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Abstract
Sexual and gender minorities face extreme challenges that breed stigma with alarming consequences damaging 
their mental health. Nevertheless, sexual and gender minority people and their mental health needs remain 
little understood. Because of stigma, sexual and gender minorities are often unwilling to self-identify themselves 
as sexual and gender minorities when asked. However, social media have become popular platforms for 
health-related researches. We first explored methods to find sexual and gender minorities through their self-
identifying tweets, and further classified them into 11 sexual and gender minority subgroups. We then analyzed 
mental health signals extracted from these sexual and gender minorities’ Twitter timelines using a lexicon-
based analysis method. We found that (1) sexual and gender minorities expressed more negative feelings, (2) 
the difference between sexual and gender minority and non-sexual and gender minority people is shrinking 
after 2015, (3) there are differences among sexual and gender minorities lived in different geographic regions, 
(4) sexual and gender minorities lived in states with sexual and gender minority-related protection laws and 
policies expressed more positive emotions, and (5) sexual and gender minorities expressed different levels of 
mental health signals across different sexual and gender minority subgroups.
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Introduction

Sexual and gender minorities (SGMs) are minorities of the population whose sexual orientation and 
gender identity differ from the majority. Over the past decades, a range of civil society organizations 
have made significant efforts to destigmatize SGM populations, separating being SGM from being 
mentally ill. However, the stigma persists. For example, the widely adopted International Classification 
of Diseases (ICD) from the World Health Organization (WHO) continues to consider transsexualism 
as a diagnosis part of mental, behavioral and neurodevelopmental disorders. On the other hand, stud-
ies have consistently documented a high prevalence of mental health distress in the SGM popula-
tions. However, mental health issues among SGM individuals remain understudied, mainly due to the 
lack of population-based representative samples, and hence successful routine health surveillance 
efforts. One key issue that limits the availability of representative samples, as identified in a recent 
Lancet review paper,1 is the “Lack of standardized survey items on population-based surveys to iden-
tify transgender respondents.” Nevertheless, we think the issue lies beyond just standardizing survey 
items on population-based surveys. SGMs face systematic social and economic marginalization, 
pathologization, stigma, discrimination, and even violence; they are often unwilling to self-identify 
as SGMs when asked and reluctant to participate in traditional surveys.

Meanwhile, social media have become increasingly popular communication platforms for health-
related studies and brought rapid changes to the health communication landscape. Twitter, in particular, 
has been used to promote healthy behavior,2 improve medical and patient education,3 and recruit 
research participants,4 including from vulnerable populations such as the SGMs.5,6 Furthermore, indi-
viduals are also voluntarily sharing a critical amount of personal information, including their health 
experience in various online communities such as Twitter, blogs, and topic-specific discussion forums. 
These user-generated social media data provide unique insights into public and consumer health and are 
invaluable data sources for understanding various social and health issues. Twitter, as a good example, 
can serve as a data source for analyzing public health–related problems such as influenza infection,7 
surveillance for cardiac arrest,8 tobacco use,9 prescription drug abuse,10 and measles outbreak.11

Nevertheless, despite that social media platforms such as Twitter have been widely used as a 
communication tool to deliver health intervention programs targeting the SGM populations,5,6 there 
have been very few studies that used these rich user-generated health data to understand SGMs’ 
health statuses and health behavior. In fact, we performed a literature review and revealed that there 
is no published study on the discussion of mental health issues in the SGM populations using social 
media data. To fill this gap, we have conducted two studies on the self-identification and mental 
health problems of the SGM populations based on Twitter data. In the first study, we developed a 
machine learning technique (i.e. random forest (RF)) to distinguish self-identified SGMs Twitter 
users from general Twitter users via analyzing their tweets and assessed the variance of the gender 
identification terms these SGM Twitter users used to describe themselves.12 In a follow-up study, we 
explored emotional and mental health signals of these SGMs using the same dataset.13

In this study, we first collected significantly more Twitter data relevant to SGM extending our origi-
nal dataset to a total number of 35,053,757 tweets. Further, we extracted the geolocation information 
of these tweets and the corresponding users, which allowed us to conduct a more comprehensive 
analysis of the mental health signals (i.e. related affect processes such as positive or negative emotions, 
anger, anxiety, and sadness) exposed through SGM Twitter users’ tweets. More specific, we aim to 
answer the following five research questions (RQs) in this study, while in our previous study,13 we only 
addressed two research questions (RQ1 and RQ5) with a significantly smaller dataset.

RQ1. Do SGM individuals experience different affect processes (i.e. emotional states, including 
positive and negative emotions, anxiety, anger, and sadness) compared with non-SGM people 
when discussing gender identity and sexual orientation issues?
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RQ2. Do SGM individuals’ affect processes change by time when discussing gender identity 
and sexual orientation issues?

RQ3. Do SGM individuals experience different affect processes across different geographic 
locations when discussing gender identity and sexual orientation issues?

RQ4. Do SGM-related protection laws and policies have any impact on SGM individuals’ affect 
processes?

RQ5. Do different SGM subpopulations (e.g. gay vs lesbian and transman vs transwoman) 
experience different affect processes when discussing their gender identities and sexual 
orientations?

Method

The general idea underlying our approach is to collect tweets that are relevant to the discussion of 
SGM-related issues, determine self-identifying tweets and Twitter users (i.e. users who have stated 
that they were SGMs), and assess these users’ emotional states using an established text analysis 
approach. Figure 1 depicts an overview of our 5-step analysis workflow. In the following sections, 
we describe each of the steps in detail.

Step 1: data collection

The data used in this study are from four different sources: (1) the first dataset is from our 2015 
study12 and the tweets were crawled with tweetf0rm,14,15 a Python tool we developed, which can 
access the Twitter Application Program Interface (API) and collect targeted Twitter data based on a 
list of keywords. The list of keywords was mainly related to gender identification terms such as 
“transwomen” and “genderqueer” as well as a set of keywords that indicated relevance of the tweets 
to SGM discussions such as “testosterone” and “gender reassignment surgery.” The list of keywords 
was developed through a snowball sampling process, where we started with a list of obvious seed 
keywords collected from online information sites relevant to definitions of SGM identity terms (e.g. 
http://transstudent.org/definitions). We then iteratively queried (a) our collection of historical public 
random tweets (i.e. collected through Twitter streaming API) and (b) Twitter’s own web search inter-
face (i.e. https://twitter.com/search-home?lang=en), and manually reviewed randomly selected sam-
ple tweets to discover new SGM-related keywords (i.e. that co-occur with one of the existing 
keywords, but were not in the existing keyword list) until no new keywords were found. Through this 
process, we found 344 keywords in total in our original 2015 study, (2) from 28 November 2017 to 6 
June 2018, we used a subset of these keywords (i.e. 27 most commonly used SGM-related keywords) 
to collect more SGM-related tweets using tweetf0rm, (3) we extended our 2015 keyword list to a total 
of 640 keywords through the same snowball sampling process in order to adapt to the changes in 
people’s vocabulary on the Internet. We used this extended keyword list to collect more Twitter data 
from 6 May 2018 to 7 July 2018, and (4) we also used this extended keyword list to search for SGM-
related tweets on a database of public random tweets, which was collected using the Twitter stream-
ing API with tweets from July 2006 to December 2017 (i.e. with a few months of gaps).

Step 2: data preprocessing

We preprocessed the collected data to eliminate tweets that (1) were non-English or (2) not 
posted in the United States (i.e. users who cannot be geotagged to a US state). The geolocation 
of the Twitter user was extracted (i.e. with a resolution to US states) by using a Twitter 

http://transstudent.org/definitions
https://twitter.com/search-home?lang=en
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geocoder tool we developed.12 In Twitter, there are several ways that geographic information 
can be attached to a tweet: (1) if a GPS-enabled (i.e. GPS, Global Positioning System) in a 
mobile device, a pair of latitude and longitude will appear in a tweet; (2) the associated user 
profile can be geocoded (either to a specific GPS location or a geographic ‘place’; and (3) the 
user might have filled the geographic information manually in the “location” attribute with 
free-text. Specifically, if the geocodes (i.e. GPS coordinates or a “place” tag) were available, 
we attempted to reverse geocode to a state name; otherwise, the Twitter geocoder tool will 
match the “location” string with a number of lexical patterns such as the name of a state (e.g. 
Texas or Florida), or a city name in combination with a state name or state abbreviation in vari-
ous possible formats (e.g. “——, fl” or “——, florida” or “——, fl, usa”). We discarded the 
tweets that cannot be assigned to a specific US state. We also made a number of other efforts to 
clean up the tweets for further text analysis steps: (1) removed hyperlinks (e.g. “https://t.co/
xyz”), (2) removed mentions (e.g. “@username”), and (3) converted hashtags into original 
English words (e.g. converted “#gay” to “gay”).

Step 3: tweet classification

Even though a tweet contains one or more of the SGM-related search keywords, the tweet may not 
be relevant to the SGM discussion (e.g. “trans” could mean either “transgender” or “transmission). 
Thus, we developed a two-step process and built two classification models to categorize the 

Figure 1.  The general analysis workflow.

https://t.co/xyz
https://t.co/xyz
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massive tweets that we collected into 3 groups (i.e. irrelevant, relevant but NOT self-identifying, 
and relevant AND self-identifying).

We reused the annotated data (i.e. 6,058 tweets manually labeled by two raters) from our previ-
ous study12 as the training set to build these classifiers. The training dataset were manually anno-
tated by three people and each tweet was classified into one of three labels: “irrelevant” (661 
tweets), “relevant but NOT self-identifying” (4,619 tweets), and “relevant AND self-identifying” 
(778 tweets). When disagreements between the three annotators occurred, we used the majority 
rule to determine the final label. The inter-rater agreement (i.e. Fleiss’ kappa) was 0.96. Different 
from our previous study, we experimented with three different machine learning algorithms 
namely RF, support vector machines (SVM), and convolutional neural networks (CNNs). We 
implemented the RF and SVM classifiers via the scikit-learn library16 and used the Term 
Frequency–Inverse Document Frequency (TF-IDF) scheme to convert each tweet into a feature 
vector. Stop words were removed from the tweets. We optimized the hyper-parameters of the RF 
and SVM models using 10-fold cross-validation. We implemented the CNN-based deep learning 
model in Keras17 on top of the Tensorflow18 framework. The architecture of the CNN model 
included an embedding layer, a convolutional layer, a global max pooling layer and a sigmoid 
output dense layer. We initialized the embedding layer with the GloVe pretrained 200 dimension 
Twitter word embeddings.19 In the convolutional layer, we set the number of filters to 64, the 
length of filter to 3, and the dropout rate to 0.2. We experimented with different settings—the 
dimension (i.e. 50, 100, 200) of the pretrained Twitter word embeddings, the number (i.e. 16, 32, 
64) of the filters, and the length (i.e. 3, 5, 7) of the filters, and the dropout rate (i.e. from 0.2 to 0.7 
with 0.1 increment)—to find the best-performing hyper-parameters. To prevent model overfitting, 
we applied an early stop strategy based on the value loss on the validation set.

Step 4: categorization of SGMs

We integrated the four different data sources and eliminated duplicates across them. We then used 
the two classification models built in Step 3 to find all self-identifying tweets, and subsequently 
their self-reported gender identities and/or sexual orientations. Furthermore, two annotators manu-
ally validated these self-identifying tweets and categorized these SGMs into their corresponding 
SGM subgroups as shown in Figure 2. The inter-rate agreement between the two annotators was 
0.93. Disagreements were resolved by a third annotator.

Step 5: detect affect processes with linguistic inquiry and word count

The linguistic inquiry and word count (LIWC) is a validated text analysis tool that can exam the 
language people used in a given text and reveal their thoughts, feelings, personality, and motiva-
tions. With a given text, it counts the percentage of words that reflect different emotions, thinking 
styles, social concerns, and sentiments of the writer. In a recent systematic review, Wongkoblap 
et al.20 reported that the LIWC is the most popular tool used to extract potential signals of mental 
problems from social media data. There are totally 86-word categories in LIWC, where 41 out of 
them are psychological constructs (e.g. affect processes, cognition, biological processes, and 
drives). The affect process constructs (i.e. positive emotion, negative emotion, anger, anxiety, and 
sadness) are closely related to an individual’s mental health.

To answer the five RQs, we applied the LIWC tool on the entire Twitter timelines (i.e. the com-
plete tweet history of each Twitter user of interest) of the corresponding sexual orientation and 
SGM gender identity groups and compared the affect processes of the different user groups as 
reflected in their tweets.
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Results

Data sources

In this study, our data came from four different sources as shown in Table 1. First, in our previous 
study,12 we collected 56,653,010 tweets using 344 keywords from 17 January 2015 to 12 May 
2015. After filtering out non-English tweets, there were 11,502,289 tweets left, which we retained 
for further analysis. Second, we collected 5,607,182 tweets from 28 November 2017 to 6 June 
2018 using a set of 27 commonly used SGM-related keywords. After filtering out non-English 
tweets, there were 3,889,191 tweets left. Third, we extended the original list of 344 keywords from 
our previous study to 640 keywords to adapt to the changing terms used on the Internet related to 
SGM. We collected our third dataset using this extended 640 keyword list from 6 May 2018 to 22 
June 2018. We collected 25,823,163 tweets in total. After filtering out non-English tweets, there 
were 9,974,721 tweets left. Fourth, we also used the extended 640 keywords to search on a data-
base with random public tweets from July 2006 to December 2017, which we collected using the 
Twitter steaming API. We found 3,623,412 SGM-related tweets from this random tweet database, 
within which 2,544,593 tweets were written in English.

After integrating and eliminating duplicates across the four different data sources, there were 
27,303,446 unique tweets from 7,199,474 unique users, in which 2,296,923 tweets were in English 
and 895,723 users’ geo locations can be identified.

Figure 2.  The categorization of SGMs’ sexual orientations and gender identities, where (a) shows the 
categorization of sexual orientations (i.e. gay, lesbian, bisexual, pansexual, asexual, and straight) and (b) shows 
the different gender identity categories (i.e. transman, transwoman, bigender, genderfluid, and agender).
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The three classification models for identifying relevant SGM tweets and  
self-identified SGM Twitter users

We explored three methods (i.e. random forests, support vector machines and CNNs) to build 
supervised models for classifying the tweets. In general, the random forests and support vector 
machines have good out-of-box performance for most classification tasks, including on text 
data,21,22 while recent reports have shown state-of-the-art performance with deep learning models 
such as the CNNs surpassing traditional machine learning methods.23 Table 2 shows the perfor-
mance of the different classifiers and classification tasks. We used 80% of the annotated data (i.e. 
6058 tweets manually labeled by two raters) for training and the performance metrics were meas-
ured on the rest 20% as the independent test data. As shown in Table 2, the random forest models 
outperformed the CNNs and support vector machine models for both tasks. Thus, we adopted the 
random forest models as the final classifiers.

Since we reused the annotated data from our previous study12 to build these classifiers, we also 
validated the classifiers’ performance on new data. We randomly selected and annotated 150 tweets 
from our new dataset and manually reviewed each tweet to create the gold-standard labels. The 
model performance on the first classification task (i.e. relevant vs irrelevant) has a precision of 
0.95, a recall of 0.95, and a F-measure of 0.95. The performance on the second classification task 
(i.e. self-identifying vs NOT self-identifying) has a precision of 0.89, a recall of 0.86, and a 
F-measure of 0.86.

Categorization of SGMs Twitter users

The best performed classifiers (i.e. the random forest model) identified 12,540 self-identifying 
tweets from 8,439 unique Twitter users. We manually evaluated the self-identifying tweets from 
these 8,439 users, and found that 7,033 (1,406 false positives) were correctly identified by the clas-
sifiers. Within these self-identifying Twitter users, 5,066 users claimed themselves having non-
binary genders (i.e. beyond traditional male or female biological sex) and 3,180 users claimed they 
were sexual minorities. Among these users, 1,213 users discussed both their gender identities and 
sexual orientations in their Twitter posts. We then further classified these SGMs who self-reported 
their specific gender identities and sexual orientations into 11 subgroups (i.e. gender identities: 

Table 1.  The Twitter data from four different sources.

Data source Data time range Number of 
keywordsa

Number of 
tweets before 
preprocessing

Number 
of English 
tweets

Data from our 2015 study 10/01/2015 
to12/05/2015

344 keywords 56,653,010 11,502,289

Data collected based on 27 
keywords

28/11/2017 to 
08/06/2018

27 most common 
keywords related 
to SGM

5,607,182 3,889,191

Data collected based on an 
extended list of 640 keywords

06/05/2018 to 
22/06/2018

640 keywords 25,823,163 9,974,721

Random tweets collection 
based on the 640 words

07/2006 to 
12/2017

640 keywords 3,623,412 2,544,593

aAll the keywords are listed in Supplemental Appendix A. Part 1 lists the 344 keywords, part 2 lists the 640 extended 
keywords, and part 3 is the 27 keywords.

https://journals.sagepub.com/doi/suppl/10.1177/1460458219839621
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transman, transwoman, bigender; genderfluid, and agender; and sexual orientations: gay, lesbian, 
bisexual, pansexual, asexual and straight). Two researchers annotated the self-report SGM users. 
The Cohen kappa was 0.93. Conflicts were resolved by third person. These subgroups and the 
number of people in each group are shown in Figure 3. We also show example tweets of each group 
in Table 3. Note that the goal of our previous study12 was to find self-identifying tweets (i.e. a tweet 
where the user explicitly expressed their sexual orientations including those who are straight). 
Thus, our dataset included users who were self-identified as straight (125 users). These users were 
not considered as SGMs and excluded from the LIWC analyses for RQ1-4. However, these users 
were included in the analysis for RQ5 as a comparison group of different sexual orientations.

Mental health signals of the self-identified SGMs on Twitter

To reliably assess individual users’ mental health signals (i.e. affect processes) using LIWC, we 
first collected SGM population groups’ Twitter timeline (i.e. so that we have enough data samples 
on individual users). We then applied the LIWC tool on the different SGM population groups’ 
Twitter timelines to answer the five RQs. Specially, we used LIWC to analyze the affect processes 
related to mental health signals such as positive and negative emotions (also called sentiments), 
anger, anxiety, and sadness expressed in different SGM population group users’ tweets.

To answer RQ1, we attempted to collect the 7,033 users’ timelines; however, only 6,604 out 
of the 7,033 users’ timelines can be retrieved (e.g. non-public users’ timelines cannot be col-
lected, since it needs authorization from the users). After excluding those who were self-identi-
fied themselves as straight (125 users), the SGM case group has 6,489 users in total. We then 
randomly selected a control group with 6,489 users matched on corresponding geographic loca-
tions (i.e. with a resolution to the US states) from the “Relevant but NOT self-identifying” user 
group and collected their Twitter user timelines as well. Table 4 shows the basic statistics of the 
collected user timelines.

We treated each user timeline as a single document and fed all user documents into the LIWC 
tool. The LIWC tool then calculated a score (percentage of words) for each affect process (i.e. 
emotion states, anxiety, anger, and sadness). These scores reflect the severity of the measures (e.g. 
a higher positive emotion score indicates that the user has exhibited more positive thoughts in her 
tweets). Figure 4 shows the comparison of these different emotional states between SGM vs non-
SGM groups. To assess whether our results were significant, we also performed Student’s t-tests of 
the LIWC scores between SGM and non-SGM groups for each affect process category. As shown 
in Table 5, except for anxiety, there were significant differences between the SGM group and the 

Table 2.  The performance comparison of the classifiers.

Classifier Precision Recall F-score

Task 1: relevant vs irrelevant
CNN 0.97 0.97 0.97
Random forest 0.98 0.98 0.98
Support vector machines 0.97 0.97 0.97
Task 2: self-identifying vs NOT self-identifying
CNN 0.84 0.85 0.84
Random forest 0.88 0.89 0.86
Support vector machines 0.87 0.88 0.86

CNN: convolutional neural network.
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Table 3.  Examples of self-identifying tweets.

Group Example tweets

Gender identity subgroups
Transman •• “I’m not enough of a guy for gay guys, I tell myself even tho I identify as a trans guy 

atm Am I fucked up or what”
•• “I felt so ashamed that it led me to attempt suicide. After waking up in the hospital 

the next day, I decided to start living my truth. Since then, I have come out as a 
transman.”

Transwoman •• “im trans women to me like i’m one of your bros”
•• “I am a Trans-Woman, I am proud of it. I hope Trump sees this, and leave us a lone.”

Bigender •• “I recognize myself as a pansexual bigender”
•• “@LauraJaneGrace I just came out as bigender to my mom…didn’t go super well. 

But I’m just happy to know I can find acceptance through AM!”
Genderfluid •• “I’m pansexual, genderfluid and trans and I’m proud to be who I am. #PRIDE 

#PrideMonth”
•• “And when I explained my gender fluidity to my husband he understood and 

supported me and that was super amazing and great!”
Agender •• “I am agender, not a gender”

•• “i love how most of my gender headcanons tend to lean towards agender/nonbinary 
… bc … that me tbh.”

Othera •• “Today’s the one year anniversary of the day I came out to my mom as transgender”
•• “yes im transgender. am i ashamed of it? no not at all. no, i am not a “dyke” or 

“lesbian” i respond to male bc that’s how i see myself.”
Sexual orientation subgroups
Gay •• “I am gay, I am trans, and I am tired.”

•• “I’m learning so much! I’m gay myself, but I nvr rly understood much about the trans 
lifestyle. This is eye-opening. < url >”

Lesbian •• “im so tired of arguing abt identity politics lol. i shouldnt have to justify myself to 
others. im nonbinary lesbian End Of”

•• “I now identify as a lesbian and yes just because I had a bad experience it doesn’t 
mean I hate men. I’m just not attracted to them. Sexuality is very much fluid. Maybe 
one day I’ll suddenly be pansexual. Idk. All I know is I love women, I love myself, this 
is me. #PrideMonth”

Bisexual •• “I’ve always been bi-curious but it’s time for me to be completely honest wih myself. 
I am bisexual and proud. #LGBTQ < url >”

•• “I call myself queer/bisexual and I define it as being attracted both to people of my 
gender and to people not of my gender. None of that implies that there are only 2 
genders …”

Pansexual •• “I’m breadlad because I’m PANsexual get it ha ha ha ha ha happy pride 
month.#PrideMonth”

•• “I love my pansexual fave”
Asexual •• “I’m asexual. I dare myself bc I’m so charming < url >”

•• “@username I classify myself as asexual”
Straight •• “also, i am a cis woman, so i know i’m speaking from my own limited perspective. the 

trans experience is not my own. but i have to wonder …”
•• “@username I’m cis and I hate myself”

Othera •• “Im a homosexual sir < url >”
•• “im worried spotify knows im a homosexual < url >”

SGM: sexual and gender minority.
aSelf-identify tweets that belong to none of the SGM subgroups.



Zhao et al.	 11

non-SGM group in terms of these affect processes. In short, the SGM group not only has both 
higher negative and positive emotion scores, but also has expressed more anger, more anxiety, and 
more sadness issues in their tweets.

To answer RQ2, we sliced SGM users’ timelines by year and random selected the equal number 
of people from the “Relevant but NOT self-identifying” user group from each corresponding year. 
Table 6 shows the statistics of the case and control groups. We selected the equal numbers of users 
from the non-SGM control group corresponding to the number of users in the SGM case group for 
each year. Figure 5 shows the LIWC score comparison between the SGM group and non-SGM 
group by year. As shown in Figure 5, for negative emotion, sadness, and anger, the LIWC score 
differences between SGM and non-SGM groups are shrinking after 2015.

To answer RQ3, we compared the LIWC scores of the affect processes between SGM and 
non-SGM groups by state. There are 8 states (i.e. Hawaii, Illinois, Massachusetts, Michigan, 
Missouri, North Dakota, Tennessee, and Washington) where SGMs used words in at least one or 
more than one of negative emotions (i.e. negative emotion, anger, anxiety, and sadness) than 

Table 4.  The numbers of users and tweets of SGM versus non-SGM groups.

Number of 
users

Number of tweets, 
mean (min—max; std)

Number of days, mean 
(min—max; std)

SGM 6489 3032 (1–9624; 1835.60) 781 (1–3,987; 810.14)
non-SGM 6489 2421 (1–6555, 1132.12) 742 (1–3870, 823.32)

SGM: sexual and gender minority.

Figure 4.  A comparison of SGM vs non-SGM Twitter users’ affect processes expressed in their tweets 
((a): positive vs negative and (b): anger vs anxiety vs sadness).
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non-SGMs (p < 0.05). The list of US states which had significant p value of each affect process 
was shown in Table 7; while we did not observe such effect in other states (i.e. possibly due to 
the small sample sizes of the tweets collected for other states). An example is shown in Figure 6 
for the Washington state.

We also compared mental health signals of the SGM groups across states. We created US state 
heatmaps of each mental health signal as shown in Figure 7. The intensity of the color is positively 
proportional to the score. SGM people in New Mexico expressed more positive emotions in their 
tweets than any other states. SGM people in Alaska had the highest score of negative emotion and 
anger. SGM people in Arkansas had the highest score of anxiety. Although there were no big dif-
ferences of the sadness scores across states, SGM people in Rodhe Island had the highest score of 
sadness.

To answer RQ4, we considered whether the existence of SGM-specific protection laws and 
policies (i.e. education discrimination law, healthcare discrimination law, housing discrimination 
law, employment discrimination law, hate crimes law, public accommodations law, conversion 
therapy and gender on id policy)24 have any impacts on the affect processes of the SGM Twitter 
users. For each policy, we grouped SGM users living in states with the policy as the case group; 
while the SGM users living in states without the policy as the control group. We then compared the 
LIWC scores of the affect processes between the case and control groups. For example, Figure 8 
shows the comparison between SGM users living in the states with and without education discrimi-
nation laws; however, only negative emotion and sadness scores were statistically significant 
(p < 0.05) as shown in Table 8.

SGM people expressed more anger in the states without employment, housing, conversion ther-
apy, and public accommodations laws. There was no difference in any affect processes between 
SGM people living in states with and without a gender on id policy.

To answer RQ5, we further evaluated the LIWC affect process scores by the different sex-
ual orientation and gender identity subgroups. As shown in Figure 9, users with different 
gender identities (i.e. transman, transwoman, bigender, genderfluid, and agender) clearly 
expressed different levels of affect processes in their Twitter timelines. For example, agender 
people used less positive emotion, more negative emotion, anxiety, and anger words. Figure 
10 shows the LWIC affect process scores across users with different sexual orientations (i.e. 
gay, lesbian, bisexual, pansexual, asexual, and straight). Bisexual individuals expressed more 
positive emotions; pansexual individuals used more negative emotion, anger, and sadness 
words; while straight individuals used more words associated with negative emotion, anxiety, 
and anger.

Table 6.  The numbers of users and tweets of SGM versus non-SGM groups by year.

Year Number of users in SGM case 
and non-SGM control groups

Number of tweets by SGMs, 
mean (min—max; std)

Number of tweets by non-
SGMs, mean (min—max; std)

2012 673 332 (1–2864; 435.59) 207 (1–2658; 310.00)
2013 1025 418 (1–3100; 494.13) 231 (1–2522; 314.97)
2014 1769 714 (1–3094; 768.60) 278 (1–2607; 344.43)
2015 2843 982 (1–9394; 1392.21) 354 (1–3198; 424.79)
2016 2479 501 (1–3,203; 560.18) 483 (1–3242; 512.63)
2017 4134 782 (1–3210; 688.35) 833 (1–3221; 694.38)
2018 5849 1399 (1–9363; 1282.46) 1233 (1–4565; 1,126.60)

SGM: sexual and gender minority.
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Discussion

SGM people face extreme challenges (e.g. discrimination, human right issues) from the societies. 
Stigma as well as prejudice edged them toward the margins of societies, leading to discrimination and 
abuse, with alarming consequences damaging not only their physical but more significantly their 
mental health. A news article from the Center for American Progress25 in 2017 showed 68.5 percent 
of SGM people reported that discrimination at least somewhat negatively affected their psychological 
well-being and 47.7 percent of SGM people reported that discrimination negatively impacted their 
spiritual well-being. Nevertheless, SGM people and their health needs, especially their mental health 

Table 7.  The list of US states which had significant p-value of each affect process.

Affect process The name of US states

Positive Florida, California, Maryland, New York, Ohio, Washington, D.C., 
Virginia, Pennsylvania, Missouri, Wisconsin, Washington, Rhode Island

Negative Michigan, Washington, Missouri, Idahoa

Anxiety Washington, Tennessee
Anger Michigan, Illinois, North Dakota, Missouri, Massachusetts
Sadness Hawaii

SGM: sexual and gender minority.
aIdaho is the only state where SGM population expressed less negative emotion than non-SGM group. All other states 
are the places where SGM population expressed more negative emotion than non-SGM group.

Figure 6.  A comparison of SGM vs non-SGM Twitter users’ affect processes expressed in their tweets in 
Washington state ((a): positive vs negative and (b): anger vs anxiety vs sadness).
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needs, remain little understood, not only by health-care providers but also more generally in society. 
Few population-level data exist with which to monitor the health of SGM people in the United States, 
because routine national health surveillance does not assess gender identity as an equity startifier.1 
Although there exists the US Transgender Survey (USTS, previously known as the National 
Transgender Discrimination Survey) that aimed to quantify the discrimination and violence SGM 
people face, these surveys might not capture the full spectrum of SGM people’s health challenges. In 
particular, because of stigma and discrimination, SGM people are often unwilling to self-identify as 
SGMs when asked and reluctant to participate in these traditional surveys, especially on sensitive 
topics, such as mental health issues. Social media data, on the other hand, provide a golden opportu-
nity to help us understand vulnerable populations such as SGMs.

Built upon the data we previously collected, we extended the dataset by integrating four differ-
ent data sources and developed machine learning models to identify SGM individuals through 
finding their self-identifying tweets. We then applied a lexicon-based method (i.e. the LIWC tool) 
to extract affect processes that indicate individuals’ mental health statuses (i.e. positive and nega-
tive emotions, anger, anxiety, and sadness) from different SGM subpopulations’ Twitter timelines 
to answer five specific research questions. Our results suggested that SGM individuals expressed 
more negative feelings (i.e. negative emotion, anxiety, anger and sadness) in their tweets compared 
with non-SGM people. This fact also reflected from a survey26 from the Pew Research Center in 
2013 that SGM population and the general public are notably different in the happiness self-eval-
uation. Only 18% of SGM people described themselves as “very happy” when they were asked to 
evaluate their happiness, while the percentage was 30% of people in the general public. Negative 

Figure 8.  The affect processes ((a): positive vs negative and (b): anger vs anxiety vs sadness) between 
SGM individuals living in states with versus without anti-education discrimination law.
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affect processes can dampen their enthusiasm for life and longtime holding of negative emotions 
can cause a downward spiral.

Furthermore, we found the LIWC score differences of negative emotion and sadness between 
the SGM group and non-SGM group were shrinking after 2015. This phenomenon might be attrib-
uted to the national and global efforts in improving human right of SGMs. For example, legally 
sanctioned same-sex marriage was one of the important concerns of the SGM population. Over the 
past decade, the United States has made unprecedented progress toward SGM equality and human 
right. The supreme quart passed the same-sex marriage and many states initiated anti-discrimina-
tion bills to protect SGM. For example, 23 states in the United States published laws in employ-
ment, housing and public accommodation against discrimination based on sexual orientation, 
gender identity and gender expression to protect SGM people in 2015.27

Nevertheless, not all of the states in the United States have passed their bills. To study the 
impact of these state-level anti-discrimination laws, we compared the affect processes of SGM 
people across states with a focus on employment, housing, and public accommodation. From the 
comparison results, we found that SGM people in New Mexico, which was fully protected by these 
anti-discrimination laws (i.e. anti-discrimination in employment, housing, and public accommoda-
tion), expressed the most positive feeling in their tweets. In contrast, SGM people in Alaska had 
the highest LIWC scores of negative emotion and anger, which only prohibit discrimination against 
public employees based on sexual orientation. Arkansas does not have anti-discrimination laws in 
employment, housing, and public accommodation. Consequently, the SGM Tweeter users in 
Arkansas had the highest LIWC score of anxiety. Interestingly, even fully protected by these three 
anti-discrimination laws, the SGMs from Rodhe Island had the highest LIWC score of sadness 

Figure 9.  The affect processes ((a): positive vs negative and (b): anger vs anxiety vs sadness) expressed in 
SGM individuals’ tweets across different sexual orientation groups.
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among all the states. A potential explanation is a recent approved bill that bans the chance of 
reduced sentences or less server punishment for SGM defendant’s violent actions which was called 
“gay panic” or “trans panic” by the public.28

To investigate which anti-discrimination laws and policies can positively impact the mental 
health of SGM people, we compared the affect processes of SGM people versus non-SGM people 
by each state with different anti-discrimination laws and policies (i.e. education, housing, employ-
ment, healthcare, hate crimes, public accommodations, convers therapy, and gender on ID).24 In 
general, compared with the SGM people living in the states with anti-discrimination laws, the 
SGM people living in the states without anti-discrimination laws expressed more negative feelings. 
Therefore, we can observe that anti-discrimination laws in general have positive effect on the men-
tal health of the SGM population. However, there is one exception: SGM people living in states 
with or without explicit “gender on ID policy” showed no statistical differences on their LIWC 
scores of the affect processes. This observation might indicate that SGM people pay less attention 
on whether their gender was displayed properly.

Within different sexual orientation subgroups (Figure 2(a)), we found that tweets from pansexual 
people contained more words related to negative emotion, anger, and sadness than those in other 
sexual orientation groups (i.e. gay, lesbian, bisexual, and asexual). On the other hand, we noticed that 
the control group (i.e. straight) used more words related to negative emotion, anxiety than pansexual 
group. Within different gender identity subgroup (Figure 2(b)), we found that SGMs in the agender 
subgroup tend to post tweets with words related to negative emotions and anger more often than those 
in other subgroups (i.e. transman, transwoman, bigender, and genderfluid).

Figure 10.  The affect processes ((a): positive vs negative and (b): anger vs anxiety vs sadness) expressed 
in SGM individuals’ tweets across different SGM groups with different gender identities.
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In recent year, social media have emerged as promising platform to examine behavior and atti-
tudes of the minority groups such as SGMs because of their inherent advantages of offering data 
on variety topics, massive scale and in time.29 In particular, Twitter has a tremendous amount of 
self-sharing information allow researchers to profile Twitter users by analyzing their posts. Despite 
these merits, twitter data have several limitations. First, gathering accurate demographic informa-
tion (e.g. age, gender, race) of users in Twitter is almost impractical. Therefore, further studies of 
affect processes of SGMs in difference demographic groups are currently infeasible. Second, the 
results presented in this research may not reflect the truth situation of the whole SGM population 
since we only studied the SGMs who are Twitter users. Last but not least, the vocabulary using in 
the social media changing dramatically from year to year. To capture the tweets related to SGMs, 
we must update the SGMs-related keywords list regularly.

Nevertheless, our study demonstrated the feasibility of using Twitter data as a public health 
surveillance tool to identify mental health signals in the vulnerable SGM population geographi-
cally and at different time period.
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