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Epidemic modeling
“I simply wish that, in a matter which so closely concerns the wellbeing of 
the human race, no decision shall be made without all the knowledge which 
a little analysis and calculation can provide”
Daniel Bernoulli ~1760



Within school contact 
patterns 
(@Sociopatterns)

Human interactions/ 
contact networks 

Multiscale integration 
of mobility networks in 
the analysis of 
potentially pandemic 
pathogens spread.

Mobility and 
epidemic spreding  

Hubs, community, 
clustering, heavy 
tails, ...

Networks 
heterogeneity and 
complexity

DATA AVAILABILITY HAS EXPLODED 



Big Data
Big data narrative, fourth 
paradigm etc.

Large number of pitfalls:


• no dynamical understanding 
• black box (algorithmic issues) 
• See Hosni, Vulpiani, Philosophy 

&Technology (2017) MUST READ! 

BIG DATA                     NEW DATA



New data (big, or small)

• The focus is  on understanding these data sets in 
a scientific sense and more deeply the real world 
processes which produced the data (Theory) 

• Mechanistic approach  
• Effective equations 
• Initial conditions 
• Model’s calibration





WWW.GLEAMVIZ.ORG

http://WWW.GLEAMVIZ.ORG


Stochastic Inter population dynamics



Multiple schemes for the stochastic intra-population 
contagion dynamic



• SARS Epidemic (retrospective) 

• 2009 H1N1pdm 

• 2014 West Africa Ebola Epidemic  
• Zika epidemic in Latina America 

• CDC yearly challenge since 2012 

This work has been in collaboration 
with the CIDID, MIDAS network and a 
number of national and International 
Institution.  

Research & Development  Applications

• Predictability limits/frameworks 
(Ebola synthetic challenge)  

• Synthetic contact matrices 

• Forecasting Mechanistic approach 
with the help of novel data streams. 



H1N1 ppm invasion tree



Spatial stochastic individual based model 
Zhang et al. PNAS 2017 ; doi:10.1073/pnas.1620161114

•Introduce explicitly the coupling of 
traveling patterns (case importation and 
colonization) on the disease progression

•Introduce seasonal drivers of Mosquito 
transmission in the epidemic dynamic.

•Introduce effect of socio-economic drivers

•Interplay of traveling pattern, outbreak 
initial conditions, disease dynamic and 
seasonal driving in defining the epidemic 
progression at the regional level.



Mosquitoes abundance 
+ local climate drivers + 
socio-economic  
indicators 

Dynamic stochastic 
model providing time 
evolution of the 
epidemic 

Explicit modeling of 
airline traffic national/
international + 
commuting patterns 
and local mobility 

Model structure  
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Model resolution
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25 km x 25 km within census areas in all the Americas.
A few quantities can be projected up to 1km x 1 km

Exposed population



EPIDEMIC DYNAMICS
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Epidemiological explanations: Monte-Carlo analysis of 
ZIKAV introduction in the Americas  

Model provides posterior distributions 
for the place and date of introduction in 
Brazil in good agreement with 
Phylogenetic analysis
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Epidemic declining in 2017



Number of infections



Risk of local transmission in the US



COMPUTATIONAL IMPLEMENTATION

Large-scale numerical 
simulations
• About 15 million runs (overall)
• More than 1M instances 

deployed
• About 125 years of 

computational time

HPC
From raw data to actionable 
summary tables 
• Hundred of TB of data 

analyzed
• Each scenario up to more 

than 10 TB of raw data

HPDA

STILL A MAJOR HURDLE FOR REAL-TIME
GLOBAL MODELING



WHERE IS THE COMPUTATIONAL PROBLEM

Each large-scale numerical 
simulations is a single instance 
of a stochastic process.
• Thousands (or more) of runs 

to extract statistical patterns 
• The finer the scale, the larger 

the required number of 
realizations

• Real time requirement

Statistical ensemble  

Calibration on real data is 
executed via MCL or MCMC 
scanning high dimensional 
parameters space
• Millions (or more) of single 

realizations exploring the 
level of match with real 
data.

• Real time requirement

Model calibration



Real-time analysis of large-scale/highly 
detailed models requires increasing amount 
of computational resources.
Supercomputing culture must be more and 
more a key component of the pandemic 
modeling and analysis research.
Interdisciplinary endeavor not possible 
without the contribution of the HPC 


