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Abstract

The prevalence of misinformation has spurred various interested parties—regulators, the media, and competing firms—to
debunk false claims in the marketplace. This research examines whether such debunking messages provided by these parties
can impact consumer purchase behavior. If so, does debunking effectively correct consumers’ misinformed beliefs—an ideal out-
come from a policy maker’s perspective—or does it merely reinforce correct beliefs, as predicted by biased belief updating? With
theory providing contradictory predictions, the authors design and implement a conjoint experiment that enables measurement
of willingness to pay under exposure to real-world misinformation and debunking messages. Focusing on three ingredients in
product categories where misinformation is prevalent (aluminum in deodorant, fluoride in toothpaste, and genetically modified
organisms in food), the authors find that debunking plays an important role in mitigating the impact of misinformation. More
specifically, debunking can attenuate the decrease in willingness to pay caused by misinformation by correcting misbeliefs, a prom-
ising finding for policy makers. The authors discuss the incentives for firms to debunk misinformation or to introduce new prod-

ucts that conform to misinformation.
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Misinformation is a widespread issue in the marketplace.
Between 2015 and 2020, the Federal Trade Commission (FTC)
filed 172 cases regarding misleading advertising and marketing,
with settlements up to $191 million (FTC 2019, 2020). Often
appearing in the form of unsubstantiated claims that consumers
cannot easily verify, such misinformation not only can harm con-
sumers who purchase the product but also can spread misbeliefs
about the entire product category, creating negative spillovers
into other products. For example, Kopari, a relatively new
entrant in the deodorant market, states in a social media post
that its product is “aluminum-free” and is therefore nontoxic
(Figure 1). Consumers who view this post may form new
beliefs that aluminum—a common active ingredient in deodor-
ants and antiperspirants—is harmful, which may increase their
willingness to pay (WTP) for aluminum-free products, even
though such a claim is not supported by scientific evidence
(Palus 2019). The digital era magnifies the urgency of this
problem; online material is largely unvetted, making it easy for
misinformation to be created and disseminated.

Interested parties have attempted to combat such misinfor-
mation through debunking messages. For example, a prominent

competitor, Speed Stick, highlights on its website the lack of
scientific evidence demonstrating that aluminum in antiperspi-
rants and deodorants is harmful (Duggal 2020). Nevertheless,
it has long been debated whether such debunking messages
are indeed effective. Moreover, for what type of consumer
and through what source(s) can debunking be effective?

This research aims to understand the impacts of misinforma-
tion and debunking on purchase behavior. First, can misinfor-
mation seen in advertisements influence consumers’ WTP by
creating misbeliefs? Second, can debunking reduce the impact
on WTP caused by misbeliefs created by either advertisements
or other sources? Third, does the impact of debunking vary by
the source of the message and by the level of consumers’ exist-
ing (mis)beliefs? We investigate these questions in three
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Figure 1. Screenshot of an Instagram Post by Kopari.

product categories in which misinformation about the focal
ingredient’s harmfulness is prevalent.

From a policy maker’s perspective, the ideal outcome is for
debunking to correct misinformed beliefs. Whether debunking
can achieve such a goal depends on the manner in which indi-
viduals update their beliefs. If individuals update in an unbiased
Bayesian fashion, then those with prior beliefs most different
from the presented information would change their beliefs
and their WTP the most. In such cases, debunking can be effec-
tive in correcting misinformed beliefs. However, individuals
can over- or underweight information as a function of their
priors (Schwartzstein 2014) or misinterpret conflicting evidence
as favorable to their existing beliefs (Fryer, Harms, and Jackson
2019; Nickerson 1998; Rabin and Schrag 1999). In such cases,
debunking would merely confirm existing correct beliefs and
not be effective at correcting misinformed beliefs, or even back-
fire by strengthening misinformed beliefs (Nyhan and Reifler
2010). Therefore, it is important to empirically measure
responses along varying levels of existing (mis)beliefs to eval-
uate the efficacy of debunking.

Empirically measuring the impact of misinformation and
debunking is challenging for two reasons. First, exogenous var-
iation in when brands present this information is rare. For
example, the introduction of new products (e.g., products not
containing genetically modified organisms [GMOs]) 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 not only is it
impossible to debrief everyone who was exposed to the exper-
imentally induced misinformation (treated consumers might
share the experimental ad, making debriefing everyone who
was exposed impossible and leading to harmful consequences
uncontrollable by the researchers), but it would also be chal-
lenging to measure existing beliefs without explicitly asking
for them (see Manski 2004). Moreover, if misinformation or
debunking does rot change beliefs in a field experiment, then
one cannot identify the reason: are consumers not paying atten-
tion to the message, or are they not using the information to
update their beliefs even if they do pay attention to the

message? Designing a platform to increase individuals’ atten-
tion to debunking messages (such as providing visual highlights
and content recommendations) could be effective in correcting
misbeliefs only if the ineffectiveness of debunking is due to
inattention.

Therefore, we conduct a controlled online experiment in
which it is possible to impose attention checks and to debrief
subjects. We measure respondents’ true WTP by using an
incentive-compatible choice-based conjoint to elicit prefer-
ences. 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 not only to recover
preferences of the focal ingredient but also to measure how
these preferences change under varying exposures to misinfor-
mation and debunking.

We define misinformation as any message that does not
follow the federal law that states that “an ad must be truthful,
not misleading, and, when appropriate, backed by scientific evi-
dence” (FTC 2023). Under this definition, the strength of the
misinformation can vary. For example, “ingredient X is
toxic” is a stronger statement than “our product is free of ingre-
dient X and therefore is good for you.” We consider both to be
misinformation if there is no scientific evidence that ingredient
X is harmful or if “X-free” is indeed better than “X.” We inves-
tigate three categories of consumer packaged goods in which
misinformation regarding the safety of a main ingredient is
prevalent: toothpaste (fluoride), deodorant (aluminum), and
nutrition shakes (GMOs), with a separate survey for each ingre-
dient." These product categories also have (1) a firm within the
category that circulated messages containing misinformation
and (2) a competing firm, regulator, and media that debunk
the misinformation. 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 misinformation, and the debunking messages
are summarized into similar social media posts from arguments
presented in actual news articles, on regulatory websites, and on
competitors’ websites.

The experiment is designed to elicit preferences for various
attributes, including the ingredient in question (e.g., aluminum)
under exposure to various treatments. Participants are first
assigned to one of two advertising conditions: a control condi-
tion with an ad that highlights an attribute unrelated to the ingre-
dient in question, or a treatment condition with an ad containing
misinformation about the ingredient in question. Each partici-
pant is then randomly assigned into one of four debunking

! Basch, Milano, and Hillyer (2019) find that a high proportion of Instagram
posts mentioning fluoride contain misinformation. For more information
about the misinformation around aluminum in deodorants, see Watson
(2011). Regarding GMOs, in 2018, 49% of Americans believed that genetically
modified foods are worse for one’s health than non—genetically modified foods
(Funk, Kennedy, and Hefferon 2018).
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conditions: the control group sees an unrelated factoid from
“How Stuff Works,” and the three treatment groups see debunk-
ing messages from the media, a regulator, or a competing firm.
By design, the debunking messages across the three sources are
identical; they differ only in the source. This design allows us to
measure the average impact of misinformation and
source-specific debunking on preferences and WTP.

As discussed previously, the efficacy of debunking hinges
on the level of responses across prior beliefs, which cannot be
measured through choice data alone. For example, a consum-
er’s decision to purchase an aluminum-free deodorant may be
driven by preferences (e.g., “I do not like aluminum because
it stains clothes”) or by beliefs surrounding ingredient toxicity
(e.g., “I do not like aluminum because it is toxic”). To
measure the extent to which debunking impacts choices by cor-
recting misbeliefs, we design an additional experiment at a
larger scale that elicits beliefs before and after exposure to the
treatments.

Our studies reveal three key findings. First, misinformation
in ads generally reduces WTP, and it does so by creating mis-
beliefs. For consumers with correct prior beliefs (i.e., priors
inconsistent with misinformation), misinformation significantly
decreases WTP: fluoride misinformation decreases WTP by
22% ($.87), and aluminum misinformation decreases WTP
for aluminum by 80% ($.48). For consumers with incorrect
prior beliefs (i.e., priors consistent with misinformation), misin-
formation has no significant effect. We find no significant
effects of GMO misinformation on WTP, likely because this
category has the weakest misinformation claim in the study,
and because participants are more likely to have been
exposed to GMO misinformation, relative to the other catego-
ries, prior to the study due to regulator policies. We discuss
this in detail in the “Discussion” section.

Second, although debunking can be effective across all
sources, debunking by regulators is the only source that has a
statistically significant effect for all categories: it increases
WTP for aluminum, fluoride, and GMOs by 68%, 27%, and
18%, respectively. Debunking by competing firms is effective
for fluoride and GMOs, and media debunking is effective for
aluminum and fluoride. We explain differences in effects
across categories and sources in the “Discussion” section.

Third, we find that debunking can undo the damage caused
by both the experimental dose of misinformation and the misbe-
liefs formed prior to our study. Moreover, for aluminum and
GMOs—where most consumers have incorrect prior beliefs—
we find that not only does debunking increase WTP, but this
increase is significantly greater for those with incorrect prior
beliefs than for those with correct prior beliefs. We find no evi-
dence that debunking backfires in our context. Rather, we dem-
onstrate that debunking can correct misinformed beliefs, an
encouraging finding from a policy maker’s perspective.

Finally, motivated by the effectiveness of competitor debunk-
ing, we analyze firms’ reactions to a new entrant that spreads mis-
information. Our estimates allow us to quantify the incentives for
incumbents to either debunk or comply with misinformed beliefs
by introducing an ingredient-X-free product. Although debunking

increases consumers’ preferences for the focal ingredient, we show
that in equilibrium, each incumbent’s best response is to introduce
an ingredient-X-free product rather than debunk. This may explain
why we commonly see incumbents introducing products that
conform to misinformation in the marketplace (e.g., Dove and
Speed Stick launched aluminum-free products in 2019 and
2020, respectively).

Related Literature

In this section, we discuss related literature and highlight
the contributions of our research. Advertising has been theoret-
ically and empirically well researched. The vast majority of this
literature has focused on truthful advertising, and deceptive
advertising has only recently received empirical attention.
Recent work has focused on review fraud (He, Hollenbeck,
and Proserpio 2022; Luca and Zervas 2016; Mayzlin, Dover,
and Chevalier 2014) and false claims (Avery et al. 2013;
Chiou and Tucker 2018; Kong and Rao 2021; Rao 2022; Rao
and Wang 2017).

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 Institutional Review Board
requires debriefing anyone exposed to the ad, which is espe-
cially challenging in a field setting. Therefore, most empirical
work uses a policy change that eliminates the source of misin-
formation, such as a regulator- or platform-induced ban (Chiou
and Tucker 2018; Rao 2022; Rao and Wang 2017). Although
such policy changes provide exogenous variation in the
amount of misinformation in the marketplace, such cases are
rare. Moreover, we do not know whether the effect of removing
misinformation is symmetric to the effect of direct exposure to
misinformation. We contribute to this area by measuring the
causal effect of the exposure to misinformation on purchase
behavior in an incentive-compatible controlled experiment.”

This research focuses on investigating the effectiveness of
debunking, and the heterogeneity thereof, in combating misin-
formation.® Previous literature suggests that the process of cor-
recting misinformation is complex and remains to be fully
understood (Ecker et al. 2022; Lewandowsky et al. 2012,
2015; Schwarz et al. 2007). In advertising studies, most focus
on “self-correction” by the firm (as a result of FTC lawsuits)
or corrections directly from the FTC, documenting a small
but positive effect of corrective advertising on the reduction

2 Early 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).

3 Other efforts in combating misinformation include eliminating the source of
misinformation via bans and downvotes (Chiou and Tucker 2018; Pennycook
and Rand 2019); nudging, which involves interactions between the message
sender and receiver (Lorenz-Spreen et al. 2020; Pennycook, McPhetres, et al.
2020); fact-checking (Guess, Nyhan, and Reifler 2020; Pennycook, Bear, et
al. 2020) and, more recently, prebunking (Amazeen, Krishna, and Eschmann
2022).
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of stated misbeliefs, both in the lab (Dyer and Kuehl 1974;
Mazis and Adkinson 1976) and in the field (Armstrong,
Gurol, and Russ 1983; Bernhardt, Kinnear, and Mazis 1986).
We contribute to this literature by quantifying the heteroge-
neous effects of debunking messages on consumer demand
across various sources (competitor, media, and regulator) and
across consumers’ varying levels of existing (mis)beliefs in
the marketplace, two dimensions that are directly relevant for
policy making. Our demand estimates allow us to simulate
the equilibrium outcomes of firms’ strategies to combat misin-
formation, such as debunking or conforming to misinformation.

Existing theories on how consumers update their beliefs
provide conflicting predictions regarding whether debunking
can effectively correct misbeliefs. On the one hand, consumers
may choose to selectively process information, internalizing
only the content that agrees with their existing beliefs.
Literature on persuasion and biases suggests that corrections
that are incompatible with existing (mis)beliefs tend to be pro-
cessed less fluently (Lewandowsky et al. 2012) and misinter-
preted as favorable to existing beliefs (Fryer, Harms, and
Jackson 2019; Nickerson 1998; Rabin and Schrag 1999). As
a result, information inconsistent with beliefs can be under-
weighted (Schwartzstein 2014), be ignored, or unintentionally
strengthen the consumer’s original attitudes (Tormala and
Petty 2004). For example, in the context of political mispercep-
tions, Nyhan and Reifler (2010) empirically document the
backfire effect, in which debunking messages increase misper-
ceptions. Irrespective of the exact mechanism, these theories
suggest that debunking is unlikely to correct beliefs for those
with prior misbeliefs. On the other hand, an unbiased
Bayesian updating framework predicts that individuals update
their beliefs when presented with information (from a reputable
source) that conflicts with their priors. Recent empirical litera-
ture, such as Coutts (2019) and Tappin, Pennycook, and
Rand (2020), finds evidence that individuals’ posterior beliefs
in response to information are consistent with the unbiased
Bayesian benchmark. Given mixed evidence across various
contexts, it is unclear whether a policy maker with intentions
to correct the most misinformed beliefs would be successful
in their goals. Therefore, we take this question to data by elic-
iting beliefs directly before treatment and measuring the WTP
for consumers with varying levels of misbeliefs.*

Broadly, our work also contributes to the literature on con-
sumer responses to information on nutrition and ingredient
labels (see, e.g., Bollinger, Leslie, and Sorensen 2011;
Liaukonyte et al. 2013; Scott and Rozin 2020) by studying
the impact of misleading information pertaining to various

# Our 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
modeled the typical assumptions used in belief updating theories with applica-
tions to heterogeneous price search and brand choices (Chamess and Levin
2005; Ching et al. 2021; Jindal and Aribarg 2021; Nyarko and Schotter 2002;
Ursu et al. 2023).

ingredients. This research is also related to a large body of lit-
erature in psychology and communications that has analyzed
the type of message, the level of detail of the message, and
the direction of the cognitive activity of the audience in predict-
ing debunking effectiveness across contexts (see Chan et al.
2017 for a meta-analysis). We refer readers to Walter and
Murphy (2018) for a comprehensive review of literature on mis-
information and debunking in health, journalism, science, and
politics.

In summary, our work extends the literature on debunking
misinformation 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 preexisting beliefs, allowing us
to comment on the mechanism by which individuals process
the corrections to misleading claims. Third, we explore hetero-
geneity in the effectiveness of debunking by sources commonly
observed in practice. To our knowledge, no study has compared
the effectiveness of debunking by competitors with that from
regulators or mainstream media. Although competitor advertis-
ing is more accessible than messages by regulators and media, it
may be perceived as a competitive attack on the rival brand,
thus carrying little weight in correcting misbeliefs. Other
work has shown that competitors’ messages can dilute the
message of the focal brand (Burke and Srull 1988; Danaher,
Bonfrer, and Dhar 2008; Keller 1991). This suggests that, irre-
spective of the message, the mere presence of the competitive
clutter would make the focal ad less effective. In our setting,
we measure the specific impact of debunking beyond such
clutter, as our control debunking message still adds clutter but
does not debunk. Fourth, by experimentally creating variation
in exposure to misinformation before debunking, we can eval-
uate whether debunking can “repair” the change in WTP
created through misinformation in ads. Finally, our demand
estimates allow us to comment on firms’ strategic responses.
By simulating incumbents’ equilibrium reactions to misinfor-
mation, our work provides an explanation for why firms may
lack the incentive to debunk.

Consumer Responses to Information: A
Framework

In this section, we present a framework of how misinformation
and debunking messages about a product’s ingredient can influ-
ence preferences via beliefs. We use this framework to guide
our experimental design, described in the next section. Let con-
sumer i’s utility for product j be

uj = Biing; + vZ; + €5, (1)

where ing; € {0, 1} is an indicator for whether j contains the focal
ingredient, Z; is a vector consisting of the product’s other attributes
(such as brand, price, packaging, flavor, scent, etc.), and e is an
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idiosyncratic shock that varies at the consumer-product level. The
coefficient of interest is f3;, that is, i’s preference for the focal ingre-
dient. For example, if the product j is deodorant, then ingj = 1 indi-
cates that the deodorant contains aluminum, and f3; is i’s preference
for aluminum in deodorant.

Information about the focal ingredient can change i’s prefer-
ence by changing i’s beliefs about whether the ingredient is
harmful to one’s health. Specifically, let the data-generating
process for f; be

Pi =7+ 36i +n;, )
where 6; € [0, 1] is i’s belief that the ingredient is harmful.
The closer 6; is to 1, the more certain i is that the ingredient
is harmful. Similarly, the closer 6; is to 0, the more certain i
is that the ingredient is not harmful. The coefficient & represents
the population-average risk attitude toward the harmfulness of
the ingredient; O is likely negative, as people are typically
averse to ingredients they believe to be harmful. The variable
7 is the population-average inherent preference for the ingredi-
ent, which can be either positive or negative.” Finally, n; are
individual-level differences in the preferences for the ingredient
that are unexplained by 6;.

Debunking messages and misinformation about an ingredi-
ent can impact individual i’s utility for j by changing 6;, their
belief about whether the ingredient is harmful. The sequence
of events is straightforward: individual i has a prior belief 6?,
receives information about the ingredient (“ingredient X is
harmful” or “ingredient X is not harmful”) from a source,
such as a regulator, and then updates their beliefs to 6.
However, the extent to which individuals update their beliefs
in response to new information is not as straightforward.
Consumers can biasedly choose whether to use new informa-
tion to update beliefs according to their prior beliefs and/or
the credibility of the source of the information. Subsequently,
we discuss responses to debunking messages and note that
the same rationale applies to responses to misinformation.

On one extreme, consumers may choose to selectively
process information, internalizing only the content that aligns
with their existing beliefs. The literature on confirmation bias
points out that individuals can seek out information that is con-
sistent with their hypothesis, overweight evidence that confirms
their hypothesis, and underweight evidence that conflicts with
their hypothesis (Nickerson 1998). Similarly, the literature on
resistance to persuasion documents various reasons why contra-
dictory information can either have no effect or unintentionally
strengthen the consumer’s original attitudes (Tormala and Petty
2004). In economics, Rabin and Schrag (1999) model confirma-
tion bias as the agent misreading information that conflicts with
the agent’s priors as information that supports the priors.

5 For example, consumers may prefer deodorant with aluminum because alumi-
num in deodorant is effective at preventing sweat buildup. Consumers may
prefer fluoride in toothpaste as it is the key ingredient to prevent cavities.
They may prefer nutrition shakes made from GMOs because GMOs have a
smaller environmental impact.

Irrespective of the exact mechanism, these theories suggest
that a debunking message is the least likely to correct the
beliefs of those with incorrect priors. We demonstrate this
using a simple model in Web Appendix A. In this model,
biased updating manifests in the form of consumers viewing
the source to be less trustworthy if it conveys information
that conflicts with the consumer’s priors. Such a model predicts
that, on average, consumers with incorrect priors update /ess in
response to debunking than those with correct priors.

On the other end, an unbiased Bayesian framework posits
that a consumer updates their beliefs when presented with
new information, and contradicting information (from a reputa-
ble source) shifts beliefs the most. For example, Tappin,
Pennycook, and Rand (2020) find that individuals’ posterior
beliefs about political topics in response to new information
are close to the unbiased Bayesian benchmark. Under this
framework, those with the most misinformed beliefs have the
most to learn from the debunking message if the message is per-
ceived as truthful and credible. In Web Appendix A, we also
present a model of unbiased Bayesian updating. This model
predicts that, conditional on the source being trustworthy, con-
sumers with incorrect priors update more in response to
debunking than those with correct priors.

To summarize, the two frameworks discussed previously
make the following predictions for individuals® responses to
debunking.

Prediction 1 (unbiased Bayesian updating): Individuals who
believe the ingredient to be harmful (i.e., with priors 6°>.5)
update their beliefs the most in response to debunking from a
trustworthy source. Debunking reduces misbeliefs.®

Prediction 2 (biased updating): Individuals who believe the
ingredient is not harmful (i.e., with priors 8° <.5) update their
beliefs the most in response to debunking from a trustworthy
source. Debunking only works by further strengthening
beliefs for those with already correct beliefs.”

Additionally, debunking and misinformation can also be
ineffective if the information comes from an untrustworthy
source or if the information is consistent with their prior
beliefs. We summarize the potential mechanisms for different
effects of misinformation and debunking in Tables 1 and 2.
Given diverging theoretical predictions and mixed empirical
evidence across contexts in existing literature, the empirical
effect of misinformation and debunking on beliefs and purchase
behavior in this setting is ex ante unclear.

¢ Similarly, when exposed to misinformation, those who believe the ingredient
to be relatively harmless (i.e., with priors) will be the most impacted.

7 When exposed to misinformation, individuals with priors 6°>.5 update their
priors the most in response to misinformation.
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Table |I. Misinformation Effects: Summary and Mechanisms.

Average Effect

on Preference Potential Mechanisms

Creates new misinformed beliefs

Strengthens existing misbeliefs

Message is consistent with prior beliefs (ceiling
effect)

Misinformation comes from an untrustworthy
source

Backfire effect; confirmation bias

Negative

Null

Positive

Table 2. Debunking Effects: Summary and Mechanisms.

Average Effect on

Preference Potential Mechanisms
Negative Backfire effect; confirmation bias
Null Message is consistent with prior beliefs
(ceiling effect)
Debunking comes from an
untrustworthy source
Positive Corrects misinformed beliefs

Strengthens existing correct beliefs

Experiment Design

The first question of this research is the following: Does misin-
formation and debunking, on average, impact consumers’
preferences? To answer this question, we implement an
incentive-compatible choice-based conjoint experiment that
enforces consumers’ attention to the information treatments,
separately measuring the effect of misinformation in advertising
and the effect of debunking on consumer preferences. In the
first set of experiments, which we refer to as the ingredient
studies, described in the following sections, we measure
whether debunking messages impact demand, how this effect
varies by the source of the debunking message, and whether
debunking can “undo” the demand effects resulting from misin-
formation. We also implement a second set of experiments,
referred to as the belief studies, which utilize a similar experi-
mental design as the first set of studies, to explore the heteroge-
neity in responses to debunking across different prior beliefs.
We describe the belief studies in the “Misinformation and
Debunking Treatment Effects™ section.

Three decisions were necessary, related to (1) the choice of
product categories, (2) implementation of treatment conditions,
and (3) the method of capturing the outcome of interest (i.e.,
purchase and WTP). We outline the details informing each of
these decisions in the following sections.

Choice of Product Categories

We identified categories in which firms market certain products
as “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 in which 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, and (3) nutrition shakes and GMOs.
These ingredients remain controversial in the United States,
despite no scientific evidence of harm (see Centers for
Disease Control and Prevention [CDC] 2020; Penn Medicine
2019). In the deodorant category, Kopari states that its
deodorants are aluminum-free and implies that other deodorants
containing aluminum are toxic (Figure 2, Column 1).
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 tooth-
paste category, Risewell highlights that its toothpastes are
fluoride-free and encourages consumers to avoid the toxic
ingredients found in traditional fluoride toothpastes (Figure 2,
Column 2), whereas competitors (Colgate), the media (NBC
News), and the CDC have all highlighted why fluoride is bene-
ficial and how fluoride-free toothpastes can actually harm oral
health. In the nutrition shake category, Orgain highlights that
its products are GMO-free and thus contain only the “good
stuff,” implying that products with GMOs are ‘“bad”
(Figure 2, Column 3). Competitors (Soylent), the media
(NBC), and the regulator (Food and Drug Administration
[FDA]) have pointed out that genetically modified plants not
only are safe to consume but also can benefit the environment.

Treatment

The ingredient studies adopt a 2 (control ad, treatment ad) by
4 (control, regulator debunking, media debunking, competitor
debunking) design, in which all ads and debunking messages
are displayed as tweets because the original ads containing
misinformation were displayed on social media.®
Participants are first randomized into receiving either a
control ad or a treatment ad. Figure 2 displays the control
(top row) and treatment (bottom row) ads across all three
products. All ads are real content from the company (see
Table W7 in Web Appendix F for the message text).
Although the content is not tagged as ads on the platform,
we refer to such content as “ads” because they represent mes-
saging that highlights the firm’s products, is aimed at con-
sumers, and comes directly from the brand. Participants
randomized into the treatment ad group receive an ad that
contains misinformation about the focal ingredient,

8 Not 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
across categories, 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 that other aspects of the ad,
such as the picture, time stamp, and likes and retweets for both ads, are identical
across control and treatment conditions.
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Control Ad

Treatment Ad

Aluminum
WORAR B

Qur deodorant is made with a unique
blend of coconut water, coconut oil, and
sage oil that conditions and soothes even
the most sensitive underarms. It's like
skincare for your pits. &

21 Btwe 113 Likes

worARI B

Don't let your deadorant hold you down
with toxic ingredients - Get on the
natural side of things with our aluminum-
free Coco Deo! 2h

Fluoride

| Risewell @
isewe
Featured in BeautyNewsNYC: "The taste
is delicious and unlike any you have
experienced in a toothpaste. You will
want to lick your lips after use."

1”!

= 4

"~

——

21 Rotweats 113 Likes

., Wisewan @
Trying to avoid the toxic ingredients
found in traditional fluoride toothpastes?
& Try Risewell, the fluoride-free
toothpaste that's scientifically proven to
work.

GMO

All plant-based, crafted for those with
really good taste.

Orgain

21 Rotwee 1493 Like:
Orgain B
No fooling! Orgain is certified organic

and GMO-free, so you get all the good
stuff - and it tastes great!

Orgain

21 Robiets 118 Lk

21 Retweets 113 Likes

1 Astwewts VIS Like

Figure 2. Ads in the Ingredient Studies.

Notes: See Table W7 in Web Appendix F for ad message text. All ad messages are real.

whereas those randomized to the control group receive an ad
for the same product that does not mention the focal ingre-
dient. Because we prioritized using actual content from the
firms, the control ads are not identical to the treatment ads
in all other aspects except for the presence of misinforma-
tion. The selected control ads highlight another product
attribute (e.g., scent, taste, plant-based formulation). For
such ads to be valid controls, we assume that preference
for the attribute in the control ad is orthogonal to the prefer-
ence for the focal ingredient (our main outcome of interest).
In other words, we assume that preferences for the high-
lighted product attribute (e.g., scent, flavor) are not corre-
lated with the preference for the focal ingredient.” We note

® We do not include the highlighted attribute in the conjoint because it was not
practical to do so. For instance, Risewell emphasizes in the control ad that its
toothpastes taste delicious, which is too subjective and intangible as a conjoint
attribute. In the absence of the highlighted attribute in the conjoint, preferences
for the highlighted attribute are absorbed into preference for the brand through
the brand fixed effects and are orthogonal to the focal ingredient. In a robustness

that this assumption is likely valid for fluoride and GMOs: the
presence of fluoride does not influence taste, and the presence
of GMOs does not influence whether the product is plant-based.
However, for aluminum, the control ad highlights the “soothing
quality” of the ingredients; if this causes consumers to place more
weight on the product’s “soothing quality” and consumers
believe that aluminum can cause skin irritation, then this may
decrease preferences for aluminum in the control group. In this
case, our measured misinformation treatment effect would be
the lower bound of the true misinformation effect. As a robust-
ness check for aluminum, we use a control ad that mentions
that the product is aluminum-free but does not contain any
misinformation.'”

check, we control for brand-treatment interactions. The results are displayed in
Web Appendix F Tables W20-W21.

1% This ad is displayed in Web Appendix F Figure W9. The results, reported in
Table W19 in Web Appendix F, are robust, thus validating our main control ad
for aluminum.
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Table 3. Debunking Message Content.

Focal Debunking
Ingredient 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 encompasses 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.

@ coc®

Fluoride-containing toothpastes are safe.
Fluoride in toothpastes prevents cavities,
and scientific studies have found no
conclusive evidence that it causes
adverse health effects.

https://bit.ly/3kkAjsy

28 Retweet 107 Like

Figure 3. Example of a Debunking Message (Fluoride).

Participants are then randomized into one of the following
debunking sources: control, competitor, 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. These debunking messages are summarized
from actual articles across all sources. The debunking messages
for all categories are presented in Table 3.

Figure 3 presents an example of the debunking message for
fluoride, as seen by the participant. The message is accompa-
nied by a link that leads to a real article from the source con-
taining the debunking message. To ensure that only the source
varies across all treatment arms, we hold the content of the
debunking message constant. The control debunking
message is a factoid about the product category that contains
no information about the focal ingredient. This factoid is pre-
sented as a tweet from the website How Stuff Works. In the
remainder of this article, we refer to the control debunking
group as the “No Debunking” group. After the ad and treat-
ment exposures, we conduct verification checks on whether
the participant can recall the source of the ad and of the
debunking message.

Table 4. Categories, Firms Making Misleading Claims, and Debunking
Sources.

Debunking Source

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

Table 4 reports the category and firm making the false claims,
and the debunking sources used in this study. Note that not all
sources are held constant within the category (e.g., CDC and
FDA). This is because we were unable to find an actual article
that debunks the misinformation about the focal ingredient by the
same source across ingredients. For instance, we were unable to
find an article from the CDC that debunks misinformation about
GMOs; therefore, we used an article from the FDA instead.

Our experimental design allows us to measure the misinfor-
mation and debunking effects separately. Misinformation
effects are quantified by comparing measured preferences
for the focal ingredient between the “Control Ad+ No
Debunking” and “Misinformation Ad+No Debunking”
groups because participants in these two groups differ only
by the ad content they were exposed to. Debunking effects
after exposure to misinformation for a given source can be mea-
sured by comparing those in the “Misinformation Ad+
Debunking” group for the given source with those in the
“Misinformation Ad +No Debunking” group. The design also
allows us to measure whether debunking is effective for partic-
ipants 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+ Debunking” and
“Control Ad+No Debunking” groups. Lastly, comparing
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Table 5. Product Attributes in Conjoint.

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
Toothpaste Colgate, Crest, Risewell,” Tom’s of Maine Has fluoride: yes/no 99, 1.99, 2.99 Whitens teeth: yes/no
Nutrition shake Ensure, Orgain,” Soylent GMO-free: yes/no 1.00, 1.25, 1.50° Flavor: chocolate/vanilla

?Denotes the advertised brand.

®Price per bottle. Due to the logistics of reward distributions, lottery winners in the GMO study received a dozen nutrition shakes, so the conjoint selections are for

a pack of a dozen shakes.

participants in the “Control Ad+ No Debunking” group with
participants in the “Misinformation Ad + Debunking” group
reveals the effect of exposure to misinformation and debunking
(net effect).

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,
Grewal, and Liechty (2005) for a discussion on incentive-
aligned conjoint analysis.

After exposure to the two treatment conditions, participants
are presented with ten conjoint choice tasks. Participants are
asked to choose a product from three options or none of the
options. The products are unique combinations of four attri-
butes: brand, whether it contains the focal ingredient, price,
and a balancing attribute (“whitening” for toothpaste, “scented”
for deodorant, and “flavor” for nutrition shakes). Figure W13
in Web Appendix F provides an example of the choice task
faced by participants in the fluoride study. Table 5 details the
product attributes used in the conjoint.

To ensure that the conjoint elicits participants’ true prefer-
ences, 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.'" If they win the lottery, they receive the
product that they selected for the given price and the remaining
$10 minus the selected price as additional payment. For
example, if a participant wins the bonus and had selected a
Crest toothpaste with whitening and fluoride for $.99, the par-
ticipant receives a Crest toothpaste with whitening and fluoride
for $.99 and the remaining $9.01 as an additional cash payment.
Web Appendix B includes more details on the conjoint instruc-
tions for participants and selection of product configurations.

After the conjoint choices, we again conduct verification checks
by asking participants to recall the content of both the ad and the
debunking message. These verification checks are placed after
the conjoint questions instead of immediately after the treatments
to avoid “treating” the respondents by the choices presented in
these verification checks. We also collect information about partic-
ipants’ usage of the product, their opinions about the focal ingredi-
ent, and demographics. Tables W9—-W12 in Web Appendix F list

! For the GMO study, this was a 1-in-20 chance to win a bonus worth $20 to
accommodate the higher price of the dozen pack of nutrition shakes.

all the questions asked in this section of the survey. After survey
completion, every participant is debriefed with verified scientific
content and is informed that the content of the messages may
have been modified from the original source.

Misinformation and Debunking Treatment
Effects

In this section, we first detail the implementation of the exper-
iments, and present the results from the ingredient studies on the
average effect of misinformation and debunking, followed by
the debunking effect across sources. We then describe the
belief studies, which allow us to measure the heterogeneous
effects by prior beliefs. We summarize the main qualitative
findings in tables presented in the “Discussion” section.

Ingredient Studies: Average Effects by Ingredient and
Source

Implementation and data description. All studies were distributed
through Prolific, an online platform for survey administration
and data collection. The ingredient studies were launched sequen-
tially in September and October 2020."? Such a sequential launch
enabled us to exclude participants who had already taken any of our
previous surveys. We explicitly did so to avoid any possibility of
familiarity with the study and treatment conditions.

The participant pool for each ingredient study was limited to
those in the United States and those who did not participate in
any of the other studies in this research. Participants received
U.S. $1.50 for completing the study, which takes approximately
10 minutes. Our preference elicitation is incentive compatible
(see the “Experiment Design” section for implementation details).

In total, 6,558 individuals completed the ingredient studies,
with 1,193 participants in the aluminum study, 3,202 in the
fluoride study, and 1,559 in the GMO study.'® The sample

'2 The studies were launched on three Wednesdays: September 9, September 23,
and October 21, 2020.

13 For the aluminum study, we tested two versions of control ads: a control ad
that highlights another attribute and a control ad that mentions that the product is
aluminum-free but does not contain misinformation. We use the control group
that highlights another attribute in the main analysis (similar to the other prod-
ucts) and report treatment effects using the latter ad as the control in Web
Appendix F. Including the second control ad, the total number of participants
in the aluminum study is 1,797.
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Table 6. Sample Size for Each Treatment Group.

Ad Debunk Aluminum Fluoride GMO
Control Control 155 401 171
Control Competitor 146 407 217
Control Media 140 405 195
Control Regulator 161 406 204
Treatment Control 140 411 215
Treatment Competitor 130 386 190
Treatment Media 155 379 187
Treatment Regulator 166 407 180

Table 7. Choice Share for Products with the Focal Ingredient.

Control Misinformation
Ad, No Ad, No Misinformation
Debunking Debunking Ad, Debunking
Aluminum 29 .28 .39
Fluoride .67 .56 .64
GMO 3l .29 3l

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

sizes, which differ across the ingredients, were determined on
the basis of the pilot data for each study, as described in Web
Appendix E. The three studies are preregistered (https:/
aspredicted.org/de6c9.pdf, https:/aspredicted.org/t53yt.pdf,
and https:/aspredicted.org/4wg4da.pdf, respectively). Table 6
displays the sample size for each treatment group for each
study.

Although the participant pool is similar to the U.S. popula-
tion in terms of gender and race, the study participants tend
to be younger, more educated, and less likely to be unemployed
compared with the general U.S. population, as shown in
Table W8 in Web Appendix F. Additionally, a higher propor-
tion of study participants self-identify as Democrats relative
to the U.S. population. Randomization checks for covariate
balance across treatment groups are reported in Tables W13
and W14 in Web Appendix F.

The title of each survey stated the product category explic-
itly, the goal being to recruit participants interested in and famil-
iar with that category. The findings show that 67% of
participants report using deodorant daily, 96% of participants
brush their teeth at least once daily, and 36% of participants
in the GMO study report purchasing nutrition shakes in the
month prior to the respective studies. Additionally, the vast
majority of participants passed the verification checks for
both the ad and debunking sources and content: 95% (89%)
of participants answered the ad (debunking) source verification
check correctly, and 89% (94%) answered the ad (debunking)
content verification check correctly. We do not see systematic
patterns in which sources have lower or higher pass rates
across the surveys. Tables W15 and W16 in Web Appendix F
report the proportion of participants passing the verification

checks by treatment group. As a robustness check, we estimate
treatment effects on WTP for both the entire sample and only
those who passed the verification checks.

Table 7 displays the share of selected options in the conjoint
questions for which the product contains the focal ingredient
across various treatment conditions. First, in the control condition
(Table 7, Column 1), 29% of the selected options contained alumi-
num, 67% contained fluoride, and 31% contained GMOs. This sug-
gests that preexisting preferences for or against these ingredients
vary across products. In general, consumers avoid aluminum in
deodorant and GMOs in food but prefer fluoride in toothpaste.

Second, we find suggestive evidence of the effect of misinforma-
tion; the share of options with the focal ingredient is lower among
individuals who are exposed to treatment ads containing misinfor-
mation (Table 7, Column 2). Among the group exposed to debunk-
ing after misinformation (Table 7, Column 3), such a share of
options with the focal ingredient is the same as, if not higher than,
the control group. In the following section, we formally estimate
the treatment effects, controlling for brand and price effects.

Estimation. As described in our theoretical framework, misin-
formation and debunking can each have a positive, null, or neg-
ative impact on preferences. In the results from the ingredient
studies, we estimate and document the overall effect of both
misinformation and debunking in our setting. Recall that the
decision process in the experiment is as follows. After exposure
to an ad (control or treatment) and a debunking message from a
randomly chosen source (control, competitor, media, or regula-
tor), each individual i is presented with ten sets of product pro-
files. In each set J, the individual compares three product
profiles and the “none” option, and then chooses the one that
gives them the highest utility in that set. Formally, the probabil-
ity of individual i choosing product profile j from set J is
. eV
Pr(j), = - 3)
kel

in which the utility from product profile j conditional on indi-
vidual i’s ad and debunking exposure is specified as a series
of interaction terms between the ingredient dummy, ing;, and
dummies of exposure to control versus treatment ad (Iic, IiT)
and dummies of debunking messages from a given source s
(I, s € {control, competitor, media, regulator}):

Ujj = Vij + &
= Z Bling I 1P+ Z B3ing Il I} + apricej + vZ; + €.
S S

4)

We control for preferences for brands and other balancing attri-
butes via brand fixed effects and balancing attribute fixed
effects in Z;. The term ¢ is assumed to be i.i.d. and has an
extreme value type I distribution. The variable f} captures the
average preference for the debated ingredient (i.e., aluminum
for deodorant, fluoride for toothpaste, and GMOs for nutrition
shakes) under debunking source s across participants in the
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Table 8. Ingredient Studies: Estimates of Equation 4.

M (2 (3)
Deodorant Toothpaste Nutrition Shake
Ingredient X control ad —.8| 5k | .426%x —.6 4wk
(-126) (.0792) (.0893)
Ingredient X control ad X competitor debunking A407+* —.00417 .0197
(-176) (.109) (.118)
Ingredient X control ad X media debunking 3l .103 .0569
(-178) (.110) 121)
Ingredient X control ad X regulator debunking .580%¥* .0327 .0554
(-166) (.109) (.122)
Ingredient X misinformation ad —. 749%F* 829Kk —.723%kk
(-112) (.0806) (.0823)
Ingredient X misinformation ad X competitor debunking .150 349 230%*
-171) (.108) (-116)
Ingredient X misinformation ad X media debunking A3 52 —-.0223
(-155) (.112) (121)
Ingredient X misinformation ad X regulator debunking T4 .506%+* —-.0148
(-151) (.112) (.117)
Price — 4| 4E —.436%F* — 7%
(.0187) (ol2r) (.00622)
Balancing attribute 440%FkF | 244+ ] o
(.038) (.026) (.038)
Brand dummy
Brand | 2.292%%% 3640w 3.161%%*
(.084) (.050) (.104)
Brand 2 2,197+ 4027w 3.389%**
(.084) (.049) (.104)
Brand 3 |.813%k* 1267 3.055%%*
(.087) (.053) (.105)
Brand 4 197#¥*
(.052)
Ingredient Aluminum Fluoride GMOs
N 1,193 3,202 1,559

*p<.l, ¥p<.05, ¥*p<.0l.

Notes: This table presents the full model estimates of Equation 4. Balancing attributes are “scented” for deodorant, “whitening” for toothpaste, and “chocolate” for
nutrition shakes. For the deodorant study (Column 1), Brands |, 2, and 3 are Dove, Kopari, and Speed Stick, respectively. For toothpaste (Column 2), Brands 1, 2, 3,
and 4 are Colgate, Crest, Risewell, and Tom’s of Maine. For nutrition shakes (Column 3), Brands |, 2, and 3 are Ensure, Orgain, and Soylent. Table W17 in Web
Appendix F displays the results for only those who passed the verification checks. Robust standard errors clustered by individuals are in parentheses.

control ad condition, whereas B captures the average prefer-
ence 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 participant selects
“None of the above,” to 0.

Results of ingredient studies. Table 8 displays the estimates of
Equation 4 for all product categories. In the subsequent sections,
we discuss these results, focusing on the effect of the treatments
on the WTP of the focal ingredient. Focusing on the WTP as
opposed to the ingredient coefficient enables comparison of
effect sizes across products. We calculate the WTP using the esti-
mates from the choice model by dividing the ingredient coefficient
by the absolute value of the price coefficient.

Baseline preferences. Our empirical results show that baseline
preferences (Table 8, Row 1) vary across the three product cat-
egories: respondents exhibit a positive WTP for fluoride in
toothpastes and a negative WTP for GMOs in shakes and

aluminum in deodorants. The average WTPs for aluminum,
fluoride and GMOs are —$1.97 (Table 8, Column 1; —.815/
414), $3.27 (Table 8, Column 2; 1.426/.436) and —$3.60
(Table 8, Column 3; —.614/.171), respectively. In other
words, prior to the experimental manipulation, participants
are on average averse to aluminum and GMOs and have a
strong preference for fluoride in toothpastes. Figure 4, Panel
A, plots the baseline WTP for all three ingredients.'*

' For comparison, the real-world price differences in November 2020 were the
following: a 2.6 oz. Dove aluminum-free deodorant was priced $2.60 higher
than the version with aluminum, a 12-pack of Ensure protein shakes without
GMOs was priced $6.06 higher than the version with GMOs, and a 4 oz.
Tom’s of Maine toothpaste with fluoride was priced $1.28 higher than the
version without fluoride. As of November 2020 on Amazon, a 2.6 oz.
aluminum-free Dove deodorant was $7.49, and a 2.6 oz. deodorant with alumi-
num was $4.89; the Ensure shake without GMO was $.25 per fl. 0z., and the
Ensure shake with GMOs was $.20/fl. oz; the Tom’s of Maine peppermint
toothpaste without fluoride was $.72/0z., and the one with fluoride was
$1.04/0z.
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Figure 4. Ingredient Studies: Baseline and Treatment Effects.

Notes: Panel A reports the baseline WTP estimates for aluminum (2.7 oz. deodorants), fluoride (4 oz. toothpastes), and GMOs (a pack of |12 nutrition shakes).
Estimates are obtained from the “Control Ad + No Debunking” condition, with price, brands, and other attributes controlled for. Panel B reports the average
change in the WTP for different treatment conditions. “Misinformation Ad Effect” is obtained by comparing the “Misinformation Ad 4+ No Debunking” condition
with the “Control Ad+ No Debunking” condition. “Net Effect” is obtained by comparing the “Misinformation Ad + Competitor/Media/Regulator Debunking”
condition with the “Control Ad+ No Debunking” condition. Error bars represent the 95% confidence intervals.
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Figure 5. Estimated Debunking Effects on WTP 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 Debunking.” Error bars
represent the 95% confidence intervals. For GMOs, we found no effect from
media or regulator debunking due to a lack of statistical power in detecting the
lower-than-expected GMO effect in the ingredient studies. We further
increase the sample size and test this in the belief studies.

Effect of misinformation. We find that misinformation can reduce
consumers’” WTP for the focal ingredient: Figure 4, Panel B
(Column 1), shows that, for fluoride, the ad containing misin-
formation causes a statistically significant $1.37 (42%) decrease
in WTP, but the effect is not statistically significant for alumi-
num or GMOs. Note that prior to being treated with misinfor-
mation, consumers are negatively inclined toward aluminum
and GMOs but have a strong preference for fluoride

(Figure 4, Panel A). As we confirm in the “Results of Belief
Studies” section, an absence of response to misinformation
does not imply that consumers are immune to misinformation:
it might merely mean that consumers have strong prior misin-
formed 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.
We find that debunking misinformation increases WTP for
the focal ingredient: the first column of Figure 4, Panel B, dis-
plays 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 consum-
ers to their baseline preference for fluoride: the negative WTP
for fluoride under misinformation (first column in Figure 4,
Panel B) reverts to zero after debunking (second column in
Figure 4, Panel B). The net effect for aluminum is significantly
positive despite there being no effect of misinformation, indi-
cating that debunking can impact preexisting preferences. For
GMOs, the debunking effect, averaged over all sources, is not
statistically significant. Overall, debunking can increase con-
sumers’ WTP for aluminum by 65% by impacting preexisting
preferences and revert the negative impact of an additional
exposure to misinformation for fluoride.

Debunking effectiveness by source. Next, we compare the effec-
tiveness of debunking across the sources: competing firm,
media, and regulator, displayed in Figure 5. In each of the
product categories, we find at least one source to be effective
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at debunking misbeliefs, but the differences across sources are
not statistically significant. We note that the lack of significance
in the differences across the sources could be due to an insuffi-
cient sample size to precisely detect differences between the
effects. Nevertheless, all three sources of debunking are signifi-
cantly effective at increasing WTP for fluoride, and two of the
three sources are effective at increasing WTP for aluminum. For
GMGOs, the debunking effects by source are noisily measured;
however, the debunking effect is statistically significant for
competitors. In the next set of experiments (belief study), we
investigate these effects with a larger sample size.

Belief Studies: Heterogeneity by Prior Beliefs

With the first set of experiments measuring the average
effect of misinformation and debunking across multiple
sources, we next turn to investigating the heterogeneity in
effectiveness of debunking by prior beliefs. The primary
goal is to understand whether debunking impacts those
with the most misinformed beliefs (an ideal outcome for a
social planner trying to reduce harm) or whether it merely
impacts those who already believe the ingredient not to be
harmful. To do so, we implement a second set of studies
(belief studies) in which we explicitly elicit participants’
prior and posterior beliefs, in addition to their revealed
preferences.

Eliciting beliefs. The direct elicitation of beliefs is important
because preferences cannot be separately identified from
beliefs using choice data alone without imposing more structure
on the belief updating process, as illustrated by Equation 2.'°
Both preferences (t) and beliefs (0) can lead to consumers
not choosing a product with the focal ingredient. For
example, a consumer who believes aluminum is not harmful
(0=0) may still dislike aluminum because it stains clothes (t
<0) and thus choose to buy an aluminum-free deodorant.
Another consumer may believe that aluminum is toxic (B=1)
and thus choose to buy an aluminum-free deodorant. Manski
(2004) suggests directly eliciting beliefs from respondents to
circumvent this issue.

The design of the belief studies is identical to that of the
ingredient studies except for three modifications. First, we
elicit consumers’ beliefs about ingredient toxicity before
and after responding to the choice questions.'® To avoid cre-
ating a demand effect (in which consumers see the belief
questions about the ingredient and infer that this study has
something to do with ingredient toxicity and change their

15 For examples of literature that uses structure to separately identify preferences
from beliefs, see Ching, Erdem, and Keane (2013).

16 Because of repeated measurement of the same metric (beliefs), reversion to
the mean is of concern. As an example, those who state they believe the ingre-
dient is “definitely not harmful” are more likely to state one of the other answers
when asked again, making it seem that they responded to treatment whereas it is
in fact a statistical artifact of repeated measurements. We use the control group
to control for reversion to the mean.

responses to satisfy the researcher), we also elicit their
beliefs for all other attributes (e.g., brand and whitening)
included in the study. We elicit beliefs using the probabilis-
tic elicitation method suggested by Manski (2004). Before
and after the choice questions, participants are asked:
“What do you think is the percent chance that [attribute] is
harmful to your health?” with the following possible
responses: “0-20% (Definitely not harmful)”; “20-40%
(Likely not harmful)’; “40-60% (Not sure, either way)”;
“60-80% (Likely harmful)’; and “80-100% (Definitely
harmful).” As mentioned in our theoretical framework, we
treat belief that “[ingredient] is toxic” as a Bernoulli prior;
uncertainty is represented by how far the consumer’s
response is from 0 or 1.'” Second, we focus attention on
the debunking source with the largest effect (magnitude-
wise) as revealed in the ingredient studies. For fluoride
and aluminum, this source is the regulator, and for GMOs,
the competitor. For GMOs, we also include regulator
debunking to be consistent with the studies for the other
two ingredients. Third, we modify the treatment ad for
GMOs. In the GMO ingredient study, our treatment ad
stated “certified organic and GMO-free,” whereas the
control ad does not mention “organic.” Thus, the attribute
“organic” is confounded with the “non-GMO” attribute.
To prevent this confound, we removed the mention of
“organic” from the treatment ad.'® We increased the
sample sizes for the belief studies significantly compared
with those in the ingredient studies so that there is sufficient
statistical power to detect differences across belief groups:
4,758, 5,050, and 4,504 for aluminum, fluoride, and
GMOs, respectively. As in the first set of experiments, the
sample size for each survey was determined by a pilot
study. These surveys are preregistered (https:/aspredicted.
org/6qnoéce.pdf, https:/aspredicted.org/6vw3m.pdf, and
https:/aspredicted.org/ez4cy.pdf for aluminum, fluoride,
and GMOs, respectively). Section WB.1 in Web Appendix
B provides more details on the belief studies’
implementation.

Results of belief studies. Figure W14 in Web Appendix F dis-
plays the distribution of participants’ prior beliefs across
all three ingredients. The average participant ex ante
believes that aluminum is harmful, with the most popular
prior belief of “likely harmful” (29%). In contrast with

17 We note that we cannot ensure that participants’ stated beliefs are indeed
“true” beliefs. Unlike Ching et al. (2021), who use an incentive-compatible
method to elicit beliefs by rewarding accuracy of guesses, our goal is not ame-
nable to this design because we want to measure consumers’ subjective beliefs
about whether the ingredient is toxic, rather than their best estimate of the sci-
entific consensus assuming that researchers take this as the truth. When their
subjective beliefs are different from the scientific consensus on average, reward-
ing participants on the basis of how close their stated beliefs are to the scientific
consensus will bias the measure. To see the differences, consider such an
example: a consumer may know that the scientific consensus is that GMOs
have no harmful effects on health but still consider GMOs to be harmful to
them.

'8 We thank the editor and review team for pointing this out.
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Figure 6. Belief Studies: Average Treatment Effects on WTP.

Notes: The figure displays the average treatment effects on WTP for all three
product categories. For ease of comparison with the ingredient studies, we plot
the net effect after regulator debunking for all three categories. We report the
competitor debunking effect for GMO in Figure W6 in Web Appendix B. Error
bars represent the 95% confidence intervals.

aluminum, the vast majority of participants in the fluoride
survey believe that fluoride is not harmful: 72% believe
that fluoride is not harmful, and only 12% believe that fluo-
ride is harmful. This is consistent with the positive WTP for
fluoride measured in the first survey. Beliefs about GMOs
are relatively more evenly distributed; the majority (53%)
believe that GMOs are not harmful, and 21% believe that
GMOs are harmful.

uj=y (Bfirioringj + B ingI] + ) (B3 ing; + B?primingjlf)lf) e
S

prior

+ aprice;j + yZ; + €.

This specification interacts the ingredient dummy (ing;) and
the treatment dummies (I7 indicating exposure to misinforma-
tion and [} indicating exposure to debunking from source s)
with dummies of prior belief groups (I"). Because there are
relatively few participants who believe that fluoride and
GMOs are “definitely harmful” and that aluminum is “definitely
not harmful,” we aggregate the priors into three groups: “not
harmful” (Prior 1), which consists of respondents with priors
“definitely not harmful” and “likely not harmful”; “not sure”
(Prior 2); and “harmful” (Prior 3), which consists of respon-
dents with priors “definitely harmful” and “likely harmful.”
We report the estimates of Equation 5 in Table 9 and plot the
treatment effects on WTP in Figure 7, Panel A. The results
for the disaggregated priors are reported in Figure W7 in
Web Appendix B.

The belief studies’ results reveal three main patterns. First,
we find that misinformation impacts preferences by creating
misbeliefs (Figure 7, Panel A, Column 1). Specifically,

We first estimate the treatment effects averaged over all
priors using the same specification as in the previous study
(Equation 4) to verify that the average effects replicate.
Figure 6 displays the estimated average treatment effects on
WTP from the belief studies. Our main takeaways from the
ingredient studies replicate: misinformation, on average,
decreases WTP for fluoride but has no effect for aluminum
and GMOs (same as in Figure 4, Panel B, Column 1).
Furthermore, we find that the debunking effects for aluminum
and for fluoride also replicate. By increasing the sample size
of the GMO ingredient study twofold in the belief study, we
are able to detect a significant effect of GMO debunking, by
both the regulator and the competitor. The differences in
effect sizes for all categories between the two sets of studies
are not statistically significant.

Figure W6 in Web Appendix B displays the separate
effects of regulator and competitor debunking for GMOs. For
the remainder of this section, we omit GMO competitor
debunking from the results unless stated otherwise, given that
the difference between regulator and competitor GMO debunk-
ing is not statistically significant and holding the sources
constant across categories allows for better comparability of
results.

Next, we measure the belief-specific treatment effects for
misinformation and debunking by estimating the following
regression:

©)

consumers who had prior beliefs that aluminum and fluoride
are not harmful reduce their WTP for these ingredients after
being exposed to misinformation: by $.48 (a 80% reduction
from baseline WTP) for aluminum and by $.87 (a 22% reduc-
tion from baseline WTP) for fluoride. In addition, misinfor-
mation reduces WTP for those who answered “not sure”
about fluoride toxicity by $1.13. Unlike the other product
categories, misinformation does not significantly influence
purchase behavior for any prior belief group for GMOs.
We discuss the uniqueness of GMOs further in the next
section.

Second, debunking generally increases WTP for those
with unsure and misinformed beliefs. Across all three cate-
gories, consumers who were a priori unsure about the ingre-
dient increase their WTP by $1-$2 after debunking. For
GMOs and aluminum, debunking increases WTP for con-
sumers with “harmful” beliefs by approximately $2, signifi-
cantly more than the change among consumers with “not
harmful” beliefs at the 95% level for aluminum, and at the
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Table 9. Belief Studies: Estimates of Equation 5.

Ingredient X Prior |

Ingredient X Prior | X misinformation ad

Ingredient X Prior | X regulator debunking

Ingredient X Prior | X competitor debunking

Ingredient X Prior | X misinformation ad X regulator debunking
Ingredient X Prior | X misinformation ad X competitor debunking
Ingredient X Prior 2 X misinformation ad

Ingredient X Prior 2

Ingredient X Prior 2 X regulator debunking

Ingredient X Prior 2 X competitor debunking

Ingredient X Prior 2 X misinformation ad X regulator debunking
Ingredient X Prior 2 X misinformation ad X competitor debunking
Ingredient X Prior 3

Ingredient X Prior 3 X misinformation ad

Ingredient X Prior 3 X regulator debunking

Ingredient X Prior 3 X competitor debunking

Ingredient X Prior 3 X misinformation ad X regulator debunking
Ingredient X Prior 3 X misinformation ad X competitor debunking
Price

Balancing attribute

Brand dummy
Brand |

Brand 2
Brand 3
Brand 4

Ingredient
N

Q) @) @)
Deodorant Toothpaste Nutrition Shake
—.288%F* | .482%%* —. 339Kk
(.062) (.041) (.050)
—.232%* —.324%% —.0735
(.091) (.061) (.072)
.590%** 253%FF .0513
(.089) (.061) (.0718)
.120%*
(.066)
.0809 .0346 .120
(.127) (.087) (.0991)
.0267
(.098)
—1.033%F* .390%F* — 977wk
(.080) (.084) (.089)
.170 —.420%Fk —.0999
1 (.132) (.128)
1.0 7% 542%F* 257+
(.106) (.130) (119
13
(.119)
—.370%* —-.0218 221
(.148) (.189) (.169)
—.0556
(.179)
—2.142%F* — ATk —1.906%+*
(.088) (.120) (.138)
2101* —-.295 213
(.120) (.185) (.190)
| .72k 264 .50 [
(.112) (191 (.189)
.330%
(.181)
—.385%* -.0157 —.0694
(.159) (.266) (.257)
—.174
(.:264)
— 479wk —.372%kk —.225%Fk
(.010) (.009) (.004)
] Vo .855%#* 363
(.019) (.021) (.022)
2.725%%* 2767 4.054%%*
(.042) (.021) (.063)
2.528%F* i Kiooo 4.142%%%
(.042) (.021) (.063)
2.042%%* —. 10 ¥ 3.807%%*
(.042) (.018) (.064)
680k
(.039)
Aluminum Fluoride GMOs
4,758 5,050 4,504

*p<.l, ¥p<.05, ¥*p<.0l.

Notes: This table presents the treatment effects of misinformation and debunking on consumer preferences. Priors 1, 2, and 3 are “Not harmful,” “Not sure,” and
“Harmful.” For the deodorant survey (Column 1), Brands |, 2, and 3 are Dove, Kopari, and Speed Stick, respectively. For toothpaste (Column 2), Brands |, 2, 3, and
4 are Colgate, Crest, Risewell, and Tom’s of Maine. For nutrition shakes (Column 3), Brands 1, 2, and 3 are Ensure, Orgain, and Soylent. Robust standard errors

clustered by individuals are in parentheses.
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Figure 7. Belief Studies: Treatment Effects.

Notes: This figure plots the estimated treatment effect and 95% Cl on WTP (Panel A) and stated beliefs (Panel B) for all three ingredients. The x-axis is the
individual’s ex ante stated belief. The red line represents comparison across the control group and the misinformation 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 the misinformation ad and debunking. Standard errors are clustered at the user level.

Table 10. Average Misinformation and Net Effects on WTP.

Misinformation Ad Effect

Net Effect

Ingredient Study Belief Study Ingredient Study Belief Study
Study m 2 (3 C))
Aluminum Nonsignificant Nonsignificant Positive Positive
Fluoride Negative Negative Nonsignificant Nonsignificant
GMOs Nonsignificant Nonsignificant Nonsignificant Positive

Notes: “Misinformation ad effect” is the effect of seeing misinformation (comparing participants in the “Misinformation Ad + No Debunk” group with those in the
“Control Ad + No Debunking” group). “Net effect” is the effect of seeing an ad with misinformation followed by debunking for participants (““Misinformation Ad +

Competitor/Media/Regulator Debunking” compared with “Control Ad + No Debunking”).

90% level for GMOs.'? This suggests that debunking works
mainly through correcting misbeliefs instead of reinforcing
correct beliefs, and that our debunking treatment can
change preferences formed due to preexisting misbeliefs.
For fluoride, the debunking effect is not statistically signifi-
cant for those with misinformed beliefs. We note that such
insignificance is likely due to the fact that few people have
priors that fluoride is harmful: only 12% of participants
had the prior belief that fluoride is definitely or likely
harmful (Figure W14).

19 We also find a positive debunking effect for those with “not harmful” priors
about aluminum and fluoride; this occurs because the “not harmful” group cap-
tures those who are zero to 40% certain that the ingredient is harmful, and thus
can still update beliefs.

Third, consistent with the results from the ingredient studies,
we find that debunking can revert the reduction in WTP from
the experimental misinformation exposure. This is evidenced by
the nonnegative net effect (Figure 7, Panel A, Column 3) for
the category—prior groups for which misinformation has a nega-
tive effect. For these groups, the net effect is statistically greater
than the misinformation effect. For instance, fluoride misinforma-
tion decreases WTP for fluoride for those with “not harmful”
priors, but misinformation and debunking does not lead to a net
change in WTP. Lastly, we note that the effects on stated
beliefs are consistent with the effects on WTP (Figure 7, Panel B).

Overall, we find good news for policy makers: across all cat-
egories, the evidence consistently supports the ideal outcome
that debunking—and in this case, regulator debunking specifi-
cally—works mainly by correcting uncertain and misinformed
beliefs.
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Table I 1. Source-Specific Debunking Effects on WTP.

Debunking Effect

Competitor Media Regulator
Source () 2) 3)
Aluminum Nonsignificant Positive Positive
Fluoride Positive Positive Positive
GMOs Positive Nonsignificant Positive®

?For GMOs-regulator debunking, we report the effect from the belief study
because it uses a much larger sample than the ingredient study. The effect from
the ingredient study is statistically insignificant.

Notes: “Debunking effect” is measured by comparing participants in the
“Misinformation Ad + Debunking” group with those in the “Misinformation Ad
+ No Debunking” group.

Discussion

In this section, we summarize the results and provide rationales
for differences across sources and product categories. Table 10
demonstrates that the average misinformation and net effects
replicate across both studies. Table 11 and Table 12 report
the heterogenecous debunking effects by source and by prior
beliefs, respectively. The main takeaways from both studies
are that (1) misinformation reduces WTP by creating misbe-
liefs; (2) debunking is effective: debunking reverts the reduc-
tion in WTP caused by our experimental dose of
misinformation; (3) debunking is effective in correcting misbe-
liefs: it increases WTP for those with incorrect prior beliefs
about the ingredient (“not sure” or “harmful”); and (4) regulator
debunking is effective for all categories. Next, we describe in
detail the differences across categories and their potential
explanations.

Misinformation Effects

Both studies show that the average treatment effect of misinfor-
mation is statistically significant and negative for fluoride but
insignificant for aluminum and GMOs (Columns 1 and 2 of
Table 10). This difference across categories is consistent with
—and explained by—the heterogeneous responses to misinfor-
mation across prior beliefs. Specifically, the belief studies show
that misinformation does not have a significant effect on those
who believe the ingredient to be harmful (Column 3 of
Table 12). Therefore, in categories where most consumers
believe the ingredient to be harmful—that is, aluminum and
GMOs (Figure W14)—we observe a null average effect from
misinformation.

Another difference across categories is that among partic-
ipants who believe the ingredient to be “not harmful,” misin-
formation has a significant negative effect for aluminum and
fluoride but not for GMOs (Column 1 of Table 12). This
could be due to a few reasons. First, the GMO misinforma-
tion treatment was the “weakest” of the product categories:
the misinformation ad states that the product is GMO-free
and thus “has all the good stuff,” whereas the misinformation
ad for aluminum and fluoride explicitly states that these

ingredients are toxic. Second, unlike aluminum or fluoride,
GMOs are a unique category for which regulators have
implemented policies such as banning and mandatory label-
ing (see FDA 2023; U.S. Department of Agriculture 2023).
Studies have shown that emphasizing GMO disclosure may
worsen consumers’ perception of GMO safety (Zhang
2014). Such policies from regulators may increase partici-
pants’ prior exposure to GMO misinformation, making an
additional exposure less impactful, regardless of prior
beliefs.

Debunking Effects

Effects by source. Although all sources can be effective, the reg-
ulator is the only source that is effective across all product cat-
egories (Table 11). A potential explanation for the effectiveness
of regulator debunking is that regulators are perceived as trust-
worthy. We find suggestive evidence for this in a follow-up
survey among a randomly selected subsample of partici-
pants in the fluoride and GMO belief studies who saw the
control ad.?° In the GMO-regulator debunking group, 33% of
the participants stated that they found the debunking message
to be convincing (i.e., makes them more likely to buy nutrition
shakes containing GMOs) because the regulator is trustworthy,
whereas the trustworthiness of the firm does not seem to have
a strong influence over the participants: only 4% in the firm
debunking group found the message convincing because it is
trustworthy, and only 10% found the message not convincing
because the firm is not trustworthy.”!

The preceding statistic invites the question of why competi-
tor debunking is effective for fluoride and GMOs. In the case of
fluoride, we conjecture that the source plays a less important
role because, unlike in the other categories, the vast majority
of consumers already believed that fluoride is not harmful
prior to our study: only 12% thought fluoride in toothpaste is
harmful, whereas 42% in the aluminum study and 21% in the
GMO study considered the ingredient to be harmful
(Figure W14). For GMOs, we find suggestive evidence that
the novelty of the source predicts the source’s effectiveness,
in line with Itti and Baldi (2009). Specifically, our GMO
follow-up survey reveals that competitor debunking for
GMOs is more novel for our study participants than for the
other categories: only 15% had seen competitor debunking
for GMOs before, compared with 27% (p<.01) for fluoride

20 We selected participants who did not see the misinformation ad because the
follow-up survey focuses on debunking. For implementation details of the
follow-up survey, see Web Appendix D.

2! For those that found the debunking message to be convincing, the options for
“why” are “The source is trustworthy,” “I’ve heard this message before,” “I've
always believed that [ingredient X] is safe,” “I’ve tried other [X]-containing
products before and they did not cause health issues,” or “Other.” For those
that found the message not to be convincing, the options for “why” are “The
source is not trustworthy,” “I’ve always believed that [ingredient X] is safe”
(the ceiling effect), “I’ve heard the opposite from sources,” “I need more evi-
dence,” “I typically do not buy nutrition shakes/toothpaste,” “I believe [X] is
not harmful but still prefer to not purchase for other reasons,” or “Other.”
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Table 12. Empirical Effects on WTP by Prior Beliefs.

Misinformation Ad Effect

Debunking Effect

Not Harmful Not Sure Harmful Not Harmful Not Sure Harmful
Prior m ) 3) ) ) ()
Aluminum Negative Nonsignificant Nonsignificant Positive Positive Positive
Fluoride Negative Negative Nonsignificant Positive Positive Nonsignificant®
GMOs Nonsignificant Nonsignificant Nonsignificant Nonsignificant Positive Positive

?In the fluoride belief study, few people (12%) reported that they believe fluoride in toothpaste to be harmful. Therefore, the study is underpowered for this belief

group.

Notes: This table reports the debunking effect, as measured by comparing participants in the “Control Ad 4+ Debunking” group with participants in the “Control Ad

+ No Debunking” group.

Table 13. Baseline Equilibrium Market Shares and Prices.

Market Share (%) Price ($)

Simulated Observed Simulated Observed

Deodorant
Dove 37.1 46 4.49 4.38
Kopari 1.7 — 13.46 14
Speed Stick 284 22 3.97 4.25
Toothpaste
Colgate 34 33 4.07 3.99
Crest 335 34.7 42 4.25
Risewell .5 <5 1.3 12
Tom’s of 14.3 — 5.67 5.83

Maine
Nutrition Shake
Ensure 1.5 15 24.59 25
Orgain 37.1 — 23.28 23
Soylent 2.1 — 33.96 34.32

Notes: The table reports the observed and simulated equilibrium market shares
and prices for all brands in the baseline market. Observed market shares are
obtained from publicly available sources (see Table W22 in Web Appendix C).
Public market share data for Kopari, Soylent, Tom’s of Maine, and Orgain are
unavailable. Observed prices are from Amazon in September 2020.

and 21% (p =.034) for aluminum. Further exploring when and
why firm debunking works is an interesting avenue for future
research.

Effects by prior. We note that the effect of debunking on WTP is
generally positive across prior groups in all three categories
(Columns 4-6 of Table 12), with two exceptions. First, we do
not find a statistically significant effect of debunking among
participants who think fluoride is harmful. Once again, this
seems to be due to limited sample size in this category—belief
combination. Second, for those who believe the ingredient is
not harmful, the GMO debunking effect is indistinguishable
from zero. This may reflect the combination of uniqueness of
GMO (conflicting messages from regulators as discussed previ-
ously) and the ceiling effect of debunking for “not harmful”
priors. Furthermore, research has shown that GMOs face
moral opposition (Scott, Inbar, and Rozin 2016), resulting in

largely negative and sustained consumer perception that is dif-
ficult to change through scientific reasoning.

Finally, we note that once we doubled the sample size for the
GMO survey in the belief study, the average debunking effect
became statistically significant and positive (last row of
Table 10), again suggesting that the average null effect in
GMO debunking in the ingredient study may be due to a lack
of statistical power.

Empirical Findings and Theoretical Predictions

We next discuss the interpretation of the empirical findings rel-
ative to our theoretical predictions. Recall that the following
prediction distinguishes unbiased Bayesian updating from
biased updating: unbiased Bayesian updating predicts that
those with priors inconsistent with the new information
should update their beliefs more than those with consistent
priors, conditional on the information coming from a trustwor-
thy source. Biased updating predicts the opposite: those with
priors inconsistent with the new information should update
their beliefs less or in the opposite direction (i.e., backfire
effect) than those with consistent priors.

The following observations demonstrate that our empirical
findings are more consistent with unbiased Bayesian updating.
First, we find no evidence of the backfire effect; we do not
observe debunking to increase misbeliefs or decrease prefer-
ences for the focal ingredient for any category or prior.
Second, we find that debunking is more effective for those
with “harmful” (i.e., inconsistent) priors than with “not
harmful” (i.e., consistent) priors for aluminum (p <.05), and
for GMOs (p<.1) (Figure 7, Panel A). Overall, no cases are
consistent with biased updating, in which those with
“harmful” priors update less (more) than those with “not
harmful” priors after debunking (misinformation).

Firm Reactions to Misinformation

Our experiments demonstrate that debunking by competing firms
can be effective at changing purchase behavior resulting from
misbeliefs. In this section, we investigate whether a firm’s best
response is to debunk misinformation or to conform to the misin-
formation by introducing an ingredient-X-free product when
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faced with an entrant that spreads misinformation in the market.
Specifically, we compare the equilibrium outcomes of the incum-
bents across the following scenarios when an entrant introduces
an ingredient-X-free product and spreads misinformation: (1) a
focal incumbent debunks while all other incumbents coordinate
not to introduce ingredient-X-free products; (2) focal incumbent
debunks while other incumbents can add new ingredient-X-free
products to their existing portfolio; and (3) no incumbent
debunks and all incumbents introduce new ingredient-X-free
products. Such comparisons allow us to quantify the trade-offs
incumbents face between debunking and complying with misin-
formed beliefs by introducing an ingredient-X-free product.

We calculate equilibrium market shares and prices given
firms’ best actions following the Nash equilibrium concept.
That is, each firm’s equilibrium strategy is the action and
price that maximizes its profit, conditional on the other firms’
strategies. To compute the equilibrium outcomes, we simulate
a market where the products are configured using their
Amazon best-seller configurations or their configuration listed
on the firm’s website (e.g., whitening toothpaste with fluoride).

To simulate a product’s market share—and thus profit—we
consider a market in which consumers choose between the
products on the market and an outside option, which is normal-
ized to have a utility of zero. Given the product’s attributes,
price, and a product’s utility using the parameter estimates
from Table 8, we calculate ms;—product j’s market share—
using Equation 6 (where the utility follows from Equation 4).
We assume that the es are i.i.d. and have extreme value Type
I distribution.

_ exp (ujj)
1+ yexp(uy)

(6)

ms;

Because we do not observe marginal cost, we set marginal costs
to be those that match equilibrium prices to observed prices. We
further assume that the marginal cost for an X-free product is
10% greater than the marginal cost for the X-containing product.

To compute a product’s equilibrium price, we use the itera-
tive method described in Allenby et al. (2014): for a given
vector of prices, we compute the price that leads to the greatest
profit for each product, update the vector of prices with these
new prices, and iterate until the price vectors converge.”> We
do this for every action that each incumbent can take to deter-
mine the Nash equilibrium strategy.

To describe incumbents’ incentives to debunk or to conform to
misinformation, we calculate the equilibrium profits for each
incumbent under the following scenarios. In all scenarios, the
entrant spreads misinformation and offers only an X-free
product. All incumbents offer X-containing products to start with.

1. Baseline: Each incumbent only offers an X-containing
product. There is no debunking.

22 Although this method does not guarantee that the equilibrium is unique, we
started the iterative method using several different starting points and were
unable to find other equilibria.

2. Coordinated Debunking: The focal incumbent debunks.
Other incumbents do not introduce an X-free product.

3. Unilateral Debunking: The focal incumbent debunks.
Other incumbents can introduce an X-free product.

4. No Debunking: All incumbents each introduce an
X-free product.

Comparing Scenario 1 with the baseline allows us to evalu-
ate whether it is profitable for the focal incumbent to debunk
under coordinated efforts by other incumbents not to intro-
duce an X-free product. Comparing Scenario 2 with
Scenario 1 allows us to evaluate whether other incumbents
still have the incentive to conform to misinformation, even
in the presence of debunking. Comparing Scenario 3 with
the baseline describes whether it is more profitable for all
firms to conform to misinformation.

In our simulation, we set the focal incumbent to be the brand
that implemented the debunking message in the real world in
each product category: Speed Stick, Colgate, and Soylent. We
calculate consumers’ utilities as though all consumers in the
market are exposed to the ads with misinformation and debunk-
ing messages, when applicable. Debunking impacts consumers’
utilities by changing their preferences for the focal ingredient;
therefore, it is not brand-specific.

Table 13 demonstrates that our baseline simulated
market shares and prices are similar to the actual U.S.
market shares and prices of the brands whose data are pub-
licly available. Figure 8 plots the equilibrium profits for the
focal incumbent in all three categories and in all scenarios.
Equilibrium market shares, prices, and profits for all firms
under each policy can be found in Web Appendix C. We
find that debunking increases the focal incumbent’s profit
relative to the baseline when other incumbents coordinate
not to introduce X-free products (Column 2>Column 1
in Figure 8). This increase in profits comes from the
increased preference for ingredient X due to debunking,
allowing all incumbents to charge a higher price.
However, debunking may hurt the focal incumbent when
other incumbents can respond by introducing an X-free
product (Column 3 <Column 1 for aluminum and fluoride
in Figure 8) and steal the focal incumbent’s market
share. Expecting such competitor responses, the focal
incumbent therefore has the incentive to introduce an
X-free product also, resulting in all incumbents conform-
ing to misinformation (Column 4> Columns 1, 2, and 3
in Figure 8).

For all three categories, our simulations show that all
incumbents will choose to introduce an X-free product
over debunking when there is no coordinated effort. In
the deodorant and nutrition shake categories, firms have a
greater incentive to create GMO- and aluminum-free prod-
ucts rather than debunk because consumers are generally
averse to these ingredients. For fluoride, the difference in
profits for the focal incumbent for debunking compared
with creating a fluoride-free product is less stark: $1.27
versus $1.28 (Column 2 vs. Column 4), respectively. This
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Figure 8. Focal Incumbent’s Equilibrium Profit.

Notes: This figure plots the equilibrium profits for the focal incumbent for each product category given the focal incumbent and other incumbents’ actions.
Equilibrium prices are calculated for all scenarios. The first column is the baseline market in which there is neither debunking nor the introduction of an X-free
product by any firm. The second column is the focal firm’s profit when the focal firm debunks and other incumbents do not debunk nor introduce an X-free
product. In the third column, the focal firm debunks and the other incumbents each introduce an X-free product. In the fourth column, all incumbents each
introduce an X-free product. Incumbents are Speed Stick for aluminum, Colgate for fluoride, and Soylent for GMOs.

is because on average, consumers prefer fluoride, even in
the presence of misinformation.?>2*

Overall, the simulation demonstrates that coordination by
incumbents not to introduce an X-free product is necessary
for debunking to be an incumbent’s equilibrium response.
Without a coordinated effort, the best response for all incum-
bents is to conform to misinformation by creating the X-free
product. The incentive to conform to misinformation is espe-
cially large for incumbents in product categories with

2 To ensure the conclusion that adding an X-free product leads to greater profits
is not entirely driven by the increase in demand from simply adding a new
product, we conduct a robustness check in which the incumbents introduce
another X-containing, rather than X-free, product. This check shows that
deodorant and nutrition shake firms benefit more from introducing an
aluminum- or GMO-free product than from introducing another aluminum- or
GMO-containing product. In the case of toothpaste, where consumers prefer
fluoride on average, introducing another fluoride-containing product is always
the dominant strategy. Nevertheless, for all ingredients, debunking is not the
most profitable response by the focal firm.

24 We note that our calculated profits are based on assumed marginal costs; if
production costs for a new product line are high, then it may not be profitable
for the firm to conform to misinformation. We tested the sensitivity of our
results to different marginal costs, including using the observed price difference
between X-containing and X-free products to approximate marginal cost
between these versions. Our results are robust.

ingredients to which consumers are averse. This can explain
why firms are commonly observed to add an
ingredient-X-free product to their portfolio: Dove and Speed
Stick each launched a new line of aluminum-free deodorants;
Tom’s of Maine, founded in the 1970s, launched fluoride-free
toothpastes in 2012; and Ensure launched a GMO-free line in
2019 (see Ensure 2023; Kinonen and Trakoshis 2019; Lady
Speed Stick 2023; Tom’s of Maine 2012). Our simulations
provide an explanation for why so many firms are willing to
comply with misinformation but few appear ready to debunk
it, especially when the ingredient is already controversial.

Conclusion

This research investigates the extent that debunking via correc-
tive messaging can revert the effects of misinformation, as well
as the heterogeneous impacts of misinformation and debunking
based on the debunking source and prior beliefs. Through two
sets of incentive-compatible survey experiments, we measure
these effects on consumers’ revealed preferences and stated
beliefs. We find that although misinformation can reduce con-
sumers’ WTP by creating misbeliefs, debunking provides an
effective strategy to correct such influence by reverting con-
sumers’ misbeliefs. We also find that debunking can influence
consumers’ beliefs formed prior to our study.
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Although debunking is shown to be effective on average, the
heterogeneous impact of debunking is an important consider-
ation in policy evaluation. From a regulator’s perspective,
debunking should ideally change actions resulting from misin-
formed beliefs (consistent with unbiased Bayesian updating)
rather than merely reinforce those with correct beliefs (consis-
tent with biased updating). 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 uncer-
tain and 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 are effective across all three categories,
whereas competitor debunking and media debunking are each
effective for two of three categories. Trustworthiness and per-
ceived novelty of the source in the category provide a parsimo-
nious explanation for the differences in debunking source
effectiveness across categories. The finding that competitor
debunking is effective suggests that markets might be able to
self-regulate. However, debunking may not be the incumbent’s
most profitable equilibrium strategy. Simulations show that
introducing a product that conforms to the misinformation
leads to a greater increase in per capita profit than debunking.
Although debunking by an incumbent is beneficial to all incum-
bents if they coordinate not to introduce ingredient-X-free prod-
ucts, achieving such coordination in practice might not be
feasible. In our context, without a regulator, the socially
optimal goal of eliminating misbeliefs would be hard to
achieve.

Such dilemmas appear in other contexts as well, with firms
debating whether to embrace sustainability goals, engage in
corporate social responsibility, or limit greenhouse gas emis-
sions. When these align with consumer preferences, these
pledges might be easy to adopt, but when they hurt profits or
require coordinated efforts by all firms, regulator intervention
might be needed. For misinformation in the marketplace, exist-
ing 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.

This research has some limitations. Although we take the
first step to measure the effect of debunking in combating mis-
information in ads, our experiments are conducted in a highly
controlled setting, in which participants are paying attention
to the source and content of the tweets. Our estimation can be
interpreted as the best-case scenario for policy makers, which
may be used to bound the potential gain regulators can expect
from debunking policies. Understanding debunking effective-
ness when individuals selectively pay attention is an avenue
for future research. Additionally, our focus on using real misin-
formation and debunking efforts implies that consumers may
have preexisting beliefs and attitudes about the sources of
these messages. Although this does not impact the measured
treatment effects because the existing preferences are held cons-
tant across the treatment and control groups, we acknowledge
that the treatment effects may be different if the message

comes from another source (e.g., if a more popular brand
spreads misinformation). Furthermore, by holding constant
the number of likes and retweets across treatment conditions,
we assume a certain level of acceptance of the ads and debunk-
ing messages. Therefore, our experiments cannot speak to how
debunking effectiveness changes under other levels of social
acceptance; this would be another fruitful area for future
research.
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