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Abstract

Model-based epidemiological assessment is useful to support decision-making at the beginning of
an emerging Aedes-transmitted outbreak. However, early forecasts are generally unreliable as little
information is available in the �rst few incidence data points. Here, we show how past Aedes-
transmitted epidemics help improve these predictions. The approach was applied to the 2015-2017
Zika virus epidemics in three islands of the French West Indies, with historical data including other
Aedes-transmitted diseases (Chikungunya and Zika) in the same and other locations. Hierarchical
models were used to build informative a priori distributions on the reproduction ratio and the
reporting rates. The accuracy and sharpness of forecasts improved substantially when these a priori

distributions were used in models for prediction. For example, early forecasts of �nal epidemic size
obtained without historical information were 3.3 times too high on average (range: 0.2 to 5.8) with
respect to the eventual size, but were far closer (1.1 times the real value on average, range: 0.4 to
1.5) using information on past CHIKV epidemics in the same places. Likewise, the 97.5% upper
bound for maximal incidence was 15.3 times (range: 2.0 to 63.1) the actual peak incidence, and
became much sharper at 2.4 times (range: 1.3 to 3.9) the actual peak incidence with informative a
priori distributions. Improvements were more limited for the date of peak incidence and the total
duration of the epidemic. The framework can adapt to all forecasting models at the early stages of
emerging Aedes-transmitted outbreaks.

Introduction

Model-based assessments must be done in real time for emerging outbreaks: this was the case in
recent years for MERS-CoV in the Middle East [1, 2, 3], Ebola virus in West Africa[4, 5, 6, 7, 8, 9, 10],
chikungunya virus (CHIKV) [11] and Zika virus (ZIKV) [12, 13, 14] in the Americas. These analyses
often focused on transmissibility and reproduction numbers rather than on forecasting the future
impact of the epidemic. Indeed, forecasting is di�cult before the epidemic reaches its peak, all the
more when information on natural history, transmissibility and under-reporting is limited[15]. Yet,
it is precisely at the beginning of an outbreak that forecasts would help public health authorities
decide on the best strategies for control or mitigation.

Several methods have been used to make epidemic predictions, including exponential growth
models [5, 16], sigmoid-based extrapolations [17], SIR-type models [18] and more realistic model
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accounting for spatial and population structure [19]. But in addition to specifying a model, selecting
good parameter values is also essential to obtain good predictions. In models for directly transmitted
diseases, this can come from realistic demographic and behavioral characteristics, for example the
contact frequency between individuals [20], mobility patterns [21, 22, 23, 24], and from clinical and
epidemiological characteristics like the duration of the serial interval [25]. Such information is less
easily available and more limited for mosquito-transmitted diseases [26]. However, outbreaks of the
same disease or diseases with similar routes of transmission may have occurred in the same or similar
locations, so that relevant information may be recovered from the analysis of past outbreaks.

Here, we show that past outbreaks of Aedes-transmitted diseases can substantially improve the
epidemiological assessment of diseases transmitted by the same vector from early surveillance data.
We introduce a hierarchical statistical model to analyze and extract information from historical
data and obtain a priori distributions for required epidemiological parameters [27]. The method is
illustrated with ZIKV outbreaks in the French West Indies between December, 2015 and February,
2017, using historical data regarding CHIKV and ZIKV epidemics in French Polynesia and the
French West Indies between 2013 and early 2015. We assess the improvement in predictability
of several operational indicators using di�erent choices of a priori distribution and according to
epidemic progress.

Methods

Data

Surveillance data on the 2015-2017 ZIKV epidemics in Guadeloupe, Martinique and Saint-Martin
was collected by local sentinel networks of general practitioners and reported weekly by the local
health authorities (Fig. 1) [28]. Cases of ZIKV infection were de�ned as �a rash with or without
fever and at least two signs among conjunctivitis, arthralgia or edema". We obtained numbers
of suspected cases by week for each island, extrapolated from the number of active sentinel sites
(dataset D1). In the West Indies, local health authorities described the situation as �epidemic�
when incidence was larger than 1 per 2,000 population per week (i.e. 200 cases in Guadeloupe and
Martinique [29], and 20 cases in Saint-Martin). Following this description, we de�ned the �S�(-tart)
of the epidemic as the �rst week above this threshold, the �P �(-eak) date when incidence was the
highest, and the �E�(-nd) of the epidemic as the third consecutive week below the threshold (to
ascertain the downwards trend). The time interval from �S� to �E" corresponds to the period of
�high epidemic activity�.

We then analyzed historical data on the spread of emerging Aedes-transmitted diseases in similar
locations. CHIKV epidemics occured in the same three islands during 2013-2015. Both diseases
were transmitted by the same vector (Aedes aegypti), circulated in the same immunologically naive
populations within a period of two years, had the same kind of clinical signs (i.e., fever, rash
and arthralgia) and were reported by the same surveillance system. Surveillance data on CHIKV
epidemics in the French West Indies was available from local health authorities (dataset D2) [30].
Finally, we also selected the ZIKV and CHIKV epidemics that occured in six islands or archipelagoes
of French Polynesia between 2013 and 2017, as they provided information on the di�erences between
the two diseases. Surveillance data regarding the outbreaks in French Polynesia (dataset D3) was
collected following similar methods as in the French West Indies [31, 32].
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Epidemic model

The ZIKV outbreaks in Guadeloupe, Martinique and Saint-Martin were modelled separately using a
dynamic discrete-time SIR model within a Bayesian framework. Brie�y, the two main components of
the model were: (i) a mechanistic reconstruction of the distribution of the serial interval of the disease
(the time interval between disease onset in a primary case and a secondary case) that allows bypassing
vector compartments; (ii) a transmission model for the generation of observed secondary cases in
the human host. The generation time distribution was reconstructed by estimating the durations
of each part of the infection cycle using disease- and mosquito-speci�c data from the literature,
and assuming a �xed local temperature of 28◦C, as described in more detail in the supplementary
appendix. This led to gamma distributions with mean 2.5 weeks (standard deviation: 0.7) for ZIKV
and with mean 1.6 weeks (sd: 0.6) for CHIKV.

Then, we linked weekly observed incidence Ot,X to past incidence with:

Ot,X |O0,··· ,t−1,X ,R0,X , ρX , φX ∼ NB

(
R0,X

St,X
N

5∑
n=1

wt,X,nOt−n, φX

)
(1)

where subscript X refers to disease (X = C for CHIKV or X = Z for ZIKV), R0,X is the basic
reproduction number, N the population size, and St,X = N −

∑t−1
k=0Ok,X/ρX the number of indi-

viduals susceptible to infection at time t where ρX is the reporting rate. The term
∑5

n=1wt,X,nOt−n
accounts for exposure to infection at time t, where wk is the discretized serial interval distribution.
The variance is computed as the mean divided by the overdispersion parameter φX . The model
was implemented in Stan version 2.15.1 � R version 3.4.0 [33, 34, 35]. More details regarding the
epidemic model and the Stan code are available in the supplementary appendix.

Informative and non-informative prior distributions

To analyze Zika epidemics, the reproduction ratio R0,Z , the reporting rate ρZ and the overdispersion
parameter φZ must be estimated. For φZ , we used a non-informative prior in all cases [36]. For R0,Z

and ρZ , we designed three di�erent prior distributions, labelled as �non-informative� (NI), �regional�
(R), or �local� (L) and described below.

The NI prior distributions expressed vague characteristics of the parameters: R0,Z will be positive
and likely not greater than 20; and ρZ will range between 0 and 1.

The R and L priors were derived from the analysis of datasets D2 and D3 in three steps.
We �rst analysed jointly the three CHIKV epidemics in dataset D2 using model 1, introducing
a two-level hierarchical structure for the island-speci�c parameters: an island-speci�c reproduc-
tion number R0,C,i sampled from a top-level regional distribution N (µR0,C , σR0,C), and similarly
logit(ρC,i) ∼ N (µρC , σρC ) for the logit of the reporting rate. We obtained the posterior distributions
of these parameters for the CHIKV outbreaks in each island π(R0,C,i, ρC,i|D2), as well as that of
the hyperparameters π(µR0,C , σR0,C , µρ,C , σρ,C |D2).

We then analysed dataset D3 using the same hierarchical structure as above and introducing
relative transmissibility and reporting of ZIKV with respect to CHIKV as R0,Z = βR0R0,C and
ρZ = βρρC . We thus used French Polynesia data to estimate the relative transmissibility π(βR0 |D3)
and the relative reporting rate π(βρ|D3) of ZIKV with respect to CHIKV in the French West Indies.
In a third step, these posterior distributions were combined to obtain the R and L prior probability
distributions as described in Table 1.

The R and L priors di�ered in how much island-speci�c information they contained, the R priors
being altogether less informative than the L priors. More precisely, the L priors used the bottom
level in the hierarchical description, actually combining island-speci�c distributions for transmission
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Non-informative (NI) Regional (R) Local (L)

R0,Z,i Gamma(1, 0.2) π(βR0 |D3)× π(βR0 |D3)×∫
ϕ
(
R0,C−µR0,C

σR0,C

)
π(µR0,C , σR0,C |D2) dµdσ π(R0,C,i|D2)

ρZ,i Beta(1, 1) π(βρ|D3)× π(βρ|D3)×∫
ϕ
(
R0,C−µR0,C

σR0,C

)
π(µR0,C , σR0,C |D2) dµdσ π(ρC,i|D2)

φZ,i half-Cauchy(0, 2.5) half-Cauchy(0, 2.5) half-Cauchy(0, 2.5)

ϕ is the standard normal distribution pdf, i stands for the island .

Table 1. Prior distributions choice and design for modelling a Zika virus outbreak in the French
West Indies.

and reporting of CHIKV with relative ratios βR0 and βρ of ZIKV to CHIKV. The R priors, on
the contrary, were based on the top-level distributions in the hierarchical description, and can be
interpreted as providing information for a �typical" island of the French West Indies rather than for
a speci�c island.

Alternative prior distributions were considered in the sensitivity analysis and results are reported
in the supplementary appendix.

Fitting and predicting ZIKV epidemics

We �tted model 1 to ZIKV data separately in Martinique, Guadeloupe and Saint-Martin using the
K �rst weeks of data (varying K from 5 to the number of weeks in the epidemic) and each a priori

distribution (NI, R or L), to obtain posterior distributions for parameters R0,Z , ρZ and φZ for every
combination of island, K and choice of prior.

Then, using each set of posterior distributions, the epidemics were simulated forward from week
K +1 for two years using a stochastic version of the model described in equation 1. We used 16,000
replicates to compute the predictive distribution of the weekly number of future incident cases and a
trajectory-wise 95% prediction band [37]. Using these simulated trajectories, we also computed the
predictive distributions of four indicators of operational interest, for direct comparison with observed
values:

• the �nal epidemic size, de�ned as the average total incidence across all simulated trajectories;

• the peak incidence, de�ned as the maximal value of the upper bound of the trajectory-wise
95% prediction band, as it corresponds to the capacity needed to ensure continuity of care
[38];

• the date of peak incidence, de�ned as the average date of peak incidence across all trajectories;

• the epidemic duration, de�ned as the average duration between dates �S� and �E" across all
trajectories.

The predictive distributions were compared using two measures of forecasting quality: (i) accu-
racy, i.e. the root-mean-square di�erence between predicted and observed values, and (ii) sharpness,
i.e. the mean width of the 95% prediction band [39]. In order to improve clarity, these values were
multiplied by −1 so that a higher value means a better accuracy or sharpness.
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Results

ZIKV epidemics in the French West Indies

The timecourse of the ZIKV epidemics in Guadeloupe, Martinique and Saint-Martin between De-
cember, 2015 and February, 2017 di�ered markedly: the initial growth was early and sudden in
Martinique, while it was delayed in Guadeloupe and Saint-Martin, starting only after four months
of low-level transmission (Fig. 1). The epidemic showed a sharp peak in Guadeloupe, reaching a
maximal weekly incidence of 6.9 cases per 1,000 inhabitants 9 weeks after the start of the period of
high epidemic activity. In Martinique and Saint-Martin, weekly incidence reached a maximum of 4.8
cases per 1,000 inhabitants after a period of 10 and 21 weeks, respectively. Conversely, the period of
high epidemic activity was longer in Martinique and Saint-Martin (37 and 48 weeks, respectively),
than in Guadeloupe (27 weeks). In the end, a total of about 37,000 cases were observed in Mar-
tinique (97 cases per 1,000 inhabitants), more than in Saint-Martin (90 cases per 1,000 inhabitants)
and Guadeloupe (77 cases per 1,000 inhabitants).
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Fig 1. (A) Weekly number of Zika virus (ZIKV) cases reported by the surveillance systems in the
French West Indies during 2016-2017 (dataset D1). The dotted line shows the threshold de�ning
high epidemic activity, �S� and �E� mark the start and the end of the period of high epidemic
activity and �P � marks the date of peak incidence. (B-C) Weekly incidence (per 1,000 population)
during the epidemics of chikungunya virus (CHIKV) in the French West Indies in 2013-2015
(dataset D2) and of ZIKV then CHIKV in French Polynesia in 2013-2015 (dataset D3).

Prior information from past epidemics

The CHIKV epidemics observed in the same three islands of the French West Indies during 2013-2015
are shown in Fig. 1B, and the CHIKV and ZIKV epidemics observed in French Polynesia during
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2013-2015 in Fig. 1C. The a priori distributions on the reproduction ratio and reporting rates for the
ZIKV epidemics in the French West Indies de�ning the NI, R or L approaches are shown in Fig. 2.
The R priors were wide, with 95% credible intervals between 0.5 and 2.5 for R0,Z and between 0 and
0.30 for ρZ . On the contrary, the more speci�c L priors on R0,Z were highly concentrated around
1.5 in Guadeloupe and 1.3 in Martinique, and ranged between 1.0 and 1.8 in Saint-Martin. Likewise,
the island-speci�c priors on ρZ carried more information that their regional counterpart, peaking
around 0.19 in Guadeloupe, and covering wider intervals in Martinique (0.20-0.40) and Saint-Martin
(0.03-0.39).
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Fig 2. A priori distributions considered for the reporting rate ρZ (panel A) and the basic
reproduction number R0,Z (panel B) during the Zika virus epidemics in the French West Indies:
non-informative, regional and island-speci�c.

Epidemiological parameters and predictive distribution of future incidence

Fig. 3 shows the future course of the ZIKV epidemics predicted using data available two weeks
after date �S� in each island, for the three choices of prior distributions. At this week, predictions
with the NI priors were largely o�-target, overestimating the future magnitude of the epidemic in all
three islands. Using the R priors reduced the gap between forecasts and future observation. Major
improvements in both accuracy and sharpness were obtained only with L priors. These results were
typical of the initial phase of the epidemics, as shown in Fig. 4. Overall, the quality of the forecasts
improved as K increases in all three islands and also as prior distributions brought more speci�c
information. Results of the sensitivity analysis show that L priors de�ned here outperformed or
performed at least equivalently to the alternative priors de�nition tested (supplementary appendix).

The posterior distributions of the parameters built up di�erently as data accrued for R0,Z and
ρZ . For all three choices of prior distributions, the posterior distributions of R0,Z quickly overlaid
after a few points of incidence data were observed (Fig. 5A). In sharp contrast, the posterior
distributions of ρZ could remain a�ected by the choice of prior distributions (Fig. 5B). In Martinique
and Saint-Martin, ρZ remained essentially unidenti�ed with the NI priors for the entire duration of
the epidemic, with 95% credible intervals ranging approximately from 20 to 80%, even though the
posterior mean was close to the estimates obtained with the more informative priors (around 25%
at the end). Informative priors allowed for a more precise estimation of ρZ , and this remained the
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Fig 3. Predictive distribution of weekly incidence of Zika virus infections in Guadeloupe,
Martinique and Saint-Martin using on either non-informative (NI, panel A), informative regional
(R, panel B) or informative local (L, panel C) priors, and calibrated using data available up to the
vertical dashed line (here chosen two weeks after date �S�). Continuous lines correspond to mean
prediction of future incidence, dark and light grey areas to 50% and 95% prediction intervals,
respectively, and circles to observed incidence.

case over the whole course of the epidemics. In Guadeloupe, all posterior distributions for ρZ were
similar after the peak, irrespective of the choice of priors.

Operational indicators

The forecasts of the four indicators of operational interest produced before peak incidence were
contrasted. With NI priors, forecasts of total epidemic size overestimated the �nal counts by on
average 3.3 times (range: 0.2 to 5.8) (Fig. 6A), with substantial variations in the forecasts from one
week to the next. For instance in Martinique, projections varied from 105,000 total observed cases
(95% prediction interval [95%PI]: 5,300-340,000) on February 7th to 8,100 (95%PI: 5,700-13,700) on
February 14th. For the same indicator, forecasts using the R priors were only 1.7 times too high
(range: 0.4 to 3.3) and those produced using L priors were only 1.1 times too high (range: 0.4 to
1.5). As a comparison, with the L priors on February 7th, the forecast of epidemic size was 47,200
(95%PI: 20,900-71,100) in Martinique, much closer to the �nal count of 37,400 observed cases at the
end of the epidemic in this island.
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Fig 4. Accuracy (panel A, values closer to zero indicate better accuracy) and sharpness (panel B,
values closer to zero indicate better sharpness) of the predictive distribution of future incidence
based on epidemiological assessments conducted each week. Colours correspond to di�erent a
priori distributions on the parameters: non-informative priors or informative priors based on
historical data, either considered at the regional or the local level.

Similarly, forecasts of maximal weekly (observed) incidence produced before date �P" were gen-
erally too large when using NI priors, on average 15.3 times higher than the actual maximal weekly
incidence observed thereafter (range: 2.0 to 63.1) and with large �uctuations (Fig. 6B). Using in-
formative prior distributions improved the forecasts, reducing the maximum predicted incidence to
7.5 times higher (range: 3.0 to 25.5) with the R priors and 2.4 times higher (range: 1.3 to 3.9) with
the L priors. In all cases, forecasts of maximal incidence were never smaller than actual incidence.

Forecasting the dates of interest in the epidemics showed mixed results, with less di�erences
depending on the choice of priors. The forecasts of the date of peak incidence were too late by on
average 1.0 month (range: -3.4 to +3.9) using the NI priors, with large variations (Fig. 6C). Forecasts
were only slightly better with the R priors (+0.7 months, range: -2.1 to +2.8) and the L priors (+0.9
months, range: -1.1 to +3.2), but sharper. Better forecasts were obtained for Martinique than for
the other islands.

The forecasts of the total duration of the period of high epidemic activity were overestimated
by a factor 1.3 (range: 0.1 to 2.6) with NI priors, again with high variability from week to week
(Fig. 6D). Informative priors brought a small improvement, in particular regarding the stability of
the forecasts over time, overestimating the actual duration by a factor 1.2 (range: 0.7 to 2.0) with
R priors and by a factor 1.1 (range: 0.9 to 1.7) with L priors.
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Fig 5. Posterior distributions (mean and 95% credible intervals) of the basic reproduction number
R0,Z (panel A) and the reporting rate ρZ (panel B) throughout the ZIKV epidemics of the French
West Indies. Colours correspond to di�erent a priori distributions on the parameters:
non-informative priors or informative priors based on historical data considered either at the
regional or the local level.

Discussion

Obtaining reliable model-based forecasts in real time at the beginning of an epidemic is a di�cult
endeavour. It is however precisely during these periods that forecasts may have the most impact to
guide interventions. Here, we compared several approaches to provide forecasts for ZIKV epidemics
from an early point in a retrospective analysis of the outbreaks that occurred in the French West
Indies in 2015-2017. We found that the accuracy and sharpness of the forecasts before peak incidence
were substantially improved when a priori information based on historical data on past epidemics
was used.

The three ZIKV outbreaks in the French West Indies provided an ideal situation to look for ways
to improve prediction of Aedes-transmitted diseases using historical data. Indeed, CHIKV outbreaks
had been observed in the same locations about two years before ZIKV, CHIKV is also transmitted by
Aedes mosquitoes, and both viruses spread in a region where the populations were immunologically
naive at �rst. Furthermore, all epidemics were observed by the same routinely operating GP-based
surveillance networks, and the three locations bene�t from a mature public health system, with
easy access to medical consultation and individual means of protection. Last, pest control is done in
routine, with additional intervention showing limited e�cacy in this context [40, 41]. This motivated
our decision to use constant parameters for transmsission and reporting over time in the modelling.

Having established the many similarities between ZIKV and CHIKV epidemics regarding trans-
mission and reporting, we assumed that information could be transported (as de�ned in [42]) between
diseases and between places. Bayesian approaches allow such transportation using informative a pri-
ori distributions on model parameters [27]. Historical data on CHIKV epidemics was therefore used
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to build informative a priori distributions on the two key parameters R0,Z and ρZ . Hierarchical
models are particularly adapted to this task, as they naturally pool information among several
past epidemics and capture both within- and between-location variability [43]. We used separate
hierarchical models to obtain information about (i) transmissibility and reporting during CHIKV
outbreaks in the French West Indies and (ii) relative transmissibility and reporting between ZIKV
and CHIKV in French Polynesia, rather than from a global joint model (as in [44]). This choice was
made to show that prior information can be combined from separate sources in a modular way. We
�nally considered two versions of informative priors to capture di�erent degrees of knowledge. The
�(L)ocal� priors corresponded with estimates for the previous CHIKV epidemic in the same island,
therefore including island-speci�c epidemic drivers, such as population structure and distribution,
socio-economic circumstances and environmental conditions. On the other hand, the �(R)egional�
priors encompassed the diversity of past observations within the region, making priors valid for a
typical island of the West Indies, especially when no other epidemic has been observed previously.

Analyses conducted at the early stage of an epidemic using non-informative a priori distributions
� as is often done � led to poor forecasts before the peak of incidence was reached, an observation
already made in other studies [45]. Indeed, early forecasts of epidemic size were largely o�-target
and unstable, varying between 0.2 and 5.8 times the eventually observed total incidence. Worst
case projections on maximal incidence were very imprecise, ranging between 2 and 63 times the
eventually reached maximal weekly incidence. Using historical data led to a substantial increase of
the quality of these forecasts from the very early stages of the epidemics. Using �local� priors, the
ratio between forecasts and reality ranged between 0.4 and 1.5 for epidemic size and between 1.3
and 3.9 for maximal incidence. The less speci�c �regional� priors increased accuracy and sharpness
as well, though to a lesser extent. However, the date of peak incidence and the date of the end of
the period of high epidemic activity were only slightly improved by integrating historical data.

The posterior distributions of all forecasted quantities changed as more data was included (Fig.
4). The posterior estimates of R0,Z were quickly similar and in good agreement with prior infor-
mation. On the contrary, the reporting rate ρZ remained essentially unidenti�able until after the
incidence peak in Guadeloupe, and to the end of the outbreak in Martinique and Saint-Martin. This
suggests that prior information is essentially required for the reporting rate, a di�cult to estimate
quantity as already noted [15]. Sensitivity analysis support this result. Indeed, providing informa-
tive prior on ρZ only leads to similar results as providing it for both ρZ and R0,Z (supplementary
appendix).

Predicting the future course of epidemics from an early point is increasingly seen as a problem of
interest [46, 9, 8], and forecasting challenges have been set up for in�uenza [47], for Ebola [45] and
for chikungunya [48]. Comparing and systematically evaluating models' forecasting performances
is still at the beginning. As of now, comparisons targeted the merits of di�erent models including
exponential growth models, sigmoid models, or mechanistic epidemic models [45]. Our work provides
a complementary approach where information from past epidemics is combined using hierarchical
models to inform on parameter ranges, thus increasing the reliability of early forecasts. It was
applied here to a dynamic discrete-time SIR model that for its parsimony is well-adapted to real-time
forecasting. Complex mechanistic models can provide a more realistic description of the epidemic,
accounting, for instance, for heterogenous spatial distribution of individuals and mobility coupling �
a relevant ingredient for describing epidemics in more extended spatial areas �, or vector population
dynamics and its mixing with humans. Our framework could in principle be adapted to these more
sophisticated models.

Only recently have hierarchical models been used for modelling multiple epidemics, for instance
with the joint analysis of six smallpox epidemics [49], for transmissibility and duration of carriage
in the analysis of multistrain pneumococcus carriage [50], or for forecasting seasonal in�uenza [51].
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Other modelling papers speci�cally attempted to take advantage of the similarities between di�erent
Aedes-transmitted diseases, e.g., by estimating the risk of acquiring chikungunya from the prevalence
of dengue [52] or by assesssing the spatio-temporal coherence of chikungunya, Zika and dengue [53].
Also, using informative priors to make up for the lack of information during the early stages of
an epidemic has been done before. For instance, a priori information from the ZIKV epidemics in
French Polynesia has been used to support the early forecasts of health-care requirements for the
ZIKV epidemic in Martinique [38]. In this case, however, authors concluded that a prior built from
an epidemic in a di�erent location resulted in inaccurate predictions at the early stage. We found a
similar result in a sensitivity analysis: the direct use of information from ZIKV in French Polynesia,
or alternatively the direct use of information from CHIKV in the French West Indies, without
adjusting for ZIKV, leads to poor overall forecasting quality compared to the L prior considered
here (supplementary appendix).

This shows that the choice of appropriate historical data is the cornerstone of any such attempt.
Yet little is known regarding the comparative epidemiology of diseases in the same or similar places
and on the condition where transportability can be assumed. For in�uenza, it has been reported
that the reproduction ratios in two successive �u pandemics (1889 and 1918) showed substantial
correlation (r = 0.62) in the same US cities, even years apart [54]. For Aedes-transmitted diseases,
comparisons of ZIKV and dengue virus outbreaks [55] and of ZIKV with CHIKV outbreaks [44]
in the same locations have highlighted similarities in the epidemic dynamics. In any case, careful
consideration of all the factors that may in�uence transmission and reporting is needed. For example,
contrary to CHIKV, some cases of sexual transmission have been reported for ZIKV [56, 57]. Yet, no
epidemics were seen in locations without enough Aedes mosquitoes, as for example in metropolitan
France, despite the introductions of several hundreds ZIKV infected cases [58]. This justi�es the use
of CHIKV epidemic data to provide prior information on ZIKV in the epidemic context considered
here. More generally, documenting, analyzing and comparing more systematically past epidemics
[59] is necessary to provide the data required to derive prior information. In particular, informed
with epidemiological records of the recent CHIKV and ZIKV epidemics, our approach could be
applied to potential future emergences of other Aedes-transmitted diseases such as Mayaro virus
[60], Ross River virus [61] or Usutu virus [62] once transportability is deemed plausible.

Supporting information

Supplementary appendix. Detailed description of the models (including Stan code), additional
results and sensitivity analyses.

Animated �g. S1: Forecasted mean weekly number of clinical cases from analyses conducted at
every point of the epidemics (animated GIF �le).

Dataset D1: Weekly number of reported cases of Zika virus infection in the French West Indies
(2015-2017).

Dataset D2: Weekly number of reported cases of chikungunya virus infection in the French West
Indies (2013-2015).

Dataset D3: Weekly number of reported cases of Zika virus and chikungunya virus infection in
French Polynesia (2013-2015).

11

.CC-BY-NC 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted April 16, 2018. ; https://doi.org/10.1101/300954doi: bioRxiv preprint 

https://doi.org/10.1101/300954
http://creativecommons.org/licenses/by-nc/4.0/


Acknowledgments

We thank both the CIRE Antilles-Guyane and the Centre d'Hygiène et de Salubrité Publique de

Polynésie française for collecting the data and making it publicly available.

References

[1] Romulus Breban, Julien Riou, and Arnaud Fontanet. Interhuman transmissibility of middle east
respiratory syndrome coronavirus: estimation of pandemic risk. The Lancet, 382(9893):694�699,
2013.

[2] C Poletto, C Pelat, D Lévy-Bruhl, Y Yazdanpanah, P Boëlle, and V Colizza. Assessment
of the Middle East respiratory syndrome coronavirus (MERS-CoV) epidemic in the Middle
East and risk of international spread using a novel maximum likelihood analysis approach.
Eurosurveillance, 19(23):20824, June 2014.

[3] Simon Cauchemez, Christophe Fraser, Maria D Van Kerkhove, Christl A Donnelly, Steven
Riley, Andrew Rambaut, Vincent Enouf, Sylvie van der Werf, and Neil M Ferguson. Middle
east respiratory syndrome coronavirus: quanti�cation of the extent of the epidemic, surveillance
biases, and transmissibility. The Lancet infectious diseases, 14(1):50�56, 2014.

[4] WHO Ebola Response Team. Ebola virus disease in west africa�the �rst 9 months of the
epidemic and forward projections. N Engl J Med, 371(16):1481�1495, 2014.

[5] Christian L Althaus. Estimating the reproduction number of ebola virus (ebov) during the 2014
outbreak in west africa. PLoS currents, 6, 2014.

[6] Anton Camacho, Adam Kucharski, Yvonne Aki-Sawyerr, Mark A White, Stefan Flasche, Marc
Baguelin, Timothy Pollington, Julia R Carney, Rebecca Glover, Elizabeth Smout, et al. Tem-
poral changes in ebola transmission in sierra leone and implications for control requirements: a
real-time modelling study. PLoS currents, 7, 2015.

[7] Joseph A. Lewnard, Martial L. Nde�o Mbah, Jorge A. Alfaro-Murillo, Frederick L. Altice,
Luke Bawo, Tolbert G. Nyenswah, and Alison P. Galvani. Dynamics and control of Ebola
virus transmission in Montserrado, Liberia: a mathematical modelling analysis. The Lancet

Infectious Diseases, 14(12):1189�1195, December 2014.

[8] Gerardo Chowell, Cécile Viboud, Lone Simonsen, Stefano Merler, and Alessandro Vespignani.
Perspectives on model forecasts of the 2014�2015 Ebola epidemic in West Africa: lessons and
the way forward. BMC Medicine, 15:42, March 2017.

[9] Jean-Paul Chretien, Steven Riley, and Dylan B. George. Mathematical modeling of the West
Africa Ebola epidemic. eLife, 4:e09186, December 2015.

[10] Marcelo F. C. Gomes, Ana Pastore y Piontti, Luca Rossi, Dennis Chao, Ira Longini, M. Eliza-
beth Halloran, and Alessandro Vespignani. Assessing the International Spreading Risk Associ-
ated with the 2014 West African Ebola Outbreak. PLoS Currents, 6, 2014.

[11] S Cauchemez, M Ledrans, C Poletto, P Quenel, H De Valk, V Colizza, and PY Boëlle. Local
and regional spread of chikungunya fever in the americas. Eurosurveillance, 19(28):20854, 2014.

12

.CC-BY-NC 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted April 16, 2018. ; https://doi.org/10.1101/300954doi: bioRxiv preprint 

https://doi.org/10.1101/300954
http://creativecommons.org/licenses/by-nc/4.0/


[12] Alex T. Perkins, Amir S. Siraj, Corrine W. Ruktanonchai, Moritz U. G. Kraemer, and Andrew J.
Tatem. Model-based projections of Zika virus infections in childbearing women in the Americas.
Nature Microbiology, 1:16126, July 2016.

[13] Qian Zhang, Kaiyuan Sun, Matteo Chinazzi, Ana Pastore y Piontti, Natalie E. Dean, Di-
ana Patricia Rojas, Stefano Merler, Dina Mistry, Piero Poletti, Luca Rossi, Margaret Bray,
M. Elizabeth Halloran, Ira M. Longini, and Alessandro Vespignani. Spread of Zika virus in the
Americas. Proceedings of the National Academy of Sciences, 114(22):E4334�E4343, May 2017.

[14] Hiroshi Nishiura, Kenji Mizumoto, Wilmer E Villamil-Gómez, and Alfonso J Rodríguez-
Morales. Preliminary estimation of the basic reproduction number of zika virus infection during
colombia epidemic, 2015�2016. Travel medicine and infectious disease, 14(3):274�276, 2016.

[15] Hans Heesterbeek, Roy M Anderson, Viggo Andreasen, Shweta Bansal, Daniela De Angelis,
Chris Dye, Ken TD Eames, W John Edmunds, Simon DW Frost, Sebastian Funk, et al.
Modeling infectious disease dynamics in the complex landscape of global health. Science,
347(6227):aaa4339, 2015.

[16] Martin I. Meltzer. Modeling in Real Time During the Ebola Response. MMWR Supplements,
65(Suppl-3):85�89, 2016.

[17] YH Hsieh and YS Cheng. Real-time forecast of multiphase outbreak. Emerg Infect Dis,
12(1):122�127, 2006.

[18] Gerardo Chowell, Lisa Sattenspiel, Shweta Bansal, and Cécile Viboud. Mathematical models
to characterize early epidemic growth: A review. Physics of Life Reviews, 18:66�97, 2016.

[19] Lander Willem, Frederik Verelst, Joke Bilcke, Niel Hens, and Philippe Beutels. Lessons from
a decade of individual-based models for infectious disease transmission: a systematic review
(2006-2015). BMC Infectious Diseases, 17:612, September 2017.

[20] Joël Mossong, Niel Hens, Mark Jit, Philippe Beutels, Kari Auranen, Rafael Mikolajczyk, Marco
Massari, Stefania Salmaso, Gianpaolo Scalia Tomba, Jacco Wallinga, et al. Social contacts and
mixing patterns relevant to the spread of infectious diseases. PLoS Med, 5(3):e74, 2008.

[21] Duygu Balcan, Vittoria Colizza, Bruno Gonçalves, Hao Hu, José J. Ramasco, and Alessandro
Vespignani. Multiscale mobility networks and the spatial spreading of infectious diseases. Pro-
ceedings of the National Academy of Sciences of the United States of America, 106(51):21484�
21489, December 2009.

[22] Michele Tizzoni, Paolo Bajardi, Chiara Poletto, José J. Ramasco, Duygu Balcan, Bruno
Gonçalves, Nicola Perra, Vittoria Colizza, and Alessandro Vespignani. Real-time numerical fore-
cast of global epidemic spreading: case study of 2009 A/H1n1pdm. BMC Medicine, 10(1):165,
December 2012.

[23] Amy Wesolowski, Elisabeth zu Erbach-Schoenberg, Andrew J. Tatem, Christopher Lourenço,
Cecile Viboud, Vivek Charu, Nathan Eagle, Kenth Engø-Monsen, Taimur Qureshi, Caroline O.
Buckee, and C. J. E. Metcalf. Multinational patterns of seasonal asymmetry in human movement
in�uence infectious disease dynamics. Nature Communications, 8(1):2069, December 2017.

[24] Vivek Charu, Scott Zeger, Julia Gog, Ottar N. Bjørnstad, Stephen Kissler, Lone Simonsen,
Bryan T. Grenfell, and Cécile Viboud. Human mobility and the spatial transmission of in�uenza
in the United States. PLOS Computational Biology, 13(2):e1005382, February 2017.

13

.CC-BY-NC 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted April 16, 2018. ; https://doi.org/10.1101/300954doi: bioRxiv preprint 

https://doi.org/10.1101/300954
http://creativecommons.org/licenses/by-nc/4.0/


[25] M. A. Vink, M. C. Bootsma, and J. Wallinga. Serial intervals of respiratory infectious diseases:
a systematic review and analysis. Am. J. Epidemiol., 180(9):865�875, Nov 2014.

[26] Justin T Lessler, Cassandara T Ott, Andrea C Carcelen, Jacob M Koniko�, Joe Williamson,
Qifang Bi, Lauren M Kucirka, Derek AT Cummings, Nicholas G Reichd, and Lelia H Chaissona.
Times to key events in the course of zika infection and their implications: a systematic review
and pooled analysis. Bull World Health Organ, 94(11):841�849, 2016.

[27] Andrew Gelman, John B Carlin, Hal S Stern, and Donald B Rubin. Bayesian data analysis,
volume 2. Chapman & Hall/CRC Boca Raton, FL, USA, 2014.

[28] CIRE Antilles Guyane. Point épidémiologique n◦2, jan 2017.

[29] Martine Ledrans, Lorenzo Subissi, Sylvie Cassadou, Yvette Adelaide, Lydéric Aubert, Marie
Barrau, and et al. Dynamique et ampleur des épidémies de zika en martinique et en guadeloupe
de décembre 2015 à septembre 2016. Bulletin de Veille Sanitaire Antilles-Guyane, 4:23�28, dec
2016.

[30] CIRE Antilles Guyane. Point épidémiologique n ◦2, 3 2015.

[31] Direction de la santé, Bureau de veille sanitaire. Surveillance et veille sanitaire en Polynésie
Française, March 2015.

[32] Centre d'hygiène et de salubrité publique de Polynésie française. Surveillance de la dengue et
du zika en Polynésie française, March 2014.

[33] Bob Carpenter, Andrew Gelman, Matt Ho�man, Daniel Lee, Ben Goodrich, Michael Betan-
court, Marcus A Brubaker, Jiqiang Guo, Peter Li, and Allen Riddell. Stan: a probabilistic
programming language. Journal of Statistical Software, 2015.

[34] Stan Development Team. RStan: the R interface to Stan, 2016. R package version 2.14.1.

[35] R Core Team. R: A Language and Environment for Statistical Computing. R Foundation for
Statistical Computing, Vienna, Austria, 2017.

[36] Andrew Gelman, Aleks Jakulin, Maria Grazia Pittau, and Yu-Sung Su. A weakly informa-
tive default prior distribution for logistic and other regression models. The Annals of Applied

Statistics, 2(4):1360�1383, 2008.

[37] Dag Kolsrud. Time-simultaneous prediction band for a time series. Journal of Forecasting,
26(3):171�188, 2007.

[38] Alessio Andronico, Frédérique Dorléans, Jean-Louis Fergé, Henrik Salje, Frédéric Ghawché,
Aissatou Signate, Elise Daudens-Vaysse, Laure Baudouin, Timothée Dub, Maite Aubry, et al.
Real-time assessment of health-care requirements during the zika virus epidemic in martinique.
American journal of epidemiology, 186(10):1194�1203, 2017.

[39] Tilmann Gneiting, Fadoua Balabdaoui, and Adrian E Raftery. Probabilistic forecasts, calibra-
tion and sharpness. Journal of the Royal Statistical Society: Series B (Statistical Methodology),
69(2):243�268, 2007.

[40] Neil M Ferguson, Zulma M Cucunubá, Ilaria Dorigatti, Gemma L Nedjati-Gilani, Christl A
Donnelly, Maria-Gloria Basáñez, Pierre Nouvellet, and Justin Lessler. Countering the zika
epidemic in latin america. Science, 353(6297):353�354, 2016.

14

.CC-BY-NC 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted April 16, 2018. ; https://doi.org/10.1101/300954doi: bioRxiv preprint 

https://doi.org/10.1101/300954
http://creativecommons.org/licenses/by-nc/4.0/


[41] S Marcombe, F Darriet, M Tolosa, P Agnew, S Duchon, M Etienne, MM Yp Tcha, F Chandre,
V Corbel, and A Yébakima. Pyrethroid resistance reduces the e�cacy of space sprays for
dengue control on the island of martinique (caribbean). PLoS Negl Trop Dis, 5(6):e1202, 2011.

[42] Judea Pearl and Elias Bareinboim. External validity: From do-calculus to transportability
across populations. Statistical Science, 29(4):579�595, 2014.

[43] A Gelman. Multilevel (hierarchical) modelling: What it can and cannot do. Technometrics,
48(3):432�435, 2006.

[44] Julien Riou, Chiara Poletto, and Pierre-Yves Boëlle. A comparative analysis of chikungunya
and zika transmission. Epidemics, 19:43�52, 2017.

[45] Cécile Viboud, Kaiyuan Sun, Robert Ga�ey, Marco Ajelli, Laura Fumanelli, Stefano Merler,
Qian Zhang, Gerardo Chowell, Lone Simonsen, Alessandro Vespignani, et al. The rapidd ebola
forecasting challenge: Synthesis and lessons learnt. Epidemics, (in press), 2017.

[46] Gerardo Chowell, Doracelly Hincapie-Palacio, Juan Ospina, Bruce Pell, Amna Tariq, Sushma
Dahal, Seyed Moghadas, Alexandra Smirnova, Lone Simonsen, and Cécile Viboud. Using Phe-
nomenological Models to Characterize Transmissibility and Forecast Patterns and Final Burden
of Zika Epidemics. PLoS Currents, 8, 2016.

[47] CDC. New Flu Activity Forecasts Available for 2016-17 Season; CDC Names Most Accurate
Forecaster for 2015-16, 2016. Accessed: 2017-12-14.

[48] DARPA. Forecasting Chikungunya Challenge, Challenge Description on InnoCentive Site, 2014.
Accessed: 2017-12-14.

[49] Bret D Elderd, Greg Dwyer, and Vanja Dukic. Population-level di�erences in disease transmis-
sion: A bayesian analysis of multiple smallpox epidemics. Epidemics, 5(3):146�156, 2013.

[50] Simon Cauchemez, Laura Temime, Didier Guillemot, Emmanuelle Varon, Alain-Jacques
Valleron, Guy Thomas, and Pierre-Yves Boëlle. Investigating heterogeneity in pneumococ-
cal transmission: a bayesian mcmc approach applied to a follow-up of schools. Journal of the
American Statistical Association, 101(475):946�958, 2006.

[51] Dave Osthus, James Gattiker, Reid Priedhorsky, and Sara Y Del Valle. Dynamic bayesian
in�uenza forecasting in the united states with hierarchical discrepancy. arXiv preprint

arXiv:1708.09481, 2017.

[52] Eduardo Massad, Stefan Ma, Marcelo Nascimento Burattini, Ye Tun, Francisco Antonio Bezerra
Coutinho, and Li Wei Ang. The risk of chikungunya fever in a dengue-endemic area. Journal
of travel medicine, 15(3):147�155, 2008.

[53] Donal Bisanzio, Felipe Dzul-Manzanilla, Hector Gomez-Dantés, Norma Pavia-Ruz, Thomas J
Hladish, Audrey Lenhart, Jorge Palacio-Vargas, Jesus F González Roldan, Fabian Correa-
Morales, Gustavo Sánchez-Tejeda, et al. Spatio-temporal coherence of dengue, chikungunya
and zika outbreaks in merida, mexico. PLoS neglected tropical diseases, 12(3):e0006298, 2018.

[54] Alain-Jacques Valleron, Anne Cori, Sophie Valtat, So�a Meurisse, Fabrice Carrat, and Pierre-
Yves Boëlle. Transmissibility and geographic spread of the 1889 in�uenza pandemic. Proceedings
of the National Academy of Sciences, 107(19):8778�8781, 2010.

15

.CC-BY-NC 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted April 16, 2018. ; https://doi.org/10.1101/300954doi: bioRxiv preprint 

https://doi.org/10.1101/300954
http://creativecommons.org/licenses/by-nc/4.0/


[55] Sebastian Funk, Adam J Kucharski, Anton Camacho, Rosalind M Eggo, Laith Yakob, and
W John Edmunds. Comparative analysis of dengue and zika outbreaks reveals di�erences by
setting and virus. PLoS Negl Trop Dis, 10(2):e0005173, 2016.

[56] Christian L. Althaus and Nicola Low. How Relevant Is Sexual Transmission of Zika Virus?
PLOS Medicine, 13(10):e1002157, October 2016.

[57] Antoine Allard, Benjamin M. Althouse, Laurent Hébert-Dufresne, and Samuel V. Scarpino.
The risk of sustained sexual transmission of Zika is underestimated. PLOS Pathogens,
13(9):e1006633, September 2017.

[58] A. Septfons, I. Leparc-Go�art, E. Couturier, F. Franke, J. Deniau, A. Balestier, A. Guinard,
G. Heuzé, A. H. Liebert, A. Mailles, J. R. Ndong, I. Poujol, S. Raguet, C. Rousseau, A. Saidouni-
Oulebsir, C. Six, M. Subiros, V. Servas, E. Terrien, H. Tillaut, D. Viriot, M. Watrin, K. Wyndels,
and the Zika Surveillance Working Group in French departments and collectivities of the Amer-
icas. Travel-associated and autochthonous Zika virus infection in mainland France, 1 January
to 15 July 2016. Eurosurveillance, 21(32):30315, August 2016.

[59] Willem G. van Panhuis, John Grefenstette, Su Yon Jung, Nian Shong Chok, Anne Cross,
Heather Eng, Bruce Y. Lee, Vladimir Zadorozhny, Shawn Brown, Derek Cummings, , and
Donald S. Burke. Contagious diseases in the united states from 1888 to the present. N Engl J

Med, 369(22):2152�2158, 2013.

[60] Kanya C Long, Sarah A Ziegler, Saravanan Thangamani, Nicole L Hausser, Tadeusz J Kochel,
Stephen Higgs, and Robert B Tesh. Experimental transmission of mayaro virus by aedes aegypti.
The American journal of tropical medicine and hygiene, 85(4):750�757, 2011.

[61] David Harley, Adrian Sleigh, and Scott Ritchie. Ross river virus transmission, infection, and
disease: a cross-disciplinary review. Clinical microbiology reviews, 14(4):909�932, 2001.

[62] Mattia Calzolari, Paolo Gaibani, Romeo Bellini, Francesco De�lippo, Anna Pierro, Alessandro
Albieri, Giulia Maioli, Andrea Luppi, Giada Rossini, Agnese Balzani, et al. Mosquito, bird
and human surveillance of west nile and usutu viruses in emilia-romagna region (italy) in 2010.
PLoS One, 7(5):e38058, 2012.

16

.CC-BY-NC 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted April 16, 2018. ; https://doi.org/10.1101/300954doi: bioRxiv preprint 

https://doi.org/10.1101/300954
http://creativecommons.org/licenses/by-nc/4.0/


S P S P S P

Guadeloupe Martinique Saint−Martin

Feb.
2016

March Feb.
2016

March April May June Feb.
2016

March April May June July Aug.
0K

5K

10K

15K

20K

0K

50K

100K

150K

200K

0K

50K

100K

150K

200K

Date of assessment

To
ta

l e
pi

de
m

ic
 s

iz
e

(N
)

A

S P S P S P

Guadeloupe Martinique Saint−Martin

Feb.
2016

March Feb.
2016

March April May June Feb.
2016

March April May June July Aug.
0K

2.5K

5K

7.5K

10K

0K

25K

50K

75K

100K

0K

25K

50K

75K

100K

Date of assessment

M
ax

im
al

 w
ee

kl
y

in
ci

de
nc

e 
(N

)

B

S P S P S P

Guadeloupe Martinique Saint−Martin

Feb.
2016

March Feb.
2016

March April May June Feb.
2016

March April May June July Aug.

−2

0

2

4

6

−2

0

2

4

6

−2

0

2

4

6

Date of assessment

P
ea

k 
da

te
 d

iff
er

en
ce

(m
on

th
s)

C

S P S P S P

Guadeloupe Martinique Saint−Martin

Feb.
2016

March Feb.
2016

March April May June Feb.
2016

March April May June July Aug.
0

6

12

18

0

6

12

18

0

6

12

18

Date of assessment

E
pi

de
m

ic
 d

ur
at

io
n

(m
on

th
s)

D

Choice of prior:	 Non−informative	 Regional	 Local	

Fig 6. Early forecasts regarding four indicators of operational interest: (A) �nal epidemic size
(total observed cases); (B) maximal weekly observed incidence; (C) date of peak incidence
(di�erence with the date observed thereafter, in months); and (D) duration of the period of high
epidemic activity (from date “S� to date �E�, in months). The dashed lines represent the values
observed after the end of the epidemic. Colours correspond to di�erent a priori distributions on
the parameters: non-informative priors or informative priors based on historical data, either
considered at the regional or the local level.
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