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When Zika virus (ZIKV) emerged in the Americas, little was known about its biology, pathogenesis, and transmission potential, and 
the scope of the epidemic was largely hidden, owing to generally mild infections and no established surveillance systems. Surges in 
congenital defects and Guillain-Barré syndrome alerted the world to the danger of ZIKV. In the context of limited data, quantitative 
models were critical in reducing uncertainties and guiding the global ZIKV response. Here, we review some of the models used to 
assess the risk of ZIKV-associated severe outcomes, the potential speed and size of ZIKV epidemics, and the geographic distribution 
of ZIKV risk. These models provide important insights and highlight significant unresolved questions related to ZIKV and other 
emerging pathogens.
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Since its discovery in Uganda in 1947, the biology, pathogenesis, 
and transmission potential of Zika virus (ZIKV) has been char-
acterized by uncertainty. Six years passed before the virus was 
identified as a human pathogen, and 6 decades passed before 
the first outbreak of ZIKV infection was documented [1–3]. 
That outbreak, on the island of Yap, demonstrated the explosive 
transmission potential of ZIKV, in which it infected an estimated 
68%–77% of the population. Yet, it raised limited public health 
concern because most infections were asymptomatic or mild [3]. 
An increase in the incidence of Guillain-Barré syndrome (GBS) 
during a subsequent outbreak in French Polynesia gave the first 
indication that severe complications were possible [4]. In 2015, 
an association with congenital defects was noted in the months 
following large outbreaks in Brazil [5, 6]. The World Health 
Organization declared a public health emergency of interna-
tional concern on 1 February 2016 in response to the uncertain-
ties and concerns surrounding serious complications from this 
rapidly spreading and poorly understood pathogen [7].

The need to better understand ZIKV’s pathogenesis and 
transmission dynamics was immediate, but clinical and epide-
miological data were extremely limited. As of early 2016, few 
outbreaks had been described, most cases remained undetected 
owing to mild and nonspecific symptoms, and broadly deploy-
able diagnostic tests that could distinguish Zika from dengue (a 
common, related arboviral disease) were not available. While 
clinical data from cohorts and case-control studies were months 
away, countries were grappling with how to control the spread 

of ZIKV, develop surveillance and testing capacity, prepare for a 
surge in GBS cases, and protect pregnant women.

Quantitative models have long been used to provide insight 
into emerging epidemics, especially when data are limited and 
uncertainty is high [8]. Throughout the ZIKV epidemic, math-
ematical, statistical, and ecological models have been used to 
address key public health questions related to both the biology 
and the spread of ZIKV. Here, we review some of the critical roles 
mathematical modeling played in the response to the ZIKV epi-
demic. First, we focus on the role of models in characterizing the 
risk of severe consequences of infection, particularly GBS and 
microcephaly. We then review research on the epidemic dynamics 
of ZIKV, including estimates of how quickly these largely invisible 
epidemics grow and how many people get infected. Finally, we 
address estimates of large-scale epidemic spread, including both 
the global landscape of transmission risk and the dynamics of 
virus introduction. For each of these, we review relevant models 
in the context of available epidemiological data, identifying key 
insights, remaining questions, and implications for the future.

WHAT IS THE RISK OF GBS DUE TO ZIKV INFECTION?

GBS is a rare but serious neurological condition that can lead to 
hospitalization, long-term rehabilitation, and death [9]. By early 
2016, there was evidence of an increased GBS incidence tempo-
rally associated with outbreaks of ZIKV infection across multiple 
countries, and a causal link was suspected [10–13]. As the ZIKV 
epidemic spread, there was widespread concern over the impact of 
GBS, particularly the resources needed to care for affected patients.

To use GBS case data to characterize the risk of GBS for peo-
ple infected by ZIKV, the underlying number of ZIKV infec-
tions (ie, the denominator of the risk calculation) must be 
estimated. This task is complicated by limited seroprevalence 
data and high rates of asymptomatic and mild ZIKV infections. 
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In French Polynesia (population, approximately 270 000), a 
serosurvey found a ZIKV seroprevalence of 66% among 476 
children [14] and 42 confirmed GBS cases among adults with 
laboratory evidence of ZIKV infection [10]. Applying the attack 
rate among children in a single location to the entire population, 
Cao-Lormeau et  al estimated the risk of GBS to be 2.4 cases 
per 10 000 infections (Figure 1A) [10]. While this estimate had 
limitations, even fewer data were available from other locations.

Estimating the true incidence of ZIKV infection from 
reported cases is a challenge for which epidemiological mod-
els are well suited. For example, statistical models can estimate 
incidence on the basis of limited and possibly biased sampling, 
while dynamic models can estimate incidence on the basis of 
other observable patterns, such as the shape of the epidemic 
curve. In a simple approach, Alfaro-Murillo et al adjusted the 
reported incidence in Colombia upward on the assumption 
that 18% of infections were reported (the estimated proportion 
of infections in Yap that were symptomatic), estimating a GBS 
risk of 8 cases per 10 000 ZIKV infections [15]. In Brazil, the 
same group used ZIKV infection prevalence estimates from 
the Brazilian Ministry of Health to estimate a GBS risk of 2–6 
cases per 10 000 infections. Methods for those ZIKV infection 
estimates have not been published. Andronico et al developed 
dynamic epidemic models for French Polynesia and Martinique 
to estimate infection prevalence, using both Zika and GBS data 
from each country, and then calculated risks of 1.8–3.3 and 1.0–
2.2 GBS cases per 10 000 infections, respectively [16].

Although data were limited and approaches differed, risk 
estimates ranged from 1 to 8 GBS cases per 10 000 infections. 

These estimates explain the relative scarcity of GBS during large 
ZIKV epidemics and why GBS may not be observed in smaller 
epidemics, such as the Yap outbreak, where an estimated 4700–
5300 people were infected [3].

Estimates of GBS risk were important to the ZIKV response, 
informing forecasts of healthcare resource needs [15–17]. Over 
the course of the outbreak in Martinique, Andronico et al com-
pared predictions of hospitalization, intensive care unit, and 
ventilator requirements with observed needs and found good 
agreement [16]. These estimates rapidly improved as more data 
became available and were incorporated [16]. While progress has 
been made, uncertainties remain, particularly regarding varia-
tion between countries, which may reflect differences in ZIKV 
incidence [10, 15, 16], surveillance [11], or subpopulation-spe-
cific risk (eg, by age or sex [18]) and the possibility of other neu-
rological complications resulting from infection. Clinical studies 
and epidemiological data alone are unlikely to resolve all of these 
questions because GBS is a rare outcome and underlying ZIKV 
prevalence is difficult to measure. Hence, models that account 
for asymptomatic infections and underreporting will continue to 
play an important role in understanding GBS risk.

WHAT IS THE RISK OF MICROCEPHALY?

In November 2015, the Brazilian Ministry of Health reported 
>141 cases of infants born with microcephaly in the State of 
Pernambuco, where normally an average of 10 cases occur per 
year [19]. Microcephaly, abnormally small head size, is indic-
ative of potentially severe developmental defects, and reports 
quickly climbed as other states reported hundreds of additional 
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Figure 1. Estimates of Guillain-Barré syndrome (GBS) BS and microcephaly risk. Estimated risk of GBS resulting from ZIKV infection (A) and microcephaly resulting from first 
trimester ZIKV infection (B). Lines indicate ranges or 95% confidence intervals, and points represent point estimates, means, or medians.
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suspected cases [6]. Again, there was high uncertainty early 
on: a causal association with ZIKV infection was plausible but 
unproven, definitions of microcephaly were nonstandard and 
changing, surveillance data for Zika were sparse, and diagnostic 
tools were limited. Moreover, clinical studies would take time, 
especially given the need to follow women through pregnancy 
and beyond. Meanwhile, resolving these uncertainties was a top 
priority, as pregnant women were becoming infected in Brazil 
and other ZIKV-affected countries.

The first clinical cohort data from Brazil showed abnormal-
ities in 12 of 42 pregnancies (29%) with laboratory-confirmed 
symptomatic ZIKV infection, predominantly in the second 
trimester [20]. Meanwhile, Cauchemez et  al retrospectively 
identified 8 microcephaly cases in French Polynesia and built 
a model relating the timing of these pregnancies to the timing 
and magnitude of the ZIKV epidemic [21]. The model iden-
tified an association between microcephaly and ZIKV infec-
tion early in pregnancy, with an estimated 0.3%–1.9% risk of 
microcephaly if infected in the first trimester (Figure 1B). As 
with estimates of the risk of GBS, this and other projections of 
microcephaly risk relied on an assumed infection risk among 
pregnant women that was based on limited data. In this case, 
the authors assumed that the infection risk was 66% among 
pregnant women during the months of the outbreak, based on 
a serosurvey among school children [21]. Sensitivity analyses 
highlighted the importance of this assumption. Johansson et al 
developed a similar model with data from Bahia, Brazil [22]. 
Using data from previous chikungunya and ZIKV outbreaks 
to estimate the incidence of infection, they estimated a micro-
cephaly risk of 1%–13% when mothers were infected in the first 
trimester. These models provided early and strong evidence of 
an elevated risk of microcephaly for ZIKV infections occurring 
early in pregnancy. It took many months before clinical data 
were available to substantiate these findings [23, 24].

Highlighting the challenge in these estimates, Nishiura et al 
estimated a lower ZIKV infection risk, based on the assump-
tions that many suspected Zika cases were reported as suspected 
dengue cases and that the microcephaly risk was limited to the 
first trimester [25]. This led to a highly uncertain microcephaly 
risk estimate of 7.9%–100% when mothers were infected during 
the first trimester in northeast Brazil. Also assuming that the 
microcephaly risk is confined to the first trimester, Alfaro-
Murillo et al estimated a risk of 0.5%–2.1% in northeast Brazil, 
based on an infection prevalence of 23.5%–77% derived from 
previous chikungunya and ZIKV outbreaks [15]. In a simula-
tion model, Saad-Roy et al [26] estimated microcephaly risk on 
the basis of the interval between ZIKV introduction and the 
first detection of microcephaly. Given the possibility that ZIKV 
was introduced to South America in 2013 and the timing of the 
first detected microcephaly cases in Colombia, they estimated 
a risk of 1%–10% when mothers were infected during the first 
trimester.

These models began to converge on risk estimates for micro-
cephaly while clinical data on prevalence were being collected. 
In late 2016 and early 2017, clinical studies provided additional 
information on these risks. In December 2016, Brasil et  al 
reported microcephaly in 2 of 20 births (10%; 95% confidence 
interval [CI], 2%–33%) to Brazilian women with confirmed 
ZIKV infection during the first trimester [23]. And in April 
2017, brain abnormalities and/or microcephaly were reported 
in the US Zika Pregnancy Registry in 13 of 157 pregnancies 
(8%; 95% CI, 5%–14%) in which women had symptom onset 
or exposure to ZIKV in their first trimester, with the majority 
of these infections acquired outside of the United States [24]. 
More than a year after the first indication of microcephaly risk, 
these cohort-based estimates still have low precision because of 
the limited numbers of ZIKV-affected pregnancies under clini-
cal observation. Data are also limited for other complications of 
congenital ZIKV infection and risk in other trimesters, although 
these risks clearly extend beyond microcephaly [23, 24].

Population-level epidemic models can offer insights into risk 
that may be difficult to rapidly capture by using clinical studies, 
such as risks associated with asymptomatic infection or infec-
tion early during pregnancy. The models presented here pro-
vided the first clear evidence of the timing and magnitude of 
the microcephaly risk and directly supported assessments of 
causality [13, 27]. Moreover, these results were used by simula-
tion models to forecast microcephaly cases [28, 29] and assess 
possible interventions [15, 30].

HOW MANY PEOPLE WILL BE INFECTED AND HOW 
QUICKLY?

The ZIKV epidemics in Yap and French Polynesia demonstrated 
the ability of ZIKV to spread quickly through a population. 
An estimated 68%–77% of the residents of Yap were infected 
within 4 months [3], and 42%–57% of the residents of French 
Polynesia were infected within 7  months [16]. Explosive out-
breaks were also apparent in northeast Brazil in early 2015 [31], 
but the scope of the outbreaks was largely invisible because of 
limited surveillance and the high proportion of infections that 
were asymptomatic or mild in severity. It was unclear how many 
people were getting infected, how quickly ZIKV was spreading 
through the affected populations, and how these dynamics dif-
fered across environments, particularly when comparing large 
metropolitan areas in the Americas to the islands in the Pacific 
where previous outbreaks had occurred.

The size and speed of epidemics can be characterized by the 
number of individuals infected by a single infected individual 
in an immunologically naive population (characterized by the 
basic reproductive number [R0]) and the time between succes-
sive generations of infections (ie, the generation time). A variety 
of models used these principles to use time-series data from the 
Pacific Islands and several locations in the Americas to estimate 
R0 (Figure 2) [16, 32–43]. Estimates of R0 ranged from 1.3–1.4 
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in Martinique [16] to 4–12 for Yap [34], reflecting variability 
between outbreaks, model assumptions, and estimation methods. 
These estimates and the key determinants of variability are diffi-
cult to validate because of the limited available data. Estimates of 
the serial interval, which approximates the generation time, var-
ied between 10 and 30 days, with most studies yielding consider-
able uncertainty around this parameter [40, 41].

R0 values for ZIKV were similar to those estimated for other 
arboviruses, especially dengue viruses, which are also transmit-
ted by Aedes (Stegomyia) mosquitoes [34, 35, 37]. These esti-
mates provided an early indication that ZIKV introductions 
into areas where dengue spreads efficiently would likely lead to 
explosive outbreaks. R0 estimates also form a basis for estimat-
ing final epidemic size. In a perfectly mixed population, R0 is 
mathematically related to the proportion of the population that 
is infected before an epidemic dies out because of herd immu-
nity (Figure 2). Extrapolating from this relationship, the R0 esti-
mates for northeast Brazil imply that the early outbreaks were 
likely much larger than suggested by the limited number of cases 
reported in 2015 [31]. However, the magnitude of that difference 
is unclear, as the actual relationship between R0 and epidemic 
size is complicated by spatial heterogeneity, stochastic transmis-
sion, and seasonal variations in transmissibility, leading to epi-
demics that are generally smaller than predicted by R0 alone [44]. 
This difference is reflected in epidemic size estimates for Yap [34] 
and French Polynesia [33], which exceeded the observed sero-
prevalence in studies of those outbreaks [3, 45]. A comparison 
of model-based projections of ZIKV attack rates for Martinique 
to seroprevalence estimates from blood donor data suggests that 

fully stochastic models may be better able to estimate epidemic 
size [16], but data to validate such models are rare.

Sexual transmission also complicates ZIKV transmission 
dynamics. Relatively few sexually transmitted cases have been 
reported, but differentiating sexual transmission from vec-
tor-borne transmission is next to impossible in the midst of 
epidemics. Hence, instances of sexual transmission have been 
documented almost exclusively among travelers [46]. In areas 
where vector-borne transmission is ongoing, models suggest 
that sexual transmission accounts for 0.12%–47% of all infec-
tions but is insufficient to cause or maintain ZIKV epidemics on 
its own [36, 47, 48]. However, the effect may be large enough to 
contribute to higher infection risk among women [49].

As noted, estimates of key ZIKV transmission characteris-
tics vary substantially because of differences in epidemics, data, 
model assumptions, and estimation methods. Even with these 
uncertainties, estimates of R0 provide essential information on 
ZIKV’s ability to cause rapid, intense epidemics and inform 
estimates of disease burden [16]. They can also help parameter-
ize simulation models used to evaluate the impact of potential 
interventions [32] and form a basis for estimates of transmis-
sion risk in areas where ZIKV has not been introduced.

WHAT AREAS ARE AT RISK OF ZIKV 
INTRODUCTION?

ZIKV had been moving through Pacific islands for several years 
prior to the epidemic in Brazil, yet its arrival in the Americas 
was a surprise. Once in Brazil, rapid expansion to other regions 
seemed inevitable. This assumption was confirmed when the first 
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ZIKV case in Colombia was diagnosed in October 2015 [50]. 
However, it was unclear how quickly ZIKV would spread and 
which countries it would invade. Successful invasion requires 2 
things: a suitable environment for transmission and importation 
of virus into that environment. Understanding both of these 
components can support preparedness, prevention, and control 
activities, informing travel or surveillance guidelines.

Two approaches were taken to characterize the spatial extent 
of ZIKV transmission risk. Phenomenological niche models 
identified areas with characteristics similar to those in other 
areas where ZIKV or the mosquitoes that transmit ZIKV had 
been observed [51–56]. Others calculated R0 under different 
environmental conditions, using biological relationships to 
external factors, such as the relationships between temperature 
and mosquito mortality or between population density and 
biting rates [44, 57–59]. These models were then used to make 
statistical or mechanistic estimates of the global distribution 
of ZIKV transmission risk. Most estimates from both types of 
models agreed that the range of ZIKV would not exceed the 
geographical distributions of dengue and chikungunya viruses 
(both of which are transmitted by Aedes mosquitoes).

There was also strong agreement that most populated tropical 
areas are highly suitable for autochthonous ZIKV transmission, 
with the exception of high altitude and desert locations. Some 
models went further, aiming to elucidate not just the presence of 
risk, but how risk may change seasonally [44, 53, 58–60]. These 
results supported year-round risk in tropical areas but were less 
clear for temperate regions. In Europe and the United States, for 
example, areas predicted to have seasonal or year-round trans-
mission risk were extensive and varied across models [51, 61–65]. 
However, through March, 2017 no vector-borne transmission 
had been documented in Europe [66], and just over 200 locally 
acquired mosquito-transmitted cases reported in the United States 
occurred in small regions of southern Florida and Texas [67].

Fewer models have aimed to predict importation risk. Most 
estimates have focused on the number of travelers arriving from 
areas with documented transmission, identifying risk in urban 
areas that receive many such travelers [51, 53, 62, 64, 65, 68]. 
Limited validation has shown these estimates to be useful in 
identifying areas where travel-associated cases were most likely 
to arrive [64]. Ogden et  al also found that importations were 
more likely to originate from locations with a higher estimated 
R0 [42]. Zhang et al adapted an existing spatially structured sto-
chastic model that uses sociodemographic, climate, and human 
mobility data to model ongoing epidemics and spread between 
geographic regions [29].

Models of the spatial distribution of risk confirmed that the 
threat of ZIKV epidemics was highest in tropical areas, and 
they bolstered efforts to raise awareness and build surveillance 
capacity in areas where transmission had not yet been reported. 
For temperate regions, models identified places where imported 
cases were mostly likely to arrive and provided important 

insight to the possibility of introduced transmission. However, 
assessing the magnitude of risk in these areas is challenging. For 
example, while the United States and Europe have high travel 
volume to tropical areas, the geographical and seasonal distri-
bution of Aedes mosquitoes is not well characterized. For both 
tropical and nontropical locations, predictions have generally 
focused on determining where introductions are most likely 
and where local transmission is possible. Integration of these 
models with real-time estimates of ZIKV transmission intensity 
would have potential to provide up-to-date projections of the 
risk of a ZIKV introduction, thereby directly informing pre-
paredness activities in real time.

DISCUSSION

Once obscure, ZIKV has rapidly emerged as a pathogen of 
global importance. The pace of scientific discovery has also 
been rapid but has faced large challenges. Introduction into the 
Americas was unexpected, little was known about severe con-
sequences of ZIKV infection, and the scale of initial epidemics 
was unknown because of the mild nature of most infections and 
limited surveillance. These challenges have thrust epidemiolog-
ical models into the forefront of the response to ZIKV.

We have highlighted several areas where quantitative mod-
els were fundamental to better understanding Zika, including 
the rapid deployment of dynamic models to help illuminate the 
link between ZIKV and rare, but severe outcomes [16, 21, 22]. 
These models provided risk estimates for GBS and microceph-
aly that otherwise would have been difficult to rapidly obtain. 
Additionally, models were used to estimate R0, which suggested 
that large epidemics could be expected in areas suitable for trans-
mission [16, 32–41]. Geostatistical and ecological niche models 
confirmed that this risk extended globally, finding strong evi-
dence of suitability throughout the tropics [44, 51–59] and more 
limited, seasonal risk in temperate regions [44, 51, 57–59, 62].

Nonetheless, many uncertainties remain. There are still few 
estimates of the risk of acquiring GBS due to ZIKV infection, 
and associated risk factors are not well characterized. As more 
data are collected, estimates of the timing and magnitude of 
GBS and congenital defects can be further refined. Despite a 
clearer understanding of microcephaly risk, epidemiological 
questions remain, such as why rates of microcephaly in Brazil 
have decreased faster than expected [69]. Furthermore, much 
work remains to be done to determine the timing and magni-
tude of risk for other congenital defects [23, 24].

Estimates of R0 indicated that large epidemics were likely to 
occur in tropical areas where ZIKV was introduced. Where those 
epidemics have already occurred, many people will be immune 
to future infection, and there may not be another large epidemic 
for many years [40]. However, the accuracy of epidemic size 
estimates is difficult to validate, and heterogeneity and stochas-
ticity will continue to complicate inferences [44]. Furthermore, 
in Africa and Asia, ZIKV has been previously documented, but 
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the size, timing, and location of past outbreaks and the potential 
for future outbreaks remain unknown [53, 70]. Predicting Zika 
risk in temperate areas is also challenging; when risk is low, local 
transmission and the detection of transmission will depend on 
importation, chance, and the quality of surveillance systems. In 
particular, seasonality is likely to play an important role, but lim-
ited seasonal data make models difficult to develop and validate.

For many of these remaining questions, clinical and epi-
demiological data will not suffice on their own. Future risk is 
dependent on population-level immunity, the risk of local trans-
mission, and the risk of importation. While none of these quan-
tities can be directly observed, epidemic models can be used to 
leverage the data that are available and reduce uncertainties. 
Although we may be coming to the end of the first wave of the 
ZIKV epidemic in the Americas, these questions remain critical. 
Surveillance strategies, testing recommendations, and guidelines 
for travelers are all being further developed and refined. Vaccines 
and therapeutics are in the pipeline, and both clinical trials and 
implementation plans will be helped by a priori risk assessments. 
Many of these challenges are not unique to Zika but are general 
challenges in emerging epidemics. Often decisions need to be 
made when there are few data, disease severity is not well char-
acterized, and spread is ongoing [71]. In the Zika epidemic and 
beyond, epidemic models will be central to drawing on available 
data and knowledge to address these challenges.
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