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Quantitative Approaches
Supervised learning
Unsupervised learning

Psychometric Approaches
Qualitative Approaches
Cross-disciplinary Approaches
Multi-method Approaches



* Quantitative Approaches
* Supervised learning



Evaluation Approaches for Supervised
Learning Settings

* Quantitative metrics
* Accuracy, precision, recall, and other performance metrics.

e Use of metrics

* How tointerpret and apply metrics for evaluating model
performance.

* Beyond metrics
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Abstract

Cyberbullying is a prevalent concern within social computing
research that has led to the development of several super-
vised machine learning (ML) algorithms for automated risk
detection. A critical aspect of ML algorithm development is
how to establish ground truth that is representative of the phe-
nomenon of interest in the real world. Often, ground truth is
determined by third-party annotators (i.e., “outsiders”) who
are removed from the situational context of the interaction;
therefore, they cannot fully understand the perspective of the
individuals involved (i.e., “insiders™). To understand the ex-
tent of this problem, we compare “outsider” versus “insider”
perspectives when annotating 2,000 posts from an online peer-
support platform. We interpolate this analysis to a corpus con-
taining over 2.3 million posts on bullying and related topics,
and reveal significant gaps in ML models that use third-party
annotators to detect bullying incidents. Our results indicate
that models based on the insiders’ perspectives yield a sig-
nificantly higher recall in identifying bullying posts and are
able to capture a range of explicit and implicit references and
linguistic framings, including person-specific impressions of
the incidents. Our study highlights the importance of incorpo-
rating the victim’s point of view in establishing effective tools
for cyberbullying risk detection. As such, we advocate for the
adoption of human-centered and value-sensitive approaches
for algorithm development that bridge insider-outsider per-
spective gaps in a way that empowers the most vulnerable.

Introduction

Bullying is a prolonged, repetitive, and aggressive behavior
from one individual directed to another (Smith et al. 1999).
It has been shown to have a long-term negative impact on
victims, especially youth. The damage inflicted on young
victims of bullying can last throughout their lives, nega-
tively influencing their health, wealth, social, and mental
well-being (Zwierzynska, Wolke, and Lereya 2013). What
exacerbates these negative impacts is that bullying comes
in various forms and happens across multiple environments,
ranging from home, school, to one's workplace. In recent
years, bullying has transcended offline person-to-person cir-
cumstances to include cyberbullying, a form of bullying that
occurs online, and has affected more than half of youth within
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the U.S. (Anderson 2018) and ~65% of all youth within their
lifetime (Brochado, Soares, and Fraga 2017).

Given its prevalence, experts agree that cyberbullying is a
problem that must be addressed in order to protect the mental
health, safety, and well-being of our youth (Thomas, Connor,
and Scott 2015) and because the damage inflicted on young
victims of bullying can last throughout their lives (Zwierzyn-
ska, Wolke, and Lereya 2013). Young people rely on social
media as a means to make new friends, develop their social
networks, as well as forming bridging and bonding social cap-
ital (Ellison, Steinfield, and Lampe 2007); however, ~70%
of youth have experienced “drama”™ amongst their online
friends (Lenhart et al. 2015) and express concerns towards
social media websites in tackling cyberbullying (Hamm et al.
2015). Meanwhile, youth and young adults also use social
media to make sensitive disclosures and seek support around
important personal issues, including bullying victimization
and sexual abuse (De Choudhury and De 2014; Andalibi
et al. 2016). However, in some cases, youth report being fur-
ther traumatized due to cyberbullying that result from these
sensitive online disclosures, which were meant for seeking
support (Razi, Badillo-Urquiola, and Wisniewski 2020) or
to gain therapeutic benefits (Ernala et al. 2017). Although
cyberbullying is typically against the terms of service of most
platforms, the problem still persists; it is nearly impossible
for a handful of content moderators engaged in volunteer
labor to manually keep up with the increasing volumes of
online interactions (Van Royen et al. 2015).

Consequently, there have been many attempts over
the years to build and evaluate sophisticated and robust
computationally-driven systems to detect bullying, whether
offline or online (see (Rosa et al. 2019) for a comprehen-
sive review). An effective automated or a mixed-initiative
system that combines machine and human efforts to detect
cyberbullying could offer helpful resources to victims of
cyberbullying. Such systems can augment the abilities of con-
tent moderators of online platforms so that they can intervene
and mitigate behaviors that may be deemed inappropriate per
the norms of a community (Van Cleemput, Vandebosch, and
Pabian 2014). However, recent work (Ziems, Vigfusson, and
Morstatter 2020) points out key limitations, such as the lack
of publicly available training data and a robust standard for
determining ground truth, that have made existing cyberbully-
ing detection algorithms unfit for real-world use. Notably, to



TalkLife Dataset

* Selected Relationships, Family, Friends,
Bullying, and Mental Health based on
iterative manual inspection of post
categories, excluding those that were
irrelevant (e.g., Life Hacks, Poetry, etc.)

* Cyberbullying detection:

* Prevent bias in annotators for being
conservative or liberal in identifying
what constitutes bullying in posts

* Try to be consistent with the mental
model of the post authors when
they assigned categories

TalkLife Categories

Relationships |Family Self Harm | Friends
Hopes Bullying Health Work
Music Helpful Tips |Parenting |Education
Religion LGBT Pregnancy |Positive
Mental Health | My Story | Poetry Eating Disorders
Addiction Self-Care |1 Need Help|New Parents
Gaming Grief Anxiety Disabilities
Depression Life Hacks |Politics Ask TalkLife
Others

Category Number of Posts | Number of Users
Bullying 40248 32907
Mental Health 434456 112892
Family 227243 84417
Friends 676729 126799
Relationships 983752 212850




Ground Truth Annotation

Category Example Post

: |- p aan’t yiae - P ne hic familv » : p af?
Positive-Bullying My boyfriend slapped me and hasn’t apologise and is now telling his family about it. Do I have cause to be upset?

is it normal to feel like all your friends are againt you like they are talking about you behind your back and you
know its happening but you cant do anything about it....if you try to you only get bullied and put down..and they
just laugh and hurt you emotionally and physically

You don’t have right to punish who apologized you from deep inside. They suffer with guiltiness and also they

Negative-Bullyin . . . . o .
g YME | realized they done something wrong, but not accepting apologize and punishing them is the rude way!

Why do people hate me?

Five annotators
* Three male, two female — all undergraduate students
* had previously experienced bullying or seen their narratives online either directly
or indirectly

A total of 2,000 posts used for the annotation process

Initial annotation resulted in 267 posts of clear “yes” and 1,381 of clear "no”

(Fleiss K 0.47)
* Remaining 352 posts were re-examined to come to consensus

Final dataset of 535 bullying and 1,465 non-bullying posts (Fleiss’ K 0.79)




Feature Engineering and Models

* Psycholinguistic Attributes (LIWC)

* Sentiment — Stanford CoreNLP’s deep
learning tool to get the positive,
negative, or neutral scores of each
post (Manning et al., 2014)

* OpenVocabulary —top 500 n-grams
(n=1,2) from each post

» Hate Lexicon (Saha,
Chandrasekharan, and De Choudhury,
2019)

* Linear Support Vector Machine,
Random Forest, Logistic Regression,
Ensemble Voting, and deep neural
network model (Founta et al., 2019)

* 10-fold cross-validation for
hyperparameter tuning

| insider-training-1 ‘

| outsider-training-1 ‘

| insider-training-2 ‘

| outsider-training-2 ‘

| Linear SVM

‘ Logistic regression |

‘ Random forest

| Deep neural network |

‘ Ensemble voting |

| Linear sVM

| Logistic regression |

| Random forest

| Deep neural network |

‘ Ensemble voting |




Linear SVM

Logistic Regression
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Neural Network Model
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Top Predictive Features

* Analyze the most discriminative
features for the best performing

models

* K-best univariate statistical scoring model

using mutual

information

» ANOVA to establish statistical significance
* LIWC was consistently highly

predictive for

both models

Insider model

Outsider model

Unigrams
know, afraid, parents, al- parents, rude, get, know, point,
though, guilty, bout, rude, whole, guess, bullshit, /ife,

drugs Kids, asked, bullshit,
anymore, embarassing, guess,
grown

stuff, kik, assume, anymore, ad-
mit, inside

Bigrams

much hate, always stuff, peo-
ple calling, around online,
school boy, people dont, want
live, im ugly, say things, seem
like, need stop, fat disgusting,
can’t deal, sometimes feel, try
make

anyone ever, always get, can’t
deal, fat disgusting, always on-
line, school boy, people dont,
want live, anyone want, some-
times feel, im ugly, real life,
fuck fuck, white people, need
stop

family
humans

0.43612

work 0.4099
anger 0.32624
inhibition 0.23265
religion 0.21001
quantifier 0.18672
body 0.17753
causation 0.17062
death 0.14741
sadness 0.12673
indefinite_pronoun 0.1091
sexual 0.10528
past_tense 0.10007
friends 0.09946
0.0 0.2 0.4 0.6 0.8

family 8
humans
anger
friends
body 0.41777
inhibition 0.41196
sadness 0.36374
swear 0.29212
work 0.27
discrepancies 0.19338
anxiety 0.19052
first_person_plural 0.18977
cognitive_mech 0.18925
negative_affect 0.18917
conjunction 0.17503
0.0 0.2 0.4 0.6 0.8




Error Analysis

e Posts that outsider model "missed,” but insider model
labeled correctly as Bullying

 Capturing implicit references
* "ljust wanna say that THIS IS NOT OKAY. WEARING A SHORT SKIRT
ISN'T A OPEN INVITATION, YOU CANNOTTOUCHSOMEBODY LIKE
THAT THINKING IT'S OKAY JUST CAUSE OF WHAT THEY'RE
WEARING!!!”

* Framing of experiences
* "I'm so tired of being picked on by others. I'm so tired of being alone and
broken, over and over again, then I’'m told that I'm nothing and will
never be anything. No one cares about me and no one ever has. literally
no one gives a damn about me. That’s why | cut myself over and over
again. | just want to die so | can stop the pain”



* Quantitative Approaches

* Unsupervised learning



Evaluation Approach for Unsupervised
Learning

* No ground truth available

* Examples -
Community detection
Social recommendations and social ranking

Personalization of content



A Social Media Study on Mental Health Status Transitions
Surrounding Psychiatric Hospitalizations
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For people diagnosed with a mental illness, psychiatric hospitalization is one step in a long journey, consisting
of clinical recovery such as removal of symptoms, and social reintegration involving resuming social roles and
responsibilities, overcoming stigma and self-maintenance of the condition. Both clinical recovery and social
reintegration need to go hand-in-hand for the overall well-being of individuals. However, research exploring
social media for mental health has considered narrower, disjoint conceptualizations of people with mental
illness - either as a patient or as a support-seeker. In this paper, we combine medical records with social media
data of 254 consented individuals who have experienced a psychiatric hospitalization to address this gap.
Adopting a theory-driven, Gaussian Mixture modeling approach, we provide a taxonomy of six heterogeneous
behavioral patterns characterizing peoples’ mental health status transitions around hospitalizations. Then
we present an empirically derived framework, based on feedback from clinical researchers, to understand
peoples’ trajectories around clinical recovery and social reintegration. Finally, to demonstrate the utility of
this taxonomy and the empirical framework, we assess social media signals that are indicative of individuals’
reintegration trajectories post-hospitalization. We discuss the implications of combining peoples’ clinical and
social experiences in mental health care and the opportunities this intersection presents to post-discharge
support and technology-based interventions for mental health.

CCS Concepts: - Human-centered computing — Computer supported cooperative work; Empirical
studies in collaborative and social computing; Social media.

Additional Key Words and Phrases: mental health, social media, psychiatric hospitalization, health status
transitions, Facebook
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NAMI

RQ1: What self-presentation and behavioral signals on social
media characterize individuals’ mental health statuses around
psychiatric hospitalizations?

RQ2: What trajectories on social media showcase transitions
between these statuses surrounding the hospitalizations?
RQ3: What social media-based signals are indicative of social
reintegration trajectories of individuals following
hospitalizations?



* Facebook archives of 254 consented participants who
have experienced at least one hospitalization for
* psychosis (N=142)
 mood disorders (N=106)
* other mental health conditions (N=6).

* Across all participants, we compile over g8o thousand
Facebook posts around 372 hospitalization events.

* Possible Selves framework: as a theoretical lens
to capture and interpret peoples’ conceptions of
self-knowledge and alternate versions of
themselves in the future
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Example posts and behaviors

Selltegltion

Use of words indicative of postive emtions™, 1 jus vaned o
suytateveryon dored o well toniht | raly enoed thepefor-
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Self-awareness
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Re-adjstment

Use of words related o lisure, sexual words, words related o wark,
ingestion™, pronounsunction words, informalwords,cotagging
Wihatherson P wordsrelted toange death,adding e rieds
on B, use ofwords elated o healt™ showing focsonthe st
i anguage™, sening messagesto fendson FB", hares on
FB*, T on he vergof amanic psode, WHAT DO 007"

Onlyus ofthd erso inguler pronours. oot commemoraig
my thgoodhar doy ina row

Frends afvys: st foryou, nlce you -
spect you.. tand by you. eople belve your
acions moreth your wors’ T am ot my
B am not this ki, am n ourepect-
Hons, | am  soul that Lves within, “oldos-
mates reunon, Hucedup’ “amen’

Incoporation

Showing foos o the presentin lnguage’, wods indicthve of
negative emations"™, osting conent indicatve of mental health
symptomsand expeiences, us ofnformal words ™ fncton words,
pronouns,ending messages o frends on FB, se ofpersonal pro-
nours, firstperson sigulr pronouns, words eleted o religon”
body ane-on-one iteractions on FB seofwords bt fiends™
heath”sharin feeingswith tatus updates on FB™. “my i

need yourhelppls et bk o e s so0m s ossle”
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Social Media as a Measurement Tool of
Depression in Populations

Munmun De Choudhury

Scott Counts

Eric Horvitz
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ABSTRACT

Depression is a serious and widespread public health
challenge. We examine the potential for leveraging social
media postings as a new type of lens in understanding
depression in populations. Information gleaned from social
media bears potential to complement traditional survey
techniques in its ability to provide finer grained
measurements over time while radically expanding
population sample sizes. We present work on using a
crowdsourcing methodology to build a large corpus of
postings on Twitter that have been shared by individuals
diagnosed with clinical depression. Next, we develop a
probabilistic model trained on this corpus to determine if
posts could indicate depression. The model leverages
signals of social activity, emotion, and language manifested
on Twitter. Using the model, we introduce a social media
depression index that may serve to characterize levels of
depression in populations. Geographical, demographic and
seasonal patterns of depression given by the measure
confirm psychiatric findings and correlate highly with
depression statistics reported by the Centers for Disease
Control and Prevention (CDC).

Author Keywords
behavior, depression, emotion, health, language, social
media, mental health, public health, Twitter, wellness

ACM Classification Keywords
H.4.3; H5m

INTRODUCTION

Depression affects more than 27 million Americans and is
believed to be responsible for the more than 30,000 suicides
each year [2,14]. Besides being directly debilitating to
sufferers, depression can adversely affect chronic health
conditions, such as cardiovascular disease, cancer, diabetes,
and obesity. It is also known to have negative influences on
individuals’ family and personal relationships, work or
school life, and sleeping and eating habits.

Over the coming 20 years, depression is projected to be the
leading cause of disability in high-income nations such as

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise,
or republish, to post on servers or to redistribute to lists, requires prior
specific permission and/or a fee.

WebSci'13, May 24, 2013, Paris, France.

Copyright 2013 ACM 978-1-4503-1889-1....510.00.

the United States [16]. The World Health Organization
(WHO) now ranks major depression as one of the most
burdensome diseases in the world [2,16]. Although a
number of primary care programs have been devised for its
detection and treatment, the majority of the millions of
Americans who meet depression criteria are untreated or
undertreated [11]. Furthermore, ethnic minority groups such
as Mexican Americans and African Americans are
significantly less likely to receive depression therapies than
are other ethnic groups [9].

As part of a national-scale effort to curb depression, every
few years the Centers for Disease Control and Prevention
(CDC) administers the Behavioral Risk Factor Surveillance
System (BRFSS) survey via telephone to estimate the rate
of depression among adults in the US [2]. However the
large temporal gaps across which these measurements are
made, as well as the limited number of participant
responses (on the order of thousands) makes it difficult for
agencies to track and identify risk factors that may be
associated with mental illness, or to develop effective
intervention programs.

We examine the potential of social media as a new tool for
mental health measurement and surveillance. Platforms
such as Twitter and Facebook are increasingly gaining
traction among individuals allowing them to share their
thoughts and emotions around a variety of happenings in
everyday life. The emotion and language used in social
media postings may indicate feelings of worthlessness,
guilt, helplessness, and self-hatred that characterize
depression as manifested in everyday life. Additionally,
depression sufferers often show withdrawal from social
situations and activities—i.e., the etiology of depression
typically includes social environmental factors [17].
Characterization of social media activity and changing
social ties within social media can provide measurement of
such withdrawal and capture the depression sufferers’
social context in a manner that might help detect depression
in populations.

Relying on social media as a behavioral health assessment
tool has other advantages as well. For instance, in contrast
to the self-report methodology in behavioral surveys, where
responses are prompted by the experimenter and typically
comprise recollection of (sometimes subjective) health
facts, social media measurement of behavior captures social
activity and language expression in a naturalistic setting.
Such activity is real-time, and happens in the course of a



Social Media Language and Behavior Predicts Onset
of Major Depressive Disorder

476 individuals (233 female) recruited via Amazon’s Mechanical Turk; took CES-D/BDI
and consented to accessing their Twitter data
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A Social Media Index
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* Expertreview

*  Sanity check
* Independent assessments

* Surveys
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Marginalization and the Construction of Mental IlIness
Narratives Online: Foregrounding Institutions in
Technology-Mediated Care

SACHIN R. PENDSE, Georgia Institute of Technology, USA
NEHA KUMAR, Georgia Institute of Technology, USA
MUNMUN DE CHOUDHURY, Georgia Institute of Technology, USA

People experiencing mental illness are often forced into a system in which their chances of finding relief are
largely determined by institutions that evaluate whether their distress deserves treatment. These governing
institutions can be offline, such as the American healthcare system, and can also be online, such as online
social platforms. As work in Human-Computer Interaction (HCI) and Computer Supported Cooperative Work
(CSCW) frames technology-mediated support as one method to fill structural gaps in care, in this study, we ask
the question: how do online and offline institutions influence how people in resource-scarce areas understand
and express their distress online? We situate our work in U.S. Mental Health Professional Shortage Areas
(MHPSAS), or areas in which there are too few mental health professionals to meet expected needs. We use
an analysis of illness narratives to answer this question, conducting a large scale linguistic analysis of social
media posts to understand broader trends in expressions of distress online. We then build on these analyses
via in-depth interviews with 18 participants with lived experience of mental illness, analyzing the role of
online and offline institutions in how participants express distress online. Through our findings, we argue
that a consideration of institutions is crucial in designing effective technology-mediated support, and discuss
the implications of considering institutions in mental health support for platform designers.

CCS Concepts: - Human-centered computing — collaborative and social computing.

Additional Key Words and Phrases: institutions, marginalization, mental health, resource constraints, support
platforms

ACM Reference Format:
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Hum.-Comput. Interact. 7, CSCW2, Article 346 (October 2023), 30 pages. https://doiorg/10.1145/3610195

1 INTRODUCTION

The fields of Computer Supported Cooperative Work (CSCW) and Human-Computer Interaction
(HCT) have increasingly sought to understand people’s everyday experiences with disempower-
ment [35, 103], and investigate whether technology can support both immediate needs [77] and a
broader formation of counterpower [7, 51, 56]. One particular site of disempowerment for individu-
als in distress in the United States is the process of seeking care via the American mental health
care system. An individual’s ability to be treated is dependent on institutional factors largely out of
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How do online and offline institutions
influence how people in resource-scarce
areas understand and express their

distress online?



“lllness narratives edify us about how life
problems are created, controlled, made

|II

meaningfu

— Arthur Kleinman

Large scale linguistic analysis:
* 1,967,582 Twitter posts
* 1,145,013 USErs

* 2015-2017

In-depth interviews with 18

participants with lived
experience of mental illness
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Online expressions of distress are
reflective of offline resource constraints



Participants described somatic and religious
symptoms

“violent diarrhea”

— Olivia (Non- "a queasy stomach +
Shortage) toothaches”
"a hole in my eye” — Perla (Shortage)
— Abe (Shortage)

"l largely only feel itin my

body”

"l was so angry at God”
— Kendall (Non-Shortage)

— Donna (Shortage)

All participant names are
pseudonyms



lliness narratives (influenced by online

and offline institutions) had a strong
influence on illness experiences.
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* Incorporating Insights:

* Integrating knowledge from sociology, psychology, and
related disciplines.



A Social Media Study on Demographic Differences in
Perceived Job Satisfaction

KOUSTUV SAHA, Georgia Institute of Technology, USA
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Effective ways to measure employee job satisfaction are fraught with problems of scale, misrepresentation,
and timeliness. Current methodologies are limited in capturing subjective differences in expectations, needs,
and values at work, and they do not lay emphasis on demographic differences, which may impact people’s
perceptions of job satisfaction, This study proposes an approach to assess job satisfaction by leveraging
large-scale social media data. Starting with an initial Twitter dataset of 1.5M posts, we examine two facets of
job satisfaction, pay and supervision. By adopting a theory-driven approach, we first build machine learning
classifiers to assess perceived job satisfaction with an average AUC of 0.84. We then study demographic
differences in perceived job satisfaction by geography, sex, and race in the US. For geography, we find that
job satisfaction on Twitter exhibits insightful relationships with macroeconomic indicators such as financial
wellbeing and unemployment rates. For sex and race, we find that females express greater pay satisfaction but

lower supervision satisfaction than males, whereas Whites express the least pay and supervision satisfaction.

Unpacking linguistic differences, we find contrasts in different groups’ underlying priorities and concerns,
e.g., under-represented groups saliently express about basic livelihood, whereas the majority groups saliently
express about self-actualization. We discuss the role of frame of reference and the “job satisfaction paradox”,
conceptualized by organizational psychologists, in explaining our observed differences. We conclude with
theoretical and sociotechnical implications of our work for understanding and improving worker wellbeing,

CCS Concepts: - Human-centered computing — Empirical studies in collaborative and social computing;
Social media; - Applied computing — Psychology.

Additional Key Words and Phrases: job satisfaction, demographic differences, sex, gender, race, geography,
Twitter, social media, macroeconomic constructs, workplace
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Pay and Supervision Satisfaction
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how the fuck have | spent 90% of my pay in 2 days Not Relevant NA

| just remembered my bonus funds are reset for this semester Not Relevant NA
I got overtime on this paycheck..We get a bonus on next paycheck #WinWin Relevant Positive

it may be years until the day, my dreams will match up with my pay Relevant Negative

Supervision-Related

[ jut said | forged my mom’s signature In front of my supervisor Not Relevant NA

God Bless all Small Businesses all work hard because Jesus is our Boss |JN Amen Not Relevant NA
TLOVE my Supardigart T e Roloyarnt Sosii

| cannot decide who do I hate the most among my father, my supervisor, and my ex. Relevant Negative
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The toll from gun violence in American K-12 schools has escalated over the past 20 years.
School administrators face pressure to prepare for possible active shootings, and often do so
through drills, which can range from general lockdowns to simulations, involving masked
“shooters” and simulated gunfire, and many variations in between. However, the broad and

lasting impact of these drills on the well-being of school communities is poorly understood.
To that end, this article applies machine leaming and interrupted time series analysis to 54
million social media posts, both pre- and post-drills in 114 schools spanning 33 states. Drill
dates and locations were identified via a survey, then posts were captured by geo-location,
school social media following, and/or school social media group membership. Results indi-
cate that anxiety, stress, and depression increased by 39-42% following the drills, but this
was accompanied by increases in civic engagement (10-106%). This research, paired with
the lack of strong evidence that drills save lives, suggests that proactive school safety
strategies may be both more effective, and less detrimental to mental health, than drills.
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Well-being concerns increased by 38-42%
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Well-being concerns increased by 38-42%
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Focus Group Triangulation

boyd and Crawford’s provocation, “in this
computational turn, it is increasingly important to
recognize the value of ‘small data™

6 1-h long focus group interviews with 21 parents, 11
teachers, and 2 students
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