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Abstract 

Background: Subnational heterogeneity in immunity to measles can create pockets of susceptibility and result in 
long-lasting outbreaks despite high levels of national vaccine coverage. The elimination status defined by the World 
Health Organization aims to identify countries where the virus is no longer circulating and can be verified after 36 
months of interrupted transmission. However, since 2018, numerous countries have lost their elimination status soon 
after reaching it, showing that the indicators defining elimination may not be associated with lower risks of outbreaks.

Methods: We quantified the impact of local vaccine coverage and recent levels of incidence on the dynamics of 
measles in each French department between 2009 and 2018, using mathematical models based on the “Endemic-
Epidemic” regression framework. After fitting the models using daily case counts, we simulated the effect of variations 
in the vaccine coverage and recent incidence on future transmission.

Results: High values of local vaccine coverage were associated with fewer imported cases and lower risks of local 
transmissions, but regions that had recently reported high levels of incidence were also at a lower risk of local trans-
mission. This may be due to additional immunity accumulated during recent outbreaks. Therefore, the risk of local 
transmission was not lower in areas fulfilling the elimination criteria. A decrease of 3% in the 3-year average vaccine 
uptake led to a fivefold increase in the average annual number of cases in simulated outbreaks.

Conclusions: Local vaccine uptake was a reliable indicator of the intensity of transmission in France, even if it only 
describes yearly coverage in a given age group, and ignores population movements. Therefore, spatiotemporal vari-
ations in vaccine coverage, caused by disruptions in routine immunisation programmes, or lower trust in vaccines, 
can lead to large increases in both local and cross-regional transmission. The incidence indicator used to define the 
elimination status was not associated with a lower number of local transmissions in France, and may not illustrate the 
risks of imminent outbreaks. More detailed models of local immunity levels or subnational seroprevalence studies 
may yield better estimates of local risk of measles outbreaks.
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Background
Immunity against infectious diseases accumulates fol-
lowing infection and, if a vaccine is available, routine 
immunisation programmes and vaccination campaigns. 
Measles is highly infectious and can cause large outbreaks 
in populations with low immunity [1, 2]. Therefore, high 
levels of vaccine coverage are required to minimise the 
risks of outbreaks [3]. Furthermore, vaccine uptake must 
be homogeneously high across the territory to avoid local 
transmission sustained by regional discrepancies [4, 5]. 
The large-scale implementation of routine immunisation 
programmes led to a drastic reduction in measles cases 
worldwide, and measles was targeted for elimination in 
five World Health Organization (WHO) Regions by 2020 
under the Global Vaccine Action Plan 2011–2020 [6].

Elimination status, as defined by the WHO, refers to 
“the absence of endemic measles transmission for  more 
than 12 months in the presence of a well-performing 
surveillance system” in a given country or region and is 
verified “after 36 months of interrupted endemic mea-
sles virus transmission” [7]. Although imported cases, 
or cases directly related to importations could still be 
expected, there should be no continuous transmission 
persisting over a long period of time in a region where 
measles was eliminated. A given WHO region can 
declare measles eliminated when all countries in the 
region document interruption of endemic transmission 
for more than 36 months.

Recently, several countries had their elimination status 
revoked following large outbreaks less than 5 years after 
it was verified. For instance, the UK achieved elimination 
in 2017, and lost the status in 2019 along with Albania, 
Czechia, Greece, Venezuela, and Brazil [8, 9]. In these 
countries, interruption of transmission during a few 
years was not indicative of reduced risks of major out-
breaks. Such occurrences can be explained by several fac-
tors, such as a replenishment of susceptible individuals 
after years without transmission, or importations of cases 
into subnational areas with lower levels of immunity 
caused by heterogeneity in vaccine coverage [10–13]. The 
number and geographical distribution of the susceptible 
individuals is not routinely monitored in most countries 
given the perceived cost and logistical challenges of large 
serological surveys, yet it is a main predictor of outbreak 
risk [3]. Local values of vaccine coverage can be an alter-
native measure of heterogeneity, but they are not always 
available and can be outdated because of the mobility 
between regions. Furthermore, they only describe vac-
cine-induced immunity, and therefore ignore the immu-
nity caused by previous outbreaks. In this study, we aim 
to (i) estimate the impact of recent local transmission and 
local vaccine coverage on the current risk of outbreaks, 
and the changes in transmission dynamics that would 

result from variations in these factors, and (ii) identify 
areas most at risk for local transmission using France as 
a case study.

To do so, we implemented an Endemic-Epidemic time-
series model using hhh4, a framework developed by 
Held, Höhle and Hofmann to study the separate impact 
of covariates on importation, cross-regional transmis-
sion and local transmissions on aggregated case counts 
[14, 15]. We adapted this framework to daily case counts 
and applied it to the daily number of measles cases per 
department (NUTS3 levels) in France reported to the 
European Center for Disease Prevention and Control 
(ECDC) between January 2009 and December 2018. 
We computed the average values of vaccine uptake and 
the number of cases per department in the past 3 years 
to mimic the timeframe used to define the elimination 
status, and modelled their impact on the local risks of 
outbreaks.

Methods
Description of the hhh4 framework
We used the modelling framework implemented in the 
“hhh4” model, which is part of the R package “surveil-
lance” [15], to analyse infectious disease case counts. 
All the notations are defined in Table  1. The expected 
number of cases (μi, t) reported in the region i at time 

Table 1 Table of notations of all variables and distributions 
defined in the methods

Parameter Definition

i, j Regions

t Time

Yi, t Number of cases reported in the region i at time t

Y
′

i,t Potential for transmission in the region i at time t

μi, t Average number of cases predicted in the region i at time t

λ Autoregressive predictor

φ Neighbourhood predictor

ν Endemic predictor

ω Connectivity matrix

 α Intercept

β Vector of coefficients

z Matrix of covariates

f(t) Distribution of the serial interval

mit Number of inhabitants in the region i at time t

dij Distance between regions i and j

γ, δ, ϵ Parameters of the exponential gravity model

uit Average vaccine coverage in the region i at time t

nit Recent incidence per million in the region i at time t

Nit Category of recent incidence in the region i at time t

sit Surface area of the region i at time t
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t depends on three sources of transmission (called 
“components”):

 i. The autoregressive component (λi, t) represents 
the impact of Yi, t − 1, the number of cases in i at 
the previous time step, on the number of cases in 
i at t. The number of new cases expected from the 
autoregressive component is the product of predic-
tors λi, t and Yi, t − 1. A high value of λi, t indicates 
that, if there are cases in i, there is potential for 
high transmission levels. On the other hand, if λi, 

t is low, cases in i are unlikely to lead to much local 
transmission.

 ii. The neighbourhood component (φi, t) represents 
the impact of Yj, t − 1, the number of cases reported 
in regions around i at the previous time step, on 
the number of cases in i at t. The impact of cases 
in these regions on cases in i is determined by 
a connectivity matrix ω. If φi, t is high, cases in 
regions around i are more likely to cause new 
cases in i.

 iii. The endemic component (νi, t) represents the back-
ground number of new cases occurring in region i, 
regardless of the number of cases  at the previous 
time step. If νi, t is high, new cases in i are common, 
regardless of the number of cases in or around i. 
Since the endemic component does not depend on 
Yt − 1, it represents the background importations 
that cannot be linked to the mechanistic compo-
nents. Therefore, these cases either correspond 
to importations from outside the modelled area 
(France in our case), or cases that are not otherwise 
predicted by the other two components.

The full equation for the expected number of cases in 
region i at time t in an Endemic-Epidemic model is as 
follows:

The number of observed cases at t in i Yi, t follows a 
negative binomial distribution of mean μi, t [16]. The 
overdispersion parameter ψ is estimated. The predictors 
λi, t, φi, t and νi, t are independently impacted by different 
covariates, which means that, for instance, a covariate 
may be associated with a reduction of importations while 
having little impact on local transmission.

The predictors λi, t, φi, t and νi, t are estimated using 
log-linear regressions (as a standard Generalised Linear 
Model). For each predictor, we estimate (i) the intercept 
α (identical across spatial units) and (ii) the vector of 

(1)

µi,t = νi,t + �i,t × Yi,t−1 + φi,t ×
∑

j �=i

(

ωji × Yj,t−1

)

coefficients β associated with zi, t the vector of covariates 
at t in i included in each component. The parameters α 
and β are estimated using a (penalised) maximum likeli-
hood approach [15].

Data
The observed case counts Yi, t was computed from 
14,461 cases (10,988 confirmed and 3473 probable cases) 
routinely collected in metropolitan France and reported 
to the ECDC between January 2009 and December 
2018 (Fig.  1A). This data was retrieved on The Euro-
pean Surveillance System (TESSy) on 22 January 2019. 
The cases were stratified by the metropolitan depart-
ment they were reported in. The department correspond 
to French NUTS3 regions. We excluded three cases 
where this information was not available. We used the 
date of symptom onset reported for each case to com-
pute the daily number of cases from 2009 to 2018 per 
department.

Adaptation of hhh4 to daily case counts
In hhh4, the average number of new cases stemming 
from the autoregressive and neighbourhood components 
depends on the number of cases at the previous time 
step. Therefore, if we use daily case counts, the number 
of cases at t is only impacted by the number of cases 
the day before. In reality, however, the serial interval of 
measles is estimated to be 11 days on average [17]. Pre-
vious studies using hhh4 relied on temporally aggregated 
case counts, which partially solved this problem: if the 
time step is close to the average serial interval, cases of 
the same generation of transmission can be assumed to 
be roughly grouped together in the same time point [18]. 
Nevertheless, studying weekly (or fortnightly) aggregated 
case counts does not reflect the distribution of the serial 
interval (i.e. it ignores overlapping generations of trans-
mission because of shorter or longer delays between 
primary and secondary cases). This can lead to directly 
connected cases being grouped in the same time step, or 
separated by more than one time step. This aggregation 
also ignores the potential for unreported cases, which 
may lead to cases causing transmission 2 to 3 weeks after 
their onset date via an intermediate, unobserved case. 

(2)log
(

�i,t

)

= α(�)
+ β(�)

× z
(�)
it

(3)log
(

φi,t
)

= α(φ)
+ β(φ)

× z
(φ)
it

(4)log
(

νi,t
)

= α(ν)
+ β(ν)

× z
(ν)
it
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Finally, the starting date of aggregation influences how 
cases are grouped, which can lead to discrepancies in the 
parameter estimates.

Recent developments in the surveillance package 
included weight estimation to represent the relative 
impact of previous time steps on the number of cases at 
t [19]. Since we are using daily case counts, we set the 
weights of the different time steps from the distribution 
of the serial interval. We computed Y′it, the transmis-
sion potential for each department and time step, by 
multiplying the number of recent cases by the distribu-
tion of the serial interval f(t): Y ′

it =
∑50

k=1 Yi,t−k ∗ f (k) . 
Only a subset of measles cases are reported to the sur-
veillance system [20]; therefore, we accounted for the 
risks of unreported cases by computing a composite 
serial interval from three different transmission scenar-
ios (Fig. 1B):

1- In case of direct transmission between two cases 
i and j, the number of days between the two cases 
f1(t) follows a normal distribution truncated at 0: 
f1(t)~N(11.7, 2) [17].

2- In case of unreported cases between i and j, the 
number of days between the two cases f2(t) follows a 
normal distribution truncated at 0: f2(t)~N(23.4, √8). 

This distribution corresponds to the convolution of 
f1(t) with itself.

3- If i and j share the same unreported index case, the 
number of days between i and j (with i being the first 
reported case) follows a half-normal distribution 
(excluding 0) of standard deviation √8 days. This dis-
tribution corresponds to the distribution of the dif-
ference of f1(t) with itself, excluding values below 1. 
We added this last scenario to account for multiple 
concurrent importations stemming from an unre-
ported infector.

We considered that 50% of the composite serial inter-
val reflected direct transmission (scenario 1, without 
missing generations between cases), and 50% came 
from the two scenarios with unreported cases (scenar-
ios 2 and 3, 25% each). The distribution of the compos-
ite serial interval is shown in Fig. 1B. We ran sensitivity 
analysis to estimate the parameters of the model using 
composite serial intervals computed with different pro-
portions of direct transmission, and observed it had 
little influence on the estimation of each parameter 
(Additional file 1: Section 1). The potential for transmis-
sion Y′ replaces Y in the equation of the expected num-
ber of cases (5):

Fig. 1 A Daily number of cases reported in France between 1 January 2009 and 30 November 2018. B Distribution of the composite serial interval 
used in the model. The different colours of the curve correspond to the three scenarios used to compute the distribution of the serial interval 
(orange: serial interval when missing ancestor; red: serial interval without unreported case, brown: serial interval when the case between the 
two reported cases was missing). C Transmission potential, which was computed by convolving the number of cases in the last 30 days with the 
composite serial interval
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Connectivity between departments
In the hhh4 framework, the average number of cases 
caused in the department i at time t by cases from 
another department j is quantified by the neighbourhood 
component. It is equal to φi, t × ωji × Yj, t − 1 (Eq. 1). There-
fore, the number of cases caused by cases from j in i is 
influenced by three factors:

• The susceptibility of the department i, quantified 
by the neighbourhood predictor φi, t, defined as 
log

(

φi,t
)

= α(φ)
+ β(φ)

× z
(φ)
it .

• The number of connections from j to i, calculated 
using an exponential gravity model [21], whereby the 
number of connections between i and j is propor-
tional to the product of the number of inhabitants in 
the department of origin mj, the department of desti-
nation mi and an exponential decrease in the distance 
between i and j dji. Therefore, the number of connec-
tions from j to i in an exponential gravity model is 
calculated as wji = e−δdjimǫ

it m
γ
jt.

• The proportion of the population in j that is infectious.

Therefore, the average number of cases expected from 
department j to department i at t can be written as the 
product of these three factors:

Therefore, the log-population log(mit) was added as a 
covariate of the predictor φ, and the connectivity 

matrix ω was computed as ω =

e
−δdji m

γ
jt

mjt
 The number 

of inhabitants in each French department between 
2009 and 2018 was retrieved from the INSEE website 
[22].

We implemented two models, using different methods 
to compute the connectivity between departments.

1. In Model 1, every department can be connected 
to each other; therefore, only importations com-
ing from outside the departments included in the 
study fall into the endemic component. The con-
nectivity matrix was computed using the distance 
between the population centroids of each depart-

(5)

µi,t = νi,t + �i,t × Y ′i,t−1 + φi,t ×
∑

j �=i

(

ωji × Y ′j,t−1

)

Yji,t = exp
(

α(φ)
+ β(φ)

× z
(φ)
it

)

× e−δdjimǫ
it m

γ
jt ×

Yj,t−1

mjt
= exp

(

α(φ)
+ β(φ)

× z
(φ)
it × ǫ × log (mit)

)

×

e−δdji m
γ
jt

mjt
× Yj,t−1

ment, which were calculated using the 1  km2 Euro-
pean Grid dataset [23]. This dataset contains the 
number of inhabitants in each grid cell covering 
the country (resolution 1 km). We computed the 
weighted population centre in each department 
using the R function zonal from the package raster 
[24] and calculated the distance between popula-
tion centres.

2. In Model 2, the neighbourhood component only 
takes into account transmission between neigh-
bouring departments, assuming that cross-regional 
transmissions between non-neighbouring depart-
ments would be captured by the baseline number 
of daily importations (i.e. the endemic compo-
nent):

Therefore, the neighbourhood component in 
Model 1 includes both the neighbourhood com-
ponent and part of the endemic transmission in 
Model 2.

Covariates
Different covariates can be added in each component of 
the hhh4 framework [25]. We implemented the same set of 
covariates in the two models. The two covariates of inter-
est were the impact of vaccine coverage and the category 
of incidence in each department in the past 3 years. We 
chose this timeframe in order to match the requirements 
of the elimination status assessment. We also included the 
number of inhabitants, the surface area of each depart-
ment, and the seasonality as control variables, as explained 
below:

Vaccine coverage
For each department i and time step t, we computed ui, 

t, the average proportion unvaccinated in the depart-
ment i over the 3 years prior to t according to local 

� = e−�dji ×
m

�

jt

mjt

, and Yji,t = �it × e−�dji ×
m

�

jt

mjt

× Yj,t−1

dji =

{

1 if i and j share a border
0 otherwise

, therefore Yji,t

=

{

φit ×
m

γ
jt

mjt
∗ Yj,t−1 if i and j share a border

0 otherwise
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coverage reports. We averaged over the past three years 
in order to use the same timeframe as the elimination 
status assessment. We used the yearly first dose uptake 
among 2-year-old children in each French department 
between 2006 and 2017. This data is publicly avail-
able on the website Santé Publique France [26–28]. 
The uptake of the second dose was not reported before 
2010, and many departments had missing entries after 
2010. Therefore, only the local coverage of the first dose 
was used in the model.

Since 26% of the entries in the coverage dataset were 
missing, we ran a beta mixed model to infer the miss-
ing values [29]. We used the time and squared time (in 
years) as covariates, and random effects stratified by 
department. We used the average prediction to infer 
the missing values from the fitted model and get the 
complete vaccine coverage dataset. More details on the 
regression, and the sensitivity analyses that were run are 
presented in the Appendix (Additional file 1: Section 2). 
All values of coverage in 2009 were missing, and were 
not imputed; we computed the average vaccine cover-
age in 2010, 2011 and 2012 using only two of the three 
previous years.

Adding the log-proportion of unvaccinated to the 
model was the most appropriate approach, since it 
allows the rate of disease spread (i.e. the value of the 
predictors λ, ν and φ) to be proportional to the den-
sity of susceptibles [25]. Therefore, we calculated the 
average log-proportion of unvaccinated in the three 
years before t and added it as a covariate in all three 
components.

Impact of recent incidence
This covariate quantifies the impact of past outbreaks 
on current transmission. Departments are eligible for 
WHO certification of elimination status if they have 
maintained low levels of transmission over the past 3 
years [7]. Therefore, we computed ni, t, the number of 
cases per million reported between a month and 3 years 
before t in i. We excluded cases reported in the last 
month since recent cases may be directly linked to cur-
rent transmission.

We aggregated ni, t in three categories: (i) N (0)

i,t
=

{

1 if ni,t < 10

0 otherwise
 : 

very limited transmission in recent years, department 
potentially eligible for elimination (42% of entries) ; 

(ii)N (1)
i,t =

{

1 if 10 ≤ ni,t < 45
0 otherwise

 : Moderate transmission in 

ni,t = 1,000,000 ×

T<t−365∗3
∑

T>(t−30)

Yit

mit

recent years (25% of entries); (iii)N (2)
i,t =

{

1 if ni,t ≥ 45
0 otherwise

 : 

major outbreak reported in the department in recent years. 
The threshold of 45 cases per million corresponds to the last 
tercile of ni, t, hence 33% of ni, t fall into this last category. 
The two thresholds correspond to an annual incidence of 
respectively 3.3 and 15 reported cases per million. Sensitiv-
ity analyses were ran using other incidence thresholds, or 
incidence as a continuous variable, and showed the esti-
mates were robust (Additional file  1: Section  3). In every 
model, the category of reference for the level of recent inci-
dence was N (0)

i,t .Computing the level of recent incidence 
required the number of cases per department in the past 3 
years. Therefore, since this analysis integrates case counts 
data from 2009, we needed to compute the incidence in 
each department between 2006 and 2008. Less than 50 
cases were reported in France per year in 2006 and 2007 
[30], we considered their contribution to the recent level of 
incidence per department was null. On the other hand, 597 
measles cases were reported to the ECDC in France in 2008, 
but were not stratified by department. However, the num-
ber of cases reported per department in 2008 was publicly 
available on Sante-Publique-France [31], without informa-
tion on the individual onset date. Therefore, we integrated 
the number of cases reported per department in 2008 in the 
computation of Ni, t for t < 2012.

The level of recent incidence was a covariate in all three 
components.

Number of inhabitants and surface area
In the subsection “Connectivity between departments”, 
we discussed the impact of the number of inhabitants on 
the number of movements between departments. Fur-
thermore, several studies have indicated a potential asso-
ciation between the population density and the number 
of secondary transmissions [32–34]. Therefore, we con-
trolled for the impact of the number of inhabitants in 
each department, and the surface area (i.e. the geographi-
cal size) on the number of local transmissions.

The log-number of inhabitants log(mi, t) in the depart-
ment i at time t was added as a covariate in all three com-
ponents. The log-surface of the department log(si, t) was 
added as a covariate in the autoregressive component.

Seasonality
We control for the impact of the seasonality of mea-
sles outbreaks in France on transmission by adding two 
covariates (sine-cosine) to all three components.

Full model equations for predictors
The covariates are all integrated in the covariate vectors 
in Eqs. 2, 3 and 4, yielding:
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Model calibration
A model is deemed well-calibrated if it is able to correctly 
identify its own uncertainty in making predictions [35, 36]. 
The most straightforward method to evaluate whether 
hhh4 models are well-calibrated is to generate a one-step-
ahead forecast over a chosen test period and compare 
them with the data [15]. Since we use daily case counts, 
this method would only assess the ability of the models to 
capture the number of cases on the next day. We explored 
the calibration of our models several days ahead. To do so, 
we selected the last 2 years of data as the test period, fit the 
model up to each day, and simulated the number of cases 
over the next 3, 7, 10 and 14 days for each day of the test 
period in each department. For each date, we ran at least 
100,000 simulations. If the number of cases observed in 
the data had not been generated in 100,000 simulations, 
we ran simulations until it was reached.

From these simulations, we generated the predictive 
probability distribution at each time step in each depart-
ment. The probability integral transform (PIT) histogram 
were used to illustrate whether the forecasts and uncer-
tainty of the model were correctly calibrated to the data. 
In a model with perfect calibration, the actual number 
of cases follows the predictive probability distribution 
(μit~Pit for all predictive distributions Pit), i.e. the PIT his-
togram is uniform (e.g. 10% of the actual values fall into 
the first decile of the forecasts). We computed the PIT 
histograms in both models for predictions over 3, 7, 10 
and 14 days. The PIT histograms were computed using 
a non-randomised yet uniform version of the PIT histo-
gram correcting for the use of discrete values described 
in Czado et al. [37] and implemented in hhh4.

The PIT histograms were used to estimate whether 
the short-term forecasts were in line with the data, and 
whether the models were consistently missing some sce-
narios of transmission.

Simulation study
In order to highlight the impact of variations in the local vac-
cine coverage or the level of recent transmission on the risks of 
outbreaks, we generated simulations of the number of cases in 

Autoregressivepredictor : β(�)
z
(�)
it

= β(�)
u log

(

ui,t

)

+β
(�)

N (1)N
(1)
i,t +β

(�)

N (2)N
(2)
i,t +β(�)

m log
(

mi,t

)

+β(�)
s log

(

si,t

)

+β(�)
cos cos

(

2π t

365

)

+β
(�)
sin

sin

(

2π t

365

)

Neighbourhoodpredictor : β(φ)
z
(φ)
it

= β(φ)
u log

(

ui,t

)

+β
(φ)

N (1)N
(1)
i,t +β

(φ)

N (2)N
(2)
i,t +β(φ)

m log
(

mi,t

)

+β(φ)
cos cos

(

2π t

365

)

+β
(φ)
sin

sin

(

2π t

365

)

Endemicpredictor : β(ν)
z
(ν)
it

= β(ν)
u log

(

ui,t

)

+β
(ν)

N (1)N
(1)
i,t +β

(ν)

N (2)N
(2)
i,t +β(ν)

m log
(

mi,t

)

+β(ν)
cos cos

(

2π t

365

)

+β
(ν)
sin

sin

(

2π t

365

)

.

France across 1 year under different conditions. To compute 
these simulations, we used the last values of average vaccine 
coverage (the average was computed from the values in 2015, 
2016 and 2017) and the levels of recent incidence in mid-2018, 
and simulated the daily number of cases between the 1st of 
August 2018 and the 31st of December 2019. We started the 
simulations during the period of the year associated with the 
lowest number of cases so that the spatial distribution of the 
simulated outbreaks does not depend on the distribution 
of cases at the starting point. Indeed, if we had used the last 
3 months of data (until November 2018), some departments 
may have been repeatedly associated with higher numbers of 
cases in our simulations, not because they are more at risk of 
importation or transmission, but because there had been cases 
reported in these departments at the beginning of the epi-
demic year. We were only interested in highlighting the impact 
of variations in coverage and recent transmission, rather than 
predicting the level of transmission for the entire year of 2019.

We generated 100 samples of the regression coefficients 
using the variance-covariance matrix and assumed they fol-
lowed a multivariate normal distribution. For each sample, 
we computed the values of the three predictors between 
the 1st of August 2018 and the 31st of December 2019, and 
simulated the daily number of cases in each department 
across the year. We ran 100 simulations per sample (i.e. 
10,000 simulations were generated per scenario).

We studied four scenarios: (i) using the latest local 
values of coverage (averaged over the past three years), 
population and category of recent incidence, (ii) increas-
ing the vaccination coverage in each department by 3%, 
(iii) decreasing the vaccination coverage in each depart-
ment by 3% and (iv) setting the recent incidence in each 
department to minimal levels, in order to observe the 
outbreaks generated under conditions fulfilling the cur-
rent WHO elimination status requirements.

Finally, since tourism and local events can lead to 
mass gatherings and trigger repeated importations inde-
pendent of parameters included in the model [38, 39], 
we studied the impact of repeated local importations 
of cases into specific departments. To do so, we simu-
lated one year of transmission (i.e. until the end of 2019) 
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following the importations of 10 cases in a given depart-
ment in December 2018. In these simulations, we did not 
allow for any other baseline importations throughout 
the year, in order to assess the potential for geographical 
spread throughout the country after importation in one 
department.

Results
Impact of the covariates on each component
The parameter estimates obtained in both models 
are shown in Fig.  2. Values above 0 show aggravating 
effects associated with an increase in the number of 
expected cases at the next time step. For both models, 
departments with a high proportion unvaccinated in 
the past 3 years were associated with a higher number 
of expected cases in the autoregressive (Model 1 0.14 
[0.03–0.24]; Model 2 0.19 [0.09–0.29]) and the endemic 
component (Model 1 0.37 [-0.17–0.91]; Model 2 0.48 
[0.17–0.80]). This indicates that these departments were 
at higher risks of background importations, and second-
ary transmission upon importation. In both compo-
nents, the effect of vaccination was slightly stronger in 
Model 2, where cross-regional transmission is restricted 
to neighbouring departments, than in Model 1, where 
cross-regional transmission can happen between all 

departments, although the confidence intervals over-
lapped. In Model 1, the proportion unvaccinated also 
had an aggravating effect on the number of cross-depart-
mental transmissions (0.47 [0.23–0.71]), whereas in 
Model 2 there was no clear association between the pro-
portion unvaccinated and an increase in cross-regional 
transmission (− 0.02 [− 0.29–0.25]). The differences 
between the models’ coefficients were due to the cross-
regional transmission in Model 1 corresponding to both 
the neighbourhood component and some of the endemic 
transmission in Model 2.

The association between the level of incidence over 
the past 3 years (parameters: incid 1 and incid 2 in Fig. 2) 
and the components of transmission was similar in 
both models. In the autoregressive component, depart-
ments that reported high incidence over the past 3 years 
(incid 2) were associated with fewer secondary cases per 
case in the department (Model 1 − 0.15 [− 0.23 to − 
0.08]; Model 2 − 0.13 [− 0.20 to − 0.06]). This could be 
linked to outbreak-induced immunity causing a depletion 
of susceptibles in departments where incidence was high 
over the past few years. On the other hand, departments 
with high incidence in the past 3 years were at higher 
risk of cross-regional transmission and background 
importations (Model 1: Endemic 0.89 [0.50–1.27]; 

Fig. 2 Estimates of the parameters in each component of Model 1 (blue) and Model 2 (purple): A Autoregressive component, B Neighbourhood 
component, C Endemic component, D Other coefficients. The y-axis. Unvax corresponds to the effect of ui, t, the mean proportion unvaccinated 
over the 3 years before t in i; incid1 and incid2 correspond to the effect of N1

i,t and N2
i,t the category of incidence in the 3 years before t in i compared 

to the level of reference (i.e. N0
0,t ); pop corresponds to the effect of mi, t the number of inhabitants at t in i; area corresponds to the effect of the 

surface; sin and cos correspond to the effects of seasonality; distance and population correspond to the spatial parameters of the connectivity 
matrix ω (δ and γ); overdisp is the estimate of the log-overdispersion parameter in the negative binomial distribution of Yi, t. Dots show the mean 
values associated with the parameters; arrows show the 95% confidence interval. Note different y-axes between graphs
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Neighbourhood 0.25 [0.09–0.41]; Model 2: Endemic 
0.67 [0.46–0.89]; Neighbourhood 0.31 [0.11–0.51]). The 
parameter incid  1 was only significantly different from 
0 in the endemic component (Model 1 0.66 [0.22–1.10]; 
Model 2 0.57 [0.34–0.80]), meaning departments that 
recently reported moderate levels of transmission were 
associated with more background importations, but no 
difference was noticeable in cross-regional or within-
region transmission. The effect of increasing the level 
of recent incidence on the risks of cross-regional trans-
mission and background importation was opposite to its 
impact on the autoregressive component. Several mecha-
nisms could explain this result: Although the depletion 
of susceptibles should decrease the risks of importa-
tions, different categories of population may be involved 
in importation and local transmission (e.g. different age 
groups). Furthermore, regions that report high levels 
of transmissions may be more connected than others, 
therefore having relatively higher risks of importation, 
and offsetting the impact of a depletion of susceptibles.

The other covariates included in the model showed 
that the number of inhabitants in a department had an 
important impact on both the endemic and neighbour-
hood components: departments with more individu-
als were more likely to report background importations 
and cross-regional transmission, and slightly more likely 
to report local transmission. We also observed a strong 
impact of seasonality on the three components (Fig.  2). 
Indeed, the peak values of the predictors were 20 to 
37% higher than the average value in all components of 
transmission (Additional file  1: Section  4). The peak of 
the autoregressive component was in February for both 
models, the endemic peak was in May for Model 1 (April 
in Model 2), whereas the neighbourhood component 
peaked in December in Model 1 (March in Model 2).

Using the mean parameter estimates, and the latest 
values of vaccination coverage, incidence and number of 
inhabitants per department, we computed the local pre-
dictors φi, λi and νi in both models to highlight the spatial 
heterogeneity of the transmission risks (Fig. 3). The pre-
dictors were computed ignoring the impact of seasonal-
ity, which is not region-dependent and does not change 
the geographic distribution of risks. The maps corre-
spond to the average local value of the predictors the year 
following the last data entry (i.e. the 30th of November 
2018). The geographic distributions of the autoregressive 
predictor are similar in Model 1 and Model 2. This indi-
cates that the same departments were classified as having 
higher risks of local transmission in both models. Areas 
with lower values of vaccine uptake such as the South 
East and South West of France were associated with 
higher risks of secondary transmission. Indeed, the high-
est values of within-region transmission were reported in 

Bouches-du-Rhône and Var (in the South East of France). 
Populous departments in the North of France were also 
at risk of secondary transmission despite higher vaccina-
tion coverage.

As expected, the overall number of baseline impor-
tations (i.e. connected to the endemic component) in 
Model 1 was lower than in Model 2, which was compen-
sated by a higher number of cross-regional transmissions 
(i.e. due to the neighbourhood component) (Fig. 3). This 
shows that some of the cases that could not be linked to 
local transmission, or transmission between neighbour-
ing departments in Model 2, were classified as cross-
regional transmissions in Model 1, which would indicate 
long-distance transmission events. In both models, 
departments with a higher number of inhabitants were 
most at risk of cross-regional and baseline importations, 
which corresponds to the strong association between the 
number of inhabitants and the endemic and neighbour-
hood components highlighted in Fig.  2. Departments 
like Bouches-du-Rhône that combine a high number 
of inhabitants with low vaccine coverage were associ-
ated with the highest number of baseline and cross-
regional importations in both models. The variations in 
the autoregressive component were smaller than in the 
importation-related components: For instance, the high-
est autoregressive predictor value (Var 0.81 [0.74–0.88]) 
was 35% higher than the lowest value (Lozère 0.60 [0.53–
0.66]) in Model 1, whereas the number of baseline impor-
tations in Bouches-du-Rhônes was more than 100 times 
above the number of importations in Lozère (South of 
France). This can be explained by the coefficients of the 
autoregressive components being much closer to 0 than 
the most extreme coefficients in the importation-related 
components (Fig. 2).

Model fit and calibration
The fits of Model 1 and Model 2 indicate that they were 
able to match the transmission dynamics observed 
in France between 2009 and 2017, despite the wide 
variations in the annual number of cases (Fig.  4A, 
B, Additional file  1: Section  5). In years where active 
transmission was reported, most of the cases stemmed 
from the autoregressive component, indicating that the 
local outbreaks were sustained by transmission within 
the departments. Indeed, across all years, the autore-
gressive component accounted for 72.9% of the cases, 
whereas 23.7% of the cases came from cross-regional 
transmission and 3.4% from the endemic component 
(Additional file  1: Fig. S14). This shows that in Model 
1, 96.6% of the cases were explained by the transmis-
sion stemming from other cases reported in the dataset 
(93.2% in Model 2). The endemic component described 
the minority of isolated cases that could not be linked 
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to any concurrent transmission cluster. Therefore, these 
cases would be more likely to be reported at times of 
low national levels of transmission when no other case 
could be linked to them, which explains the shift in sea-
sonality of the endemic component (Fig.  2 and Addi-
tional file 1: Section 4).

In order to visually assess the calibration of the model, 
and its ability to provide reliable short-term predictions 
for the number of cases per department, we generated 
PIT histograms showing the probability integral trans-
form obtained when forecasting the number of cases 3, 
7, 10 and 14 days ahead (Fig. 4C–F). The PIT histogram 
is uniform for predictions 3 and 7 days ahead (all groups 
are above 0.95 and below 1.05), which shows the num-
ber of occurrences where the predictions of the model 
did not capture the number of cases 1 week ahead was 
not higher than expected under a uniform distribution. 

As we increased the number of days of forecast, there 
were more occurrences of the model mis-predicting the 
number of cases to come. Indeed, the U-shape observed 
in panel F of Fig. 4 indicates the model was less capable of 
identifying extreme events 2 weeks in advance. The cali-
bration study indicated that Model 2 was more prone to 
under-estimating the number of cases than Model 1 and 
showed signs of bias for the 7-, 10- and 14-day predic-
tions (Additional file 1: Section 5). The national number 
of cases predicted by Model 1 and Model 2 were similar, 
and match the data for predictions 7 days ahead (Addi-
tional file 1: Fig. S13). The AIC scores and the calibration 
study indicated Model 1 was able to fit the data better 
than Model 2 and was better calibrated. The rest of the 
“Results” section therefore focuses on the conclusions 
reached using Model 1. The equivalent analysis run on 
Model 2 is presented in the Additional file 1: Section 4.

Fig. 3 Average values of the endemic, neighbourhood and autoregressive predictors per department in Model 1 (upper row) and Model 
2 (lower row) over the year 2019. Since the absolute values are expected to vary over the year because of seasonality, the panels show the 
relative geographical heterogeneity. The endemic predictor corresponds to the number of importations per day per department, whereas the 
autoregressive predictor corresponds to the number of secondary cases per case in each department. The absolute value of the neighbourhood 
predictor is harder to interpret directly since it is multiplied by the connectivity matrix in the equation. Higher values were associated with 
departments with higher risks of observing cases following population movements
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Impact of vaccination and recent incidence on onwards 
transmission
In order to illustrate the impact of recent outbreaks 
and variations in vaccine coverage on the transmission 
dynamics in France, we generated 10,000 simulations and 
computed the number of cases per department in 2019. 
We ran the simulations from August 2018 (during the 
historically low transmission season), until 31 December 
2019. We generated four sets of simulations under differ-
ent initial conditions: using the last measures of average 
local vaccine coverage, category of recent incidence and 
number of inhabitants; increasing or decreasing the vac-
cine coverage by 3%, and setting the category of recent 
incidence to 0 in each department.

Under the latest measures of coverage and incidence 
(Additional file  1: Section  6), the simulated outbreaks 
display a wide variation in the number of cases in 2019 
(minimum 100 cases, median 1100 cases, maximum 
11,100 cases). Active transmission was generated in a 
wide range of departments. Indeed, across the simula-
tion set, 44 of the 94 French departments reported more 
than 10 cases in at least 25% of the simulations. There 

was noteworthy spatial heterogeneity in the levels of 
incidence. Indeed, in 12 departments, there was no case 
generated in more than half of the simulations (Fig.  5, 
top right panel). The departments most vulnerable to 
active transmissions were highly populated urban areas, 
such as Paris, the Bouches-du-Rhône, and the North of 
France. Because they are highly populated, these depart-
ments were susceptible to repeated importations (they 
reported at least 1 case in more than 95% of the simu-
lations), which could then cause large transmission 
clusters. This was especially evident in the South East 
of France, where we highlighted that the number of sec-
ondary cases per case in the department was among the 
highest in the country (Figs. 3 and 5). Numerous depart-
ments were affected by large outbreaks in a subset of the 
simulated datasets: 27 departments reported more than 
50 cases in at least 5% of the simulations (Fig. 5). Further, 
at least one major outbreak was generated in the majority 
of the simulations: in 55% of the simulations, one depart-
ment reported more than 100 cases (the most commonly 
affected department were Paris and its surroundings, the 
Nord, and Bouches-du-Rhône).

Fig. 4 A, B Daily and weekly fit between the data and Model 1. The inferred number of cases is split among the three components of the model. 
C–F PIT histograms of Model 1, generated respectively for predictions 3, 7, 10 and 14 days ahead
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Fig. 5 Percentage of simulations where the number of cases reported in each department in 2019 was at least 1, 10 and 50 cases for each scenario 
using parameter estimates from Model 1. Each row corresponds to a different scenario: (i) reference, (ii) minimum level of recent incidence in each 
department, (iii) local vaccine coverage decreased by 3% in each department, (iv) local vaccine coverage increased by 3% in each department
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Decreasing the average 3-year vaccine coverage by 3% 
led to an important increase in the number of cases per 
outbreak (median 4900 cases, more than 95% of the sim-
ulations resulted in more than 1000 cases). This was first 
due to an increase in importations and cross-regional 
transmission: all 94 departments had at least one case 
in more than half of the simulations, 77 in at least 90% 
of the simulations. Furthermore, the decrease in vac-
cination coverage resulted in higher chances of uncon-
trolled transmissions in many departments (Fig. 5, third 
row). On the other hand, increasing the vaccine coverage 
by 3% caused an important drop in the number of cases 
(median 605 cases, 80% of the simulations generated less 
than 1000 cases), caused by both a decrease in the num-
ber of importations, and in the potential for secondary 
transmission following importations. Although outbreaks 
were still punctually generated, these events are much 
rarer than in the other two simulation sets: in 25.8% of 
the simulations, at least one department generated more 
than 100 cases (54.1% with the baseline scenario, 95.4% 
when we reduced the local vaccine coverage).Finally, we 
set the local recent incidence to the minimum level in 
each department in order to analysis what transmission 
dynamics would be generated by the model if the elimi-
nation requirements were fulfilled in every department. 
We observed a decrease in the number of importations 
and cross-regional transmission, and an increase in the 
number of infections within each department (Fig. 2). In 
this simulation set, the number of departments where no 
cases were generated in more than half of the simulations 
was similar to when the vaccine coverage was increased 
(24 departments in this simulation set, 29 when the vac-
cine coverage was increased, Fig.  5), which shows the 
reduction in the number of cross-regional transmission 
and background importations. Conversely, the number of 
large outbreaks was only marginally inferior to the refer-
ence simulation set: in 44% of the simulations, there were 
more than 100 cases generated in at least one depart-
ment (54% in the reference dataset). The geographical 
distribution of the risks of large outbreaks was almost 
identical to the reference simulation set (Fig.  5). There-
fore, although the number of importations was reduced, 
changing the level of recent incidence did not have a clear 
impact on the risks of active transmission. More depart-
ments became vulnerable to secondary transmission, and 
despite importations in these departments being rarer, 
they were more likely to lead to large outbreaks when 
they happened. The two opposing effects recent inci-
dence had on importation and transmission therefore 
created a different dynamic of transmission observed in 
the simulation set, without strongly reducing the risks of 
outbreaks.

Each of these simulation sets highlighted the wide 
range of scenarios that could be generated using the 
parameter distributions inferred by our model. In order 
to gain more understanding on the spatial spread and 
consequences of importations, we then explored the 
impact of repeated and localised importations on overall 
transmission.

Impact of local clusters of transmission
Since the endemic component, which can be interpreted 
as external importations, represented a minority of the 
cases in our model (Additional file 1: Fig. S14), repeated 
importations in a given department over a short times-
pan rarely occurred in the simulations. Furthermore, 
due to the seasonality of the endemic component, fewer 
importations are generated early in December to Febru-
ary, which corresponds to the peak period of the other 
components, and would therefore be more likely to cause 
secondary transmissions (Additional file  1: Section  4). 
We simulated 1 year of transmission following ten impor-
tations in December 2018 to illustrate (i) the potential for 
local outbreaks and (ii) the spatial spread of transmission 
following repeated local importations. We selected four 
departments to compare the impact of repeated importa-
tions in a range of settings: Paris (many inhabitants, 91% 
vaccine coverage, surrounded by urban areas), Bouches-
du-Rhône (many inhabitants, 84% vaccine coverage), 
Haute Garonne (many inhabitants, 91% vaccine coverage 
but high levels of recent incidence, surrounded by rural 
areas with lower vaccine coverage), and Gers (Rural area, 
79% vaccine coverage) (Fig. 6).

Firstly, major local outbreaks in the department of 
importation were generated in all four simulation sets, 
and especially in Paris and Bouches-du-Rhône, where 
the proportion of simulations that yielded more than 100 
subsequent cases in the department was 40% and 39%, 
respectively. In the Bouches-du-Rhône, large outbreaks 
were mostly due to the low vaccination coverage, whereas 
in Paris, outbreaks were mostly linked to the connectiv-
ity to nearby areas and the high number of inhabitants, 
which meant the department was likely to attract cross-
regional transmissions. Major local outbreaks were rarer 
in the other two scenarios (9% of simulations above 100 
in Haute Garonne, 10% in Gers). The lower proportion 
of large outbreaks resulted from different factors: recent 
large outbreaks in Haute Garonne reduced the autore-
gressive predictor, lowering the number of secondary 
cases per case imported, whereas since Gers is a rural 
department, with a low number of inhabitants, almost 
all the local cases were due to local transmission (autore-
gressive component), with very few cross-regional trans-
missions into Gers.
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Fig. 6 Percentage of simulations where the number of cases reported in each department in 2019 was at least 1, 10 and 50 cases following the 
importations of ten cases in December 2018, and using the parameter estimates from Model 1. For each row, the department of importation is 
indicated by a black dot
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Conversely, the simulations where cases were imported 
in Gers yielded the largest spatial spread throughout 
the country: the median number of departments that 
reported at least 1 case was 53 (16 when the importa-
tions were generated in Haute Garonne; 15 in Bouches-
du-Rhône; 39 in Paris). As stated in the method, the 
number of cross-regional transmissions is the product 
of the predictor and the connectivity matrix, divided 
by the number of inhabitants in the department of ori-
gin, to represent that only a fraction of commuters will 
be infected. Therefore, populous areas are more likely to 
attract cross-regional transmissions, whereas more rural 
departments are more likely to seed outbreaks in other 
areas. The relatively high spatial spread when cases were 
imported in Paris is due to the short distance between 
Paris and its suburbs, which is then more likely to cause 
cross-regional transmission in the northern depart-
ments. Despite the cross-regional spread observed in 
both of these simulations sets, outbreaks remained local, 
and occurrences of nationwide outbreaks were almost 
null. The departments most at risk of outbreak follow-
ing cross-regional spread were some of the direct neigh-
bours of the department of importations, or the large 
urban areas (Fig. 6). To further explore this, we ran the 
same simulations decreasing the vaccine coverage by 
3%, which greatly increased the number of departments 
exposed in each simulation set, and increased the risk of 
local transmission (Additional file  1: Section  7). There-
fore, although repeated importations could cause active 
transmission in and around the departments of importa-
tion, the current values of vaccine coverage and the sea-
sonality of transmission were able to prevent nationwide 
transmission.

Discussion
This analysis explored which local factors were associated 
with high risks of transmission in France over the last 
decade. Since 2017, immunity gaps, caused by failures 
to vaccinate, have been linked to a resurgence of measles 
in all WHO regions [40]. In countries near-elimination, 
large outbreaks have been linked to heterogeneity in the 
levels of immunity, with pockets of susceptibles fuelling 
punctual outbreaks despite high national vaccine uptake 
[1, 2, 4, 25]. Our study showed that local values of vac-
cine coverage were linked to lower transmission, whereas 
lower levels of recent incidence were not associated with 
lower risks of local transmission. Furthermore, we high-
lighted that a drop of 3% in the 3-year vaccine coverage 
triggered a fivefold increase in the number of cases simu-
lated in a year.

Insights from our analysis could help inform planning 
and control for measles in near-elimination settings. 
Our results show the importance of collecting accurate 

measures of local vaccine coverage, which can then be 
used to identify areas at risk and anticipate imminent 
outbreaks. The existence of areas with consistently low 
vaccine uptake was shown to be a better indicator of the 
risks of transmission events than recent incidence, which 
suggests it should be the first factor to consider when 
assessing the elimination status of a country, rather than 
recent incidence. As spatial heterogeneity will be con-
cealed by national-level vaccine uptake, high-quality data 
collection of local vaccine uptake is crucial for correctly 
estimating risk. Given that previous studies showed that 
the immunity levels required to minimise risks of out-
breaks were age-dependent [3, 41, 42], it would be benefi-
cial to collect and report local vaccine uptake data across 
several age groups (e.g. Wales is collecting MMR cover-
age in children aged 2, 4, 5 and 16 years old [43]), so these 
data can be used as an proxy for immunity. Such data 
could then be integrated in Endemic-Epidemic models, to 
better account for the immune profile of the population.

The fact that higher vaccine coverage was associated 
with a lower number of secondary cases is consistent 
with prior expectations and would confirm that the local 
values of first dose vaccine coverage are a good indica-
tor of the actual immunity in the population and risks of 
future transmission. Reporting accurate values of local 
vaccine coverage is challenging, for instance because the 
vaccination status of people moving regions can be hard 
to track and lead to measurement errors. Furthermore, 
we did not have access to complete data on the cover-
age of the second MMR dose, which would be a better 
indicator of vulnerable areas. Therefore, detecting the 
association between recent vaccine uptake and incidence 
is encouraging. The impact of local vaccination coverage 
on transmission may also be muddled by sub-regional 
vaccine heterogeneity. For instance, pockets of suscep-
tibles within a region, i.e. areas within the region where 
the vaccine coverage is substantially lower than the 
regional average, may be at high risk of transmission and 
would not be observable in regional coverage [44]. This 
phenomenon can only be hypothesised here and could 
be explored using local data on incidence and vaccine 
uptake at a sub-regional scale.

Variations in vaccine coverage had a noticeable impact 
on the number of cases generated in the simulation study. 
We showed the effects of a 3% increase and decrease of 
the 3-year average vaccine coverage on the number of 
cases, which highlighted the risks of uncontrolled trans-
mission in the event of a decrease of vaccine-induced 
protection. Events such as the disruption caused by the 
SARS-COV-19 pandemic on routine measles vaccination 
campaigns could therefore highly increase the risks of 
uncontrolled measles transmission in the years to come 
[45, 46].
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The departments that reported low incidence in the 
past 3 years were associated with higher risks of local 
transmission (autoregressive component). Therefore, all 
else being equal, regions fulfilling the elimination sta-
tus criteria were not associated with lower risks of local 
transmission. Conversely, high levels of recent trans-
mission were associated with a higher number of cross-
regional transmissions and importations, although we 
cannot methodologically establish the causality of this 
association. When we set the category of recent inci-
dence to the lowest level in the simulations, departments 
were less exposed to cases (since importations and spa-
tial spread were rarer), but there was little change in the 
number of major outbreaks compared to the baseline sce-
nario. Therefore, the simulations showed an “all-or-noth-
ing” situation: lower risks of exposure, but higher risks 
of local outbreak conditional on exposure. These results 
would indicate that looking into the level of incidence to 
quantify the future risks of outbreaks can be deceptive, 
and importations in a department with low recent inci-
dence would result in large transmission clusters.

We proposed a new framing of the Endemic-Epidemic 
model implemented in hhh4 by adapting it to daily count 
data using the distribution of the serial interval to com-
pute the local transmission potential. Using daily case 
counts allowed us to avoid biases associated with aggre-
gated case counts, such as the influence of the arbitrary 
aggregation date, by accounting for the impact of vari-
ation in the serial intervals. We also accounted for the 
risks of unreported cases by computing a composite 
multimodal serial interval, thus allowing for transmission 
with a missing generation, or an unreported ancestor. 
The model was able to capture the dynamic of transmis-
sion better than the 10-day aggregated model, as shown 
by the calibration study (Additional file  1: Section  8). 
Nevertheless, our framing of the hhh4 model introduced 
new biases: we used a distribution of the serial interval 
based on previous studies rather than estimating the 
weights during the fitting procedure and set the propor-
tion of missing generations in the composite serial inter-
val. We explored the impact of the proportion of missing 
generations by fitting the model with different compos-
ite serial intervals and concluded that the impact of each 
covariate was robust to these changes (Additional file 1: 
Section  1). We also integrated a potential day-of-the-
week effect, and observed that although it had an impact 
on the autoregressive component, it did not change the 
estimates of the other parameters, and therefore did not 
change the conclusions of the study (Additional file  1: 
Section 9).

Using the hhh4 model allowed us to analyse the dif-
ferent impact of various covariates on local and cross-
regional transmission, and background importation of 

cases. According to the models we implemented, an 
overwhelming majority (> 90%) of the transmission came 
from the cross-regional and local components of the 
regression. This indicates that in the models, the endemic 
component only corresponds to rare background cases 
that could not be linked to concurrent transmission 
events. This could point towards model misspecifica-
tions, for example, connecting unrelated importations to 
concurrent local transmission. Since endemic transmis-
sion tends to refer to cases otherwise unexplained by the 
mechanistic components, the seasonality of the endemic 
component is decoupled from the other components, i.e. 
endemic cases are likely when local and cross-regional 
transmission are lower.

Since the endemic component accounted for such a 
small minority of the cases, group importations of cases 
in a given department were rarely observed in the simu-
lations. However, tourism and local events lead to large 
gatherings and can increase the risks of group importa-
tions in a limited period of time [38, 39]. We simulated 
the spatial spread following repeated importations in a 
given department, and highlighted that although large 
outbreaks in the department of importations were com-
mon, nationwide transmission following these importa-
tions was very rare. Only the departments where all cases 
had been imported, and its neighbours, were at risk of 
uncontrolled outbreaks. Decreasing the level of vacci-
nation by 3% was associated with a large increase in the 
level of exposure of all departments, and in the number 
of departments where large outbreaks were generated 
(Additional file  1: Section  7 and 8). The high levels of 
transmission observed in recent years in France suggest 
that importations are frequent, and even a small drop in 
vaccination could dramatically increase measles trans-
mission in the country.

The calibration study showed that both models were 
able to generate accurate short-term predictions. How-
ever, the 14-day PIT histograms indicate that longer-term 
predictions may suffer from biases. We identify several 
factors that could explain the discrepancies observed for 
longer-term predictions: (i) the indicator of local immu-
nity we used was flawed: two-dose coverage may be a 
better indicator of the proportion of the population that 
is protected. (ii) The sub-regional heterogeneity in cov-
erage and past incidence could be concealed by NUTS3 
aggregated data: because of social groups that rarely mix 
with one another, or large NUTS regions. (iii) Other indi-
cators that could not be integrated in the model had an 
impact on the risks of transmission or importations, such 
as socio-economic heterogeneity, local investment in 
public health [47], or local mass gatherings (which could 
lead to repeated importations). Nevertheless, we believe 
that the results obtained using limited publicly available 
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covariates are encouraging and we intend to apply this 
method using more complete data.

We identified a number of limitations of this study that 
have not yet been mentioned: Firstly, potential reactive 
control measures in response to high levels of transmis-
sion were not accounted for. It is likely that if the level 
of incidence was increasing over a short period of time, 
control measures would be implemented and the behav-
iour of the individuals may change (e.g. school closures, 
catch-up vaccination campaigns). This could impact the 
number of expected cases after a certain threshold is 
passed, and change the dynamics in the simulated out-
breaks. Secondly, we did not include information on the 
age or the genotype of the cases. Therefore, unrelated 
importations in successive time steps in a given region 
may be considered as linked by our model. Further devel-
opment of this method could focus on taking this aspect 
into account, in order to give information on the number 
of independent concurrent chains. Thirdly, since this is 
not a transmission model which does not explicitly take 
into account the depletion of susceptibles, some extreme 
values could trigger unlikely behaviour. For instance, 
sporadic transmissions could still happen if the vaccina-
tion rate would be 100%. We do not think this would be 
entirely implausible since only the vaccination coverage 
reported in the past 3 years was taken into account in the 
models (i.e. even if it was 100% coverage, there could be 
susceptible individuals in different age groups). Finally, 
the impact of the different covariates on the number of 
cases was constant through time. However, the impact of 
seasonality may depend on factors varying each year (e.g. 
weather), which would not be accounted for in the model 
we developed.

We used variables collected in a wide range of settings 
(regional vaccine coverage, incidence, number of inhabit-
ants, surface); therefore, this analysis can be reproduced 
in other countries to analyse the potential for local trans-
mission as well as the impact of recent incidence and vac-
cine-induced immunity. Since the case counts data are 
not publicly available, we share the code used to generate 
the analysis applied to a simulated dataset on a Github 
repository (https:// github. com/ alxsr obert/ measl es- regio 
nal- immun ity).

Conclusions
Local vaccine coverage was shown to be a better indica-
tor of imminent risks of measles outbreak in France than 
the recent level of incidence. Homogeneously high vac-
cine coverage was required to substantially mitigate the 
number of local transmission following importations. 
Simulated outbreaks generated using the parameter esti-
mates of the model showed that drops in vaccine cover-
age, potentially due to increased vaccine hesitancy or 

disruption of routine immunisation programmes, would 
rapidly lead to large increases in the level of transmission 
in each department.
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Additional file 1: Figure S1. Estimates of the parameters in each 
component of Model 1, using the reference fit (grey) and ten different 
values of the composite interval (orange). unvax corresponds to the effect 
of  ui, t, the mean proportion unvaccinated over the three years before t in 
i; incid1 and incid2 correspond to the effect of N1

i,t and N2
i,t the category 

of incidence in the three years before t in i; pop corresponds to the effect 
of  mi, t the number of inhabitants at t in i; area corresponds to the effect of 
the surface; sin and cos correspond to the effects of seasonality; distance 
and population correspond to the spatial parameters of the connectivity 
matrix ω (δ and γ); overdisp is the estimate of the log-overdispersion 
parameter in the negative binomial distribution of  Yi, t. Dots show the 
mean values associated with the parameters; arrows show the 95% 
Confidence interval. The orange arrows indicate the extreme values of the 
95% confidence interval obtained using different distributions of the 
composite serial intervals. Figure S2. Estimates of the parameters in each 
component of Model 2, using the reference fit (grey) and ten different 
values of the composite interval (orange). unvax corresponds to the effect 
of  ui, t, the mean proportion unvaccinated over the three years before t in 
i; incid1 and incid2 correspond to the effect of N1

i,t and N2
i,t the category 

of incidence in the three years before t in i; pop corresponds to the effect 
of  mi, t the number of inhabitants at t in i; area corresponds to the effect of 
the surface; sin and cos correspond to the effects of seasonality; distance 
and population correspond to the spatial parameters of the connectivity 
matrix ω (δ and γ); overdisp is the estimate of the log-overdispersion 
parameter in the negative binomial distribution of  Yi, t. Dots show the 
mean values associated with the parameters; arrows show the 95% 
Confidence interval. The orange arrows indicate the extreme values of the 
95% confidence interval obtained using different distributions of the 
composite serial intervals. Figure S3. Temporal and spatial distribution of 
the missing data: Panel A: Number of missing observations per year, 
missing coverage in 2004 and 2005 did not need to be inferred in the 
model, and since 2009 was entirely missing, we did not infer any value 
that year. Panel B: Number of missing entries per region. Figure S4. Panel 
A: Values of the three parameters of the regression for each region. Panel 
B: Estimated values of coverage between 2004 and 2017, the dots 
represent the mean estimate, shaded areas correspond to the 95% 
Confidence Intervals. The purple, orange and green areas representing 
three departments illustrate how the changes through time can differ 
depending on the region. Figure S5. Diagnosis of the regression on the 
vaccine coverage. Left panel: Fitted vs residuals plot, Left panel: uniform 
quantile-quantile plot. Figure S6. Distribution of the residuals per year of 
inference. The blue line indicates the mean value every year. Figure S7. 
Estimates of the parameters in each component of Model 1, using the 
reference fit (grey) and 100 different values of coverage for the inferred 
entries (orange). unvax corresponds to the effect of  ui, t, the mean 
proportion unvaccinated over the three years before t in i; incid 1 and 
incid2 correspond to the effect of N1

i,t and N2
i,t the category of incidence 

in the three years before t in i; pop corresponds to the effect of  mi, t the 
number of inhabitants at t in i; area corresponds to the effect of the 
surface; sin and cos correspond to the effects of seasonality; distance and 
population correspond to the spatial parameters of the connectivity 
matrix ω (δ and γ); overdisp is the estimate of the log-overdispersion 
parameter in the negative binomial distribution of  Yi, t. Dots show the 
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mean values associated with the parameters; arrows show the 95% 
Confidence interval. The orange arrows indicate the extreme values of the 
95% confidence interval obtained drawing different values of coverage for 
the missing entries. Figure S8. Estimates of the parameters in each 
component of Model 2, using the reference fit (grey) and 100 different 
values of coverage for the inferred entries (orange). unvax corresponds to 
the effect of  ui, t, the mean proportion unvaccinated over the three years 
before t in i; incid1 and incid2 correspond to the effect of N1

i,t andN2
i,t 

the category of incidence in the three years before t in i; pop corresponds 
to the effect of  mi, t the number of inhabitants at t in i; area corresponds to 
the effect of the surface; sin and cos correspond to the effects of 
seasonality; distance and population correspond to the spatial parameters 
of the connectivity matrix ω (δ and γ in Equation X); overdisp is the 
estimate of the log-overdispersion parameter in the negative binomial 
distribution of  Yi, t. Dots show the mean values associated with the 
parameters; arrows show the 95% Confidence interval. The orange arrows 
indicate the extreme values of the 95% confidence interval obtained 
drawing different values of coverage for the missing entries. Figure S9. 
Estimates of the parameters in each component of Model 1 (blue) and 
Model 2 (purple): Panel A: Autoregressive component; Panel B: Neighbour-
hood component; Panel C: Endemic component; Panel D: Other 
coefficients. The y-axis. unvax corresponds to the effect of  ui, t, the mean 
proportion unvaccinated over the three years before t in i; incid1 and 
incid2 correspond to the effect of N1

i,t and N2
i,t the category of incidence 

in the three years before t in i compared to the level of reference (i.e. 
N0

0,t ); pop corresponds to the effect of  mi, t the number of inhabitants at t 
in i; area corresponds to the effect of the surface; sin and cos correspond 
to the effects of seasonality; distance and population correspond to the 
spatial parameters of the connectivity matrix ω (δ and γ); overdisp is the 
estimate of the log-overdispersion parameter in the negative binomial 
distribution of  Yi, t. Dots show the mean values associated with the 
parameters; arrows show the 95% Confidence interval. Note different 
y-axes between graphs. Figure S10. Estimates of the parameters in each 
component of Model 1 (blue) and Model 2 (purple): Panel A: Autoregres-
sive component; Panel B: Neighbourhood component; Panel C: Endemic 
component; Panel D: Other coefficients. The y-axis. unvax corresponds to 
the effect of  ui, t, the mean proportion unvaccinated over the three years 
before t in i; incid correspond to the effect of increasing the incidence in 
the three years before t in i; pop corresponds to the effect of  mi, t the 
number of inhabitants at t in i; area corresponds to the effect of the 
surface; sin and cos correspond to the effects of seasonality; distance and 
population correspond to the spatial parameters of the connectivity 
matrix ω (δ and γ); overdisp is the estimate of the log-overdispersion 
parameter in the negative binomial distribution of  Yi, t. Dots show the 
mean values associated with the parameters; arrows show the 95% 
Confidence interval. Note different y-axes between graphs. Figure S11. 
Seasonality of each component in Model 1 (Panel A) and Model 2 (Panel 
B). We quantified the impact of seasonality using the percent of variation 
around the mean value every day. Figure S12. Panel A and B: Daily and 
weekly fit between the data and Model 2. The inferred number of cases is 
split among the three components of the model. Panel C to F: PIT 
histograms of Model 2, generated respectively for predictions 3, 7, 10, and 
14 days ahead. Figure S13. Comparison between predictions 3, 7, 10, and 
14 days ahead using model 1 and model 2 and the data. Lines correspond 
to the median estimates, shaded areas correspond to the 95% predictions 
intervals. The blue and purple predictions are similar for the entire 
calibration period, hence the curves overlap in all panels. Black dots 
represent the number of cases 3, 7, 10, and 14 days ahead in France at 
each date. Figure S14. Proportion of cases per component in both 
models. Figure S15. Percentage of simulations where the number of 
cases reported in each region in 2019 was at least 1, 10, and 50 cases for 
each scenario using parameter estimates from Model 2. Each row 
corresponds to a different scenario: i) Reference, ii) Minimum level of 
recent incidence in each region, iii) Local vaccine coverage increased by 
3% in each region, iv) Local vaccine coverage decreased by 3% in each 
region. Figure S16. Percentage of simulations where the number of cases 
reported in each region in 2019 was at least 1, 10, and 50 cases following 
the importations of ten cases in December 2018, and using the parameter 
estimates from Model 2. For each row, the region of importation is 
indicated by a black dot. Figure S17. Geographic distribution of the 

number of inhabitants (right panel), average vaccine coverage (central 
panel), and recent incidence (left panel) at the end of 2018. Figure S18. 
Percentage of simulations where the number of cases reported in each 
region in 2019 was at least 1, 10, and 50 cases following the importations 
of ten cases in December 2018, and using the parameter estimates from 
Model 1 and a three percent decrease in vaccine coverage in each region. 
For each row, the region of importation is indicated by a black dot. Figure 
S19. Percentage of simulations where the number of cases reported in 
each region in 2019 was at least 1, 10, and 50 cases following the 
importations of ten cases in December 2018, and using the parameter 
estimates from Model 1 and a three percent increase in vaccine coverage 
in each region. For each row, the region of importation is indicated by a 
black dot. Figure S20. Sharpness, bias and RPS scores of the Daily model 
with and without Random Effects (RE), and of the aggregated model. 
Figure S21. Number of cases by day of the week. We used the onset date 
for each case reported to the ECDC between 2009 and 2018. Figure S22. 
Comparison of the parameter estimates obtained in Model 1 (similar to 
Fig. 2) with or without a weekday covariate added in each compartment. 
Weekday was computed as a binary covariate, whose value was 1 on 
Saturdays and Sundays, and 0 otherwise.
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