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Contexte scientifique du projet 

Influenza virus (IV) continues posing a global health problem with its annual epidemic and sporadic pandemics 

causing substantial morbidity, mortality and economic costs. An important obstacle in the mitigation of the disease 

is provided by the complex ecology of the virus: continuous mutation and episodes of reassortment lead to 

antigenically distinct variants (A/H1N1pdm, A/H3N2, B/Victoria, B/Yamagata), whose co-circulation is ruled by 

immunological interactions and affected by a multiplicity of environmental and socio-demographic factors. 

Following the A/H1N1pdm emergence during the 2009 pandemic, subtypes’ relative proportion has been highly 

variable in time and space and has showed (co-)dominance patterns whose unpredictability poses a major limit to 

preparedness and vaccination.  

Les questions posées 

A major challenge in understanding the multi-subtype dynamics of influenza is represented by the global 

geographical scale of the problem: as a result of the international connectivity of the human population, a global 

influenza migration network affects the timing, intensity and subtype composition of outbreaks at the country 

level. The need of a global-level study is well recognized and worldwide strain-specific incidence data are 

integrated in a unique platform and made publicly available (FluNet1). However, the research work on this direction 

is still limited and the FluNet data source is under-exploited. The global level of description of IV dynamics is 

adopted by a number of studies2–8 that depict a complex dynamics characterized by phenomena of strain 

replacement and co-occurrence, synchronization and skip-and-resurgence. Different regions of the world may act 

as source or sink of the infection and the strains circulate with different pace. The emerging picture is highly 

fragmented and the understanding of the main factors driving the dynamics seems still far. A major source of 

complication is represented by the strong geographical variation of environmental and population-level factors and 

by the heterogeneous transmission coupling among different regions provided by human mobility3,9–11.  

The student will analyze FluNet data with the goal of characterizing the patterns of subtypes (co-)dominance at 

the country level before and after the 2009 A/H1N1 pandemic. She/He will employ data-science and machine 

learning techniques to identify meaningful patterns in the data and establish their association with possible 

sociodemographic and environmental factors.  

Sources de données  

http://www.ed393.upmc.fr/
mailto:magali.moulie@sorbonne-universite.fr


Ecole Doctorale 393 
Centre Biomédical des Cordeliers 

15, rue de l’Ecole de Médecine 75006 Paris 
www.ed393.upmc.fr 

Contact : magali.moulie@sorbonne-universite.fr/Téléphone : 01.44.27.24.35 

All data listed below are either already available to the team or provided by open sources: 

 FluNet data. FluNet is a web based data collection reporting tool of the GISRS1. For each country, data 

available are weekly number of specimens tested for IV and the number testing positive subdivided in 

A/H1N1pdm, A/H3N2, A/H1N1 (previous pandemic period), A/H5N1, A (non subtyped), B/Victoria, B/Yamagata, 

B (lineage not determined). Countries currently represented in the dataset are around 15012. 

 Worldwide population distribution obtained from SEDAC, Columbia University13.  

 International Air-transportation data from IATA14, accounting for the 99 % of the global commercial traffic.  

 Data on weather and climate. Different sources will be compared. For climate, possible sources are WorldClim 

(www.worldclim.org)15, Current Datasets and Static Climatologies https://crudata.uea.ac.uk/cru/data/hrg/)16. 

For weather: Weather Underground (https://www.wunderground.com/)17, and the National Oceanic and 

Atmospheric Administration Global Surface Summary of the Day (ftp://ftp.ncdc.noaa.gov/pub/data/gsod)18. 

Méthodes  

Time-series will be extracted for each country by computing quantities from FluNet data and aggregating them 

differently in time (weekly, monthly, annually). Quantities such as proportion of positive specimens or subtype 

relative proportion will be considered. Other quantities can be computed for each epidemic season to define annual 

time series, like e.g. peak time, duration of epidemic waves, and subtype (co-)dominance. Pre- and post- pandemic 

periods will be addressed separately. Collected data on socio-environmental factors will be aggregated at the same 

spatiotemporal level as FluNet observables.  

(Co-)dominance patterns  

Early analyses of FluNet data identified geographical patterns in the timing, duration and amplitude of seasonal 

waves6,7,19. These important works identified the robust phenomenological properties of the global circulation 

dynamics that were later on explained and linked to their driving factors18. Analogous work applied to subtype (co-

)dominance is very limited. A “skip-and-resurgence” behavior of the subtype A/H1N1pdm during the 2011/12 season 

was observed in8. More work in this direction would be needed to describe possible marked features of the 

subtypes’ global patterns that are likely indications of competition between subtypes and acquired immunity in the 

population. To pursue this research direction the student will combine different analysis techniques: 

 Motif-analysis: Statistical significant motifs20 will be extracted from the (co-)dominance time-series of 

different countries to provide indication of higher order correlations. Frequency of such motifs will be 

analyzed in relation to the period (before and after the pandemic) and the country’s hemisphere.  

 Clustering: similarity/correlation functions applied to the time series of different countries can be used to 

build similarity matrices among countries. Clustering procedures can then be applied to identify geographical 

structures21. A similar analysis was recently applied to ILI time series of France administrative regions22,23. 

Geographical clusters will be contrasted with socio-environmental factors to obtain hypotheses on the drivers 

of spatial propagation. 

 Information theory: Time series will be analyzed through information theory techniques. For instance 

permutation entropy24 was shown to provide a quantification of the level of complexity of a time-series 

assumed to be linked to its degree of predictability. Applied to the (co-)dominance time series it will provide 

insights on the prediction limits of observed time-series and on the situations (geographical area, periods in 

time) where higher prediction capabilities can be expected.  

Causal analysis 

We will use Dynamical Baysian Networks (DBN)25–27 to link time-series. Such a technique, introduced for the study 

of gene regulatory networks, can successfully capture relationships among variables of different nature (e.g. 

linear, non-linear, combinatorial, stochastic and other type of relationships). It was recently applied to outbreak 

analysis with the goal of integrating different data streams and extract from them early warning signals for the 
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real-time surveillance and forecast. We will use it here to identify the driving forces of countries’ (co-)dominance 

patterns and epidemic properties.  

We will use DBN to assess the causal relationship between the observable time series in different countries 

assuming different time lags. For instance, focusing on the time-series of annual subtype relative proportion, this 

will allow us to understand the influence on an epidemic in a given country and season of the past or current 

influenza epidemics in other countries compared to the influence of previous epidemics in the focus country. 

Epidemics in different countries can be indeed interrelated (e.g. through the global circulation of the virus 

mediated by international travels); on the other hand, the characteristics of an epidemic can be affected by the 

history of past epidemics occurring in the same territory (e.g. due to waning of immunity or cross immunity). DBN 

can quantify the relative contribution of these effects. Epidemiological time-series can be also tested for 

interdependence with collected time-series on the socio-environmental factors. Causal links between local climate, 

weather, demography and mobility will be assessed.  

Puissance de l’étude 

The study will address important scientific challenges. For its global geographical coverage FluNet represents an 

utmost source of information not enough exploited so far6–8,12,28. The reason of FluNet under-exploitation is 

twofold. First, it combines data collected from the surveillance systems of different countries whose surveillance 

practice and coverage are highly heterogeneous. For its biases the source was considered not enough reliable. In 

the post-pandemic era, however, important improvements in surveillance increase significantly coverage and quality 

of the data18,29. Second, on the methodological side, the co-occurrence of multiple effects makes difficult 

correlation analyses and the identification of causal effects. Sophisticate data science tools become necessary, 

like as the information theory and machine learning approaches proposed here. 

The project will have important public health implications. Influenza is a major source of medical burden, and 

societal and economical costs. The efficient mitigation and prevention of this infection is hampered by the 

complexity and unpredictability of IV strain co-circulation patter, which limits the capacity of surveillance 

authorities in tailoring preventive measures. Strains differ in epidemic impact and population targeted by the virus. 

A/H3N2 epidemics are more intense and hit more severely elderlies30,31, A/H1N1/09 and B, on the other hand, 

have a stronger impact on the young population2, with A/H1N1/09 associated to an increase of cases in 

reanimation30, eventually B epidemics are known to peak later than the A ones31. Knowing in advance the dominant 

strain would provide fundamental aid to preparedness, intervention design and prioritizing vaccination.  

Calendrier prévisionnel  

Months 0-3: data collection and time series extraction 

Months 3-12: analysis of (co-)dominance patterns  

Months 12-15: paper 1 writing  

Months 15-24: Bayesian network analysis  

Months 24-27: paper 2 writing 

Month 27-36: papers’ revisions and thesis writing 

Thème de chacun des articles prévus 

Paper 1: A paper providing the characterization of (co-)dominance patterns in FluNet with a combination of data-

science techniques (motifs extraction, clustering, information theory).  

Paper 2: A paper on the use of the Bayesian network technique to establish causal relationship among (co-

)dominance time series and possible socio-environmental drivers. 
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