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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”
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Evaluation Approach for Unsupervised 
Learning

No ground truth available

Examples –
Community detection

Social recommendations and social ranking

Personalization of content





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
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Psychometric Approaches

Face validity 

Construct validity

Concurrent validity





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

least squares regression fit yields correlation of 0.52

actual (BRFSS data) predicted (SMDI)

standardized difference between frequencies of 
depression-indicative and standard posts, compared to 
a period before between k and t-1 (1≤k≤t-1)
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Qualitative Approaches

Expert review
Sanity check

Independent assessments

Surveys

Interviews and Focus Groups





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



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.





167:6 Koustuv Saha et al.

Table1. Seed keywordsused to collect Twit er 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. Exampleword-treesbuilt around “raise” and “boss” on snippets of Twit er posts in our dataset. The

font sizesareproportionate with relativeoccurrence.

andMaaranen and Tienari studied hyper-masculinity in work culturesvia social media [97]. As

noted earlier, conventional techniques focus on smaller samples of the population and are not

representativeof dif erent subpopulations. Building on theabove literature, our study bridges this

gap by of ering a scalable approach for assessing job satisfaction. Our study further elucidates

demographic dif erences in perceptions of job satisfaction as ref ected in social media language.We

gain insightson job-related concernsaroundgeography, sex, and race,which collectively contribute

toCSCW’s long-standing interest in building technologies to improveworkplace experiences.

3 COLLECTING SOCIAL MEDIA DATA ON JOB SATISFACTION EXPRESSIONS

This paper studies perceived job satisfaction as expressed on social media, particularly Twitter.

Twitter isoneof themost popular social mediaplatforms [58], and itspublic-facing, micro-blogging

based design enables candid self-disclosureand self-expressions [50]. For thepurposeof the study,

wecollect Twitter posts based on a list of pay and supervision related search terms curated using

keywordspresent in theJobDesriptive Index (JDI) and theJob in General Scale (JIG) [9, 64]. Table1

reports theseed keywordsfor our datacollection, corresponding to thetwo facetsof 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. Theseposts pertain to theperiod between

January 2012and December 2019and wereposted by 855,508uniqueusers (mean=1.77 postsper

user). Wealso collect each user’s name, location, and description. To give the reader abroad sense

of our dataset, wepresent exampleword-trees in Fig. 1which show examples of post snippetsof

how people expressabout “raise” and “boss” on Twitter. For example, we f nd 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 Twit er

In theabsenceof labeled ground-truth social media data on job satisfaction expressions, weadopt

a theory-driven annotation approach grounded in organizational science.Wemanually annotate

Proc. ACM Hum.-Comput. Interact., Vol. 5, No. CSCW1, Article 167. Publication date: April 2021.

Pay and Supervision Satisfaction
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114 K-12 schools 

in 33 states in the 

2018-19 school 

year

6 months of analysis 

(3 months pre- and 

post-incidents)

54 million social 

media posts

Focus group 

interviews with 34 

stakeholders



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”’

Focus Group Triangulation

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

Figure S5. Codebook developed using aqualitativeopen coding approach, capturing themes in the transcribed interviews

resulting from focusgroups.

13/25
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