
Online | Mobile | Global

Marcel Salathé, Digital Epidemiology Lab, EPFL 
@marcelsalathe

From Social Networks to 
Machine Learning:  

Epidemiology is Going Digital



Online | Mobile | Global

Marcel Salathé, Digital Epidemiology Lab, EPFL 
@marcelsalathe

Digital Epidemiology



Social Networks



Social Networks



Social Networks



Community Structure



Community Structure



Social Networks

? !

Biological contagion

Social contagion



Measuring social networks 

Surveys: widely used, but subjective and potentially 
inaccurate, high effort 

Wireless sensors (beacons): objective, high precision, 
low effort

http://postscapes.com/open-source-active-rfid-project-openbeacon

http://postscapes.com/open-source-active-rfid-project-openbeacon


Measuring social networks 

https://github.com/salathegroup/openbeacon-case

https://github.com/salathegroup/openbeacon-case
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Measuring face to face interactions
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Measuring face to face interactions
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First high-resolution 
data, statistical 
description & 
vaccine strategy 
modeling



Demonstrating 
collocation ranking 
based on schedules 
as an effective 
predictor of 
importance



Measuring 
vaccination 
assortativity on 
empirical network



Comparing surveys 
with sensor data 
and quantifying 
survey errors



Vaccination 
 
R0 = number of secondary infections from the first case. 

Herd immunity: 

1 - 1/R0 

Example: Measles 

R0 ~ 10-20 

Recommended vaccination rate: 90-95%
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Omer et al., NEJM, 2009









streaming API (or buy)

Human assessment

DYI or
Geo API

or 

Geotagged Tweets

Machine Learning

Data for analysis



(~10% Tweets were assessed by humans, rest by machine learning algorithms)

Salathé & Khandelwal, PLOS Computational Biology, 2011



Digital Epidemiology
Epidemiology: Epidemiology is the study and analysis of the 
patterns, causes, and effects of health and disease conditions 
in defined populations. 

Digital Epidemiology: Epidemiology with digital data that 
captures states, events, processes, etc. that are difficult to 
capture otherwise*.

* what || where || when



Traditional Epidemiology

CDC et al.

Academia
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Traditional Epidemiology
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Academia



Digital Epidemiology: new data streams

"Got my flu shot this morning and 
now my throat is sore."

"Stomach flu & normal flu in the 
same month. I'm officially a 

germaphobe."

"My weight: 170.1 lb. 10.1 lb to go. 
#raceweight @Withings scale auto-

tweets my weight once a week http://
withings.com"

"Such an upset stomach today. I hope 
it's just a bug and not the Truvada."

Text 
Images 
Videos 

Sounds 
Location 

Biological data 
etc.

http://withings.com


From Personalized Health…

“The 
patient  

will 
see  
you 

now”

• my DNA 
• my *omics data 
• my location data 
• my activity data (heart rate, 

etc.) 
• my lab tests 
• what I ate 
• how I slept 
• how I feel 
• my health history 
• etc.

 
shared 

via mobile 
apps

 



…To Truly Global Health

shared 
via mobile 

apps



https://www.itu.int/en/ITU-D/Statistics/Documents/facts/ICTFactsFigures2015.pdf

Mobile broadband

https://www.itu.int/en/ITU-D/Statistics/Documents/facts/ICTFactsFigures2015.pdf


https://www.itu.int/en/ITU-D/Statistics/Documents/facts/ICTFactsFigures2015.pdf

Mobile broadband

https://www.itu.int/en/ITU-D/Statistics/Documents/facts/ICTFactsFigures2015.pdf


http://ben-evans.com/benedictevans/?tag=Presentations

More time spent on mobile apps  
than all of web

http://ben-evans.com/benedictevans/?tag=Presentations


Mobile phone & smart phone revolutions 
dwarf the PC revolution

http://ben-evans.com/benedictevans/?tag=Presentations

http://ben-evans.com/benedictevans/?tag=Presentations


Salathé et al. PLOS Computational Biology 2012

Mobile phones - Track disease outbreaks Wikipedia - Influenza forecasting
Finger et al 2016 McIver & Brownstein 2014

Salathé et al. PLOS Computational Biology 2012

Twitter - Pharmacovigilance Twitter - Vaccine uptake
Salathé & Khandelwal, 2011Adrover et al 2015



(~10% Tweets were assessed by humans, rest by machine learning algorithms)

Salathé & Khandelwal, PLOS Computational Biology, 2011



Salathé et al. PLOS Computational Biology 2012



https://www.mapbox.com/blog/twitter-map-every-tweet/https://www.mapbox.com/blog/twitter-map-every-tweet/

https://www.mapbox.com/blog/twitter-map-every-tweet/


https://www.mapbox.com/blog/twitter-map-every-tweet/https://www.mapbox.com/blog/twitter-map-every-tweet/

https://www.mapbox.com/blog/twitter-map-every-tweet/


Image Data
Collecting 1M+ labelled 
images as training set for 
machine learning algorithm 
development

Machine Learning 
Crowdsourced, open 
machine learning 
competitions based on 
open access images

Identify Disease

PlantVillage: Machine Learning for Disease Recognition

[Collaboration with Penn State, Prof. David Hughes]





What is deep learning



• The more data, the better 

• Training is computationally very expensive - multiple 

hours or days on GPU clusters 

• Once model is trained, it runs in ~1-2 seconds on 

CPU, no internet connection required.

What is deep learning











http://www.spacemachine.net/views/2016/3/datasets-over-algorithms

http://www.spacemachine.net/views/2016/3/datasets-over-algorithms


https://arxiv.org/pdf/1409.0575v3

https://arxiv.org/pdf/1409.0575v3


https://arxiv.org/pdf/1409.0575v3

2015

Human

https://arxiv.org/pdf/1409.0575v3


Singh et al. 2016



54,306 images 

14 crops 

26 diseases 

38 classes 

Now: 

70,000+ images 

17 crops 

33 diseases 

47 classes 
Mohanty et al. 2016





Mohanty et al. 2016



Traditional ML vs DL
Traditional ML DL

one crop species 14 crop specices

mostly 2, at most 4 classes 38 classes

feature engineering end-to-end ML

hard to extend “just add data”



Image Recognition 
(Machine Learning)

Diagnosis 
Treatment Suggestions

Identify Disease

PlantVillage: Machine Learning for Disease Recognition

crowdsourcing





Personalized health

Personalized 
Health

Genomics,
*omics

Physical 
Activity

Nutrition

Social 
Network



Personalized health

>80% of healthcare costs (65B) in Switzerland are due to NCD 
(non-communicable diseases).
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www.openfood.ch 

14,000+ food products in Switzerland via API

http://www.openfood.ch


Case 1: Product is in the database

openfood app



openfood app



Crouwdsourcing product collection



API

“Pizza”



API

“Pizza” 
est. weight: 340g 
est. calories: 890 
est. carbs: 180g 
est. fat: 20g 
est. protein: 24g





Salathé et al. PLOS Computational Biology 2012

Mobile phones - Track disease outbreaks Wikipedia - Influenza forecasting
Finger et al 2016 McIver & Brownstein 2014

Salathé et al. PLOS Computational Biology 2012

Twitter - Pharmacovigilance Twitter - Vaccine uptake
Salathé & Khandelwal, 2011Adrover et al 2015



streaming API (or buy)

Human assessment

DYI or
Geo API

or 

Geotagged Tweets

Machine Learning

Data for analysis







The crowdbreaks process
1. Define a Twitter query (or other data in the future) 
2. Define a question tree 
3. Go! 
4. Model, validate, model, validate, model, etc.
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