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Chatbots are increasingly being used in mental healthcare - e.g., for assessing mental health conditions and
providing digital counseling — and have been found to have considerable potential for facilitating people’s
behavioral changes. Nevertheless, little research has examined how specific chatbot designs may help reduce
public stigmatization of mental illness. To help fill that gap, this study explores how stigmatizing attitudes
toward mental illness may be affected by conversations with chatbots that have 1) varying ways of expressing
their interpretations of participants’ statements and 2) different styles of self-disclosure. More specifically, we
implemented and tested four chatbot designs that varied in terms of whether they interpreted participants’
comments as stigmatizing or non-stigmatizing, and whether they provided stigmatizing, non-stigmatizing,
or no self-disclosure of chatbots’ own views. Over the two-week period of the experiment, all four chatbots’
conversations with our participants centered on seven mental illness vignettes, all featuring the same character.
We found that the chatbot featuring non-stigmatizing interpretations and non-stigmatizing self-disclosure
performed best at reducing the participants’ stigmatizing attitudes, while the one that provided stigmatizing
interpretations and stigmatizing self-disclosures had the least beneficial effect. We also discovered side effects
of chatbots’ self-disclosure: notably, chatbots were perceived to have inflexible and strong opinions, which
undermined their credibility. As such, this paper contributes to knowledge about how chatbot designs shape
users’ perceptions of the chatbots themselves, and how chatbots’ interpretation and self-disclosure may be
leveraged to help reduce mental illness stigma.
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1 INTRODUCTION

People with mental illness suffer from public stigma and social exclusion, often being characterized
as dangerous, to blame for their illness, and incompetent [31]. Stigmatization of mental illness is
the process whereby the general population endorses stereotypes of mental illness and acts in a
discriminatory way on that basis [23]. This public stigma impedes people with mental illness from
seeking opportunity, building self-determination, and recovering [31, 92]. For example, although
depression is a common mental health illness experienced by 16.2% of people during their life-
time [65], there is prevalent public stigma towards people with depression [65, 95]. With public
stigma, only about 50% people with depression seek treatment [65], while many of them drop off
from the treatment because of their reluctance of being labeled as a psychiatric patient [38, 109].

Various interventions to help mitigate public stigma have been devised [45, 91, 115]. Such inter-
ventions can be based on education, such as anti-stigma campaigns [91] and the sharing of advice
from medical professionals [115]. Interventions can also be socially based, such as facilitating posi-
tive intergroup contact between people with and without depression, and encouraging disclosure
of the mental health illness [45]. In recent years, an increasing number of studies have focused on
technology-based interventions to mitigate public stigma: e.g., online chat to facilitate intergroup
contact [85], encouraging people with depression to discuss their symptoms using the trending
hashtag on Twitter [71]. However, technology-mediated social contact with people with depression
could be very costly because it always involves human effort [96]. Furthermore, there is also a risk
that others might hurt the person with depression through stigmatizing language or behavior [107],
as people’s online anonymity could promote hostility [39].

Conversational agents, commonly known as chatbots, have considerable potential to mitigate
public stigma by influencing people’s attitudes [108] and behaviors [22] at low cost and low risk,
without requiring direct contact with people with depression. In particular, chatbots’ interpreta-
tions and self-disclosures have both been shown to play important roles in influencing their users’
attitudes and behaviors [66, 73, 108, 114]. For example, chatbots that provided positive interpreta-
tions of their interlocutors’ statements and communicated in a sensitive manner made people feel
supported and enabled relationships of trust to be established [114]. With respect to self-disclosure,
studies have shown that a chatbot’s disclosure prompted compassionate reactions [66] and a re-
ciprocal effect by promoting people’s similarly deep self-disclosures [76]. These findings could be
explained by a phenomenon known as the Computers Are Social Actors (CASA) paradigm [87]
where people tend to apply the social norms of interpersonal interaction to human-chatbot commu-
nication. Although prior studies have shown that chatbots’ interpretations and self-disclosures can
be used to influence their users’ attitudes and behaviors, there is still a research gap on exploring
how different levels of quality of such interpretation or self-disclosure may have varied effects on
people’s stigmatizing attitudes. Nevertheless, examining these patterns in depth will be critical to
the development of future chatbots aimed at reducing mental illness stigma.

To address that research gap, this paper explores whether and how different chatbots may be
able to change people’s stigmatizing attitudes by offering interpretations of users’ responses and
making their own self-disclosures. To answer these questions, we took public stigma towards
depression as an example. We designed and implemented four chatbots that varied along two
dimensions. The first of these dimensions was stigmatizing vs. non-stigmatizing interpretations of
the participants’ statements; and the second was stigmatizing vs. non-stigmatizing self-disclosures
about mental illness. Based on prior work, we expected that chatbots’ stigmatizing and non-
stigmatizing interpretations could motivate participants to rethink their attitudes toward mental
illness [26, 36, 47, 105], for example, by correcting the chatbots or by reflecting on their original
beliefs. We also expected that chatbots’ stigmatizing self-disclosures could motivate participants to
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reveal their honest attitudes without being influenced by potential social desirability, and chatbots’
non-stigmatizing self-disclosures could provide participants with unbiased perspective that was
different with their original, stigmatizing attitudes [108]. Based on these criteria, our four chatbots
featured: 1) non-stigmatizing interpretation and no self-disclosure; 2) stigmatizing interpretation
and no self-disclosure; 3) non-stigmatizing interpretation and non-stigmatizing self-disclosure;
and 4) stigmatizing interpretation and stigmatizing self-disclosure. Chatbots’ stigmatizing or non-
stigmatizing self-disclosures were randomly set to occur either before the participants’ responses
to its questions, or after their responses but before chatbot’s interpretations of those responses.
We conducted a two-week mixed-methods study with 87 participants divided into four conditions,
i.e., one using each of the above-mentioned chatbot versions. All four conditions’ members read
stories about a character experiencing depression symptoms and responded to questions during
interaction with their respective chatbots. Before the intervention, we measured the participants’
thoughts on mental illness. After the intervention, we measured the participants’ perceptions of
the chatbot and asked about their thoughts regarding mental illness again. To better understand
their experiences when using the chatbot, we also conducted exit interviews with 40 participants.

Our work makes the following contributions to the HCI community. First, it extends our knowl-
edge of whether and how it is possible to design chatbots that effectively reduce societal stigma
toward people with mental illnesses. Specifically, our results provide insights into how users per-
ceive chatbots based on how they interpret users’ statements as well as whether and how the
chatbots make their own self-disclosures related to stigma. Then, we examine how such user
perceptions impact users’ stigmatizing attitudes toward people with mental illness. Second, it
shows that although our chatbot with non-stigmatizing interpretation and non-stigmatizing self-
disclosure was able to reduce the participants’ stigmatizing attitude and scored positively in terms
of their perceptions, there was an unexpected side effect of both non-stigmatizing and stigmatizing
self-disclosure. Specifically, the chatbot’s credibility was undermined by its inflexible and strong
opinions.

2 RELATED WORK
2.1 Public Stigma for Mental llIness

Public stigma includes the prejudice and discrimination endorsed by the general population that
affects people with mental illness [32]. It regards mental illness as a characteristic that diverges from
what society considered normal and correct [32, 49]. Such stigma is distinguished from self-stigma,
which refers to a person’s internalized prejudice against him- or herself [56]. In many cases, public
stigma towards mental illness serves as an internal, implicit bias and fuels consequent discriminatory
behaviors, such as refusing to help people with mental illness and trying to avoid social contact
with them [112]. As such, public stigma negatively impacts the lives and social relations of people
with mental illness, often resulting in shame, blame, secrecy, and social exclusion [11, 100].

To explore bias against people with mental illness and identify strategies for social change
aimed at mitigating it, Corrigan et al. [25, 112] introduced an attribution model that measures
both implicit, internal bias and discriminatory behavior. More specifically, this model characterizes
people’s degree of public stigma based on their beliefs about how far a person with mental illness is
responsible for his/her condition(s); and further, it associates people’s beliefs with their stigmatizing
emotional responses (e.g., lack of pity, anger, and fear) and discriminatory behavioral responses
(e.g., unwillingness to help, coercion-segregation) [24, 25]. For example, believing a person with
mental illness is at fault for his/her condition can result in emotional reactions such as anger
and a lack of pity, and further cause behavioral responses such as refusal of help. The model’s
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measurement items for stigma include “How responsible, do you think, is the person for his/her
present condition?” and “If I were an employer, I would interview the person for a job.

Another useful concept for examining social stigma can be found in the Social Distance Scale
(SDS). The SDS measures discrimination against people with mental illness by measuring whether
one wants to maintain or reduce social distance from them. Specifically, the SDS measures stigma
by asking respondents to rate statements such as “How would you feel about renting a room in
your home to a person with severe mental illness?” [59, 97]

2.2 Interventions for Reducing Public Stigma

Among the conventional interventions to reduce public stigma towards mental illness, the three
most common are protest, education, and social contact [29, 45]. Protests groups tend to target
biased and stereotypical representations of mental illness [32], while education provides information
to support people’s informed decisions about mental illness, and social contact challenges public
stigma directly by fostering interactions between people with and without mental illness [29, 32].
However, most of these conventional interventions are both temporally and spatially restricted,
taking place offline, e.g., in the context of stigma-reduction programs [104]. It is particularly
challenging to scale up conventional face-to-face social contact [104].

Prior studies have suggested that technology could serve as an effective intervention against
public stigma towards mental illness, especially through enhancing education and social contact [8,
27, 52]. Most of the studies in question focused on how technology related to mental health literacy,
such as PowerPoint slides [48], web pages [52], and online courses [8], could enhance participants’
understanding of mental illness and reduce their stigma towards it. For example, as such stigma is a
prominent barrier to help-seeking behavior in young athletes, web pages aimed at boosting mental
health literacy were able to increase such individuals’ knowledge of mental health and thus reduce
their aversion to seeking help [52]. Similarly, a tailored online training course was found to help
medical students improve the quality of their first-aid intentions towards people with depression;
reduce their stigmatizing attitudes towards them; and decrease their desire for social distance from
them [8].

Additionally, studies have shown that technology-mediated social contact, whether face-to-face,
remote, or simulated, can help participants reduce stigma towards mental illness [27, 78, 104].
Such technology-mediated social contact facilitates self-disclosure by people with mental illness,
promotes intimate and friendly relationships between them and others, and enhances the general
population’s understanding of mental illness [32, 45]. For example, contact with mental health
service users via virtual-reality and communication technologies has been shown to effectively
reduce mental health stigma among the general public [104]. Another study, of video interventions
for reducing mental illness stigma, found that those videos that introduced the life stories of people
with mental illnesses were more effective in improving participants’ attitudes than those containing
only facts about mental illness [27]. Similarly, web-based role-playing games for high school
students that simulate social contact with characters with mental illnesses have been reported to
reduce their players’ stigmatization of people with schizophrenia, and perceptions that such people
are dangerous [12]. However, most technology-mediated social contact requires constant human
effort and is therefore very costly [96]. Moreover, interventions that rely on people with mental
illnesses to share their stories carries risks of other people harming them by exhibiting stigmatizing
attitudes and discriminatory behavior [107].

Given their relatively low cost and 24/7 availability, chatbots have considerable potential for
reducing public stigma by facilitating simulated social contact. They have already been used for
delivering healthcare information to educate people and increase their awareness about mental
health issues [51, 110]. It has also been reported that chatbot-human interaction can facilitate
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people’s self-disclosure, increase their engagement, and build their trust [76, 84, 111]. Resonating
with the CASA paradigm, such findings suggest that chatbots could effectively imitate human-
human interaction by encouraging people to apply the social norms of human-human relationships,
e.g., reciprocity and politeness [87]. Moreover, chatbots have been found to effectively promote
behavioral change by helping people reflect upon and learn from their experiences [69].

Although various studies have explored how chatbots can simulate social contact [76, 84, 111],
there has been relatively little work on how chatbots could utilize such potential to reduce stigma
toward people with mental illness. One of the exceptions was a study by Kim et al. [66], in which
a social bot described its own symptoms of depression via Facebook posts, and encouraged the
participants to reply under those posts. The authors reported reductions in their participants’
feelings that people with depression were dangerous, and increases in their desire to help them [66].
Similarly, Sebastian et al. [108] found that a chatbot that simulated contact with a person living
with Anorexia Nervosa increased their participants’ understanding of that disorder and reduced
their tendency to attribute mental illness to personal decisions. All these studies highlight chatbots’
potential to reduce social stigma; yet, when a social bot behaves like a person with mental illness
to a credible degree, its users might not reveal their true thoughts to it, due to the social norms of
human interaction [87]. Therefore, in the context of deploying chatbots to reduce public stigma by
simulating social contact, it may be difficult to assess their users’ unconscious bias.

Another avenue for learning about and changing people’s attitudes toward mental illness would
be to design a chatbot that would serve as a third party to deliver sensitive information about
people with mental illness. This way, people can disclose their true thoughts about mental illness
to the chatbot without worrying the impact of their own words. In addition, prior studies have
suggested that chatbots’ self-disclosure could facilitate participants’ deep self-disclosure [76],
increase perceptions that the chatbot understands them [57], and better simulate human-human
conversation [84, 103]. Furthermore, previous research has found that chatbots’ interpretations can
promote new ways of thinking among their users, challenge their views, and motivate them to
reflect on their thoughts [105]. In the following two subsections, we will focus on discussing how
chatbot’s self-disclosures and interpretations have the potential for reducing people’s stigmatizing
attitudes.

2.3 Self-disclosure in Human-chatbot Interaction

Self-disclosure is the process of revealing one’s personal information, thoughts, feelings, and even
vulnerabilities to another [18]. It plays a central role in developing close interpersonal relation-
ships [2]. Chatbots have been shown to be efficient tools for facilitating people’s self-disclosure,
specifically by simulating human-human conversations (e.g., [76, 84, 103]). For instance, Lee et
al. [76] found that a chatbot’s self-disclosure elicited participants’ deep self-disclosure and increased
their perceptions that their relationship with the chatbot was intimate. Additionally, chatbots with
self-disclosure features have demonstrated their ability to positively impact people’s perceptions
and emotions [57]. For example, chatbots featuring emotional disclosure contributed to their users’
positive emotional and psychological outcomes, such as increased self-affirmation and feelings of
being understood by one’s interlocutor, leading to benefits equivalent to conversing with another
person [57].

2.4 Interpretation in Human-chatbot Interaction

In the context of a chatbot-human conversation, interpretation refers to whether the bot can
comprehend its user’s inputs and provide relevant-seeming answers quickly and reliably [17]. It
plays an important role in whether users trust chatbots [46], since the effectiveness of the latter’s
correct interpretation can make people feel understood and supported [114]. On the other hand,
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when chatbots misinterpret their users’ statements, the users are less likely to believe in chatbots’
ability to provide helpful and informative responses, and their motivation to interact with chatbots
is likely to decline [46]. The risks associated with chatbots’ misinterpretations are intensified
when chatbots are used in healthcare, whether for diagnostic or therapeutic purposes [9]. Some
prior studies have examined how typos, errors, and random keystrokes in their users’ inputs may
prevent chatbots from understanding conversation [94]; how user strategies can potentially fix
chatbots’ misinterpretation [3]; and some potential outcomes of chatbots’ misinterpretation [119].
For example, Zaroukian et al. [119] noted that after a chatbot misinterpreted its user’s requests,
many users just complacently accepted the chatbot’s misinterpretation. Corti et al. [33], who
studied text-based chatbots, likewise found that people’s judgments about whether they were
talking to a person or a bot was important. Specifically, people were less likely to correct chatbots’
misinterpretations when they were aware that the interlocutor was not a human [33].

Chatbots’ interpretation has mostly been studied for the purpose of improving user experience
during human-chatbot interaction [46, 94, 114]. Nevertheless, we argue that — considered as a
conversational strategy — it has the potential to help people change their attitudes, thoughts,
and behavior. In counseling, interpretation is a technique to present people with a viewpoint
discrepant from their own in order to prepare or induce them to change in accordance with that
new viewpoint [16]. The interpretation’s discrepancy may range from small, in the form of simple
paraphrases, to large-scale interventions in beliefs long taken for granted [16]. As chatbots are
relatively low-cost and convenient to use, they have the potential to deliver counseling services
readily in people’s daily lives and encourage behavioral changes [63].

In summary, both self-disclosure and interpretation are important factors for designing chatbots
to reduce stigma. To date, however, few scholars have looked at how chatbots could deploy self-
disclosure and interpretation as a conversational strategy to change people’s attitudes, thoughts, and
behavior, such as for reducing stigmatizing attitudes toward people with mental illness. To help fill
those gaps, we designed chatbots featuring either stigmatizing or non-stigmatizing interpretations
and self-disclosures to examine the effects on stigma of such variations. Ultimately, because there
is strong evidence that exposure to narratives about persons with mental illness is associated
with reductions in stigmatizing thoughts [26, 36, 47, 70, 75], we expected that participants in all
conditions would experience a reduction in stigmatizing attitudes to some extent.

We expected that both valences of interpretations could prompt users to rethink their attitudes
toward mental illness. Given the chatbot’s simplicity (particularly that it did not learn from or
adapt to participants), we did not expect the chatbot to be directly persuasive. Instead, we aimed
to use the chatbot’s always stigmatizing or non-stigmatizing interpretations to elicit participants’
reflections on their attitudes toward mental illness, based on prior research about the effects of
chatbot’s interpretations [105] and the use of interpretation to prompt reflection in counselling [16].
Additionally, we imagined that participants may correct the chatbot in cases where it misinterprets
them, which could prompt deeper reflection on their beliefs. However, prior research [46] has sug-
gested that misinterpretations can lead users to have reduced trust in chatbots, and less motivation
to interact with them, so we wanted to examine how these effects may interact.

Based on existing research that found chatbot’s self-disclosure elicited users’ deep self-disclosure [76],
facilitated human-chatbot interaction [76], and impacted users’ perceptions [57, 66, 108], we ex-
pected that both stigmatizing and non-stigmatizing self-disclosure could motivate users to interact
with the chatbot, disclose their own beliefs on mental illness, and eventually change their stig-
matizing attitudes. Specifically, with the chatbot that has stigmatizing self-disclosures, given the
potential for social desirability bias to motivate participants to mask their stigmatizing beliefs, we
expected that some participants might be more willing to reveal their honest attitudes and thoughts
when the chatbot disclosed chatbot’s own stigmatizing views. With the chatbot’s non-stigmatizing
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Fig. 1. Chatbot design. In the two-week study, each of our four experimental conditions - identified here
as Condition 1 through Condition 4 — interacted with one chatbot version to complete tasks. On each odd-
numbered day of the experiment, all participants received a new vignette and answered questions about it.
On each even-numbered day, they were asked to answer questions related to the previous day’s vignette;
and, after giving their answers, to confirm whether the chatbot had interpreted such answers correctly. The

vignette contexts are presented in Table 1.

self-disclosure, we expected that the chatbot could provide participants with new, unbiased per-
spective that was different with their stigmatizing attitudes, and motivate the participants to reflect
on their own beliefs [108].

2.5 Research Questions

The present study uses a survey-based approach to compare perceptions of and responses to the
four chatbots described above [1]. By doing so, we hope to learn how chatbots’ interpretation and
self-disclosure shape relationships between chatbots and humans, and how these two factors may
be leveraged to reduce stigmatizing attitudes toward people with mental illness. Specifically, we
will be guided by the following research questions (RQs):
e RQ1: How do chatbots’ stigmatizing vs. non-stigmatizing interpretations affect their users’
perceptions of them?
e RQ2: How do chatbots’ stigmatizing vs. non-stigmatizing self-disclosures affect their users’
perceptions of them?
e RQ3: How do chatbots’ stigmatizing vs. non-stigmatizing interpretations and self-disclosures
jointly affect their users’ stigmatizing attitudes toward people with mental illness?

3 METHODS
3.1 Study Design

Fig. 1 shows the overall study design and Fig. 2 shows the study process. 94 participants were
recruited and randomly assigned to one of the four experimental conditions:

e Condition 1: Non-stigmatizing interpretation, no chatbot self-disclosure.
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Fig. 2. Diagram of the study process.

e Condition 2: Stigmatizing interpretation, no chatbot self-disclosure.

e Condition 3: Non-stigmatizing interpretation, followed by or preceded with the chatbot’s
non-stigmatizing self-disclosure.

e Condition 4: Stigmatizing interpretation, followed by or preceded with the chatbot’s stigma-
tizing self-disclosure.

During the experiment, all participants were presented with a vignette about a character experi-
encing symptoms of depression. Only one vignette was presented per two days (on odd-numbered
days of our 14-day experiment) because we wanted to limit our participants’ exposure to mental
illness-related material that they might have found upsetting [19]. They were then asked to share
their thoughts and experiences related to mental illness, which was designed to facilitate partici-
pants’ self-disclosure on questions regarding mental illness. All participants saw the same set of
seven vignettes in the same order.

On even-numbered days (Fig. 1), participants were asked about the previous day’s vignette, such
as “Do you think Alex could snap out of his anxiety when talking with people at social events?”
and “Since Alex’s temper might be uncontrollable in front of his friends, do you want to be friends
with him?” These questions aimed to capture the participants’ potentially stigmatizing attitudes
toward the character. After answering the questions, participants were provided with the chatbot’s
interpretations of their responses and then asked to indicate whether the chatbot interpreted
correctly and explain what was interpreted correctly or incorrectly. In the two conditions whose
chatbots featured non-stigmatizing interpretation, regardless of what participants said, the chatbot
interpreted their remarks as reflecting a non-stigmatizing attitude. In the other two conditions with
stigmatizing interpretations, the chatbot always interpreted remarks as reflecting a stigmatizing
attitude. For example, regarding the question "If you were Alex’s parent, would you blame yourself
because emotional disorders (like depression) might be inherited through family genes?", the two
chatbots with non-stigmatizing interpretations always replied with "To confirm my understanding,
if you were Alex’s parents, you would not blame yourself even though emotional disorders might be
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inherited through genes. Is that right?", while the other two chatbots with stigmatizing interpretations
replied with "To confirm my understanding, if you were Alex’s parents, you would blame yourself
because emotional disorders might be inherited through genes. Is that right?"

A pre-survey and post-survey were conducted to measure the participants’ attitudes toward
mental illness before and after the experiment. Exit interviews were conducted for 40 participants
to understand the reasonings behind their responses to the chatbots and reflections from their
interactive experiences. This study was reviewed and approved by our Institutional Review Board.

3.2 Vignette Design

Vignettes, which are short, evocative narratives, play an important role in the measurement of
mental illness stigma [82]. Our use of vignettes in the present study is motivated by prior research
findings that, in the specific context of chatbot-mediated social contact, they can be an effective
means of eliciting responses toward people with mental illness [66, 108]. Prior studies abstracted
vignettes from real-life experiences, in the hope that this would help their participants relate their
thoughts and attitudes about mental illness to concrete situations [1, 80, 82, 108]. Likewise, we
used vignettes because they provided richer stimuli to our participants than direct questioning
about their attitudes would have done [82].

The seven vignettes we presented to all of our participants depicted the same college student,
Alex, experiencing depression. Before the first day of the experiment, as part of a pre-survey to
gauge users’ stigmatizing attitudes toward Alex, they were asked to read the following background
information about Alex. Alex is a 22-year-old man pursuing a bachelor’s degree. In his spare time,
he works as a waiter at a local restaurant, and spends large amounts of time reading and writing.
However, Alex has recently been diagnosed with depression (major depressive disorder). Sometimes, he
becomes upset and cannot concentrate on his studies and work. He lives with his girlfriend and cannot
do much around the house, especially household chores. He feels angry about his surroundings, and
gets frustrated about where this fury comes from. When Alex is alone, he sometimes feels a desire to
self-harm.

Throughout the experiment, Alex’s depression symptoms were described without using any tech-
nical or medical jargon. Each vignette had a different context, such as work or family relationships,
the complete list of which is shown in Table 1. All vignettes’ contexts and associated symptoms
were selected from the DSM-5 and vignettes about depression used in prior studies [14, 62, 108],
among other previous work. For example, our first vignette presents a studying context in which
Alex experiences trouble thinking and loss of interest. We composed this vignette in part based on
previous work regarding the negative impacts of depression on studying [4].

All our vignettes were reviewed and approved by a psychiatrist in our research team. The
vignettes, along with a sample dialogue flow for Condition 3, can be found in the Supplemental
Materials.

3.3 Chatting Tasks

Small Talk. For each day’s chatting task, all four conditions received the same small-talk prompts.
We included this task in our design for three reasons suggested by prior literature: 1) to increase user
engagement [58], 2) to enhance users’ trust in the chatbot [7], and 3) to facilitate their disclosure of
sensitive topics [76]. The small-talk topics that we used included, but were not limited to, food,
hobbies, and personal plans, and were adopted from prior research [7, 76]. All four chatbot versions
used first-person pronouns when engaging in small talk, as they and Alex were deemed to be
separate entities.

Describing Experience and Attitudes Based on Vignette Content. Each vignette was shared
in five to eight ‘chunks’ of chat. To replicate the experience of text-chatting, participants were
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Table 1. Vignette design and contexts in the two-week experiment.

Self-disclosure
Reference
Evans-Lacko et al. [44]
Riisch et al. [106]
Evans-Lacko et al. [44]
Working Lauber et al. [72]
Riisch et al. [106]
Jorm et al. [61]

Yap et al. [118]

Link et al. [81]

Yap et al. [118]
Corrigan et al. [28]
Evans-Lacko et al. [44]
Link et al. [81]

Yap et al. [118]
Batterham et al. [5]
Vignette 7 | 13 Self-harm thoughts Being alone Dazzi et al.[37]
Klonsky et al.[68]

Vignette | Day | Symptoms Context

Trouble thinking/concentrating
Loss of interest

—_

Vignette 1 Studying

Slowed speech or body movements

Vignette 2 | 3 Tiredness/lack of energy

Feelings of emptiness or hopelessness

Vignette 3 | 5 . .
ignette Feelings of worthlessness or guilt

Dealing with intimate relationships

Vignette 4 | 7 Angry outbursts, irritability or frustration | Interaction with friends

Sleep disturbances

Vignette 5 | 9
lgnette Decreased appetite

Staying with family members

Anxiety, agitation or restlessness

Vignette 6 | 11 Feeling sad, hopeless or worried

Interaction with strangers

occasionally presented with multiple-choice buttons for making brief responses or interjections.
After the vignette, the chatbot would proceed to open-ended questions about 1) the participants’
experiences and 2) their attitudes toward the vignette’s content. Examples of the former type
of question included “Have you ever faced similar issues?” and “Have your family members or
friends had these difficulties?” If the participant answered yes, the chatbot would ask a follow-up
question such as “Can you please describe what happened?” These questions aimed to facilitate
participants’ self-disclosure and help them foster relationships with the chatbot [76] so that they
would subsequently be more willing to disclose their truthful attitudes toward mental illness. Then,
participants were asked questions that related to their attitudes toward the vignette’s content, all of
which were adapted from prior research that measured mental illness stigma [50, 62, 67]. Examples
of such questions included “Is it best to avoid being in a relationship with a person who has mental
illness, so as to avoid developing the same problem?” and “Do you feel that a person with mental illness
has only himself/herself to blame for his/her condition?”

Responding to Chatbot’s Interpretation and Self-disclosure. On even-numbered days, when
vignettes were not delivered, the post-small talk chat proceeded directly to the chatbots’ open-ended
questions, and specifically, those that aimed to measure the participants’ attitudes [50, 62, 67]. After
participants gave initial answers to these questions, Condition 3’s and Condition 4’s chatbots would
respectively disclose their own non-stigmatizing and stigmatizing thoughts, regardless of how the
participants had answered. We did not fix the order of the self-disclosure and interpretation because
we were not specifically interested in how self-disclosure affected participants’ understanding
of chatbot interpretation. An example of non-stigmatizing chatbot self-disclosure was “T would
like to spend the evening socializing with Alex, because I know everyone, including Alex, wants to
communicate with others.” The corresponding stigmatizing self-disclosure, in contrast, was ‘T don’t
want to spend the evening socializing with Alex, because I'm not sure if he will suddenly lose control
over his emotions.” The content of chatbots’ self-disclosure was designed based on previous research
about each vignette topic, as set forth in Table 1, as well as on prior work about the structure of
mental illness stigma [5, 28, 106, 118].

Again, it should be borne in mind that the valences of the chatbots’ interpretations were not based
on the participants’ responses; rather, they were always non-stigmatizing in conditions Condition
1 and Condition 3, and always stigmatizing in Condition 2 and Condition 4. We expected that
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Fig. 3. Screenshot of five chunks of a chatbot-delivered vignette

participants would generally express both stigmatizing and non-stigmatizing attitudes throughout
the experiment, to some degree. Thus, we anticipated that the consistent interpretation design
would lead to the chatbot sometimes being correct, and sometimes incorrect. When presenting
interpretations, the chatbot began with a statement to confirm its understanding of what the
participant had said. For example, “You have said that if Alex goes to the party, you want to spend the
evening socializing with him?” Then, after the participants responded to those factual questions
about their prior statements, the chatbots would ask them to share more details of their response
to the interpretation: e.g., “Why do you feel this way?” The aim of this approach was to gain further
understanding of participants’ thoughts and attitudes toward chatbots’ interpretation.

3.4 Participants

To recruit participants from diverse backgrounds, including various age groups and ethnicities, we
used a crowdsourcing platform Prolific! as a main source to recruit participants, which has been used
in previous research studies [60, 93]. Prolific provided measures to ensure the uniqueness of each
participant’s submission, thereby minimizing the possibility of bots or duplicate entries [10]. In our
recruitment poster on the platform, we specified the study’s general scope, duration, timeline, and
participants’ rights to drop out at any point. Our recruitment criteria required that all participants
1) be aged 18 or above; 2) be U.S. citizens; 3) be able to read, write, and speak fluent English; 4) be
able to access Facebook Messenger via their devices; and 5) explicitly state in their Prolific profiles
that they did not have any urgent mental health issues. We initially recruited 94 participants.
They were divided into four experimental conditions at random. During the experiment, seven
participants dropped out of the experiment, leaving 44 men and 43 women. The average age of
those 87 participants was 33.76 (SD = 8.58). Within the remaining 87 participants, Condition 1

https://www.prolific.co/researchers
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consisted of 12 females and nine males; Condition 2, of 12 females and 10 males; Condition 3, of
eight females and 15 males; and Condition 4, of 11 females and 10 males.

3.5 System Implementation

We built our chatbots using ManyChat and Google Dialogflow. The former allowed us to create our
main conversational flow and manage the grouping of participants, while the latter enabled the
chatbots to give plausible answers to diverse questions from participants, thus facilitating natural-
seeming human-chatbot conversations. When participants asked questions that were irrelevant
to the predefined content, Dialogflow helped the chatbots provide simple answers and redirect
them toward the daily chatting task. When participants became stuck on the same question more
than three times, the chatbots would move on according to our predefined content. We used
Facebook Messenger as the interface for the chatbots (Fig. 3), and allowed the participants to access
it via our experiment website, or as guests on Facebook Messenger, and use their own devices to
interact with their respective chatbots. To avoid introducing biases arising from the chatbots’ social
characteristics [13], we did not endow them with names, genders, physical/visual characteristics,
distinctive personalities, or relationships with the characters in the vignettes.

3.6 Procedure

Before the two-week experiment, all participants were asked to complete a pre-survey, in which
they were asked about their original attitudes and thoughts toward people with mental illness. They
were also asked to answer questions from the K6 distress scale [101], which is used to screen for
mental illness. Following such screening, the participants were invited to attend an online meeting,
during which we explained our study’s requirements, and again notified them of their right to
drop out of the experiment at any time. At this point, they were also informed that if they did not
feel comfortable with any questions or content, they had the right to skip them without penalty.
Further, all participants were asked not to share any details about the experiment to one another
until the experiment was finished and were informed that their conversations with the chatbot
would only be shared with researchers. In the same meeting, we also played a video demonstrating
how to access the chatbot via our website, log into the system as an anonymous guest, and interact
with the chatbot via the Facebook Messenger interface. Then, we notified the participants of our
compensation policy. Specifically, this was that they would receive full compensation of GB£55.44
(about US$66) plus a 20% bonus if they completed all 14 days’ chatting tasks, and that if they
did not, their bonus would be reduced as follows: to a 14% bonus if 12 or 13 days’ tasks were
completed; to a 12% bonus for 10 or 11 days’ tasks; and 0% bonus for fewer than 10 days’ tasks.
Finally, the participants were instructed to engage in a 5-minute chat about favorite activities with
the generic version of our chatbot, to familiarize them with its interface. After the training session,
the participants were asked to complete a pre-survey that aimed to understand their original
attitudes toward mental illness.

On each day of the experiment, all four conditions received a new chatting task reminder directly
from their respective chatbots. All conditions were given the same amount of time - i.e., from
2 p.m. until 11:59 p.m. - to finish each day’s chatting task, which was designed to last about 15
minutes. If a participant tried to access a chatbot outside of this timeframe, the chatbot would not
respond. Because we sent vignettes to participants on odd-numbered days and provided additional
interpretations on even-numbered days, any participant who had skipped an odd-numbered day
would, on the following day, receive the previous odd-numbered day’s task, including the vignette
and questions that asked the participant to share thoughts and experiences related to mental illness.
This policy meant that 64 participants read all seven vignettes, 13 participants read six vignettes,
five participants read five vignettes, and the remaining five participants read four vignettes.
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At the end of the experiment, all participants were asked to complete a post-survey that contained
the same questions as the pre-survey, to gauge changes in their attitudes toward people with mental
illness. However, the post-survey included further 11 questions, which were open-ended and aimed
to understand participants’ perceptions of the chatbot they had used and their reactions to its
interpretations. Each participant who completed the post-survey was paid an additional GB£8.50
(US$9.17), and 74 of them did so. Based on the post-survey responses, 40 participants who had
provided insightful answers were invited to participate in one-on-one interviews in which they
would provide further thoughts on their chatbot interactions, and all 40 agreed to do so. We kept
the numbers of participants balanced in these interviews, with nine from Condition 1, 11 from
Condition 2, 10 from Condition 3, and 10 from Condition 4. These interviewees were compensated
a further GBP£10 (US$12).

3.7 Data Collection

3.7.1 Daily Response Logs. We recorded all daily chat logs between each participant and the
corresponding chatbot. Our analysis of these logs focused on two main areas: 1) the participants’
stigmatizing attitudes toward mental illness, as expressed in their responses to questions regarding
the vignettes, and 2) their perceptions of the interpretations and self-disclosures of whichever chat-
bot version they had interacted with. To facilitate analysis of intergroup differences in stigmatizing
attitudes toward mental illness and perceptions of the chatbot over the course of the experiment, we
hired two raters to independently code all this data. Before starting the official coding process, two
raters randomly selected a sample of 12 individuals, i.e., three from each of the four experimental
conditions; read their data; and then agreed a standardized coding scheme that would be applied
to the remainder of the participants (Table 2). We assessed stigmatizing attitudes toward mental
illness based on whether the participants agreed with the chatbot’s non-stigmatizing/stigmatizing
interpretations on each even-numbered day of the experiment, as well as how they further explained
their agreement/disagreement with such interpretations. Specifically, we assigned a score of “1” to
each answer without stigmatization, which presented either as agreement with a chatbot’s non-
stigmatizing interpretation or disagreement with its stigmatizing one; a score of “-1” to each answer
that contained stigmatization, defined as agreement with the chatbot’s stigmatizing interpretation
or disagreement with its non-stigmatizing one; and a score of “0” if the participant did not explicitly
agree or disagree with the chatbot or did not reveal their position on the issue. Examples of coding
daily response logs from Day 6 are shown in Table 2. Additionally, we used the Linguistic Inquiry
and Word Count (LIWC) [113] tool to further analyze the response logs by evaluating participants
authenticity as measured by their use of language.

3.7.2  Surveys. The pre-survey was completed before the 14-day chatbot experiment commenced,
and the post-survey after it ended. The former’s questions included the Attribution Questionnaire
developed by Corrigan et al. [24] and the Social Distance Scale (SDS) [80] developed by Link et al.
Their items measured the participants’ beliefs about personal responsibility, emotional responses
(i-e., pity, anger, fear), and behavioral responses (i.e., coercion-segregation, keeping social distance).
For example, one question from the Attribution Questionnaire asked the participants to rate their
agreement with the statement T would think that it was Alex’s own fault that he is in the present
condition” on a nine-point scale ranging from 1 = "no, not at all" to 9 = "yes, absolutely". The SDS,
meanwhile, measured the attitudes of participants towards individuals with mental illness, using
questions such as “How would you feel having someone like Alex as a neighbor?”, answered on a
five-point ordinal scale. The post-survey included, in addition to the pre-survey questions, asking
the participants to provide their thoughts and impressions of Alex, the chatbot, and depression.
Examples of these open-ended questions included “How did the chatbot’s interpretation affect your
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Score  Rules Quotes

1. Disagreed with the chatbot’s stigma- Because I love him for who he is, despite his illness. Just
1 tizing interpretation.. the same as I wouldn’t end a relationship just because
someone got a physical illness.

2. Agreed with the chatbot’s non-
stigmatizing interpretation.

3. Did not express stigmatizing thoughts

1. Agreed with the chatbot’s stigmatiz- I feel that I would be hesitant because things will
-1 ing interpretation. progressively get worse if Alex does not get the help he
needs.

2. Disagreed with the chatbot’s non-
stigmatizing interpretation.

3. Expressed stigmatizing thoughts

0 1. Neither agreed or disagreed with the It’s not black and white. It depends on the scenario and the
chatbot’s interpretation. severity of the issues at hand. Alex’s happiness is important,
but I also need to love and respect my own needs.

Table 2. Coding scheme Note. All quotes are sampled from Day 6, which discussed dealing with intimate
relationships.

perceptions of the chatbot?” and “Did your understanding of depression change after participating in
this research?”

3.7.3 Interviews. Semi-structured interviews were conducted and lasted 30-40 minutes for each.
The interviews helped us explore more deeply into participants’ 1) perceptions of the chatbot;
2) reactions to the chatbot’s non-stigmatizing/stigmatizing interpretations; 3) perceptions of the
chatbot’s self-disclosure; and 4) reflections on his/her own thoughts about people with mental
illness, and other takeaways from the experiment. We drafted an interview protocol based on an
initial analysis of survey data (section 3.7.2). Our expectation was that such data could provide
reasons and contexts for our quantitative results derived from the daily chat logs.

All the interviewers followed the same interview protocol. Regarding the first interview aim,
we asked each interviewee if s/he felt emotional involvement with the chatbot and/or a sense of
commitment to answering its questions; what his/her perceptions of the chatbot were; and whether
such perceptions changed over time. In pursuit of the second aim, we asked the interviewees
how they felt when misinterpreted vs. interpreted correctly by the chatbot; how they dealt with
such misinterpretation or correct interpretation; and whether their perceptions of or reactions
to the chatbot’s interpretation changed over time. In connection with our third aim, we asked
the interviewees for their thoughts about the chatbot’s self-disclosure, as well as whether such
self-disclosure affected their perceptions of and/or perceived relationships with the chatbot. Finally,
to fulfill the final interview aim, we asked the interviewees to share their impressions of Alex, their
reflections about reading the vignettes, and any other takeaways from the experiment.

All interviews were recorded and transcribed with the interviewees’ permission. We used the-
matic analysis to categorize each response according to the questions’ contexts [74, 90]. To develop
initial codes, two researchers independently reviewed the interview transcripts and iteratively
labeled the same 12 sets of interview responses by hand. Among the 12 sets of interview responses,
each four were randomly selected from each condition. The researchers resolved disagreements
iteratively through discussion. With the initial codes, the researchers then coded the remaining 28
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sets of interview data independently, met to review and discuss their coding results, and revised
their coding decisions iteratively according to the outcomes of those discussions. This process was
repeated until the coding scheme was deemed satisfactory by both researchers. The final inter-rater
reliability (Krippendorff’s alpha [55]) was 0.861. The final codebook is included in supplemental
materials.

4 RESULTS
4.1 Effects of Interpretation on User Perceptions of Chatbots (RQ1)

To answer RQ1, we analyzed the interview responses and the answers to the open-ended questions in
the post-survey, focusing chiefly on data regarding the chatbots’ interpretations and the participants’
perceptions of the chatbots. By examining differences among the four experimental conditions, we
identified ways in which such interpretations impacted such perceptions.

4.1.1  Overall Perceptions of the Chatbot. When asked to describe their overall perceptions of the
chatbot, most Condition 1 interviewees and about half of Condition 3 interviewees described the
chatbot as having positive traits, whereas relatively few Condition 2 and Condition 4 interviewees
did the same. Some Condition 1 interviewees referred to the chatbot as friendly. P16 (Condition 1)
said she "always pictured [the chatbot] as a female” and found it “friendly [...] kind and interesting."
Some considered the chatbot to be caring: "I thought it was concerned for other people” (P6, Condition
1). Interviewees who had been members of Condition 3, meanwhile, identified all the same positive
traits as Condition 1 members, but added that they perceived the chatbot as patient. P50 (Condition
3) said, "I would consider it kind, warm, understanding, and very patient. The conversations never
felt rushed." The Condition 1 and Condition 3 interviewees further explained that their respective
chatbots’ interpretations made them these bots were not judgmental of Alex, which in turn made
them seem mature in their thinking (e.g., P22, Condition 1).

On the other hand, only a handful of Condition 2 and Condition 4 interviewees described their
chatbots as having any positive traits at all. These participants tended to describe the chatbot as
curious and open about discussing its own thoughts. As P86 (Condition 4) said, "I would say the
chatbot is a young adult whose personality is curious and easily cuts people out of their lives if they
are depressed”, while P32 (Condition 2) called it “open and honest." On the more prevalent negative
side, interviewees from Condition 2 described the chatbot as so serious as to seem unfriendly
and uncaring. P24 (Condition 2) said: "It just did its job and then went on to the next task. It really
didn’t put much care in". More than half of the interviewees from Condition 4 described the chatbot
as judgmental, naive, and uncaring, as P90 (Condition 4) explained: "It became more clear that
the chatbot only saw Alex as a problem, not a person. And the bot wanted nothing to do with Alex."
Interviewees from Condition 2 and Condition 4 both further explained that, based on their chatbots’
interpretations, they did not feel that those chatbots had any sympathy toward Alex, or a correct
understanding of mental illness. As P79 (Condition 4) said, "Originally, I tried to be somewhat friendly
to the chatbot. Later on, I would view the chatbot more cynically and view it as uncaring or naive due
to some of its thoughts on Alex and his story. I did not enjoy speaking with the bot by the end of the
study."

4.1.2  Effects of Misinterpretations on Perceptions of Chatbots. To better understand how chatbots’
interpretations affected our participants’ perceptions of them, we measured the rates of misinter-
pretation that occurred in each of the four conditions, based on their chat logs. Each participant’s
misinterpretation rate was computed as the total number of times the chatbot interpreted that user’s
remarks incorrectly divided by the total times that the chatbot tried to interpret them. As shown in
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Table 3, the average rate of misinterpretation was higher in the stigmatizing-interpretation condi-
tions (Condition 2: M = 0.62; Condition 4: M = 0.63) than in their non-stigmatizing counterparts
(Condition 1: M = 0.36; Condition 3: M = 0.30).

Upon indicating that they had been misinterpreted by the chatbot, the majority of all four
conditions’ respondents rephrased their previous answers. Specifically, they tended to revise the
wording of such answers to explain their statement in a more black-and-white way. P6 (Condition
1) explained: "I usually tried to repeat the same thought in a way that was more understandable. I
assumed that any misinterpretation was due to the chatbot’s inability to understand possibly unclear
replies." Some participants highlighted that the chatbot’s misinterpretation made them believe that
it was badly programmed and in need of further conversational training. As P21 (Condition 1) put it,
"I really felt like the chatbot had a low IQ as far as chatbots go." As well as rephrasing their previous
answers, some respondents stated that they tried to clarify them by adding more information or
explaining themselves from a different perspective. P51 (Condition 3) told us, "I tried to explain
myself in a way that showed why it was contradictory to misinterpret. I explained like I would to a
person who didn’t understand.”

However, a small number of respondents, including P49 (Condition 3), stated that instead of
rephrasing or adding more details, they directly asked the chatbot to see their answers above.
They explained that they were frustrated by their chatbots’ constant misinterpretation and tired of
reexplaining their previous answers. As P24 (Condition 2) put it, "I started to express my frustration.
I explained that I was irritated and that I had already answered that question in detail.” Nevertheless,
regardless of whether the chatbot was non-stigmatizing or stigmatizing, when misinterpretations
occurred, the participants often attempted to correct the chatbot even with their own stigmatizing
thoughts. For example, under the question "If you were Alex’s manager, would you want to assign
an important project to him?", P66 (Condition 3) was reluctant to assign Alex the important task,
because she was concerned that Alex’s mental status was not capable of handling the task. When
she was misinterpreted by the chatbot’s non-stigmatizing interpretation, she further said, "I don’t
think it’s smart to assign someone who may not be able to emotionally be there. He also has issues with
concentrating and being efficient, which is very important in a job." Additionally, when the Condition
4 chatbot misinterpreted P78’s response to the question, "Do you think Alex could be as successful at
work as others?", P78 argued back, "You are wrong because I said that I think he could be as successful
as others, but right now he is not in a good state to achieve that."

There were varied perceptions of the chatbot between the stigmatizing-interpretation conditions
and the other two conditions. Some Condition 1 respondents and more than half of the Condition
3 respondents expressed forgiveness of the chatbot’s misinterpretations. Some stated that they
blamed themselves for not giving clear answers with the right vocabulary that their chatbot could
easily understand. As P50 (Condition 3) noted, "I felt like it was my fault, and maybe I wasn’t
clear enough. It didn’t bother me, and I just corrected what the chatbot thought I said." Moreover, a
small number of Condition 1 and Condition 3 respondents noted that they viewed the chatbot’s
misinterpretations as a technical limitation, which did not bother them, e.g.: "I understood that the
chatbot was not a person, and even people make mistakes” (P52, Condition 3).

A small subgroup of Condition 3 members told us that over the course of the experiment, they
came to appreciate their chatbot’s misinterpretation because it suggested that the chatbot had
sympathy for Alex, and because they learned from its non-judgmental understanding. As P63
(Condition 3) recalled, "During the first few sessions, my responses were somewhat extreme in stating
that I would not like to associate with Alex very much. Meanwhile, the chatbot gave very level-headed
responses indicating that what Alex felt was pretty normal and that his condition would not have a huge
impact on any relationships. I felt like I learned a bit of tolerance and compassion from the chatbot."
Moreover, some Condition 1 and Condition 3 members said they felt the chatbot’s misinterpretations
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Day2 Day2 Day4 Day4 Day6 Day6 Day8
(Question 1)  (Question 2) (Question 1) (Question 2) (Question 1) (Question 2) (Question 1)
Condition 1 14/19(74%)  14/19(74%)  12/19(63%)  1/19(5%) 2/21(10%)  5/21(24%)  10/20(50%)
Condition 2 11/22(50%)  7/22(32%)  5/18(28%)  15/18(83%)  17/20(85%)  18/20(90%)  8/18(44%)
Condition 3 10/21(48%)  12/21(57%)  10/21(48%)  3/21(14%)  1/19(5%) 6/19(32%)  5/19(26%)
Condition 4 11/18(61%)  12/18(67%)  1/18(6%) 15/18(83%)  12/15(80%)  13/15(87%)  7/16(44%)
Day8 Day10 Day10 Day12 Day12 Day14 Day14
(Question 1)  (Question 2) (Question 1) (Question 2) (Question 1) (Question 2) (Question 1)
Condition 1 9/20(45%)  6/20(30%)  1/20(5%) 7/16(44%)  5/16(31%)  5/19(26%)  6/19(32%)

Condition 2 12/18(67%)  13/19(68%)  18/19(95%)  8/20(40%)  13/20(65%)  15/19(79%)  11/19(58%)
Condition 3 3/19(16%)  6/22(27%)  3/22(14%)  12/17(71%)  2/17(12%)  5/19(26%)  5/19(26%)
Condition 4 12/16(75%)  12/19(63%)  16/19(84%)  6/17(35%)  10/17(59%)  14/17(82%)  10/17(59%)

Table 3. Mean misinterpretation rates by condition and experimental day. Each participant’s misinterpretation
rate is the total number of times that the chatbot interpreted him/her incorrectly divided by the total times
that the chatbot interpreted his/her statements. Condition means were computed by adding up the individual
misinterpretation rates within one condition and dividing by the number of condition members.

reflected that it was trying to understand and know them better. For example, P67 (Condition 3)
noted: "Although I was hesitant at first, I became more open to conversations and explaining myself. I
felt the chatbot took its time to understand what I was trying to say." Additionally, members of this
set of participants believed that the chatbot became better at interpreting them and made fewer
misinterpretations over time, which in turn made them more interested in interacting with it. P49
(Condition 3) told us, "I started to notice that it was interacting with me more correctly near the end. I
at first hated how it would chat with me, but then over time I started to enjoy it more and more."

On the other hand, some Condition 2 and Condition 4 members stated that misinterpretations
negated their efforts to change their respective chatbots’ stigmatizing attitudes, and that this made
them feel frustrated and stressed. As P24 (Condition 2) explained, "It’s like I was wasting time. Alex’s
story pretty much relates a little bit of what happened to myself. I was trying to treat it like 'm talking
to myself in the past, or at least telling the chatbot what it should [... ] tell Alex. But as it continued to
mess up, I got flustered.” Interestingly, some other respondents highlighted their frustration when
they thought the chatbot’s interpretation was hurtful, and felt they were being accused of something
that they had never actually said. "A couple examples that bothered me was when it misunderstood
me and accused me of something I feel is wrong. Like it would say ‘So you would not want to be Alex’s
friend if you knew he struggled with depression’. It was a hurtful statement because it sounds like I
was unkind and would judge Alex based on his mental illness" (P39, Condition 2). Moreover, because
the chatbot kept misinterpreting their statements, some participants in Condition 2 and Condition
4 said they felt their previous chatbot conversations were pointless, and thus were less engaged,
and less motivated to persist with, chatbot interaction. As P45 (Condition 2) put it, "I started caring
less and less to try to ‘teach’ the chatbot as it became more and more clear that it wasn’t learning from
what I had said previously to it."

In general, our findings suggest that chatbots’ non-stigmatizing interpretations contributed
to participants’ overall positive perceptions of them. Moreover, Condition 1 and Condition 3
members’ non-stigmatizing interpretations and lower rates of misinterpretation, as compared to
their Condition 2 and Condition 4 counterparts, may have helped drive the former’s perceptions of
their chatbots as forgiving, and the latter’s that their chatbots were persecutory.
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4.2 Effects of Self-disclosure on Perceptions of Chatbots (RQ2)

We investigated RQ2, about how chatbots’ self-disclosure affected the participants’ perceptions of
them, using data from our interviews and the open-ended post-survey questions.

Interviewees from the two conditions in which the chatbots engaged in self-disclosure (i.e.,
Condition 3 and Condition 4) had different perceptions of their chatbots than those from the other
two conditions. When asked to describe the chatbot, most interviewees who had been in Condition
3 or Condition 4 said they saw it as young, male, and opinionated. As P75 (Condition 4), who shared
such views, explained: "Its ideas about Alex were very black and white. And that’s something that I
have encountered in younger humans more often than older ones. 'm 47. And I know that there’s a
tendency to not see the gray areas when young. It did feel pretty narrow-minded in some regard."

This perception that chatbots’ self-disclosures were too black-and-white had the side-effect of
undermining the chatbot’s credibility. Some Condition 3 members, including P60, described the
chatbot as too sympathetic: "I didn’t think that chatbot’s self-disclosure was realistic. Because every
time the bot was super sympathetic to Alex, which in some of the situations, wouldn’t have happened
unless the person dealing with Alex was a saint." In Condition 3, the one-sidedness of the chatbot’s
self-disclosure also led some group members to feel that the chatbot disregarded their views, and
instead tried to push its own opinions onto them. As P66 mentioned, "I thought the chatbot was
trying to convince me to change my opinions to align with theirs. I felt I wasn’t being listened to or
that my opinion didn’t matter or wasn’t right." Conversely, some Condition 4 participants felt the
chatbot was excessively negative toward Alex, including P75 (Condition 4), who said, "Well, it’s
negative. There were some things I didn’t agree with. The chatbot did have a negative spin on Alex. A
lot of the times it was a little too harsh."

In summary, the two conditions with chatbot’s self-disclosure (i.e., Condition 3 and Condition 4)
had different perceptions of their chatbots than those from the other two conditions - interviewees
from Condition 3 and Condition 4 tended to view the chatbots young, male, and opinionated; and
where a chatbot’s opinions were seen as strong and inflexible, its credibility tended to be damaged.

4.3 Effects of Interpretation and Self-disclosure on Stigmatizing Attitudes (RQ3)

To investigate how the participants’ pre-existing stigmatizing attitudes were affected by their
respective chatbots’ interpretation and self-disclosure, we analyzed their Attribution and SDS scales
described in the survey results, and we explored their daily chat logs by extracting the statements
they (as opposed to the chatbots) had to have a deeper understanding. The results are described in
the following two subsections.

4.3.1 Quantitative Results, Change in Stigmatizing Attitudes. Firstly, to evaluate the impacts of
interpretation and self-disclosure over two weeks, we conducted two-way mixed-model ANOVAs
on the pre- and post- survey. Specifically, these examined the effects of group membership and
time-point (i.e., pre- versus post-survey) on participants’ attitudes and beliefs toward people with
mental illness, as well as the potential interaction effect of group membership and time-point
on the same outcomes. The dependent variables were the participants’ scores on the Attribution
Questionnaire and SDS. Bonferroni testing was used to make post-hoc comparisons, the results of
which are presented in Figure 4. In the following, we discussed the results in terms of emotional
responses and behavioral responses, and we only present the significant results.

Emotional Responses: Anger. This item measured the participants’ degree of anger toward Alex.
Comparing Condition 1 and Condition 3, we found a time-point effect (F = 9.2, p < .01), but no
effect of group membership and no interaction effect. Similarly, in Condition 3 and Condition 4,
the participants’ anger toward Alex had a time-point effect (F = 6.67, p <.05) but no significant
group-membership or interaction effect. Post-hoc analysis of data collected via the post-survey
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Fig. 4. Box plots showing the measured values of the participants’ anger, fear, segregation attitudes, and
social-distancing attitudes, including the differences in these variables between the pre-survey and the
post-survey. In each boxplot, from left to right, are Condition 4, Condition 2, Condition 1, and Condition 3.
*p <0.05 p < 0.01;" p < 0.001

indicated that, as of that time, Condition 3’s members had significantly lower levels of anger
towards Alex than Condition 4’s and Condition 1’s members did (Condition 1 vs. Condition 3: p <
.01; Condition 4 vs. Condition 3: p < .01; Condition 1: M = 2.11, SD = 1.10; Condition 3: M = 1.68,
SD = 1.60; Condition 4: M = 1.50, SD = 1.10). In other words, people in Condition 3 appeared to feel
less angry at Alex after being exposed to a chatbot’s non-stigmatizing mental illness disclosures.
Fear. Responses to this item, which evaluated how much the participants perceived Alex as a
threat or source of danger. When comparing Condition 1 and Condition 3, we found a significant
effect of time-point (F = 12.58, p < .001) and an interaction effect of time-point and group membership
(F = 6.37, p < .05), but no significant main effect of the latter. Condition 3 and Condition 4 showed
that fear of Alex was significantly impacted by time-point (F = 11.16, p < .01) and that there was an
interaction effect of time-point and group membership (F = 6.73, p < .05), but no significant main
effect of group membership. Post-hoc analysis of the post-survey data indicated that the participants
in Condition 3 had significantly lower levels of fear towards Alex than those in Condition 1 and
Condition 4 did (Condition 1 vs. Condition 3: p < .001; Condition 4 vs. Condition 3: p < .001;
Condition 1: M = 2.27, SD = 0.78; Condition 3: M= 1.60, SD = 0.9; Condition 4: M = 1.99, SD =
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1.06). These results suggest that interacting with the Condition 3 chatbot, which self-disclosed its
non-stigmatizing opinions, significantly reduced our participants’ fear of the Alex character.

Behavioral Responses: Coercion-segregation. Responses to this item, which measured the extent to
which the participants endorsed the idea that Alex should be hospitalized and kept away from his
neighbors. Comparing Condition 1 and Condition 3, there was a significant effect of time-point
(F = 9.12, p < .05) and a significant interaction effect of group membership and time-point (F =
5.44, p < .05). However, there was no significant main effect of group membership. Likewise, for
Condition 3 and Condition 4, our analysis revealed a significant effect of time-point (F = 4.71,
p < .05) and a significant interaction effect of group membership and time-point (F = 11.01, p
< .01) on the participants’ endorsement of coercion-segregation. There was no significant main
effect of group membership. Post-hoc analysis indicated that the interaction effect was significant
because, in the post-survey, Condition 3 members had significantly lower levels of endorsement of
coercion-segregation than Condition 1 and Condition 4 members did (Condition 1 vs Condition 3:
p < .01; Condition 4 vs Condition 3: p < .01; Condition 1: M = 2.96, SD = 1.25; Condition 3: M = 2.88,
SD = 1.51; Condition 4: M = 3.02, SD = 1.29). These results suggest that interacting with Condition
3’s chatbot may have reduced our participants’ endorsement of coercion-segregation.

Social distance. This item measured the participants’ behavioral intentions to reduce social
distance from Alex; Similar to the results of coercion-segragation, we found Condition 1 and
Condition 3 with a significant effect of time-point and a significant interaction effect (F = 8.16,
p < .05) of group membership and time-point (F = 9.11, p < .05) on SDS scores. Correspondingly,
Condition 3 and Condition 4 showed a significant effect of time-point (F = 11.26, p < .01) and a
significant interaction effect of group membership and time-point (F = 13.71, p < .001) on SDS
score. Post-hoc analysis of the post-survey data showed that Condition 3 members had significantly
higher SDS scores than their Condition 1 and Condition 4 counterparts (Condition 1 vs Condition
3: p < .001; Condition 4 vs Condition 3: p < .001; Condition 1: M = 3.25, SD = 0.77; Condition 3: M =
3.61, SD = 0.63; Condition 4: M = 3.13, SD = 1.01). These findings suggest that being in Condition 3
significantly reduced people’s desire to maintain social distance from those with mental illness.
Additionally, we found that Condition 2 and Condition 4 had a significant difference in social
distance with a significant interaction effect (F = 4.53, p < .05) between group membership and time-
point, but no significant main effect of either of these variables. Post-hoc analysis indicated that, at
the time of the post-survey, Condition 2 had significantly higher SDS scores than Condition 4 did (p
< .05; Condition 2: M = 3.28, SD = 0.65; Condition 4: M = 3.13, SD = 1.01). These findings suggest that
stigmatizing interpretation without stigmatizing self-disclosure (Condition 2) decreased people’s
social distancing, whereas stigmatizing interpretation with stigmatizing self-disclosure (Condition
4) did not have a significant impact on their pre-existing attitudes about it.

Moreover, we examined changes in our participants’ attitudes toward mental illness according
to the daily response logs based on our coding scheme table 2. The results are shown in Figure 5.
All four conditions showed a trend of increased scores, meaning that the stigmatizing attitudes
decreased from Day 2 to Day 6. Among the four conditions, Condition 3 had the highest score on
average (M = 0.94, SD = 0.46), followed by Condition 1 (M = 0.61, SD = 0.65) and Condition 2 (M =
0.59, SD = 0.72). Condition 4 had the lowest score (M = 0.53, SD = 0.68). The level of stigmatizing
thoughts the participants expressed fluctuated on some days (notably including Day 8 and Day
12). We further investigated the phenomenon that participants’ daily response logs fluctuated
across days by LIWC. The result showed that Authentic [88] exhibited values aligned with Figure
5, peaking on Day 6, Day 10, and Day 14. The percentages of authentic words from Day 2 to Day
14 were 16, 6, 35, 19, 42, 11, and 49, respectively. Higher values in the Authentic category indicate
that participants were more inclined to express themselves honestly, speaking more spontaneously
without self-regulation or filtering.
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Fig.5. Stigmatizing thoughts revealed in participants’ answers. The x-axis represents the day of the experiment,
and the y-axis, the average stigmatizing thoughts scores for each condition, with higher scores indicating
fewer such thoughts.

4.3.2 Qualitative Results, Change in Stigmatizing Attitudes. To gain a broader picture of any changes
in participants’ stigmatizing attitudes, we examined qualitative data from two perspectives: first,
participants’ impressions of the vignettes’ main character, Alex, who suffers from depression; and
second, changes in the participants’ attitudes toward mental illness. These two perspectives are
both important for us to understand whether and how participants’ stigmatizing attitudes changed.
Specifically, as Alex serves as a representation of a person who suffers from mental illness, exploring
participants’ impressions of Alex enables us to learn about their attitudes toward people with
mental illness. Furthermore, studying participants’ perceptions of mental illness can provide more
insights into their knowledge and understanding of mental health issues.

Varied Impressions of Alex. When asked to describe such impressions, some interviewees from
the stigmatizing-interpretation conditions (Condition 2 and Condition 4) expressed more negative
impressions of Alex than their counterparts from the other two conditions did. For example, P35
(Condition 2) said: "Alex is unstable and unpredictable, but it is out of his control since he is ill". P74
(Condition 4), meanwhile, viewed Alex as “insecure, meek, passive” and as having “potential but
currently doesn’t feel like he can live up to it."

The interviewees from Condition 2 and Condition 4 specified that their negative impressions of
Alex arose from their idea that he was not trying to improve his own situation. As P78 (Condition
4) told us, "Alex is a messed-up guy who wants to be like us but not willing to work at it." Furthermore,
a small number of interviewees from Condition 2 and Condition 4 reported that their chatbots’
stigmatizing interpretations motivated them to become more sympathetic to Alex. They explained
that this was either because they felt sorry for him when the chatbot inevitably gave stigmatizing
interpretations, or because they felt accused by it of not caring about Alex. As P39 (Condition 2)
put it, “When the chatbot accused me of not caring, it made me feel even more defensive of the fact
that I did care."

Condition 1 and Condition 3 interviewees, in contrast, tended to perceive Alex positively, though
acknowledging that he was in need of external help. For example, P11 (Condition 1) said, "I would
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say Alex is a person who is going through a tough patch but he is a good fellow." Some from Condition
3 further explained that their chatbot’s non-stigmatizing interpretation and non-stigmatizing self-
disclosure had successfully persuaded them around to such a view, as P63 commented: "Had I not
received any feedback or opinions from the chatbot, I may have built up a different idea of Alex over
the course of the experiment. The interactions with the chatbot helped to tame my expectations." The
Condition 1 and Condition 3 members further explained that their impressions of Alex came from
the idea that he wanted to change current circumstances, although he did not know how, as P67
(Condition 3) noted: "I would say that Alex is a troubled person who’s afraid to ask for help but is
desperately seeking it either from friends or family or from a professional therapist. He’s someone who
wants to change but doesn’t know how."

Although we found that participants from the non-stigmatizing-interpretation conditions had
more positive impressions of Alex compared to participants from the stigmatizing-interpretation
conditions, it was not clear how participants perceived mental illness as health issues. We present
the findings regarding changes in stigmatizing attitudes toward mental illness as follows.

Change in Stigmatizing Attitudes toward Mental Illness. To understand how and to what extent the
chatbot changed the participants’ attitudes toward mental illness, we asked the interviewees how
their understanding of mental illness differed after interacting with the chatbot for two weeks. The
findings from the interview data echoed our quantitative results, insofar as it suggested that their
stigmatizing attitudes toward mental illness had lessened. Some interviewees reported becoming
more aware of the challenges faced by individuals with mental illness and more empathetic towards
them. For example, P63 (Condition 3) said his understanding of depression had changed “Because
of the experience with the chatbot and learning about Alex [... ]. Because we got to know him over the
course of days and learned different aspects of his life and his struggle, I tended to think of him more
as like a fully rounded person.” Specifically, the chatbot with non-stigmatizing interpretation and
non-stigmatizing self-disclosure motivated some interviewees from Condition 3 to reflect upon
their attitudes and thoughts on mental illness. As P55 (Condition 3) commented, "It was engaging
and interesting to respond to the chatbot as the chatbot gave its opinion and was pretty open with its
ideas [... these factors] resulted in my reflection on the daily topic about mental illness." However,
a small number of participants in Condition 2 and Condition 4 reported that they came to agree
with parts of the stigmatizing interpretation, and this influenced their pre-existing belief that it
is important to maintain social distance from individuals with mental illness. For instance, P69
(Condition 4) told us, "I became a bit more understanding but [... the chatbot’s interpretation] also
solidified my belief in setting boundaries with someone who has depression. Having mental illness is
not their fault but it can sometimes negatively affect those close to the person."

In summary, we found that across all four of our experimental conditions, different conditions’
impressions of Alex varied, and participants exposed to chatbots’ stigmatizing interpretations had
relatively more negative views of the character. However, the participants’ stigmatizing attitudes
towards mental illness decreased, and Condition 3’s chatbot had the best performance in terms
of reducing stigmatizing attitudes toward mental illness, according to our quantitative analysis
of Attribution Model and SDS scores. Still, a minority of them stated that the intervention had
solidified their stigmatizing attitudes (notably, wanting to maintain social distance from people
with mental illness).

5 DISCUSSION

This study has explored the extent to which chatbots’ stigmatizing and non-stigmatizing inter-
pretations, with and without self-disclosures, might impact people’s attitudes toward people with
mental illness. We found that the chatbots that provided stigmatizing interpretations were perceived
negatively by the participants, while the chatbots with non-stigmatizing interpretations were seen
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in a positive light. We also identified a side effect of chatbots’ self-disclosure, potentially of key
importance to future designs: expressing strong or rigid opinions diminished chatbots’ credibility.
Lastly, we explored differences among the four chatbot designs with regard to changes in partici-
pants’ stigmatizing attitudes and found that the chatbot with non-stigmatizing interpretation and
non-stigmatizing self-disclosure performed best at reducing stigma.

RQ1 asked how chatbots’ non-stigmatizing and stigmatizing interpretations would affect people’s
perceptions of these systems. As noted above, the chatbots featuring stigmatizing interpretations
(Condition 2 and Condition 4) were perceived negatively, as judgmental, naive, and uncaring. On
the other hand, those featuring non-stigmatizing interpretations (Condition 1 and Condition 3)
were perceived positively, as friendly, caring, and curious. Moreover, as chatbots’ misinterpretations
accumulated, fueling user frustration, those participants using the stigmatizing Condition 2 and
Condition 4 chatbots felt less motivated to continue chatting and less engaged than their Condition
1 and Condition 3 counterparts did — possibly because the former two conditions’ misinterpretation
rates were higher. Participants who expressed frustration at misinterpretations indicated they this
was because they expected the chatbot to pay attention to their responses and gradually learn
more about them from each conversation. This expectation was not met because the chatbots were
programmed to consistently give a non-stigmatizing or stigmatizing interpretation. And, since most
participants’ responses were generally non-stigmatizing, misinterpretations were most common
for the stigmatizing chatbots (Condition 2 and 4). Thus, misinterpretations, which were most
frequent in Conditions 2 and 4, could have prompted the participants to believe that the chatbot
did not pay attention to what they said, and/or that it was accusing them of saying something they
had not, harming their engagement when interacting with it. This resonates with prior research
findings [9, 46, 114] that chatbots’ misinterpretations can reduce users’ trust and motivation for
further interaction. Our finding also tends to support the CASA paradigm, insofar as humans
expect chatbots to act in a polite and reciprocal way [87]; and placing a stigmatizing ‘spin’ on user
statements that the users themselves viewed as non-stigmatizing was widely seen as persecutory
and possibly even devious behavior on the part of the Condition 2 and Condition 4 bots.

RQ2 asked about how chatbots’ non-stigmatizing self-disclosure (Condition 3) and stigmatizing
self-disclosure (Condition 4) affected participants’ perceptions of chatbots. We found that groups in
both these self-disclosure conditions tended to perceive the chatbot as young, male, and judgmental,
whereas Condition 1 and Condition 2, whose bots lacked the self-disclosure feature, perceived
the chatbot as mature and less emotional. These findings about users ascribing the chatbots with
human traits are consistent with prior research [86] indicating that chatbots are viewed to have
‘personalities” and leveraged them to improve human-chatbot interaction. Our results suggest that
chatbots’ self-disclosures about mental illness drove variation in our participants’ perceptions of
these systems, including their ages, genders, and personality types; and that such variation might
be used to facilitate human-chatbot interaction through designing chatbots with personalities that
suit their roles, e.g., as medical professionals or peers. As such, our results build on previous work
that used chatbots’ self-disclosure to facilitate human-chatbot interaction [76, 84, 103].

Additionally, we revealed an apparent side-effect, where some participants in the self-disclosure
conditions viewed their chatbot as inflexible and opinionated. This suggests that if chatbots’ self-
disclosure is always non-stigmatizing or always stigmatizing, its users could develop the idea that
the chatbot is enforcing political correctness or is overly negative, which could in turn reduce
their trust. In such cases, it is unlikely that the chatbot will be effective at reducing stigmatizing
attitudes. This insight about a potential side effect of chatbot self-disclosure considerably extends
prior research, which suggested straightforwardly that chatbots’ self-disclosure would not only
positively impact people’s perceptions and emotions [57], but also enhance their perceptions of
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chatbots [76]. In fact, it appears important for chatbots to control both the frequency and quality
of their non-stigmatizing and stigmatizing self-disclosure to avoid negative user perceptions.

RQ3 asked how chatbots’ interpretation and self-disclosure might affect participants’ stigmatizing
attitudes toward people with mental illness. To answer this, we compared our pre- and post-survey
results and analyzed interview and daily chat data. This established that, based on the pre- and
post-survey, although all four chatbot versions appeared to reduce the participants’ stigmatizing
attitudes, the best such performance was by the Condition 3 version featuring a combination
of non-stigmatizing interpretations and non-stigmatizing self-disclosure. The second and third
best such performances were by Condition 2 and Condition 1 chatbot, respectively, while the
Condition 4 chatbot — which combined stigmatizing interpretations and stigmatizing self-disclosure
— performed the least well. Perhaps unsurprisingly, these rankings were closely aligned with
participants’ perceptions of the chatbots: i.e., those bots that were perceived the most negatively
had the least beneficial impacts on the participants’ mental health attitudes and beliefs. It should
be noted, although we found that chatbot misinterpretations served as a source of frustration
for some participants, there was no statistical evidence indicating that the misinterpretation rate
was significantly associated with changes in stigmatizing attitudes. The fact that the participants’
pre-existing stigmatizing attitudes were reduced more in Condition 3 than in Condition 1 implies
that, although non-stigmatizing interpretation is not ineffectual by itself, combining it with non-
stigmatizing self-disclosure is likely to achieve a markedly better effect. Instead, our participants
who felt they had been misinterpreted usually just focused on correcting the chatbot, blaming it,
and repeating or rephrasing their responses without reflecting on their content.

Our findings further suggest that chatbots’ non-stigmatizing self-disclosure is important to
facilitate the process of reducing stigma. First, such self-disclosure provides information that is new
and different from what users currently believe, which could assist with changing their beliefs. This
is supported by prior research findings that introducing new information in counseling can help
people reflect on their experiences and change their attitudes and beliefs [16]. Moreover, as our
chatbots with self-disclosure were regarded by our participants as outspoken and straightforward,
it is likely that people would react to them reciprocally [87]: i.e., be more willing to disclose their
thoughts about mental illness and discuss them with the chatbot. Chatbots’ self-disclosure can
also enhance human-chatbot relationships by leveraging reciprocity to facilitate people’s deep
self-disclosure [76, 87], perceived intimacy [76], and perceived understanding [57]. These findings
suggest that chatbots with non-stigmatizing interpretations and non-stigmatizing self-disclosure
could be leveraged to markedly reduce their users’ stigmatizing attitudes, and thus extend prior
research [66, 108] that reported chatbots could use education and simulated social contact as
interventions against stigmatizing attitudes.

Additionally, although the daily chat data indicated an overall trend of decreasing stigmatized
thoughts across all conditions, we found that the level of stigmatizing attitudes fluctuated on certain
days. This might be due to the topics that are presented to the participants on each day. Notably,
participant responses were least stigmatizing on Day 6 and Day 10, when the topics dealt with
intimate relationships and staying with family members. On the other hand, participants gave
more stigmatizing chat responses on Day 2, Day 4, and Day 12, when the topics revolved around
studying, working, and interacting with strangers. This suggests that the social context plays a
role in understanding mental illness and reducing stigmatizing thoughts [41]. Participants may
have a higher degree of perceived closeness when encountering vignettes about intimate and
family relationships, compared to vignettes involving more distant interactions [43, 83]. Such a
high level of perceived closeness may have fostered greater empathy, understanding, and emotional
connection among participants during those vignettes [43, 83]
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5.1 Design Implications

5.1.1 Chatbots’ Misinterpretations. Our findings suggest that although the average rate of misinter-
pretation was higher in stigmatizing-interpretation conditions than in non-stigmatizing conditions,
chatbots’ misinterpretations had limited effects in influencing participants to become aware of
their unconscious bias. In fact, many participants viewed chatbots’ misinterpretations as technical
limitations in understanding them correctly and therefore tried to revise the wording of their
previous answers.

As participants noted in interviews, they felt frustrated and tired of re-explaining themselves
due to chatbots’ constant misinterpretations. For chatbots to be persuasive, users must believe in
their credibility and competence, which are communicated both through conversational style and
evidence-based responses [117]. Thus, a chatbot perceived as making errors, rather than simply
having a difference of opinion, is unlikely to motivate users to rethink their biases. However, a
chatbot skilled in summarizing long sentences (such as by using GPT) may be able to present more
reasonable misinterpretations without sacrificing its credibility.

Moreover, being misunderstood is generally an antecedent of abandoning an interaction or
conversation [20]. Yet, because experiencing and repairing misunderstandings are inherent to
communication [42], it may be possible for a chatbot to reduce user frustrations by repairing
misunderstandings. Correcting misunderstandings has already been identified as a key aspect of
chatbot design [3, 102]. Our proposition builds on this by envisioning these corrections not just as
"error correction” [102] but as opportunities to promote reflection about unconscious biases. For
example, a highly competent chatbot could logically justify misinterpretations by connecting them
to users’ statements, such as by asserting, "You said statement, which made me think you meant
misinterpretation.” In this way, talking through a misunderstanding could itself be a persuasive
conversational strategy. Our results showed that participants were willing to rephrase statements
to be black-and-white when they felt their original may have been difficult to understand, so this is
most likely to be relevant when a chatbot misinterprets an ambiguous statement. One important
caveat is that people are less willing to engage in conversational repair with chatbots than they are
with humans; however, this could change as chatbot technologies advance in capabilities [33]. For
example, chatbots could explain mechanisms of underlying models to users and use algorithms for
inference to present themselves as intelligent and reduce users’ efforts [3].

5.1.2 Chatbots’ Self-disclosures. In our study, many participants had a negative impression of
the chatbot with stigmatizing self-disclosure. We had hoped that the chatbot’s stigmatizing self-
disclosure would trigger users to disclose their honest stigmatizing thoughts, but users disclosed
their stigmatizing thoughts more to the chatbot with non-stigmatizing self-disclosure. This ob-
servation aligns with the notion that participants are reluctant to self-disclose to someone they
perceive negatively [6]. For the purpose of reducing stigma towards mental illness, both non-
stigmatizing and stigmatizing self-disclosures of the chatbots were effective. Interview findings
suggest that participants who interacted with the stigmatizing self-disclosure chatbot might have
been influenced by a heightened sense of sympathy for Alex or people with depression. On the
other hand, participants who engaged with the non-stigmatizing chatbot appeared to have gained
a new perspective through the chatbot’s disclosures, which they had not previously considered.
These findings suggest that the mechanisms underlying stigma reduction varied between the two
groups.

However, even if both non-stigmatizing and stigmatizing self-disclosures achieved similar results
in terms of reducing stigmatizing thoughts, negative attitudes toward the chatbot carry a risk
of discontinuing use [77]. Our experiment lasted for a relatively short time and participants’
discontinued use did not happen, but many participants who used the chatbot with stigmatizing
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self-disclosure expressed frustration in chatting with the chatbot. On the other hand, if users stick
with a stigmatizing-dislcosure chatbot through prolonged interactions, there is a risk that they
begin to accept stigmatizing statements over time. This is due to the illusory truth effect [54, 98],
the tendency to believe even false information to be true if it is repeated often. Thus, a chatbot
with non-stigmatizing self-disclosure is likely to be more reliable and less risky than a chatbot that
uses stigmatizing self-disclosure.

We also found that under chatbot’s either stigmatizing or non-stigmatizing self-disclosure, many
participants perceived the chatbot as a young and opinionated male. Since the age group of the
participants was relatively young, they might not have perceived a significant age difference with
the chatbot. Nevertheless, if the participants felt they had more life experience and a better un-
derstanding of the world than the chatbot, they might resist agreeing with the chatbot, especially
when viewing the chatbot’s opinion as black-and-white. Therefore, in order to enhance the persua-
siveness of the chatbot, future designers may consider leveraging homophily - the tendency to
associate with those who are similar to oneself — which may be beneficial, in light of past research
findings that people view homophilous sources as more credible [116]. For example, to make users
perceive the chatbot as a ’peer’, the chatbot could adapt to the language styles that are similar to
the users’ [34], tailor conversational dynamics and cultural norms that fit with users’ own [53],
and incorporate struggles in its own self-disclosure to show that the chatbot has life experiences
that are similar to what users had disclosed. Moreover, starting from a similar level of stigmatizing
attitudes as the user, a chatbot could gradually change its behavior to demonstrate a shift toward
non-stigmatizing attitudes [89]. In such cases, the chatbot would in our view be less likely to be
perceived as black-and-white. Observing the chatbot learn and adapt might also encourage users
to persist in using the chatbot.

5.1.3 Contexts and Scenarios. The chatbot in our study introduced depression symptoms by talking
about Alex to users. We aimed to reduce participant bias towards depression by discussing their
feelings about it. This is similar to how depression is learned in an educational setting - gain
knowledge and discuss [21]. Future designers could consider using chatbots to combat mental
illness stigma in education settings. For example, chatbots could be used as assistants or mentors
as a supplement to training in the classroom [99]. With anonymity, chatbots could also be used to
encourage users to disclose their stigmatizing attitudes, which could be used to assess the effects
of education [76]. However, several participants in our study seemed to reinforce their previous
beliefs by interacting with the chatbot (e.g., "I became a bit more understanding but [... the chatbot’s
interpretation] also solidified my belief in setting boundaries with someone who has depression.”). Even
if we can convey knowledge about depression by talking about Alex’s symptoms and promote a
positive attitude shift using the chatbot’s non-stigmatizing disclosure, it is possible that desires for
social distance are not reduced.

As suggested in existing research, it would be important to combine an element of social con-
tact [74] with education [29, 45] through communication with the chatbot to create a sense of
familiarity and acceptance. For example, chatbots that deliver first-person narratives about mental
illness could be used to simulate social contact and help reduce mental illness stigma [74]. Specifi-
cally, chatbots could also be integrated with large language models that enable them to switch to a
more persuasive tone when delivering first-person narratives, in order to guide users to reflect on
their answers [64]. Nevertheless, future researchers and designers should be aware that there are
always risks associated with overreliance on chatbots powered by large language models. When
used in contexts like health, large language models might inadvertently contribute to disseminating
misinformation and reinforcing existing biases [15]. Therefore, we advise that humans should
be kept involved in the loop as much as possible (e.g., human-supervised training, continuous
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monitoring, and escalating questions and situations that are beyond chatbots’ capability to human
experts) when utilizing chatbots to simulate social contact with education through communication.

5.2 Limitations

The seven vignettes used in this study depicted various symptoms of depression, ranging from not
being able to concentrate to having thoughts of self-harm. As the vignettes presented symptoms
in different topics, participants might exhibit varying degrees of engagement with the topics
of vignettes, influenced by their individual life experiences. Furthermore, although we carefully
designed our vignettes to avoid the presentation of traumatic content, and had them reviewed and
approved by psychiatric professionals, some participants may nevertheless have felt overwhelmed.
Future studies should not only consider evaluating the effects of the severity of vignettes’ content
on people’s stigmatizing attitudes toward people with mental illness but also control such severity
to avoid causing harm.

Second, because the members of experimental Condition 2 and Condition 4 interacted with
chatbots with stigmatizing interpretations and, in the latter case, stigmatizing self-disclosure, a
potential existed for these participants to develop or consolidate inaccurate thoughts about mental
illness due to the chatbots’ comments. For example, when these two chatbots disclosed that they
believed Alex to be uncontrollable, and thus that it was a good idea to stay away from him, some
participants might have been persuaded around to the same point of view, and/or have had their
pre-existing view in favor of social distancing reinforced. After our experiment, to mitigate these
potential negative effects, we informed the Condition 2 and Condition 4 participants that their
chatbots always delivered stigmatizing interpretations/self-disclosures. Certainly, future studies of
chatbot interventions should take careful account of this category of potential negative effects, and
provide guidance to help their participants better understand mental illness stigma after the main
phase of their participation has been completed.

Third, our study only focused on chatbot interventions aimed at reducing stigmatizing attitudes
towards people with mental illness. As such, our results might not be generalizable to other types
of stigma, such as self-stigma [30] and institutional stigma [79], or to public stigma towards other
social groups, such as racial groups [40] and LGBTQ+ people [35]. Therefore, future studies will
need to investigate whether the same or similar interventions could be effectively applied to these
other types and targets of stigma.

Lastly, our chatbots’ designs only extended to their interpretational and (in two cases) self-
disclosure styles and did not define any of them as having names, genders, physical appearances, or
relationships with the main character in the vignettes. Although prior research has demonstrated
that chatbots’ human-like traits can facilitate human-chatbot interaction [46], it remains unclear
whether other human-like aspects of chatbots — including but not limited to the four traits named
above — could affect chatbots’ mental illness stigma interventions. Therefore, future investigations
of the effects of adding such traits to such interventions are warranted.

6 CONCLUSIONS

This two-week study of how chatbots’ interpretation and self-disclosure styles could change stig-
matizing attitudes toward mental illness found that, while all four chatbot versions were beneficial,
the one offering non-stigmatizing interpretations and non-stigmatizing self-disclosures had the
most significant effect. Its counterpart that offered stigmatizing interpretations and stigmatizing
self-disclosures, meanwhile, was the least effective at stigma-reduction of the four. We also found
that, while stigmatizing interpretations led participants to perceive their chatbots negatively, non-
stigmatizing interpretations motivated them to view their bots as friendly, curious, and caring. We
can conclude that chatbots’ non-stigmatizing self-disclosure plays an essential role in reducing
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stigma by enlightening their users via perspectives that differ from their original beliefs, and
thus motivate reflection on those beliefs. Additionally, our findings imply that future chatbot
designs need to carefully control the frequency and quality of non-stigmatizing and stigmatizing
self-disclosure to avoid negative user perceptions. Lastly, we found having chatbots make self-
disclosures, irrespective of the style/valence of those disclosures, prompted their users to perceive
them as having varied characteristics (e.g., age, gender, personality). Taken together, these findings
imply that chatbots with non-stigmatizing interpretation and non-stigmatizing self-disclosure could
usefully be developed for anti-stigma training in schools and workplaces, where they could fulfill
a wide range of human roles: e.g., as peers or medical professionals. We hope that this study’s
contributions will provide a solid foundation for future research on how chatbots can help reduce
stigma.
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