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Word Co-occurrence

Discover events based on temporal text variation

Word co-occurrence (e.g. NPMI) computed over large, static
corpora:

• similar concepts or collocations

Computed over data from social media that reflects timely
events (e.g. Twitter)

• current events & news



Example
Co-occurences over time 

`riot’ 

Entire interval 
atari 
ra 
protestor 
police 
inciting 
protesters 
clash 
demonstrators 

28 Jan 
#egypt 
egypt 
#jan25 
gas 
tear 
protesters 
people 
officer 

17 Feb 
police 
bahrain 
#bahrain 
protesters 
attack 
tear 
storm 
gas 



Method

Cluster words (cf. messages) in a time interval

Fix time frame and compute word co-occurrence metrics

NPMI(X,Y) = − log P(x, y) · log
P(x, y)

P(x) · P(y)
,

(NPMI) is bounded in the [−1, 1] and has a easy interpretation:

• word pairs with a negative NPMI co-occur less often than
expected under independence

• positive NPMI means more often than independence
• the maximum value NPMI=1 implies that both words

appear exclusively together



Normalized PMI

Word1 Word2 NPMI Type
arrests yemen 0.699 news
publish trailers 0.678 news

bestfriends forming 0.678 news
g-slate spotted 0.675 news
activist arrests 0.674 news
china’s stealth 0.674 news
blake griffin 0.672 proper name

magazines merchandise 0.669 news
activist yemen 0.667 news
actors showcase 0.667 news

cameras g-slate 0.664 news
angeles los 0.662 proper name

Table: Top NPMI values for 23 Jan 2011, 9-10am. Word1, Word2 are in
alphabetical order.



Clustering

Cluster words in a time frame to uncover terms that uniquely
characterize an event

We use spectral clustering (Shi & Malik, 2000) using NPMI as
similarity measure

Spectral clustering partitions a graph where edges are weighted
using word co-occurrences.

We have to specify k – number of clusters



Sample Events

Query: Kubica crash

Label: Formula 1 driver Robert Kubica injured in rally crash

Coherence: 0.47, Magnitude: 140

Date: 06 Feb 2011, 12-1pm



Sample Events



Sample Events

Query: Moscow airport bombing

Label: Suicide bomber kills 35 at Moscow airport

Coherence: 0.37, Magnitude: 214

Date: 24 Jan 2011, 5-6pm



Sample Events



Sample Events

Query: Oprah Winfrey half-sister

Label: Oprah Winfrey has a half-sister

Coherence: 0.29, Magnitude: 43

Date: 24 Jan 2011, 9-10pm



Sample Events



Quantitative Analysis

First Story Detection Dataset:

2,228 annotated tweets – 27 events during June 2011 to
September 2011 (Petrovic et al. 2012)

85,000 tweets from the same interval as background

London Riots Dataset:

10,000 annotated tweets – 7 events during 6–16 August 2011

2,5M tweets as background

Events all about the London riots – more challenging as the
events are related



Quantitative Analysis
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Quantitative Analysis
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Longitudinal Analysis

evolutionary spectral clustering methods

create consistent clusters across consecutive time windows

discover event evolution and content drift over time



Longitudinal AnalysisLongitudinal analysis 



Take Aways

Social Media data is highly time dependent text has different
proprieties conditioned on time

By modelling time we gain a better understanding of real world
effects

Social Media can be used to uncover real world events



Thank You!

Thank you!

Questions?


