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ABSTRACT

Conversational agents, otherwise known as chatbots, have been increasingly used by
organizations worldwide to provide health-related information and correct misinformation in the
COVID-19 pandemic. However, previous studies have neither empirically investigated the
effectiveness of correcting misinformation using chatbots, nor have they provided theory-based
guidelines for the designing of such chatbots. To address these concerns, we developed our
misinformation-correcting chatbots and conducted two experiments. In the pre-test experiment (n
= 42), we examined whether corrective information provided through chatbot interactions can
correct COVID-related misperception and behavioral intention compared to not receiving such
information. In the official study (n = 791), we investigate whether and how chatbots with
interactive conversational cues and/or empathetic conversational cues can outperform the basic
chatbot in correcting users’ COVID-19-vaccination misperception and enhancing users’
vaccination intention. Our results indicate that chatbots can be effective in fighting against
misinformation and interactive and empathetic conversational cues do affect users’ psychological
perception towards the chatbot and in turn leads to better interaction outcomes. We also
identified different mechanisms of people’s misperception change and behavioral intention

change. Theoretical and practical implications are discussed.
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CHAPTER 1: INTRODUCTION

The astounding development of machine learning (ML) and natural language processing
(NLP) in the past few decades has made conversational agents, which “accept natural language
as input and generate natural language as output, engaging in a conversation with the user”
(Griol et al., 2013, p. 760) increasingly prevalent. Amazon’s Alexa, Apple’s Siri, and Google
Assistant are some of the most well-received voice-based conversational agents. They can assist
users with shopping, provide daily news, entertain, and much more. Beyond the realm of smart
speakers, conversational agents have been utilized in numerous fields, including education
(Perez et al., 2020), medical consulting (Rosruen & Samanchuen, 2018), customer service (Cui
et al., 2017), psychological counseling (Ho et al., 2018) and quite lately---fighting against
misinformation (Amiri & Karahanna, 2022; Li et al., 2020; WHO, 2020).

Misinformation and disinformation in public health have been detrimental to people’s
physical and mental health (Durizzo et al., 2021). It instigates discrimination and attacks towards
infected people (Sotgiu & Dobler, 2020) and discourages observance of public health guidelines,
thus conflicting with the efforts to contain the public health crisis (Hatcher, 2020). The long-
existing and wide-ranging misinformation in public health have been highlighted in the COVID-
19 pandemic. With conspiracy theories and misleading health advice being one of the defining
characteristics of the pandemic, the World Health Organization (WHO) used the word
“infodemic” to underscore the commensurate threats it might have compared to the virus itself
(Zarocostas, 2020). To combat the “infodemic” and enhance the accessibility of reliable
information, multiple organizations have leveraged on chatbots, including WHO (WHO, 2020),

Poynter Institute’s International Fact-Checking Network (IFCN) (Grau, 2020), U.S. Department



of Veterans Affairs(USDVA, 2022), and many other institutes (Almalki & Azeez, 2020).
Almalki & Azeez (2020) reviewed the literature on COVID-19-related chatbots in healthcare and
found there are currently five applications of these chatbots including (1) Disseminating health
information, (2) Self-triage and risk assessment, (3) Monitoring and notifying exposure, (4)
Tracking symptoms and health conditions (5) Correcting misinformation. The rising prevalence
of these COVID-related chatbots indicates the promising potential it might have to disseminate
reliable COVID-19 information and help fight misinformation.

However, as recognized by Miner et al (2020), despite chatbots’ increasing popularity,
the lack of research on their effectiveness is cause for concern (Miner et al., 2020). Besides, the
designing of Al systems has also been accused of being based on “heuristic programming”
instead of theories (Marcondes et al., 2020; Parnas, 2017). The present research aims to address
these concerns by two controlled experiments. We trained chatbots to answer users’ COVID-19-
related questions phrased in various ways. This allows us to simulate realistic interaction with
chatbots designed by other health organizations as opposed to instructing participants to simply
read the transcripts of interactions (e.g., Liu & Sundar, 2018) or using “Wizard of Oz”, in which
participants are instructed to interact with a “chatbot”, but it is actually researchers behind the
screen (e.g., Ho et al., 2018). In our pre-test experiment, we examine the effectiveness of
chatbots in correcting people’s misperceptions and behavioral intentions. The findings of this
research help clarify whether a chatbot could be an effective tool for combating misinformation.
In the official study, we apply theoretical understandings of Al systems and people’s
misperception change on designing promising conversational features for chatbots. We
investigate whether and how these features can enhance chatbots’ efficiency in affecting people’s

COVID-19 vaccination misperception and vaccination intention. Our study is believed to be the



first to empirically examine chatbot’s effectiveness in fighting against health misinformation and
how chatbots’ conversational features affect that potential, and as such, it is expected to provide
insights to further understand people’s misperception change and behavioral intention change
mechanisms and help public health practitioners to design chatbots with the most effective

features.



CHAPTER 2: PRE-TEST

A meta-analysis of the impact of attempts to correct health misinformation on social
media found such attempts have a positive and significant mean effect size (Walter et al., 2021).
However, chatbot, as a novel tool to fight against health-related misinformation, has not yet been
empirically examined for its effectiveness in altering people’s misperceptions. While corrective
messages on social media might be provided by a peer, an expert, or a trusted organization,
messages from a chatbot are provided by an algorithm. The existing study indicates that the
chatbot’s characteristic of providing algorithm-based responses might bring in a boost for its
credibility due to the “automation bias” (Goddard et al., 2012), human’s tendency to trust in
automation. Bode & Vraga (2018) has investigated how Facebook related stories function can be
used to correct Zika-virus-related misinformation. One of the related stories was produced by an
algorithm and another is from other Facebook users. The result showed that algorithmic
correction and social correction were equally effective in limiting people’s misperception and the
algorithmic correction was even perceived significantly more credible than social correction for
those who report lower conspiracy beliefs. Since a chatbot is also a form of algorithm and
embodies automation by replying to people’s various inquiries, it should also be able

to effectively correct participants’ misperceptions.

Hypothesis 1: When providing corrective information regarding COVID-19, a chatbot
can significantly decrease users’ COVID-19-related misperception and their intentions to
conduct dangerous behaviors against the novel coronavirus, compared to when such

information was not provided.



2.1 PRE-TEST METHOD

2.1.1 Chatbot design

In the pre-test, we built our chatbot using Google’s Dialogflow, a natural language
understanding platform that helps design and deploy chatbots. Previous academic studies have
frequently used this tool in their chatbot design (Bozic et al., 2019; Reyes et al., 2019; Rosruen
& Samanchuen, 2018). To develop our chatbot, we first collected training data via Amazon
Mechanical Turk (MTurk). The collection plan was approved by the Institutional Review Board
(IRB) of a large public university in the American Midwest. 30 workers were recruited and
exposed to three questions related to COVID-19 (see Table 2). They were asked to imagine
having similar concerns to those expressed in the questions and required to provide words,
phrases, or sentences they would type into a chatbot to ask those questions. About 120 valid and
varying inputs for each of the three questions were collected and started to become repetitive.
We, then, used the collected inputs to train the chatbot. The training allows the chatbot to match
inputs similar to those in the training material to one of the predefined answers. Inputs that fail to
be recognized would trigger a default fallback intent' asking the user to only ask the questions
they were required to ask. After the training, we deployed our chatbot through Dialogflow’s
integration function to a website we built on Wix.com. See Figure 2 for a screenshot of the

chatbot's interface for the pre-test.

1 When the default fallback intent is triggered, the chatbot replies “Sorry, I am not currently able to answer this.
Please make sure you have input your ID, and only ask the questions that you were provided within the survey.”
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2.1.2 Procedure

Participants joined our study through an online survey hosted on Qualtrics. They were
exposed to a consent form at the beginning of the survey indicating that the primary purpose of
the study is to understand their media use and COVID-19-related attitudes and behaviors. After
signing the consent form, they were exposed to a piece of misinformation related to COVID-19
without being informed that such information is false. The piece of misinformation claimed that
the diluted bleach should be used to disinfect fruits and vegetables to prevent getting COVID-19
(see Figure 1). Then, questions were asked to evaluate their misperception and behavioral
intentions entailed by the exposed misinformation. After answering several other questions, they
were randomly divided into two groups and directed to a chatbot deployed on a website.
Instructions on how to interact with it were given. In the control group, they were instructed to
ask a chatbot two questions irrelevant to the misinformation (see Table 2). In the experimental
group, participants were also required to ask the chatbot two questions, one of which is the same
as the control group and the other is related to the misinformation. Participants were informed
that the chatbot can understand questions phrased in various ways and they were instructed to
input the questions provided in their own wording. After finished interacting with the chatbot,
they returned to the survey. Questions evaluating their misperception and behavioral intention
were asked again. Then, they completed a set of demographic questions. At the end of the
survey, they were debriefed with the actual purpose of the study and given links to corrective and
other relevant information related to COVID-19. Details of the questions and the chatbot’s reply
are summarized in Table 2. The wordings of key survey questions and the reliability scores are

summarized in Table 3.



2.1.3 Participants

The official study plan was approved by the same IRB that approved our training data
collection plan. 55 students were recruited through the University’s Advertising Research
Participation System (SONA system) in April and May 2021 and received course credit for their
participation. Within the 55 participations, 2 reported currently not living in the US and 4 failed
to complete the survey. They were excluded in further data analysis. Besides, after reviewing
participants’ chat history with the chatbot, 6 were found to have irrelevant input astray from our
requirement. Another 1 asked the required question but the chatbot failed to understand the
specific wording?. Consequently, these 7 participants triggered the chatbot’s default fallback
response and thus, we excluded them to ensure all the participants in the further analysis
experienced similar well-functioning chatbot interactions in line with our requirement. These
excluded participants were not systematically attributed to the control or experiment group. The
final sample contains 42 valid records with an average age of 21.0 (SD = 1.01), 83.3% of whom

were female (see Table 1).

2.1.4 Manipulation checks

Two manipulation checks were utilized in the present study. One ensures participants
read the misinformation carefully, and the other guarantees their interaction with the chatbot was
valid. First, participants were asked to identify what COVID-19-related information was

provided in the exposed figure, choosing from seven choices. 97.6 percent of the 42 participants

2 The wording of this participant’s input was notably distinct from the chatbot’s training material. Thus, the chatbot
failed to recognize the intent of that input. It is worthy to note that the inquiries about stress from other participants
were all correctly answered by the chatbot, showing a 97.6% accuracy. For the other two questions, the chatbot has
an accuracy of 100%. (Accuracy = times the chatbot responded correctly / times participants asked the required
question)



successfully identified the topic of the exposed figure. Second, we asked participants to identify
the information source mentioned in the chatbot’s response. All participants correctly identified
the source. These results ensure that participants carefully read the misinformation stimuli and

chatbot’s response.

2.2 PRE-TEST RESULTS

Independent t-tests were conducted to see whether the change of misperception and
behavioral intention® after interacting with a chatbot was significantly different between the
control group and the experiment group. The 21 participants in the control group in which no
corrective information was provided had a slight increase in terms of their misperception after
interacting with the chatbot (M = 0.095, SD = 0.199), compared to the 21 in the experiment
group in which the misperception was noticeably reduced (M = -0.667, SD = 0.258). The
misperception change between the two groups was found significantly different, (40) =2.3, p =
.025. Similarly, significant difference of the behavioral intention change between control group
(M =0.206, SD = 0.183) and experiment group (M = -0.429, SD = 0.161) was also observed
#(40) = 2.6, p = .013. These results indicate that a chatbot when providing corrective information
regarding COVID-19 can significantly decrease users’ COVID-19-related misperception and

their intentions to conduct dangerous behaviors against the novel coronavirus.

3 The change of misperception = misperception before chatbot interactions - misperception after chatbot interactions
The change of behavioral intention = behavioral intention before chatbot interactions - behavioral intention after
chatbot interactions



2.3 PRE-TEST DISCUSSION

Our pre-test addressed the blank of literature by empirically demonstrating chatbots’
potential in correcting people’s misperception and mitigating their dangerous behavioral
intentions. This finding is reassuring and consistent with the increasing efforts public health
agencies put into developing chatbots to provide reliable health information(Amiri & Karahanna,
2022). We encourage more health-related organizations to incorporate chatbots as additional
communication channels to make their information more accessible to their audience and help

fight against health-related misinformation.



CHAPTER 3: OFFICIAL STUDY

Beyond demonstrating the effectiveness of chatbots in addressing misinformation, we
want to further understand whether and how chatbots with different conversational cues
meanwhile providing the same core corrective messages can have different efficiency in
correcting people’s misperception and behavioral intention. We specifically investigate whether
and how interactive conversational cues and empathetic conversational cues can bring in unique
psychological effects that contribute to efficient changes in users’ misperception and behavioral
intention. We choose to debunk the misinformation about mRNA COVID-19 vaccines altering
human DNA and being harmful to the human body, a widespread myth identified and corrected
by CDC (CDC, 2021). Being exposed to COVID-19-vaccine-related misinformation was found
to positively associate with vaccine hesitancy (Biswas et al., 2021) which can put individuals at
higher risk of getting and spreading the virus that causes COVID-19 and developing serious

illness and death (CDC, 2022).

3.1 CHATBOT ARE SOCIAL ACTORS

Many previous chatbot studies examine how certain chatbot features can lead to different,
preferably enhanced, conversational outcomes (e.g., Araujo, 2018; Sundar et al., 2016; Toader et
al., 2020). This line of research contributes insights for practitioners to maximize the
conversational impact by optimizing the chatbot design. Computers are social actors (CASA;
Nass et al., 1994; Nass & Moon, 2000) is a theoretical framework frequently employed to guide

these studies (Gambino et al., 2020). It suggests that humans treat media agents (i.e.,
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“technological artifact that demonstrates sufficient social cues to indicate the potential to be a
source of social interaction”, Gambino et al., 2020, p. 73) similarly to how they would interact
with another real human being, despite knowing those agents are inanimate (Nass & Moon,
2000). In other words, instead of questioning media agents’ social behavior, humans tend to
respond mindlessly to them to the extent that they applied their existing mental model learned
from human-human interaction to the human-agent interaction. Existing literature constructed
media agents’ human-like traits and their potential for human-like social interaction as
anthropomorphism (e.g., Breazeal, 2003; Waytz et al., 2010). This concept has been regarded as
a critical factor in the evaluation of media agents (Gambino et al., 2020). An extensive literature
review of the acceptance of social robots done by de Graaf & Ben Allouch (2013) found that
anthropomorphism is positively associated with many outcomes such as attractiveness,
sociability, companionship, and attitude towards robots. More specifically, empirical studies
found that it is through social presence, a feeling that the media agent is a social entity being
with the users (Kilteni et al., 2012), that chatbots’ anthropomorphic features exert their influence
on the outcomes of human-chatbot interactions such as customers’ compliance with chatbot’s
requests(Adam et al., 2021), the satisfaction of a service (e.g., Verhagen et al., 2014), perceived
expertise, perceived friendliness, attitudes, and behavioral intention towards the chatbot (Go &
Sundar, 2019).

Conversational cues (i.e., human-like languages) were regarded as one of the three types
of anthropomorphic features of chatbots (Go & Sundar, 2019). They were found to be able to
compensate for the inanimate nature resulting from less anthropomorphic visual cues and
identity cues and have the potential to bring in unique psychological effects that contribute to

positive attitudinal and behavioral outcomes (Go & Sundar, 2019). In the official study, we
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investigate two types of conversational cues, interactive conversational cues and empathetic
conversational cues for their potential to improve chatbot’s impact in affecting users’

misperception, behavioral intention.

3.2 INTERACTIVE CONVERSATIONAL CUES

One of the most remarkable natures that set chatbot aside from misinformation-correcting
social media posts and fact-checking websites is its interactivity. Although there has not been a
universally accepted definition of interactivity, several elements have been summarized by
Sundar et al. (2016) including the ability to influence the content (e.g., Jensen, 1998),
personalization (e.g., Wu, 2006), reciprocal communication (e.g., Jiang et al., 2010), and user’s
control over media (e.g., Coursaris & Sung, 2012). According to the Modality-Agency-
Interactivity-Navigability model (MAIN, Sundar, 2008), interactivity is one of the most essential
technological affordances (i.e., actionable structural features, Norman, 1999) that could affect the
perceived credibility of digital media. A high level of interactivity in chatbots might trigger
several types of heuristics which in turn could affect the perceived credibility of audiences. For
example, allowing users to input customized questions instead of having them choose from a list
of given questions might serve as a cue to trigger the responsiveness heuristic which indicates to
the user that the chatbot is capable of considering the variation in user input and accordingly
offering dynamic customized contend (Sundar, 2008). Users who have this heuristic may tend to
believe the chatbot is of good quality, which eventually enhances the credibility of the chatbot
(Sundar, 2008). Besides, interactivity operationalized by enabling users to customize the order of

information to be present (Skalski & Tamborini, 2007), and by allowing users to choose from
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different conversational agents and their characteristics (Xiao et al., 2007) might also trigger
another heuristic---control heuristic, which would render a sense that the user is controlling the
nature of their interaction and is managing the pace and direction of information acquisitions
(Sundar, 2008). This heuristic might help to exalt the perceived information value and
consequently enhance its credibility (Sundar, 2008).

In the context of human-computer interaction (HCI), a key characteristic of interactivity,
contingency, has gained much attention (e.g., Bellur & Sundar, 2017; Go & Sundar, 2019; Ischen
et al., 2020; Sundar et al., 2016). This concept is also known as message interactivity (or
semantic interactivity, Sohn, 2011), which is defined as “affordances that enable users to interact
with the system and/or with another user in a contingent manner to achieve a sense of dialogue”
(Sundar et al., 2016, p. 600). Go & Sundar (2019) operationalized message interactivity as
conversational cues with or without back-and-forth message exchanges. In their study, chatbots
with high message interactivity address the previous user’s inputs before each response, while
chatbots with low message interactivity directly respond to the user’s inputs without mentioning
the previous dialog. In line with the MAIN model, they found that the agent’s high message
interactivity leads to a higher level of social presence which enhanced the perceived expertise of
the chatbot, a sub-dimension of credibility (Corritore et al., 2003), and perceived trustworthiness
(Mayer et al., 1995).

Besides having enhanced credibility, interactive features also have the potential to
enhance users’ attention towards the content presented (e.g., Chua & Banerjee, 2015; Geri et al.,
2017; Xu & Sundar, 2016). Although there haven’t been enough studies specifically examining
the relationship between chatbot’s interactive features and user’s attention (but see Sundar et al.,

2016), interactive features in other domains demonstrated their positive effects. Geri et al.
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(2017), for example, found interactive elements in video lectures can expand learners’ attention
span and increase the completion percentage of video-watching. In the context of e-commerce
websites, interactive features were also found to attract users’ attention and engage them to
process the information presented (Xu & Sundar, 2016). Chua & Banerjee (2015) also identified
interactivity as one of the three factors that draw the audience’s attention to businesses’ social
media posts.

Literature in correcting misinformation pointed out that the credibility of the source of
the corrective information (e.g., Kim et al., 2021; Walter & Murphy, 2018) as well as audiences’
attention when being exposed to the corrective information (e.g., Kim et al., 2021) plays
important and positive roles in correcting misperception. Given the potential benefits of
enhanced credibility and attention induced by interactive features, highly interactive chatbots
might outperform lowly interactive chatbots in terms of their efficiency in correcting
misinformation.

Aligned with Sundar et al. (2016), we consider users’ perceived interactivity to be critical
in bringing in the positive effects of interactive features we manipulate. We adopt their definition
of perceived interactivity as “a users’ subjective and overall assessment of interactivity” (p. 601)
which includes perceived contingency, a concept specifically “operates at the level of
threadedness and interconnectedness of message exchange” (p. 601). Examining users’ perceived
interactivity not only helps validate our manipulation of interactivity but also increases the

generalizability of our findings to situations where the interactive features were not

operationalized exactly the same as our manipulation. Accordingly, we hypothesize:
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Hypothesis: (H2) a misinformation-correcting chatbot with interactive conversational
cues can lead to a higher level of perceived interactivity which can induce (H3) a larger
misperception change and (H4) a larger change in behavioral intention compared to a chatbot

without such cues

3.3 EMPATHETIC CONVERSATIONAL CUES

Empathy is defined as the ability to understand and identify others’ mental states and
share the feeling of others (Kerr-Gaffney et al., 2019). It was regarded as a multifaceted concept
consisting of cognitive empathy as well as affective empathy (e.g., Campbell & Babrow, 2004;
Pérez-Fuentes et al., 2020; Shechtman, 2002). The former denotes the comprehension of others’
emotions while the latter emphasizes feeling that same emotion (Vossen et al., 2015). While
existing literature calls for more attention in addressing emotional factors such as showing
empathy and compassion when correcting misinformation (e.g., Gesser-Edelsburg et al., 2018;
Hardee, 2020; MacKay et al., 2021), empirical findings regarding how empathy affects
misperception correction are less consistent (e.g., Gesser-Edelsburg et al., 2018; Tully et al.,
2020). Gesser-Edelsburg et al. (2018) found that when addressing misinformation about measles
vaccination, corrective information that is transparent, showing empathy, and referring to the
audience’s fears and concerns can lead to higher perceived satisfaction compared to an
unequivocal corrective message without addressing the emotional element. They also found a
significant association between that satisfaction and behavioral intention to vaccinate children.

Tully et al. (2020), however, found whether or not acknowledging and affirming the audience’s
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confusion and uncertainty when correcting food-related misinformation does not make corrective
messages more effective in reducing misperception.

Empathy has also been examined in conversational agents in many contexts such as
medical consulting (e.g., Liu & Sundar, 2018), mental health consulting (e.g., Harilal et al.,
2020), and intervening drinking behaviors (e.g., Lisetti et al., 2013). These empirical studies
indicate a neutral-to-positive effect of empathetic conversational cues depending on what
specific conversational outcomes are examined. For example, Kraus et al. (2021) investigated
chatbot in the mental health domain and found small talks with empathetic conversational cues
does not significantly foster human-chatbot trust. Liu & Sundar (2018), however, found that, in
the context of providing advice for sexually transmitted diseases (STD), chatbot’s empathetic
expression was favored over unemotional expression. Lisetti et al. (2013) compared three types
of conversational agents (text-based, empathetic embodied agent, non-empathetic embodied
agent) in providing drinking problem intervention and found the empathetic embodied one has
many benefits over others including better acceptability, enjoyability, trustworthiness, and
intelligence.

Different from these empirical findings, another popular theoretical framework, the
Uncanny Valley of Mind (UVM), suggests that when the “digital mind” demonstrate their
abilities related to human distinctiveness such as empathy and social cognition, people will feel
threatened by this violation of human distinctiveness and perceive that “digital mind” as eerie
(e.g., Ferrari et al., 2016; Liu & Sundar, 2018; Stein & Ohler, 2017). However, several literature
reviews conclude that empirical evidence for the hypotheses of UVM was inconsistent (e.g.,
Kitsyri et al., 2015; Zhang et al., 2020). In the context of chatbots providing health-related

information, Liu & Sundar (2018) tested UVM against its contradictory framework, CASA.
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They found CASA to be more applicable than UVM for people who disbelieve robotic
socioemotional capabilities. More studies need to be done to see whether the two frameworks
have different applicability under different contexts. Given the inconsistent findings of the
impact of empathy both in misinformation- and chatbot-related literature, we propose the

following two research questions and one hypothesis:

H5: a misinformation-correcting chatbot with empathetic conversational cues can lead to

a higher level of perceived empathy compared to the chatbot without such cues.

Research Questions: Whether and how chatbot’s perceived empathy mediates user’s

(RQ1) misperception change and (RQ2) change in behavioral intention.

3.4 OFFICIAL STUDY METHOD

3.4.1 Operationalize interactive/ empathetic conversational cues

In line with previous literature (e.g., Go & Sundar, 2019; Lew et al., 2018), the present
study also operationalizes interactivity as being able to address the user’s question before
answering it. In addition to that, the interactive chatbot in our study will deliver the answer not
just through a single scripted response but through back-and-forth contingent dialogues. After
the chatbot provides a brief answer, it asks the user whether more information is needed. More
information will be provided once the user reponed affirmatively. In contrast, the non-interactive
chatbots will not address the user’s input and will provide the same information altogether

without embedding it through active and two-way dialogue. Allowing users to accept/decline
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additional corrective information inevitably split users into those who received the full amount of
corrective information and those who received only partial corrective information. In the present
study, we report the findings regarding those who received only partial corrective information as
additional findings.

We operationalize empathy based on Liu & Sundar (2018). They use sentences that
acknowledge the user’s feelings to operationalize cognitive empathy and use sentences that
express the chatbot’s understanding of how and why the user feels a certain way as affective
empathy. We incorporate the two sub-dimensions of empathy as one in the present study. (See

Table 4 for details of the operationalization).

3.4.2 Chatbot design

The chatbots in the official study were built and trained in the same way as in our first
study. A total of 101 valid and varying training phrases were collected from MTurk. Next, we
integrated the four Dialogflow chatbots with Kommunicate.io, a platform that assists
customization of the chatbot interface, and deployed them on a website we build on Wix.com.

See Figure 3 for screenshots of chatbots’ interface.

3.4.3 Participants

A total of 1155 participants based in the U.S. and who haven’t received a coronavirus
vaccination at all were recruited from 13 Oct 2021 to 9 Nov 2021 through Prolific, a
crowdsourcing platform frequently used by industry and academia. Previous research compared
samples recruited from crowdsourcing platforms such as Amazon Mechanical Turk (MTurk)

with population-based ones and found that their respective estimations of treatment effects were
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comparable and that the MTurk samples’ generalizability was acceptable (Mullinix et al., 2015).
Another study compared the different crowdsourcing platforms and found that Prolific tends to
have higher data quality than MTurk (Peer et al., 2021). All recruited Prolific participants were
required to complete the survey using a desktop computer. Each participant was paid a fee of
$2.22 for their efforts.

To ensure a smooth and comparable user experience when interacting with the chatbot,
specific instruction was given to guild participants (see appendix 1). After reviewing
participants’ chat history with the chatbots, we found 337 of them failed to follow the instruction
while interacting with the chatbot. These issues include (1) interacting with the chatbot multiple
times; (2) asking the required question more than once; (3) forgetting to input the ids assigned in
the survey to initiate the chatbot in the beginning; (4) asking irrelevant questions; (5) making
unrequired social small talk such as “Have a nice day computer”; (6) making unrequired
comments on the information provided by the chatbot such as “This sounds like propaganda”; (7)
making demanding input such as “next”, “end”, “finished”. Since these inputs were astray from
our instruction, which the chatbots were not trained to respond to, they might lead to notably less
fluent interactions with the chatbot. Participants might perceive the chatbot as having lower
quality compared to those who did not encounter these issues. Therefore, they are excluded from
further analysis. Other 27 participants followed the instruction but encountered technical issues.
24 of them were not correctly assigned to their designated chatbot. 4 The other 3 have their inputs
as required but in a distinctively different way from our training database so the chatbot failed to
understand. They were also excluded from further analysis. The final sample contains 791 valid

records.

4 This issue appears to result from a bad internet connection at the user’s side so that the web page fails to load
correctly.
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3.4.4 Procedure

Participants joined our study through an online survey hosted on Qualtrics. They were
exposed to a consent form at the beginning of the survey indicating that the primary purpose of
the study is to understand their media use and COVID-19-related attitudes and behaviors. After
signing the consent form, they were exposed to a piece of misinformation related to COVID-19
vaccines without being informed that such information is false. That misinformation claimed that
injecting mRNA COVID-19 vaccines might alter human DNA. (See Figure 4). Then, questions
were asked to evaluate their misperception and vaccination intentions entailed by the exposed
misinformation. After answering several other questions, they were introduced to what a
conversational agent is and shown an example built by WHO (see Figure 5). Questions were
asked to evaluate their usage of chatbots in everyday life. Then, they were divided into four
groups and directed to one of four chatbots deployed on a website including (1) the basic
chatbot, (2) the empathetic chatbot, (3) the interactive chatbot, and (4) the interactive &
empathetic chatbot. The chatbots with the interactive feature allow participants to choose
whether to receive full corrective information. If users choose not to receive it, the amount of
corrective information they received will be less than the other two conditions (See Figure 3).
Since we are interested in comparing chatbots with different conversational cues but provide the
same corrective information, we assigned more participants to the two interactive chatbot
conditions so that the number of participants who choose to receive full information roughly
equals the number of participants in the basic chatbot condition and empathetic chatbot
condition. As a result, 146 interacted with a basic chatbot (BC), 142 interacted with the

empathetic chatbot (EC), 166 interacted with the interactive chatbot and choose to receive full
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information (IC); 156 interacted with the interactive & empathetic chatbot and choose to receive
full information (I&EC); 100 interacted with the interactive chatbot but choose to receive partial
information (IC-partial); 81 interacted with the interactive & empathetic chatbot but choose to
receive partial information (I&EC-partial). After finished interacting with the chatbot, they
returned to the survey. Questions evaluating their misperception and vaccination intention were
asked again. Their cognitive and affective perceptions of the interactions with the assigned
chatbot were also measured. Then, they completed a set of demographic questions. At the end of
the survey, they were debriefed with the actual purpose of the study and given links to corrective
and other relevant information related to COVID-19. The wordings of key survey questions and

the reliability scores are summarized in Table 6.

3.4.5 Manipulation checks

Besides checking participants’ chatting history with the chatbot, other two manipulation
checks were also utilized in the official study. The first one examines whether participants
understand the shown misinformation and the other one ensures participants were not
significantly different among groups. First, participants were asked what COVID-19-related
information was provided after exposing them to the misinformation. 98.9% of the 791 valid
participants correctly selected the topic of the exposed information. Second, Chi-square and
ANOVA were conducted to variables including gender, age, household income, education, race,
chatbot usage. The results found no significant difference among the six types of interaction in

terms of any of these variables (See Table 5).
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3.4.6 Data Analysis

We conducted data analysis using IBM SPSS Statistics (Version 26.0). To test our
Hypotheses and research questions, we conducted ordinary least squares (OLS) regressions using
the SPSS version of the PROCESS macro (A. Hayes, 2017), a modeling tool widely used in
moderation and mediation analysis (e.g., Ahorsu et al., 2020; Emery et al., 2017; Opie et al.,
2020). Adopting PROCESS’s pre-programmed Model 4, we specified our independent variable,
i.e., the six types of interactions, as multi-categorical, and computed confidence intervals with
10,000 bootstrap samples. To avoid violating the assumption of homoskedasticity in OLS
regression, we used heteroskedasticity-consistent standard error estimators, HC3, for OLS
regression as recommended by previous studies (e.g., A. F. Hayes & Cai, 2007; Long & Ervin,

2000).

3.5 OFFICIAL STUDY RESULTS

3.5.1 Hypotheses 2, 3, and 4

OLS regression found that compared to BC, EC (Table 7; B = 0.35, SE = 0.17, p = .035)°,
IC (Table 7; B=0.53, SE =0.15, p <.001), I&EC (Table 7; B=0.67, SE =0.16, p <.001), IC-
partial (Table 7; B=0.52, SE = 0.18, p =.003), and I&EC-partial (Table 7; B = 0.59, SE = 0.21,
p = .005) all significantly raised the perceived interactivity of the chatbots. Thus, H2 was

supported.

5 Our results show that the chatbot designed with empathetic features but not with interactive features still leads to a
higher level of perceived interactivity compared to the basic chatbot. This is because acknowledging users’ feelings
using expressions such as “I understand your worries” inevitably achieve a sense of active and engaging dialogue
which is closely related to the definition of message interactivity (Sundar et al., 2016)
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As expected, perceived interactivity was positively associated with misperception change
(Table 7; B=0.17, SE =0.04, p < .001) and change in vaccination intention (Table 7; B = 0.08,
SE =0.02, p =.001. Bootstrap estimation showed significant indices for all these mediation
pathways from chatbots conditions via perceived interactivity to the two outcome variables---

misperception change and vaccination intention (See Table 8). Thus, H3 and H4 were supported.

3.5.2 H5, RQ1, and RQ2

OLS regression also found that compared to BC, EC (Table 7; B=1.23, SE=0.17,p <
.001), I&EC (Table 7; B=1.27, SE=0.17, p <.001), and I&EC-partial (Table 7; B = 0.67, SE =
0.23, p = .004) significantly raised the perceived empathy of the chatbots while IC (Table 7; B =
0.29, SE=0.18, p = .106) IC-partial (Table 7; B = 0.05, SE = 0.20, p =.790) did not have
significant effect on the perceived empathy. Therefore, HS was supported.

Perceived empathy was found to be positively associated with change in vaccination
intention (Table 7; B =0.08, SE = 0.02, p = .001) but not for misperception change (Table 7; B =
0.03, SE =0.03, p = .342). Bootstrap estimation showed non-significant indices for mediation
pathways from chatbots conditions via perceived empathy to misperception change. Significant
indices were found for mediation pathways from the three chatbots conditions that have
empathetic conversational cues (i.e., EC, I&EC, and I&EC-partial) via perceived empathy to
vaccination intention (See Table 8). The coefficients of each path for misperception change and

vaccination intention are summarized in Figure 6 and Figure 7.
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3.5.3 Additional findings

Our results indicates that when users refused to receive additional information from the
chatbot, i.e., IC-partial condition (Table 7; B=-0.61, SE=0.11, p <.001) and I&EC-partial
condition (Table 7; B =-0.50, SE = 0.13, p <.001), there will be negative direct effects of the
conditions to the misinformation change compared to BC. As for the vaccination intention, only
IC-partial condition was found to have a significant and negative direct effect (Table 7; B = -
0.21, SE = 0.08, p = .005) whereas I&EC-partial condition did not have a significant direct

impact (Table 7; B=-0.17, SE = 0.10, p = .094).
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CHAPTER 4: DISCUSSION

Taken together, our two experiments provide two main contributions. First, we
empirically demonstrated chatbot’s impact in correcting people’s misperception and dangerous
behavioral intentions. Second, our results revealed how chatbots’ conversational cues can further
boost such impact. It is worthy to emphasize that even when the core corrective messages
provided by the chatbots were all identical, chatbots that were built with certain conversational
features appear to affect users’ psychological perception towards the chatbot which leads to
better interaction outcomes than the chatbot without such features. In particular, we found that
when answering people’s inquiries about whether COVID-19 mRNA vaccines can alter human
DNA and be harmful to the human body, chatbots with interactive cues can enhance users’
perceived interactivity towards the chatbot and in turn, resulted in enhanced efficiency in
reducing misperception and increasing vaccination intention compared to a basic chatbot that
does not have interactive nor empathetic conversational cues. Chatbots with empathetic cues, on
the other hand, can lead to a higher level of perceived empathy, which improves the efficiency in

increasing vaccination intention but did not help reduce the misperception.

4.1 THE MEDITATION EFFECTS OF PERCEIVED INTERACTIVITY

Extending previous literature about interactive features in HCI (e.g., Go & Sundar, 2019;
Ischen et al., 2020), our study further demonstrated its advantages in the context of addressing
health-related misinformation using chatbots. Consistent with our hypothesis, our data support

that even when the corrective information is identical, providing it through an interactive
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dialogue rather than a once-and-for-all script did affect people’s perception of the chatbot and
eventually lead to better misperception change and vaccination intention. What’s exciting about
our finding is that interactive conversational cues can be easily embedded to chatbots by simply
greeting, addressing the user’s question before answering it, and giving the user more autonomy
in the conversation and can, in a large scare, enhance the outcomes of the corrective information
without a need to change the content of the corrective messages.

However, providing corrective messages through an interactive conversation inevitably
enables users to refuse the offering of the full amount of correction. It might be a double-edged
sword since receiving partial correction was found to lead to less misperception change. Further
studies need to be done to empirically compare the pros and cons of breaking down an elaborated
chatbot answer into multiple pieces and allowing users to choose the quantity of information they
want. Other than that, we do recommend public health practitioners increase the interactivity of
their chatbots so that users will have higher perceived interactivity. To do so, practitioners can
try to enable chatbots to greet the users in the beginning and address users’ inputs before

answering them.

4.2 THE MEDITATION EFFECTS OF PERCEIVED EMPATHY

The empathetic conversational cues embedded in chatbots seem not to trigger an

uncomfortable and eerie feeling as suggested by UVM. Instead, these cues affected the perceived

empathy of the chatbot, which positively mediates empathetic conversational cues’ effect on

vaccination intention. Consistent with the previous study that used health chatbots to address
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STD (Liu & Sundar, 2018), these findings also indicate higher applicability of the CASA
paradigm rather than the UVM paradigm when it addresses vaccine-related misinformation.
The beneficial effect of perceived empathy on vaccination intention can be explained by
the Integrated Model of Advice Giving (IMAG, Feng, 2009, 2014) which suggest that helping
distressed other to overcome their emotional upsets should be an important initial step before
problem inquiry and advice-giving because individuals might not be ready to closely look into
the problem they are facing until they work through their emotional state. Feng (2009, 2014)
found that not only the presence of the emotional support but also the sequential placement of the
emotional support matters. Specifically, advice after providing emotional support and problem
inquiry and analysis was judged to be higher in quality and was more likely to be followed
compared to giving advice following other sequential patterns. For our participants, being
exposed to misinformation that claims the mRNA vaccine is unsafe and under-researched might
put them into a negative emotional state. In this case, the empathetic conversational cues might
have helped acknowledge and validate their emotion, making them more emotionally ready to

reappraisals the upsetting misinformation and take the corrective information as advice.

4.3 DIFFERENT MECHANISMS FOR THE CHANGE OF MISPERCEPTION AND

VACCINATION INTENTION

Although knowledge and positive perceptions towards COVID-19 vaccination were
previously found to predict better attitudes towards COVID-19 vaccination and in turn,
associated with higher vaccination intention (Fan et al., 2021). Good COVID-19-related

knowledge did not always be the precursor of preventative behaviors and vice versa (Nwagbara
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et al., 2021). Our finding extends the literature by identifying the different mechanism of the
people’s misperception change and vaccination intention change. Both perceived interactivity
and perceived empathy play positive roles in people’s vaccination intention change but only
perceived interactivity is positively associated with people’s misperception change. This might
be due to the different nature of the two outcomes investigated. Whereas vaccination intention is
a preventative behavioral intention for COVID-19, misperception is considered as an incorrect
perception of reality (Thampi, 2017). While people’s learning process can be boosted by
interactive systems (e.g., Evans & Gibbons, 2007) which help enhance their knowledge and
correct the distorted perception of facts, our findings indicate that such process cannot be
facilitated by simply switching to an empathetic tone. As for behavioral intention, however,
extant studies pointed out the important role of emotion in people’s planned behaviors (e.g.,
Ajzen, 2011; Y. J. Kim et al., 2013; Londono et al., 2017; Parkinson et al., 2018). People’s
anticipated negative emotions were found to decrease people’s behavioral intention (e.g., Kim et
al., 2013; Londono et al., 2017). This is consistent with our findings. Chatbot’s empathetic
expression might have curbed participants’ anticipated negative emotion towards COVID-19
vaccination which helped boost their intention to take the vaccine. Empirical studies examining
misperception correction also show that when looking at the behavioral intention as the outcome,
empathetic corrective messages were found to lead to better satisfaction than a message without
addressing the emotional element, which is positively associated with behavioral intention to
vaccine children (Gesser-Edelsburg et al., 2018). However, when focusing on the misperception
as the outcome, whether the tone of the corrective messages was affirming, neutral, or uncivil
does not matter anymore (Bode et al., 2020). Bode et al., (2020) further suggested that social

media users’ efforts to correct misinformation can be in whatever tone they feel most
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comfortable. Our findings, however, suggest that although empathetic tones fail to boost
people’s misperception change, it does foster behavioral intention change. We encourage future
efforts to correct misinformation to adopt empathetic tones and address the audience’s emotion

so that the core corrective message can be more effective to lead to positive behavioral changes.

4.4 DISCUSSION ABOUT ADDITIONAL FINDINGS

Allowing users to accept/decline additional corrective information inevitably split users
into those who received the full amount of corrective information (i.e., IC and I&EC) and those
who received only partial corrective information (i.e., IC-partial and I&EC-partial). Our results
indicate that compared to BC condition who received the full corrective information, IC-partial
and I&EC-partial have a direct negative effect on users’ misperception change and IC-partial
also have a direct negative effect on vaccination intention. This is in line with existing literature
(e.g., van der Meer & Jin, 2020). Van der Meer & Jin (2020) also found that compared to
participants who received simple corrective information, those exposed to more detailed and
elaborated corrective information are better corrected and more likely to take preventive actions.
What’s surprising is that though IC-partial has a negative direct effect on vaccination intention,
I&EC-partial does not. This indicates that, by adding empathetic conversational cues to the
chatbots, the chatbots seem to be able to mitigate the adverse effect of receiving only partial
corrective information on the vaccination intention. This can be explained by the feelings-as-
information theory (FIT, Schwarz, 2012) which suggests that people use their subjective feelings
such as emotions, moods, and easy or difficult processing experiences as a source of information

in their judgment. FIT proposes these feelings play important roles in persuasion and processing
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style that a positive feeling can lead to a less effortful and heuristic processing style whereas a
negative feeling tends to result in a more bottom-up and systematic processing style (Schwarz,
2012). They further suggested that when people received persuasive information, recipients with
negative feelings can be persuaded by strong arguments but less likely by weak arguments, and
recipients with positive feelings can be equally persuaded by both kinds of arguments (Schwarz,
2012). When chatbot users only requested and received partial corrective information the
arguments might be perceived as weaker compared to full corrective information. The reason
that the I&EC-partial condition did not have a negative direct effect on vaccination intention as
IC-partial did might be that the empathetic conversational cues initiated a positive emotion
towards the chatbot which affected users’ processing style and enhanced their receptivity to a
relatively weaker argument. Whereas in the IC-partial condition, users might have a relatively
not-so-positive emotion compared to I&EC-partial, which makes them stick to a systematic

processing style and be more suspicious to a relatively weaker argument.
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CHAPTER 5: LIMITATION

The present studies also have several limitations. Firstly, our study recruited people who
has not been vaccinated with a covid-19 vaccine at the time of recruitment, which is inevitability
unrepresentative. However, we argue that this sample captured whether and how misperception
can be changed by chatbots’ conversational cues for those who very likely have a certain level of
initial misperception towards the investigated topic. Future studies can further investigate how
chatbots’ conversational cues work for different groups of people with different beliefs.
Secondly, our chatbots did not provide perfect replies to every user’s input, especially when
users’ inputs are irrelevant to what we required in the instruction. Since the way participants
deviate from our instruction is vastly different, we did not apply a theory-driven guideline to
determine what types of deviation should be excluded or included. To prevent participants who
encountered issues in their chatbot interactions from biasing our results, we excluded all the 364
participants who deviated from our instruction, which unavoidably brought some biases to our
experiment. Nevertheless, our manipulation checks indicate that after excluding them no
significant biases were identified across our experimental conditions in terms of sex, age, race,
income, education, and previous chatbot usage. Besides, our post hoc analysis confirmed that
when setting the demographic variables (i.e., age, gender, and race) as covariates, the model
result will be similar and lead to the same interpretation. Thirdly, we only investigated the effects
of conversational cues in the topic of COVID-19-vaccination, a topic that usually involves
negative emotions (e.g., Alamoodi et al., 2021; Chou & Budenz, 2020). It is yet to be seen
whether the perceived empathy will still exert its strength in affecting people’s behavioral

intention for other less emotional and controversial topics. Fourthly, we measured the
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misperception and behavioral intention twice, once after exposing participants to misinformation
and another time after participants interacted with the chatbot. This design might make some of
the participants guess the real intention of our study and deviate from how they would report if
they do not know our intention. Nevertheless, this likelihood should not be systematically biased
between our experiment groups as they were measured twice in all groups. Our between-group
findings should not be dampened by this design. Fifthly, our participants were directly exposed
to the misinformation before interacting with the chatbot which is somewhat different from how
people usually encounter misinformation and develop misperception. In this case, people might
have different perceptions of the misinformation card and might have different levels of
misperception toward the investigated topics after viewing the card. However, we argue that
such differences should not be systematically biased across different experiment groups nether as
all groups viewed the same cards. Lastly, misinformation was previously found to have
continued influences that affect people’s memory and reasoning even when the correction is well
remembered (e.g., Ecker et al., 2010; Walter & Tukachinsky, 2020). Our studies have not
investigated whether chatbots can better reduce the continued influence than other
misinformation-correcting tools. We encourage future studies to investigate this in a longitudinal
study to see whether chatbots have such potential. Despite having limitations, neither of them
should have seriously dampened our experiment results and we argue that our findings still

provide important theoretical and practical implications for researchers and practitioners.
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CHAPTER 6: CONCLUSION

Chatbots are becoming increasingly popular in combating the novel SARS-CoV-2
coronavirus and its related misinformation. Despite the popularity, existing studies about
COVID-19-related studies mainly focused on chatbots’ development, architecture, and users
experience (Almalki & Azeez, 2020). Little attention has been spent on examining the
effectiveness of chatbots in correcting people’s COVID-19-related misperception and behavioral
intention. Our study addressed this gap by empirically demonstrating that when corrective
information is received from a chatbot, participants’ misperception and behavioral intention can
both be corrected compared to not receiving such information. This suggests that apart from
existing misinformation-correction tools such as fact-checking websites and social media,
chatbots can also be an effective tool to fight against misinformation. Moreover, the designing of
Al systems has been accused of mostly based on programmers’ heuristics instead of theories
(Marcondes et al., 2020; Parnas, 2017). Our studies address this concern and provide some
guidelines for the designing of misinformation-correction chatbots. Specifically, we emphasize
the beneficial effects of interactive conversational cues and empathetic conversational cues as
they can affect users’ psychological perception of the chatbot and in turn, have enhanced
efficiency in correcting users’ misperception and behavioral intention. We also identified
different mechanisms of users’ misperception change and behavioral intention change. In
particular, we revealed that though perceived empathy did not exsert positive effect on
misperception change, it did forester behavioral intention. This highlighted the importance of
tone when correcting misinformation. Although adopting an empathetic tone in the corrective

messages might not affect people’s misperception change, it appears to make it easier for people
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to internalize the information and change their behavior. Based on these findings, we encourage
public health organizations to incorporate chatbots as their additional channel to provide reliable
health-related information to help fight against misinformation, and we recommend them to

include interactive and empathetic conversational cues to their chatbots so their effectiveness of

correcting misperception and behavioral intention can be enhanced.
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CHAPTER 7: FIGURES AND TABLES

Figure 1: Misinformation card for the pre-test: disinfecting fresh produce with diluted bleach is recommended.

To protect yourself against COVID-19, washing FACT-

your fruits and vegetables with just water might Di Si nfecti n g fru its

not be enough. The novel coronavirus could .
multiply on these foods' surfaces and remain an d Veg Eta b I es Wi t h
dangerous when eaten unless you disinfect them. d i I uted b I eac h is

It is recommended to use diluted bleach to h i g h Iy recommen d Ed

inactivate the virus. Make sure the bleach solution to p reve nt you fro m

is diluted to about 30% concentration, and rinse

fresh fruits and vegetables for more than 10 g Etti i g COVI D = 19

seconds before serving. A f ‘
=

#COVID19 #coronavirus
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Figure 2: A screenshot of the chatbot’s interface in the pre-test

This site was designed with the WIX_.com website builder. Create your website today.

To initiate me, please type in your ID assigned in the
survey.

123817283812

Hi, | hope you are doing well during this unusual time. |
am a chatbot built by scientists from the University of
Illinois Urbana-Champaign. | am trained to answer
COVID-19-related questions. So, what question can |
help answer?

How many days should | expect before showing any
coronavirus symptoms after contracted?

The time between exposure to COVID-19 and the
moment when symptoms start is commonly around 5 to
6 days, but can range from 1 to 14 days.

|Ask something...
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Figure 3: From the left to the right are basic chatbot, empathetic chatbot, interactive chatbot (choose to receive full information),
interactive & empathetic chatbot (choose to receive full information), interactive chatbot (choose to receive partial information),
interactive & empathetic chatbot (choose to receive partial information).

< Chatbot i X < Ogna:hal - Chatoot : < Or]ha‘bol i X < Orh bot v a OErha]bot

Please typs in the ID that you were assigned
In the survey.

1am a chatbot buit by scientists from the
Uriversity of Ilinois at Urbana-Champaign. |
‘am trained to answer COVID-19-telatod
‘questions. Now you can ak me your
questions.

COVID-19 mANA vaccines, such as those
from Pfizer-BioNTech and Modema, teach
‘our cells how 1o make a protein—or even
Just a piece of & protein—hat triggers an
immune response. Tho MANA from thase.
Vaccines nover enters the nucieus of the
‘cell, which Is where our DNA is kept. This
means the MANA cannot interact with or
‘affect our DNA in any way.

While mRNA vaccines are rolatively now,
they were not unknown prior to the COVID-
19 pandemic. In fact, researchers have been
studying and working with mANA vaccines
for decades. Data from the manutacturers of
these two mRNA vaccines, and the findings
of large clinical trials, demonstrate that the
known and potential benefits of these
vaccines outweigh the known and potential
harms of becoming infected with the
‘coronavirus.

Milions of poople in the Unitod States have
roceived COVID-19 vaccines, which have

X Fwase type in the ID that you were assigned

inthe survey.

1 hapie you are soing wellin B cifieult and
unusual tm.

1.am & chatbot bull by scientists fom the
University of Binois at Urbana-Champaign. |
am ained to discuss your COVID-18-
iatad concarms. If you feel ready to share
your cancems with me, go ahaad.

| understand your worries.

COVID-18 mANA vacchnes, siich as those
from Plizer-BioNTech and Moderna, teach
‘our cells how 10 make a protein —of even
Just @ pioce of a protein~—that riggers an
immune response. The mANA from these
vaccines never enters the nucieus of the
‘el which is whers our DNA is kept. This
means the mANA cannot interact with or
aftect our DNA in any way.

While mRANA vaccines are relatively new,
they were not unknawn prior 10 the COVIO-
19 pandemic. In fact, researchers have been
studying and working with mANA vaccines.
for decades. Data from the manufacturers of
these two mANA vaccines, and the findngs
of farge clinical irais, demonstrate that the
known and patential benefits of thesa
Vaccines outweigh the known and potntial
harms of becoming infected with the
coronavirus.

Millons of people in the United States have
feceived COVID-19 vaccings, which have

Includes using both established and new
safety-monitoring systems 1o make sure that
COVID:19 vaccines aro sale.

| hape this has eased your concem.

Ploasa typo in the ID thai you wero assignad
inthe survey.

Hallz!

1 m & chstbot built by scientists fram the
University of linsis 8! Urbans Champaign. |
‘am rained to answer COVID-19-related
qQuestions. Can you lell me what Guestians |
an heip angwer?

You are asking about mANA vaccines'
Influence cn human DNA.

COVID-19 mANA vaccines, such as those
from Phzer-BioNToch and Modema, teach
our celis how 1o make a protein—or even
Just a plece of a protein—that triggers an

Immune response. The MANA from these
vaccines never enters the nuclous of the

cell, which is where our DNA Is kept. This
means the mANA cannot interact with or

affect our DNA in any way.

| have addtional information about MRNA
waccines. Would you ke 1o hear it?

19 pandemic. In fact, researchers have been
studying and working with mRNA vaccines.
for decades. Data from the manutacturers of
these two mANA vaccines, and the findings
of large clinical trials, demonstrate that the
known and potential banefits of these
vaccines outweigh the known and potantial
hams of becoming infected with the
coronavius.

Millions of peopio i the United States have
received COVID-19 vaccines, which have
undergone the most intensive safety
monitoring in U.S. history. This montoring

safaty-monitoring
COVID-19 vaccines are safe.

1 hope fhis has answered your guestion
‘about mANA vaccines' nfluence on human

Plaass type in the ID that you were assigned
in the survey.

Heto, how are you doing in this dificult and
unusual time?

1.am & chatbot bult by scientists from the.

of linois at Urbana-Champaign. |
am trained 1o discuss your COVID-19-
rolatod concerns. Can you toll me what
‘concems you have?

| understand your worries about mANA
vaccines' influence on human DNA.

COVID-19 mANA vaccines, such as those
from Prizer-BioNTech and Moderna, teach
‘Our celis how 1o make a protein—or even
just & piace of a protein—that triggers an

immune response. The mRNA from thesa
Vaccines never enters the nucleus of the

cell, which is where our DNA s kept. This
means the MANA cannot interact with or

affect our DNA in any way.

| have addtional information about mANA
vaccines. Would you ike to hear 7

While mANA vaccines are relatvely new,
they were not unknown prior 10 the COVID-
18 pandemic. In fact, researchers have been
studying and working with mANA vaccines
for decades. Data from the manulackurers of
thesa two mRNA vaccines, and the findings
of large chnical trials, demonstrate that the
known and potential benefits of these
vaccines outweigh the known and potantial
harms of becoming infected with the
‘coronavirus.

Millions of peoplo in the United States have
recaived COVID-18 vaccines, which have

‘safety-monitor
COVID-19 vaccines aro safe.

| hoge s has answered your quasion

Piease type in the 1D that you were assigned
in the survey.

Helio!

1am a chaibot bl by scientists trom the
University of Mincis at Urbana-Champaign. |
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‘questions. Can you tell me what queslions |
can help anawer?

You are asking about MANA vaccnes’
Infiuence on human DNA.

COVID-18 mRNA vaccines, such as those.
from Plizer-BioNTech and Moderna, teach
ur cells how to make & protein —or aven

vaccines never enters the nucleus of the
e, which is where our DNA Is kept. This
means the mANA cannot interact with or
afoct our DNAin any way.

| have addtional information about MANA
vaccines. Would you ke to hear i?

Understood. | hope the information has
‘answeced your question about mANA
vaccines' influence on human DNA.

Ploase type in the |D that you ware assigned

in the survey.

Hello, how are you doing in this dificult and
unusual time?

1am a chatbot buil by scientsts from the
Uriversity of Ilincis at Urbana-Chiampaign. |
am trained to discuss your COVID-18-
related concams. Can you 1ed me what
concerns you have?

1 understand your worries about mRNA
vaccines' influence on human DNA.

COVID-19 mANA vaccines, such as those
from Pfizer-BioNTech and Moderna, teach
our cells how 10 make & protein—or even
Just a piece of  protein—that triggers an
immun response. Tha mRNA from these.
vaccines never entars the nucleus of the
cel, which ks where our DNA s kept. This
means the MANA cannot interact with or
affect our DNA in any way.
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Figure 4: COVID-19 vaccine misinformation

The vaccine technology used in these two vaccines FACT:

has never been tested before. To expedite their

development, pharmaceutical giants did not The n9W|y .approved
perform adequate testing, which left many side COVID' 19 vaccines from

effects under-researched. Pfizer-BioNTech and

Moderna contain a
Previous research has warned that injecting genetic frag ment Of the VirUS'S
might seriously alter human DNA, which can never . genetlc materlal that
be changed back. If you are considering getting mlg ht alter huma.n D.NA
vaccinated using mRNA vaccines, think twice. after |njeCt|0n.

messages (MRNA) from viruses into the human body

#COVID19 #coronavirus
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Figure 5: Introducing conversational agents

Now, we would like to learn about your understanding and usage of conversational agents.

A conversational agent is an artificial intelligence (Al) system that can engage in spoken
and/or written interactions with its users in ordinary, natural-seeming language, through
messaging applications, websites, or mobile apps. Voice assistants (e.g., Alexa, Bixby,
Google Assistant, and Siri) and chatbots are some of the conversational agents that
individuals may encounter in their daily lives. They are being used for many purposes,
notably including customer service and psychological counseling.

The following is a screenshot of a human user’s chat with a chatbot built by the World
Health Organization (WHO).

e World Health Organization ©®

Get the latest COVID-19 information by selecting one of the buttons below or
typing your own question.

For example, you can type the name of a country (e.g. "India") to get its latest
case numbers and sign-up to daily alerts or select the “self-help for stress” button
° to learn about how to manage stress.

Please type the name of any country (e.g. “India") to get its latest official case
numbers and sign-up to daily alerts. Explore more at hitps:/covid19.who.int/, the
official WHO C irus (COVID-19) Situati

o How else can | help?

Get the latest COVID-19 information by selecting one of the buttons below or

typing your own question.

For example, you can type the name of a country (e.g. "india") to get its latest

case numbers and sign-up to daily alerts or select the "self-help for stress” button
@  tolearn about how to manage stress.

Is it a myth or a fact? Test your knowledge of the virus and fight the
misinformation around it by playing this Myth Busters Quiz. This Quiz has 10
@ Questions!

° 1/10: The new coronavirus affects only older people

M Correett

QLUPeP D ~

(]
[ 2
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Figure 6: The coefficients of each path (DV: Misperception change). Paths that have non-significant coefficients were not shown.
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Figure 7: The coefficients of each path (DV: Vaccination intention). Paths that have non-significant coefficients were not shown.
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Table 1: Summary of the characteristics of the respondents in the pre-test (N = 42)

Variable name

% or mean = S.D.

Female (%)
Age
Household income (%)

Year of school (%)

Race (%)

$20,000 or less
$20,001 - $40,000
$40,001 - $60,000
$60,001 - $80,000
$80,001 - $100,000
$100,001 or more
Freshman
Sophomore
Junior

Senior

White

Non-white

83.3
21.0+1.01
14.3
9.5
7.1
214
4.8
40.5
9.5
35.7
45.2
9.5
76.2
23.8
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Table 2: Participants’ questions and chatbot’s response

Group Questions required to Chatbot’s response
ask
Control How long it takes after ~ The time between exposure to COVID-19 and the moment when symptoms start is
group exposure to COVID-19 commonly around 5 to 6 days, but can range from 1 to 14 days.
to develop symptoms?
How to cope with stress It’s normal to feel stressed during a crisis. Talking to people you trust can help.
during COVID-19? When staying at home, maintain a healthy lifestyle — including proper diet, sleep, exercise
and social contacts by phone or electronic communication. Don’t smoke, drink alcohol, or
take drugs to deal with stress. Decide in advance how you might seek help if you feel
overwhelmed, for example, by talking to a health worker or counselor.
Get the facts that will help you assess your risk and take reasonable precautions. Find a
credible source such as the World Health Organization (WHO) website or a local public
health agency. You can also limit stress by lessening your exposure to media coverage that
you find upsetting.
Experiment How long it takes after ~ The same as the question in control group.
group exposure to COVID-19

to develop symptoms?

Whether it is needed to
wash vegetables and
fruits with diluted bleach
to avoid getting COVID-
19?

Never wash your produce with bleach or a diluted bleach solution.

Bleach can destroy harmful microorganisms, but it should not be ingested. According to
Centers for Disease Control and Prevention (CDC), you should not wash your food with
bleach, even if it is diluted, or with any other disinfectants. Neither CDC nor the Food and
Drug Administration (FDA) recommends washing fruits and vegetables with soap, detergent,
or commercial produce wash. These products’ residues may stay on produce, and the FDA
has not evaluated whether those residues are safe to ingest.

Unless the package says that the contents have been washed, CDC recommends cleaning
fruits and vegetables with water before eating, cutting, or cooking.
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Table 3: Key measurements

Concept The wording of the question Cronbach’s alpha

Misperception Please tell us how much you agree or disagree with the following statements about  Pre-test:
novel coronavirus and its corresponding disease, COVID-19. [measured on a 7- .594
point scale from strongly disagree (1) to strongly agree (7)] Post-test:
—Disinfecting fruits and vegetables with diluted bleach to prevent COVID-19 is .700
recommended.

—Washing fruits and vegetables with just water is not enough to clean them.
—Residues of diluted bleach on fruits and vegetables are considered safe to eat.

Behavioral intention Please tell us how likely you would be to wash your fruits and vegetables with [the Pre-test:
assigned phrase]. [measured on a 7-point scale from extremely unlikely (1) to .601
extremely likely (7)] Post-test:

561

—diluted bleach
—soap, detergent, or commercial produce wash
—only water [reverse coded]
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Table 4: Chatbot operationalization

Basic chatbot

Empathetic chatbot

Interactive chatbot

Empathetic & interactive
chatbot

Initiating Please type in the ID that you were assigned in the survey.

Greeting I hope you are doing well | Hello! Hello, how are you doing
in this difficult and in this difficult and
unusual time. unusual time?

Introduction I am a chatbot built by scientists from the University of Illinois at Urbana-Champaign.

Prompting I am trained to answer I am trained to discuss [ am trained to answer I am trained to discuss

participants to ask
their questions

COVID-19-related

questions. Now you can
ask me your questions.

your COVID-19-related
concerns. If you feel
ready to share your

concerns with me, go
ahead.

COVID-19-related
questions. Can you tell me
what questions I can help
answer?

your COVID-19-related
concerns. Can you tell
me what concerns you
have?

[PARTICIPANTS
ASKING THE
QUESTION]

[Will mRNA COVID-19 vaccines alter human DNA?]

Before answering
the question

I understand your
wotrries.

You are asking about
mRNA vaccines’ influence
on human DNA.

I understand your worries
about mRNA vaccines’
influence on human
DNA.
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Table 4 (cont.)

Corrective COVID-19 mRNA vaccines, such as those from COVID-19 mRNA COVID-19 mRNA

information Pfizer-BioNTech and Moderna, teach our cells how vaccines, such as those vaccines, such as those
to make a protein —or even just a piece of a from Pfizer-BioNTech and | from Pfizer-BioNTech
protein—that triggers an immune response. The Moderna, teach our cells and Moderna, teach our
mRNA from these vaccines never enters the nucleus | how to make a protein —or | cells how to make a
of the cell, which is where our DNA is kept. This even just a piece of a protein —or even just a
means the mRNA cannot interact with or affect our protein—that triggers an piece of a protein— that
DNA in any way. immune response. The triggers an immune

mRNA from these vaccines | response. The mRNA
While mRNA vaccines are relatively new, they were | never enters the nucleus of | from these vaccines
not unknown prior to the COVID-19 pandemic. In the cell, which is where our | never enters the nucleus
fact, researchers have been studying and working DNA is kept. This means of the cell, which is
with mRNA vaccines for decades. Data from the the mRNA cannot interact | where our DNA is kept.
manufacturers of these two mRNA vaccines, and the | with or affect our DNA in | This means the mRNA
findings of large clinical trials, demonstrate that the any way. cannot interact with or
known and potential benefits of these vaccines affect our DNA in any
outweigh the known and potential harms of I have additional way.
becoming infected with the coronavirus. information about mRNA
vaccines. Would you like I have additional

Millions of people in the United States have received | to know more? information about
COVID-19 vaccines, which have undergone the most mRNA vaccines. Would
intensive safety monitoring in U.S. history. This you like to know more?
monitoring includes using both established and new
safety-monitoring systems to make sure that COVID-
19 vaccines are safe.

[PARTICIPANTS [Yes, I am interested.]

ANSWERING]
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Table 4 (cont.)

Corrective
information
(follow-up)

While mRNA vaccines are relatively new, they were
not unknown prior to the COVID-19 pandemic. In fact,
researchers have been studying and working with
mRNA vaccines for decades. Data from the
manufacturers of these two mRNA vaccines, and the
findings of large clinical trials demonstrate that the
known and potential benefits of these two mRNA
vaccines outweigh the known and potential harms of
becoming infected with the coronavirus.

Millions of people in the United States have received
COVID-19 mRNA vaccines, which have undergone
the most intensive safety monitoring in U.S. history.
This monitoring includes using both established and
new safety-monitoring systems to make sure that
COVID-19 vaccines are safe.

[PARTICIPANTS [No]

ANSWERING]

Follow-up when Understood. I See.

participants say

no

After answering I hope this has eased I hope this has answered I hope this has eased

the question your concern. your question about mRNA | your concern about
vaccines’ influence on mRNA vaccines’
human DNA. influence on human

DNA.
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Table 5: Summary of the characteristics of the respondents (N = 791)

Variable % ormean + S.D.  Chi-square/ANOVA for the six
conditions

Female (%) 64.5 X2(5)=3.573,p = .612
Age 320+£11.3 F (5,785)=0.903, p=.479
Household $20,000 or less 20.7 X?(25)722.493, p = .607
income (%)

$20,001 - $40,000 23.0

$40,001 - $60,000 20.0

$60,001 - $80,000 14.9

$80,001 - $100,000 9.2

$100,001 or more 12.1
Education (%) Less than high school 1.6 X?(25)=19.231, p=.786

Some high school 1.8

High school or GED 22.6

Some college, technical, or trade school 43.7

Bachelor’s degree 24.9

Graduate or professional degree 53
Race (%) White 80.8 X2(5)=10.007, p = .075
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Table 5 (cont.)

Chatbot usage 1-Never; 2-Hardly ever; 3-Seldom; 4-Sometimes; 5- 29+1.3 F (5,785)=1.600, p=.158
Often; 6-Most days; 7-Every day.
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Table 6: Key measurements

Concept

The wording of the question

Correlation or
Cronbach’s alpha

Perceived empathy
(Plank et al., 1996)

Perceived interactivity
(Sundar et al., 2016)

Misperception

Thinking back to the conversation you had with the chatbot, please indicate the extent to
which you agree or disagree with the following statements. [using scale 1]

—The chatbot acknowledged my worries

—The chatbot seemed to recognize my feelings

—The chatbot seemed to understand how I felt and the concern behind my question
—The chatbot seemed to feel what I felt when talking about my concerns.

Still thinking about your interaction with the chatbot, please indicate the extent to which
you agree or disagree with the following statements. [using scale 1]

—The chatbot’s responses did not feel scripted or rigid

—The chatbot’s responses seemed interconnected with each other

—I felt like I was engaged in an active dialogue with the chatbot

—My interaction with the chatbot felt like a back-and-forth conversation.

Please tell us how much you agree or disagree with the following statements about mRNA
vaccines against COVID-19, such as the ones developed by Pfizer-BioNTech and
Moderna. [using scale 1]

—mRNA technology is new and was not studied before being used to fight COVID-19
—Injecting mRNA COVID-19 vaccines into the human body does not alter human DNA*
—The mRNA from COVID-19 vaccines enters the nucleus of the cell and interacts with
human DNA

—The mRNA from COVID-19 vaccines injected into the body can change the DNA of
human cells

—mRNA vaccines have not been held to the same rigorous safety standards as other types
of vaccines in the United States

—mRNA COVID-19 vaccines have undergone the least intensive safety monitoring in U.S.
history.
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Table 6 (cont.)

Vaccination intention (J.  Please respond to the following questions related to your vaccination intentions. Before chatbot

Kim & Nan, 2016) —How likely are you to get vaccinated with an mRNA COVID-19 vaccine sometime interaction: .947
soon? [using scale 2] After chatbot
—If you were faced with the decision of whether to get vaccinated with an mRNA interaction: .959

COVID-19 vaccine today, how likely would you be to choose to get the vaccine?
—How likely are you to get vaccinated with an mRNA COVID-19 vaccine in the future?

Note. Items marked “*” have been reverse coded. Scale 1: 1 = Strongly disagree; 2 = Disagree; 3 = Slightly disagree; 4 = Neither
agree nor disagree; 5 = Slightly agree; 6 = Agree; 7 = Strongly agree. Scale 2: 1 = Extremely unlikely; 2 = Very unlikely; 3 =
Somewhat unlikely; 4 = Neither likely nor unlikely; 5 = Somewhat likely; 6 = Very likely; 7 = Extremely likely.
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Table 7: Estimated coefficients, standard errors with HC3 estimators (SE), and p-values from PROCESS Model 4 (N = 791), with
outcome variables Perceived interactivity, Perceived empathy, Misperception, and Vaccination intention.

Perceived interactivity Perceived empathy Misperception Vaccination intention
Coefficient  p-value Coefficient  p-value Coefficient  p-value Coefficient  p-value
(SE) (SE) (SE) (SE)

Constant 3.70 (0.12) <.001 3.70 (0.13) <.001 0.22 (0.14) 0.13 -0.36 (0.08) <.001
Empathetic 0.35(0.17) 0.035 1.23 (0.17) <.001 -0.06 (0.13) 0.643 -0.09 (0.10) 0.351
chatbot
Interactive 0.53 (0.15) <.001 0.29 (0.18) 0.106 0.01 (0.13) 0.938 -0.06 (0.08) 0.473
chatbot
Interactive & 0.67 (0.16) <.001 1.27 (0.17) <.001 0.003 (0.14) 0.985 -0.13 (0.10) 0.181
empathetic
chatbot
Interactive 0.52 (0.18) 0.003 0.05 (0.20) 0.790 -0.61 (0.11) <.001 -0.21 (0.08) 0.005
chatbot (partial
information)
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Table 7 (cont.)
Interactive &
empathetic
chatbot (partial
information)

Perceived
interactivity
Perceived
empathy

0.59 (0.21)  0.005

R?=.027

F (5,785)=4.15,
p=.001

0.67(0.23)  0.004

R?=.118

F (5,785)=22.85,
p <.001

-0.50 (0.13)  <.001

0.17 (0.04)  <.001

0.03 (0.03)  0.342

R?=.098

F(7,783)=14.09,
p <.001

-0.17(0.10)  0.094

0.08 (0.02)  0.001

0.08 (0.02)  0.001

R?=.077

F(7,783)=17.27,
p <.001
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Table 8: Bootstrap indices for significant mediation pathways. Non-significant mediation pathways were excluded in this table. The
basic chatbot condition was set as the reference group.

Mediation pathways Effects Bootstrap
(BootSEs)  confidence intervals

DV: Misperception Change

Empathetic Chatbot -> Perceived Interactivity -> Misperception Change 0.06 (0.03) [0.0026, 0.1340]
Interactive Chatbot -> Perceived Interactivity -> Misperception Change 0.09 (0.03) [0.0332, 0.1654]
Interactive & Empathetic Chatbot -> Perceived Interactivity -> Misperception Change 0.12 (0.04) [0.0482, 0.2014]

Interactive Chatbot (Partial Information)-> Perceived Interactivity -> Misperception Change 0.09 (0.04) [0.0255, 0.1727]

Interactive & Empathetic Chatbot (Partial Information) -> Perceived Interactivity -> 0.10 (0.04) [0.0267, 0.1992]
Misperception Change

DV: Vaccination Intention

Empathetic Chatbot -> Perceived Interactivity -> Vaccination Intention 0.03 (0.02) [0.0010, 0.0658]
Interactive Chatbot -> Perceived Interactivity -> Vaccination Intention 0.04 (0.02) [0.0122, 0.0818]
Interactive & Empathetic Chatbot -> Perceived Interactivity -> Vaccination Intention 0.05 (0.02) [0.0165,0.1011]
Interactive Chatbot (Partial Information)-> Perceived Interactivity -> Vaccination Intention 0.04 (0.02) [0.0093, 0.0850]
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Table 8 (cont.)

Interactive & Empathetic Chatbot (Partial Information) -> Perceived Interactivity -> 0.05 (0.02) [0.0100, 0.0969]
Vaccination Intention

Empathetic Chatbot -> Perceived Empathy -> Vaccination Intention 0.09 (0.03) [0.0368, 0.1579]

Interactive & Empathetic Chatbot -> Perceived Empathy -> Vaccination Intention 0.10 (0.03) [0.0383, 0.1602]

Interactive & Empathetic Chatbot (Partial Information) -> Perceived Empathy -> Vaccination ~ 0.05 (0.02) [0.0120, 0.1045]
Intention
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APPENDIX A: THE INSTRUCTION TO INTERACT WITH THE ASSIGNED

CHATBOT

Please read all the steps on this page carefully before accessing the link in Step 1.
Step 1: Access the chatbot through the following link: [the assigned LINK]
Step 2: Initiate the chatbot by typing in your ID: [the assigned ID]

Step 3: Read this question closely and imagine that a) you have a similar concern to that
expressed in it, and b) you want to ask the chatbot for more information.

Your question: Will mRNA COVID-19 vaccines alter human DNA?

Then, type in your question in your own words. The chatbot can understand your question
phrased in various ways, but please do not enter anything into the chatbot other than some
version of the question you have been provided with above.

Step 4: Read the chatbot’s reply carefully.

Step 5: Make sure you have completed your conversation with the chatbot, including your
response to any question it may have asked you.

Step 6: Return to the survey and click “Next”.
Before turning to the next page, please make sure you access the link listed in Step 1 to interact

with the chatbot and remember the question you need to ask. Again, you should not try to
remember it word-for-word, just the gist of it.
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