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Cette intervention est faite en toute indépendance vis-à-vis 
de l’organisateur de la manifestation. 

Je n’ai pas de conflit d’intérêts en lien avec le sujet traité.
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Non-stationarity and transients in Epidemiology

n Modification of pathogens, their transmissibility, their 
virulence

n Characteristics of the epidemics can evolve due to 
vaccination or others public health interventions

n Climate can influence the propagation of a 
pathogen

n Societal responses and/or changing human 
behavior during the course of an epidemic

nChanging their social network
nSocial distancing
nVoluntary avoidance behavior



n Example of measles and whooping cough in UK

Non-stationarity and transients in Epidemiology



n An example of measles epidemics in York (UK)

Characteristics evolve with time => Non-Stationarity

Non-stationarity and transients in Epidemiology
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n For statistical approaches I have developed 
numerous tools using wavelet decomposition

n Wavelet analysis decomposes a signal into time-
space and frequency-space simultaneously

n Wavelet analysis estimates the spectral 
characteristics of a time series as a function of time

Accounting for Non-Stationarity in 
Statistical Analysis



The wavelet function is put in 
different positions determined by
the translation parameter, b

and with different dilatation 
parameter, a

Different wavelet functions
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Wavelet Analysis



Wx (a,b) = T (a,b) .2
Wavelet Power Spectrum:

Wavelet Analysis
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Wavelet Transform:
(and Inverse Wavelet Transform)

CrossWavelet Power:

Square Wavelet Coherency:

Wavelet Power:

Averaged Wavelet Power:
(by analogy with the Fourier Power)

Wavelet Amplitude, Imaginary Part and 
Wavelet Modulus:
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A “simple” non-stationary sinusoidal signal
Wavelet Analysis

Wavelet Analysis



But any links 
with climate!

Dengue in Thailand

Wavelet Analysis



n Monthly DHF cases reported in the 76 provinces of Thailand
n Focus on the incidence in Bangkok and the averaged incidence 

for the rest of Thailand

Wavelet Analysis
Dengue in Thailand



Dengue in 
Thailand and 
ENSO

Wavelet Coherency
Wavelet Analysis



The Rouyer’s Method
Rouyer, T., Fromentin, J.M., Stenseth, N.C. & Cazelles, B., 2008. 
Analysing multiple time series and extending significance testing 
in wavelet analysis. Marine Ecology Progress Series, 359, 11-23.

Classical clustering based 
on this Distance Matrix

Wavelet Clustering



Wavelet Clustering



Rainfall Average temperatureDengue

Wavelet Clustering



Partial Wavelet Coherency



Disentangling the local and global climatic 
influences on dengue

Application to Dengue in Thailand

Whole Thailand: dengue, mean temperature and ONI

Zone 4: dengue, rainfall and MEI

WC D-LC                  PWC D-LC|GC          WC D-GC                  PWC D-GC|LC



Accounting for Non-Stationarity in Statistical 
Analysis

Application to Malaria

Anhui : Malaria, Temperature, Nino34.

Hainan province: Malaria, Temperature, MEI. 

Hainan province: Malaria, Rainfall, ONI. 

Ahmedabad (India): Malaria, Temperature, MEI.

Kutch district (India): Malaria, Rainfall, DMI.

Surat (India): Malaria, Relative Humidity, SOI
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Accounting for Non-Stationarity in Modeling

n Reconstruction the time evolution of some key 
parameters without any specific hypothesis:

n We have used:
n State space models

n Parameters considered to be state variables 
that follow a diffusion process

n Inference tools as Kalman Filter or Bayesian 
approaches (MCMC, K-MCMC and P-MCMC)



Accounting for Non-Stationarity In Modeling

n State space models

nSystem process: an epidemiological model
nObservational process: a probabilistic law 

with an observation rate, r
n Poisson
n Negative Binomial
n Normal



Accounting for Non-Stationarity in Modeling

n State space models

n Parameters considered to be state variables 
that follow a diffusion process

dθt =σdBt
d log(θt ) =σdBt

θt+1 =θt +σBt



n We used a stochastic framework with Markov jump process (or 
an approximation of it)

n In the stochastic framework, the likelihood is intractable thus 
EKF or SMC is used to compute it in the MCMC

n Thus we coupled time varying parameters approach with 
Bayesian methods coupling MCMC and EKF (K-MCMC) or 
SMC (P-MCMC) (Andrieu et al. 2010; Dureau et al. 2013)

Accounting for Non-Stationarity in Modeling



A SIRS toy model
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Application to Dengue in Phnom Penh

SEIR model
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Application to Dengue in Phnom Penh

β(t) = a0 + a1.θmax (t − k)+ a2.θmin (t − k)



Concluding remarks
n It is important to take into account non-stationarity 

when analyzing epidemiological datasets.
n Wavelet analysis is one of the adapted statistical 

approaches considering these features of epidemiological 
time series

n Time-varying parameters modeled with a diffusion process 
is an alternative to the use of more complex model.

n Models with time-varying parameters can be easily used to 
predict an epidemic in real time.

Accounting for Non-Stationarity in Epidemmiology
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Accounting for Non-Stationarity in Epidemmiology







Importance 
of non-

stationarity

Relation beween Bangkok 
and the remaining 

Thailand

Wavelet Analysis



Disentangling the local and global climatic 
influences on dengue

Application to Dengue 
In Thailand

Bangkok: Dengue, Temperature (min), MEI.

Southern Thailand: Dengue, Rainfall, SOI.

North-Eastern Thailand: Dengue, Temperature, ONI.

Central Thailand: Dengue, Temperature, ONI.

Whole Thailand: Dengue, Rainfall, SOI.

Northern Thailand: Dengue, Temperature MEI.
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Accounting for Non-Stationarity in Statistical 
Analysis

Application to Malaria
In Kenya and Ethiopia

Ethiopia: Temperature (max), MEI.

Ethiopia: Temperature (min), SOI.

Kisii district: Rainfall, DMI.

Kapsabet district: Rainfall, Nino3.

Tea Plantation (AHP): Rainfall (Kaisugu), ONI.

Tea Plantation (BBF): Rainfall (Kaisugu); DMI.
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