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Evaluation Approaches for Supervised 
Learning Settings

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

• Use of metrics
• How to interpret and apply metrics for evaluating model 

performance.

• Beyond metrics





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



Ground Truth Annotation

• 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)

• Open Vocabulary – 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





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



Error Analysis
• Posts that outsider model “missed,” but insider model 

labeled correctly as Bullying

• Capturing implicit references
• “I just wanna say that THIS IS NOT OKAY. WEARING A SHORT SKIRT 

ISN’T A OPEN INVITATION, YOU CANNOT TOUCH SOMEBODY 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 I cut myself over and over 
again. I just want to die so I can stop the pain”



• Quantitative Approaches 
• Supervised learning
• Unsupervised learning
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Evaluation Approach for Unsupervised 
Learning

13





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?

NAMI



• 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 980 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



155:12 Ernala et al.

LIWC lexicon to calculate the proportion of words belonging to each of the following categories:
home, religion, money, death, leisure, friend, and family.

Self-presentation on Facebook. Transitions such as experiencing a psychiatric hospitalization
involve people “rede�ning their sense of self and redevelop self-agency in response to disruptive
life events” [52]. Identity work [111] and signaling social role changes [158] are important aspects
of navigating such transitions. Drawing from literature of identity and major life transitions [137],
we expect our participants to show changes in self-presentational signals on Facebook during the
transitional phases surrounding hospitalization. To capture these signals, we measure the following
assessment and conventional signals [49] derived from Facebook: updating pro�le �elds, adding
photos, adding cover photos, sharing feelings with status updates, and broadcasting behaviors
using shares and likes on Facebook.

Social interactions. Technologies like social media are known to play an important role during
major life transitions by helping individuals establish a “new normal” [105], conduct identity
work [111] and reach out to similar others [136]. Also, social functioning is a key marker for
recovery in mental health conditions [14]. To capture aspects related to peoples’ social interactions
and functioning during the temporal phases surrounding hospitalization, we consider the following
features from Facebook data: number of friend requests sent or accepted on Facebook, one-one
interactions measured via the number of distinct people with whom the participant shared messages,
number of messages exchanged, number of posts where the participant was co-tagged with others,
and an overall measure of posts and activities on Facebook.

4.3.3 GMMParameter Tuning: Determining the Number of Components. Training the GMM involves
selecting the parameter  to indicate the number of components. We experimented with  from [2,
10] to empirically determine the optimal number of components/possible self statuses. To prevent
over-tuning, we used the Akaike’s Information Criterion (AIC) and Bayesian Information Criterion
(BIC) to determine the optimal �t. The lower the AIC and BIC values, the better the model is at
predicting the underlying unknown distribution. Based on the values and the gradient of the AIC
and BIC scores curve, we found that GMMs with  2 [4, 6] were a good �t on the phases data.

4.4 Clinical Validation and Grounding of the Possible Self Statuses: A Taxonomy
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Fig. 2. Frequency of the GMM-derived PSS

Validating the output of generative models like Gauss-
ian Mixture Model components or Latent Dirichlet Al-
location based topic models is typically done by human
coding tasks [55], goodness of �t or predictive likelihood
measures, performance on external tasks or validation of
coherence [71]. However, qualitatively interpreting the
derived components is challenging due to lack of con-
textual knowledge, di�culty in understanding the opera-
tionalization of features and researcher bias. Recent work
has re�ected on the convergence and divergence between
statistical machine learning methods (especially unsuper-
vised approaches) and grounded theory method [13] and
suggests hybrid, iterative approaches that combine the two [13, 113] as possible alternatives. We
take inspiration from this literature and prior work interpreting GMM components [159] to �nalize
the �nal setting of number of GMM components and their labels.

Using the approach in Section 4.3, we �t Gaussian Mixture Models for values of  that showed
optimal �t based on the AIC, BIC scores. Then for each model’s extracted components, we �nd
the top behavioral features that are representative of the component. To get the top features per
component, we use two measures: 1) We take the feature means per component, which in the form
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of I-scores, shows whether the behavior was performed more or less than its average value. Based
on the magnitude of I-scores, we �lter the top features and their mean values per component. 2)
We build a linear regression model on the probability of a phase belonging to the component and
extract features that are statistically signi�cant and predictive of membership to the component.
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Fig. 3. Proportion of each PSS in
each temporal period surrounding
the hospitalization events.

We presented the top features per component for each of the
GMM models to 4 annotators and gathered their input to help
interpret and name the extracted components as possible self
statuses. To provide additional context for interpretation, we
also provided them with the temporal periods during which the
component was most prominent (for instance, whether most
phases predicted to belong to a component were right before hos-
pitalization). Using this information, we conducted individual
semi-structured interviews and follow-up sessions with anno-
tators to iterate over the component labels and reach the most
theoretically grounded and clinically informed GMM setting
that would capture the PSS surrounding the hospitalizations.
The four annotators included one psychiatrist and two computer
science researchers who were domain experts in mental health
and social media studies and a graduate student familiar with
the Facebook data. The �rst author conducted the sessions to
iteratively build a shared vocabulary combining the annotators’ expertise in clinical care and behav-
ioral analysis of social media data. Annotators compared di�erent GMM model outputs based on
the discernability of the components and whether the extracted components were comprehensive.
Based on feedback from these sessions, we chose  = 6 as the �nal GMM con�guration. Table 2
shows the names of the six PSS alongside the top representative features per PSS as well as example
paraphrased Facebook posts, explaining the behaviors within the PSS. We used moderate levels
of disguise [20] while paraphrasing posts in Table 2, i.e. identifying details (such as places) were
changed and verbatim quotes were modi�ed grammatically to safeguard privacy of participants.
Fig. 2 shows the frequency of occurrence of each PSS in our data.

(1) Self-regulation focused PSS: involving lower engagement, reduced posting, and activity
signaling a detachment from the online social network with no indications of disclosure
about their mental health status (indicated by lower use of pronouns). This PSS also suggests
boundary regulation strategies [150] while only sharing positive content on Facebook. This
PSS is seen most frequently during Bf_hosp and is presented with lower frequency during
other periods.

(2) Self-awareness focused PSS: involving high self-referential thinking and pre-occupation
indicated by the increased usage of pronouns [1] and posting of content related to mental
health symptoms and conditions. The higher use of words related to anger, work, and money
and showing a focus on the present and future in language demonstrate an understanding of
the transition and subsequent consequences. This PSS also has reduced social interactions and
posting about emotional content. This PSS is most salient during Bf_hosp but also persists
during Bf_long and Af_long indicating continued self-re�ection surrounding psychiatric
hospitalization events [126].

(3) Sociality focused PSS: involving heightened sociality demonstrated by the greater volumes
in posting status updates and photos, sending messages, one-on-one interactions, and other
activities on Facebook. This PSS only appears during Bf_hosp.

(4) Withdrawal focused PSS: involving an overall reduction in posting and activities on Face-
book. As part of this PSS, people use signi�cantly fewer functionwords and personal pronouns
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Table 2. Derived possible self states (PSS) on Facebook surrounding psychiatric hospitalizations. The increasing behaviors indicate actions that are performed
more as part of the PSS compared to its average level, while those decreasing indicate actions that are performed less as part of the PSS compared to its average
level. Example increasing/decreasing behaviors for the same individual are indicated in blue. All Facebook posts are paraphrased to protect participants’
privacy. *** indicate ?-values for behaviors that are predictive of membership to the PSS component. *** ? < 0.001, ** ? < 0.01, * ? < 0.05.

PSS Increase in behaviors Decrease in behaviors Example posts and behaviors

Self-regulation Use of words indicative of positive emotions***. “I just wanted to
say that everyone danced so well tonight. I really enjoyed the perfor-
mance.”

All other actions. E.g., use of function words, pronouns,first-person
singular pronouns, show focus on the present in language, post con-
tent indicative of mental health symptoms and experiences, use of
impersonal pronouns, show focus on the past in language*, third-
person plural pronouns, words related to anger, body, work, sad-
ness, death, leisure*, words indicative of negative emotions**, words
about friends*. “My roommate was watching OUAT, and I remember
how quick Ruby was to condemn Regina.”

“It is world humanitarian day. I’m doing some-
thing good, somewhere for someone else. Join
me. #WHD2012 #IWASHERE”

Self-awareness Use of function words, personal pronouns, first-person singular pro-
nouns, words related to cognitive processes, first-person plural pro-
nouns, words related to anger**, words related to money*, show fo-
cus on the present in language, show focus on the future in lan-
guage*, posting content indicative of mental health symptoms or
experiences. “I just can’t sleep, I watched American Horror Story for
the whole day. I promised myself I would wake up early and clean my
room.”

Posts indicative of positive and negative emotions, sending mes-
sages to friends on FB, posting photos on FB, words related to
leisure, one-on-one interactions on FB, words indicative of anxiety*,
sharing feelings with status updates on FB**, shares on FB*.Number
of FB shares relatively dropped by 100%.

“It’s just a slap in the face when you are your
only sole motivation and advice giver... you
have no one saying ‘keep going’, ‘i’m proud of
you”’, “You work hard on your mental health
to the point your new psychiatrist doesn’t want
you on meds anymore.”, “Feeling accomplished
and great.”, “Hungry and bored again. blah!”

Sociality Overall posts and activities on FB, uploading photos and cover pho-
tos on FB, sharing feelings via posts on FB, likes on FB, one-on-one
interactions on FB, sending messages on FB, co-tagged with others
on FB, use of informal words. Number of FB posts relatively increased
by 341%.

Post content related to mental health symptoms and experiences,
use of second-person pronouns, first-person plural pronouns, words
indicative of negative emotions, showing focus on the past in lan-
guage, use of words related to leisure, adding new friends on FB.
“These winds are blowing down everything except the Trump tower.”

“I have a lot of best friends lol so happy... na-
tional best friend day to everyone who are my
best friend.”

Withdrawal No action. Use of function words, pronouns, posting content indicative of men-
tal health symptoms and conditions, posting content indicative of
positive emotions**, use of person pronouns, showing focus on the
present in language, use of first-person singular pronouns, anger,
words related to body. “omg! You’ve got great hair styling skills sis-
ter.”

“[The user] went to [a certain music festival]”,
“[The user] added education to his timeline”,
“[The user] added [a city] to his current city.”

Re-adjustment Use of words related to leisure, sexual words, words related to work,
ingestion***, pronouns, function words , informal words, co-tagging
with others on FB, words related to anger, death, adding new friends
on FB, use of words related to health***, showing focus on the past
in language***, sending messages to friends on FB***, shares on
FB***. “I’m on the verge of a manic episode. WHAT DO I DO?”

Only use of third-person singular pronouns. “Woot! commemorating
my 7th good hair day in a row”

“Friends always: fight for you, include you, re-
spect you... stand by you. People believe your
actions more than your words.”, “I am not my
hair. I am not this skin. I am not your expecta-
tions. I am a soul that lives within”, “#oldclass-
mates reunion”, “#fuckedup”, “#amen”.

Incoporation Showing focus on the present in language*, words indicative of
negative emotions***, posting content indicative of mental health
symptoms and experiences, us of informal words**, function words,
pronouns, sending messages to friends on FB, use of personal pro-
nouns, first-person singular pronouns, words related to religion**,
body one-on-one interactions on FB, use of words about friends***,
health**, sharing feelings with status updates on FB***. “my girl..I
need your help pls get back to me as soon as possible”

Use of words indicating positive emotions, co-tagging with others
on FB, overall posting and activities on FB, use of words related to
anxiety*. “Aww! Thanks for the feel be�er card!”

“Anyone with a TV watching the movie
Avengers I might be able to join?”, “Anyone
coming from [a location] that might be able to
give me a ride to [another location]?”, “Sorry
I missed your show last night. Make sure you
keep me posted with everything going on.”
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Psychometric Approaches





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



A Social Media Index
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Qualitative Approaches





Majority of individuals 
with mental illness do not 
get treatment

Time to treatment is more 
than a decade

1 in 4 forced to choose 
between mental health 
care and rent/food

Clinical care is often first 
accessed after suicide 
attempts

Statistics from Little Treatments, Big Effects by Jessica Schleider
Graphic from RuralHealthInfo.org



Interventions must 
be both effective 

and acceptable



How do online and offline institutions 
influence how people in resource-scarce 

areas understand and express their 
distress online?



“Illness narratives edify us about how life 
problems are created, controlled, made 
meaningful” 

– 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



Significantly higher levels of somatic, religious, and community-
oriented language in shortage areas

Shortage Areas

gone

tired

wish

god

hurt

Non-Shortage Areas

stab

fucking

fuck

new

worth

Comparison of Percent Health Language





Online expressions of distress are 
reflective of offline resource constraints



“violent diarrhea”
— Olivia (Non-

Shortage)
“a queasy stomach + 
toothaches”

— Perla (Shortage) “a hole in my eye”
— Abe (Shortage) “I largely only feel it in my 

body”
— Kendall (Non-Shortage)

“I was so angry at God”
— Donna (Shortage) 

Participants described somatic and religious 
symptoms

All participant names are 
pseudonyms



“But then they screwed me over in the most classic way, 
they sent me to their doctor. And I didn’t have the privilege 
of my own psychiatrist who would vouch for me. So of 
course, their doctor did his job and gave me a clean bill of 
health, which basically screwed me for the next five years. 
During which time, I attempted suicide, became homeless 
for a long stretch, and barely survived a domestic violence 
relationship, one of a series of violent relationships where I 
was almost killed.”

—Isabella

Institutional rules around “valid” illness kept 
people from care



Illness narratives (influenced by online 
and offline institutions) had a strong 

influence on illness experiences. 
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Cross-disciplinary Approaches

• Incorporating Insights:
• Integrating knowledge from sociology, psychology, and 

related disciplines.
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Table 1. Seed keywords used to collect Twitter data on job satisfaction expressions.

Facet Seed Keywords
Pay pay raise, my raise, my pay, my salary, my income, my wage, got a raise, my bonus, got a bonus, my

wages, get a raise, get a bonus, hourly pay, bump in pay
Supervision my boss, my supervisor, my director, team lead, my team lead, my manager, my director, my foreman,

my mngr, my mgr, my ceo

Fig. 1. Example word-trees built around “raise” and “boss” on snippets of Twitter posts in our dataset. The
font sizes are proportionate with relative occurrence.

and Maaranen and Tienari studied hyper-masculinity in work cultures via social media [97]. As
noted earlier, conventional techniques focus on smaller samples of the population and are not
representative of different subpopulations. Building on the above literature, our study bridges this
gap by offering a scalable approach for assessing job satisfaction. Our study further elucidates
demographic differences in perceptions of job satisfaction as reflected in social media language. We
gain insights on job-related concerns around geography, sex, and race, which collectively contribute
to CSCW’s long-standing interest in building technologies to improve workplace experiences.

3 COLLECTING SOCIAL MEDIA DATA ON JOB SATISFACTION EXPRESSIONS
This paper studies perceived job satisfaction as expressed on social media, particularly Twitter.
Twitter is one of the most popular social media platforms [58], and its public-facing, micro-blogging
based design enables candid self-disclosure and self-expressions [50]. For the purpose of the study,
we collect Twitter posts based on a list of pay and supervision related search terms curated using
keywords present in the Job Desriptive Index (JDI) and the Job in General Scale (JIG) [9, 64]. Table 1
reports the seed keywords for our data collection, corresponding to the two facets of job satisfaction
that we study- pay and supervision. Using these seed keywords, we employ the Twitter API to
collect a total of 939,101 posts containing keywords related to pay satisfaction and 573,554 posts
containing keywords related to supervision satisfaction. These posts pertain to the period between
January 2012 and December 2019 and were posted by 855,508 unique users (mean=1.77 posts per
user). We also collect each user’s name, location, and description. To give the reader a broad sense
of our dataset, we present example word-trees in Fig. 1 which show examples of post snippets of
how people express about “raise” and “boss” on Twitter. For example, we find expressions around
“pay raise”, “raise of taxes”, and “raise of minimum wage”, and around “my/our boss is [..]”.

4 AIM 1: MEASURING PERCEIVED JOB SATISFACTION ON TWITTER
4.1 Annotating Job Satisfaction on Twitter
In the absence of labeled ground-truth social media data on job satisfaction expressions, we adopt
a theory-driven annotation approach grounded in organizational science. We manually annotate
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Table 2. Example posts excerpts along with their relevance and valence annotation.

Example Post Relevance Valence
Pay-Related

how the fuck have I spent 90% of my pay in 2 days Not Relevant NA
I 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
I jut said I 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 IJN Amen Not Relevant NA
I LOVE my supervisor! Relevant Positive
I cannot decide who do I hate the most among my father, my supervisor, and my ex. Relevant Negative

a random sample of 1.5% of our entire dataset: 12,000 Twitter posts related to pay and 10,000
posts related to supervision. Two coauthors, who are industrial-organizational psychologists,
designed a short frame of reference training for undergraduate research assistants, employed
as annotators. The training started with defining and describing job satisfaction and its facets
of pay and supervision satisfaction. Example scales for pay and supervision satisfaction facets
were presented, including the Minnesota Satisfaction Questionnaire [148] and the Job Descriptive
Index [64]. We explained the annotation scheme to the annotators, who then participated in practice
coding and received feedback. After the two annotators completed their coding, consensus was
reached through discussion by the two industrial-organizational psychologists. On this initial
curated dataset, our annotation approach included two further tasks on each post — 1) labeling
relevance (binary labels of relevant or irrelevant, to remove noisy posts unrelated to job satisfaction),
and 2) labeling valence (if a post expresses positive or negative pay/supervision satisfaction).

Table 2 shows example posts, labeled relevant and irrelevant in our dataset. For annotating post
relevance, the raters show a high agreement of 92% for pay and 93% for supervision satisfaction.
Out of the initial sample of 12,000 pay-related posts, we find 2,244 (19%) posts to be relevant, and
out of the initial sample of 11,000 supervision-related posts, we find 1,337 (12%) posts to be relevant.
The same Table 2 also shows valence annotations for the relevant posts. For valence, the raters
again show a high agreement of 92% for pay satisfaction and 93% for supervision satisfaction posts.
We find a reasonably balanced distribution of positive and negative posts in our hand-labeled
dataset — 1,112:1,132 for the 2,244 relevant pay satisfaction posts and 759:578 for the 1,337 relevant
supervision satisfaction posts.

4.2 Building A Machine Learning Classifier of Job Satisfaction
To infer perceived job satisfaction in social media expressions at scale, we draw on natural language
analysis techniques to build machine learning classifiers on the annotated dataset. We describe our
approach, features, and models below.

4.2.1 Machine Learning Features. Inspired from several prior works in social media language [77,
123, 124, 128], our work uses three kinds of features:
Open-Vocabulary (!-grams). Open-vocabulary features have enabled several prediction studies
capturing rich linguistic expressions and descriptions of experiences [128]. These features are based
on keywords/phrases and their co-occurrences. We use the top 500 most frequent !-grams (!=1,2,3).
Psycholinguistic Attributes (LIWC). Linguistic Inquiry and Word Count (LIWC) is a lexicon of
keywords grouped into a variety of psycholinguistic categories (50 in total) [136]. These categories
encompass affect, cognition and perception, interpersonal focus, temporal references, lexical density
and awareness, biological, personal, and social concerns.

Proc. ACM Hum.-Comput. Interact., Vol. 5, No. CSCW1, Article 167. Publication date: April 2021.
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Table 8. Top salient !-grams (!=1,2,3) in job satisfaction posts across sexes (SAGE [49]).

Males
!-gram SAGE !-gram SAGE
wealth tax 2.21 average wage 0.80
civil 2.05 pay grade 0.79
rights 1.84 income tax 0.77
homelessness 1.33 federal government 0.76
sex 1.33 healthcare 0.76
technician 1.30 work late 0.75
wealth 1.29 competitive 0.74
baseball 1.17 wage growth 0.73
returns 1.15 tax cuts 0.73
center applicant 1.13 get fired 0.70
gun 1.10 unions 0.68
teams 1.08 sacked 0.65
facilities 1.08 progressive 0.61
registered nurse 1.06 growth 0.58
pay cut 1.24 wage laws 0.58
2nd shift 1.07 hr manager 0.53
football 1.06 applicant 0.53
tax rate 0.98 progressive 0.50
taxes paid 0.93 capital gains 0.48
wage growth 0.88 wage war 0.47

Females
!-gram SAGE !-gram SAGE
toxic workplace -4.92 prayer -1.16
survival guide toxic -4.87 maternity leave -1.15
adaptive -4.12 medical bills -1.05
lawful ethical -3.82 husband -1.04
feedback criticalthinking -3.51 work tonight -1.03
sexually -1.82 hourly shift -1.00
scare -1.79 extra income -0.96
bra -1.68 supportive -0.95
harassed -1.68 anxiety -0.93
manager transportation -1.67 ass manager -0.93
girl got raise -1.64 emotional -0.92
security shift -1.63 stressful -0.90
land like asst -1.55 family income -0.89
survival -1.51 like hospitality -0.86
touched -1.43 bonus check week -0.82
outfit -1.33 drama -0.82
home early -1.32 screamed -0.80
barista -1.26 boyfriend -0.80
clerical -1.21 clothes -0.79
abused -1.20 wear -0.76

by racial minority groups.We find that the salient keywords used byWhites are dominated by career
opportunities and growth (referrals, career rise, doubled pay, competitive salary) and organizational
positions (management trainee, retail opportunity, hiring). On the other hand, salient keywords
used by racial minorities include basic needs (homelessness, medicare, household income), and rights
(voting, strike, civil, wealth tax). We also find that the keywords used by racial minorities share
commonalities with that used by people in high unemployment states (Table 7), which is plausibly
due to the correlation between socio-economic status and racial distribution in the U.S. [6].
The relatively disadvantaged status of racial minorities in the U.S. is reflected in more posts

about basic rights and needing extra income. This is evident in posts such as, “niggas not like it
when $15 minimum wage and milk cost $38/g” and “the minimum wage spoiled me coz I just been
looking for a side job until I secure my full time and this is the ghetto”. In contrast, keywords related
to interests and career largely occur in posts by Whites, e.g., “I tripled my income by leaving my
job, my family legacy is to financially be in the position for the worthy. They need to be intellectual,
passionate, innovative and, resourceful!”. These observations align with prior work that found Black
workers attach more value to wage and job security, whereas White workers attach more value to
intrinsically satisfying aspects of work [131].

8 DISCUSSION
8.1 Theoretical Implications
Social Media: A New Lens for Understanding Labor Economics and Worker Wellbeing.
This study assesses job satisfaction and examines its demographic disparities via a previously
unexplored, inexpensive, and unobtrusive data source, social media data. Because social media data
consists of people’s self-initiated and candid self-expressions, this data provides us with a new and
rich lens to examine critical questions of labor economics and helps us understand worker wellbeing
beyond traditional mechanisms — survey instruments have been criticized as representing a biased
and overly simplistic view of reality, and they often fail to provide an accurate assessment of the
position of minorities in connection to the topic of interest [115]. The large-scale availability of
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Table 9. Top salient !-grams (!=1.2,3) in job satisfaction posts across racial groups (SAGE [49]).
Whites

!-gram SAGE !-gram SAGE
management trainee 4.35 interested 1.76
starbucks apply 3.07 innovative 1.69
way meeting 2.84 nervous 1.66
hr check 2.84 coffee shop 1.66
shy score 2.84 like sales 1.65
referrals great way 2.84 working month 1.64
supervisor panera 2.84 hiring anchorage 1.64
competitive salary 2.83 career rise 1.61
asking referrals 2.80 explore opportunities 1.61
health tracking 2.71 best options 1.60
ulta beauty 2.47 doubled pay 1.59
retail opportunity 2.48 midtown 1.51
looking score 2.38 read latest 1.49
bio 2.35 sympathy 1.38
great fit 2.34 mr president 1.37
information apply 2.29 technology 1.06
cosmetology 2.23 home health 1.01
underestimating value 2.03 hair stylist 0.58
lasvegas 1.99 look specific 0.83
minnesota 1.92 aramark 0.72

Racial Minorities
!-gram SAGE !-gram SAGE
reproductive -2.70 bruh -1.21
impeach -2.44 faith -1.19
facilitiesmgmt -2.34 lord bless -1.17
voting -2.24 supervisor wanna -1.16
strike -2.17 work ethic -1.15
civil -2.10 annoying -1.06
minimum wage -2.02 medicare -0.96
homelessness -1.92 chinese -0.92
extra income -1.76 af -0.88
rights -1.54 patience -0.87
reduce stress -1.51 fucking hate -0.84
sex -1.47 really hate -0.84
green -1.37 getting fired -0.83
finna -1.35 pay shit -0.82
scare -1.34 bitch ass -0.80
wealth tax -1.33 work environment -0.80
niggas -1.32 mississippi -0.78
ghetto -1.32 safety -0.76
southwest -1.27 stress -0.74
need extra income -1.21 household income -0.70

public social media data provides opportunities to understand population-level worker wellbeing
constructs over space, time, and demographic groups, both retrospectively and prospectively.
Job Satisfaction as a Theoretical Construct, Dissected by Demographics, Facets, and Lan-
guage. Summarily, this study opens up interest in conceptualizing job satisfaction as a theoretical
construct and identifying its correlates. Weiss noted job satisfaction might be impacted by the
differences in belief, even among those with similar roles, responsibilities, and working condi-
tions [148]. Indeed, different frames of reference for what makes satisfactory job conditions and
rewards may drive many demographic differences in job satisfaction observed in the literature [29].
Leveraging social media self-expressions helps us to gauge the values and expectations of different
demographic groups. In particular, by examining the linguistic differences in perceived job satisfac-
tion, we observe how the minorities in the workforce largely express concerns related to needs and
survival, whereas the majority group’s concerns are driven at self-actualization and career growth.
Our work illustrates the importance of studying facet-level job satisfaction rather than overall

job satisfaction. We make distinct observations for different facets: pay and supervision satisfaction.
Essentially, our findings indicate that different facets of job satisfaction have different causes and
consequences. For example, when examining geographic differences in job satisfaction, some of
our observations are intuitive and well-aligned with the literature. This includes the finding that
perceived pay satisfaction (on Twitter) positively correlates with financial wellbeing and family
income [109]. At the same time, we also find that higher family income does not necessarily
translate to greater supervision satisfaction.

Similarly, for sex, we notice contrasting trends of satisfaction between pay and supervision, i.e.,
females are more likely to express positively about pay, but negatively about supervision than
males on social media. Therefore, facet-wise examination of job satisfaction also provides newer
insights regarding the job satisfaction paradox (discussed below). By drilling into the linguistic
differences across demographic groups, our study disambiguates the concerns of disadvantaged
groups. For example, females saliently use “toxic workplace”, and racial-minorities or those in
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DRAFT

(a) Geographical distribution of K-12 schools with active shooter drills consid-
ered in this research. (b) Distribution of active shooter drills between April 2018 and December 2019

Fig. S1. Descriptive statistics of active shooter drills in 114 K-12 schools with a social media presence.
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Well-being concerns increased by 38-42%

y =  0.00771x - 0.32971
y =  0.00144x +  0.60664

y =  0.00589x - 0.26281
y =  0.0053x +  0.28296 

(a) Stress/Anxiety and Depression 
levels

(b) Stress/Anxiety standardized 
trend

(c) Depression standardized 
trend



Well-being concerns increased by 38-42%



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

Figure S5. Codebook developed using a qualitative open coding approach, capturing themes in the transcribed interviews
resulting from focus groups.
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