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Can Digital disease detection pick up 
accurate signals earlier ?

Traditional public health
confirmed information

(lagged 2-3 weeks)
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Real-time	tracking	vs	predictions	of	disease	incidence/risk
Similarities	and	differences	with	weather	prediction



Part	1.	Previous	success	stories	in	tracking	and	forecasting	
Influenza	in	data-rich	high-income	countries:	USA

1. Multiple	spatial	resolutions:	National,	multi-state,	state,	city-level

2. Multiple	data	sources	(hybrid	systems):	traditional	healthcare-based,	EHR,	
Google,	Twitter,	Crowd-sourced	disease	surveillance.



Ebola

Cholera

• Latin	America	
(Flu,	Zika,	Dengue)

• South-east	Asia
(Dengue)	

• West	Africa

• Middle	East

Part	2.	Success	stories	in	tracking	and	forecasting	Flu,	Zika,	
Dengue,	Ebola	in	data-poor	medium- to	low-income	countries.

Dengue,	Zika,	and	Flu	



Part	1.	Previous	success	stories	in	tracking	and	forecasting	
Influenza	in	data-rich	high-income	countries:	USA

1. Multiple	spatial	resolutions:	National,	multi-state,	state,	city-level

2. Multiple	data	sources	(hybrid	systems):	traditional	healthcare-based,	EHR,	
Google,	Twitter,	Crowd-sourced	disease	surveillance.



GOOGLE	FLU	TRENDS
The	promise	of	big	data	in	public	health

Seminal	work	by	Google



Google	Flu	Trends



Plot	obtained	from:	http://blog.keithw.org/2013/02/q-how-accurate-is-google-flu-trends.html

What	next?	need	to	remove	(not	useful)	terms.			 Big	discrepancies	again!

Fixes	were	reported		in:	Cook	et	al.	(2011)	Assessing	Google	flu	trends	performance	in	the	U.S.	
during	the	2009	influenza	virus	A	(H1N1)	pandemic.	PLoS One	

Big	
discrepancy

again!

Big	
discrepancy

during	H1N1	pandemic



When	Google	got	flu	wrong.	

nature.com/news/when-google-got-flu-wrong.





We	published	a	paper	proposing	
changes	to	GFT’s	engine	(2014)

Google	incorporated	our	proposed	
changes	to	GFT’s	engine	in	Oct	2014



Google	and	collaborators	published	a	
paper	improving	our	AJPM	2014	
methodology	in	August	2015

We	improved	last	effort	by	
Google	team	and	published	
our	results	in	PNAS	in	
September	2015
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Google	discontinues	Flu	Trends	indefinitely!	





Our	team	at	Boston	Children’s	Hospital	now	has	
access	to	Google’s	search	volumes,	as	one	of	the	

exclusive	Google’s	partners.

We	are	helping	create	a	new	improved	disease	
forecasting	platform	funded	by	the	Centers	for	

Disease	Control	and	Prevention



In	collaboration	with	the	CDC	Influenza	division,	we	are	extending	our	work	from	National	
and	Regional	predictions,	to	state-level	and	city	level	(Boston	as	a	pilot)

Grant:	Centers	for	Disease	Control	and	Prevention’s	Cooperative	Agreement	PPHF	11797-
998G-15

Team	members:	Fred	Lu,	Leonardo	C.	Clemente																		
CDC	liaison	and	collaborator:	Matt	Biggerstaff

Prepared	by	Mauricio	Santillana



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?	

Beyond	Google	searches…
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Where	is	Up-to-date	used?



Beyond	Google	searches…

What	are	doctors	searching	for?
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track	disease	incidence?	What	lab	tests	or	
medications	are	doctors	prescribing?	



Ensemble approaches	yield	more	
accurate	and	more	robust	real-time	and	

forecast	flu	estimates



2

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
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Real	time	predictions

Two-week	forecast

One-week	forecast

Three-week	forecast

Real	time	predictions	and	Forecasts

Santillana	et	al.	PLoS Computational	Biology,	2015



Ensemble approaches	yield	more	
accurate	and	more	robust	real-time	and	

forecast	flu	estimates



What	about	estimating	flu	in	a	regional	level,	
state-level,	city-level?
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Comparisons	between	CDC	ILINet and	FNY	and	Athenahealth in	multiple	spatial	scales



Santillana	et	al.	2016	Scientific	Reports,	25732	



How	about	state-level?
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How	about	city-level?



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



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



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

1. State	level:	Massachusetts

1. City	level:	Boston	

Team:	

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



Pl
ot
s	p

ro
du

ce
d	
by
	F
re
d	
Lu
	a
nd

	S
uq

in
Ho

u

Using	multiple	data	sources	to	forecast flu	in	Boston	



Aim	is	to	display	these	predictions	in	a	joint	CDC-BCH	website

Using	multiple	data	sources	to	track	flu	at	the	state-level	in	the	USA



Part	2.	Success	stories	in	tracking	and	forecasting	Flu,	Zika,	
Dengue,	Ebola	in	data-poor	medium- to	low-income	countries.

Dengue,	Zika,	and	Flu	

Ebola

Cholera

• West	Africa

• Middle	East

• Latin	America	
(Flu,	Zika,	Dengue)

• South-east	Asia
(Dengue)	



We	are	extending	our	tracking	and	forecasting	
systems	to	middle	income	countries



Now	extending	to	Latin	America

In	response	to	a	paper	on	Clinical	Infectious	Diseases,	we	have	
extended	our	methods	to	better	predict	flu	in	Latin	America

Team:	Leonardo	C.	Clemente	and	Fred	Lu



Now	extending	to	Latin	America

In	response	to	a	paper	on	Clinical	Infectious	Diseases,	we	have	
extended	our	methods	to	better	predict	flu	in	Latin	America

Team:	Leonardo	C.	Clemente	and	Fred	Lu



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



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)
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Extending	use	of	Google	searches	to	track	Dengue	in	other	
countries:

Latin	America:	Mexico,	Brazil

Southeast	Asia:	Thailand,	Singapore,	Taiwan
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New	alliance:	Identifying	hot	spots	for	Dengue outbreaks



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



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

Data-poor	environments	(Zika)



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

Data-poor	environments	(Zika)



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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A	more	recent	contribution	on	the	2015	Latin	American	Zika outbreak

Data-poor	environments	(Zika)



Extending	work	to	characterize	Cholera outbreak	in	Yemen

Updates
Data-poor	environments	(Cholera)

CONFIDENTIAL



Forecasting	Zika using	Google	searches	and	Twitter



Forecasting	Zika using	Google	searches	and	Twitter
(with	Sarah	McGough)



Thank	you!

Contact:	msantill@fas.harvard.edu


