its market

share if it spreads misinformation about fluoride upon market entry. While incumbents can

increase their market share by debunking misinformation, introducing an Ingredient-X-free

product yields a greater increase in market share. This may explain why we commonly see

incumbents introducing products that conform to misinformation in the marketplace (e.g.,

Dove and Speed Stick launching aluminum-free products in 2019, 2020, respectively).

Finally, we find that debunking is able to correct consumers’ misinformed beliefs and

that it is most effective for those whose prior beliefs are that the ingredient is harmful,

both in terms of stated beliefs and revealed preferences. This finding is consistent with

predictions from a rational Bayesian updating framework, and inconsistent with predictions
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from confirmation bias. This finding is encouraging for policymakers who would want their

debunking messages to have an impact on the most misinformed.

The rest of the paper proceeds as follows. We review the literature and highlight this

paper’s contributions in Section 2. We provide a theoretical framework of how misinformation

and debunking can impact beliefs in Section 3. Section 4 describes the experiment design and

Section 5 describes the survey details and the data. Section 6 reports the demand estimates.

We discuss our findings and conclude in Section 7.

2 Literature Review

Advertising has been theoretically and empirically well researched. The vast majority of

this literature has focused on truthful advertising with deceptive advertising only recently

receiving empirical attention. Recent work has focused on review fraud (Mayzlin et al., 2014;

Luca and Zervas, 2016; He et al., 2020) and false claims (Rao and Wang, 2017; Avery et al.,

2013; Chiou and Tucker, 2018; Rao, 2020; Kong and Rao, 2021).

Empirically measuring causal effects of false information is challenging because creating

exogenous variation that spreads misinformation is not feasible: the FTC strictly prohibits

such deceptive advertising, and the IRB requires debriefing anyone exposed to the ad, which

might not be feasible in a field setting. Therefore, most empirical work uses a policy change

that eliminates the source of misinformation, such as a regulator- or platform- induced ban

(Rao and Wang, 2017; Chiou and Tucker, 2018; Rao, 2020). Although such policy changes

provide exogenous variation in the amount of misinformation in the marketplace, such cases

are rare. Moreover, we do not know if the effect of removing misinformation is symmetric to

the effect of direct exposure to misinformation, a primary focus of our paper. We contribute to

this area by directly measuring the causal effect of an additional exposure of misinformation

on demand in a controlled experiment3, which enables exogenous manipulation of debunking

and debriefing.

Current efforts in combating misinformation in ads generally take one of three approaches.

The first eliminates the source of misinformation via bans, shutdowns and downvotes (e.g.,

Chiou and Tucker, 2018; Pennycook and Rand, 2019a). However, it is difficult, if not im-

possible, to remove misinformation before it is seen by a potentially large audience online,

especially in the social media setting. For example, a recent study found that it can take up

to 22 days for the platform to downgrade and issue warning labels on Covid-related misin-

formation, creating 117 million exposures before cracking down (Avaaz, 2020). The second

3Early work in marketing has also studied the impact of exposing individuals to misinformation, but on
stated purchase intentions (e.g., Olson and Dover (1978); Dyer and Kuehl (1978)).
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aims to inoculate the audience against misinformation by nudging (Thaler and Sunstein,

2009). Most nudge interventions, however, involve interactions between the message sender

and receiver, with the goal being to achieve reflection on the part of the consumer (e.g.,

Lorenz-Spreen et al. 2020; Pennycook et al. 2020) which might be harder in the context of

social media. Another means of inoculation involves tagging questionable content by fact

checkers. While widely adopted by platforms, recent research has shown that fact-checking

tags not only can be ineffective (Guess et al., 2018) but also can backfire by causing readers

to assume that non-tagged articles are true (Pennycook et al., 2020).

The third approach provides corrective messages by credible sources to directly debunk

misinformation in advertising. See Walter and Murphy (2018) and Wilkie et al. (1984) for

a comprehensive review of the effect of corrective information across many contexts. Most

of this work, which focuses on “self-correction” by the firm (as a result of FTC lawsuits)

or corrections directly from the FTC, demonstrates a small but positive effect of corrective

advertising on the reduction of stated misbeliefs, both in the lab (Mazis and Adkinson,

1976; Dyer and Kuehl, 1974) and in the field (Bernhardt et al., 1986; Armstrong et al.,

1983). We contribute to this literature by studying debunking messages across various sources

(competitor, media and regulator) and investigating heterogeneous responses to debunking

by the extent of consumers’ existing (mis)beliefs in the marketplace.

Different theories on how consumers update their beliefs provide different predictions on

which consumer is most impacted by the debunking message. On one hand, psychological

theories suggest that corrections that are incompatible with existing (mis)beliefs tend to

be processed less fluently, and are therefore less likely to be accepted (Lewandowsky et al.,

2012; Nickerson, 1998). On the other hand, economic theories suggest that individuals

update their beliefs in a Bayesian fashion, (Grether, 1980; El-Gamal and Grether, 1995;

Holt and Smith, 2009; Coutts, 2019) suggesting corrections that are different from existing

(mis)beliefs may have the highest efficacy. Based on these differing theoretical predictions,

it is unclear whether a policy maker with intentions to correct the most misinformed beliefs

would be successful in their goals. We therefore take this question to data by eliciting beliefs

directly (Manski, 2004; Delavande, 2008; Shin et al., 2012; Schotter and Trevino, 2014)

prior to treatment and measure the willingness-to-pay for consumers with varying levels of

misbeliefs.4

4Our goal in this study is not to quantify the level of deviation from standard Bayesian belief updating,
but to document the empirical evidence for or against the policy values of debunking, which is ex-ante
ambiguous due to diverging theoretical predictions. Other studies have formally tested or modelled the
typical assumptions used in belief updating theories with applications to heterogeneous price search and
brand choices (Nyarko and Schotter, 2002; Charness and Levin, 2005; Jindal and Aribarg, 2021; Ching et al.,
2021; Ursu et al., 2021).
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Our work extends the literature on debunking misinformation in ads in the following ways.

First, we measure the causal impact of corrective messaging on purchase decisions, rather

than stated preferences, using an incentive compatible conjoint setting. This enables us to

directly quantify the impact of debunking on demand controlling for brand and price effects.

Second, we explore whether the efficacy of debunking messages varies by pre-existing beliefs,

allowing us to comment on the mechanism by which individuals process the corrections to

misleading claims in advertising. Third, we explore heteorgeneity of debunking by source.

To our knowledge, no study has compared the effectiveness of debunking by competitors to

that from regulators or mainstream media. While competitor advertising is more accessible

than messages by regulators and media, it may be perceived as a competitive attack to

the rival brand, therefore carrying little weight in correcting misbeliefs. Finding empirical

evidence for or against the efficacy of competitor debunking has direct welfare and policy

implications. Fourth, by experimentally creating variation in exposure to misinformation

before debunking, we are able to evaluate whether debunking can “repair” the change in

willingness to pay created through misinformation in ads.

Broadly, our work is also related to measuring consumer responses to information on

nutrition and ingredient labels (e.g., Ippolito and Mathios 1990, 1995; Dhar and Baylis 2011;

Bollinger et al. 2011; Liaukonyte et al. 2013; Hobin et al. 2017; Fernbach et al. 2019; Scott

and Rozin 2020). We contribute to this literature by studying the impact of false information

pertaining to various ingredients. Moreover, our paper focuses on the immediate outcomes

after exposure to misinformation and debunking, especially meaningful in the online setting

and social media context because platforms can precisely target consumers at the point

of purchase and deliver messages when it is the most consequential.5 Finally, our work is

related to the voluminous literature on misinformation in the health, journalism and political

domain.6

3 Theoretical Framework

In this section, we describe a framework of how ads and debunking influence beliefs, and

why debunking effectiveness can vary both across debunking sources and individuals. This

model also illustrates the differing predictions in beliefs when consumers update in a rational

5For work on the long-term effects of misinformation and debunking see Skurnik et al. (2005); Schwarz
et al. (2016); Schwarz and Jalbert (2020); Hovland and Weiss (1951); Pratkanis et al. (1988).

6See Flynn et al. 2017; Lazer et al. 2018; Vosoughi et al. 2018; Guess et al. 2019; Pennycook and Rand
2019b; Bago et al. 2020; Dias et al. 2020; Guess et al. 2020; Linvill and Warren 2020; Pennycook et al. 2020;
Walter et al. 2020; Martel et al. 2020; Simonov et al. 2020; Bursztyn et al. 2020; Barrera et al. 2020; Chen
et al. 2020; Pennycook et al. 2021 for recent applications.

8

Electronic copy available at: https://ssrn.com/abstract=3875665



Bayesian fashion and when they update with confirmation bias. We model a consumer’s

decision to purchase a product j, where the decision depends on whether the product contains

the ingredient that is deceptively advertised. To formalize this model and illustrate how

beliefs about the ingredient directly affect consumers’ utility, let consumer i’s utility for

purchasing product j be

uij = βixj + Zjγ + εij (1)

where xj ∈ {0, 1} indicates whether j contains the focal ingredient, Zj is the vector consisting

of the product’s other attributes (such as brand, price, packaging, flavor, scent, etc), and εij

is an idiosyncratic shock that varies at the consumer-product level, assumed to be i.i.d. The

coefficient of interest is βi, i.e., i′s preference for the focal ingredient. For example, if the

product is deodorant, then x indicates whether the deodorant contains aluminum, and βi is

i’s preference for aluminum in deodorant.

Advertisements containing (mis)information and debunking messages about the focal

ingredient can change i’s preference by changing i’s beliefs about whether the ingredient is

harmful to one’s health. Specifically, let the data generating process for βi be

βi = τ + δθi + ηi (2)

where θi ∈ [0, 1] is i’s belief that the ingredient is harmful. δ represents the population

average preference for harm, which is most likely negative. τ is the population average

inherent preference for the ingredient, which can be either positive or negative.7 ηi are

individual-level differences in the preferences for the ingredient that are unexplained by θi.

Below we describe a sequence of events that leads to θi. Let H denote the true state of

the world where the ingredient can be “harmful” or “not harmful”, and let the information

in the message content be denoted by claim, where claim = not harmful represents the

scenario when the message claims “the ingredient is not harmful”, and claim = harmful

when the message claims “the ingredient is harmful”. The timing is as follows:

1. Nature decides H = {Harmful, Not Harmful}.

2. i has a prior belief that the ingredient is harmful, denoted by θ0
i .

3. i can be exposed to an ad that claims that a specific ingredient is harmful (claim =

harmful). If she sees this ad, i then updates her belief about ingredient toxicity to θadi

after viewing the ad. If she does not see this ad, her belief remains θ0
i .

7For example, consumers may prefer deodorant with aluminum because aluminum in deodorant is effective
at preventing sweat buildup. Consumers may prefer fluoride in toothpaste as it is the key ingredient to
prevent cavity. They may prefer nutrition shakes made from GMO crops because GMO crops generates
smaller environmental impact.
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4. i can then be exposed to a debunking message. If she is exposed to debunking, she

updates her belief to θi = θad,di if she previously saw the ad, and θi = θ0,d
i if she did

not see the ad prior to debunking. Similarly, if she is not exposed to debunking, then

θi = θadi (if she sees the ad) or θi = θ0
i (if she did not see the ad).

Note that θ0
i is a Bernoulli prior, where i’s uncertainty about H is represented by how far

θ0
i is from 0 or 1 (e.g., if θ0

i = 0.5, i is uncertain whether x is harmful). We abstract away

from the distribution of an individual’s prior as in Manski (2004), where θ0
i is sufficient to

provide a probabilistic summary of ambiguity. This setup is similar to the framework used

in the Bayesian Persuasion literature (Kamenica and Gentzkow, 2011).

The extent that i updates her posterior in response to an ad with misinformation or a

debunking message depends on i’s evaluation of the “trustworthiness” of the source making

the harmfulness claims. We define trustworthiness in the following way. Let the trustworthi-

ness of a source be π ∈ [0, 1]. If the source is completely trustworthy (i.e., π = 1), then the

source always truthfully reports. Formally, trustworthiness can be defined by the following:

p(claim = harmful|H = harmful) = π (3)

p(claim = not harmful|H = harmful) = 1− π (4)

p(claim = not harmful|H = not harmful) = π (5)

p(claim = harmful|H = not harmful) = 1− π (6)

Equation 3 states that if the ingredient is harmful, then the source claims that the

ingredient is harmful with probability π. Similarly, Equation 5 states that if the ingredient

is not harmful, the source claims it is not harmful with probability π. Equation 5, therefore,

captures our notion of debunking where in all instances we study the focal ingredient is

not harmful. Conversely, Equation 6 states if the ingredient is not harmful, then the source

claims that it is harmful with probability 1−π. Equation 6, therefore, captures our definition

of misinformation. We denote consumers’ evaluation of the trustworthiness of the toxicity

message in the ad as πa. The evaluated trustworthiness for a debunking message from a

source is denoted by πd.

3.1 Bayesian Updating

According to Bayes’ rule, the posterior belief that the ingredient is harmful after receiving

information claim = harmful from a source with trustworthiness π, given a prior θ0
i , is the
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Table 1: Posterior Beliefs under Bayes’ Rule

Sees Ad with
Misinforma-

tion?

Sees
Debunking
Message?

Posterior

No No θ0
i

Yes No
πaθ0i

πaθ0i +(1−πa)(1−θ0i )
= θadi

No Yes
(1−πd)θ0i

(1−πd)θ0i +πd(1−θ0i )
= θ0,d

i

Yes Yes
(1−πd)θadi

(1−πd)θadi +πd(1−θadi )
= θad,di

Notes: The posterior beliefs about whether the ingredient is harmful, given the ad and debunking message
the consumer receives. πd is the trustworthiness of the debunking message and πa is the trustworthiness of
the harmfulness message in the ad regarding ingredient. θ0i is the prior belief that x is harmful, before the
consumer has viewed any ad or debunking message.

following.

θposti = p(H = harmful|claim = harmful) (7)

=
p(claim = harmful|H = harmful)p(H = harmful)

p(claim = harmful)
(8)

=
πθ0

i

πθ0
i + (1− π)(1− θ0

i )
(9)

Given that individuals may be exposed to misinformation and/or debunking, this creates

four distinct sequences of events that lead to different posterior beliefs and willingness-to-pay

for the focal ingredient. The posterior beliefs about whether the ingredient is harmful given

misinformation and/or debunking are displayed in Table 1.

To illustrate how information impacts beliefs, Figures 2a and 2b illustrate the posterior

belief and willingness-to-pay after an individual is exposed to a debunking message (claim =

not harmful), based on her prior belief and the debunking source’s trustworthiness. Her

WTP is a linear transformation of her preference for the ingredient (β) and is given by:

WTP =
τ + δθpost

|γ|
(10)

These figures depict scenarios when π ∈ [0.5, 1] which are of interest: π = 0.5 when the

signal from the source is noisy and is of no informational value, π = 1 when the information

is completely trustworthy. Values below 0.5 occur when consumers interpret the source’s

message in a directly opposite manner and are not relevant to our setting (e.g., consumers

see a message stating aluminum is harmful and believe that aluminum is not harmful).
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Figure 2: Bayesian Posterior Beliefs and WTP After Debunking

(a) Posterior Beliefs (b) Posterior WTP

(c) Difference between Posterior and Prior Beliefs

Notes: Figures 2a and 2b displays θpost, an individual’s posterior belief that the ingredient is harmful, and
her corresponding WTP, respectively, for the ingredient after she sees a debunking message for varying levels
of the debunking source’s trustworthiness. The posterior belief is derived from the equations in Table 1, and
the WTP is derived from the posterior belief at the following parameter values γ = 1 , τ = 0, and δ = −1.

The figures illustrate the intuition that the more trustworthy the debunking source is,

the closer the posterior belief is to 0 (i.e., the ingredient is Not Harmful). Similarly, the

more trustworthy the debunking source is, the higher the WTP the individual has for the

ingredient. Figure 2c depicts the change in beliefs relative to the prior after receiving a

debunking message. It indicates that if individuals update their beliefs according to Bayes’

rule after seeing a trustworthy message, generally, the update is larger for those who believe

the ingredient is more likely harmful. However, when the source is not 100% trustworthy,

the level of updates becomes non-monotonic with regard to the prior belief: debunking will

be less effective for those with strong priors that the ingredient is harmful (θ0 = 1) compared

to those who are more uncertain (θ0 ∈ [0.5, 1)). Nonetheless, even in this scenario with lower

levels of trustworthiness, those who consider the ingredient to be harmful (θ0 ∈ [0.5, 1))

are the ones who update their beliefs the most, as evidenced by the right-skewed nature of

the curve. From a policy maker’s perspective, such a change in beliefs is ideal because the
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debunking message corrects beliefs for those with the most misinformed beliefs, i.e., for those

who think the ingredient is harmful.

3.2 Confirmation Bias

In direct contrast to rational Bayesian updating, confirmation bias would predict that those

with strong misbeliefs would ignore debunking messages. Similarly, those who think the in-

gredient is not harmful would not be swayed by misinformation. These patterns arise because

confirmation bias suggests that users select information that agrees with their beliefs and

ignore any contradicting information. We illustrate these predictions using a specific model

of confirmation bias in Appendix A. In particular, the curve is left-skewed (shown in Figure

A2b, as opposed to the right-skewed curve depicted in Figure 2c) and captures the intuition

that according to confirmation bias, those whose beliefs are consistent with the content of

the debunking message are willing to update, whereas those whose beliefs are contradictory

to the content of the debunking message are less willing to update. From a policy maker’s

perspective, this scenario is less promising because those with the most misinformed beliefs

are less likely to alter their beliefs upon viewing messages with contradictory, albeit true,

information.

4 Experiment Design

Measuring the effectiveness of debunking methods is challenging in the field setting, as it is

difficult to separate the timing of ads containing misinformation and debunking messages

from general changes in public opinion and demand using observational data. Additionally,

field experiments are also not feasible due to the deceptive nature of the ads. Therefore, we

implement an incentive-compatible choice-based conjoint experiment that separately mea-

sures the effect of misinformation in advertising and the effect of debunking on consumer

preferences and demand. More specifically, we measure whether debunking messages im-

pact demand, how this effect varies by the source of the debunking message, and whether

debunking can “undo” the demand effects resulting from misinformation.

Three decisions had to be taken involving 1) the choice of product categories, 2) imple-

mentation of treatment conditions and 3) the method of capturing the outcome of interest,

i.e., purchase. We go over the details informing each of these decisions in the following

sections 4.1-4.3. Section 4.4 describes how we design the belief elicitation survey.
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4.1 Choice of Product Categories

We identified categories where certain products market themselves as containing “ingredient-

X-free”, and either directly state or indirectly imply that ingredient X is toxic. Moreover,

ingredient X is a prominent ingredient in almost all products in that category. We further

restricted attention to categories where there are debunking messages from competitors,

media and regulators.

These criteria helped us identify three product categories and the ingredient in question:

1) deodorants and aluminum, 2) toothpastes and fluoride, 3) nutritional shakes and GMO.

These ingredients remain controversial in the US, despite no scientific evidence of harm.8

In the deodorant category, Kopari states that their deodorants are aluminum-free and im-

plies that other deodorants are toxic. See Figure 4b for an example. Competitors (Speed

Stick), the media (MSN) and regulators (CDC) have provided information to consumers that

aluminum, when used topically, is safe for healthy individuals. In the toothpaste category,

Risewell highlights their toothpastes are fluoride-free and encourages consumers to avoid

the toxic ingredients found in traditional fluoride toothpastes (Figure 5b), while competitors

(Colgate), the media (NBC News) and the CDC have all highlighted why fluoride is benefi-

cial and how fluoride-free toothpastes can actually harm oral health.9 In nutritional shakes,

Orgain highlights that their products are GMO-free and therefore contain only the “good

stuff”, implicitly stating that products with GMOs are bad (Figure 6b). Competitors (Soy-

lent), the media (NBC) and the regulator (FDA) have pointed out that genetically modified

plants are not only safe to consume but can actually be beneficial to the environment. Table

2 reports the category, product/firm making the false claims and the debunking sources used

in this study.

Table 2: Categories, Products Making False Claims, and Debunking Sources

Debunking Source
Category (Product) Firm Media Regulator
Deodorant (Kopari) Speed Stick MSN News CDC
Toothpaste (Risewell) Colgate NBC News CDC
Shakes (Orgain) Soylent NBC News FDA

8See Penn Medicine (2019), CDC (2020), and Feldmann et al. (2000) for more information about myths
and truths about aluminum, fluoride, and GMOs, respectively.

9Avoidance of fluoride is a unique US phenomenon: there is more controversy around fluoride in the US
relative to Europe, where consumers “want fluoride in their toothpastes, because they know it’s one of the
most important ingredients for rebuilding tooth decay” (Glossy.com, 2020). For more information about
fluoride, see AFS (2021).
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4.2 Treatment

Figure 3 displays the between-subject experimental design, in which survey participants are

randomized into an ad group and a debunking group. All ads and debunking messages are

displayed as Tweets, because the products predominantly promote their products through

social media.

Participants are first randomized into receiving either a control ad or a treatment ad.

Participants randomized into the treatment ad group receive an ad that contains misinfor-

mation about the focal ingredient, while those randomized to the control group receive an

ad for the same product that does not mention the focal ingredient. The ads in both groups

are actual content from the company. Although not tagged as ads on the platform, we refer

to such content as ads because they are messaging that highlights the firm’s products, is

aimed at consumers, and comes directly from the brand.10 Figures 4 - 6 display the control

and treatment ads across all three products.11

Participants are then randomized into one of the following debunking sources: control,

competitor firm, media, or regulator. For a given debunking source, with the exception of

the control group, the participant sees a Tweet from the source that debunks the notion

that the focal ingredient in the product is toxic. For example, in the toothpaste/fluoride

survey, a participant in the competitor firm, media, or regulator group sees the message

“Fluoride-containing toothpastes are safe. Fluoride in toothpastes prevents cavities and

scientific studies have found no conclusive evidence that it causes adverse health effects.”.

The message is accompanied by a link that leads to a real article from the source with the

same overall message. These debunking messages were taken from actual articles across all

sources. To ensure that only the source varies across all treatment arms, we hold the content

of the debunking message constant. Figure 7 presents an example of the debunking message,

as seen by the participant. After the ad and treatment exposures, we conduct verification

checks to check whether the participant can recall the source of the ad and the debunking

message.

The control debunking message is a factoid about the product category that contains

10The control ad, which is explicitly chosen such that it does not include misinformation, is an actual
firm-broadcast message and highlights another attribute (such as scent or flavor) that is orthogonal to the
preference for the focal ingredient (i.e., does not interfere with the measurement of the WTP for the focal
ingredient). A control ad which just excludes the misinformation would not only be a much shorter message
but would also be asymmetric to the treatment ad in that it would not highlight any attribute.

11Not all firms’ promotional messages were on Twitter: some were released on Facebook or Instagram.
We are agnostic about the social media platform. To ensure that our experiment does not vary the platform
of the advertisement, we decided to use Twitter as the consistent platform across all products because 1)
Facebook was facing controversies in 2020 and 2) after Facebook, Twitter is reported to be the most popular
social media platform for text-heavy news consumption. We also ensure other aspects of the ad, such as the
picture, timestamp, and likes and retweets for both ads, are identical across control and treatment conditions.
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no information about the focal ingredient. This factoid was presented as a Tweet from

the website “How Stuff Works”. For the remainder of this paper, we refer to the control

debunking group as the No Debunk group. Table B1 in the Appendix displays the debunking

messages for all products and treatment groups. Table 2 reports the sources for each product

and debunking type. Note that ideally, the source would be the same across all products.

However, to ensure external validity to the extent possible, the criteria for selecting the source

was that the source must have an actual article that debunks the misinformation about the

focal ingredient. For instance, we were unable to find an article from the CDC that debunks

misinformation about GMOs, and therefore, used an article from the FDA instead.

Figure 3 summarizes the experimental setup, which is a 2x4 design. This design allows us

to measure the misinformation and debunking effects separately. Misinformation effects are

quantified by comparing measured preferences for the focal ingredient between the “Control

Ad + No Debunk” and “Misinformation Ad + No Debunk” groups because participants in

these two groups are not exposed to debunking and differ only by the ad content they were

exposed to. Debunking effects for a given source are measured by comparing those in the

“Misinformation Ad + Debunk” group for the given source with the “Misinformation Ad

+ No Debunk”. This design also allows us to measure whether debunking is effective for

participants who were not exposed to misinformation in this survey, but perhaps already

had existing misconceptions about the ingredient prior to the survey. If debunking works

even without exposure to misinformation, this will be evidenced in the difference between

the “Control Ad + Debunk” and “Control Ad + No Debunk” groups.

Towards the end of the survey, we conduct further verification checks by asking partici-

pants to recall content of both the ad and the debunking message. These verification checks

are placed after the conjoint questions, instead of immediately after treatment, to avoid

mistakenly “treating” the respondents by the choices presented in these verification checks.

Lastly, we debrief the participants after survey completion.
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Figure 3: Experiment Design: Flow of Treatment and Various Treatment Arms

Figure 4: Ads in Aluminum Survey

(a) Control Ad (b) Treatment Ad

Notes: An additional treated ad shown in Appendix, Figure B1 was also used. Because

the results across the two treatment ads did not differ we collapse them into one for

analyses/description.
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Figure 5: Ads in Fluoride Survey

(a) Control Ad (b) Treatment Ad

Figure 6: Ads in GMO Survey

(a) Control Ad (b) Treatment Ad
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Figure 7: Example Debunking Message

Notes: This is the debunking message from the regulator for the fluoride survey.

4.3 Incentive Compatible Conjoint Design

To measure consumer preferences, we designed an incentive compatible conjoint survey. See

Green and Srinivasan (1978, 1990) for an overview of the conjoint literature and Ding et al.

(2005) for a discussion on incentive-aligned conjoint analysis.

After exposure to the two treatment conditions, participants are presented with 10 con-

joint choice tasks. Participants are asked to choose a product from 3 options, or none of

the options. The products are unique combinations of four attributes: brand, whether it

contains the focal ingredient, price, and a balancing attribute (“Whitening” for toothpaste;

“Scented” for deodorant; and “Flavor” for nutritional shakes). Figure 8 provides an example

of the choice task faced by participants in the fluoride survey. Table 3 details the product

attributes used in the conjoint.

To ensure that the conjoint elicits participants’ true preferences, the conjoint is designed

to be incentive compatible. Participants are told that they have a 1-in-20 chance to win a

bonus worth $10,12 which includes one of the products they selected. If they are selected

to win the product, they receive the product that they selected for the given price and the

remaining $10-(selected price) as additional payment. For example, if a participant wins

the bonus and had selected a Crest toothpaste with whitening and fluoride for $0.99, he

receives a Crest toothpaste with whitening and fluoride for $0.99 and the remaining $9.01

as an additional cash payment.

After the conjoint choices, we collected information about participants’ usage of the

12For the GMO survey, this was 1-in-20 chance to win a bonus worth $20 to accommodate the higher price
of the dozen-pack of nutritional shakes.
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Figure 8: Example choice task (Fluoride survey)

Table 3: Product Attributes

Product Brand Has

Ingredient

Price Other

Attribute

Deodorant Dove,

Speed

Stick,

Kopari*

Has

Aluminum:

Yes/No

1.99, 2.99,

3.99

Scented:

Yes/No

Fluoride Colgate,

Crest,

Risewell*,

Tom’s of

Maine

Has

Fluoride:

Yes/No

0.99, 1.99,

2.99

Whitens

Teeth:

Yes/No

Nutritional

Shakes

Ensure,

Orgain*,

Soylent

GMO-free:

Yes/No

1, 1.25,

1.50†
Flavor:

Choco-

late/Vanilla

Notes: This table displays conjoint attributes for all products.
*: Denotes the advertised brand
† : Price per bottle. Due to logistics of reward distributions, lottery winners in the
shake/GMO survey received a dozen shakes, so the conjoint selections are for a dozen
pack of shakes.
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product, their opinions about the focal ingredient, and demographics. Tables B2-B5 in the

Appendix list all the questions asked in this section of the survey. Every participant is

debriefed with verified scientific content after survey completion. For the remainder of this

paper, we refer to these 3 surveys (aluminum, fluoride, and GMO) as the“ingredient surveys”.

4.4 Eliciting Beliefs

As discussed in the literature review and illustrated in Section 3, confirmation bias and

standard Bayesian updating produce different predictions on how different consumers react

to misinformation and debunking depending on their existing beliefs about the ingredient.

Measuring responses as a function of beliefs is important from a policy maker’s perspective:

Does debunking have the most impact on consumers with the most misinformed beliefs, a

prediction consistent with standard Bayesian updating and an ideal outcome for a policy

maker? Or does debunking have little to no impact on those with the most misinformed

beliefs, a prediction consistent with confirmation bias? Using preferences in the control

group as a metric for beliefs, while feasible, has the typical preferences vs. beliefs confound:

a consumer might dislike aluminum (preference) but believe it is nontoxic (belief), making

preference a poor proxy of belief. Manski (2004) suggests directly eliciting beliefs from

respondents to circumvent this issue.

We therefore design another survey which elicits consumers’ beliefs about ingredient

toxicity before they respond to the choice questions.13 For the remainder of this paper,

we refer to this survey as the “beliefs survey”. To avoid creating a demand effect (in which

consumers see belief questions about the ingredient and infer this survey has something to do

with ingredient toxicity and change their responses to satisfy the researcher), we ask beliefs

questions for all other attributes included in the survey. Following probabilistic elicitation

of beliefs suggested by Manski (2004), participants are asked to respond to “What do you

think is the percent chance that <attribute> is harmful to your health?” with the following

possible options: 0-20% (Definitely not harmful); 20-40% (Likely not harmful); 40-60% (Not

sure, either way); 60-80% (Likely harmful); 80-100% (Definitely harmful).14 We collect both

the participants’ prior beliefs and the reasoning behind their beliefs before treatment. At

the end of the survey, we again elicit participants’ posterior bliefs about ingredient toxicity.

We report survey details in Section 6.1.

13We designed this additional survey, instead of eliciting beliefs in the ingredient surveys, because the
sample size needed to detect statistically significant differences across sources and beliefs is not monetarily
feasible.

14As mentioned in Section 3, we treat belief that “<ingredient> is toxic” as a Bernoulli prior and that
uncertainty is represented by how far the consumer’s response is is from 0 or 1. We abstract away from
uncertainty around each probabilistic measure.
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5 Survey Implementation and Data Description

5.1 Implementation

The surveys were distributed through Prolific, an online platform for survey administration

and data collection. The ingredient surveys were launched sequentially in September and

October 2020.15 Such a sequential launch enabled us to exclude participants who had already

taken any previous survey. We explicitly did so to avoid any possibility of familiarity with

the survey and treatment conditions. The beliefs survey was launched in March 2021.

The participant pool for each survey are limited to those in the United States and those

who did not participate in any of the other surveys in this study. Participants received

$1.50 USD for survey completion. As previously described in Section 4.3, to ensure incentive

compatability in the conjoint, participants also had a chance to win an additional bonus,

which includes a product they selected in the conjoint and additional payment.

5.2 Data

In this section, we describe the data for the ingredient surveys. Discussion on the beliefs

survey data is in Section 6.1.

Table 4: Sample Size for Each Treatment Group

Ad Debunk Aluminum* GMO Fluoride
Control Control 155 171 401
Control Competitor 146 217 407
Control Media 140 195 405
Control Regulator 161 204 406
Treatment Control 296 215 411
Treatment Competitor 292 190 386
Treatment Media 300 187 379
Treatment Regulator 307 180 407

Notes: *: For the aluminum survey, we used two versions of treatment ads – a strong and mild version

of misinformation. We group them together into one treatment group in our main analysis, resulting in a

total of approximately 300 participants in the treated ad-debunking groups. That is, 150 participants in the

control debunking group saw a control ad, 150 saw the strong version of the treatment ads, and 150 saw the

mild version of the treatment ad. We report the milder version of the treatment ad and results in Appendix

C.

In total, 6,558 individuals completed the ingredient surveys, with 1,797 participants in

the aluminum survey, 3,202 in the fluoride survey, and 1,559 in the GMO survey. The

15The surveys were launched on three Wednesdays: September 9, September 23, October 21, 2020.
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sample sizes, which differ across surveys, were determined based on the pilot data for each

survey, as described in Appendix Section B. The three surveys are pre-registered on aspre-

dicted.org #47372, #48205 and #49760, respectively. Table 4 displays the sample size for

each treatment group for each survey.

Table 5: Demographics Compared to US Population

Participants US Population
Prop. Women 0.53 0.51

Median Age 30.00 39.70
Prop. HS Degree or higher 0.99 0.88

Prop. White 0.75 0.76
Prop. Black 0.10 0.13

Prop. Democrat 0.49 0.31
Prop. Republican 0.16 0.31

Prop. Unemployed 0.18 0.37

Notes: N = 6,558. US demographic information is from the 2019 US Census Bureau data. https://www.

census.gov/quickfacts/fact/table/US, accessed November 2020. US political affiliation is from Gallup,

https://news.gallup.com/poll/15370/party-affiliation.aspx, accessed November 2020.

While the participant pool is similar to the US population in terms of gender and race,

the survey participants tend to be younger, more educated, and are less likely to be unem-

ployed compared to the general US population, as shown in Table 5. Additionally, a higher

proportion of survey participants self identify as Democrats relative to the US population.

Randomization checks for covariate balance across treatment groups are reported in Tables

B6 and B7 in the Appendix.

The title of our survey stated the product category explicitly, the goal being to recruit

participants interested in and familiar with that category. In the aluminum survey, 67% of

participants report using deodorant daily, 96% of participants brush their teeth at least once

daily, and 36% of participants in the GMO survey report purchasing nutritional shakes in

the month prior to the survey.

Additionally, we find that the vast majority of participants pass the verification checks for

both the ad and debunking sources and content. For instance, 80%-91% of participants an-

swer the debunking source verification check correctly, and about 90% answer the debunking

content verification check correctly. We do not see systematic patterns in which sources have

lower or higher pass rates across the surveys. As a robustness check, we conduct analysis on

both the entire sample and only those who passed the verification checks. The verification

check responses are reported in Tables B8 and B9 in the Appendix.

Table 6 displays the share of selected options in the conjoint questions for which the
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Table 6: Choice Share for Products with the Focal Ingredient

Control Ad, No Debunk Misinfo Ad, No Debunk Misinfo Ad, Debunk
Aluminum 0.29 0.28 0.39
Fluoride 0.67 0.56 0.64

GMO 0.31 0.29 0.31

Notes: This table displays the share of the selected options containing the focal ingredient among each prod-
uct category and treatment condition. We group all the debunking sources into one for ease of interpretation.

product contains the focal ingredient across various treatment conditions. First, in the

control condition (Table 6, Col. 1), 29% of the selected options contained aluminum, 67%

contained fluoride, and 31% contained GMOs. This suggests that there are pre-existing

preferences towards or against these ingredients that vary by products. In general, consumers

avoid aluminum in deodorant and GMOs in food, but prefer fluoride in toothpastes.

Second, we find that the share of options with the focal ingredient is lower after in-

dividuals are exposed to ads containing misinformation (Table 6, Col.2), indicating that

misinformation regarding the focal ingredient reduces preferences for the ingredient. Among

the group exposed to debunking after misinformation (Table 6, Col.3), the choice share in-

creases relative to Col.2, suggesting that debunking after exposure to misinformation may

be effective at reducing the damage created by misinformation. In the following section, we

formally estimate the treatment effects, controlling for brand and price effects.

6 Results

Recall that the decision process in the experiment is as follows. After exposure to an

ad (control or treated) and a debunking message from a randomly-chosen source (s ∈
{control, competitor,media, regulator}), each individual i is presented with 10 sets of prod-

uct profiles in a sequence. In each set J , the individual compares across 3 random product

profiles and the “none” option, and chooses the one that gives her the highest utility in that

set. Formally, the probability of individual i choosing product profile j from set J is:

Pr(j)i =
evij∑
k∈J e

vik
(11)

in which the utility from product profile j conditional on individual i’s ad and debunking

exposure is specified as a series of interaction terms between the ingredient dummy, xj, and

dummies of exposure to control vs. treated ad (ICi , I
T
i ) and dummies of debunking messages

from a given source s (Isi , s ∈ {control, competitor,media, regulator}):
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uij = vij + εij =
∑
s

βs1xjI
C
i I

s
i +

∑
s

βs2xjI
T
i I

s
i + αPricej + Zjγ + εij (12)

We control for preferences for brands and other balancing attributes via brand fixed effects

and balancing attribute fixed effects in Zj. ε is assumed to be iid and has an extreme

value type 1 distribution. βs1 captures the average preference for the debated ingredient (i.e.,

aluminum for deodorant, fluoride for toothpaste, and GMOs for nutritional shakes) under

debunking source s across participants in the control ad condition, while βs2 captures the

average preference for the debated ingredient in the treatment ad condition under debunking

source s. We normalize the utility of the outside option, which is selected when the par-

ticipant selects “None of the above”, to 0. We first present the results from the ingredient

surveys, and present the results from the belief survey in Section 6.1.

Table 7 reports the estimation results for each product category. We group the two ver-

sions of treatment ad for deodorant for ease of interpretation, because they give substantively

the same conclusions. Results with all three ad versions are reported in Table B11 in the

Appendix. In the sections below, we describe the effects in detail, focusing on the effect

of the treatments on the willingness-to-pay (WTP) of the focal ingredient, derived as the

ingredient coefficient divided by the absolute value of the price coefficient. We do so because

the WTP (as opposed to the ingredient coefficient) enables comparison of effect sizes across

products.

Baseline preferences

Our empirical results show that baseline preferences (Table 7, row 1) vary significantly across

the three product categories with respondents exhibiting a positive WTP for fluoride in tooth-

pastes and a negative WTP for GMOs in shakes and aluminum in deodorants. The average

WTP for aluminum, fluoride and GMO are -$1.93 (Table 7 column 1, -0.819/0.425), +$3.27

(Table 7 column 2, 1.426/0.436) and -$3.60 (Table 7 column 3, -0.614/0.171), respectively.

In other words, prior to the experimental manipulation, participants are on average averse

to aluminum and GMO; they are willing to pay $1.93 more for a 2.7oz deodorant without

aluminum, and $3.60 more for a standard case of a dozen GMO-free shakes. For fluoride how-

ever, participants are willing to pay an additional $3.27 for a standard 4oz tube containing

fluoride. Figure 9a plots these baseline WTPs across all three ingredients.16

16Our WTP estimates are comparable to the real-world price differences: a 2.6oz Dove aluminum-free
deodorant is priced $2.60 higher than the version with aluminum, a 12 pack of Ensure protein shakes
without GMOs is priced $6.06 higher than the version with GMOs, and a 4oz. Tom’s of Maine toothpaste
with fluoride is priced $1.28 higher than the version without fluoride. As of November 2020 on Amazon.com,
a 2.6oz aluminum-free Dove deodorant is $7.49, and a 2.6oz deodorant with aluminum is $4.89; the Ensure
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Effect of misinformation

Misinformation can alter consumers’ preferences in the following ways. If the presented

information (e.g., “ingredient is harmful”) is different from what she already believes (e.g.,

“ingredient is not harmful”), the consumer will reduce her WTP for the ingredient if she

updates in a standard Bayesian fashion. It can also lead to no change in her WTP if she

chooses to ignore the conflicting information, a prediction consistent with confirmation bias.

If the presented information (e.g., “ingredient is harmful”) is consistent with what she already

believes, it can increase aversion to the ingredient or lead to no change if there is a ceiling

effect.

Figure 9b (Col 1) shows that, for aluminum and GMOs, there is no significant change in

WTP after exposure to misinformation. However, the ad containing misinformation causes

a statistically significant $1.37 (42%) decrease in the WTP for fluoride. An explanation for

why misinformation decreases WTP for fluoride, but not for aluminum and GMOs, may be

due to the differences in the baseline preferences across the ingredients: consumers are ex-

ante negatively inclined towards aluminum and GMO, but have a strong ex-ante preference

for fluoride (Figure 9a). Therefore, an absence of response to misinformation does not

necessarily imply that consumers are immune to misleading information: it might merely

mean that consumers have strong prior misinformed beliefs, and the additional exposure

in this experiment does not shift these beliefs. Therefore, although an additional exposure

to misinformation may not have an effect, debunking such misinformation can still play an

important role.

Effect of debunking after experimental exposure to misinformation

Column 2 in Figure 9b displays the net effect of misinformation and debunking. This column

allows us to answer whether debunking is able to “undo” the impact of an additional dose of

misinformation on WTP. We find that debunking almost entirely reverts consumers to their

baseline preference for fluoride: the negative WTP for fluoride under misinformation (Col 1 in

Figure 9b) reverts to zero after debunking (Col 2 in Figure 9b). The net effect for aluminum

is significantly positive for aluminum despite no effect of misinformation, indicating that

debunking is able to impact pre-existing preferences. Overall, debunking is able to revert

the negative impact of an additional exposure to misinformation for fluoride and increase

consumers’ WTP for aluminum potentially correcting pre-existing misinformed beliefs, a

possibility we further explore in Section 6.1.

shake without GMO is $0.25/fl. oz, and the Ensure shake with GMOs is $0.20/fl. oz; the Tom’s of Maine
peppermint toothpaste without fluoride is $0.72/oz, and the one with fluoride is $1.04/oz.
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Figure 9: Estimated Ad Effects and Debunking Effects on Willingness-to-Pay.

(a) Baseline WTP

Notes: This figure reports the mean and 95% CI of the willingness–to-pay estimates from the focal ingredients:

aluminum (2.7oz deodorants), fluoride (4oz toothpastes), GMOs (a pack of 12 nutritional shakes). Estimates

are obtained from individuals in the “Control Ad + No Debunk” condition, with price, brands and other

attributes controlled for.
(b) Change in WTP

Notes: This figure displays the average change in the WTP for different treatment conditions. “Debunk

Effect” is the effect of debunking on WTP for participants who did not see an ad with misinformation

(“Control Ad + Competitor/Media/Regulator Debunking” relative to “Control Ad + No Debunk”). “Misinfo

Ad Effect” is the effect of seeing misinformation (comparing participants in the “Misinformation Ad +

No Debunk” relative to the “Control Ad + No Debunk”). “Net Effect” is the effect of seeing an ad with

misinformation followed by debunking for participants (“Misinformation Ad + Competitor/Media/Regulator

Debunking” relative to the “Control Ad + No Debunk”). Error bars represent the 95% confidence intervals.
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Figure 10: Estimated Debunking Effects on Willingness-to-Pay by Source and Ingredient.

Notes: This figure displays the average change in the WTP from different debunking sources for participants

who saw an ad with misinformation. The comparison baseline is “Misinformation Ad + No Debunk”. Error

bars represent the 95% confidence intervals.

Debunking effectiveness by source

Next, we compare the effectiveness of debunking across the sources: competitor firm, media,

and regulator. We find overall that regulator debunking causes the largest increase in WTP,

followed by media debunking and then by competitor debunking (Figure 10), although these

differences across sources are not statistically significant. The only debunking source that

is effective at increasing WTP for GMOs is the competitor firm. A potential rationale for

the effectiveness of only competitors for GMOs is the high levels of debunking efforts by

the media and regulators already in the market. Competitor debunking may be more novel

relative to the others, and therefore, more effective.17

17Google Trends data shows that keyword searches for GMOs in media and from regulators is generally
greater than the number of keyword searches in aluminum and fluoride from media and regulators.
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Table 7: Main Results for Demand Estimates

(1) (2) (3)
Aluminum Fluoride GMOs

ingredient ∗ controlad -0.819*** 1.426*** -0.614***
(0.126) (0.0792) (0.0893)

ingredient ∗ controlad ∗ competitordebunk 0.408** -0.00417 0.0197
(0.176) (0.109) (0.118)

ingredient ∗ controlad ∗mediadebunk 0.312* 0.103 0.0569
(0.178) (0.110) (0.121)

ingredient ∗ controlad ∗ regulatordebunk 0.582*** 0.0327 0.0554
(0.166) (0.109) (0.122)

ingredient ∗misinfoad -0.856*** 0.829*** -0.723***
(0.0810) (0.0806) (0.0823)

ingredient ∗misinfoad ∗ competitordebunk 0.362*** 0.349*** 0.230**
(0.116) (0.108) (0.116)

ingredient ∗misinfoad ∗mediadebunk 0.545*** 0.521*** -0.0223
(0.114) (0.112) (0.121)

ingredient ∗misinfoad ∗ regulatordebunk 0.741*** 0.506*** -0.0148
(0.114) (0.112) (0.117)

price -0.425*** -0.436*** -0.171***
(0.0153) (0.0121) (0.00622)

Control dummies balancing attributes, brands
N 1,797 3,202 1,559
*** p<0.01, ** p<0.05, * p<0.1. Robust standard errors clustered by individuals.

Notes: Balancing attributes are: “scented” for deodorant, “whitening” for toothpaste, and “vanilla/chocolate”

for nutritional shakes. Brands included in the studies are: {Kopari, Dove, Speed Stick} for deodorant,

{Colgate, Crest, Tom’s of Maine, Risewell} for toothpastes, and {Soylent, Orgain, Ensure} for nutritional

shakes. We group the weak and strong versions of misinformed ads in deodorant study together. The

ungrouped regression estimates for the aluminum survey are reported in Table B11 in the Appendix. Table

B10 in the Appendix displays the results for only those who pass the verification checks.

6.1 Heterogeneity by Ex-Ante Beliefs

Here, we discuss results from the beliefs survey, designed to explicitly understand whether

debunking has the most impact on consumers with the most misinformed beliefs. As high-

lighted in Section 4.4, respondents’ beliefs on the harmfulness of the ingredient were elicited

prior to being exposed to the treatment. After treatment, along with the choice data which

provides us with the willingess-to-pay estimates, we again collect respondents’ beliefs as a
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metric of consumers’ posterior beliefs.18

We implement this survey for the deodorant product category because a) consumers are

more likely to have misinformed beliefs as seen by the negative WTP for the ingredient in

Figure 9a, as opposed to toothpaste where most people are favorable to fluoride, and b)

we are able to get more precise and economically meaningful responses to the debunking

message as can be seen in Figure 9b, as opposed to GMOs. Because our goal is to detect

significant differences across belief groups, we ran a pilot survey to estimate the required

sample size, resulting in N=240 respondents per belief group. With 2 advertisements (control

ad vs. misinformation ad) and 2 debunking messages (control vs. regulator), and 5 belief

groups, this leads to a total sample size of 2 × 2 × 5 × 240 = 4800, a fairly large number.

We therefore restrict attention to just one product category, and one debunking source for

budgetary reasons. We pick the regulator as the debunking source because it has the largest

impact on consumers in our previous surveys.

This survey was implemented in March 2021, with a sample size of N = 4, 758, pre-

registered on aspredicted.org #62331. Participants that have taken one of the previous

three surveys are excluded from taking this survey to avoid familiarity with the experiment

design. Table B12 displays the characteristics of the participants in this survey.

Figure 11 reports the estimated treatment effects on stated beliefs and willingness-to-

pay, under exposure to the misinformation ad only, to debunking only, and to both the

misformation ad and debunking (net effect). To obtain the treatment effects on stated beliefs

for each belief group (Figure 11a), we compare the within-person differences between the ex-

post and the ex-ante stated beliefs about the focal ingredient across the three treatment

arms and the control arm.

First, we find that misinformation impacts preferences by creating misbeliefs - consumers

who had prior beliefs that aluminum is not harmful become more likely to believe that alu-

minum is harmful and reduce their willingness-to-pay after being exposed to misinformation.

We also find some evidence that misinformation strengthens misinformed beliefs - partici-

pants with priors that aluminum is harmful are more likely to state they believe aluminum

is harmful after treatment. However, this effect did not translate into a change in WTP for

these participants. Consistent with the first aluminum survey, the effect of misinformation

(red dashed line) is significantly smaller than the effect of the debunking message (green dot-

ted line), leading to a robust net effect (blue dot-dashed line) where all consumers are now

less likely to believe the ingredient is harmful. Overall, an additional dose of misinformation

18Because of repeated measure of the same metric (beliefs), reversion to the mean is of concern. As an
example, those who state they believe the ingredient is “Definitely Not Harmful” are more likely to state one
of the other choices making it seem they responded to treatment while in fact it is a statistical artifact of
repeated measurements. We use the control group to control for reversion to the mean.
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Figure 11: Estimated Change in Stated Belief and WTP

(a) Treatment Effects on Stated Belief (b) Treatment Effects on WTP

Notes: The figures plot the estimated treatment effect and 95% CI on stated beliefs (left panel) and WTP

(right panel). The x-axis is the individual’s ex-ante stated belief that aluminum is harmful. The red

dashed line represents comparison across the control group and the misinfo-ad group. The green dotted line

represents comparison across the control group and the debunking group. The blue dot-dashed line represents

comparison across the control group and the group that is exposed to both misinfo ad and debunking.

does not make debunking significantly less effective (i.e., green and blue lines overlap).

Second, debunking is most effective for consumers with priors “Likely Harmful” as can be

seen by the steep decline in stated beliefs for this group. Comparing Figure 11a to Figure

2c in the Theory section provides evidence consistent with rational Bayesian updating. On

the contrary, confirmation bias would predict that consumers with priors on the left hand

side of the x-axis (“Likely Not Harmful”) would update the most because they view the

debunking message as consistent with their existing beliefs. Overall, we find good news for

policy makers: the evidence is supportive of the ideal outcome that debunking has a larger

impact on consumers with more misinformed beliefs.

We confirm these patterns using the willingess-to-pay estimates constructed directly from

the conjoint choice data (as done in Section 6). The willingness-to-pay patterns (Figure

11b) are consistent with the stated beliefs. Specifically, the impact from debunking across

the belief groups (green dotted line) significantly outweighs the impact from misleading ad

(red dashed line). Combining the net effect from misleading ad and debunking, we find a

significant increase in willingness-to-pay across the board (blue dot-dashed line). Similar

as before, we find the largest net effect occurring with people who think the ingredient is

“likely harmful”: everything else constant, they are now willing to pay $2.20 more for a 2.7oz

deodorant with aluminum. This pattern in willingness-to-pay also provides evidence that

the effects in the stated beliefs are not driven by ceiling effects (i.e., those who state they
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consider the ingredient to be “Definitely Not Harmful” have less room to move than those

who state “Likely Harmful”), as willingess-to-pay estimates are unbounded.

6.2 Incentives to spread misinformation

In this section, we investigate the incentives for new products to make misleading claims

at market entry. We also investigate whether incumbents have incentives to debunk such

misleading claims or instead simply introduce a new product without the debated ingredient,

succumbing to the presence of such misleading claims. We do so by simulating the market

share of the new brand and the incumbents, with and without misinformation / debunking,

at the time of: 1) new brand market entry; and 2) introduction of a revised product without

the debated ingredient by the incumbent.

We focus on the toothpaste category because, as shown in Figure 9b above, misinfor-

mation has the largest impact on consumers’ WTP for the active ingredient fluoride. To

simulate market shares, we use the estimates from the fluoride survey in Column 2 of Table

7. We consider three incumbents - Colgate, Crest and Tom’s of Maine - using their Amazon

best-seller configurations (e.g., whitening toothpaste with fluoride) and price, and consider

Risewell as the new entrant.

Our market share estimates are similar to actual US market shares for Colgate and

Crest, which were 33% and 34.7%, respectively (WSJ.com, 2018). In 2020, fewer than 5%

of households reported using a toothpaste brand in the luxury oral-care segment, where

Risewell and dozens of other brands belong.19 Nevertheless, these beauty-focused oral-care

brands are gaining a foothold in the US market, exploiting controversies around ingredients

through social media marketing and upscale branding (Glossy.com, 2020).

First, we find that misinformation about the focal ingredient helps the new entrant.

Specifically, making misleading claims in ads about fluoride toxicity increases the market

share of Risewell by almost two-fold (Table 8, 0.27% vs. 0.16%). Such misinformation hurts

all incumbents with fluoride, leading to decreased market shares as shown in Table 8, Column

“Entry with Misinfo”.

Second, we find that although debunking by one major incumbent helps partially recover

its market share, complying with the misinformation, and thus misinformed beliefs,improves

its share even more. Specifically, Colgate increases its share by 1.29% after debunking the

misinformation (Table 9, 33.11% vs. 31.82%). Other incumbents also gain from Colgate’s de-

bunking efforts suggesting positive spillovers of the debunking message. Moreover, Colgate’s

increase in market share is much lower than the gain Colgate achieves when it introduces a

19All the luxury oral-care brands (including Theodent, Risewell, Marvis, Aesop, Native, Hello, Quip, Bite,
Boka, etc.), have less than 5% share of self-reported usage in total (Statista, 2020).
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Table 8: Simulated Market Share at Risewell’s Entry

Brand Price per Tube
Simulated Market Share

Before Entry Entry with Misinfo Entry without Misinfo

Colgate $3.52 33.89% 31.82% 33.83%

Crest $3.32 38.41% 36.08% 38.35%

Tom’s of Maine $4.33 20.13% 18.90% 20.10%

Risewell $12 0 0.27% 0.16%

Notes: The table reports the simulated market share for Risewell and for three competitor brands. All

products offer extra benefit of whitening. Only Risewell comes without fluoride. The price per tube is

calculated based on the Amazon best-seller/Amazon’s choice search result for each competitor brand, and

from Risewell’s website. Market share is simulated using estimates from Table 7.

fluoride-free toothpaste instead of debunking: the total market share for Colgate from prod-

ucts with and without fluoride reaches 40.14%, more than its market share before Risewell’s

entry (33.89%).20 More importantly, Colgate becomes the market leader once it complies

with the misinformation. In this case, the other incumbents, Crest and Tom’s of Maine, are

significantly hurt (with their shares further dropping by 4.4% and 2.3% respectively).

Table 9: Simulated Market Share after Risewell’s Entry with Misinformation

Brand Price per Tube
Simulated Market Share after Entry with Misinformation

No Debunking Colgate Debunking Colgate Introducing Fl-free

Colgate $3.52 31.82% 33.11% 40.14%

Crest $3.32 36.08% 37.54% 31.68%

Tom’s of Maine $4.33 18.90% 19.67% 16.60%

Risewell $12 0.27% 0.20% 0.24%

Notes: The table reports the simulated market share for Risewell and for 3 competitor brands after Risewell’s

entry with misinformation. All products offer extra benefit of whitening. Col.4 reports the simulated market

share when Colgate debunks the misinformation. Col.5 reports the simulated total market share when

Colgate offers both fluoride and fluoride-free toothpastes without debunking. Crest and Tom’s of Maine only

offer toothpaste with fluoride. The price per tube is calculated based on the Amazon best-seller/Amazon’s

choice search result for each competitor brand, and from Risewell website. Market Share is simulated using

estimates from Table 7.

There are two main takeaways from the market share simulation exercise. First, new

products have a clear incentive to spread misinformation in order to enter the market more

successfully - misinformation serves as a product differentiation tool. Second, incumbent

brands lack the incentive to debunk because 1) debunking helps competitors more than

their own products, 2) complying with the misinformation improves competitiveness of the

incumbent brand, and 3) even when doing nothing, some incumbent brands could benefit

20In the simulation, Crest and Tom’s of Maine only maintain one product line with fluoride.
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from the misinformation.21 We find the same effect for deodorants (aluminum) and nutrition

shakes (GMO), where the brands are better served introducing new product lines without

the debated ingredient rather than debunk. Admittedly, without the cost of production, one

cannot comment on the relative profitability of introducing a new product line that exploits

misbeliefs. Nevertheless, our simulation provides an explanation why so many brands are

willing to spread misinformation but few appear ready to debunk.

7 Conclusion

This paper investigates the extent that debunking via corrective messaging can revert the

effects of misinformation, and the heterogeneous impacts of misinformation and debunking

based on the debunking source and prior beliefs. Through an incentive compatible survey

experiment, we measure these impacts on consumers’ revealed preferences and stated beliefs.

We find that misinformation can influence consumers’ willingness to pay, and that debunking

provides an effective strategy to revert consumers’ beliefs, and in some cases, can even

influence consumers’ pre-existing beliefs.

While debunking is shown to be effective on average, the hetereogenous impacts of de-

bunking is an important consideration in policy evaluation. From a regulator’s perpsective,

debunking ideally should change actions resulting from misinformed beliefs (consistent with

rational Bayesian updating) rather than reinforcing those with correct beliefs (consistent

with confirmation bias). We indeed find this to be true. Directly eliciting prior beliefs from

survey participants, we show that debunking is most effective for those who had misinformed

beliefs, an encouraging finding for policy makers.

Another important dimension of heterogeneity we consider is the source of the debunking

message. Debunking messages from regulators, competitors, and media are effective for

aluminum and fluoride, while for GMOs, only the debunking message from the competing

firm is effective. The finding that competitor debunking is effective is promising news to

regulators who may not have resources to debunk or remove every source of misinformation

in the marketplace. However, debunking may not be the incumbent’s most profitable strategy

- simulations show that introducing a product that conforms to the misinformation leads to

a greater increase in market share than debunking. Since competitors may lack the incentive

to debunk, existing laws such as the Lanham Act and accreditation sites such as the Better

Business Bureau might help bring questionable claims to the attention of regulators.

Methodologically, this paper develops an incentive compatible survey to measure con-

21For example, Tom’s of Maine sells fluoride-free toothpastes. Presence of misinformation benefits such
product lines. A simulation with fl-free Tom’s of Maine products confirms this effect.
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sumers’ responses to misinformation and sources of debunking. This method is straightfor-

ward to use and can be applied across a wide variety of categories, especially in settings

where field experiments are not feasible. Because consumer beliefs are constantly evolving,

future work would benefit from investigating the strength of debunking over time and across

categories.

While this paper shows that debunking is effective in a controlled setting where consumers

are paying attention to the source and content of the tweets, we are not able to comment

on whether these results can hold in a setting where consumers may pay less attention, or

can seek out information in a biased manner. Understanding debunking effectiveness when

individuals selectively pay attention is an interesting avenue for future research.
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Appendix

A Confirmation Bias

Confirmation bias can manifest in one of the following ways: individuals can seek out infor-

mation that is consistent with their hypothesis, and individuals overweight evidence that

confirms their hypothesis and underweight evidence that conflicts with their hypothesis

(Nickerson, 1998). Our study context is more in line with the latter. Specifically, we model

the weighting of evidence by how trustworthy the individual perceives the source to be; in-

dividuals view a source to be less trustworthy the more the source’s information differs from

their priors.

To provide an example of how beliefs are updated under confirmation bias, we apply

the following functional form of how a source’s trustworthiness is perceived. If an individ-

ual’s prior belief is that the ingredient is definitely not harmful (θ0 = 0) and she receives

information that the ingredient is not harmful (d = claim not harmful), then her perceived

trustworthiness of the source, denoted by π̃ is 1. However, if her prior is that the ingre-

dient is definitely not harmful and she received information that the ingredient is harmful

(d = claim harmful), then π̃ = 0.5, or in other words, the source’s information is completely

uninformative. The more the information conflicts with her prior, the less trustworthy she

perceives the source to be, therefore the less weight she puts on the information. Formally,

the perceived trustworthiness, π̃, is updated to a value in the range [0.5, 1] as a function of

the prior and the provided information:

π̃ =

 θ0

2
+ 0.5 d = claim harmful

1−θ0
2

+ 0.5 d = claim not harmful
(13)

The posterior is updated in the same procedure in Table 1 with π being replaced with

π̃. While there exist other models of confirmation bias22, we chose to specify the biased

weighting of information through the trustworthiness of the source in order to make both

the confirmation bias and standard Bayesian updating frameworks in this paper comparable.

Figure A1 plots the posterior beliefs, posterior WTP, and change in beliefs when individuals

update in complete accordance with confirmation bias. Figure A1c, which displays the change

in beliefs relative to the prior, shows that individuals who ex-ante believed that the ingredient

22Examples of other ways that confirmation bias has been specified is by assigning a non-zero probability
that an individual misreads conflicting information to be supporting his prior (Rabin and Schrag, 1999),
and through bounded memory, in which individuals can recall a finite number of pieces of information when
updating beliefs, and are more likely to recall information that supports their priors (Wilson, 2014).
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Figure A1: Confirmation Bias Posterior Beliefs and WTP

(a) Posterior Beliefs (b) Posterior WTP

(c) Difference between Posterior and Prior Beliefs

Notes: Figures A1a and A1b displays θpost, an individual’s posterior belief that the ingredient is harmful, and
her corresponding WTP, respectively, for the ingredient after she sees a debunking message. The posterior
belief is derived from the equations in Table 1, the individual’s perceived trustworthiness in Equation 13, and
the WTP is derived from the posterior belief at the following parameter values γ = 1 , τ = 0, and δ = −1.

is not harmful but are uncertain are the most responsive to debunking. A noteworthy feature

of Figure A1c is the left-skewed nature of the curve, compared to the right skewed curve of

Figure 2c. This left-skewed curve captures the intuition that according to confirmation bias,

those whose beliefs are not that opposed to the content of the debunking message are willing

to update whereas those whose beliefs are contradictory to the content of the debunking

message are less willing to update.

A.1 Comparing Model Predictions on Posterior Beliefs

Figure A2 compares the changes in beliefs under two frameworks. The most notable differ-

ences between the two frameworks are which individuals the treatment is the most effective

for, based on their priors. Summarizing these differences, the frameworks make the following

predictions.

42

Electronic copy available at: https://ssrn.com/abstract=3875665



Figure A2: Change in Beliefs for Bayesian Updating vs. Confirmation Bias

(a) Misinformation Effect (b) Debunking Effect

Notes: Figures A2a and A2b plot the change in beliefs (posterior - prior) relative to the prior when the
individual is exposed to misinformation (d = claimtoxic) and debunking (d = claimenottoxic), respectively.
For ease of illustration, the trustworthiness of the source is set to be 0.55 and 0.9 in the posteriors updated
via Bayes rule.

Prediction 1 (BU ): If individuals fully follow Bayes rule, individuals with priors θ0 > 0.5

update their posteriors the most in response to debunking, and individuals with priors θ0 <

0.5 update their priors the most in response to misinformation.

Prediction 2 (CB): If individuals fully follow confirmation bias, individuals with priors

θ0 < 0.5 update their posteriors the most in response to debunking, and individuals with

priors θ0 > 0.5 update their priors the most in response to misinformation.

Prediction 3 (Trustworthiness): When the source’s trustworthiness is low, Bayes rule and

conformation bias lead to similar posteriors.

Prediction 3 guides the experimental design: to be able to disentagle the two frameworks

empirically, the information must come from a trustworthy source. In the following sections,

we use Predictions 1 and 2 to guide the interpretation of our empirical results.

B Power Calculation

Before launching the survey for each product category, we ran a pilot survey with 10 respon-

dents to determine the sample size required to conduct inference. The pilot was deployed

with one control ad arm and one treatment ad arm (both under control debunking) and was

used to determine the standard deviation and effect size of the ingredient attribute. This

process helped determine the required sample size as 75 per treatment arm for aluminum,

200 for fluoride, and 100 for GMOs. In the survey implementation, we doubled the required
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sample sizes to be conservative. These are documented in the pre-registration links created

before the survey at aspredicted.org.23

C Additional Figures and Tables

Figure B1: Additional Treatment Ad in Aluminum Survey

Figure B2: Product Pricing Examples - Deodorant With and Without Aluminum

(a) Aluminum-free (b) Aluminum

Notes: This figure displays the prices on Amazon for variants of Dove deodorants with and without aluminum.

This example was chosen because 1) this brand was included in the aluminum survey, and 2) there exist

variants of the same, or similar products with and without aluminum within the same brand. The prices

were accessed in November 2020.

23AsPredicted #47372, #48205 and #49760, respectively
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Figure B3: Product Pricing Examples - Nutritional Shakes with and without GMOs

(a) Non-GMO (b) GMO

Notes: This figure displays the prices on Amazon for variants of Ensure nutritional shakes with and without

GMOs. This example was chosen because 1) this brand was included in the GMO survey, and 2) there exist

variants of the same, or similar products with and without GMOs within the same brand. The prices were

accessed in November 2020.
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Figure B4: Product Pricing Examples - Toothpastes With and Without Fluoride

(a) Flouride and Fluoride-free: Example 1

(b) Fluoride (Example 2) (c) Fluoride Free (Example 2)

Notes: This figure displays the prices on Amazon for variants of Tom’s of Maine toothpastes with and

without fluoride. These examples were chosen because 1) this brand was included in the fluoride survey, and

2) there exist variants of the same, or similar products with and without fluoride within the same brand.

Note that there are two examples of flouride vs fluoride-free pricing. For both deodorant and nutritional

shakes, the aluminum-free and GMO-free versions are more expensive than the aluminum and GMO variants,

respectively. However, for toothpaste, this is not always the case, as highlighted by this example. The prices

were accessed in November 2020.
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Table B1: Debunking Message Content

Survey Debunking Type Message

Aluminum
Control Egyptians are often credited with developing

the first deodorant, applying sweet-smelling

scents to cover up body odor. Their

deodorants consisted of spices, such as citrus

or cinnamon.

Treatment Aluminum-containing products are safe for

topical use. Aluminum in deodorant

products prevents sweat buildup, and

scientific studies have found no conclusive

evidence that it causes adverse health effects.

Fluoride
Control Egyptians are often credited with developing

the first toothpaste. The earliest Egyptian

recipe contained plenty of abrasives to scrape

off all the sticky residue: the ashes of burnt

egg shells and oxen hooves mixed with

pumice seemed to be popular.

Treatment Fluoride-containing toothpastes are safe.

Fluoride in toothpastes prevents cavities, and

scientific studies have found no conclusive

evidence that it causes adverse health effects.

GMO
Control Whey protein is a nutritional supplement

that comes from milk. It’s isolated from the

rest of the milk through a variety of

purification processes. Only 20 percent of

milk’s protein is whey.

Treatment GMOs are safe. GMOs benefit the

environment by creating more sustainable

farming methods, and scientific studies have

found GMO foods are just as safe as

non-GMO foods.

Notes: This table displays the debunking messages for all debunking types. The treatment group encom-

passes the firm, media, and regulator groups, as the debunking messages are the same across all sources.

Each debunking message also includes a website link to an actual article from the source.
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Table B2: Post-Conjoint Survey Questions: Aluminum

Question Type Question

Verification Checks Which account is the first Tweet from?

Which account is the second Tweet from?

What is the first Tweet’s point?

What was the second Tweet’s point?

Product Usage In the past week, how frequently have you used

deodorant?

Brand Preference What is your favorite deodorant brand?

Sensitivity to Ingredients In instances where you look at ingredients when

purchasing deodorant, why? Select all that apply.

Knowledge about the ingredient What is the reason for adding aluminum to

deodorants and antiperspirants?

Other controversial products Would you buy the following? Choose all that apply.

Ingredient Importance Do you generally read ingredient labels?

Notes: This table includes the questions asked in the aluminum survey, except the conjoint and demographic

questions. The demographic questions are the same across all surveys and are displayed in Table B5. All

questions are multiple choice.

Table B3: Post-Conjoint Survey Questions: Fluoride

Question Type Question

Verification Checks Which account is the first Tweet from?

Which account is the second Tweet from?

What is the first Tweet’s point?

Which of the following best describes the second

Tweet’s point?

Product Usage In the past week, how frequently have you brushed

your teeth?

Brand Preference What is your favorite toothpaste brand?

Sensitivity to Ingredients In instances where you look at ingredients when

purchasing toothpaste, why? Select all that apply.

Beliefs about the focal ingredient Do you believe that fluoride in toothpaste is harmful

to humans?

Knowledge about the ingredient What is the reason for adding fluoride to toothpaste?

Other controversial products Would you buy the following? Choose all that apply.

Ingredient Importance Do you generally read ingredient labels?

Notes: This table includes the questions asked in the fluoride survey, except the conjoint and demographic

questions. The demographic questions are the same across all surveys and are displayed in Table B5. All

questions are multiple choice.
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Table B4: Post-Conjoint Survey Questions: GMO

Question Type Question

Verification Checks Which account is the first Tweet from?

Which account is the second Tweet from?

What is the first Tweet’s point?

What was the second Tweet’s point?

Product Usage In the past month, have you purchased any

nutritional shakes?

Generally, how do you consume nutrition shakes?

Choose all that apply.

Brand Preference Among the options below, what is your favorite

brand?

Sensitivity to Ingredients In instances where you look at ingredients when

purchasing a shake, why? Select all that apply.

Beliefs about the focal ingredient Do you believe that GMOs are harmful to health?

Do you believe that GMOs benefit the environment?

Knowledge about the ingredient What is the reason for genetically modifying crops?

Other controversial products Would you buy the following? Choose all that apply.

Ingredient Importance Do you generally read ingredient labels?

Notes: This table includes the questions asked in the GMO survey, except the conjoint and demographic

questions. The demographic questions are the same across all surveys and are displayed in Table B5. All

questions are multiple choice.

Table B5: Demographics Survey Questions

Question Type Question

Cultural Cognition† People in our society often disagree about issues of

equality and discrimination. How strongly you agree

or disagree with each of these statements?

Education What is your highest level of education achieved?

Household Income What is your annual household income level?

Race Choose one or more races that you consider yourself

to be:

Political Affiliation Generally speaking, do you usually think of yourself

as a Republican, a Democrat, an Independent, or

something else?

Primary Shopper Are you the primary grocery shopper for your

household?

Children How many children do you have?

Grocery Spend How much do you spend on grocery shopping per

month?

Notes: This table reports the demographics questions that are asked in all of the surveys. All questions are

multiple choice.
†: Survey questions are taken from Kahan (2008).
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Table B6: Randomization Check - Ad

Control Treated P-value
Aluminum
N 602 1195 –
Age 33.65 33.23 0.49
Prop. Female 0.53 0.53 0.97
Prop. Democrat 0.5 0.46 0.15
Prop. White 0.75 0.77 0.29
Prop. Black 0.08 0.08 0.89
Fluoride
N 1619 1583 –
Age 33.12 32.5 0.15
Prop. Female 0.54 0.52 0.2
Prop. Democrat 0.51 0.5 0.92
Prop. White 0.74 0.74 0.99
Prop. Black 0.11 0.11 0.78
GMO
N 787 772 –
Age 32.45 32.67 0.72
Prop. Female 0.51 0.51 0.99
Prop. Democrat 0.49 0.47 0.48
Prop. White 0.76 0.72 0.06
Prop. Black 0.08 0.09 0.41

Notes: This table reports the demographics for participants in each ad type. The p-value is associated with

the null hypothesis that the mean values of the corresponding row is the same across all debunking groups.
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Table B7: Randomization Check - Debunking

Control Firm Media Regulator P-value
Aluminum
N 451 438 440 468 –
Age 33.39 33.81 33.15 33.13 0.83
Prop. Female 0.54 0.52 0.54 0.54 0.85
Prop. Democrat 0.43 0.48 0.5 0.49 0.14
Prop. White 0.77 0.76 0.78 0.76 0.88
Prop. Black 0.09 0.07 0.05 0.1 0.1
Fluoride
N 812 793 784 813 –
Age 32.78 33.47 32.71 32.31 0.3
Prop. Female 0.54 0.52 0.53 0.52 0.64
Prop. Democrat 0.52 0.47 0.56 0.47 0
Prop. White 0.76 0.72 0.74 0.73 0.39
Prop. Black 0.1 0.1 0.12 0.11 0.47
GMO
N 386 407 382 384 –
Age 32.87 32.14 32.92 32.33 0.75
Prop. Female 0.51 0.52 0.47 0.55 0.14
Prop. Democrat 0.42 0.47 0.51 0.52 0.03
Prop. White 0.76 0.73 0.72 0.75 0.49
Prop. Black 0.09 0.09 0.1 0.08 0.86

Notes: This table reports the demographics for participants in each debunking group. The p-value is

associated with the null hypothesis that the mean values of the corresponding row is the same across all

debunking groups.

Table B8: Ingredient Surveys Verification Check - Ads

Survey Ad Source Correct Content Correct
Aluminum Control 0.94 0.93
Aluminum Treatment 0.92 0.73
Fluoride Control 0.93 0.96
Fluoride Treatment 0.97 0.93
GMO Control 0.97 0.81
GMO Treatment 0.98 0.94

Notes: This table reports the proportion of the participants that passed the verification check for the ad

source and content for each survey. the demographics for participants in each debunking group. The p-value

is associated with the null hypothesis that the mean values of the corresponding row is the same across all

debunking groups.
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Table B9: Ingredient Surveys Verification Check - Debunking Messages

Survey Debunk Source Source Correct Content Correct
Aluminum Control 0.89 0.93
Aluminum Firm 0.89 0.93
Aluminum Media 0.82 0.90
Aluminum Regulator 0.90 0.93
Fluoride Control 0.89 0.94
Fluoride Firm 0.92 0.96
Fluoride Media 0.89 0.96
Fluoride Regulator 0.92 0.97
GMO Control 0.80 0.92
GMO Firm 0.88 0.94
GMO Media 0.87 0.93
GMO Regulator 0.85 0.91

Notes: This table reports the proportion of the participants that passed the verification check for each

debunking message source and content for each survey.s the demographics for participants in each debunking

group. The p-value is associated with the null hypothesis that the mean values of the corresponding row is

the same across all debunking groups.
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Table B10: Main Results for Demand Estimates using People Passing Verification Checks

(1) (2) (3)

Ingredient Aluminum Fluoride GMOs

ingredient x controlad -0.916*** 1.584*** -0.668***

(0.150) (0.0930) (0.114)

ingredient x controlad x debunk firm 0.493** 3.16e-05 0.0422

(0.211) (0.126) (0.145)

ingredient x controlad x debunk media 0.434** 0.0468 0.103

(0.214) (0.127) (0.156)

ingredient x controlad x debunk regulator 0.736*** 0.0165 0.162

(0.191) (0.123) (0.153)

ingredient x misinfoad -1.039*** 0.878*** -0.803***

(0.100) (0.0935) (0.0998)

ingredient x misinfoad x debunk firm 0.509*** 0.328*** 0.215

(0.153) (0.121) (0.137)

ingredient x misinfoad x debunk media 0.780*** 0.547*** 0.0211

(0.146) (0.129) (0.144)

ingredient x misinfoad x debunk regulator 0.995*** 0.515*** 0.0608

(0.143) (0.126) (0.136)

price -0.446*** -0.475*** -0.187***

(0.0188) (0.0135) (0.00736)

Control dummies balancing attributes, brands

N individual 1,192 2,633 1,125

*** p<0.01, ** p<0.05, * p<0.1. Robust standard errors clustered by individuals.
Notes: This table presents robustness results using people in the ingredient surveys who passed the verifi-

cation checks. Conclusions stay the same except that firm debunking is no longer significant among GMO.

We group together the weak and strong versions of misinformed ads in deodorant study and report the

original estimation results in robustness check.Balancing attributes are: ”scented” for deodorant, ”whitening”

for toothpaste, and ”vanilla/chocolate” for nutrition shakes. Brands included in the studies are: {Kopari,

Dove, Speedstick} for deodorant, {Colgate, Crest, Tom’s of Maine, Risewell} for toothpastes, and {Soylent,

Orgain, Ensure} for nutrition shakes.
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Table B11: Main Results of Demand Estimates for Deodorants

(1) (2)

ingredient x controlad -0.819*** -0.916***
(0.126) (0.150)

ingredient x controlad x debunk firm 0.409** 0.493**
(0.176) (0.211)

ingredient x controlad x debunk media 0.312* 0.435**
(0.178) (0.214)

ingredient x controlad x debunk regulator 0.582*** 0.736***
(0.166) (0.191)

ingredient x exploitad -0.954*** -1.119***
(0.116) (0.145)

ingredient x exploitad x debunk firm 0.544*** 0.645***
(0.159) (0.216)

ingredient x exploitad x debunk media 0.650*** 0.957***
(0.168) (0.214)

ingredient x exploitad x debunk regulator 0.709*** 0.963***
(0.171) (0.210)

ingredient x spreadad -0.752*** -0.949***
(0.112) (0.138)

ingredient x spreadad x debunk firm 0.151 0.353
(0.172) (0.217)

ingredient x spreadad x debunk media 0.432*** 0.591***
(0.155) (0.197)

ingredient x spreadad x debunk regulator 0.744*** 1.010***
(0.152) (0.195)

price -0.426*** -0.446***
(0.0153) (0.0188)

Control dummies balancing attributes, brands
Everyone Passed all verification checks? N Y
N individuals 1,797 1,192
*** p<0.01, ** p<0.05, * p<0.1. Robust standard errors clustered by individuals.

Notes: This table presents the robust result for deodorant when we keep two versions of treated ads separate,

in the ingredient surveys. The first column is for all respondents, second column is for only respondents who

passed the verification checks. The “exploit” (weak) version of ad states that the deodorant is aluminum-free,

whereas the “spread” (strong) version explicitly states that “non-natural” deodorants have toxic ingredients.

Balancing attribute for deodorants is: ”Scented”. Brands included in the deodorant study are: Kopari, Dove,

Speed Stick.
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Table B12: Participant Characteristics in Beliefs Survey

Treatment Group N Age Prop.
Fe-
male

Prop
Demo-
crat

Prop.
White

Prop.
Black

Treated Ad - Regulator De-
bunk

1210 35 0.57 0.50 0.74 0.10

Control Ad - Regulator De-
bunk

1188 34.9 0.58 0.54 0.73 0.09

Treated Ad - Control De-
bunk

1178 34.3 0.56 0.51 0.75 0.10

Control Ad - Control De-
bunk

1182 34.8 0.56 0.51 0.73 0.11

Notes: This table reports the demographics for participants in each treatment group in the beliefs survey.

The demographics are not statistically different across treatment groups. The p-values from the ANOVA in

which the null hypothesis is the mean values of age, proportion female, Democrat, white, black are the same

across treatment groups are 0.49, 0.64, 0.3, 0.82, and 0.70, respectively.
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