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Objective

Understanding collective social dynamics
Collective attention evoked by various sorts of events: 
e.g., natural, social, and cultural events

Methodology and observation
• Collective attention linked with 
   real-life events

• Collective mood as a state of mind

Material
Twitter, a popular SNS  



Twitter: What’s happening?

Online social media:

• Real-time nature × user network
→ Rapid information diffusion

• A massive “digital fossil” of human behavior

Message Forms:

• Tweet: a message no more than 140 characters

• Reply (or mention)

• Retweet (RT): Fwd another user’s tweet to your 
followers



Collective Social Dynamics on 
Twitter Network

http://www.rhizomenavigation.net/ 

SNS enables a fast information diffusion over user networks

http://www.rhizomenavigation.net
http://www.rhizomenavigation.net


Massive Tweet Stream 
After Tohoku-oki Earthquake

Visualized by Twitter Inc.
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Dynamical Classes of 
Collective Attention
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Figure 1: Activity associated with four hashtags that exhibit a popularity peak: daily activity over time (top
row), individual user activity (middle) row, and word clouds of tweet content (bottom row).

(provided that care is taken to deal with the points on the
fb = 0 axis): 77% of the hashtags have a classification ac-
curacy below 5%, and only 6% of them have a classification
accuracy in excess of 20%.

Figure 3 shows the identified clusters in the 3-simplex
(fb, fp, fa). The marker representing each of the 115 se-
lected hashtag is colored and shaped according to the group
it has been classified into. The hatched area is the paramet-
ric space excluded by the constraint that hashtags should
have a peak-day activity of at least 10 times the baseline
daily activity (i.e., the excluded parametric space is due to
our selection of hashtags that exhibit a peak in their activity
timeline). The four groups of Fig. 3 correspond to di↵erent
temporal patterns of collective attention, as illustrated be-
low in relation to the hashtags of Fig. 1.

• Activity concentrated before and during the peak (or-
ange triangles). These hashtags correspond, by def-
inition, to anticipatory behavior, with users posting
increasing amount of content as the date of the event
approaches, followed by a sharp drop in attention right
after the event. See for example the hashtag #masters

(underlined in the figure) which was used to discuss
the 2009 Golf Masters.

• Activity concentrated during and after the peak (pur-
ple circles). In this class we find hashtags indicating
unexpected events that make an impact, such as the
#winnenden school shooting. The sudden onset of ac-
tivity is a reaction to the unexpected event, and it is
likely to be driven by exogenous sources such as com-
munication in mass media.

• Activity concentrated symmetrically around the peak
(red squares). These hashtags have neither the purely

anticipatory nor the purely reactive behaviors illus-
trated above, and this may indicate a mix of exogenous
and endogenous factors building up collective attention
to a peak intensity, as a specific day approaches, and
then away from it as user attention shifts away. See
for example the case of the hashtag #watchmen, used
to discuss a blockbuster movie. The peak occurs on
the day of the movie release in theatres.

• Activity almost totally concentrated on the single day
of the peak (green rounded square). These hashtags
correspond to transient collective attention associated
with events that are highly discussed only while they
happen, such as the 2009 State of The Union address
(#nsotu), or the transient large-scale malfunctions of
widely used Google services (#gfail).

These patterns are somehow expected, in the sense that
these are the only possibilities for the coarse-grained tem-
poral profile of a hashtag with a popularity peak. However,
the existence of well defined hashtag clusters, as well as their
stability, are far from trivial and indicate that coarse grain-
ing the temporal dynamics of collective attention as shown
here can expose robust indicators of the social semantics as-
sociated with hashtags. The presence of clearly separated
clusters may also be deeply linked to the diverse nature of
the mechanisms driving popularity in online social systems.
Details on the usage and origin of the hashtags shown in
Fig. 3 are available in Appendix A.

4.2 Social Semantics of Classes
The examples discussed above, such as those of Fig. 1,

point to important di↵erences in the social semantics of the
di↵erent classes of hashtags. In order to shed light on this

Lehmann et al.  WWW 2012



• Snowball sampling of user timelines using Twitter REST 
API from Apr, 2011

• Data

• 500M tweets (mainly Japanese)

• 400 thousand users

• Limitations of Twitter API v.1.0

• 320 requests / h / account

• Latest 3200 tweets (or less)

• Twitter server often goes down

Tweet Collection
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Daily Probability Distribution 
of Tweets

(the earthquake)



Jensen-Shannon Divergence

Distance between two probability distributions, P and Q

• Symmetric:  JS(P, Q)=JS(Q, P)            cf. KL(P, Q)≠KL(Q,P)

• Always bounded between 0 and 1   cf. KL=∞ if qi=0
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Weekdays and Holidays

Tweet patten is different between 
weekdays and holidays 
(P < 0.001, Mann-Whitney U test)

JSthresh

< 0.01



Collective Attention 2010

P: Each day
Q: Average
dt=30min

17
34



Collective Attention 2011

P: Each day
Q: Average
dt=30min

12
26



Semantic Grounding

Morphological analysis of tweet texts
using Mecab and NAIST-jdic

Terms

Proposed

Popularity enhancement: 
t tf > tfbefore;tf  and tfbefore ≥mean){ }

Terms of
the day before

Terms of 
the day

• Popularity (= frequency)

• TF-IDF weighting:

Conventional

tf × log N
df



Collective Attention on 
Jan 1, 2011

Popularity Popularity Enh.Popularity Enh.
1 http asamadetv 182
2今年 謹賀 64
3お願い 運勢 59
4さん ニューイヤー 51
5こと グルーポン 46
6よう 大吉 43
7新年 願望 30
8 twitpic 初夢 29
9そう Year 26

10今日 初日の出 26

Annual regular events
New year holiday—New year’s greetings and resolutions, 
first dreams, late TV programs, and so on.

JS=0.027



Collective Attention on 
Mar 11, 2011

Popularity Popularity Enh.Popularity Enh.
1 http 津波 1660
2地震 安否 264
3無事 停電 213
4大丈夫 大震災 203
5こと 揺れ 201
6よう ダイヤル 165
7そう 伝言 164
8さん 避難 154
9情報 沿岸 151

10津波 淡路 132

JS=0.06

Natural Disasters
Tohoku-oki earthquake and tsunami, and the subsequent 
accidental events, such as electric outage, phone line problems



Collective Attention on 
Jul 18, 2011

Popularity Popularity Enh.Popularity Enh.
1なでしこ nadeshiko 908
2 http 世界一 145
3 nadeshiko 優勝 92
4日本 なでしこ 89
5さん 延長 65
6アメリカ シュート 61
7サッカー 得点 59
8優勝 JAPAN 46
9こと ニッポン 44

Sporting events
“Nadeshiko Japan” won the women’s World cup!

JS=0.037



Collective Attention on 
Dec 10, 2011

Popularity Popularity Enh.Popularity Enh.
1 http 月蝕 37
2月食 月食 29
3さん 皆既 29
4皆既 ベム 13
5こと 価格 13
6そう 撮影 10
7今日 満月 10
8これ 限界 10
9よう 最大 10

10ちゃん 綺麗 8

Astronomical phenomena
Total lunar eclipse

JS=0.005



Collective Attention on
Dec 9, 2011

Popularity Popularity Enh.Popularity Enh.
1 http バルス 108
2ラピュタ ラピュタ 72
3バルス ゴミ 33
4 laputa 真央 30
5さん ムスカ 29
6こと 金曜 23
7よう ジブリ 20
8そう らん 13
9ムスカ 天空 12

10ちゃん マイナス 9

JS=0.007

Culture
Synchronized tweets in Castle in the Sky (天空の城ラピュタ)



Summary of Collective 
Attention 2011

Tohoku-oki Earthquake

Asia cup
Balse!

Nadeshiko

New year!
Twitter trouble

Afterquakes Earthquake Lunar eclipse

Typhoon 
No.15 Twitter trouble



Parameter Dependence: 
dt and JSthresh
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Twitter-Mining Captures 
Global Mood Patterns

plateau from noon to 9 p.m. (6), and two daily
peaks at noon and evening (4) or afternoon and
evening (5). Some PA studies have also reported
a “siesta effect” or midafternoon dip (6). Results
for NA have also been inconclusive, with peaks
observed in the midmorning (4) as well as the
afternoon (4, 5) and evening (5). Several studies
have also found that NA is not subject to diurnal
variation (6, 8).

Although these studies have improved our
understanding of affective rhythms, they have
relied heavily on small homogeneous samples of
American undergraduates (5, 6, 8) who are not
necessarily representative of the larger population
(9). Students are exposed to varying academic
schedules that constrain when and how much
they sleep. Further, these studies typically rely on
retrospective self-reports, a method that limits tem-
poral granularity and is vulnerable to memory er-
ror and experimenter demand effects. Researchers

have acknowledged the limitations of this meth-
odology (10) but have had no practical means for
in situ real-time hourly observation of individual
behavior in large and culturally diverse popula-
tions over many weeks.

That is now changing. Data from increasingly
popular online social media allow social scien-
tists to study individual behavior in real time in a
way that is both fine-grained and massively glob-
al in scale (11), making it possible to obtain pre-
cise real-time measurements across large and
diverse populations.

Several recent studies have examined the af-
fective and semantic content of messages from
online sources such as Twitter, a microblog-
ging site that records brief, time-stamped public
comments from hundreds of millions of people
worldwide (12–15). Using data from Twitter,
O’Connor et al. (13) found that opinions about
specific issues and political candidates varied

from day to day. Dodds andDanforth (14) showed
how the affective valence of songs, musicians, and
blog posts depends on the day of week, especially
holidays. In an unpublished study, Mislove et al.
(16) used Twitter messages to examine what they
refer to as the “pulse of the nation” as it varies
across the week and moves across time zones.
While avoiding the data limitations of an earlier
generation of laboratory-based experiments, these
studies, by computer and information scientists,
conflate diurnal changes within each individual
with baseline differences in affect across indi-
viduals of different chronotypes (sleep-wake
cycles), who tend to be active at different times
of the day. If “morning people” and “night owls”
differ in baseline affect, this will confound within-
individual changes in affect from morning to
night. These studies also collapsed positive and
negative affect into a single dimension, contrary
to previous research that has consistently shown
these to be largely independent dimensions. As a
consequence, the reported patterns cannot be un-
ambiguously interpreted.

Our study also uses data from Twitter, whose
140-character limit on message length allows
conversation-like exchanges. Text analysis of these
messages provides a detailed measure of individ-
uals’ spontaneous affective expressions across
the globe. We measured PA and NA using Lin-
guistic Inquiry andWord Count (LIWC), a prom-
inent lexicon for text analysis (17). The LIWC
lexicon was designed to analyze diverse genres
of text, such as “e-mails, speeches, poems, or
transcribed daily speech.” LIWC contains lists of
words or word stems that measure 64 behavioral
and psychological dimensions, including PA and
NA, as well as “anxiousness,” “anger,” and “in-
hibition.” These lists were created using emotion
rating scales and thesauruses and validated by
independent judges. Bantum andOwen (18) found
that for all emotional expression words, LIWC’s
sensitivity and specificity values were 0.88 and
0.97, respectively. We used a lexicon containing
only English words, and all reported results in-
clude only English speakers; the English profi-
ciency measure is described in (19) and its
distribution is shown in fig. S5.

We analyzed changes in hourly, daily, and
seasonal affect at the individual level in 84 iden-
tified countries (table S2). In contrast to the self-
report methodology used in offline studies, these
measures were not prompted by an experimenter,
or recollected after the fact. Rather, they were
directly obtained from comments composed by
the individuals in real time, and are therefore less
vulnerable to memory bias and experimenter de-
mand effects. Most important, instead of relying
on a small sample of American undergraduates,
we measured affective changes among millions
of Twitter users worldwide, allowing cross-societal
tests of cultural and geographic influences on af-
fective patterns.

Using Twitter.com’s data access protocol, we
collected up to 400 public messages from each
user in the sample, excluding users with fewer

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).

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).

www.sciencemag.org SCIENCE VOL 333 30 SEPTEMBER 2011 1879
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Golder et al.  Science 2011

509 million tweets generated over 2 years 
by 2.4 million people in 84 countries

Positive
affect

Negative
affect



Mood Swing After the Quake

（怒） 合法的？人体実験（怒） RT @deeeeez: 人に非
ず。この発言「長期低線量被曝のデータはチェルノブイリ
でもとっていない。今回がデータをとれる最後の機会」　　
〔放射能〕福島県民はやはり「モルモット」にされている
のではないか？  http://t.co/q3GatKt

（笑）

（怒）

（泣）
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• Retrospective summary
This method provides an informative retrospective 
summary of collective attention from Tweet stream

• Classes of collective attentions:
Natural phenomena, sporting events, culture, politics, 
annual regular events

• Finding structure in time -> Latent properties

Discussion



Future Directions

• Information diffusion on Twitter networks, 
including rumor spreading

• Sentiment analysis before and after the Great East 
Japan Earthquake

etc.


