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Beyond	Google	searches…

What	are	doctors	searching	for?
What	are	people	tweeting?	What	are	they	
reporting	on	crowd-sourced	disease	
surveillance	apps?

Can	we	use	Electronic	Health	Records	(EHR)	to	
track	disease	incidence?	What	lab	tests	or	
medications	are	doctors	prescribing?	



What	if	we	could	get	access	to	internet	searches of	medical	
doctors	while	in	their	practices	(anonymously)?		

Work	with	John	Brownstein	(HMS),	Elaine	Nsoesie (BCH,	HMS),	Sumiko Mekaru (BCH),	David	Scales	(HMS)



UpToDate is	a	clinician’s	data	base

Good	reputation



Widely	used	by	clinicians:
700,000	clinicians	in	158	countries,	almost	90%	of	
academic	medical	centers	in	the	United	States	
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What	if	we	could	ask	the	general	public	if	they	are	sick?

Working	with	Andre	Nguyen	(Harvard	SEAS)



Launched	in	2011

Working	with	Andre	Nguyen	(Harvard	SEAS),	Rumi	Chunara,	John	Brownstein



https://flunearyou.org/



Time	Series Correlation RMSE

FNY	– raw 0.808 1.16

FNY	– CDC	adjusted 0.956 0.384
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Time	Series Correlation	Range RMSE	Range

FNY	– raw 0.66 – 0.80 1.33	– 1.77

FNY	– CDC	adjusted 0.80 – 0.90 0.60 – 1.26
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Correlation	of	FNY	with	flu	information	from	CDC	
and	Boston’s	Health	Department	
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What	if	we	had	real-time	access	to	electronic	health	records?

Work	with:	Andre	Nguyen	(Harvard	SEAS),	Tamara	Louie	(HSPH)
John	Brownstein	(HMS),	Iyue Sung	(athenahealth)





Santillana	et	al.	2016	Scientific	Reports,	25732	



We	can	predict	flu	in	finer	geographic	scales	with	amazing	accuracy!



Santillana	et	al.	2016	Scientific	Reports,	25732	



Santillana	et	al.	2016	Scientific	Reports,	25732	



Tracking	Flu	using	twitter
(Daily	analysis	in	NYC)

Refining	the	spatial	resolution…

Work	with	R.	Nagar,	Q.	Yuan,	C.	Freifeld,	A.	Nojima,	R.	Chunara,	and	J.	S.	Brownstein



1. Identified	tweets	containing	
“flu”,	“influenza”,	“gripe”,	“high	
fever”

2. Classified	tweets	in	categories

Categories

Contains:	“flu”,	“influenza”,	
“high	fever”	

Relevant Irrelevant

Infection Awareness

Self Others

Natural	Language	Processing
(Using	geo-located	tweets)

First	experiment:		was	done	by	hand…

Nagar	et	al.	(2014)	Journal	of	Medical	Internet	Research.	In	press





ILI	Reported	NYC-ED

Predicted	ILI	using	
Twitter

Daily	ILI	visits	(as	reported	by	the	NYC	emergency	department)	
compared	to	predicted	ILI	using	twitter	data

Nagar	et	al.	(2014)	Journal	of	Medical	Internet	Research.	In	press



Spatial	Analysis

Nagar	et	al.	(2014)	Journal	of	Medical	Internet	Research.	In	press



We	now	have	multiple	independent	ways	to	estimate	
flu	activity	nationally	and	regionally.

What	do	we	do	with	more	and	more	flu	predictors?

Data Information

Knowledge	and	Prediction



Factors:	time of	the	day	you	are	watching,	day,	location,	previous	movie you	watched	

Movie	selection	prediction
(millions	of	users)



Stock	market	price	prediction
(multiple	actors)

News

1.Fundamental
Analysis

2.	Time-series	
analysis



Multiple	predictors
using	social	media	



Digital	Disease	Detection
(millions	of	citizens	worldwide)





So,	what	do	we	do	with	multiple	predictors?

One	solution:	Pick	the	best	performing	one!

OR

Combine	information	using	a	voting	system	or	
ensemblemethod!	(Machine	Learning)



Factors:	time of	the	day	you	are	watching,	day,	location,	previous	movie you	watched	

Different	algorithms	find	optimal	suggestions

Combine	predictions	using	voting	system	(ensemble)

Movie	selection



Combine	information	from	
all	predictors	and	produce	
an	accurate	and	robust	

prediction

Breiman L.	Stacked	regressions.	Machine	Learning,	24,	49-64	(1996)	

Combine:
1. Fundamental	analysis
2. Time-series	analysis
3. Internet-based	analysis



Digital	Disease	Detection
(US	case	study)
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CORR RMSE (%ILI) Rel RMSE (%) RMAE (%) Hit Rate

LASSO 0.713 0.857 36.5 92.4 60.0
SVM (RBF) 0.902 0.507 27.4 131 54.1
SVM (Linear) 0.697 0.896 28.1 86.6 58.8
AdaBoost 0.904 0.503 20.3 47.7 52.9
CDC Baseline 0.683 0.977 33.7 75.5 62.4

Table 4: In Two Weeks

CORR RMSE (%ILI) Rel RMSE (%) RMAE (%) Hit Rate

FNY 0.948 0.385 15.9 39.3 65.9
ATH 0.977 0.351 14.1 36.7 77.7
GT 0.978 0.245 13.3 42.9 65.9
GFT 0.980 0.333 12.3 35.3 75.3
TWT 0.937 0.414 15.1 50.1 62.4
CDC Baseline 0.930 0.501 18.2 46.7 68.2
CDC Virology 0.923 - - - 69.4
SVM (RBF) 0.989 0.176 8.27 23.6 69.4

Table 5: Weak Predictors - Last Week

2

Performance	of	individual	data	sources	

Santillana	et	al.	PLoS Computational	Biology,	2015
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Performance	ensemble

Santillana	et	al.	PLoS Computational	Biology,	2015
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Performance	of	individual	data	sources	

Santillana	et	al.	PLoS Computational	Biology,	2015



Performance	ensemble

Santillana	et	al.	PLoS Computational	Biology,	2015



Real	time	predictions

Two-week	forecast

One-week	forecast

Three-week	forecast

Real	time	predictions	and	Forecasts

Santillana	et	al.	PLoS Computational	Biology,	2015



Real	time	predictions

Two-week	forecast

One-week	forecast

Three-week	forecast

Real	time	predictions	and	Forecasts

Santillana	et	al.	PLoS Computational	Biology,	2015



We	are	launching	the	next	generation	of	digital	disease	surveillance	tools
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Percentage	of	people	with	influenza-like	illness

Video	produced	by	Shihao Yang	





Thanks	to	Sue	Aman,	Rachel	Chorney,	Jeff	Andre,	Andre	Nguyen,	John	Brownstein	and	Healthmap team!









We	will	extend	out	methodology	to	finer	spatial	
resolutions.	Pilot	projects:

1. State	level:	Massachusetts

1. City	level:	Boston	

With:	

Suqin Hou,	Fred	Lu,	Kristin	Baltrusaitis,	Joe	Conidi,	
Julia	Gunn,	Jared	Hawkins,	John	Brownstein.
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Using	multiple	data	sources	to	track	flu	in	Boston	
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Using	multiple	data	sources	to	forecast flu	in	Boston	



Beyond	flu…

Dengue	and	Zika Ebola



While	Google	Dengue	Trends	captures	well	the	national	incidence	of	disease



It	fails	to	captures	the	incidence	of	dengue	at	the	state	level	in	multiple	cases



Interestingly,	access	to	internet	was	not	a	good	indicator	of	accuracy	(challenging	assumptions)	





Mexico	Dengue	incidence	(Country-level)

Jonansson et	al.	Submitted



Accuracy	of	predictions	decreases	as	time	horizon	grows

Mexico	Dengue	incidence	(Country-level)

Jonansson et	al.	Submitted



Accuracy	of	predictions	decreases	as	time	horizon	grows

Mexico	Dengue	incidence	(Country-level)

Predictions	using	an	AR1	(constrained)	model

Jonansson et	al.	Submitted



Forecasting	Dengue	Incidence	in	Mexico
Establishing	a	prediction	baseline

Team:

Mauricio	Santillana	(BCH,	Harvard),	
Michael	Johansson	(CDC	Puerto	Rico),	
Aditi Hota (Columbia	Univ),
John	Brownstein	(BCH,	Harvard),
Nick	Reich	(Umass Amherts)



Establishing	a	baseline
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How	about	higher	resolution	geographically?	Actionable	information

Jonansson et	al.	In	preparation



Forecasting	Dengue	Incidence	using	multiple	data	
sources
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Partnerships	are	an	essential	element	of	this





What	if	we	could	use	news	reports	as	a	way	to	modulate	
predictions	produced	with	models?

An	example	from	the	Ebola	outbreak	in	2015

Healthmap.org
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HealthMap brings	together	disparate	data	sources,	including	online	news	aggregators,	
eyewitness	reports,	expert-curated	discussions	and	validated	official	reports,	to	achieve	a	
unified	and	comprehensive	view	of	the	current	global	state	of	infectious	diseases	and	
their	effect	on	human	and	animal	health.	

Through	an	automated	process,	updating	24/7/365,	the	system	monitors,	organizes,	
integrates,	filters,	visualizes	and	disseminates	online	information	about	emerging	
diseases	in	nine	languages,	facilitating	early	detection	of	global	public	health	threats





Recent	success	story:	Ebola	outbreak	identification	and	tracking

http://www.healthmap.org/ebola/#timeline
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A	more	recent	contribution	on	the	2015	Latin	American	
Zika outbreak



A	more	recent	contribution	on	the	2015	Latin	American	
Zika outbreak



A	more	recent	contribution	on	the	2015	Latin	American	
Zika outbreak

With	no	access	to	traditional,	government-lead	disease	surveillance	information,	we	
extracted	the	number	of	suspected	cases	as	reported	by	new	reports	as	a	function	of	time.	
We	then	utilized	the	time	behavior	of	Google	searches	of	the	word	“zika”	to	smooth	the	
news-reported	incidence	data.	



A	more	recent	contribution	on	the	2015	Latin	American	
Zika outbreak

When	we	gained	access	to	government-lead	disease	surveillance	information,	we	found	great	
similarity	with	the	curve	we	produced	ahead	of	the	publication	of	this	information.
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Thank	you!

Contact:	msantill@fas.harvard.edu


