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ABSTRACT
Media coverage has historically played an influential and often
stigmatizing role in the public’s understanding of mental illness
through harmful language and inaccurate portrayals of those with
mental health issues. However, it is unknown how and to what
extent media events may affect stigma in online discourse regarding
mental health. In this study, we examine a highly publicized event
– the celebrity defamation trial between Johnny Depp and Amber
Heard – to uncover how stigmatizing and destigmatizing language
on Twitter changed during and after the course of the trial. Using
causal impact and language analysis methods, we provided a first
look at how external events can lead to significantly greater levels
of stigmatization and lower levels of destigmatization on Twitter
towards not only particular disorders targeted in the coverage of
external events but also general mental health discourse.
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1 INTRODUCTION
Stigma – negative attitudes that devalue a group of people in so-
cial contexts [62] – is a central challenge for those suffering from
mental health issues. Mental health stigma can take the form of
prejudice from the public as well as self-stigma, which is when peo-
ple internalize these stigmatizing attitudes of the public [26, 37, 83].
Common stigmatizing stereotypes about people with mental illness
include that they are dangerous, incompetent, and at fault for their
conditions, often leading to discrimination in society such as lim-
ited social or career opportunities and isolation [26]. As a result,
both public and self-stigma are primary reasons why many people
choose not to seek mental health treatment, avoid diagnosis and
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labeling of their mental illness, and suffer from worsened personal
self-esteem and social support [26].

While there are many potential causes of mental health stigma,
a key influence throughout history in creation and perpetuation
of mental health stigma has been the media. News coverage has
profound contributions to societal attitudes and knowledge about
health [53]; in recent years, online forms of media, such as online
social networking platforms, have likewise come to be an important
influence and reflection of society’s perspectives towards mental
well-being [3]. Both traditional and online news coverage of mental
health has often stereotyped and showed misleading portrayals of
people with mental illness as dangerous and a risk to the public
[6, 14, 27], often through using stigmatizing language [37, 57, 83];
however, at its best news coverage also has shown potential for
increasing mental health awareness [69].

Although past work has explored the stigmatizing language
within traditional media towards mental illness [74], it remains
unclear to what degree media impacts stigmatizing language use in
online mental health discourse. It is vital to understand stigmatiza-
tion of mental health in the online context, given that social media
has become one of the primary sources of information and platform
for discussion about a wide variety of mental health issues in recent
years [66]. Online communities are a key resource for those with
mental health issues to gain emotional and informational support
as well as express their own experiences [31, 67]. The language
present in online communities towards mental health has been
shown to have drastic effects on people’s well-being [33]. Not only
can social media platforms be reflective of existing stigmatizing
attitudes in society regarding mental illness, but they can also exac-
erbate the issue of mental health stigma by even further trivializing
mental health problems and its treatment [18, 29, 52, 78].

In this paper we investigate how highly publicized events in
media affect the use of stigmatizing language against mental health
conditions on social media. We use a case study of an event of
high public interest and viewership – the defamation trial between
celebrities Johnny Depp and Amber Heard in 2022 that was publicly
aired and live-streamed. The Depp-Heard trial discussed domestic
abuse allegations from both parties, and included multiple diag-
noses and discussion around personality disorders; in particular, the
Depp-Heard trial drew causality between both parties’ suspected
diagnoses of mental illness and their alleged abusive behaviors. The
Depp-Heard trial is particularly notable as a media event given its
considerable social media attention and mass impact; the Depp-
Heard trial was one of the most covered events in recent history
on social media and news, reaching billions of viewership numbers
across social media platforms like YouTube and TikTok as well as
garnered greater public interest than over significant news topics
at the time of its airing (discussed further in Section 3.1). We also
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note the long history of case studies in HCI research for analyz-
ing online community activity [55, 68, 94] and providing in-depth
analyses of important experiences and events [38]; we later discuss
the implications of this work for wider consideration about online
interventions for mental health discourse. As a result, our study
used the Depp-Heard trial to investigate how highly publicized
events can affect stigmatizing (and destigmatizing) language on
social media towards both personality disorders and general mental
health.

In particular, our work answers the central research question:
RQ: To what extent do highly publicized events affect the

stigmatization of mental health on social media?
In order to answer this question, we investigate three sub-research

questions below using the case study of the Depp-Heard trial and its
discussion around personality disorders. We answer the questions:

RQ1:What is the effect size and lasting impact (if any) of how
the Depp-Heard trial affected stigmatization, destigmatization, and
sentiment towards the mental illnesses discussed in its coverage?

RQ2:What kinds of stigmatizing and destigmatizing language
were used regarding mental illnesses in the Depp-Heard trial during
its coverage?

RQ3: How did the Depp-Heard trial affect general mental health
discourse at large?

To answer the research questions, we used a text analysis tool
(the Linguistic Inquiry and Word Count, or LIWC [89] to analyze
language used in online discourse discussing general mental health
as well as disorders particularly mentioned during the event. Exist-
ing literature shows that mental health stigma is often associated
with danger and treating those with mental illness as an out-group
[28, 82]. Based on [81], we measured stigmatizing languages us-
ing the LIWC dictionaries of Risk and Power, existing dictionaries
on Mechanistic Dehumanization and Animalistic Dehumanization
[76], as well as the dictionary Inappropriate Labels for Mental Ill-
ness . We measured the destigmatizing effect of language using the
LIWC dictionaries of personal pronouns (I andWe) to represent per-
sonal sharing and disclosure [31], as well as wellness-related words
(Health,Wellness, andWell-being). We studied how online discourse
surrounding the personality disorders highlighted in the trials (bor-
derline, histrionic, and narcissistic) change on social media from the
Depp-Heard trial using OLS regression and causal impact analysis
[16], and compare these results to changes in discourse around the
seven personality disorders that were not highlighted during the
trial (paranoid, schizoid, schizotypal, antisocial, avoidant, depen-
dent, and obsessive-compulsive). Additionally, we explored how
there were further effects for discussion about general mental health
from the event.

Our findings include that there was significantly greater use of
stigmatizing language in Twitter posts regarding personality dis-
orders as well as referencing mental health generally both during
the time period of the trial and even after the trial’s conclusion,
as well as significantly less destigmatizing language including per-
sonal disclosure and well-being language. We found that tweets
about personality disorders and general mental health during the
Depp-Heard trial had significantly greater stigmatizing language
use both during and after the trial; for example, analysis using
OLS regression found that tweets mentioning disorders highlighted

in the Depp-Heard trial showed 7% greater stigmatization, over
15% less destigmatizing language, and a striking 48% less personal
pronoun usage during the trial. Additionally, our causal impact
analysis found that the Depp-Heard trial had over 97% probability
of causing a roughly 17% increase in stigmatizing language use. We
also contribute knowledge of how stigmatizing language towards
mental illness appears on social media as we found stigmatizing
language was largely attributed to words about dehumanization
and power, rather than labels that are societally known to be in-
appropriate labels towards people with mental illness (e.g. slurs
against people with mental illness). As far as we know, our work
is the first analysis to investigate how media coverage affects the
stigmatization of online mental health discourse. Our work has
direct implications for designing new tools for the measurement
and surveillance of online stigmatization targeting mental health.
Therefore, our work not only contributes to new understanding
of mental health discourse in social media, but also has key im-
plications for designing anti-stigma campaigns for greater public
understanding and acceptance of mental health issues, creating in-
terventions for more effective social support exchange, and opening
up new opportunities for supporting constructive mental health
discourse in social media .

2 RELATEDWORK
We first review past literature about media impact on public per-
ception of mental health. We then discuss related work regarding
mental health discourse online, including stigmatization of disor-
ders that were specifically highlighted in the Depp-Heard trial and
will be analyzed in our study.

2.1 Media and Public Perception of Mental
Health

Media and press contribute to the public’s understanding of mental
health, and can both stigmatize or destigmatize mental health issues
[74]. At its best, public events and coverage around mental health
can promote support for mental health issues and promote greater
understanding towards mental health in both traditional media (e.g.
television) and online social media [57, 85]. Parrott et al. found
that public disclosure of personal mental health issues by male
professional basketball players led to overwhelmingly supportive
responses from fans online and helped challenge gender norms
around mental illness [71]. Public attention from the American hip-
hop music artist Logic’s song titled after the U.S. National Suicide
Prevention Lifeline was also found to coincide with reduction in
suicides and a rise in calls to the suicide prevention hotline [69].

However, media coverage aboutmental illness has usually painted
a harmful image of mental illness. Whitley and Berry conducted a
6-year analysis on over 11,000 newspaper stories covering mental
illness, finding that dangerousness and criminality accounted for
direct themes in 40% of news coverage, while treatment for mental
illness was discussed less than 20% of the time and over 80% of
articles lacked perspective from someone actually experiencing
mental illness; there were no significant changes to this finding
over time [92]. Similarly, work by Bowen investigated a 10-year
period of United Kingdom tabloid coverage about personality dis-
orders and found frequent use of violent language that were not
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found when news discussed other physical health conditions (e.g.
diabetes) [13]. These linguistic choices often construct unrealistic
images of violence around people with mental illness, and can lead
to higher levels of self-stigma among those with a diagnosis; this
can be especially harmful for those suffering from disorders like
personality disorders, which our study focuses on, that are already
characterized by negative self-concept [13]. Past work studying
newspaper articles similarly found reinforced stereotypes of people
with mental illness as violent and unpredictable [93], and over two
decades of reviewing mass media coverage found mental illness
depicted negatively as peculiar and dangerous [57]. Media sources
have also made online social media particularly vital to their spread
of news about mental health diseases due to its increasing interest
in online platforms [3].

2.2 Mental Health Discourse on Social Media
As the internet and social media have become pivotal for sharing
knowledge, there is growing reliance on the internet as a source
of information and health advice [3]. In fact, mainstream and tra-
ditional media, such as television and news channels, have begun
to turn towards social media for their coverage in order to influ-
ence large groups of people at once [49]. Social media platforms
has thus become a primary avenue for mental health discourse,
allowing users to freely share and discuss information on a wide va-
riety of mental health issues. Research done on online communities
and well-being has shown that online communities provide users
with both informational and emotional support [66], provide a safe
space in anonymity for individuals to share their experiences and
receive support [23, 31, 34], and lead to reduced suicidal ideation
and improved well-being [33].

Although social media can be a key platform for people to find
mental health support [42, 47, 91], it has also been found to be signif-
icantly more stigmatizing towards mental health issues compared
to physical health issues [80]. Stigma can take many forms in the
context of mental health including, but not limited to, blaming peo-
ple for their illness, incorrectly labeling people with mental health
conditions as dangerous, and promoting avoidance or withdrawal
away from people who are ill [46]. Stigmatized individuals suffer
from high levels of isolation and internalized self-stigma, which is
when people accept societal prejudices and incorporate these ideas
into their own self-concept; Self-stigma causes lower self-esteem
and reduced self-efficacy, less social support, social maladaption,
and is linked to greater self-harm and suicide attempts [46]. Cer-
tain illnesses, such as bipolar disorder and obsessive-compulsive
disorder, have been found to face greater stigmatization and trivial-
ization as well as less support on online social media compared to
content about general mental health [18, 80]. As a result, many peo-
ple with mental health issues fail to seek treatment due to feelings
of hopelessness or fear of being seen as crazy [46]. Studies such
as ours that investigate the stigmatizing language towards mental
illness in online communities can lend to greater understanding of
evolving public perspective on mental health and countering the
immensely harmful effects of public stigma on those with mental
health issues.

Online discourse about mental illness has often been shown to
contain misguided beliefs and misinformation, as well as promo-
tion of unhealthy behaviors and stigmatizing attitudes towards
specific mental illnesses such as eating disorders and schizophrenia
[20, 52, 78]. Even treatment for mental health disorders, such as an-
tidepressants to treat depression and anxiety, are subject to negative
attitudes including trivialization on social media [29]. There is some
work within the HCI community that has specifically targeted deal-
ing with stigmatizing mental health experiences online, including
work that has created a social bot for social media users to prac-
tice reacting to mental illness disclosure [56] and investigating the
dynamics of disclosing on social media experiences of pregnancy
loss [5]. Past work has also studied the stigmatizing experiences
of online social media disclosure such as regarding users’ LGBTQ+
identity [35, 84], socioeconomic and class struggles [79], and sex-
ual violence [45]. However, although there is acknowledgement
in much of mental health research that stigmatization is a central
challenge to help-seeking, little work has specifically focused on
stigmatizing language use towards mental health specifically.

We particularly highlight prior work done on analyzing lan-
guage and conversation patterns in the online well-being context,
which has been one of the most effective and naturalistic ways to
understand people’s mental health conditions, perspectives, and
differences in people’s psychological state [21]. Our work is situ-
ated in and motivated by prior work that has shown how largescale
changes in a population’s psychological and emotional state are
reflected in their language use after a significant event [24]; Kumar
et al. also found that posting activity, emotional expression, and
topic content regarding mental health were affected by suicides of
high-profile figures, including increased posting activity, increased
suicidal ideation in posts, and negative and anxious emotion [60].
Intervention for online mental health have been studied regarding
awareness for eating disorders, showing the application of causal
impact analysis to health discussion on social media and quantify-
ing engagement with online awareness campaigns on Twitter [88].
Past work in the online mental health space specifically includes
findings that language use in mental health discussion online has
been shown to reflect a user’s mental health conditions [25] and in-
dicate diagnosis of depression or even suicidal ideation [30, 32, 34].

2.3 Stigma Against Personality Disorders
Our work will primarily investigate change in language around per-
sonality disorders highlighted during the Depp-Heard trial. Given
that the Depp-Heard trial included lengthy discussion and multi-
ple diagnoses of personality disorders, we review below past work
about personality disorder stigma in particular. Although there
has been research about general discourse around common mental
health disorders such as depression and anxiety, very little work has
studied online discourse about personality disorders despite them
being some of the most stigmatized of all mental health disorders
[12].

Personality disorders are defined by the Diagnostic and Statisti-
cal Manual of Mental Disorders, Fifth Edition (DSM-5), the principal
authority for psychiatric diagnoses, as "an enduring pattern of inner
experience and behavior that deviates markedly from the expec-
tations of the individual’s culture, is pervasive and inflexible, has
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an onset in adolescence or early adulthood, is stable over time,
and leads to distress or impairment" [39]. There are ten specified
personality disorders: paranoid, schizoid, schizotypal, antisocial,
borderline, histrionic, narcissistic, avoidant, dependent, and ob-
sessive–compulsive personality disorder1. Evidence suggests that
personality disorders are among the most stigmatized of all men-
tal health disorders [2, 12]. personality disorders are susceptible
to greater stigma and less recognition when compared to other
common mental health disorders, such as depression, anxiety, and
eating disorders [19, 87]; for example, Furnham and Dadabhoy’s
2012 study found that out of 102 non-expert participants, only 5%
were able to identify a case vignette as borderline personality dis-
order (borderline personality disorder) compared to 74% accurately
identifying depression [44]. Harmful language has perpetuated per-
sonality disorder stigma further. Past work has found that those
with borderline personality disorder are often referred to as "ma-
nipulative", which inaccurately suggests that those with borderline
personality disorder are consciously displaying their behaviors [2].
Negative language around personality disorders often ignore the
origin of these disorders as well, which are often linked to child-
hood trauma and experiencing previous devaluation of emotions
[2]. Stigma against those with personality disorders is even preva-
lent within the healthcare industry, with past studies finding that
workers view patients as difficult, nuisances, frustrating, and "bad"
rather than "ill" [12, 58].

3 METHODS
In order to study how events in media affect online discourse of
mental health, we focused on a highly publicized and widely viewed
event involving discussion around mental illness – the celebrity
trial between Johnny Depp and Amber Heard. We examine how
language used in online discourse around mental illness changed
both during and after the trial, compared to before the trial’s start.
Below, we describe the trial and its discussion around mental ill-
ness (Section 3.1), the collection method for social media posts on
Twitter about illnesses related to the Depp-Heard trial as well as
general mental health discourse (Section 3.2), our language analysis
methods using the psycho-linguistic tool Linguistic Inquiry and
Word Count (Section 3.3), and our application of causal impact
analysis to this language change over time (Section 3.4).

3.1 The Depp-Heard Trial
John C. Depp, II v. Amber Laura Heard was a defamation trial held in
Virginia starting on April 11, 2022 and concluding with jury verdict
on June 1, 2022. Both John C. Depp (commonly known as Johnny
Depp) and Amber Heard are celebrity actors; Depp and Heard were
married in early 2015 and divorced by early 2017. The trial involved
Depp as plaintiff filing a defamation complaint against defendant
Heard while Heard filed counterclaims against Depp, tracing back
to domestic abuse allegations from the dissolution of their marriage.

The Depp-Heard trial was publicly televised and live-streamed
(a rare occurrence in Virginia courts) and widely covered by both
traditional and new media. News coverage and social media posts
regarding the Depp-Heard trial had extremely high viewership.

1Note that obsessive-compulsive disorder, commonly known as OCD, is not the same
as obsessive-compulsive personality disorder (OCPD)

For example, one of the largest channels airing the trial called
Law&Crime Network has over a billion views on its social media
content related to Depp-Heard trial coverage to date 2 and reported
having one million viewers per hour of the trial on their YouTube
channel alone 3. By April 29, 2022, videos on social media platform
TikTok having the hashtag #justiceforjohnnydepp had over 5 billion
views (and 18 billion views by the trial’s conclusion) while TikTok
videos with the hashtag #JusticeForAmberHeard had over 21million
views. Many media outlets even found coverage about the trial was
of greater public interest than other significant news topics of the
time such as international affairs or abortion rights in the U.S. 3.

Mental illness was an important topic of discussion during the
trial as both Amber Heard and Johnny Depp were diagnosed (or
suspected of having a diagnosis) with personality disorders by ex-
perts on the stand during the live-streamed trial. Depp’s team’s
forensic psychologist publicly diagnosed Amber Heard with both
borderline personality disorder and histrionic personality disorder,
while one of Heard’s team’s trial experts stated that Depp exhib-
ited traits of narcissistic personality disorder. These diagnoses and
discussions of personality disorders were said by experts to have
been "weaponized" by both parties during the trial 4, which drew
causality between the opposing party’s personality disorder and
accused abusive behavior 5.

Thus, as a result of the highly publicized nature of the Depp-
Heard trial and its direct discussions of mental illness, we use the
Depp-Heard trial as our case study of how media coverage can
affect language use about mental health on Twitter.

3.2 Twitter Dataset
Twitter is a popular social media platform that allows users to post
messages (called "tweets") that are up to 280 characters in length.
Twitter users can mark their tweets to be private, but otherwise
tweets are public and are available through Twitter’s public API
6. Twitter also allows users to interact with each other’s tweets
through (1) like, (2) "retweet" (re-share the tweet on a user’s own
timeline), and/or (3) reply. Below, we describe our criteria for col-
lecting tweets using the Twitter API.

First, we established the time window for a tweet’s creation in
order to be included in our study. Since the trial’s airing lasted
51 days from opening arguments on April 11, 2022 until the jury
decision on June 1, 2022, we collected tweets during the 51 days
before the trial, 51 days during the trial, and 51 days after the trial.
Second, we established keywords to include when collecting tweets
of interest between 51 days prior to the trial to 51 days past the
trial’s conclusion. Given that the Depp-Heard trial specifically high-
lighted three personality disorders – borderline, histrionic, and
narcissistic (as described in Section 3.1) – we collected all tweets
that mentioned any one of "borderline personality disorder" or "BPD"
(a common acronym for the disorder), "histrionic personality disor-
der", or "narcissistic personality disorder". We also collected tweets

2https://www.youtube.com/c/LawCrimeNetwork
3https://www.axios.com/2022/05/17/amber-heard-johnny-depp-trial-social-media
4https://www.psycom.net/mental-health-wellbeing/johnny-depp-amber-heard-trial
5https://www.standard.co.uk/comment/amber-heard-johnny-depp-trial-borderline-
personality-mental-health-b998112.html
6https://developer.twitter.com/en/docs/twitter-api
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referencing any one of the other seven DSM-5-recognized person-
ality disorders ("paranoid personality disorder", "schizoid personality
disorder", "schizotypal personality disorder", "antisocial personality
disorder", "avoidant personality disorder", "dependent personality dis-
order", "obsessive-compulsive personality disorder") as a comparison
point. In other words, to answer RQ1 and RQ2we compare language
change seen for tweets referencing specific disorders highlighted
during the trial versus similar disorders that were not mentioned
in trial. In addition to tweets mentioning personality disorders,
we collected tweets referencing the keyword "mental health" in
order to answer RQ3 about any significant language effects from
the trial on mental health discourse generally. For all three of the
above sub-datasets, we also did a manual pass of 100 tweets, qual-
itatively finding they were all relevant to the mentioned mental
disorders or mental health issues. We note that many tweets also
concern other topics (i.e. domestic violence, drugs) but remain rele-
vant to personality disorders and/or mental health, such as tweets
promoting avoidance of romantic relationships with people with
personality disorders for fear of abuse. Descriptive statistics of our
Twitter dataset, including total numbers of tweets and average
like/retweet/reply counts, are in Table 1. For all tweets, we organize
them into three time periods depending on the tweet’s creation
time: before, during, or after the Depp-Heard trial time period. We
then measure how stigmatizing language use changes during each
of these time periods for each of the three sub-datasets described.

3.3 Language Analysis
After collecting all tweets of interest, we conducted language anal-
ysis to compare and contrast language use over the course of the
trial. Past work has found that stigmatization and prejudice are
majorly rooted in language. For example, speaking about mental
health in a stigmatizing way (i.e. mocking others by saying they
are "mentally challenged") and using pejorative terms can inten-
sify negative and prejudicial attitudes towards specific groups of
people [36, 72]. Emotional expression is also a strong driving force
for public discourse, and social media texts alone can be powerful
for reflecting and driving others’ emotional and mental stances to-
wards topics [9, 72]. As a result, we created linguistic categories to
score and evaluate tweets on their stigmatizing and destigmatizing
language use as well as their emotional tone.

We used automated text analysis tool Linguistic Inquiry and
Word Count (LIWC) [89]. LIWC is a dictionary-based text analysis
software that counts words using psychologically meaningful dic-
tionaries. LIWC scores a given text (in our case, a tweet’s contents)
by calculating a percentage of total words in the text matching the
list of words in a given dictionary. LIWC has been widely used
and validated in prior research studies about online language use
[10, 22, 89] and has its own in-house dictionaries measuring cate-
gories such as sentiment, emotion, and context; LIWC has also been
used in past work tomeasure attitudes about health [1, 72, 90, 95]. In
addition to LIWC’s existing in-house dictionaries, users can create
custom dictionaries. We rely on both LIWC’s in-house dictionaries
and custom dictionaries created by prior research studies to create
aggregated scores in linguistic categories of (1) Stigmatizing, (2)
Destigmatizing, and (3) Emotional Tone to score tweets. We then
compare scores of stigmatizing, destigmatizing, and emotional tone

language usage changed over time when comparing before, dur-
ing, and after the Depp-Heard trial. Additionally, we used causal
impact analysis [16] to directly estimate the effect of the trial on
the language use, using data from exactly a year prior (February to
July of 2021) to compare how stigmatizing and destigmatizing lan-
guage use is predicted to have evolved had the trial not happened
(described further in Section 3.4).

We summarize below each LIWC dictionary used in our study
broken down by higher level categorizations, and provide example
keywords for each dictionary in Table 2.

3.3.1 Measures of stigmatizing language use. To create an overall
measure of stigmatizing language use, we used work by Pavlova
and Berkers that studied mental health discourse online [72] and
drew from their use of LIWC in-house dictionaries as well as a
custom LIWC dictionary created in their study. We used in-house
dictionaries of Risk and Power that have been used in past litera-
ture to study mental health stigma based on stigmatizing language
around mental illness often revolving around risk, danger, and vio-
lence [72]. We also included existing dictionaries from past work
about linguistic Mechanistic Dehumanization and Animalis-
tic Dehumanization, as dehumanizing language has been used
in media to express distrust and establish an "out-group" of peo-
ple [76]. Lastly, we use the existing user-made LIWC dictionary
from Pavlova and Berkers that we call Inappropriate Labels for
Mental Illness, which includes words or phrases that have been
deemed inappropriate specifically for describing mental illness as
identified by [81]. We excluded words in all LIWC dictionaries that
may be understood in a non-stigmatizing way or that are part of
our study’s clinical terms for personality disorders (i.e. "ill", "histri-
onic", "schizophrenia") [72, 81]. Thus, for each tweet we average the
output LIWC scores of Risk, Power, Mechanistic Dehumanization,
Animalistic Dehumanization, and Inappropriate Labels for Mental
Illness to create an overall Stigmatizing score. Then, we conduct
OLS regression to explore how trial time and tweet content affects
the overall Stigmatizing score of tweets; we also include analysis
results for these dictionaries broken down individually for analysis
in Section 4.2.

3.3.2 Measures of destigmatizing language use. Self-disclosure is
one primary way to destigmatize mental illness; hearing about
others’ experiences having mental illness has been shown to ef-
fectively address both public stigma and self-stigma, and further
understanding of mental illness symptoms [7, 43]. Additionally,
discussion around the causes, medical symptoms, and treatment for
mental illness are important frames for destigmatizing mental ill-
ness [92]; speaking about mental health as essential to physical and
medical well-being also has destigmatizing effects [7, 73]. Health-
related words online, indicating sharing of health and well-being
information, has also been shown to receive greater social support
[31].

As a result, we used the LIWC dictionaries of I and We to in-
dicate personal sharing and self-disclosure, as has been studied in
past literature [31]. We also used the LIWC in-house dictionaries of
Health, Wellness, and Well-being as health and wellness-related
words that consist of informational-related words and hopeful well-
being words. Lastly, in addition to self-disclosure and health-related
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Table 1: Descriptive statistics of our Twitter dataset, separated into three sub-datasets: tweets containing (1) personality disorders
mentioned in trial (borderline, histrionic, narcissistic), (2) all other personality disorders, which were not highlighted in trial
(paranoid, schizoid, schizotypal, antisocial, avoidant, dependent, obsessive-compulsive), and (3) "mental health". We show the
mean number of likes, retweets (RTs), and replies (repl.) for each sub-dataset.

Before Trial
Feb. 18, 2022 - April 10, 2022

During Trial
April 11, 2022 - June 1, 2022

After Trial
June 2, 2022 - July 22, 2022

N Avg
Likes

Avg
RTs

Avg
Repl. N Avg

Likes
Avg
RTs

Avg
Repl. N Avg

Likes
Avg
RTs

Avg
Repl.

Tweets
with:
personality
disorders
in trial

54.1k 9.6 1.2 0.7 94k 12.4 1.6 0.8 68.6k 6.9 1 0.7

all other
personality
disorders

4.3k 4.4 0.6 0.6 5.2k 9.5 1.8 0.7 5.2k 5.5 0.9 0.7

"mental
health" 1.29m 11.8 2.1 0.8 1.68m 11.9 2.3 0.9 1.45m 12.5 2.6 0.8

words, we included dictionaries to indicate positive prosocial be-
havior, which has been shown to mitigate negative emotions in
everyday life and create greater feelings of belonging and trust
[4, 77]. We included the LIWC in-house dictionary Prosocial and
a custom LIWC dictionary studied in past work called the Self-
transcendent dictionary that has words related to "greater human
connectedness, prosociality, and human flourishing" [50]. Thus, we
average the LIWC scores of Personal Pronouns, Health, Wellness,
Well-being, Self-transcendent, and Prosocial to create an overall
Destigmatizing score. Then, we conduct OLS regression to explore
how trial time and tweet content affects the overall Destigmatizing
score of tweets; we also include analysis results for these dictionar-
ies broken down individually for analysis in Section 4.2.

3.3.3 Measures of sentiment. In addition to measuring stigma and
destigma around mental illness, we also investigated overall sen-
timent in tweets through a linguistic category of Emotional Tone.
Social and cultural attitudes can both influence and be influenced by
emotional expression in the online context [11]. Sentiment analysis
in social media posts has often been used in research to evaluate
users’ opinions about health topics in particular [51, 96]. Addition-
ally, positive tone and sympathetic portrayals of people with mental
illness can also be important for support of mental health [72, 92].
As a result, to evaluate the emotionality of tweets we used the ex-
isting in-house LIWC dictionaries of Negative Tone and Positive
Tone.

3.4 Causal Impact Using Time-Series Models
In addition to conducting OLS regression, we also conducted

causal impact analysis using Bayesian structural time-series
models to estimate the probability that changes in tweets’ stigma-
tizing/destigmatizing scores was actually caused by the trial, by
comparing to a control dataset of tweets with the same content but

exactly one year prior (February to July 2021). Descriptive statistics
of our collected 2021 tweets are shown in Table 3.

We conducted causal inference analysis using Bayesian struc-
tural time-series models based on prior work by Broderson et al.
[16]; prior work has used causal impact analysis to determine effec-
tiveness of interventions in the online health context [88]. Causal
impact analysis takes time series data and attempts to estimate
the effects of some event or intervention, identified by a particular
point in time splitting the data into a "pre-intervention period" ver-
sus "post-intervention period). Specifically, causal impact analysis
uses a control time series unaffected by an intervention (e.g. tweets
from 2021) to construct a Bayesian structural time-series model for
a response time series (e.g. tweets in our study’s dataset in 2022);
this time-series model is then used to predict the counterfactual if
the intervention (e.g. the Depp-Heard trial) had not occurred, and
compares this to the actual outcome in the post-intervention period.
This model relies on a few assumptions, including that the control
time series was not directly affected by the intervention; in our
case, the data from 2021 was indeed not affected by the Depp-Heard
trial that took place in 2022. Additionally, the model assumes that
the relationship between covariates and response time series as
established during some defined "pre-period" would remain stable
throughout the "post-period". We apply the causal impact model
for our study through the R package [16] and show our results, in-
cluding the estimated average causal effect of the Depp-Heard trial
on stigmatizing/destigmatizing language as well as the posterior
probability of the trial having a causal effect, in Section 4.1.3.

4 RESULTS
In this section, we present the results of our analysis (both OLS
regression and causal impact analysis) on each of the datasets de-
scribed in Section 3.2 to show how trial time (before, during, or
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Table 2: Each individual LIWC dictionary used in our study along with example keywords in each dictionary. Note that these
keywords are not exhaustive, and the majority of these dictionaries contain hundreds of words. Stigmatizing and destigmatizing
categories are compared in Section 4.1.2, while tone and emotion results are presented in Section 4.1.3.

LIWC Dictionary Categorization Keywords (examples)

Inappropriate Labels
for Mental Illness

Stigmatizing attention-seeking, deranged, halfwit
lunatic, nutcase, sick in the head, psycho

Mechanistic Dehumanization Stigmatizing alien, hardwired, calculating, heartless,
incompatible, machine, object, unemotional

Animalistic Dehumanization Stigmatizing creature, dangerous, infectious, pig,
subhuman, uncivil, vermin

Power Stigmatizing advantage, armed, assault, beaten,
killing, mighty, nuclear, obey, weak

Risk Stigmatizing avoid, careful, threat, unprotected, unsafe

Self-transcendent Destigmatizing aspire, believe, benevolent, compassion,
loyal, overcome, virtuous, wholehearted

Health Destigmatizing ache, faint, healed, hospital, nutrients,
pain, psychiatry, tired, wounded

Wellness Destigmatizing diet, gym, healthful, herbal tea, nutrition,
physical activity, yoga

Well-being Destigmatizing ambition, dream, happiness, growth,
prosocial, understanding, value

Prosocial Destigmatizing care, empower, friendly, helpful,
inspiring, kindness, solidarity, virtuous

Personal Pronouns (I and We) Destigmatizing i, i’m, my, my kid, let’s, our, us, we

Tone - Positive Emotional Tone
(Positive)

accuser, fool, frantic, furious, harmful,
pitiful, problematic, wrong, your fault

Tone - Negative Emotional Tone
(Negative)

brave, calm, dear, favorite, happy, love,
thank, triumph, valuable, well

after trial) impacted the language of tweets. We first report in Sec-
tion 4.1 our regression results for how stigmatizing/destigmatizing
language and tone (aggregated from LIWC dictionaries as described
in Section 3.3) changed over the course of the trial timeline, and the
likelihood this changewas caused by the trial.We used the statistical
software package Stata 7 to run regressions on each dataset (tweets
including trial-mentioned personality disorders, tweets including
all other personality disorders, tweets including "mental health"

7www.stata.com

keywords) individually as independent variables while utilizing
chat rating as our dependent variable; all qualities were organized
into categorical variables (i.e. gender groups, age groups, expe-
rience level groups). Then, we investigate further what types of
words (i.e. individual LIWC dictionaries) are used to stigmatize or
destigmatize mental health from the trial in Section 4.2. Finally, we
discuss in Section 4.3 the significant effects on tweets mentioning
"mental health" to explore how events targeted to specific illnesses
also impact general mental discourse.
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Table 3: Similar to Table 1, shown are descriptive statistics of our study’s Twitter dataset but one year prior in 2021. Similarly,
the statistics are separated into three sub-datasets: tweets containing (1) personality disorders mentioned in trial (borderline,
histrionic, narcissistic), (2) all other personality disorders, which were not highlighted in trial (paranoid, schizoid, schizotypal,
antisocial, avoidant, dependent, obsessive-compulsive), and (3) "mental health".

Feb. 18, 2021 - April 10, 2021 April 11, 2021 - June 1, 2021 June 2, 2021 - July 22, 2021

N Avg
Likes

Avg
RTs

Avg
Repl. N Avg

Likes
Avg
RTs

Avg
Repl. N Avg

Likes
Avg
RTs

Avg
Repl.

Tweets
with:
personality
disorders
in trial

6.4k 7 1.1 0.7 7.5k 6.8 1.1 0.7 7.6k 6.4 0.9 0.6

all other
personality
disorders

1.5k 4.4 0.8 0.7 1.5k 6.4 0.9 0.7 1.4k 3.8 0.7 0.6

4.1 Stigma in Tweets Mentioning Personality
Disorders

For RQ1, we investigated the effect size and lasting impact of how
the Depp-Heard event affected stigmatizing language towards men-
tal health.

4.1.1 Volume of Tweets. Before investigating our study’s metrics
for stigmatizing, destigmatizing, and tone language change, we
briefly review any changes in tweet volume as well as their counts
of likes, retweets, and replies.

As charted in Figure 1, there was a noticeable rise in the num-
ber of tweets for all three sub-datasets (tweets with personality
disorders in trial, tweets with all other personality disorders, and
tweets with "mental health") during the trial. Tweets referencing
trial-highlighted disorders (borderline, histrionic, narcissistic) saw
a 74% rise in the total number of tweets during the trial compared
to before the trial’s start date. Tweets referencing any of the other
personality disorders, also saw a rise in the total number of tweets,
although to a lesser degree (increase of 21% during trial compared
to before trial). For all of these sub-datasets, the volume of tweets
lowered after the trial, but still remained at a similar or higher
volume than before the trial’s start.

As for the number of interactions per tweet, we ran an OLS
regression for each dataset (tweets with personality disorders in
trial vs. tweets with all other personality disorders), predicting the
number of likes, retweets (RTs) and replies per tweet using time
period relative to the trial dataset. Full results are available in our
supplementary material. We did not see any significant effects for
the volume of likes or retweets per tweet as shown in our full results.
However, we did see a statistically significant rise during the trial
in the number of replies per tweet with a 10.7% rise and 11.7% rise
during the trial’s duration for disorders mentioned in trial and all
other personality disorders, respectively.

4.1.2 OLS Regression on Stigmatizing and Destigmatizing Language.
To answer RQ1, we measured how tweets before, during, and after

the trial vary in their LIWC scores of stigmatizing and destigma-
tizing language. We examined tweets that reference personality
disorders specifically highlighted in trial, and contrast their lan-
guage changes to tweets with personality disorders not mentioned
in trial as a comparison point. Our results are shown in Table 4.

As seen in Table 4, we saw overall significantly greater use of
stigmatizing language and significant less destigmatizing language
from the trial for tweets that included personality disorders in trial.
There was a nearly 7% increase in stigmatizing language use
during the trial alongside a 15.6% decrease in destigmatizing
language use.We saw no significant changes for tweets that do
not mention these personality disorders. As a result, our findings
seem to support the idea that the Depp-Heard trial had an effect
of greater stigmatization towards illnesses that were diagnosed
and highlighted during trial, which we did not see for very similar
disorders that were not mentioned in the trial.

Additionally, we note a potentially lasting impact of the Depp-
Heard trial. There continued to be significant effects even
during the nearly two months after the trial’s conclusion as
seen by significant values of a 2.3% rise in stigmatizing lan-
guage use and a 5.3% decrease in destigmatizing language use
after the trial’s conclusion for tweets mentioning borderline,
histrionic, or narcissistic personality disorder. This effect size
was to a smaller degree (for example, stigmatizing language rising
2.3% after the trial versus 6.9% increase during the trial, compared
to our baseline of before the trial’s start); this may support the
intuition that the Depp-Heard trial’s discussion of mental illness
triggered a surge of mental health stigma that "leveled out" but
continued to be significant even beyond just the trial’s duration.

4.1.3 Causal Impact Analysis Results. Our causal impact analysis
results are shown in Table 5. As described in Section 3.4, causal
impact analysis takes input of a control time series unaffected by an
intervention, a pre-intervention period, a post-intervention period,
and a response time-series. We used 2021 data of February 18, 2021
until July 22, 2021 as the control time series (which was unaffected
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Figure 1: Volume of tweets mentioning personality disorders from the 51 days prior to 51 days after the Depp-Heard trial

Table 4: OLS regression results for Stigmatizing, Destigmatizing, Negative Tone, and Positive Tone language use in tweets
containing either (1) personality disorders mentioned in the Depp-Heard trial (borderline, histrionic, narcissistic) (2) all other
personality disorders (paranoid, schizoid, schizotypal, antisocial, avoidant, dependent, obsessive-compulsive). The dependent
variable for all models is the LIWC dictionary score for their respective categories; the predictor for all models is the time
period relative to the trial. We use the Before Trial as our baseline for each regression.

Model 1
Stigmatizing
coeff, std.err

Model 2
Destigmatizing
coeff, std.err

Model 3
Negative Tone
coeff, std.err

Model 4
Positive Tone
coeff, std.err

Tweets
containing:

Time period
relative to trial

personality
disorders
in trial

before
(baseline) 0 0 0 0

during 0.069*, 0.003 -0.156*, 0.008 0.121*, 0.027 -0.326*, 0.023
after 0.023*, 0.004 -0.054*, 0.009 -0.012, 0.029 -0.247*, 0.025

all other
personality
disorders

before
(baseline) 0 0 0 0

during 0.015, 0.016 0.045, 0.033 -0.21, 0.096 -0.10, 0.075
after 0.009, 0.016 0.023, 0.033 -0.02, 0.097 -0.15*, 0.076

* p < 0.05

by the Depp-Heard trial in 2022), a pre-period intervention of pre-
vious to the trial’s start date (April 11, 2022), a post-period of after
the trial’s start date, and the response time series of our study’s
tweet dataset from February 18, 2022 until July 22, 2022.

The results from the causal impact analysis are overall consis-
tent with the OLS regression results. Our results from Model 1
in Table 5 studying the effects on Stigmatizing language use in
tweets mentioning personality disorders in trial found a striking
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Table 5: Results for Causal Impact Time-Series Analysis, finding the probability of a causal effect of the Depp-Heard trial on
post-period changes in Stigmatizing (Model 1) and Destigmatizing (Model 2) scores.

Model 1
Stigmatizing

Model 2
Destigmatizing

average cumulative average cumulative

personality
disorders
in trial

Actual:
Prediction (s.d.):
95% CI:

0.3
0.26 (0.02)
[0.2, 0.3]

289.6
249.2 (20.4)
[209.8, 290.4]

2.4
2.5 (0.06)
[2.3, 2.6]

2314.5
2375.9 (60.02)
[2259.7, 2494.3]

Actual effect (s.d.):
95% CI:

0.04 (0.02)
[-0.001, 0.1]

40.44 (20.44)
[-0.8, 79.9]

-0.06 (0.06)
[-0.2, 0.1]

-61.36 (60.02)
[-179.7, 54.8]

Relative effect (s.d.):
95% CI:

17% (9.8%)
[0.28%, 38%]

17% (9.8%)
[-0.28%, 38%]

-2.5% (2.5%)
[-7.2%, 2.4%]

-2.5% (2.5%)
[-7.2%, 2.4%]

Posterior tail-area
probability p:

Posterior prob. of
causal effect:

0.027

97.3%

0.147

85%

all other
personality
disorders

Actual:
Prediction (s.d.):
95% CI:

0.46
0.46 (0.1)
[0.3, 0.7]

363.27
361.07 (79.1)
[213.9, 519]

1.9
1.8 (0.22)
[1.4, 2.2]

1465.4
1395 (171.53)
[1075.3, 1738.2]

Actual effect (s.d.):
95% CI:

0.003 (0.1)
[-0.2, 0.2]

2.20 (79.1)
[-155.7, 149.4]

0.09 (0.22)
[-0.3, 0.5]

70.70 (171.53)
[-272.9, 390.1]

Relative effect (s.d.):
95% CI:

6.1% (28%)
[-30%, 70%]

6.1% (28%)
[-30%, 70%]

6.7% (14%)
[-16%, 36%]

6.7% (14%)
[-16%, 36%]

Posterior tail-area
probability p:

Posterior prob. of
causal effect:

0.47

53%

0.33

67%

97.3% probability that Stigmatizing language increased by
around 17% (seen by the relative effect output). Destigmatizing
language in the same dataset saw an 85% probability of a causal
effect of a smaller -2.5% change. On the other hand, similar to our
regression results, we see little to no evidence of a causal effect
for personality disorders that were not directly mentioned in the
trial; Stigmatizing scores only had a 53% probability of a causal
effect while Destigmatizing had a slightly higher 67% probability
of causal effect.

4.1.4 Emotional Tone. Similar to our previous analysis, we used
LIWC scores for dictionaries Negative Tone and Positive Tone as
dependent variables predicted by trial time in two separate OLS
regressions, one for tweets containing disorders highlighted in
trial and one for all other personality disorders. Again, we ran
regressions separately for tweets mentioning borderline, histrionic,
or narcissistic personality disorders and for tweets mentioning
any other personality disorder (paranoid, schizoid, schizotypal,

antisocial, avoidant, dependent, obsessive-compulsive) to compare
differences in trial effects. Regression results are shown in Table 4.

Tweets with personality disorders in the Depp-Heard trial saw
a significantly more negative tone during and after the trial. In
particular, LIWC scores for Negative Tone saw a significant 12.1%
rise in use during the trial alongside a 32.6% drop in Positive Tone
during the same period. Importantly, results showed a significantly
lower amount of Positive Tone even during the nearly two months
after the trial compared to before the trial; Positive Tone scores were
24.7% lower after the trial compared to before the trial. Interestingly,
we also saw a significant 15% drop of Positive Tone usage after the
trial even for tweets containing any other personality disorder not
mentioned in the Depp-Heard trial (but no significance during the
trial’s airing).

4.1.5 Replies to Tweets. In addition to analyzing the language use
in tweets containing personality disorder keywords, we collected
all replies to these tweets. Similarly to the above analyses, we mea-
sured Stigmatizing and Destigmatizing LIWC scores, as well as both
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Positive Tone and Negative Tone among all replies. We additionally
analyzed how the continuous variables of stigmatizing and destig-
matizing scores for a tweet containing personality disorder terms
was predictive of the stigmatizing and destigmatizing scores for its
replies.

Our findings, shown in Table 6, show that there is a statistically
significant rise in the levels of stigmatizing language and lower
levels of destigmatizing language during the trial solely for replies
to tweets that contain personality disorders highlighted in trial. In
other words, not only are posts referencing borderline, histri-
onic, and narcissistic personality disorder more stigmatizing
and less stigmatizing during the trial, but their replies were
likewise more stigmatizing and less destigmatizing. We do
not see significance after the trial’s conclusion or for tweets that
include all other personality disorders.

However, unlike the original tweets containing personality disor-
der keywords, the replies to tweets containing borderline, histrionic,
or narcissistic personality disorder keywords had a significantly
greater negative tone during the trial (seen by a coefficient of 0.509
for Negative Tone and -1.117 for Positive Tone in Table 6) but we
see positive tone go to a much higher level with a coefficient of
1.259 after the trial’s conclusion. This is contrasted with a still sig-
nificantly higher level of negative tone after the trial’s conclusion,
however. More investigation would be needed to investigate the
nuances of this contrast; it is possible that greater support occurred
after the trial’s conclusion, perhaps as a response to the negative
tone displayed during the trial and taking the form of "anti-stigma"
[75].

Our results in Table 7 show our results for using the Stigmatizing
and Destigmatizing scores of tweets containing personality disorder
terms as a predictor for the Stigmatizing and Destigmatizing scores
of the tweet’s own replies. We saw that there was a significant
positive relationship between the stigma and destigma scores of a
reply with the tweet it replied to. In other words, a tweet that is
stigmatizing towards personality disorders had replies that were
likewise stigmatizing, rather than these tweets being more likely
to receive anti-stigma responses.

4.2 Language Choice within Stigmatizing and
Destigmatizing Tweets

To answer RQ2 regarding what kinds of stigmatizing and destig-
matizing language are used during and after the Depp-Heard trial,
we identified the effect size and significance of each LIWC dictio-
nary individually; results are shown in Table 8 for Stigmatizing
dictionaries and Table 9 for Destigmatizing dictionaries.

For stigmatizing language use in tweets about personality disor-
ders, we found that the only significant effects for rise in language
use was for Power and Dehumanization. Interestingly, language
regarding inappropriate labels for mental illness (Model 1 in Table
8) did not see any significance and in fact this language was rarely
ever used throughout the tweets regarding any personality disor-
der. Instead, language that was stigmatizing was much more
heavily reliant on words related to Power as well as Mecha-
nistic and Animalistic Dehumanization. This may follow past
literature finding that dehumanizing words are especially prevalent
in judgments towards groups of people (particularly immigrants

and those seen as different) and have been researched as causing
social harm [63, 64]. Additionally, the Power dictionary in LIWC
contains many words of violent and dangerous natures, which are
often cited as a primary depiction of those with mental illness [72].
While Inappropriate Labels for Mental Illness is particularly mental
health context-specific, it may contain words that are not often
used by users to describe those with mental illness either due to
societal knowledge that these words are not appropriate or lack
of frequency of these words in everyday or online language. As
for destigmatizing language, there were significant effects across
the board for LIWC dictionaries and a clear negative relationship
between during and after trial time with these dictionaries. In other
words, during and after the trial, all of Self-transcendent, Well-
ness, Well-being, Prosocial, and Personal Pronoun use decreased
significantly (Health had a significant decrease in use after the trial
compared to before the trial, but no significance during the trial’s
duration). We also note an increase in the usage of personal pro-
nouns for tweets referencing personality disorders not mentioned
in trial, but no significant changes for any other dictionary.

4.3 Effects on General Mental Health Discourse
In addition to evaluating how the Depp-Heard trial may have in-
fluenced stigmatizing versus destigmatizing language around per-
sonality disorder discourse, we also investigated whether there
may have been influence over general mental health discourse on
Twitter as well.

We show our regression results using the similar techniques
from previously in Table 10.

We find that there is a surprisingly significant effect on stigma-
tizing language and a decrease in destigmatizing language over
the trial’s time period and afterwards, similar to our findings for
tweets containing trial-mentioned personality disorders. Although
we cannot confirm that the trial caused these language changes (for
example, it is possible that mental health discourse was skewing
towards stigmatization regardless of the trial taking place), we do
note the coefficients following a similar pattern to trial-mentioned
disorders where there continues to be a significant effect even after
the trial’s conclusion but noticeably to a smaller coefficient that
during the trial.

4.4 Summary of Findings
In sum, our key findings were:

• Tweets mentioning disorders highlighted in the Depp-Heard
trial had significant increases in stigmatizing language and
decreases in destigmatizing language. In particular, regres-
sion results showed a 7% increase in the stigmatizing lan-
guage and a 16% decrease in destigmatizing language, while
causal impact analysis showed over 97% probability that the
trial caused a 17% rise in stigmatizing language. In contrast,
all other disorders not mentioned in the trial had no changes
in stigmatizing or destigmatizing language.

• We found a lasting impact of the Depp-Heard trial: OLS
regression results showed was a 2.3% rise in stigmatizing
language use and a 5.3% decrease in destigmatizing language
use during almost two months after the trial’s conclusion.
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Table 6: OLS regression results for Stigmatizing/Destigmatizing LIWC score for *replies* to tweets (1) personality disorders
mentioned in the Depp-Heard trial (borderline, histrionic, narcissistic) (2) all other personality disorders (paranoid, schizoid,
schizotypal, antisocial, avoidant, dependent, obsessive-compulsive). The dependent variable for Model 1 is the average LIWC
score for Stigmatizing, Model 2 is the average LIWC score for Destigmatizing, Model 3 is LIWC score for dictionary Negative
Tone, and Model 4 is LIWC score for dictionary Positive Tone; the predictor for all models is the time period relative to the
trial. We use Before Trial as our baseline for each regression.

Model 1
Stigmatizing
coeff, std.err

Model 2
Destigmatizing
coeff, std.err

Model 3
Negative Tone
coeff, std.err

Model 4
Positive Tone
coeff, std.err

Replies to
tweets with:

Time period
relative to trial

personality
disorders
in trial

before
(baseline) 0 0 0 0
during 0.083*,0.006 -0.179*, 0.011 0.509*, 0.043 -1.117*, 0.066
after 0.008, 0.007 0.015, 0.012 0.103*, 0.049 1.259*, 0.074

all other
personality
disorders

before
(baseline) 0 0 0 0

during 0.021, 0.030 0.064, 0.043 0.077, 0.186 0.382, 0.240
after 0.027, 0.030 0.017, 0.043 0.093, 0.187 0.176, 0.240

* p < 0.05

Table 7: OLS regression results for how stigma of a reply is
predicted by the stigma of a tweet with (1) personality disor-
ders mentioned in the Depp-Heard trial (borderline, histri-
onic, narcissistic) (2) all other personality disorders (para-
noid, schizoid, schizotypal, antisocial, avoidant, dependent,
obsessive-compulsive). The dependent variable forModel 1 is
the LIWC score for Stigmatizing for a reply to a tweet while
the independent variable is the LIWC score of Stigmatizing
for the tweet that received replies. The dependent variable
for Model 2 is the LIWC score for Destigmatizing for a reply
to a tweet while the independent variable is the LIWC score
of Destigmatizing for the tweet that received replies.

Model 1
Stigma of Reply
coeff, std.err

Model 2
Destigma of Reply
coeff, std.err

Tweets with:
personality
disorders
in trial

0.152*, 0.004 0.137*, 0.003

all other
personality
disorders

0.158*, 0.019 0.166*, 0.126

* p < 0.05

• In terms of specific languages used to stigmatize personal-
ity disorders, we found increases in the use of Animalistic
Dehumanization words (e.g., creature, dangerous, infectious,
pig) and Power-related words (e.g., armed, assault, beaten,
killing). In terms of specific destigamtizing languages, we
found a significant decrease (48%) in using pronounces of I
or We, which suggests a significant decline in self-disclosure.

• In terms of general mental health discourse on Twitter, we
saw a surprisingly significant effect on the increase of stig-
matizing language and a decrease in destigmatizing language
over the trial’s time period (+11% and -3%) and afterward
(+6% and -2%).

5 DISCUSSION
This study was a first look at how media can impact and potentially
exacerbate stigmatizing language online regarding mental health.
In our work, we focused on the Depp-Heard defamation trial that
was of high public interest and conducted language analysis tech-
niques, grounded in existing knowledge about language used in
mental health stigma, to uncover how this event affected online
stigma towards mental health. We found significantly greater levels
of stigmatizing language along with significantly lower levels of
destigmatizing language in tweets referencing personality disor-
ders both during and after the Depp-Heard trial. Our regression
analyses showed that external events can cause significantly greater
prevalence of stigmatizing language relating to dehumanization and
power, greater use of negative language, and decreased amounts
of personal disclosure and health-related language. We also note
the possibility of causes for this language change other than the
Depp-Heard trial, such as general mental health discourse patterns;
however, our analysis also used the stigmatizing and destigmatiz-
ing language use patterns of exactly one year prior to the trial
in our causal impact analysis to control for other effects such as
seasonal factors. Our causal impact analysis to find the probability
that the Depp-Heard trial had a causal effect on increases in stig-
matizing language. Our findings include over 97% probability that
the event caused a significant increase in stigmatizing language
use on Twitter about personality disorders. The Depp-Heard trial
affected language towards mental health discourse at large as well;
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Table 8: OLS regression results broken down from the aggregated Stigmatizing score, which included individual dictionaries of
Inappropriate Labels for Mental Illness (Model 1), Mechanistic Dehumanization (Model 2), Animalistic Dehumanization (Model
3), Power (Model 4), and Risk (Model 5).

Model 1
Inappr. Labels
Mental Illness
coeff, std.err

Model 2
Mech.
Dehuman.
coeff, std.err

Model 3
Animal.
Dehuman.
coeff, std.err

Model 4
Power

coeff, std.err

Model 5
Risk

coeff, std.err
Tweets
containing:

Time relative
to trial

personality
disorders
in trial

before
(baseline)

0 0 0 0 0

during 0, 0 0.003, 0.002 0.002, 0.004 0.336*, 0.014 0.004, 0.006
after 0.001, 0 0.002, 0.002 0.010*, 0.004 0.105*, 0.015 -0.003, 0.006

all other
personality
disorders

before
(baseline)

0 0 0 0 0

during 0, 0 0.010, 0.008 0.019, 0.016 -0.005, 0.060 0.049, 0.046
after 0,0 0.032*, 0.008 0, 0.016 -0.092, 0.061 0.112, 0.046

* p < 0.05

Table 9: OLS regression results broken down from the aggregated Destigmatizing score, which included individual dictionaries
Self-transcendent (Model 1), Health (Model 2), Wellness (Model 3), Well-being (Model 4), Pro-social (Model 5), Personal Pronouns
(Model 6).

Model 1
Self-
transc.
coeff, s.e.

Model 2
Health

coeff, s.e.

Model 3
Well-
ness
coeff, s.e.

Model 4
Well-
being
coeff, s.e.

Model 5
Pro-
social
coeff, s.e.

Model 6
Person.
Pron.
coeff, s.e.

Tweets
with:

Time relative
to trial

personality
disorders
in trial

before
(baseline)

0 0 0 0 0 0

during -0.05*, 0.01 -0.17, 0.05 -0.01*, 0.01 -0.03*, 0.01 -0.02*, 0.01 -0.48*, 0.02
after -0.02*, 0.01 0.21*, 0.06 -0.01*, 0.01 -0.03*, 0.01 -0.04*, 0.01 -0.26*, 0.02

all other
personality
disorders

before
(baseline)

0 0 0 0 0 0

during -0.01, 0.02 0.12, 0.25 -0.02, 0.01 -0.01, 0.02 -0.01, 0.04 0.15*, 0.06
after 0.03, 0.02 -0.19, 0.25 0.01, 0.01 0.01, 0.02 -0.02, 0.04 0.17*, 0.06

* p < 0.05

our analyses found an effect size of over 32% decrease in destig-
matizing language use for tweets just mentioning "mental health"
rather than any specific illness, and over 75% decrease in positive
tone expression. Given continued observation of significant effects
for the period of almost two months post-trial conclusion, we found
that external events may have lasting effects on general mental
health discourse. Other quantitative approaches, such as studying
the contagion of stigmatizing perspectives using network analysis
or the likelihood of a user tweeting stigmatizing language towards
mental health given exposure to other users’ stigmatizing posts,

may also prove important for future research to assess the wide-
spread effects of stigmatizing attitudes on Twitter across mental
health discourse.

Our work has direct implications for awareness and understand-
ing of the significant impacts of offline media events for the stigma-
tization of mental health. Our analysis not only provided evidence
that offline events can significantly increase stigmatizing language
use in online mental health discourse, but also that these effects
may have longer-lasting effects extending past an event’s conclu-
sion. We argue that these findings are important for developing
interventions to destigmatize mental health on online platforms by
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Table 10: OLS regression results for LIWC scores of Stigmatizing (Model 1), Destigmatizing (Model 2), Negative Tone (Model 3),
and Positive Tone (Model 4) in tweets containing keyword "mental health". The dependent variable for all models is the LIWC
score while the predictor is the time period relative to the trial. We use Before Trial as our baseline for each regression.

Model 1
Stigmatizing
coeff, std.err

Model 2
Destigmatizing
coeff, std.err

Model 3
Negative Tone
coeff, std.err

Model 4
Positive Tone
coeff, std.err

Time period
relative to trial

Tweets with
"mental health"

before
(baseline) 0 0 0 0

during 0.111*, 0.00 -0.326*, 0.00 0.070*, 0.01 -0.758*, 0.01
after 0.055*, 0.001 -0.166*, 0.002 0.159, 0.005 -0.253*, 0.005

* p < 0.05

revealing the exacerbating effects that even one-time media events
have on online mental health stigma. Our findings also have practi-
cal design implications for monitoring, visualizing, and designing
for timed interventions for countering rises in stigma online in
response to offline events and for monitoring online community
language towards sensitive subjects; likewise, these findings can
be expanded upon to study how external events may also have
widespread positive (i.e. destigmatizing) effects for sensitive sub-
jects. There have been anti-stigma campaigns both in offline and
online contexts for mental health causes [40, 41, 86]; our study’s
findings may provide an important look at the timing of such in-
terventions and the need for anti-stigma movements during media
events that surge stigma against mental illness. This growth of stig-
matizing language on social media may be leading to the growth
of stigmatizing perspectives in offline society, or it may be simply
a reflection of existing stigmatization in society; the direction of
this influence remains to be unpacked in future work. Regardless,
stigmatizing language use online has been repeatedly shown to
be harmful to people’s self-image and well-being [48, 61, 70]. One
concrete future direction to explore the real-world impacts of online
stigmatization is to conduct an analysis predicting the large-scale
survey responses of mental health and well-being (e.g., [59]) using
the stigmatization languages in social media. Other future work
may also explore the real-world effects of online stigmatization on
offline help-seeking behaviors as well; for example, it is unknown
how online stigmatization may affect exposed persons in therapy,
which may be especially important to study in the context of per-
sonality disorders given that people with personality disorders are
already susceptible to sensitivity towards societal rejection [8].

There is also important future work in studying stigmatizing
language in nuanced and context-specific ways. Stigma may take
many different forms. For example, Kealy and Ogrodniczuk studied
the marginalization of people with borderline personality disor-
der, finding that stigmatization of the disorder primarily fell into
categories of: (1) the incorrect claim that borderline personality
disorder is unresponsive to treatment, (2) borderline personality
disorder is rare, (3) borderline personality is not a real illness, (4)
language choice of "borderline" sidelining the illness [54]. Different
types of stigma may have differing effects on society as well as man-
ifest differently in online discourse; future avenues for research in

this field may benefit from studying stigmatization in context- and
disorder-specific ways. There are also several other dimensions to
mental health stigma that our work did not explore, such as demo-
graphics. Evidence suggests that gender, for example, is a primary
dimension of social stigma. For example, personality disorders and
eating disorders are closely associated with women while substance
use is associated with men [15, 65]; these associations affect the
type of stigma associated with disorders as well, such as males
with borderline personality disorder being seen as more danger-
ous while females with borderline personality disorder are viewed
with greater pity [65]. Other analysis including account informa-
tion, such as tweets from accounts that are news coverage versus
non-news coverage or incorporating account following/follower
numbers, could also provide greater detail into how language use
may vary between populations and how stigma is spread through
different types of channels.

Lastly, we acknowledge that work studying how external events
can exacerbate harm in online discussions carries the risk of misuse.
For example, just as our work could be used for timed interventions
for countering online harm like stigma, it may also be used for
designing targeted campaigns to take advantage of public events
to exacerbate harmful language online. However, we believe our
work to have significant positive influence alongside the recent
developments in online mental health awareness and interventions
[60, 61, 88], and a necessary look into how media affects stigma in
online communities of people with mental illness.

5.1 Limitations
Our work has several limitations worth noting. First, Twitter may
not be representative of all social media platforms. Twitter may be
favored by users who present feelings of greater stigma due to its
potential anonymity [3], and may not be representative of general
public opinion nor social media attitudes on other platforms. Addi-
tionally, the Depp-Heard trial is just one of many events that may
impact online stigmatization towards mental health. However, our
analysis may provide a significant starting point and contribution
for the research space of external events’ effects for online mental
health discussion. Second, we acknowledge that our analysis relied
on just one language analysis tool LIWC. However, LIWC may be
a limited approach in that it cannot determine whether language
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used is towards a mentioned mental health condition versus an-
other topic (e.g. domestic violence, a specific individual). Other
language models and tools (such as the popular probabilistic topic
model Latent Dirichlet Allocation, or LDA) may be additionally
explored for analysis in future work. Third, we acknowledge that
our analysis used course time periods of 51-day long periods before,
during, and after the Depp-Heard trial; using more granular time
periods, such as looking at day-to-day changes in language use, as
well as data collection past the 51-day post-trial period can allow
deeper investigation to how language use changes over time as
well as the longer-lasting effects of the event. Fourth, our work is
solely a quantitative look at how language has changed on Twitter
from the Depp-Heard trial, and did not include other measures
of perception that may be able to be measured in mixed-methods
approaches to this topic. Our study can only perceive perception
towards mental health from the language choices of users. Lastly,
we also note key limitations in our keyword-based approach to
sampling tweets, such that we could not capture discussions about
mental health or personality disorders that did not use our exact
keywords. However we note that our personality disorder keywords
are the formal medical terms used for these disorders; the actual
effects of stigmatization that we identified in our study may be even
greater in reality, given that our study did not capture tweets with
derogatory, outdated, or inaccurate terms used to reference these
disorders [17, 81].

6 CONCLUSION
Our work investigated the question of how and to what extent
highly publicized events affect language towards mental health on
social media, particularly in stigmatizing or destigmatizing ways.
Evaluating Twitter data from the widely covered news event of
the Johnny Depp - Amber Heard trial and its discussion around
personality disorders, we found significantly greater use of stigma-
tizing language in Twitter posts regarding personality disorders as
well as referencing mental health generally. We found significant
effects both during the time period of the trial and even for the
nearly two months after the trial’s conclusion. Our results indicate
that offline media has significant effects on online mental health
discourse, and are key for motivating effective online interventions
to mitigate media’s potential to exacerbate mental health stigma
on social network platforms.
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A FULL RESULTS FOR VOLUME OF TWEETS (SECTION 4.1.1)

Table 11: OLS regression results for the number of likes, retweets, and replies per tweet.

Model 1
# Likes per tweet
coeff, std.err

Model 2
# RTs per tweet
coeff, std.err

Model 3
# Replies per tweet
coeff, std.err

Tweets
with:

Time period
relative to trial

personality
disorders
in trial

before
(baseline)

0 0 0

during 2.674, 4.249 0.377, 0.461 0.107*, 0.043

after -2.708, 4.541 -0.221, 0.492 0.017, 0.046

all other
personality
disorders

before
(baseline)

0 0 0

during 5.062, 3.241 1.182, 0.810 0.117*, 0.053

after 1.169, 3.259 0.357, 0.815 0.108, 0.053
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