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CS 6474/4803 Social Computing:
Bridging the Offline and the 
Online: Language



Start Working on and Submitting 
your Class Reading Assignments for 
early feedback!





Language is the most common and reliable 
way for people to translate their internal 
thoughts and emotions into a form that 
others can understand. Words and language, 
then, are the very stuff of psychology and 
communication -- Tauszczik & Pennebaker 



Diurnal and Seasonal Mood 
Vary with Work, Sleep, and Day 
length Across Diverse Cultures



Summary

• One of the early works examining relationship between social 
media mood and behavior and psychological theories.







Twitter is used by millions and both the 
papers extensively leverage this source of 
data in measuring mood and affect.

How does use of Twitter for this purpose address 
limitations in existing mood or affect 
measurement methods?



Twitter is used by millions and the paper 
extensively leverages this source of data in 
measuring mood and affect. 

But could Twitter also have bias?



How do you expect the results 
relating to mood to be different if 
the paper used: 1) Reddit 2) 
Instagram 3) Snapchat?



Class Exercise 
An important aspect of studying emotion and mood with social media 
like Twitter is that we have no knowledge if the displayed emotion is truly 
the emotion experienced by the respective individuals at the moment in 
time when a tweet was shared. That is, when a tweet says “So happy that 
the weather is cooling down”, was the person really feeling “happy” at 
that time?
 
This exercise will explore your ideas around going about assessing to 
what extent social media emotion and real emotion are consistent, if at 
all. Specifically, you need to present a study design, involving data 
analysis, to examine this question. You need to:
 
1. Propose how you would measure true emotion of a person.
2. Propose how you would assess the relationship of an individual’s true 

emotion measured in step #1 and their manifested emotion on social 
media.

3. What do you expect to find based on step #2? Why?



Why is measuring mood useful? 
Some examples follow…



Modeling Public Mood and Emotion: Twitter 
Sentiment and Socioeconomic Phenomena 
– (Bollen, Pepe, Mao, 2010)

Examine how Twitter moods reflect social, political, and 
economic events



2008 Presidential elections Thanksgiving

t he outcome of the elect ion10 .
Our second casestudy relates to thecelebrat ion of Thanks-

giving (November 27), a nat ional holiday in the U.S. that
is nearly always associated with copious amounts of calorie-

dense food, family gatherings and American football. The
sparklines shown in Fig. 6 bear this out . All mood dimen-

sions remain nearly at baseline levels with the except ion of
Vigour which spikes significant ly on Thanksgiving Day indi-

cat ing happy, act ive mood. We also not ice a dip in Fat igue
which along with the significant increase in Vigour furt her

confirms the picture of Thanksgiving as a happy, energet ic
holiday.

Thesparklines in Fig. 5 and Fig. 6 do not do just ice to the
large magnitudes of the discussed mood changes, however.

Against the backdrop of the week- or month-long pat terns
as shown in Fig. 9 the spikes in Vigour and Tension sur-

rounding the president ial elect ion reflect a move of nearly
4 standard deviat ions, respect ively -1 to + 3 standard de-

viat ions for V igour and -2 to + 2 standard deviat ions for
Tension. Thanksgiving corresponds to the most significant

posit ive spike in Vigour of the ent ire period we study, i.e. 0
to + 4 standard deviat ions.

4.2 General correlation dr ivers versus public
mood trends

In this sub-sect ion, we examine the ability of large-scale
economic indicators such as the DJIA and theWTI to drive

public mood. In Fig. 9 we visualize the t ime series of the
produced POMS dimensions of mood as well as the DJIA

and WTI over the same period of t ime, namely August 1,
2008 to December 20, 2008.

Public sent iment fluct uated significant ly in this tumul-
tuous period under the influence of the U.S. president ial
campaign and elect ion, the failures of several large, interna-

t ional banks, the DJIA dropping in value from above 11,000
points to less than 9,000, significant changes in the price of

crude oil, and the official start of the deepest world-wide
economic recession since World War I I. This is reflected by

the large fluct uat ions of the mood curves shown in Fig. 9
which exhibit large swings in value that range from several

standard deviat ions below the mean to several standard de-
viat ions above the mean on a daily or weekly scale. A few

notable examples:

A ugust 17-20 Depression swings from -1 standard devia-
t ion to + 3.3 standard deviat ions, and back in less than

3 days.

A ugust 28-Sept ember 2 Right after John McCain announces
Sarah Palin as his running mate, Tension swings from

-2 standard deviat ions to + 2 standard deviat ions in a
few days.

Oct ober 20 Depression swings from -1 standard deviat ion
to + 2 standard deviat ions and back to -1.5 in the span

of 3 or 4 days.

Throughout this tumult , the emot ional response of the
Twit ter community was highly di↵erent iated. None of the
mood dimensions’ values were stat ist ically significant ly cor-
related across all days in the period under invest igat ion.

10Although the elect ion result s become known later in the
evening of November 4, the date and t ime in our data are
recorded in GMT+ 0. As a result even the immediate reac-
t ions to Obama’s victory weremost ly recorded on November
5 in our data.

Wecalculate pairwiseSpearman Rank order correlat ions be-
tween each mood dimension by the day, thereby producing

the6⇥6 correlat ion mat rix M which containsno stat ist ically
significant correlat ions for N = 141.
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To assess the e↵ect of changes in the DJIA and WTI on
public mood levels, we define 4 crucial periods in which the

DJIA underwent significant changes in value. We examine
the extent of mood changes across those 4 periods. The

following four periods were selected on the basis of the data
shown in Fig. 9:

D JI A -I : A ugust 1 t o 24 TheDow Jones remained stable
at a value above 11,000.

D JI A -I I : Sept ember 15 t o Oct ober 9 The DJIA falls
precipitously from a value above 11,000 to less than

9,000.

D JI A -I I I : Oct ober 9 t o 25 A plateau is reached after the
crash and the collapse of the Iceland banking system.

D JI A -I V : D ecember 1-20 : Aft er Thanksgiving, theDJIA

maintains a low plateau at 8500 to 9,000 points.

Fig. 7 shows the sparklines for the six mood dimensions
as observed in the period under study. The displayed val-

ues are variance-normalized as discussed in Sect ion 3.4, i.e.
they are normalized according to a 30-day running standard

deviat ion, but not their mean. This ensures the visibility
of long-term t rends in average mood levels over t ime. The

DJIA periods as defined above are marked as gray bars on
the graph.

confusion

anger

vigour

fatigue

depression

tension

08/01 09/01 10/01 11/01 12/01 12/20

DJAI−I DJAI−II DJAI−III DJAI−IV

10,000

11,000

9,000
8,000

F igur e 7: Spar k l ines for publ ic mood in per iod A u-
gust , 2008 t o D ecember 20, 2008 compar ed t o D JI A

values in 4 dist inct per iods of change.



Temporal Patterns of Happiness and Information in a Global Social Network: 
Hedonometrics and Twitter

Peter Sheridan Dodds , Kameron Decker Harris, Isabel M. Kloumann, Catherine A. Bliss, Christopher M. Danforth



Temporal Patterns of Happiness and Information in a Global Social Network: 
Hedonometrics and Twitter

Peter Sheridan Dodds , Kameron Decker Harris, Isabel M. Kloumann, Catherine A. Bliss, Christopher M. Danforth



But language based 
inferences can be biased!





Marginalized groups might be more marginalized 
in gender/personality inference because their 
language is less represented

LGBTQ / non-binary gender representation

Unintended biases



Richer linguistic 
representations?





Not All Moods Are Created Equal! Exploring Human Emotional 
States in Social Media, by De Choudhury, Counts, and Gamon 2012



Personality, Gender, and Age in the 
Language of Social Media: The Open-
Vocabulary Approach, 
by Schwartz et al 2013

Facebook data of 75K individuals

Users took personality tests 

Participants volunteered to share their status updates as 
part of the My Personality application, where they also took 
a variety of questionnaires



Schwartz et al 2013



Summary





Character n-grams



Modeling Stress with Social 
Media Around Incidents of Gun 
Violence on College Campuses



Acute Stress in College Campuses Increases Following 

Gun Violence Incidents

12 universities; 12 incidents over 5 years (2012-2016); 113,337 posts



Modeling Stresswith Social Media Around Incidents of

Gun Violence on CollegeCampuses 92:11

Table 2. Performance metrics of stress classification

based on k-fold cross-validation (k=5)

Metric mean stdev. median max.

Accuracy 0.82 0.11 0.78 0.90

Precision 0.83 0.14 0.77 0.92

Recall 0.82 0.09 0.78 0.88

F1-score 0.82 0.11 0.79 0.89

ROC-AUC 0.90 0.08 0.78 0.95

Fig. 1. ROC curve for stress classification

Table 3. Top 30 Features in stress classifier. Sta-

tistical significance reported a er Bonferroni cor-

rection. (*** p < 0.001).

Feature p log(score) Feature p log(score)

stress *** 9.63 thank *** 6.20

try *** 7.46 meet *** 6.17

work *** 7.20 life *** 6.07

anxiety *** 7.05 sleep *** 6.03

meditation *** 6.88 problems*** 5.98

help *** 6.81 control *** 5.95

focus *** 6.62 job *** 5.89

luck *** 6.62 good *** 5.87

breathing *** 6.44 health *** 5.87

techniques *** 6.33 week *** 5.86

feel *** 6.30 minutes *** 5.83

exercise *** 6.30 doctor *** 5.83

time *** 6.25 mental *** 5.83

play *** 6.23 relax *** 5.72

body *** 6.21 stressful *** 5.67
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Fig. 2. High Stress (HS) and LowStress (LS) posts in Before

and A er samples of Control and Treatment dataset.

(ROC) curveof thesame.We nd that our classi er yields low number of falsepositives (average

precision 0.82), aswell as low false negatives (average recall 0.82), indicating robust performance

on test data. We conclude that our classi er is able to successfully classify Reddit posts to be

expressions of High Stressor Low Stress.

What are the top predictive featuresof this classi er? In Table 3, we report the top 30 features

of our stress classi er. Weobserve that a notable number of verbs or action-based nouns occur

in this list, such as, try,work, help, focus. Additionally, weobserve the presence of wordswhich

arecontextually related to theexpression of stress, likestress, anxiety, stressful, and relax. Aligning

with prior work that hasexamined the correlates or factors precipitating stress [70], other notable

wordswhich occur in thetop features include– 1) work-related:work and job; and 2) health-related:

health, body and sleep.

Proc. ACM Hum.-Comput. Interact., Vol. 1, No. 2, Article 92. Publication date: November 2017.
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Temporal and Linguistic Patterns of Stress



Temporal and Linguistic Patterns of Stress



Temporal and Linguistic Patterns of Stress



Open Questions and 
Challenges



Could platform affordances impact 
specific moods and their 
manifestations on social media? 
How?







Generative AI both enables as well as 
exacerbates what we can learn from 
social media language
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