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Abstract

This study examines depression-related chatter on Twitter to glean insight into social networking
about mental health. We assessed themes of a random sample (n=2,000) of depression-related
tweets (sent 4-11 to 5-4-14). Tweets were coded for expression of DSM-5 symptoms for Major
Depressive Disorder (MDD). Supportive or helpful tweets about depression was the most common
theme (n=787, 40%), closely followed by disclosing feelings of depression (n=625; 32%). Two-
thirds of tweets revealed one or more symptoms for the diagnosis of MDD and/or communicated
thoughts or ideas that were consistent with struggles with depression after accounting for tweets
that mentioned depression trivially. Health professionals can use our findings to tailor and target
prevention and awareness messages to those Twitter users in need.
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1. Introduction

The use of social media platforms has steadily risen over the past decade, and recent surveys
estimate that 90% of online adolescents and young adults in the United States use some kind
of social networking site (Duggan & Smith, 2013). One of the most popular social
networking sites is Twitter with 19% of online American adults using its platform (Duggan
& Smith, 2013). In fact, 35% of internet users of ages 18-29 use Twitter, and American
teenagers named it the “most important social media network™ in a 2013 market research
survey (Brenner, 2013; Edwards, 2013). Additionally, latest data from a 2014 survey from
the Pew Research Center found that 23% of online adults currently use Twitter, which is a
5% increase from 2013 (Duggan, Ellison, Lampe, Lenhart, & Madden, 2015). Twitter is a
microblogging platform where users create short updates that are less than 140 characters.
These “tweets” are then viewed by a network of “followers” that choose to follow the user’s
account (Marwick, 2011).
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Because of the ease with which Twitter allows users to connect with a large audience of
acquaintances and strangers, its popularity has grown, especially with teens and young
adults (Brenner, 2013; De Cristofaro, Soriente, Tsudik, & Williams, 2012). In fact, Twitter
contrasts with other popular social media platforms like Facebook, because Twitter users
tend to keep their posts public while Facebook profiles often use privacy settings. Adults
between the ages of 55-64 are now the fastest growing demographic on Facebook (Tappin,
2014) and, consequently, it is considered by many teens to have a prominent adult presence
(Madden et al., 2013). In contrast, most of the Twitter users are young (66% are 25 years old
and under) (Bennett, 2014; De Cristofaro et al., 2012). In terms of the demographic specifics
among teen Twitter users, Twitter is more popular among girls versus boys (37% versus
30%). Additionally, African American teens use Twitter to a higher degree than Caucasian
counterparts (45% versus 31%) (Lenhart et al., 2015). Given that there is less interaction or
oversight from older adults/parents, in general on Twitter, young Twitter users can feel free
to openly communicate with friends and acquaintances about virtually anything, even topics
as traditionally private as mental illness.

Depression tends to be a stigmatized condition (Eisenberg, Downs, Golberstein, & Zivin,
2009) and many people consider the struggle of such symptoms to be “private matters”
and/or choose not to seek treatment because they do not want to be labeled as a psychiatric
patient (Bland, Newman, & Orn, 1997; Dew, Dunn, Bromet, & Schulberg, 1988; Sirey et al.,
2001). Moreover, self-harm, defined as intentional self-poisoning or self-injury, irrespective
of type of motive or the extent of suicidal intent, is a grave public health problem among
young people (Hawton, Saunders, & O’Connor, 2012). Thoughts about self-harm are also a
risk factor for suicide and are strongly associated with mental illnesses, especially Major
Depressive Disorder (MDD) (Evans, Hawton, & Rodham, 2004; Kessler, Berglund, Borges,
Nock, & Wang, 2005; Pfaff & Almeida, 2004).

Several studies have examined references to depression, self-harm, and suicidality on social
media in an effort to better understand the information being shared and discussed, however
the research on this topic is still in its infancy. For instance, existing research has identified
that posts about stress and depressive symptoms are common on Facebook profiles (Egan &
Moreno, 2011; Moreno et al., 2011). In addition, an individual’s social media posts about
feeling depressed corresponded well with the depression symptoms they self-reported on a
depression screening tool (Moreno et al., 2012). Studies focused on depression-related
tweets have been relatively few in number but nonetheless signal that such risk factors as
suicidality, self-harm, and depression are posted on Twitter. For instance, De Choudhury et
al. (2013) studied the tweets of individuals who had been diagnosed with MDD according to
self-report responses using the Center for Epidemiologic Studies Depression Scale (CES-D).
Based on their retrospective study evaluating tweets for one year prior to the reported onset
of MDD, the researchers detected lowered social activity, greater negative emotion, high
self-attentional focus, increased relational and medicinal concerns, and heightened religious
thoughts among individuals who scored positively for depression when compared against
individuals who scored negatively for depression using ratings from the CES-D. In a related
study, researchers examined the keyword “depression” on Twitter for two months in 2009
and yielded 20,000 tweets; the researchers found initial evidence that individuals tweet
about their depression and even disclosed updates about their mental health treatment on
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Twitter (Park, Cha, & Cha, 2012). Likewise, a case study of tweets posted by a Twitter user
prior to committing suicide found that suggestions of suicide were noted in the individual’s
tweets immediately prior to the suicide occurring (Gunn & Lester, 2012). Another related
study found associations between clusters of at-risk suicide Twitter conversations and
increased prevalence of geographic-specific suicide rates reported in traditional data sources
(Jashinsky et al., 2015). Lastly, a study of Tweeters in Japan found that self-reported
lifetime suicide attempts were associated with tweets expressing suicidality (Sueki, 2015).

There is still much to learn about the content of depression-related tweets. Symptoms of
depression have been observed in Facebook posts (Egan & Moreno, 2011; Moreno et al.,
2011); however, it is unknown if in some cases, clinical symptoms of depression can be
identified in tweets. At the other extreme, while there is some indication that Tweeters
provide encouragement to individuals with depression (Park, Cha, & Cha, 2012), the extent
of supportive tweets (i.e., educational and prevention messages) about depression is likewise
unclear even though it is quite possible that Tweeters seek out or post supportive comments
or advice about depression on Twitter. Furthermore, as stated in a recent editorial published
in this journal, the need for researchers to develop a deeper understanding of this type of
cyberbehavior has never been more timely or more important (Guitton, 2014). In response,
the present study answers the following research questions: What are the most common
themes of depression-related chatter on Twitter and how well do some tweets correspond
with clinical symptoms of depression? In addition, what are the demographic characteristics
of Twitter users posting this type of content? In addressing these research aims, our
exploratory study gleans insight into the conversations and social networking that is
occurring about depression on Twitter, and who is participating in these conversations,
which offers a unique contribution to an emerging field of research.

2. Methods

The Twitter data in the current study is public. The study protocol was approved by the
Washington University Institutional Review Board.

2.1.Tweets related to depression

Tweets about depression were collected by Simply Measured, a company that specializes in
social media measurement and analytics (Simply Measured, 2014). Simply Measured has
access to the Twitter “firehose” (or full volume of tweets) via Gnip, a licensed company that
can retrieve the full Twitter data stream.

All tweets in the English language that contained at least either “depressed”, “#depressed”,
“depression,” or “#depression” were collected between April 11 and May 4, 2014. We
scanned a random sample of the tweets to identify common phrases that included our
keywords of interest but were not about mental health. In SAS version 9.3 (SAS Institute,
Inc., Cary, NC), we used the index function, which searches a character expression (in this
case, the text of the tweet) for a specific string of characters, to locate and remove such
tweets from our sample. We removed tweets that included the following terms, regardless of
capitalization: “Great Depression”, “economic depression”, “during the depression”,
“depression era”, “tropical depression”, and “depressed real estate.
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The popularity and influence of the Tweeters was described using the distribution of
followers and Klout Scores. While number of followers is a measure of popularity, Klout
Score is a measure of influence. Klout Scores range from 0 to 100, with a higher score
indicating higher influence. Klout Score is calculated based on an algorithm that considers
over 400 signals from eight different online networks. Examples of signals include the
amount of retweets a person generates in relation to the amount of tweets shared and the
amount of engagement a user drives from unique individuals (e.g., lots of retweets from
different individuals as opposed to lots of retweets from one person) (Klout Inc., 2014).

Using the SAS surveyselect procedure, we selected a simple random sample of 2,000 tweets
(that were not direct @replies) from the total volume of depression-related tweets. Two
members of the research team, each with graduate level degrees (i.e. Ph.D. and M.P.H) and
more than 10 years of experience in mental health research, scanned approximately 300
random tweets in order to determine their most common themes and generate a codebook.
We defined themes as topics that occur and reoccur (Ryan & Bernard, 2003). Tweets were
coded for presence of the following themes: 1) Tweeter discloses feelings of depression; 2)
Tweet is a supportive or helpful message about depression; 3) Tweeter discloses feeling
school or work-related pressures related to depression; 4) Tweeter engages in substance use
to deal with depression; and 5) Tweeter discloses self-harm or suicidal thoughts. Tweets
could be assigned as many themes as were pertinent. For tweets where the user indicated
that he or she was feeling depressed, those that appeared trivial (i.e., not concerning) were
identified. These were tweets where the depression terms were used casually or in a
humorous manner or referenced depression caused by trivial things, such as being depressed
after finishing a good book, seeing a concert, or watching a sad movie.

In addition, we ascertained the source of the tweet by viewing the Tweeter’s profile picture
and studying their Twitter handle name. The source was then coded into one of the three
following categories: clinician/therapist, health-focused handle (e.g., health/government
organization, handle focused on healthy lifestyle, etc.), or regular person or other (handle did
not fall into the above categories).

Using this codebook, the 2,000 randomly sampled tweets were coded in teams of two
trained student research interns who coded the tweets together, discussing each tweet and
coming to an agreement on the final assigned codes. A sample of 150 tweets was also coded
by a senior team member (Ph.D. clinician) with extensive mental health research experience.
Inter-coder reliability for each theme was as follows: 1) Tweeter discloses feelings of
depression: percent agreement 85%, kappa 0.67; 2) Tweet is a supportive or helpful message
about depression: percent agreement 85%, kappa 0.70; 3) Tweeter discloses feeling school
or work-related pressures related to depression: percent agreement 98%, kappa 0.72; 4)
Tweeter engages in substance use to deal with depression: percent agreement 100%, kappa
1.0; 5) Tweeter discloses self-harm or suicidal thoughts: percent agreement 98%, kappa
0.56; 6) trivial disclosures of depression: percent agreement 90%, kappa 0.70; 7) source of
Tweet: percent agreement 91%, kappa 0.51. Because both prevalence of and kappa for
diminished ability to think/concentrate were low, we chose not to report on this code.
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2.3.Presence of depression symptoms

Tweets where the Tweeter expressed feelings of depression, and were not deemed trivial,
were further coded to identify whether symptoms of depression were also expressed.
Symptoms of MDD, according to Diagnostic and Statistical Manual of Mental Disorders,
Fifth Edition (DSM-5), included depressed mood or irritable most of the day, nearly every
day, decreased interest or pleasure in most activities, significant weight change or change in
appetite, change in sleep, psychomotor agitation or retardation, fatigue or loss of energy,
guilt or worthlessness, diminished ability to think or concentrate or indecisiveness, and self-
harm/suicidality (American Psychiatric Association [APA], 2013). The research team also
coded tweets that disclosed thoughts about self-harm as endorsing a symptom of depression.
Because most Tweeters did not specify the length of time that they had been experiencing a
symptom, we did not use the criteria of “nearly every day” for the symptoms. For example,
if the Tweeter mentioned feeling decreased interest or pleasure in most activities, we coded
this Tweet as endorsing a symptom of depression even though it was not clear if the Tweeter
had been experiencing this symptom “nearly every day”. However, when only general
feelings of depression were expressed (i.e., depressed mood or irritability), we did take the
length of the depressed mood into consideration in order to distinguish the depression-
related tweets that described a chronic or long-term struggle with depression. Specifically,
we differentiated between tweets that provided no information about a length of time for the
depressed mood (e.g. “I’m depressed”) from those glethat indicated that the Tweeter was
feeling depressed for an extended length of time such as “I’m tired of being depressed all
the time.” Psychomotor agitation or retardation must be objective (i.e., observable by others)
and was therefore not coded.

Two team members with graduate degrees (Ph.D. and M.P.H.) and expertise in mental
health research separately coded each of the tweets for symptoms of MDD symptomatology
and/or self-harm. First the presence of any symptom was coded, with good agreement
(percent agreement 87%; kappa 0.65). The team members then discussed the remaining
tweets where there was disagreement to come to a consensus on whether any symptoms
were present. Then the team members further reviewed the tweets where at least one
symptom was present in order to code the specific symptoms present in the tweets. Inter-
coder agreement for each symptom was as follows: 1) depressed mood or irritable: percent
agreement 82%, kappa 0.62; 2) decreased interest or pleasure in most activities: percent
agreement 97%, kappa 0.65; 3) significant weight change or change in appetite: percent
agreement 100%, kappa 1.0; 4) change in sleep: percent agreement 98%, kappa 0.76; 5)
fatigue or loss of energy: percent agreement 98%, kappa 0.83; , 6) guilt or worthlessness:
percent agreement 89%, kappa 0.69; 7) self-harm: percent agreement 97%, kappa 0.73; 8)
suicidality: percent agreement 98%, kappa 0.89. ; agreement was good (median percent
agreement across specific symptoms 97%, range 82% to 100%; median kappa 0.71, range
0.32 to 1.0). We chose not to report on diminished ability to think/concentrate in our results
because both the prevalence of and kappa for this symptom were low. Any disagreements
were then discussed in detail by the two researchers to determine whether the symptom was
expressed in the tweet and a consensus reached.
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2.4.Demographic characteristics

3. Results

3.1.Themes

Demographics Pro was used to infer the demographic characteristics of the individuals who
disclosed feeling depressed in the tweets that were examined in the present study
(Demographics Pro for Twitter, 2014). The demographic characteristics examined include:
age, gender, race/ethnicity, marital status, income, occupation, and location of the Tweeter.
In order to assess for patterns in Twitter interests the most likely Twitter handles that are
being followed by the Tweeters were also provided.

Demographics Pro uses a series of proprietary algorithms to estimate or infer likely
demographic characteristics of Twitter handles based on Twitter behavior/usage. Their
predictions rely on multiple data signals from networks (signals imparted by the nature and
strength of ties between individuals on Twitter), consumption (consumption of information
on Twitter revealed by accounts followed and real-world consumption revealed by Twitter
usage), and language (words and phrased used in tweets and bios).

Demographics Pro has used their methodology to profile some 300 million Twitter users to
date and requires confidence of 95% or above to make an estimate of a single demographic
characteristic. For example, if 10,000 predictions are made, 9500 would need to be correct
in order to accept the methodology used to make the prediction. The success of the
Demographics Pro analytic predictions relies on the relatively low covariance of multiple
amplified signals. Iterative evaluation testing the methodologies on training sets of
established samples of Twitter users with verified demographics allows the calibration of
balance between depth of coverage (the number of demographic predictions made) and
required accuracy. The size of these established samples of Twitter users with verified
demographics varies from 10,000 to 200,000 people depending on the specific demographic
characteristic to be inferred.

For comparison purposes, inferred demographic characteristics across a sample of 20,000
randomly selected English-language Twitter users in the U.S. and Canada were also
provided by Demographics Pro. We used Pearson chi square tests to compare the inferred
characteristics of Tweeters from our sample who expressed feelings of depression versus the
typical Twitter user. P<.05 was considered statistically significant.

From April 11 to May 4, 2014, approximately 12,000,000,000 tweets were posted on
Twitter (Simply Measured, 2014) and of this full stream of Twitter data, a total of 1,562,941
depression- related tweets were collected using our keywords of interest. The median
number of followers of the tweets was 335 (inter-quartile range 137 — 825) and the median
Klout score (or measure of influence) was 39.4 (inter-quartile range 30.5 — 44.2).

The 2,000 randomly sampled tweets had similar follower and Klout distribution as the full
sample (follower’s median 335, inter-quartile range 139 — 821; Klout score median 38.4,
inter-quartile range 29.8 — 43.9). Of the 2,000 randomly sampled tweets, 22 (1%) were not
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about depression in humans and were thus excluded from qualitative analysis. Of the 1,978
tweets that were about depression, 97% (n=1,910) were from unique Twitter handles.

Themes identified in the 1,978 randomly sampled tweets are presented in Table 1.
Supportive or helpful tweets about depression was the most common theme (n=787, 40%)
and included such messages as how to prevent depression, supportive or inspirational quotes
for individuals struggling with depression, and how to help loved ones who are depressed.

Nearly 1/3 of the tweets were coded by our research team as being from individuals who
disclosed feeling depressed (n=625, 32%). All of the tweets expressing feelings of
depression were from unique Twitter handles. The other themes identified were much less
common. School or work-related pressures were mentioned in 3% of the tweets (n=54) and
substance use in the context of feeling depressed was found in 1% of the tweets (n=26).

3.2. Source of tweets

Most of the tweets (n=1,806, 92%) were from ordinary people or other Twitter accounts that
did not fall into the above categories. Only 6% (n=112) of the tweets were from health
focused handles such as health or government organizations or handles promoting healthy
lifestyles (e.g., Doctor’s Nutrition @drsnutritionetx, Natural Health @naturalhealth92). In
addition, only 3% (n=60) were from clinicians or therapists.

3.3.Symptoms of depression conveyed in tweets

From the 625 tweets that disclosed feelings of depression, we identified 419 tweets where
the Tweeter reported struggles that were consistent with depression (versus using
“depression” or “depressed” in a trivial and/or humorous way; n= 206). The 419 tweets were
further coded for the presence of one or more DSM-5 symptom(s) of MDD or indications of
self-harm.

Of the 419 tweets, we identified 125 (30%) that included = 1 symptom of MDD or self-
harm. A flowchart of our study is provided in Figure 1 and examples of such tweets that
included = 1 symptom of MDD or self-harm are provided in Table 2. The most common
DSM-5 symptoms of MDD that were disclosed within a tweet were feeling depressed mood
or irritable (n=73/125, 58%) and guilt or worthlessness (n=30/125, 24%). MDD symptoms
that were endorsed less frequently (<10%) included self-harm (n=10/125, 8%),
contemplating suicide or expressing a desire for death (n=10/125, 8%), decreased interest or
pleasure in most activities (n=9/125, 7%), fatigue or loss of energy (n=9/125, 7%), change in
sleep (n=8/125, 6%), and significant weight change or change in appetite (n=1/125, <1%).

3.4.Demographics of Twitter users

Tweets where individuals expressed feelings of depression (and were not deemed trivial)
was a popular theme of the tweets in our random sample and given the potential clinical
implications associated with these social media messages, our research team had interest in
characterizing the demographic characteristics of these individuals. Accordingly, Table 3
presents the inferred characteristics of Twitter users who tweeted about feeling depressed
(n=419) compared to the inferred demographics of a random sample of 20,000 Tweeters in
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the US and Canada. Those tweeting about feeling depressed tended to be <25 years old
(94%), which is similar to the typical Twitter user (94% <25 years old), but the distribution
of ages under the age of 25 appeared to differ between the two groups (see Table 3). The
vast majority of individuals who tweeted about feeling depressed were girls/women (77%)
in comparison to the typical Twitter user (58%).

Most of the individuals who tweeted about feeling depressed were inferred to be Caucasian
(52%). This prevalence is lower when compared against the typical Twitter user (64%
Caucasian). More tweeters who disclosed feeling depressed were African American than the
typical Twitter user (35% versus 24%).

4. Discussion

The present study examined the depression-related chatter on Twitter over the course of
about one month (April 11 to May 4, 2014) in order to glean insight into the conversation
and social networking that is occurring about depression on this popular social media
platform. Over this time period, over 1.5 million tweets were collected (over 70,000 per
day), showing the considerable presence of social networking about depression on Twitter.
We additionally studied the content of a random sample of these tweets, and inferred within
our research team that the most common theme was supportive or helpful tweets about
depression. Past studies have found that the internet is widely used for information seeking
and/or to engage in peer support exchanges for many health-related issues including
depression (Moreno et al., 2011; Moreno et al., 2012). Our findings add to this emerging
field of research by identifying Twitter as a social media platform where individuals
likewise deliver and/or garner support or helpful advice about depression. We do not know
the extent to which supportive/helpful tweets help individuals to cope with depression but
we do see this as an important next step.

Another common theme that we identified was that the Tweeter was disclosing feelings of
depression. Furthermore, two-thirds of these tweets appeared to reveal one or more
symptoms consistent with the diagnosis of MDD and/or communicated thoughts or ideas
that were consistent with struggles of depression. The most common symptoms we observed
in these tweets included chronic feelings of a depressed or irritable mood and guilt/
worthlessness. Thus, our findings indicate that some individuals are forthcoming about their
mental health struggles via postings on Twitter which corresponds with Park et al. (2012)
who likewise found that individuals tweet about their depression and even disclosed updates
about their mental health treatment on Twitter. Moreover, we found tweets where thoughts
about self-harm and/or suicide were mentioned. When extended to the full sample of tweets,
we estimate nearly 700 tweets per day are posted that entail thoughts about self-harm and/or
suicide.

We are unable to determine the degree to which the tweets that we examined do correspond
with self-reported depression and/or suicidal intent, and a more in-depth study on this topic
is an important next step in this line of research. Nevertheless, it is indeed worrisome that
individuals are socially networking about these topics, especially when the posts involve
self-harm and suicidal thoughts. This is especially concerning given the surmounting
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evidence supporting the social contagion of suicidality (Daine et al., 2013; Gould &
Davidson, 1988; Niedzwiedz, Haw, Hawton, & Platt, 2014; O’Carroll & Potter, 1994). Our
study is exploratory and as a whole, social media research is a relatively new field of
research. Thus, it is relevant to understand the effects of these posts among individuals who
view them because young people tend to be highly impressionable to media messages and
peer influences, in general.

Given the relatively high prevalence of tweets that reflected one or more symptoms for the
diagnosis of MDD and/or communicated thoughts or ideas that were consistent with feeling
depressed, we focused our demographic analysis on these Tweeters. We note that Caucasian
girls/women were inferred to be the most likely Tweeters of depression-related content, and
African Americans also had a dominant presence among the Tweeters. Epidemiological
studies similarly note MDD prevalence rates that are in-line with the gender and racial/
ethnic differences we observed among the Tweeters (Howell, Brawman-Mintzer, Monnier,
& Yonkers, 2001; Kessler, 2003). In fact, the prevalence of depression has been consistently
documented at about twice as high in females versus males (Kessler, 2003). Our findings are
also consistent with research that has found differences in social media use between African
Americans versus Caucasians (Madden et al., 2013). In general, African Americans have a
high presence on Twitter (Madden et al., 2013). African American youth are less likely to
disclose their real name on a social media profile, and this anonymity may facilitate their
openness to discussing depression-related content on Twitter (Madden, et al., 2013).
Whatever the case may be, our study provides a snapshot into the inferred demographic
characteristics of individuals whose tweets are disclosing struggles with depression.

We additionally found that the Tweeters in our study tended to follow the same popular
culture celebrities. Best practices for incorporating social media trends and insights health-
related interventions have not yet been established. However, it may be useful for mental
health-related organizations that currently use Twitter to strategize ways to tailor their
tweets to match the ages and hobbies/interests of individuals who are disclosing feelings of
depression in their tweets. For example, on August 30, 2014, the National Suicide
Prevention Lifeline tweeted, “Musician Rhett Miller talks about his suicide attempt and why
he is glad the Lifeline is here to help. http://ow.ly/ASkwI”’. Another example is Demi
Lovato who is a young adult celebrity who is popular with a young demographic and has
advocated on behalf of mental health issues, including tweets such as “It’s NAMI’s National
Day of Action!! Pass comprehensive mental health legislation #mentalhealth
#Act4MentalHealth” which was tweeted on September 4, 2014. Suicide prevention
organizations are encouraged to strategize ways to incorporate music, education, or popular
culture into their efforts perhaps by partnering with celebrities to deliver prevention
messages about suicide and depression.

Because Twitter limits user’s posts to 140 characters, the depth of content can be lacking.
This restricted the amount of information users could give about their feelings of depression,
and therefore, all causes about the Tweeter’s depression were often not given within the
tweets that we examined. The findings of the study are based on a random sample of 2,000
depression-related tweets sent in a 24-day period. Therefore, more tweets examined over an
extended time period could produce more thorough findings. We did not monitor popular
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terms like “sad”, “unhappy”, and “miserable” because they are commonly used to describe
temporary states or moods and would have likely generated a much higher number of trivial
tweets. However, a more extensive list of keywords to monitor could have led to more
comprehensive findings. We are unable to make any conclusions about the type of
individuals who are willing to share personal information about depression openly online
compared with those who do not choose to socially network in this way. For instance, there
are some individuals with depression who likely suffer from social anxiety (Keller, 2006)
and use Twitter to socially network because they experience less social anxiety interacting
online when compared to offline interactions (Yen et al., 2011). Finally, Demographics Pro
infers demographic characteristics of Twitter users, so although their methods are deemed to
be accurate, it’s possible that the inferred characteristics of the Tweeters do not represent the
actual Twitter users in our sample of tweets. Similarly, the “typical Twitter user”
comparison group is limited to the United States and Canada and is not an exact match of
our sample of Tweeters; most of our Tweeters are inferred to be from the United States and
Canada (78%) while 9% are from United Kingdom and 13% are from another country.

Despite these limitations, the present study offers a unique understanding of the role of
social media in the expression of depression. Twitter is one of the most widely used social
media platforms especially among young people, and we found that many individuals are
posting supportive or helpful tweets about depression. However, we also found a relatively
high prevalence of tweets that revealed one or more symptoms for the diagnosis of MDD
and/or communicated thoughts or ideas that were consistent with feeling depressed. Our
study is unique in its examination of a broad sample of depression-related tweets for
identification of common themes and symptoms as well as Tweeter’s demographic
characteristics and interests. We hope that our findings can be used by mental health
professionals to tailor and target prevention and awareness messages to those Twitter users
who are most in need.
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Universe of Tweets from April 11 to May 4, 2014
N=approximately 12,000,000,000 Tweets

%

Tweets with the terms “depressed” or “depression
N=1,562,941Tweets

&

Random sample of 2,000 Tweets coded for themes

¢

625 Tweets expressed feeling depressed

%

419 Tweets appeared to disclose
a “real” struggle with depression

%

125 Tweets included
2 one symptom of
depression

Figure 1.
Flowchart of tweets related to depression
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Table 3

Demographic characteristics of Tweeters

Typical Twitter handle

Disclosed depression (n =20,000 Twitter
(n= 419 Twitter handles)2 handles)P P
Age, years
<16 22% 16%
17-19 55% 67%
20-24 17% 11%
<.0001
25-29 2% 3%
30-39 2% 2%
>40 2% 1%
Gender
Male 24% 42%
<.0001
Female 7% 58%
Race (U.S. only)
Caucasian 52% 64%
African American 35% 24%
<.0001
Hispanic 13% 11%
Asian 0% 1%
Income
< $10,000 55% 38%
$10,000-19,999 31% 43%
$20,000-29,999 9% 9%
<.0001
$30,000-39,999 3% 4%
$40,000-49,999 1% 3%
= $50,000 1% 2%
Marital status
Single 86% 74%
<.0001
Married 14% 27%
Top location
United States 75% 95%
United Kingdom 9% 0%
<.0001
Canada 3% 5%
Other 13% 0%
Following on Twitter
Miley Cyrus 28% 12% <.0001
Justin Bieber 23% 6% <.0001
Katy Perry 22% 6% <.0001

a . . A
Excludes 206 tweets that appeared to use the terms casually or in a humorous manner, or referenced depression caused by trivial things

k)Typical Twitter user demographics are based on a random sample of 20,000 English-language Twitter handles from the U.S. and Canada.
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