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twitter basic official statistics
https://about.twitter.com/company, accessed 2014, 2016-2020

mission

“to give everyone the power to create and share ideas and
information instantly, without barriers”

2014 2016 2018 & later

monthly active users 241M 320M N/A
tweets sent per day 500M N/A N/A
active users on mobile 716% 80% N/A
accounts outside the US 7% 79% N/A
supported languages 35+ 35+ N/A

employees 2700 3900 N/A




"an echo chamber of random chatter”

“140 characters: between an SMS
(with larger audience) and

a blog (but less cumbersome)”

280 characters (Fall 2017

J. van Dijck The culture of connectivity, Oxford University Press, 2013



N Jack Dorsey @ % Follow
4 jack

Just setting up my twttr

4 Reply £3 Retweet % Favorite e*+ More

e s THBEEIYA

12-50 PM - 21 Mar

12:50 PM - 21 Mar 2006

https://twitter.com/jack/status/20

https://about.twitter.com/milestones



before twitter...

O RUAL KD E |
SENTONMOLTEVRILHTDEHE The Dinosaur
On waking, the dinosaur was still there.

old pond . ..
a frog leaps in

water’s sound Augusto Monterroso (20t century)

Basho (17t century)

https://en.wikipedia.org/wiki/Haiku https://es.wikipedia.org/wiki/Microrrelato
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what is twitter made of?

follow (2006)
y @username users subscribe to other users' tweets

hashtags # (2007, official 2009)

y #haShtag words articulating a topic or event

allow for search and clustering

“2 Join The Flock

Twitter is hiring! Vertical Marketing Manager - Automotive retweet RT (2007, Oﬁ|C|a| 2009)
jobvite.com/m?39Mfjgwe #job '

repost tweets towards one's followers
enables trends by retweeting

Cancel

https://about.twitter.com/press/brand-assets
https://about.twitter.com/milestones
J. van Dijck The culture of connectivity, Oxford University Press, 2013



hashtags

link Strangel’S into c Swiss Embassy # @SwissEmbassyUSA - 7h

|arger conve rsations Today we celebrate #WorldWaterDay as a reminder of this precious &
essential resource on #earth. #Switzerland is committed to sustaining
high #environmental standards. Strict laws & regulations ensure access to
faCi | itate Im prom th fresh #water and 1/3 can be drunk without treatment.
|nte raCtlonS % Wengen Switzerland @WengenSwiss - Mar 19

v One of the best skiing days in this winter season. #wengen #Switzerland
#inlovewithswitzerland #skiing

not directed

communication Switzerland Tourism & @MySwitzerland_e - Mar 20
but a stream g‘(‘ Today is the #FirstDayOfSpring! The first signs of spring can also be seen

in various places around #Switzerland. .. £ Are you looking forward to
the new season?

enable the emergence
of trending topics

https://twitter.com/SwissEmbassyUSA/status/1374086527328907270
https:/twitter.com/WengenSwiss/status/1372877615472738308
https:/twitter.com/MySwitzerland_e/status/1373205370017964035

D. Murthy, Twitter: Social Communication in the Twitter Age, Polity Press, 2013



=88 Chris Messina™ ¥v -2 Follow
\ chrismessina

how do you feel about using # (pound) for
groups. As in #barcamp [msg]?

4 Reply £3 Retweet % Favorite e+ More

12:25 PM - 23 Aug 2007
https://twitter.com/chrismessina/status/223115412

Eric Rice W Follow
@ericrice

ReTweet: jmalthus @spin Yes! Web2.0 is about social media,
and guess what people like to be social about? Themselves.
Social Narcissism

5:33 AM - 18 Apr 2007

19 RETWEETS 34 FAVORITES 3 %

https://twitter.com/ericrice
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users and usage

2006: older professional users in business and news
2009: shift to younger adults, then mainstream

from social network to information network

tool for communication tool for self-promotion
- people’s everyday small talk - celebrities, stars
- journalism - politicians

- political grassroots activism
- emergencies and disasters

- community participation
- misinformation

“the impulse to make life a publicly annotated experience has blurred the

distinction between advertising and self-expression, marketing and identity”
(Hagan 2011)

J. van Dijck The culture of connectivity, Oxford University Press, 2013
D. Murthy, Twitter: Social Communication in the Twitter Age, Polity Press, 2013
J. Hagan, Tweet Science, New York Magazine, October 2011.



twitter basic descriptive statistics (2009)

41

CCDF

.TM user profiles

Fewer than 10% of users have

100 _ __ 100 or more followers

-1 .:
10_2 | Atiny fraction of users have
10 1 over 100,000 followers
107 :
107 1 x =20 : twitter recommended
1078 1 new users to follow 20 users
10® | to start with

7 t| Followings ]
10 Followers: ssssiisis { x=2000: before 2009 there
10'8 e e ———— _was limit on the number of

10° 10" 10% 10° 10* 10° 10° 10" people one could follow
# of followings/followers (rule removed later)

CCDF: Complementary Cumulative Distribution Function
CCDF(x) = 1 = F(x) = P(X>x)

H. Kwak, C. Lee, H. Park, S. Moon, What is Twitter: a social network or a news media? in Proc. WWW 2010



following vs. friending

daniel gatica-perez

@dgaticaperez
social computing group @ idiap-epfl. media analysis, machine learning &
social science to understand behavior in social media, ubicomp & mobile

switzerland - idiap.ch/~gatica

<Fhis account is run by QOrganizing for Ag_ﬂon staff: Tweets from the re5|dent
are signed - bo o -\

2\ Washington, DC - barackobamalcom

*. Follow

14 79 102 11.3K 652K 42 1M

“connection with very low expectation”: weak ties (Murthy, 2013)
low reciprocity, highly asymmetric links (kwak, 2010)

“1'7.9% of user pairs with any link between them are connected one-way.”

“67.6% of users are not followed by any of their followings. For these users
Twitter is rather a source of information than a social networking site”

D. Murthy, Twitter: Social Communication in the Twitter Age, Polity Press, 2013
H. Kwak, C. Lee, H. Park, S. Moon, What is Twitter: a social network or a news media? in Proc. WWW 2010.



real names in twitter

R

@0OccupyWallStNYC

Occupying Wall Street since #8517, 2011. Standing with the global #Occupy
moyement. We are the"99%. Contribute: bit.ly/HelpOWS #ows

Wall Street, NYC - occupywallstreet.net

Occupy Wall Street

@BarackObama
JFhis account is run by Organizing for Action’staff: Tweets from the President
are signed -bo.

™\ Washington, DC - barackobamalcom

o I o LT DLLoNIG OO +% Follow
FoLLOWIN , 439K 6670 165K =
13K 652K 42.1M e Slicw

twitter does not require real names

G pseudonyms are valuable in information
' networks: “not real names but persistent

s Mobile © RN - o : "
Sl identity with reputation attached

Welcome to the official Samsung Mobile Global channel on Twitter, where we

bring you the latest Samsung Mobile developments and mobile phone news. |t WO rkS as |d e ntlty SerVI ce for | N d |V|d ua | S

facebook.com/samsungmobile

& entities whose long-time presence
depends on being identified

2112 207 7.6M

-2 Follow

downside: fake user accounts

M. Ingram, Why Twitter doesn’t care what your real name is. GigaOM, Sep 2011



this lecture

a human-centric view of twitter
1. introduction
. twitter users & uses
. understanding large-scale human behavior
. inferring real-world events & trends
. spreading information in the real world

g B~ WODN



case study: twitter and human mood

S. A. Golder and M. W. Macy, Diurnal and Seasonal Mood Vary with Work, Sleep, and Daylength Across Diverse Cultures,
Science, 30 September 2011, Vol. 333 no. 6051 pp. 1878-1881



mood

“a conscious state
of mind or
predominant emotion”
(Merriam-Webster
dictionary)

“a temporary state of
,’ ““mind or feeling”
~ (Oxford dictionary)

) https:/lunsplash.corﬁfp\hotbs/lu’hg\i__ W

|l N\ N
e*)n Unsplash



understanding mood expressed on Twitter

positive affect (PA):
enthusiasm, delight, activeness, alertness
negative affect (NA):
distress, fear, anger, guilt
PA and NA are independent dimensions
low PA: absence of positive feelings, not presence of negative ones

goal: study variations in PA & NA over time of day, day of week,
and world region using longitudinal twitter data

* 2.4 million twitter users worldwide

* 509 million tweets

* up to 400 public messages per user
* all users had at least 25 messages
* average: 212 tweets/user

* period: 02.2008 and 01.2010

* only english speakers




extraction of
positive affect (PA) and negative affect (NA)

e Vice President Kamala Harris & @VP - Mar 20

I United States government official

Sending best wishes to @SuluhuSamia following her swearing in as
Tanzania's new President - the first woman to hold the office. The United

States stands ready to work with you to strengthen relations between our
countries. https://twitter.com/VP/status/1373341947184693252

4

Linguistic Inquiry & Word Count (LIWC)

Word categories related to psychological
constructs and personal concerns
Word count per category

< l

PA NA



LIWC: Linguistic Inquiry & Word Count

(2022, 2015, 2007, 2001, 1999)

m LIWC HOME TRY IT NOW v HELP DICTIONARIES CONTACT US BUY NOW

INTRODUCING LIWC-22

A NEW SET OF TEXT ANALYSIS TOOLS AT YOUR FINGERTIPS

BUY LIWC NOW

People reveal themselves by the words they use. Using LIWC-22
to analyze others' language can help you understand their
thoughts, feelings, personality, and the ways they connect with
others. It can give you insights you've never had before into the
people and world around you.

CONTACT US

https://www.liwc.app




@B uwc HOME

TRY IT NOW HELP DICTIONARIES

CONTACT US BUY NOW

DISCOVER THE WORLD OF WORDS

Linguistic Inquiry and Word Count (LIWC) is the gold standard in software for analyzing word use. It can be used

to study a single individual, groups of people over time, or all of social media.

EASY TO USE

LIW/C-22 requires no advanced
linguistics or computer science
skills. With it, you can analyze
single or multiple text files, words
in spreadsheets, or simply copy
and paste text into the program.
Your results can be displayed in
word clouds, graphs, or data
spreadsheets.

THE HIGHEST
SCIENTIFIC
STANDARDS

LIWC-22 analyzes over 100
dimensions of text, all of which
have been validated by

respected labs around the world.

Over 20,000 scientific articles

have already been published
using LIWC.

]

FLEXIBILITY FOR
MORE ADVANCED
USERS

LIWC-22 works as an all-inclusive
desktop application which now
integrates with other
programming languages like
Python and R while still taking
advantage of the LIWC
processing engine.



Table 2. LIWC-22 Language Dimensions and Reliability

. e . Internal Internal
Description/Most frequently = Words/ Entries . ] . .
Category Abbrev used exemplars in category* Consistency: Consistency:
) Cronbach’s a KR-20
Summary Variables
Word count WwC Total word count
Analytical thinking Analytic Metric of logical, formal thinking
Clout Clout Language of leadership, status P .
Authentic Authentic Perceived honesty, genuineness d | Ctl ona ry )
Emotional tone Tone Degree or positive (negative) tone 1 2 ’ O 0 O WO rd S (2 O 2 2 )
Words per sentence WPS Average words per sentence 6 400 WO rd S | ( 2 O 1 5)
Big words BigWords Percent words 7 letters or longer ’
Dictionary words Dic Percent words captured by LIWC 4 ) 5 O O WO rd S (2 O O 7 )
Linguistic Dimensions Linguistic
Total function words function the, to, and, I ea Ch WO rd be | on g S to one or
Total pronouns pronoun I, you, that, it :
Personal pronouns ppron I, you, my, me more Cate g ories
1st person singular i I, me, my, myself I R y s rt
1st person plural we we, our, us, lets exam p e. ag ree IS pa
2nd person you you, your, u, yourself Of a ffe Ct, pOS | t[ ve
3rd person singular shehe he, she, her, his t d t
3rd person plural they they, their, them, themsel* emotions ana assen
Impersonal pronouns ipron that, it, this, what .
Determiners det the, at, that, my over 6 O WO I’d Categ ories
Articles article a, an, the, alot (excludlng punctuatlon)
Numbers number one, two, first, once
Prepositions prep to, of, in, for

R. L. Boyd, A. Ashokkumar, S. Seraj & J. W. Pennebaker. The development and psychometric
properties of LIWC-22. The University of Texas at Austin, 2022



positive emotion category words

luCK fab

amorneat Uzlprave  thrill, 9IOri
. peau rais cutiethank
giggl eagipygaaé nurtdr o risaor',\c/iléipdlg
comfortsplend®' TICIENS o i0ealoe o ieqvigour vital
wealth  attract fabulous madlygeliciousvaluing ok
daring fantastic clever incentivetrigmph Nandsompenign

lovin support trueness encourag supported hope

p22§26|e¥¥1%’;%*¥p contented SCrUmptiousjoYentertainyays

- hopesconfident complimentimpress
G e ortsarfection . considerateeager
awesome Challenng?termlna sweetheart
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negative emotion category words
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measurements

|IPAWORDS, (h)||

PA. (h) =
«() = W oRDS, W

(1)

where h € H and H = {0 ...167}, or the 168 hours of the week (24 hours/day * 7 days). The measure
for NA was computed similarly, as were the measures taken over 24 hours.

Between-individual variation captures how individuals differ from one another in their baseline affect
regardless of the time of day or day of week. It is simply the individual's mean affect across all hours:

1
BPAu = PAu = mz PAu(h) (2)
heH
The within-individual PA score for a person-hour measures the signed difference between the person's
score that hour and their baseline as defined in (2). Within-individual scores are comparable across
people because individuals' baseline tendencies toward being upbeat or downbeat have been removed,

leaving only the change over time that is within each individual:

1
WPA, (h) = PA,(h) — BPA, + E PA,(h) (3)
IUH]|
(u,h)eEUH

where (u, h) pairs indicate user-hours and UH is the set of all such pairs in the dataset.’



062 saturday night fever
064 N wake u sunday sleep in il B sun
WPA p y P .
058 P Tue
B B Wed
056 ¥ B
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.054 | Sat
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Fig. 1 Hourly changes in individual affect broken down by day of the week (top, PA; bottom,
NA). Each series shows mean affect (black lines) and 95% confidence interval (colored regions)
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.06
055 B Africa
< 0 India
= B UK/Aus
05- I Uus/Can
045 -
24
0264
024 -
I Africa
- UK/Aus
— B Uus/Can
02-
018
T I T T 1 T 1 T T
0 3 6 9 12 15 18 21 24
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Fig. 2 Hourly changes in individual affect in four English-speaking regions.
Each series shows mean affect (black lines) and 95% confidence interval (colored regions)




visualizing twitter mood

16:02 EST :

A. Mislove et al., Pulse of the Nation: US mood throughout the day inferred from Twitter (2010)
http://www.ccs.neu.edu/home/amislove/twittermood




what to remember

twitter: an information network
brevity has been a value across cultures & situations
a network of weak links
low reciprocity, highly asymmetric

large-scale human behavior
language in tweets: short yet informative
traces of human states like mood

beware of biased data




questions?

daniel.gatica-perez@epfl.ch



