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Abstract

Mental health challenges are thought to afflict around 10% of the global population
each year, with many going untreated due to stigma and limited access to services.
Here, we explore trends in words and phrases related to mental health through a
collection of 1- , 2-, and 3-grams parsed from a data stream of roughly 10% of all
English tweets since 2012. We examine temporal dynamics of mental health language,
finding that the popularity of the phrase ‘mental health’ increased by nearly two
orders of magnitude between 2012 and 2018. We observe that mentions of ‘mental
health’ spike annually and reliably due to mental health awareness campaigns, as
well as unpredictably in response to mass shootings, celebrities dying by suicide, and
popular fictional stories portraying suicide. We find that the level of positivity of
messages containing ‘mental health’, while stable through the growth period, has
declined recently. Finally, we use the ratio of original tweets to retweets to quantify
the fraction of appearances of mental health language due to social amplification.
Since 2015, mentions of mental health have become increasingly due to retweets,
suggesting that stigma associated with discussion of mental health on Twitter has
diminished with time.
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List of Figures

4.1 Timeline of mental health discourse on Twitter. The top panel
shows the rank timeseries of the 2-gram “mental health” over the past
decade on a logarithmic axis. Rank is determined by ordering 2-grams
in descending order of counts for each day, and plotted on an inverted
axis. The median rank value of the timeseries is highlighted by a hor-
izontal red line. Between 2012 and 2018, the phrase increased in rank
by nearly two orders of magnitude, reflecting a dramatic increase in
the discussion of mental health on Twitter. The bottom panel shows
the “ambient happiness” of all messages containing the 2-gram “mental
health” for each day over the same time period. For clarity, this data is
shown as a weekly rolling average, and again the median is highlighted
by a red horizontal line. Ambient happiness remained roughly constant
during the period of increasing volume, but has dropped since 2017.
Across both panels, key dates are highlighted in grey and annotated
with the associated event. These are dates that led to large spikes or
drops in either timeseries. Annually occurring events, such as Bell Let’s
Talk (BLT) or Mental Health Awareness Day (MHAD), are shown with
light grey, and unexpected events are highlighted with a darker grey.
Ambient happiness dips tend to correspond to mass shootings, with
the lowest period coinciding with discussion of the Netflix series “13
Reasons Why.” . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

4.2 Top n-grams used in discussions of mental health. Here we
show the top fifteen 2-grams that appear in the “mental health" tweet
collection for a few outlier dates noted in Fig. 4.1. Each subplot lists the
date and its associated event, along with a bar graph of the usage rate.
It is worth noting that the bars in each subplots cannot be compared
to those of the other subplots, as the range of the x-axes are varied for
clarity. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
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4.3 Happiness word shift graphs. In each of the six panels, we show the
twenty 1-grams that contribute most to the shift in ambient happiness
on key dates shown in Fig. 4.1, relatively to the prior week. The words
shown in blue are ones that have been labeled as relatively negative, and
the ones shown in yellow have been labeled as relatively positive [21].
For example, on the day of the Sandy Hook shooting, the relatively
negative word “gun" appeared more often in mental health tweets than
during the prior week, while the relatively negative words “depression"
and “disease" appeared less often. On Bell Let’s Talk day, the rela-
tively positive words “donate" and “amazing" appear more often, and
the relatively negative words “problem" and “worst" appear less often.
The darker shade of these colors tells us where there is an increase in
these words, while the lighter shade represents a decrease in usage. The
happiness score shift is shown on the horizontal axis, representing how
positive or negative the language on these days becomes, and the hap-
piness rank of the 1-gram in this subset is shown on the vertical axis.
Average ambient happiness scores for the day of the event, as well as a
week before the event, are also noted at the top of each subplot. . . . 18

5.1 Allotaxonograph using rank-turbulence divergence of 1-grams
from tweets in 2020 containing the anchor phrase “mental
health", compared to a random sample of tweets in 2020. In
the central 2D rank-rank histogram panel, phrases appearing on the
right have higher rank in the mental health subset than in random
tweets, while phrases on the left appeared more frequently in the ran-
dom sample. The table to the right shows the words that contribute
most to the divergence. For example, the phrase “take care of" was the
112th most common 3-gram in random tweets posted during 2020, but
it was the most common 3-gram in tweets containing “mental health”.
Note that when ranking 3-grams from mental health tweets, “* mental
health" and “mental health *" phrases were removed for clarity. The
balance of the words in these two subsets is also noted in the bottom
right corner of the histogram, showing the percentage of total counts,
all words, and exclusive words in each set. See Dodds et al. [18] for a
detailed description of our allotaxonometric instrument. . . . . . . . . 22
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Figure 5.1: Allotaxonograph using rank-turbulence divergence of 1-grams from
tweets in 2020 containing the anchor phrase “mental health", compared to a
random sample of tweets in 2020. In the central 2D rank-rank histogram panel, phrases
appearing on the right have higher rank in the mental health subset than in random tweets,
while phrases on the left appeared more frequently in the random sample. The table to the
right shows the words that contribute most to the divergence. For example, the phrase “take
care of" was the 112th most common 3-gram in random tweets posted during 2020, but it
was the most common 3-gram in tweets containing “mental health”. Note that when ranking
3-grams from mental health tweets, “* mental health" and “mental health *" phrases were
removed for clarity. The balance of the words in these two subsets is also noted in the bottom
right corner of the histogram, showing the percentage of total counts, all words, and exclusive
words in each set. See Dodds et al. [18] for a detailed description of our allotaxonometric
instrument.
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When comparing n-grams from these subsets in Fig. 5.1, we see that the mental

health dataset, shown on the right side of the figure, includes language related to

taking care of your physical and mental health, suicide prevention, men’s mental

health, social media, and personal time. These topics seem to have become more

prominent in the year 2020 with people being at home and isolated during the COVID-

19 pandemic, and with more awareness being brought to the relationship between

social media and mental health. While we would expect to see pandemic-related

phrases show up in 2020, these topics were equally mentioned across both samples,

so they do not appear on either side of this histogram.

Studies this year have shown that at the onset of the pandemic, Google searches

for terms related to mental health increased initially, followed by a “flattening out”

after stay-at-home orders were announced [24]. It has also been recorded that in the

time between March and July 2020, average phone screen time doubled to 5 hours per

day and rates of depression increased by 90 percent [22]. While these figures cannot

tell us everything about how language differs between subsets of conversation, they

do provide a sense of the mental health topics individuals discussed in 2020.

5.2 Contagiograms

To better understand the dynamics of phrases related to mental health, we explore

ways in which these messages are spreading across Twitter. Tweets can be either

posted as original content in a new message, or a user can retweet a message that

another user has posted.

Organic messages show that users are writing their own content related to a topic,
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while retweeted messages show that this topic is being shared and spread to other

groups of users; both are important means of contributing to conversation. Both

organic messages (OT) and retweeted messages (RT) appear in our dataset and are

included in the previous analyses, so it is important to also examine the proportion

of messages that fall into these two categories.

Fig. 5.2 shows “contagiogram” plots, as implemented by Alshaabi et al. [2], which

highlight the relationship between retweeted and organic content for a given n-gram

on Twitter. The top panel of these plots shows the monthly relative usage of the

specified n-gram, highlighting usage of organic messages in blue and shared retweets

in orange. A shaded area in this top panel represents time periods when the number

of retweeted messages surpasses that of organic messages, highlighting social ampli-

fication.

The middle panel shows retweet usage of an n-gram, relative to the rate of all

retweeting behavior across English Twitter, using a heatmap for each day of the

week across the timeseries. In this heatmap, darker red shades represent a higher

relative rate of retweets for the given n-gram compared to a random English n-gram

on Twitter, and grey shades represent a higher rate of original messages. The bottom

panel provides the rank timeseries of the n-gram, with a month-scale smoothing of

the daily values shown in black. In Fig. 5.2, we look at these contagiogram plots for

a collection of key n-grams related to the discussion of mental health on Twitter.

Looking at English Twitter overall, the balance of messages was primarily organic

until around 2017, when the practice of retweeting messages tipped the balance [3].

Around this same time, retweeted messages reach higher numbers than organic mes-

sages for most mental health related n-grams, as seen in the top panels of these

24
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Figure 5.2: Contagiograms for mental health related n-grams. Phrases and hashtags
related to the topic of mental health have grown in volume throughout the time period studied,
as reflected by their popularity relative to all tweets. In each subplot, the top panel displays
the monthly relative usage of each n-gram, indicating whether they appear organically in
new tweets (OT, blue), or in shared retweets (RT, orange). The shaded area highlights time
frames when the number of retweeted messages is higher than that of organic messages,
suggesting social amplification [2]. The middle panel of each subplot shows the retweet
usage of each n-gram relative to the background rate of retweets among all English tweets,
with a heatmap for each day of the week. For these heatmaps, the color map is shown to the
right, with darker red representing a higher relative rate of retweeting among these messages
compared to general messages, and grey representing a higher rate of original messages. The
bottom panel shows the basic n-gram rank timeseries, with a month-scale smoothing of the
daily values shown in black, and background shading in grey between the minimum and
maximum rank of each week. Note that phrase counts only reflect tweets that have been
identified as messages written in English as discussed by Alshaabi et al. [3].
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subplots.

Examining the heat map panels of these subplots, we observe a larger social am-

plification effect in hashtags related to mental health, highlighted by the darker red

shades across the heatmaps. In recent years, however, these hashtags shift to more

organic messages, with the heatmaps becoming more grey after around 2018. The

hashtag “#BellLetsTalk” sees the most retweeted behavior of these hashtags, as well

as an annual spike on the day of the event, followed by a substantial tail of conversa-

tion following this date. On Mental Health Awareness Day (October 10th) of 2018,

organic tweets referencing #BellLetsTalk spiked, leading to the inversion of RT/OT

in late 2018 that we see in Fig. 5.2F. We also see more original content containing

self-disclosure phrases, such as “my therapist" or “my depression", as seen in the third

row of n-grams which appear to have largely grey shades across the heatmaps. These

relationships suggest that users are sharing hashtags in order to spread awareness,

and feel comfortable retweeting hashtags posted by others. The public disclosure

of private personal anecdotes, which helps to normalize conversation about personal

struggles with mental health, is treated differently.

Overall, our results suggest that a larger number of individuals feel comfortable

making mental health disclosures publically, but they are amplified relatively less

often than other types of mental health messages. Across the subplots, we see a sub-

stantial increase in the rank of all phrases/hashtags over time, with annual awareness

days resulting in spikes corresponding to their given date each year. These find-

ings offer evidence that understanding mental health conversations have increased

substantially over time, reducing the stigma surrounding mental illness.
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Chapter 6

Concluding Remarks
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In this project, we explored the conversation around mental health and its appear-

ance on the social media platform Twitter. Using a collection of phrases, we examined

how often the topic of mental health is discussed in tweets, finding that the 2-gram

“mental health” has increased in rank by nearly two orders of magnitude since 2012.

We calculate the associated ambient happiness for the same time series, finding that

happiness is largely effected by key dates and has generally decreased over the past

decade.

Compiling a new dataset of n-grams found in the subset of tweets mentioning

“mental health”, we analyzed text associated with this specific term, finding the top

n-grams related to the topic and their usage rates. We examine the the language in

this conversation across years, finding topics that emerged over the past year since

the pandemic began.

Comparing usage rates of retweeted content and original content, we find that

common “awareness” messages are being amplified on the social media platform, while

personal self-disclosing statements are being seen more in organic, originally authored

content. These results provide valuable insight into how the discussion of mental

health has changed over time, and suggests that more awareness and acceptance has

been brought to the topic compared to past years.

We acknowledge that using Twitter as a data source for this research has many

limitations, as its user base is not a broadly representative sample of the human

population. A study by the Pew Research Center [33] shows that as of June 2019, a

only 22 percent of all US adults reported using Twitter, smaller for example than the

69 percent who use Facebook. The age breakdown of users is also skewed, with 38

percent of 18-29 year-olds using Twitter while only 17 percent of 50-64 year-olds use
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the site.

While demographics of race are fairly uniform (21 percent of white adults, 24

percent of black adults, and 25 percent of Hispanic adults), the platform is more

often used by individuals with a college degree (32 percent) living in an urban area

(26 percent) [33]. We also recognize that a portion of Twitter accounts are run by

businesses, institutions, and other organized groups, rather than simply individual

people. These corporate accounts, such as “@Bell_LetsTalk”, would have more of a

pattern and agenda to their posted tweets, and there is not currently a way to filter

out these messages. Due to these complexities of the Twitter user base, care must be

taken when interpreting findings based on tweets.

These limitations could be addressed in future studies by expanding the data

sources, e.g., by looking to other available online sites such as Reddit, Instagram, or

Facebook, whose user bases differ in some regards. Turning away from social media,

one could examine clinical records for cases of diagnosed mental illness, analyzing

the language and positivity of physician notes. Rather than looking at simply the

messages of this social media platform, this work could be expanded to address the

conversation on a network scale, determining how interactions between users impact

the discourse.

The work presented here is also limited to the anchor phrase “mental health”, and

thus could be leaving out conversation related to the topic. To further enrich these

findings, future work could expand the existing mental health dataset to include

tweets with additional anchor n-grams, although a method for determining these

anchors would be necessary.

We believe the results presented here provide useful texture regarding the growing
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conversation around mental health on Twitter, and evidence that more people are

contributing to this conversation on the public social media platform than ever before.

Public health campaigns aiming to reduce stigma surrounding mental health can

leverage success stories to improve their messaging. As this conversation continues

to grow, and perhaps becomes more normalized, it will be useful to examine the

language or events that could be contributing to these shifts.
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A.1 Top n-grams in Mental Health Col-

lection
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Figure S1: Top n-grams used in discussions of mental health. Here we show the top
fifteen 1-grams that appear in the “mental health" tweet collection for a few outlier dates
noted in Fig. 4.1. Each subplot lists the date and its associated event, along with a bar graph
of the usage rate.
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Figure S2: Top n-grams used in discussions of mental health. Here we show the top
fifteen 3-grams that appear in the “mental health" tweet collection for a few outlier dates
noted in Fig. 4.1. Each subplot lists the date and its associated event, along with a bar graph
of the usage rate.
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