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Social Media and Healthcare

PewResearch( enter muemer seence & e
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FUBLICATIONS TOPICS PRESENTATIONS INTERACTIVES KEY INDICATORS

JANUARY 25, 2014 ﬁ

The Intersection of Health Care, Social
Media, and Digital Strategy

BY SUSANNAH FOX



Social Media and Healthcare
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Will Social Media Revolutionize
Healthcare?

' Q ' Without a doubt. In fact, several medical providers and IT vendors are
B plowing ahead already.
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Social Media as a Data Source

* Part 1: Three Example Studies
— Twitter Flu Trend
— Lifestyle and Correlates of Health
— Studying Obesity Through Food Tweets

* Part 2: Opportunities and Challenges
— Image Analysis
— Network Influence

— Social Media Meets Quantified Self
— Interventions for Individual Health
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Classification of Health Research

Acute condition Chronic condition

Short-term concerns Long-term concerns
Public health influenza tracking, flu Obesity trends,
Population-centric trends, disease diabetes, alcohol
Campaigns + policies outbreaks, ... consumption, HIV, ...
Individual health Nothing? SM forums/messages
Individual-centric as interventions
Treatment + therapies




La\ter: N,ot
Why Bother with Social Media?

Lots of it
— Often also across countries

Cheap to collect
— Keyword/geographic-based collection standard

(Semi-)Longitudinal data
— Last 3,200 tweets, more for money

Social network data
— Usually not part of surveys

Lifestyle data
— Lifestyle diseases, public health



Example 1:
National and Local Influenza Surveillance
through Twitter: An Analysis of the 2012-

2013 Influenza Epidemic

David Broniatowski, Michael Paul,
Mark Dredze

PLOS ONE, Dec 2013



Using Google to Track Flu Epidemics

google Org Flu Trends

Google org home
e Explore flu trends - Sweden
Dengue Trends } By s
We've found that certain search terms are good indicators of flu activity. Google Flu Trends uses
Flu Trends aggregated Google search data to estimate flu activity. Learn more »
Home .
National ®2015-2016 @ Past years v
Sweden -
Download data
How does this work?
Intense
FAQ
High
Moderate
LOW g
Minimal

Mar Apr May Jun

(1]
e

Jul Aug Sep Oct MNov Dec Jan F



Using Google to Track Flu Epidemics

Home | News & Comment ‘ Research | Careers & Jobs | Current Issue ‘ Archive | Audio & Video ‘ For A

Volume 494 lssue 7436 m

When Google got flu wrong

US outbreak foxes a leading web-based method for tracking seasonal flu.

Declan Butler

13 February 2013

] poF | W, Rights & Permissions




Using Google to Track Flu Epidemics

All Science Journals
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SClenCE The World's Leading Journal of Original Scientific Research, Global News, and Commentary.

Science Home  CurrentIssue  preyious Issues  Science Express  Science Products My Science  About the Journal

Home > Science Magazine > 14 March 2014 > Lazer et al , 343 (6176): 1203-1205

a1 Science 14 March 2014:
. < Prev | Table of Contents | Next »
PAFIEIe Views | Vol. 343 no. 6176 pp. 1203-1205

» Summary DOI: 10.1126/science. 1248506 '::1 Read Full Text to Comment (1)
* Full Text POLICY FORUM

* Full Text (PDF) BIG DATA

" Figures Only The Parable of Google Flu: Traps in Big Data Analysis

* Supplementary Materials

David Lazer!»Z:2, Ryan Kennedy!:3:4, Gary King2, Alessandro Vespignani2:5:3
» Podcast Interview Yy ) ry Ring= pig

* Author Affiliations
Article Tools

~"Corresponding author. E-mail: d.lazer@neu.edu.

* Save to My Folders

Download Citati In February 2013, Google Flu Trends (GFT) made headlines but not for a reason that Google executives or the
» W
ewnioad Hation creators of the flu tracking system would have hoped. Nature reported that GFT was predicting more than double

> Alert Me When Article s the proportion of doctor visits for influenza-like illness (ILI) than the Centers for Disease Control and Prevention
Cited (CDC), which bases its estimates on surveillance reports from laboratories across the United States (7, 2). This
* Post to CiteULike happened despite the fact that GFT was built to predict CDC reports. Given that GFT is often held up as an

> Atticle Usage Statistics exemplary use of big data (3, 4), what lessons can we draw from this error?

» E-mail This Paae [El Read the Full Text
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* Supplementary Materials
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Recent Breakthrough?

sections = (@) mﬂﬁl]i]lgtﬂn mﬁ.ﬁt
To Your Health

A better flu tracker using Twitter, not
Google

o v 5= A s

By Lenny Bernstein | _ | &= ¥ Follow @LennyMBernstein Most Read National

There have been a number of efforts to track the flu with social media,

: : L ] ) 1 At least 24 dead, more
including the recently criticized Google flu tracker. Now scientists from than 300 rescued after

twin train derailments
in India

Johns Hopkins University and George Washington University say their

approach, which uses Twitter, has proven highly accurate at the task.

2 Photo of cop aiming gun
i the et t t h at woman goes viral, but
uring 1t 5€as501, e techiique was Q3 Percent accurate winen report paints different

compared to actual national flu data collected by the Centers for Disease pictre

Control and Prevention, and 88 percent accurate when applied in New York

o T S S 2t [



How It Works
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How It Works

Tokens + SVM

Health Filter

Word classes (noun, ...)

RT, @, Emoticons
Part-of-Speech tagging
Verb-phrases

Pairs with pronouns
Verb-noun pairs

Influenza Filter

Infection Filter /F

Log-linear w/ L, regulariz.

Influenza Prevalence
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How It Works

Tokens + SVM

Word classes (noun, ...)
RT, @, Emoticons
Part-of-Speech tagging
Verb-phrases

Pairs with pronouns
Verb-noun pairs

Log-linear w/ L, regulariz.

Carmen
Location Filter

!

Influenza Prevalence

|

‘ Carmen
Location Filter

‘ Twitter Population

[ |

Normalized Influenza Prevalence




Tokens + SVM

Word classes (noun, ...)
RT, @, Emoticons
Part-of-Speech tagging
Verb-phrases

Pairs with pronouns
Verb-noun pairs

Log-linear w/ L, regulariz.

How It Works

,« Influenza Filter

i Infection Filter

‘ Carmen
Location Filter

‘ Inflyenza Prevalence

US-level: r=0.93, p <.001 ﬂ?

NYC-level: r = 0.88, p <.001

‘ Carmen
Location Filter

‘ Twitter Population

1

Normalized Influenza Prevalence




Example 2:
Modeling the Impact of Lifestyle on
Health at Scale

Adam Sadilek, Henry Kautz
WSDM’13



Geo-Tagged “Sick” Tweets from NYC

L [0.74721562]

:(, no school for me today ! :)




Geo-Tagged “Sick” Tweets from NYC
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What determines how healthy/sick a person is?
- Socio-economic variables?

- Social status?

- Mobility patterns?

“x e 4 | feel sick:(, no school for me today ! 3)

v



Data Collection

May 19 —June 19, 2010
periodically queried Twitter r=100km of NYC

— Re Twitter streaming API?

16 million tweets, 630k unique users
6,237 users with 100+ geo-tagged tweets



Sick-or-Not SVM Classifier

Cast to lower case & basic “cleaning”
Extract uni-, bi- and tri-grams

5 MT workers label “sick” or “other”

Train an SVM

.98 precision, .97 recall (class distribution?)
Convert SVM output to probability (Platt?)
Probability of u’s message being “sick”

Pg = ﬁ Z Pr[t 1S sick]

te M






