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Cette intervention est faite en toute indépendance vis-a-vis
de I’organisateur de la manifestation.

Je n’a1 pas de conflit d’intéréts en lien avec le sujet traite.
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Non-stationarity and transients in Epidemiology

Modification of pathogens, their transmissibility, their
virulence

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

Climate can influence the propagation of a
pathogen

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

Changing their social network
Social distancing
Voluntary avoidance behavior



Non-stationarity and transients in Epidemiology

Example of measles and whooping cough in UK
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Figure 1: Aggregate measles and whooping cough notifications in England and Wales from 1944 to 1994; data obtained from the Registrar General’s
Weekly Returns. A, Time series for square root of measles cases in England and Wales, with vaccination starting in 1968 (dotted line). B, Square
root of cases of whooping cough in England and Wales, with the onset of national vaccination indicated by the dotted line.



Non-stationarity and transients in Epidemiology

An example of measles epidemics in York (UK)
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Accounting for Non-Stationarity in
Statistical Analysis

For statistical approaches | have developed
numerous tools using wavelet decomposition

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

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



Wavelet Analysis
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Wavelet Analysis
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Wavelet Analysis
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Wavelet Analysis
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Travelling waves in the occurrence
of dengue haemorrhagic fever in
Thailand

Derek A.T. Cummings'~, Rafael A. Idzarry’, Horden E. Huang',
Timothy P. Endy’, Ananda Nisalak®, Kumnuan Ungchusak’
& Donald S. Burke’

L]
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Dengue fevel- is a mosqulto-borne virus that mfects 50—100
million people each year'. Of these infections, 200,000-500,0600
occur as the severe, life-threatening form of the disease, dengue
haemorrhagic fever (DHF)? Large, unanticipated epidemics of
DHF often overwhelm health systems®. An understanding of
the spatial-temporal pattern of DHF incidence would aid the

: b ATURE Vi 427 | 22 JARY 2 e 5 fnatar
©2004 Nature Publishing Group NATURE VOT 427 | 22 TANTARY 2004 | wyw.nature.com/nature



Wavelet Analysis

Sqri(Cases)
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Monthly DHF cases reported in the 76 provinces of Thailand
Focus on the incidence in Bangkok and the averaged incidence
for the rest of Thailand



Wavelet Coherency

Dengue in
Thailand and
ENSO
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Wavelet Clustering
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Wavelet Clustering

Cluster Dendrogram
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Wavelet Clustering

Rainfall Average temperature
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Partial Wavelet Coherency

SCIENCE ADVANCES | RESEARCH ARTICLE
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HEALTH AND MEDICINE

Disentangling local and global climate drivers in the
population dynamics of mosquito-borne infections

Bernard Cazelles'?, Kévin Cazelles**, Huaiyu Tian>, Mario Chavez®*, Mercedes Pascual’-3*

Identifying climate drivers is essential to understand and predict epidemics of mosquito-borne infections whose
population dynamics typically exhibit seasonality and multiannual cycles. Which climate covariates to consider
varies across studies, from local factors such as temperature to remote drivers such as the El Nino-Southern
Oscillation. With partial wavelet coherence, we present a systematic investigation of nonstationary associations
between mosquito-borne disease incidence and a given climate factor while controlling for another. Analysis of
almost 200 time series of dengue and malaria around the globe at different geographical scales shows a system-
atic effect of global climate drivers on interannual variability and of local ones on seasonality. This clear sepa-
ration of time scales of action enhances detection of climate drivers and indicates those best suited for building
early-warning systems.
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DPisentangling the local and global climatic

influences on dengue
Application to Dengue in Thailand
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1onarity 1n Statistical
Analysis

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

Application to Malaria

Surat (India): Malaria, Relative Humidity, SOI

Ahmedabad (India): Malaria, Temperature, MEI.
Hainan province: Malaria, Rainfall, ONI.
Hainan province: Malaria, Temperature, MEI.

Anhui : Malaria, Temperature, Nino34.
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Accounting for Non-Stationarity in Modeling

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

We have used:
State space models

(x; = g(t,x(t),0) + u,
Velxe = f(h(x(t)):%: 9) + U,

Parameters considered to be state variables
that follow a diffusion process

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




Accounting for Non-Stationarity In Modeling

State space models

(x, = g(t,x(t),0) + u,
Velxe = f(h(x(t)),yt, 9) + Uy

System process: an epidemiological model

Observational process: a probabilistic law

with an observation rate, p
Poisson
Negative Binomial
Normal




Accounting for Non-Stationarity in Modeling

State space models

(x; = g(t,x(t),0) + u

<

Velxe = f(h(x(t))»}’t» 9) + U,

Parameters considered to be state variables
that follow a diffusion process

db, = odB,
dlog(#)=0dB,
8t+1 = 91,‘ T OBt




Accounting for Non-Stationarity in Modeling

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

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

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)



A SIRS toy model
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Application to Dengue in Phnom Penh
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Application to Dengue in Phnom Penh
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Accounting for Non-Stationarity in Epidemmiology

Concluding remarks

It is important to take into account non-stationarity
when analyzing epidemiological datasets.

Wavelet analysis is one of the adapted statistical

approaches considering these features of epidemiological
time series

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

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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Lors de la crise sanitaire liée au SARS-CoV-2, nos sociétés ont
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Wavelet Analysis

Relation beween Bangkok
and the remaining os
Thailand

Signals

Importance
of non-
stationarity
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Whole Thailand: Dengue, Rainfall, SOI.

1990 2000 2010

Application to Dengue
In Thailand

Northern Thailand: Dengue, Temperature MEI.
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Southern Thailand: Dengue, Rainfall, SOI.
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onarity 1n Statistical

: | Analysis

BRI SRt Tea Plantation (AHP): Rainfall (Kaisugwr), ONI.
:l ‘.- 7]  Application to Malaria
e In Kenya and Ethiopia
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Normalized Signals
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Application to Dengue in Phnom Penh
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