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1 ZIKV Transmission Dynamics

The human-vector chain-binomial model is based on an SEIR compartmentalization of human
populations and SEI compartmentalization of vector populations [1].

Humans can be in one of four compartments: susceptible individuals (S¥) who lack immu-
nity against infection, exposed individuals (Ef') who have acquired infection but are not yet
infectious, infected individuals (I') who can transmit infection (and may or may not display
symptoms), and removed individuals (R¥) who are no longer infected. People in the final com-
partment may recover and gain immunity or die. As we are considering a timescale of a few
years that is relatively short when compared to human demographic dynamics, we treat the
total human population size as constant, i.e. SH + FH 4+ [H 4 RH — NH

The transition of people between compartments is performed stochastically, based on various
biological factors. Following Ref. [2], susceptible humans transition to the exposed compartment
under the force of infection (A) which is proportional to the rate at which a particular human is
bitten by the infected mosquitoes (I /NV), the parameter 3 that accounts for the daily mosquito
biting rate and the specific transmissibility of ZIKV, and the temperature dependence of the
mosquito-to-human probability of transmission (7y ). By considering the factor k expressing
the number of mosquitoes per person we have N = NV /k, yielding a force of infection A\H =
kBTVHJ%/. On average individuals stay in the exposed or infectious state for the duration of
the mean intrinsic latent period 6;{1 and the mean infectious period u;ll, respectively.

The vector population is divided into three compartments: susceptible (SV), exposed (EV),
and infectious (IV), respectively. The force of infection (A\"') governing the transition rate from
susceptible to exposed individuals among the vector population is proportional to the density
of infectious humans (I /NH#). On average mosquitoes are in the exposed state the mean
extrinsic latent period e‘_/l. The average lifetime of mosquitoes in each compartment ,u‘_/l varies
across spatial locations and time of the year [3] as discussed in the next section. The overall
mosquito population is rescaled every day as shown in Sec. 2, and it is considered in equilibrium
during the daily integration step so that mosquito deaths are replaced by an equal number of
new susceptible mosquitoes. Similar to the force of infection from vector to human, the force
of infection from human to the vector, AV, is a function of 3, the temperature dependence of
human-to-mosquito transmission (7gv ), and the density of infectious humans (]{%) We thus
have \V = ﬁTHv]{%.

The coupled population equations describing the epidemic time evolution read as:

Shy = S —Agu_pn (1)

Bl = EF4+A —A (2)
t+1 t SH spH EH _JH

Ig_l = ItH—i-AEH_ﬂH — Aja_, g (3)

RE&-I = RI'+Apu_pn, (4)



and

St = S —Agvpv +Ap_gv + Apv_gv (5)
Efy = B —Apv_gv —Apv_ v+ Agv_pv (6)
It‘j-l = Itv +Agv_ v —Apv_gv. (7)

In the above expressions each term Ax_,y represent the number of human or vector indi-
viduals transitioning from state X to state Y. Transitions are calculated according to chain
binomial processes Ax_,y = Binomial(X,px_y), and px_,y are transition probabilities deter-
mined by the force of infection and the average lifetime of individuals in each compartment. We
assume memoryless discrete stochastic transition processes. It is worth stressing that the terms
A _gv, Apv_,gv are introduced to model the replenishment of mosquitoes after death.

By using the standard approach of Ref. [2], the basic reproduction number can be expressed
as:

Ry = kB“TvuTay. 8
0 (v + ) (o) B TvuTuv (8)

It is worth remarking that the basic reproduction number varies in each location according to
the temperature and mosquitoes abundance.

1.1 Temperature/Seasonal Dependent Parameters

e Mosquito Lifespan: We base our mosquito lifespan and corresponding mortality rate on
temperature. The relationship between mortality rate and temperature is polynomial,
taking the form [3]:

py (T) = 0.3967 — 0.03912T + 2.442 x 1073T% — 7.479 x 107573 4 9.298 x 10~ "T%. (9)

Considering temperature ranges from 0° C to 40° C, the resulting range of average lifespans
goes from just under 1 day up to 7.2 days. The corresponding minimum and maximum
daily mortality rates for mosquitoes are 1 days~! and 0.1389 days~!, respectively.

o Temperature dependence of the transmission probability per bite: Both the mosquito-to-
human and human-to-mosquito probabilities of transmission are temperature dependent
for DENV [4]. We thus assume that also for ZIKV the mosquito-to-human transmission
probability sharply declines to zero at 1" = 28°C. When Ty x(T) is close to zero, Ty (T')
becomes less relevant. The virus will not continue to circulate if the mosquitoes can no
longer infect humans, even if the reverse transmission probability is one. Therefore, for
simplicity, we consider Ty (T) = Ty (T') and use the expression for Ty g to describe both:

Ty = 0.0010447T (T — 12.286)/32.461 — T.. (10)

We also note that in principle the number of bites per day is not constant. We have found
reports for Puerto Rico [5], showing a non-statistically relevant association, while there
is a mild dependence in Thailand [5]. In addition, the number of blood meals per day
seems to be constant across different seasonal cycles. Given our focus on the Americas
we decided to assume the results from Puerto Rico. Furthermore blood meal variations
appears to be a relatively minor contribution to the many temperature dependent factors
affecting the behavior of the model [6].



e Seasonal variation of mosquito abundance: For areas with distinct seasonality, the vector
abundance may vary significantly from season to season due to temperature, vector life
cycle, etc. In the following, we consider a temporal modulation function ky(t) to describe
the relative abundance modulation throughout the year in each subpopulation b considered
in the model, as detailed in Sec. 2.

1.2 Spatiotemporal Dependency and Seasonality

The different values of the parameters and mosquitoes per person in each subpopulation con-
sidered in the model yield a functional dependence of the basic reproduction number, Ry (%),
in each subpopulation b at time ¢ that reads as:

_ v 2
Rop(t) = (v + v (Do) (v (Tod) MH)kb(Tb,t) B Tva(Tyy) Tav(Thy), (11)

where T}, is the average temperature in subpopulation b at time ¢. The variable Ry4(t) has
distinct temporal and geographical variations as shown in Fig. 3 of the main article. Therefore,
the seasonal and local drivers have the potential to shape both the timing and the magnitude
of ZIKV outbreaks.

1.3 MCMC Calibration for ZIKV Transmissibility and Sensitivity Analysis

The calibration of the model is performed using surveillance data from the 2013 ZIKV outbreak
in French Polynesia. The dataset is based on weekly situation reports from the Centre d’Hygiene
et de Salubrité Publique [1, 7, 8]. The reported number of new weekly suspected ZIKV cases
is available for each of the six main regions of French Polynesia: Tahiti, Sous-le-vent, Moorea,
Tuamotu, Marquises, and Australes. However, since there are no evident temporal separations
between the outbreaks of different regions, the regional data is aggregated to obtain the overall
weekly reported number of new suspected ZIKV cases in French Polynesia. We consider a
deterministic version of the model, reported in Sec 1 with the same notation.
There are 8 parameters in the infection dynamic model:

e Intrinsic latent period 1/ep,

e Extrinsic latent period 1/ey,

e Human infectious period 1/up,

e Mosquito life span 1/uy,

e Number of mosquitoes per person k,

e ZIKV transmissibility S,

e Human-to-mosquito temperature dependence of the transmissibility 7Tz, and

e Mosquito-to-human temperature dependence of the transmissibility 7Ty 7.



Unfortunately many parameters characterizing ZIKV are surrounded by uncertainty. We set the
number of mosquitoes per person as a constant k = kpp. A sensitivity analysis using different
values of kpp in the range of [1 — 3] has been performed. It must be noted that, all other
parameters being equal, variations in k are absorbed by a rescaling of the parameter 3. The
mosquito life span is temperature-dependent and using equations in Sec. 1.1, along with the
typical temperature during 2013 French Polynesia outbreak, we estimated that 1/uy = 7.16
days.

The parameters 1/ex, 1/ey, 1/pug, and 1/py define the serial interval of the infection. We
have considered different parameter sets that define one reference scenario along with short and
long serial interval scenarios which explore the range of parameters reported in the literature.
The values of the parameters are reported in Fig. 7b) of the main text. Assuming Tyy ~ Ty g
and utilizing the fact that 8 and Ty (Ty ) always appear together on both sides of the force
of infection, 8 and Tgy are calibrated together into the overall transmissibility 3 = 8Ty .

The initial conditions at time ¢ = 0 for the number of exposed humans E{g , the number of
exposed mosquitoes Et‘g , the infected humans Itlg , and the infected mosquitoes It‘g allow us to
numerically solve the infection dynamics. The cumulative number of infections C; can thus be
obtained as: dC; = eHEg{ dt. Thus the weekly new incidence ¢; is given by ¢; = Cy — Cy_1.

Here we use a negative binomial measurement model [9, 1] with mean pc; and variance
pce(r + pey) /r; p is the reporting rate, defined as the proportion of infections (symptomatic and
asymptomatic) that gets reported as clinical cases; r is the dispersion parameter of the negative
binomial distribution used to fit the data. To narrow the parameter space even more, we assume
Eg = ItIg and E}g = It‘g . For each scenario, we are left with a total of five unknown parameters
that require calibration:

e overall transmission rate [3,

initial number of infected humans Itlg ,

initial number of infected mosquitoes It‘g ,

e reporting rate p, and

dispersion parameter 7.

A random walk Metropolis-Hastings Markov Chain Monte Carlo (MCMC) algorithm is per-
formed to calibrate the parameters above. We assume no prior information available for these
parameters, thus a uniform prior is used. The joint posterior distribution of the parameters was
sampled from 200,000 MCMC iterations, after 100,000 burn-in steps. The marginal posterior
distribution of parameters for each scenario is shown in Fig. S1.

Once calibrated, the 2013 French Polynesia outbreak is used as the reference point to obtain
infection parameters in other geo-locations. Specifically, 8 remains constant and independent of
geographical locations, while all other parameters are rescaled in each subpopulation according
to the daily temperature data, mosquito presence, and socioeconomic drivers, as shown in the
following sections.
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Figure S1:  MCMC calibration based on the 2013-2014 French Polynesia outbreak [1]. A)
Marginal posterior distribution of the basic reproduction number Ry and overall transmission
rate 3 for the short serial interval scenario. The median Ry and 3 values are listed in the upper
left-hand corners of the top and bottom figures, respectively. B) Marginal posterior distribution
of the basic reproduction number Ry and overall transmission rate B for the reference serial
interval scenario. C) Marginal posterior distribution of the basic reproduction number Ry and
overall transmission rate 3 for the long serial interval scenario.

2 Spatiotemporal dependence of the vector population

The mosquito abundance, factored into the model through the number of mosquitoes per person,
is a quantity that depends on the geographical location and time of the year. Mosquito abun-
dance is crucial in defining the risk of ZIKV outbreaks, as well as temporal patterns. Here we
consider the data for Aedes mosquitoes presence collected in Ref. [10]. The Global Aedes aegypti
and Aedes albopictus distribution is provided at the fine spatial resolution of 5 x 5 km cells and
yields the uncertainty of Ae. aegypti/Ae. albopictus presence in each cell. At 0.25 x 0.25 degree
spatial resolution (25km x 25km along Earth’s Equator), the cell used by GLEAM contains mul-
tiple measurements of vector presence uncertainty. A cell of GLEAM contains m measurement
of vector presence uncertainty, which are p1, po, ...p.,. We thus define an average vector presence



c in each cell of GLEAM, ¢ = m~1 """, p;. The typical daily commuting range for humans is
about the size of a GLEAM population cell. The population within the cell can be considered
well-mixed, which means the entire population is exposed to the mosquitoes, but with a relative
probability of mosquito explosure ¢ in each cell.

As the mosquito presence distribution does not consider seasonal variation, we have included
a monthly modulation function depending on the local temperature in each census area. This
function was obtained by simulating a density-dependent stochastic model, which mimics the
biological processes driving the developmental cycle of Ae. albopictus in a typical breeding site.
The model is reported in Sec. 5. The modulation function has the following form:

k(t) o< exp(—(T'(t) — 25)2/50), (12)

where T(t) = Zzo T(t —14)/79, t is the time in days and T'(t) is the average temperature on
day t. To obtain the absolute value of k(t) we need a rescaling constant k. that provides the
variation of mosquitoes per person:

ki(t) = cikeexp(—(T(t) — 25)/50), (13)

where ¢; accounts for the relative probability of exposure in cell i. Since the model is calibrated
on the 2013 ZIKV outbreak in French Polynesia, under the assumption that during the outbreak
the effective number of mosquitoes per person in French Polynesia (FP) is equal to the value
krp used in the MCMC calibration, we obtain the following expression for k.:

kpp

ke = - , (14)
crp exp(—(T(t*) — 25)%/50)

where T'(t*) is the average temperature during the French Polynesia outbreak and cpp is the
specific rescaling factor of the number of mosquitoes per person in French Polynesia. The above
calibration depends on the number of mosquitoes per person considered in French Polynesia.
This value however must be consistent with the MCMC calibration that rescales the vector
transmissibility accordingly. Since the MCMC procedure determines the Ry characterizing the
outbreak in French Polynesia, variations of kpp are absorbed in the parameter [3; as such, they
do not alter the relative reproduction number variation across geographical location and time.
We have explicitly considered values of kpp in the range 1 to 3, confirming the invariance of the
results under consistent rescaling of all parameters.

3 Population at risk of ZIKV exposure

The GLEAM model integrates the transportation dynamics at the level of subpopulation. Each
subpopulation b is defined by a group of cells ¢ that may have different local weather (for ex-
ample, due to the altitude) and socioeconomic attributes. This implies that only a fraction
of individuals belonging to each subpopulation is actually exposed to ZIKV and participates
in the global spreading of the infection. In the following we use an approach that bears some
resemblance the one used by Perkins et al. [11] in introducing socioeconomic factors, in that we
use economic data and correlate with the magnitude of known outbreaks. However, while in



Ref. [11] the analysis aims at rescaling the local reproductive number, we opted for a rescaling
of the population effectively exposed to the disease. In order to compute the population at
risk, we must exclude from the exposed population, individuals belonging to cells where envi-
ronmental factors are not favorable to the spreading of ZIKV. In particular, for each cell ¢, if
the average reproductive number during the highest 180 days is less than one, the population is
not considered at risk for a self-sustaining outbreak. Thus for each subpopulation, the fraction
of population environmentally exposed to ZIKV is:

Do i

T =
en Zl ni Y

where i/ denotes a cell at risk of ZIKV, n; is the population of the cell considered and the
summation is over all cells ¢ included in the subpopulation b.

However, many of the studies suggest that even if the environmental conditions are suitable
for arbovirus transmission, the population’s risk of exposure to mosquitoes may still vary due to
socio-economic heterogeneities [12, 11, 13]. For example, different socio-economic factors, such
as improved sanitation facilities, the fraction of the population living in extreme poverty, use of
air conditioning in buildings, housing conditions, education level, and level of employment, may
alter the arbovirus exposure risk. All of those factors are in general strongly correlated with the
level of economic development of the geographical region under study.

For this reason, we have only considered arbovirus outbreaks in naive populations for which
reliable estimates are available for both the final infection attack (AR finq), which is generally ob-
tained through seroprevalence studies, and the ideal infection attack rate (AR;geqr), which is com-
puted when only environmental factors are considered. The ratio rse = AR fina1/ARidear provides
a proxy for the fraction of exposed population that we can associate with the geographically-
based version of the per capita Gross Domestic Product based on Purchasing Power Parity rates
(GDP per capita, PPP) which is in turn used to capture the socio-economic differences that
exist across and within countries. Each cell is then assigned a Gross Cell Product (GCP) by
allocating the subpopulation GDP proportionally to the population sizes of the cells within this
subpopulation. We find that the above association is well approximated by the relation:

(15)

Tee = O+ glog(GCP per capita, PPP), (16)

where @ and J are estimated using an ordinary least squares (OLS) regression based on the
outbreak reported in Fig.S2. The quantity 7. is associated with the corresponding value of
the Gross Cell Product (GCP) per capita of each GLEAM cell, and it yields the fraction of
population actually exposed to ZIKV.

However, in our model simulations, we do not use the point estimate of 7s.. Rather, for each
cell, we consider 1,000 different values as drawn from the 95% prediction interval of the fitted
model. By doing so, we control for the fact that our regression model has been calibrated using
a limited amount of data and therefore introduce an additional element of stochasticity in our
simulations to account for the uncertainty related to our estimates.

In order to derive the fraction of population exposed to ZIKV in each subpopulation b we
can consider all cells i|i € b. Let n; denote the population in cell i, and let rs.; denote the

9
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Figure S2: Risk of exposure as function of the Gross Cell Product (GCP) per capita (dashed line
and shaded area represent best fit and 95% CI separately). Attack rates of previous chikungunya
outbreak can be found in Refs. [14, 15, 16, 12, 17, 18, 19, 20]

fraction of people in cell ¢ exposed to ZIKV for socio-economic reasons. The overall population
exposed to ZIKV in the subpopulation b is then:

Nbeacp = ere,i/ni/, (17)
{i'}

where i’ are the cells environmentally exposed to ZIKV.

Within each subpopulation b only exposed individuals Nf P are considered in the infection
transmission dynamic, while the entire population IV is considered in the mobility process. The
baseline level ZIKV infection dynamic works at the homogeneous mixing level, and quantities
are thus averaged over the environmentally exposed cells:

Z{i/} Ci'T'se,i’ T/

18
Cp Nbe:(;p ) ( )
and S T
iy L (L) T se, it Ty
T(H) = = (19)
b

The remaining spatio-temporal dependent infection parameters at the subpopulation level can
be calculated accordingly. In Fig.S3 we show a schematic representation of the process of
computing the remaining population in each cell of GLEAM. Starting from the original cell’s
population in GLEAM, the GECON, and Aedes mosquitoes distribution data act like filters for
the population at risk through 7., and 7.

The spatial heterogeneities of population at risk due to environmental and socio-economic
factors also affect the diffusion of disease among subpopulations. A person exposed or infected

10
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Figure S3: Schematic representation of the process of computing the remaining population
for each subpopulation in GLEAM. Starting from the original cell’s population in GLEAM, the
GECON and Aedes mosquito distribution data act like filters for the population at risk through
Ten and rge.

with ZIKV who travels from a subpopulation experiencing an on-going outbreak will not be
able to seed the epidemic in the subpopulation of travel destination, if his or her destination is
not at risk of ZIKV due to environmental or socioeconomic factors. Specifically, in the model,
assuming the fraction of exposed population in destination subpopulation b is NP /Ny, the
probability of a traveling ZIKV carrier entering an area where the population is exposed to
ZIKV and participating in the transmission dynamics is N; " /N;. Conversely, the probability
of a traveling ZIKV carrier entering the area where the population is not exposed to ZIKV
and isolated from further transmission is 1 — N, /N,. It is worth noticing that by focusing
on the fraction of effectively exposed population, even in places where economic factors can be
extremely favorable it is possible to have smalls outbreaks. A clear example of this situation is
the ZIKV outbreak in the US.

4 Microcephaly Projection

The projection of potential microcephaly cases related to ZIKV follows the model proposed
in the study of ZIKV-microcephaly association of 2013-2014 French Polynesia outbreak [21].
Specifically, we used a first trimester model: if a woman is infected with ZIKV during the first
trimester of her pregnancy, the risk of microcephaly associated with ZIKV is p,, during the first
trimester and 0 otherwise. For simplicity, we use a pregnancy model with a fixed duration of
pregnancy of 40 weeks; neither miscarriage nor termination of pregnancy is considered. Given

11



the weekly birth rate r, [22] and weekly new ZIKV infections ¢(t) in an administrative area with
population NN, the number of women beginning a pregnancy in a given week is:

np = Nrp. (20)
The probability of a woman being infected with ZIKV during the first trimester of her

pregnancy is:
t+Atirimi C(t/)

pe(t) = =, (21)
where Atyrim1 = 13 weeks is the length of first trimester.
Thus, the projected number of microcephaly cases of a given week is given by:
t/—&-Atmm1 C(t/)
N (t + Atpreg) = np X pz(t) X p = N7p X Py X t=t (22)

N )
where Atp..q = 40 weeks is the duration of pregnancy.

Equation 22 establishes the relationship between number of new ZIKV cases ¢(t) and pro-
jected number of new microcephaly cases n,,(t).

5 Developmental cycle of Aedes mosquitoes

We estimate a temperature modulation function that reproduces the seasonal pattern of female
adult mosquitoes. The proposed approach is based on a model previously used to estimate
the abundance of female adults of Ae. albopictus during the 2007 chikungunya outbreak in
Emilia Romagna (Italy) [23]. Briefly, the model mimics the biological processes driving the full
developmental cycle of Ae. albopictus in a typical breeding site, explicitly accounting for egg
hatching, pupation, adult emergence, and for the adult life cycle of alternate feeding and laying
of eggs (gonotrophic cycle). The developmental rates from one stage to the next, the duration
of the gonotrophic cycle, and the mortality rates of different life stages depend on the average
daily temperature [24]. The temporal dynamics of eggs (E), larvae (L), pupae (P), and female
adults (A) is described by the following equations:

1 E
E = ne-A(1-=) = peE—d.E
ng(K>M
L' = dE—dL— L (23)

P = dL—d,P—p,P
1
AI = idpP — /.,LaA7

where n, is the number of eggs laid in one oviposition, g is the duration of gonotrophic cycle,
K drives the carrying capacity for the eggs, ue, tu, tip, fta are the death rates associated with
different stages of the mosquitoes and d., d;, d,, are the developmental rates driving the transitions
of vectors across the different mosquito life stages; the 1/2 term in the last equation accounts
for a 1:1 sex ratio of adult mosquitoes.

12
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Figure S4: A) Average mosquito density at different temperatures as estimated by model
simulation (grey points). Fitted average mosquito density at different temperatures, by assuming
the following relationship: D(T) = 2500exp{—(T — 32)2?/150} (cyan line). B) Mean daily air
temperature over time (blue line). Average mosquito density as estimated by model simulation
(cyan line). Predicted mosquito density over time, by assuming the following relationship:
D(T) = 2500exp{—(T — 32)2/150} (green line). C) Average mosquito density at different
temperatures as estimated by model simulation (grey points). Fitted average mosquito density
at different temperature values of T = Zz?io T(t—1)/79, by assuming the following relationship:
D(T) = 2300exp{—(T — 25)?/50} (cyan line). D) Mean temperature values of T over time
(blue line). Average mosquito density as estimated by model simulation (cyan line). Predicted
mosquito density over time, by assuming the relationship following: D(T) = 2300@xp{—(7~“ —
25)2/50} (green line).

The simulated average abundance of female adult mosquitoes within a breeding site is dis-
played in Fig S4 A), along with the average daily air temperature observed in Emilia Romagna
during 2007. The expected density of adult mosquitoes at different temperatures were estimated
by computing for each degree of temperature T between 0°C-30°C the mean number of female
adults predicted among days characterized by an average daily temperature within the range
defined by T-0.5°C and T+0.5°C. Since high temperature reduces the mosquito survival rate
(especially in adults), and low temperature prevents the development of immature stages into
adults, the mosquito density is expected to be lower at both low and high temperature regimes.
We therefore fit a Normal density function to the expected number of adult mosquito at differ-
ent temperatures. Obtained results are shown in Fig S4B. The described procedure provides a
modulation function of temperature that is used to approximate the seasonality of the mosquito
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abundance.

As shown in Fig S4 B) the proposed approximation overestimates the abundance of the
vector in spring (i.e. at the beginning of the breeding season), and underestimates the mosquito
density in autumn. In fact, this procedure does not account for two critical factors. The first one
is that adult abundance depends on the persistence of favorable temperature conditions during
the whole life cycle of the mosquito’s development. The second one is that the mosquito density
at a given time is influenced by the vector abundance in the preceding generations. We therefore
investigated the relationship between the density of adult mosquitoes at a given time ¢ with the
mean air temperature recorded between t — At and t. In particular, we considered different
values of At, ranging from 1 to 365 days and fit separately for each value of At a Normal density
function to the expected abundance of vectors at different values of T'(t) = ZiA:to T(t—1i)/At (see
Fig S4C). Results show that the best approximation of the adult mosquito density is obtained
when a time window of 79 days is considered. The proposed approach provides a suitable
modulation function to reproduce seasonal patterns characterizing the relative abundance of
adult mosquitoes over time by using temperature values only (see Fig S4 D).

6 Sensitivity analysis

In the following we report sensitivity analyses that are calibrated according to three different
scenarios.

e Aegypti scenario. This scenario considers Ae. aegypti as the only competent ZIKV vector.
The parameters describing the infection are set in the middle of the range of the estimates
in the literature.

e Short serial interval scenario. This scenario considers both Ae. aegypti and Ae. albopictus
as competent ZIKV vectors. The parameters describing the infection are set in order to
explore the shortest serial interval allowed by the range of parameters reported in the
literature.

e Long serial interval scenario. This scenario considers both Ae. aegypti and Ae. albopictus
as competent ZIKV vectors. The parameters describing the infection are set in order
to explore the longest serial interval allowed by the range of parameters reported in the
literature.

The three additional scenarios described above, when compared to the reference scenario,
provide similar posterior distributions of location and time of introduction in Brazil. The most
likely time of introduction is between October and December 2013, and the most likely location
of introduction is Rio de Janeiro for all three scenarios. The timing and profile of Zika/births
with first trimester ZIKV infections resemble the reference scenario as well. Variations are
observed for the country level ZIKV infection ARs (by February 28, 2017). This is clearly due
to the change of the reproductive number in the case of longer or shorter serial interval and to the
difference in mosquitoes’ presence in the case that only Ae. aegyptiis a competent vector. Figure
S5 summarizes the changes in the three additional scenarios when compared to the reference
scenario.
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Figure S5: Comparison of ZIKV infection ARs between reference scenario and three
additional scenarios: Projected ZIKV infection ARs(Median estimates) and 95% CI through
February 28, 2017 for the Reference scenario, Aegypti scenario, Short serial interval scenario,
Long serial interval scenario, in eight affected countries in the Americas. ZIKV attack rates
include asymptomatic infections. The denominator is the entire country population, including
regions that are not exposed to the vector.
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Aegypti scenario
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Figure S6: Aegypti Scenario: Posterior distribution for ZIKV introductions in twelve major
transportation hubs in Brazil between April 2013 and June 2014, incorporating the likelihood of
replicating the observed epidemic peak in Colombia. A) Full posterior distribution as a function
of location and time of introduction. B) Marginal posterior distribution for time (month) of
introduction. C) Marginal posterior distribution for location of introduction.
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Figure S7: Aegypti Scenario: Estimated daily number of new ZIKV infections (per 1000
people) in eight affected countries in the Americas between January 2014 and February 2017.
The bold line and shaded area refer to the estimated median number of infections and 95 %
CI of the model projections, respectively. Rates include asymptomatic infections. The median
incidence is calculated each week from the stochastic ensemble output of the model and may
not be representative of specific epidemic realizations. Thin lines represent a sample of specific
realizations. *Puerto Rico curves are constrained under the condition that the peak of incidence
curve is after March 1, 2016, based on surveillance data [25].
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Figure S8: Aegypti Scenario: Estimated daily number of births between October 2014 and
December 2017 from women infected with ZIKV during the first trimester of pregnancy in eight
affected countries in the Americas. The bold line and shaded area refer to the estimated median
number of births and 95 % CI of the model projections, respectively. Note that Brazil is plotted
with a different scale. The median curve is calculated each week from the stochastic ensemble
output of the model and may not be representative of specific epidemic realizations. Thin lines
represent a sample of specific realizations.

18



Infection AR % Cumulative Microcephaly Cases (median with 95%Cl)

(median with 95%Cl) first trimester risk: 0.95% first trimester risk: 2.19% first trimester risk: 4.52%
Feb.1,2016§Feb.28,2016 Feb.1,2016 Dec. 10,2017 Feb.1,2016 Dec. 10,2017 Feb.1,2016 Dec. 10, 2017
Brazil 15[12—16]2 16[14-17] 808[186—1022];1148[1054—1240] 1863[430—2357]22647[2429—2859] 3845[887—4864]25463[5013—5901]
Colombia| 3[2-5] 9[8-10] 0[0-5] 167[147-191] 1[0-12] 386(339- 440 1[0-26] 796[699- 908 ]
Mexico| 0[0-2] 4[2-5] 0[0-9] 242[133-299] 0[0-21] 557307 - 689] 0[0-43] 21151[634-1423]
Puerto Rico*| 2(0-6] | 20(14-26]| 0[0-0] | 19[14-25] 0[0-0] | 43[31-57] 0[0-0] . 88[65-118]
El Salvador| 0[0-3] © 12[7-15] 0l0-0] i 29[18-57] 0[0-0]  67[41-85] 0[0-0] © 139[84-175]
Honduras | 1[0-15] 32[20-36]|| 0[0-0] 130([83-151] 0[0-1] 300[192-347] 0[0-2] 620[396-717]
Haiti 37[07531248[40—54] 0[0-120] 306260 - 349] 0[0-278] 706599 - 805] 0[0-573] %1456[1235—1661]
Venezuela| 8[1-18] 17015-19] || 1[0-61] 247(216-283] 2[0-141] 569 [ 498 - 653 3[0-291] %1174[1029-1347]

Figure S9: Aegypti Scenario: Projected ZIKV infection ARs through the time of the WHO
declaration of a PHEIC on February 1, 2016, and through February 28, 2017, in eight affected
countries in the Americas. Median estimates and 95 % ClIs are provided. ZIKV attack rates
include asymptomatic infections. The denominator is the entire country population, including
regions that are not exposed to the vector. Cumulative microcephaly cases due to ZIKV infection
during the first trimester of pregnancy through the time of the WHO declaration of a PHEIC on
February 1, 2016, and through December 10, 2017, in eight affected countries in the Americas.
We consider three different risks of microcephaly associated with ZIKV infection during the
first trimester: 0.95% first trimester risk based on a study of the 2013-2014 French Polynesian
outbreak [21]; 2.19% (100% over-reporting) and 4.52% (no over-reporting) first trimester risks,
based on a study of Bahia, Brazil [26], given a model-estimated 29% infection AR in Bahia.
*Puerto Rico curves constrained under the condition that the peak of ZIKV incidence curve is
after March 1, 2016, based on surveillance data [25].
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Figure S10: Aegypti Scenario: A) Correlation between the number of ZIKV cases by state in
Colombia as reported by surveillance data through October 1, 2016 [27], compared with state-
level model projections of infections (median with 95 % CI). Pearson’s r correlation coefficient
is reported for the linear association on the log scale. The outlier (in dark green) excluded
from the statistical analysis corresponds to the Arauca region. B) Timeline of microcephaly
cases in Brazil though April 30, 2016. Bar plot shows weekly definite (or highly probable cases)
and moderately (or somewhat probable cases) from surveillance data [28]. Line plots indicate
estimated weekly new microcephaly cases given three levels of first trimester risk: 4.52% (round)
[26], 2.19% (square) [26], and 0.95% (diamond) [21]. C) Bar plot of ZIKV infections imported
into the continental USA by state(s) as reported by CDC surveillance through October 5, 2016
[29], and compared to model projections (median with 95 % CI) for the same period assuming
5.74% reporting/detection. The insert shows the correlation between CDC surveillance data
and model projections (median with 95 % CI).
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Figure S11: Short Serial Interval Scenario: Posterior distribution for ZIKV introductions in
twelve major transportation hubs in Brazil between April 2013 and June 2014, incorporating the
likelihood of replicating the observed epidemic peak in Colombia. A) Full posterior distribution
as a function of location and time of introduction. B) Marginal posterior distribution for time
(month) of introduction. C) Marginal posterior distribution for location of introduction.
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Figure S12: Short Serial Interval Scenario: Estimated daily number of new ZIKV infections
(per 1000 people) in eight affected countries in the Americas between January 2014 and February
2017. The bold line and shaded area refer to the estimated median number of infections and
95 % CI of the model projections, respectively. Rates include asymptomatic infections. The
median incidence is calculated each week from the stochastic ensemble output of the model and
may not be representative of specific epidemic realizations. Thin lines represent a sample of
specific realizations. *Puerto Rico curves are constrained under the condition that the peak of
incidence curve is after March 1, 2016, based on surveillance data [25].
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Figure S13: Short Serial Interval Scenario: Estimated daily number of births between
October 2014 and December 2017 from women infected with ZIKV during the first trimester of
pregnancy in eight affected countries in the Americas. The bold line and shaded area refer to
the estimated median number of births and 95 % CI of the model projections, respectively. Note
that Brazil is plotted with on different scale. The median curve is calculated each week from
the stochastic ensemble output of the model and may not be representative of specific epidemic
realizations. Thin lines represent a sample of specific realizations.
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Infection AR % Cumulative Microcephaly Cases (median with 95%Cl)

(median with 95%Cl) first trimester risk: 0.95% first trimester risk: 2.19% first trimester risk: 4.52%
Feb.1,2016;Feb.28,2017 Feb.1,2016 Dec. 10,2017 Feb. 1,2016 Dec. 10, 2017 Feb.1,2016 Dec. 10,2017
Brazil 13[10-15]§ 14[12-16] 836[234-1067]§1032[914-1155] 1927[539-2460]§2379[2107-2662] 3978[1113-5077]§4910[4348-5495]
Colombia | 4[2-6] 9[7-10] 1[0-25] 161[135-188] 1[0-59] 370[312-434] 3[0-121] 765645 - 896 ]
Mexico | 0[0-2] 3[1-4] 0[0-19] 189[37-259] 0[0-43] 436[85-507] 0[0-89] ;899[175-1232]
Puerto Rico* | 1[0-6] 17[11-25] || 0[0-0] 16[11-24] 0[0-0] 38[25-54] 0[0-0] 78[51-112]
El Salvador | 0[0-9] & 11[4-13] 0[0-0] : 27[9-33] 0[0-11  e3[21-77] 0[0-1] ¢ 129[42-159]
Honduras 1[0—27]229[15—34] 0[0-9] 120(62-140] 0[0-21] 276[143-323] 0[0-43] 569 [ 296- 666 ]
Haiti | 38[0-49] 44(38-50] || 0[0-187] 284[242-320] 0[0-430] 654 [ 558- 738 0[0-888] §1349[115271522]
Venezuela 11[2-16]§ 15[13-18] || 3[0-157] 222[191-256] 8[0-362] 511[440-591] 16[0-747] §1054[908-1220]

Figure S14: Short Serial Interval Scenario: Projected ZIKV infection ARs through the
time of the WHO declaration of a PHEIC on February 1, 2016, and through February 28,
2017, in eight affected countries in the Americas. Median estimates and 95 % Cls are provided.
ZIKV attack rates include asymptomatic infections. The denominator is the entire country
population, including regions that are not exposed to the vector. Cumulative microcephaly
cases due to ZIKV infection during the first trimester of pregnancy through the time of the
WHO declaration of a PHEIC on February 1, 2016, and through December 10, 2017, in eight
affected countries in the Americas. We consider three different risks of microcephaly associated
with ZIKV infection during the first trimester: 0.95% first trimester risk based on a study of the
2013-2014 French Polynesian outbreak [21]; 2.19% (100% over-reporting) and 4.52% (no over-
reporting) first trimester risks, based on a study of Bahia, Brazil [26], given a model-estimated
27% infection AR in Bahia. *Puerto Rico curves constrained under the condition that the peak
of ZIKV incidence curve is after March 1, 2016, based on surveillance data [25].
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Figure S15: Short Serial Interval Scenario: A) Correlation between the number of ZIKV
cases by state in Colombia as reported by surveillance data through October 1, 2016 [27],
compared with state-level model projections of infections (median with 95 % CI). Pearson’s r
correlation coefficient is reported for the linear association on the log scale. The outlier (in dark
green) excluded from the statistical analysis corresponds to the Arauca region. B) Timeline
of microcephaly cases in Brazil though April 30, 2016. Bar plot shows weekly definite (or
highly probable cases) and moderately (or somewhat probable cases) from surveillance data
[28]. Line plots indicate estimated weekly new microcephaly cases given three levels of first
trimester risk: 4.52% (round) [26], 2.19% (square) [26], and 0.95% (diamond) [21]. C) Bar
plot of ZIKV infections imported into the continental USA by state(s) as reported by CDC
surveillance through October 5, 2016 [29], and compared to model projections (median with 95
% CI) for the same period assuming 5.74% reporting/detection. The insert shows the correlation
between CDC surveillance data and model projections (median with 95% CI).
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Longserial interval scenario
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Figure S16: Long Serial Interval Scenario: Posterior distribution for ZIKV introductions in
twelve major transportation hubs in Brazil between April 2013 and June 2014, incorporating the
likelihood of replicating the observed epidemic peak in Colombia. A) Full posterior distribution
as a function of location and time of introduction. B) Marginal posterior distribution for time
(month) of introduction. C) Marginal posterior distribution for location of introduction.
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Figure S17: Long Serial Interval Scenario: Estimated daily number of new ZIKV infections
(per 1000 people) in eight affected countries in the Americas between January 2014 and February
2017. The bold line and shaded area refer to the estimated median number of infections and
95 % CI of the model projections, respectively. Rates include asymptomatic infections. The
median incidence is calculated each week from the stochastic ensemble output of the model and
may not be representative of specific epidemic realizations. Thin lines represent a sample of
specific realizations. *Puerto Rico curves are constrained under the condition that the peak of
incidence curve is after March 1, 2016, based on surveillance data [25].
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Figure S18: Long Serial Interval Scenario: Estimated daily number of births between Oc-
tober 2014 and December 2017 from women infected with ZIKV during the first trimester of
pregnancy in eight affected countries in the Americas. The bold line and shaded area refer to
the estimated median number of births and 95 % CI of the model projections, respectively. Note
that Brazil is plotted with on different scale. The median curve is calculated each week from
the stochastic ensemble output of the model and may not be representative of specific epidemic
realizations. Thin lines represent a sample of specific realizations.
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Infection AR % Cumulative Microcephaly Cases (median with 95%Cl)

(median with 95%Cl) first trimester risk: 0.95% first trimester risk: 2.19% first trimester risk: 4.52%

Feb.1,2016; Feb. 28,2017 || Feb.1,2016 Dec. 10,2017 Feb.1,2016 Dec. 10,2017 Feb. 1,2016 Dec. 10,2017
Brazil | 17[15-19] 1 20[18-21] || 765[144-1182] : 1434[1318-1558] | 1763[332-2725]  3306[3038-3591] | 3640[685-5623] : 6823[6271-7412]
Colombia | 5[3-8] 13[12-15] 0[0-3] 245[220-276 0[0-6] 565506 -636] 1[0-13] i1165[1045—1313]
Mexico | 100-2] | 6[5-7] 0[0-2] | 367[307-412] 0[0-5] i 845[708-950] 100-10] i 1744[1462-1961]
PuertoRico*| 2[0-6] & 20[14-29] | 0[0-0] 19[13-27] 0[0-0] |  44[31-63] 0[0-0] | 92[64-129]
El Salvador | 2[0-17] : 20[16-24] 0[0-0] :  50[41-60] 0[0-0] i 114[94-138] 0[0-11  : 236[194-284]
Honduras | 10[0-32] | 37[33-41] 0[0-1] © 153[136-171] 0[0-3] | 353[311-3%] 0[0-7] i 729[642-816]
Haiti | 46[4-56] 51[44-58] 0[0-32] 329[286-374] 0[0-74] 759 (660 - 862] 1[0-153] ?1567[1362—1779]
Venezuela | 14[6-20] i 20[18-22] 200-61] © 289[257-329] 410-140] | 666[592-758] 8[0-288] i 1375[1222-1564]

Figure S19: Long Serial Interval Scenario: Projected ZIKV infection ARs through the time
of the WHO declaration of a PHEIC on February 1, 2016, and through February 28, 2017,
in eight affected countries in the Americas. Median estimates and 95 % CIs are provided.
ZIKV attack rates include asymptomatic infections. The denominator is the entire country
population, including regions that are not exposed to the vector. Cumulative microcephaly
cases due to ZIKV infection during the first trimester of pregnancy through the time of the
WHO declaration of a PHEIC on February 1, 2016, and through December 10, 2017, in eight
affected countries in the Americas. We consider three different risks of microcephaly associated
with ZIKV infection during the first trimester: 0.95% first trimester risk based on a study of the
2013-2014 French Polynesian outbreak [21]; 2.19% (100% over-reporting) and 4.52% (no over-
reporting) first trimester risks, based on a study of Bahia, Brazil [26], given a model-estimated
33% infection AR in Bahia. *Puerto Rico curves constrained under the condition that the peak
of ZIKV incidence curve is after March 1, 2016, based on surveillance data [25].
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Figure S20: Long Serial Interval Scenario: A) Correlation between the number of ZIKV
cases by state in Colombia as reported by surveillance data through October 1, 2016 [27],
compared with state-level model projections of infections (median with 95% CI). Pearson’s r
correlation coefficient is reported for the linear association on the log scale. The outlier (in dark
green) excluded from the statistical analysis corresponds to the Arauca region. B) Timeline
of microcephaly cases in Brazil though April 30, 2016. Bar plot shows weekly definite (or
highly probable cases) and moderately (or somewhat probable cases) from surveillance data
[28]. Line plots indicate estimated weekly new microcephaly cases given three levels of first
trimester risk: 4.52% (round) [26], 2.19% (square) [26], and 0.95% (diamond) [21]. C) Bar plot of
ZIKV infections imported into the continental USA by state(s) as reported by CDC surveillance
through October 5, 2016 [29], and compared to model projections (median with 95% CI) for
the same period assuming 5.74% reporting/detection. The insert shows the correlation between
CDC surveillance data and model projections (median with 95% CI).
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7 Counterfactual seasonality scenarios

To illustrate how seasonality affects Zika epidemic in terms of both local transmission and
global dissemination, we create two counterfactual scenarios with unrealistic seasonal patterns
and we compare the ZIKV transmission dynamics with the reference scenario that instead uses
real-world seasonality pattern. The detailed settings of the two counterfactual scenarios are as
follows:

e Counterfactual Scenario One (CS1): we set the daily temperature pattern of the
entire Brazil to be the same as Sao Paulo (Brazil), in which the temperature variation
throughout the year significantly limits ZIKV transmission feasibility during winter. The
rest of the world maintains its original temperature pattern. This is a lower-bound scenario
that illustrates how unsuitable climate in Brazil limits ZIKV epidemics in the Americas in
terms of both timing and magnitude of the epidemic. All the other elements of the model
are otherwise kept the same as in the Reference Scenario (RS) detailed in the main article.

e Counterfactual Scenario Two (CS2): the daily temperature pattern of the entire world
is set to be the same as Fortaleza (Brazil), whose tropical climate allows ZIKV transmission
all year long. This is an upper-bound scenario to illustrate how suitable climate facilitate
the spread of Zika, providing unrealistic patterns when compared to reported data. All
the other elements of the model are otherwise kept the same as in the Reference Scenario
(RS) detailed in the main article.

For each counterfactual scenario, a total of 15,000 simulations were performed with the time
of introduction in Brazil on November 15, 2013 (in agreement with phylogenetic studies and
posterior estimation of the RS) and seeding locations as in the reference scenario. Figure S21
shows the cumulative number of ZIKV infections per 1000 people in Brazil for CS1, CS2 and
RS. Here we consider only simulations with outbreaks in Brazil (>1000 cases total in Brazil).
CS1 (lower bound scenario, red color in figure) has a slower growth rate at the beginning of the
epidemic, and a much lower overall attack rate when compared to the RS. CS2 (upper bound
scenario, yellow color in figure), in contrast, has a large growth rate at the beginning of the
epidemic and higher overall country attack rate. This is in agreement with the climate settings
of the two hypothetical scenarios.
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Figure S21: Conterfactual scenarios: cumulative number of ZIKV infections per 1000 people
in Brazil for CS1, CS2 and RS
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8 Additional validation tests

In this section, we provide additional model validation tests based on surveillance data of travel
associated ZIKV cases among European countries [30] and state level microcephaly cases in
Brazil [31].

Figure S22 shows the correlation between the number of imported ZIKV infections from
model projection (reference scenario) and reported travel-associated ZIKV cases from ECDC
surveillance by November 2016. The Pearson correlation coefficient is 7 = 0.89 (p < 0.01),
indicating that numerical results are in good agreement with observations.

Figure S23 shows the correlation of the model-projected number of births with first trimester
ZIKV infections and the number of suspected and confirmed microcephaly cases from surveil-
lance data of different states in Brazil. Based on the model projection, birth defects related to
Zika have the highest concentration in Northeast region of Brazil, followed by Southeast, North,
Central-West, and South. This is in agreement with the spatial distribution of microcephaly
cases observed throughout Brazil.

Pearson r: 0.89

log(Imported ZIKV infections)
Model Projection
\
\
®

0.0 0.5 1.0 1.5 2.0 25 3.0 35

log(Travel associated ZIKV cases)
EU Surveillance

Figure S22: Travel associated ZIKV cases: Correlation between imported ZIKV infections
(median with 95% CI) projected by model and travel-associated ZIKV cases reported by ECDC
surveillance, through November, 2016[30]. Countries with reported travel-associated ZIKV cases
includes Austria, Belgium, Czech Republic, Denmark, Finland, France, Greece, Hungary, Ire-
land, Italy, Luxembourg, Malta, the Netherlands, Norway, Portugal, Romania, Spain, Sweden,
the United Kingdom.
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Figure S23: Microcephaly cases in Brazil: Correlation of cumulative suspected and con-
firmed microcephaly cases by state in Brazil as reported by surveillance data [31] through
November 19, 2016, compared with state-level model projections of births with first trimester
ZIKV infections (median with 95% CI) during the same time window.

9 Incidence map of ZIKV infections

In Figure S24 we provide a spatial projection of the cumulative median number of ZIKV in-
fections, according to the reference scenario, by February 28, 2017 at a spatial resolution of
1 x 1 km in Latin America and the Caribbean. Each 1 x 1 km cell is colored according to the
median number of ZIKV infections within the cell. It worth noticing the close similarity of our
spatial projection with the analogous map obtained by Perkins et al.[11] by using a different
methodology.
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Figure S24: Incidence map of ZIKV infections: A spatial projection (reference scenario) of
median number of ZIKV infections by February 28, 2017 at a spatial resolution of 1 x 1 km in
Latin America and the Caribbean. In the insets A) and B) we provide detailed projections fro
the areas of Recife and Belo Horizonte, Brazil, respectively.
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