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Flu Monitoring 
via Twitter 
!   Intuition: people tweet when they get sick 

!  Can aggregate flu tweets to estimate population rate 

!   Why? Potential for early outbreak detection 

!   A number of  papers have shown influenza can be 
accurately tracked in Twitter 

! Culotta 2010; Lampos et al 2010; Paul and Dredze 2011; 
Aramaki et al 2011; Sadilek et al 2012; Doan et al 2012 





Challenges 

!   People tweet about the flu in different contexts 

!   “Michael Jordan's ‘flu game’ is on NBATV right now.” 

!   “Starting to get worried about swine flu...” 

!   “going over to a friends house to check on her son. he 
has the flu and i am worried about him” 

!   Hypothesis: some contexts will predict flu rates 
better than others 

!   Approach: use rich features to differentiate these 
types of  tweets 



Categorization of  Flu Tweets 
!   3 classifiers: 

!  Related vs Unrelated 

!   Infection vs Awareness 

!  Self  vs Others 

!   Annotations using Mechanical Turk: 

!   11,900 tweets each labeled by 3 annotators 

!  We discarded low quality annotators (on gold standard) 

!    We hand-corrected 14% of  the labels after majority vote 



Learning and Classification 

! MaxEnt model, L2 regularization 

!   Features: n-grams + more (next slide) 

!   Two-stage classification: 

!   1st stage:  

!   related vs unrelated 

!   2nd stage (‘related’ tweets only): 

!   infection vs awareness 

!   self  vs others 



Features 

!   8 manually created word classes 

Infection getting, got, recovered, have, having, had, has, 
catching, catch, cured, infected 

Disease bird, the flu, flu, sick, epidemic 

Concern afraid, worried, scared, fear, worry, nervous, 
dread, dreaded, terrified 

Treatment/
Prevention 

vaccine, vaccines, shot, shots, mist, tamiflu, jab, 
nasal spray 

… … 



Features 

! Stylometry 

! retweets, user mentions 

!   links/URLs 

!   emoticons (positive or negative) 



Features 

!   Part of  Speech templates 

!   (subject,verb,object) tuples 

!  pronoun/noun pairings (“my son has the flu”) 

!  whether phrases begin with a verb (“getting the flu”) 

!   numeric references 

!  whether “flu” is a noun or adjective 

!   and more – see paper! 



Results - Classification 

!   F1-score: 

!  Related/Unrelated: 0.77 

!  Awareness/Infection:  0.80 

!  Self/Others: 0.86 

!   Feature ablation experiments 

!  Word class features helped the most for aware./inf. 

! Stylometry features helped the most for self/others 



Results - Classification 

Related vs Unrelated 



Results - Classification 

Infection vs Awareness 



Results - Classification 

Self  vs Others 



Influenza Surveillance 

!   2 data sets from 2009-2010 and 2011-2012 

!   each ~2 billion tweets 

!   Weekly flu rate: 

!   (# flu tweets from US in week)  /  (# all tweets in week) 

!   Compare to US government weekly estimates 

!   Normalized # hospital admissions for flu symptoms 

!   source: Centers for Disease Control and Prevention (CDC) 

!   Metric: Pearson correlation coefficient 



Results - Influenza 

Data System 2009-2010 2011-2012 

Google Flu Trends .9929 .8829 

 
 
Twitter 

ATAM .9698 .5131 

Keywords .9771 .6597 

All Flu .9833 .7247 

Infection .9897 .7987 

Infection+Self  .9752 .6662 





Conclusion 

!   We showed that we can mine real-world trends 
through social media feeds 

!   Even though we are aggregating many tweets, 
we gained improvements by modeling individual 
tweets with rich features 

!  Takeaway: deeper content analysis matters! 

!   Our annotated data will be available soon 



Thank You 

!   Johns Hopkins HLTCOE is hiring! 

!  Research scientist / Postdoc positions 

!   http://hltcoe.jhu.edu 


