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Social Media and Healthcare

PewResearch( enter muemer seence & e

INTERNET & TECH

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

L
SClenC AAAS.ORG | FEEDBACK | HELP | LIERARIANS

ALERTS ACCESSRIG

L \JVVYXY NEWS SCIENCEJOURNALS CAREERS MULTIMEDIA COLLECTIONS

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



Using Google to Track Flu Epidemics
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= ——— Science 14 March 2014 .
= < Prev | Table of Contents | Next »
Atticleviews | [EENSRSUNR A pp. 1203-1205
’ . To Read Full Text to Comment (1)
» Summary DOI: 10.1126/science.1248506 )
* Full Text POL

T _J Can Twitter give a
e ™ - more transparent prediction?

* Supplementary Materials
Dav

 Poscastinteriew - more robust prediction (re context)?

+

A
Article Tools

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

* Save to My Folders
In February 2013, Google Flu Trends (GFT) made headlines but not for a reason that Google executives or the
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Can We Do it (Better?) With Twitter?

* Many people have tried
— 40+ papers on the topic

* Typically a straightforward setup

— Collect Twitter data for a set of keywords (fever, ...)

— Do some post-filtering (Saturday Night Fever)
— Show temporal correlation/predictive power

* Major weaknesses

— Only work with a single flu season
— Done in retrospect (hard to get historical data)



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

Influenza Prevalence
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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
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Log-linear w/ L, regulariz.

Carmen
Location Filter

!

Influenza Prevalence
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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



Discriminative Features

Positive Features

Negative Features

Feature | Weight || Feature Weight
sick 0.9579 sick of —0.4005
headache | 0.5249 you —0.3662
flu 0.5051 lol —0.3017
fever 0.3879 love —0.1753
feel 0.3451 || ideetyour—{ —0.1416
coughing | 0.2917 (|| so sick of A,0.0887
being sick | 0.1919 Trbieber fever [ £0.1026
better 0.103% W‘/ —0.0080
being 0.1943 1'm sick of —0.0894
stomach 0.1703 pressure —0.0837
and my 0.1687 massage —0.0726
infection 0.1686 1 love —0.0719
morning 0.1647 pregnant —0.0639




Variables to Study

* “Physical encounters”
— <100 m within 1, 4, 24 hours

* Sick friends (mutual following)
25k Google Places

— Bars, nights clubs, transit stations, parks, gyms
— Tweeting within 100m of venue

 Pollution
e Socio-economic indicators
Predict P using these variables



Correlation With Health (-P)

High Education

Low Education

Paverty-

Number of Sick Friends

Total # of Unique Encounters
Unique Encounters within 24 hr-
Encounters within 24 h
Unique Encounters within 12 h
Encounters within 12 h
Unique Encounters within 4 h
Encounters within 4 h

Unique Encounters within 1 h
Encounters within 1 h

Visits to Transit Stations-
Mean Distance to Transit Stations
Mentions of "gym"

Visits to Gyms -

Mean Distance to Gyms
Visits to Bars

Mean Distance to Bars-

Visits of Parks

Visits Near Pollution-

Mean Distance to Pollution

# Times Mentioned

Follows Reciprocity
Communication Centrality
Eigenvector Centrality

Load Centrality

Flow Centrality

Betweeness Centrality
Closeness Centrality

Degree Centrality

PageRank

I
ll......+
|

[an 2

] | |
-0.4 -0.2 0.2 0.4 0.6
Correlation with Health Quality



Grouped by Variable Class

Poverty
Education

Race

Sick Friends
Sick Encounters
Pollution

Social Status
Life Style

All Factors

0 10 20 30 40 50
% Variance Explained in Health

60



Example 3:
You Tweet What You Eat:
Studying Food Consumption Through
Twitter

Sofiane Abbar, Yelena Mejova,
Ingmar Weber

CHI'15



“Pointless Babble” == Great Data!

“Twitter Study Reveals Interesting Results - About Usage 40% is Pointless
Babble” (Pear Analytics, 2009)

Pointless Babble
These are the “| am eating a sandwich now” tweets.

Having a BBQ sandwich for lunch cuz | ran out of fillings, spread and ketchup

M I've been kinda having a crisis about being directionless but bae said just do

things that make me happy so | got a bagel sandwich

Having a breakfast sandwich for dinner at 10pm is totally ok, right? #adulthood




“Pointless Babble” == Great Data!

“Twitter Study Reveals Interesting Results - About Usage 40% is Pointless
Babble” (Pear Analytics, 2009)

Pointless Babble
These are the “| am eating a sandwich now” tweets.

Can we use food tweets to study obesity patterns?

! Having a BBQ sandwich for lunch cuz | ran out of fillings, spread and ketchup

m I've been kinda having a crisis about being directionless but bae said just do

things that make me happy so | got a bagel sandwich

Having a breakfast sandwich for dinner at 10pm is totally ok, right? #adulthood




Data Collection

(]

Streaming API filter for “eat”, “cook”, “lunch”, ...
Collect 50M tweets during Nov 2013
892K geo-tagged tweets from 400K users

— Use (lat, long) to map to ZIP and census data
— Get data for 210K random user subset

3,200 public tweets, profile, friends, followers
503M tweets, 32M distinct friends
Label eat-co-occurring terms as “is food”

— 460 uni- and bigrams with mapping to calories
— Pizza 478, fruit salad 99, ... [link]

Average calories for users



Obesity %
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Calories vs. Obesity
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Calories vs. Obesity

Obesity Diabetes
Pearson  Spearman | Pearson ~ Spearman
All 0.7727""  0.784™ | 0.658™"  0.657"
Food 0.6297""  0.643™ | 0.538™*"  0.517

Beverage 0.762°**  0.786™" | 0.646™*  0.622™*"
Alcoholic bev. | 0.445 0.430* 0.073 —0.007

Significance: p < 0.0001 *#*, p < 0.001 **,p < 0.01 *




/ooming-ln to Counties

* Try to predict county-level obesity
— avCal
— Food names
— LIWC categories (re Culotta’14)
— Demographic

* Ridge regression with 5-fold cross validation



Pearson'sr
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Social Network Effects

e Call a userin predicted top 10% “active”

0.45 0.45
0.4 1 0.4
c 035 c 0.3 }
0 2
g 03 ' L g 03 |
g 0 . ] E g 025 ]
;\ 0.2 . g_\ 0.2 s
5 0.15 = 0.15
8 8
o 0.1' 5 0.1'
& 005 & 0,05
0 0
0 1 2 3 4 5-7 8-10 0 1 2 3 4
Number of active friends Number of active friends

(a) Obesity spread in EN (b) Obesity spread in MN

5-8



Example n:
Lots of Studies

Lots of People
Lots of Venues



More Example Domains

Finding Adverse Drug Reactions (ADRs)
Tracking mental health

Dedicated social media such as forums
Social media for health communication



Research Opportunities
And Challenges



Opportunity 1:
Mining Social Media Images

g SIGN IN WITH INSTAGRAM

foodporn




Opportunity 1:

Mining Social Media Images
@MetaM | nd PRODUCTS ~ DEMOS ~ ABOUT NEWS CAREERS

Food Classifier

Upload a picture to classify it between 101 food classes: Apple pie, waffles...  Viewelasses list

Creme Brulee 67% «

Huevos Rancheros 2% «
Omelette 2% «
Lasagha 2% «

Ramen 1% v

Did we make a mistake?

Select the correct label for this image

# Change image




Opportunity 1:
Mining Social Media Images

¥ Pizza ¥ instagram.com/p/6CrweMHgn3/

la Gitima pizza de cerdefia #cerdena #cerdenamente #food #pizza #friends
peperosso #selfiesonfire. .. instagram.com/p/6CrwiMleOU 1 p/

@Mm

rorocks103 @swalkro yes& and pizza with ryland &

Brescia, festa del Pd: due euro per I'aggiunta di origano sulla pizza - Politica -
Libero Quotidiano bit.Ily/1M7pYdk



Opportunity 1:
Mining Social Media Images

. :-.*.a SIGN IN SIGN UP LANGUAGE

Home Tech « Service Examples Demo Dev Center Research

REST URL:

http://apius.faceplusplus.com/v2/detection/detect?a
pi_key=DEMD KEY&api_ secret=DEMO SECRET&url=httpk3Ak
2F%2Fwww. gcrl . comt2Fappk2Fmediak2F4488attribute=age

- Face Search > Y P aaRdant I Fraca¥Ircmt Tina I fancaaralace [i
» Face Landmark > *
» Face Mask >
« Interactive Demo >

111

Select sample image, paste
picture URL, or upload local
pictures for face detection
demo. You can also use the
Chrome browser for taking
photos online.




Opportunity 1:
Mining Social Media Images

.E Purchase B Export V| [ =% Science |EA,:|vanced search

IE] Showtukoutine Image and Vision Computing
Highlights
Abstract Volume 31, Issue 5, May 2013, Pages 392-400
Keywords

1. Introduction

!\_‘.

A computational approach

3. Correlations hetween facial feares . A computational approach to body mass index prediction from
& Expeiiments face images ™
5. Concluding remarks
Acknowledgment Lingyun Wen, Guodong Guo & . &
References
+ Show more
y i st b Choose an option to locate/access this article:

Check if you have access
EE Table 1 v _ _ »4 Purchase $35.95 Get Full Text Elsewhers
= through your login credentials
ﬂnn ei or your institution
=

= doi:10.1016/.imavis 2013.03.001 Get rights and content

Highlights

= A computational approach is developed for BMI prediction in face images for the first
time.

= Ourwork can validate the psychology study results on a large scale database.

» Our computational approach can be useful for smart health.




Opportunity 1:
Mining Social Media Images

1. Upload your photo Generated tags
You can upload your photo or paste any URL to an image Concepts

adult

* Helps to model variation in “excessive drinking”

— Contact me for submission (under review)



Opportunity 2:
Network Influence

The NEW ENGLAND
JOURNAL of MEDICINE

‘ HOME | ARTICLES & MULTIMEDIA * ‘ ISSUES + | SPECIALTIES & TOPICS * ‘ FOR AUTHORS * | CME »

SPECIAL ARTICLE

The Spread of Obesity 1n a Large Social Network over 32 Years

Nicholas A. Christakis, M.D., Ph.D., M.P.H., and James H. Fowler, Ph.D.
N Engl J Med 2007; 357:370-379 | July 26, 2007| DOI: 10.1056/NEJM=sa066082

Share: n -’ E m ﬂ

Abstract Article References Citing Articles (1122) Glossary Letters

MEDIA IN THIS
BACKGROUND SR

The prevalence of obesity has increased substantially over the past Animation

30 years. We performed a quantitative analysis of the nature and
extent of the person-to-person spread of obesity as a possible factor
contributing to the obesity epidemic.



Opportunity 2:
Network Influence

e NEW ENGLAND
JOURNAL of MEDICINE

A person's chances of becoming obese increased by 57% (95% confidence interval [Cl],
6 to 123) if he or she had a friend who became obese in a given interval. Among pairs
of adult siblings, if one sibling became obese, the chance that the other would become
obese increased by 40% (95% Cl, 21 to 60). If one spouse became obese, the likelihood
that the other spouse would become obese increased by 37% (95% Cl, 7 to 73).

Share: n » ﬁ in ]+

Abstract Article References Citing Articles (1122) Glossary Letters

MEDIA IN THIS
BACKGROUND ARTICLE

The prevalence of obesity has increased substantially over the past Animation

30 years. We performed a quantitative analysis of the nature and
extent of the person-to-person spread of obesity as a possible factor
contributing to the obesity epidemic.



Opportunity 2:
Network Influence

e NEW ENGLAND
JOURNAL of MEDICINE

A person's chances of becoming obese increased by 57% (95% confidence interval [Cl],
6 to 123) if he or she had a friend who became obese in a given interval. Among pairs
of adult siblings, if one sibling became obese, the chance that the other would become
obese increased by 40% (95% Cl, 21 to 60). If one spouse became obese, the likelihood
that the other spouse would become obese increased by 37% (95% Cl, 7 to 73).

Share: n » ﬂ [ in I+ |

The spread of obesity in a large social network over 32 years

NA Christakis, JH Fowler - New England journal of medicine, 2007 - Mass Medical
Soc

Background The prevalence of obesity has increased substantially over the past 30 years. We
performed a quantitative analysis of the nature and extent of the person-to-person spread of

obesity as a possible factor contributing to the obesity epidemic.
Cited(oy 2926 JRelated articles All 70 versions Cite Save




Opportunity 2:
Network Influence

€he New AJork Times

Health

WORLD US. N.Y./REGION BUSINESS TECHNOLOGY SCIENCE HEALTH SPORTS OPINION

FITNESS & NUTRITION HEALTH CARE POLICY MENTAL HEAL

Study Says Obesity Can Be Contagious

By GINA KOLATA
Published: July 25, 2007

W TWITTER
Obesity can spread from person to person, much like a virus, (1) LINKEDIN
researchers are reporting today. When a person gains weight, close SIGN IN TO
. ) ‘ E-MAIL OR SAVE
friends tend to gain weight, too. THIS
. . . ) PRINT
Their study, published in the New
. : . REPRINTS
Multimedia England Journal of Medicine, -
SHARE

involved a detailed analysis of a large

: o | . social network of 12,067 people who M
S AR L T had been closely followed for 32 years, america




Opportunity 2:
Network Influence

m PMC -

US National Library of Medicine . .
e Sl Limits Advanced Journal list

Journal List * HHS Author Manuscripts » PMC3328971

_/( HHS Public Access

]
<~ Author manuscrnpt

g Peer-reviewed and accepted for publication
About author manuscripts Submit a manuscript
Sociol Methods Res. Author manuscript; available in PMC 2012 Apr 18. PMCID: PMC3328971
Published in final edited form as: MNIHMSID: NIHMS364906

Sociol Methods Res. 2011 May; 40(2): 211-239.
doiz 10.1177/0049124111404820

Homophily and Contagion Are Generically Confounded in Observational Social

Network Studies
;

- Cosma Rohilla Shalizi' and Andrew C._ Thomas

Author information » Copyright and License information

See other ariicles in PMC that cite the published article.

Abstract Go to: (V]

The authors consider processes on social networks that can potentially involve three factors: homophily, or

the formation of social ties due to matching individual traits: social contagion, also known as social



Opportunity 2:
Network Influence

Ehe New lork Times

HEALTH

Catching Obesity From Friends May Not Be So Fasy

By GINA KOLATA AUG. 5, 2011

Does obesity spread like a virus through networks of friends and friends of
friends? Do smoking, loneliness, happiness, depression and illegal drug use



Opportunity 2:
Network Influence

Ehe New lork Times

HEALTH

Catching Obesity From Friends May Not Be So Fasy

By GINA KOLATA AUG. 5, 2011
f <
(2 —«lﬂ

At the heart of the dispute is an old conundrum in social science:
How certain can anyone be about conclusions based on

observations of how people behave?

Does obesity spread like a virus through networks of friends and friends of
friends? Do smoking, loneliness, happiness, depression and illegal drug use

Bd Email



Opportunity 2:
Network Influence

* No randomized controlled trial (RCT)

— Only observational data

* Hard to tease apart
— Homophily: friends are similar to you
— Environment: friends are exposed to similar factors
— Social influence: friends make you similar

* Possible solution: Natural experiments
— Weather?
— Local campaigns?



Opportunity 3:
Social Media Meets Quantified Self

X 2 Follow

& I

My weight: 13:3 stlb. 3 to go.




Opportunity 3:
Social Media Meets Quantified Self

TWEETS FOLLOWING FOLLOWERS FAVORITES

Tweets & replies Photos & videos

idiot savant neophile Good to know

¥ United Kingdom
(%) Joined December 2009

AL

I‘|.



Opportunity 3:
Social Media Meets Quantified Self

’ ' 1!- ¥  +% Follow

| completed a sleeping Session with my
Nike+ FuelBand and earned 17 NikeFuel

tnikeplus go.nike.com/FEEEEE



Opportunity 3:
Social Media Meets Quantified Self

| , il . ¥ % Follow

| completec e with my
Nike+ Fuel mmatkatstll 7 NikeFucl
MGRE  SLEEPING

SESSION

from 11:07PM - 08:54AM

17°



Opportunity 3:
Social Media Meets Quantified Self

completed her food and exercise diary for
8/04/2015 and was under her calorie goal

bit.ly/1 R #myfitnesspal
A



Opportunity 3:

Social Media Meets Quantified Se

Breakfast Profain =
. +% Follow
Ketchup - Kefchop, 1.5 Tosp T ?
- N Eggs Medium - Egg Medium, 1 &gy fli] 1 4 0 0

7]
Trader Joe's - Raspberry Preserves, 1.5 1bsp Th 20 0 1] B 18
Blue Bonned - Marganne, 0.5 lbsp 30 1 3 (1] B3 4]
COMPIE s 150 w : uw o = 2 YyfOr
Oid Hoime - 100% Wheal Bread, 1 shoes (453) &0 1" 1 2 100 1
8/04/ 2 c Quick Tools 418 40 22 18 1,050 27 goa |
= I Lunch
Jack i te Box (Website) - Seasoned Cuffy Fres - -
b It . Iy/ 1 et 260 0 1. 1 g14 ]
amall, 1 small
Jack in the Box - Turkey Bacon & Cheddat, 1
&0 53 30 30 2128 i
EMMOIRITE sandwhich
1 Quilck Tools 840 Bl 45 &2 2,742 4
Dinner
PRl = = Quick Toals
o i L M - g ALl C
Snacks
Sk Cow - Divine Filled Ch lates - Pe [
nny Cow - Divine Fille ncolales - Peanu 20 a4 ' 5 160 30
Butler. 2 powsch (162 - 3 pos)
Quick Tools 260 Ja T4 ' 10 ]

Totals 1,618 157 B2 62 3,962 61

falulu208 Daily Goal 2,328 292 T 116 2,300 23
Remaining 711 135 o 54 1,652 32




Opportunity 4:
Information for Individual Health

o




Opportunity 4:
Information for Individual Health




Opportunity 4:
Information for Individual Health

facebook
Mark Zuckerberg

@ Has worked at Facebook = Studied Computer Science at Harvard University o Lives in
Palo Alto, California # From Dobbs Ferry, New York B Born on May 14, 1984

Education and Work

Employers Facebook
@ Wall Feb 2004 to present - Palo Alto, California
&l Info = FBX Profile
Photos (826)
E.:l Questions College Harvard University
Computer Science - Psychology
Family s C5182. Intelligent Machines with Andrew Bosworth
. i e g s C5121. Introduction to Computational Theory with James
Mﬂﬁ:r G Wang and Kang-Xing lin
' L4

Edward High School Ardsley High School

Zuckerberg

Father

Randi Zuckerberg T T

e —f-":‘-"@f' Phillips Exeter Academy
M Class of 2002




Opportunity 4:

Information for Individual Health

Mark Zuckerberg
Has posted unhealthy food pics. No exercise posts.

B wall
L] Info

Photos (826) Education and Work

[ Questions Mood Large drop in positive mood since April.

Possibly coincides with increased usage of

~ Karen Fuckerberg
#work.
‘ Runner

Ed d Zuckerb 1 i
D“'.” p HEEPE Interests  Sedentary: online social networks, tv
rinker .
series, advertising
Active: [none]

Family

Randi Zuckherberg

Infliianrar



Challenges

Ethical
— Big Brother

— “Informed” Consent —

Attitudinal
— Medical doctors to listen
— “Social Media Cures Cancer”

Data quality

— Selection bias: Who's on Social Media? Who's using QS?
— Reporting bias: Who tweets about food? About STDs?
Lack of individual level ground truth

— Who has the flu? Who is obese? Who is smoking?
Having interventions

— So far only communication-based interventions
— A/B testing on the “inside”

RADAR



Twitter For Sociological Studies

TWITTER

A DiGgiTAL
SOCIOSCOPE

Yelena Ingmar Michael W,
Mejova Weber Macy

READ ON
ANY DEVIC

Haligls

-

i

Twitter: A Digital Socioscope Kindle Edition
by Yelena Mejova ~ (Editor), Ingmar Weber ~ (Editor), Michael W. Macy (Editor)

Be the first to review this item

r See all 3 formats and editions

Kindle Hardcover Paperback

$23.04 $90.24 $31.83
Read with Our Free App 5 Used from $77.04 8 Used from $25.35
10 New from $75.97 24 New from $27.99

Length: 181 pages =

Best Books of the Month
Bestofthe = Want to know our Editors' picks for the best books of the month? Browse Best Books o

Month__ favorite new books in more than a dozen categories.



Interested? - We’re hiring!

* |Interns (all year around)
* Postdocs

* Scientists

* Engineers

Talk to me about “life in the desert”.



Tack! Thanks!



