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Objectives: While Brazil has witnessed an unprecedented Zika (ZIK) epidemic, chikungunya (CHIK) has
also recently come into prominence as a threat in the Americas. The aim of this study was to identify the
regions with increased probabilities of ZIK and CHIK occurrence, based on environmental and social
conditions.
Methods: A statistical Maxent model was used to assess the potential spatial risk of ZIK and CHIK
dissemination; this considered the number of probable autochthonous ZIK and CHIK cases in 2015 and
2016, along with environmental variables and social indicators.
Results: Land use was the most signiﬁcant variable that best deﬁned the distribution of ZIK and CHIK. Of
the social variables, garbage destination, type of sanitary installation, and pipe-borne water were the
most signiﬁcant. An estimated 65 million people in Brazil live in areas at high risk of ZIK and 75 million
people in areas at high risk of CHIK. The southeast and northeast regions of Brazil presented the largest
areas of high risk for both ZIK and CHIK.
Conclusions: Many areas across the Brazilian territory are exposed to ZIK or CHIK infection risks, which are
related mainly to land use. The study ﬁndings offer valuable information to support time-sensitive public
health decision-making at the local and national levels.
© 2018 Published by Elsevier Ltd on behalf of International Society for Infectious Diseases. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Introduction
A number of arbovirus epidemics have been reported over the
last decade, and South America in particular has witnessed
unexpected outbreaks of diseases caused by various pathogenic
human and animal arboviruses, such as Zika virus (ZIKV) and
chikungunya virus (CHIKV). In Brazil alone, about 223 230 probable
cases of Zika (ZIK) and 356 990 probable cases of chikungunya
(CHIK) were reported between 2013 and 2015, and 48% of them
were conﬁrmed (SVS/MS, 2017). Both ZIKV and CHIKV have the
potential to cause severe injuries: the neurological problems
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associated with ZIKV infection include complications in pregnancy
and microcephaly in newborns, while CHIKV causes symptoms
ranging from difﬁculty in performing simple manual tasks to an
inability to walk (CDC, 2016; LaBeaud, 2017).
The emergence of these and other mosquito-borne diseases
may be related to the impact of climate change, particularly
warming of the climate system (from the atmosphere to the ocean)
(IPCC, 2014). Factors related to global warming such as increasing
temperatures and rainfall, combined with modiﬁcations to the
natural dynamics that previously served to normalize the climate,
are directly related to the emergence of arboviruses (Gould and
Higgs, 2009). Additionally, increased temperatures have been
associated with reduced extrinsic virus incubation periods in
mosquitoes, resulting in increased mosquito proliferation, accelerated mosquito oviposition cycles and egg laying, and changes in
mosquito feeding behaviors (Araújo et al., 2015; De Garin et al.,
2000; Xiao et al., 2014).
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Brazil, a tropical and geographically large country, possesses
various characteristics that contribute to mosquito-borne disease
epidemics and make the control of these diseases challenging
(Figueiredo, 2007). In Brazil, the primary vector of ZIKV and CHIKV
is Aedes aegypti, the population of which varies signiﬁcantly across
different sites (Urdaneta-Marquez and Failloux, 2011). Although
some studies have mapped the geographic distribution of ZIK and
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CHIK, it appears that no study has assessed the conjunction
between incidence data and socio-environmental factors to predict
the distribution of the populations at risk of these diseases, across
Brazil. Thus, in order to support public health readiness, this study
estimated the potential spatial risk of ZIKV and CHIKV infections in
Brazil according to socio-environmental factors, and estimated the
size of the populations at risk of both diseases.

Figure 1. Distribution of Zika and chikungunya cases throughout Brazil in 2015 and 2016.
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Methods

Data analysis

Overview

Reported cases of ZIK and CHIK were used to calculate the LEB
values, by municipalities, in 2015 and 2016. The LEB rates were
used to minimize the random data ﬂuctuation that generally
occurs in regions with small at-risk populations. Small populations
are more susceptible than large populations to random ﬂuctuations, due to the occurrence of a small number of random events. In
other words, the LEB approach helped smooth data to circumvent
biases caused by demographic discrepancies (Marshall, 1991). All
municipalities that had LEB values >0 were considered for this
study.
In addition, as the main vector of both diseases – A. aegypti – is
mainly urban, the incidences of infection were considered only in
urban areas. Thus, the urban census tract of the municipalities with
LEB values >0 were selected. According to the IBGE, a census tract
is deﬁned as a territory including about 400 residences in which
census research is periodically performed. In 2010 there were
approximately 314 000 census tracts in Brazil, and according to
IBGE, 84.4% of inhabitants were living in urban areas. The southeast
region continues to be the most urbanized in Brazil, with 92.9%
urbanization, followed by the mid-west (88.8%) and south (84.9%),
while the north (73.5%) and northeast (73.1%) have more than a
quarter of their inhabitants living in rural areas. Rio de Janeiro
(96.7%), Federal District (96.6%), and São Paulo (95.9%) are the
states with the highest degrees of urbanization. The states that
have the lowest percentages of population living in urban areas are
concentrated in the north and northeast regions, with Maranhão
(63.1%), Piauí (65.8%), and Pará (68.5%) presenting indices of below
70% (IBGE, 2012).
Maxent 3.3.3k (Phillips et al., 2004) was used to perform a
presence-only maximum entropy technique originally used in
ecological niche modeling; in this technique, only the presence
data, inputted in latitude and longitude, are used to model the
distribution as a map of the estimated probabilities. Situations
with an urban census tract based on geographic centroids, in
municipalities that presented LEB values >0, are assumed as
presence.
Maps of the potential spatial risk of ZIKV and CHIKV infection
were created by interpolating the occurrence points and the
similarity measures of the socio-environmental variables in each
pixel (i.e., a known observation probability value was assigned to
each pixel by calculating a probability, the exponent of which is a
quadratic function). The Maxent model may be expressed as:

In order to assess the potential spatial risk of ZIK and CHIK, a
maximum entropy approach was used to estimate the ideal
conditions for infection, based on disease occurrence and socioenvironmental variables. A grid map containing data on variables
was created in a raster ﬁle to estimate probabilities, and disease
occurrence – the dependent variable – was considered presence or
absence. To this end, cases of ZIK and CHIK reported by
municipalities were identiﬁed and a local empirical Bayesian
(LEB) analysis performed; the criterion for inclusion in the analysis
was municipalities with LEB rates >0 (the concept of LEB is
explained further in the ‘Data analysis’ section). Presence was
inputted as an urban census tract geographic coordinate centroid
in these municipalities.
Data acquisition
Reports of probable autochthonous ZIK and CHIK cases in 2015
and 2016 (Figure 1) were obtained from the Notiﬁable Diseases
Information System, which is made publicly available by the
Department of the Uniﬁed Health System of the Brazilian Ministry
of Health. Population data, by municipality and census tract
information, were obtained from the Brazilian Institute of
Geography and Statistics (IBGE). Finally, socio-environmental data
were obtained from the environmental variables database
(AMBDATA) of the National Institute of Spatial Research and IBGE,
dating from 1950 (precipitations and temperatures) to 2013 (Gross
Domestic Product, GDP) (details in Table 1). The incidence and LEB
rates were calculated based on the total number of cases of ZIK and
CHIK and the population, for both 2015 and 2016.
Twelve social and 17 environmental variables were selected
based on their importance for the development of the A. aegypti
vector, based on previously conducted studies (Rochlin et al.,
2013a,b) and their empirical inﬂuence on the transmission of ZIKV
and CHIKV. Taking into consideration the importance of detecting
collinearity between variables, Spearman correlation coefﬁcient
analysis, a non-parametric approach with a threshold of 0.75, was
performed (Gould and Higgs, 2009; Lambrechts et al., 2011). Thus,
when two variables showed a correlation of over 0.75, one of them
was excluded from the analysis in order to avoid potential bias in
the data mining. Speciﬁc parameters were applied in order to
generate the best-ﬁtting predictive model. Fourteen of 29 socioenvironmental variables were used to construct the ﬁnal model
(Table 1).

i¼1
h i 1X
p fj ¼
f ðx Þ
N N i i

Table 1
Socio-environmental variables used in the analysis and ﬁnal model selection.
Category

Variable

Abbreviation

Source

Year

Environmental

Annual mean temperature
Annual precipitation
Land use/cover
Elevation
Biome
Climate
Vegetation

Bio1
Bio12
LUC
Elev
Biome
Clima
Veg

AMBDATA
AMBDATA
IBGE
AMBDATA
IBGE
IBGE
IBGE

1950–2000
1950–2000
2012
2008
2004
2006
1992

Social

Proportion of permanent particular residences with pipe-borne water
Proportion of permanent particular residences with a sewage system, or pluvial and septic tank
Proportion of permanent particular residences with garbage collected by cleaning services
Proportion of population aged 15 years and older uneducated/ﬁrst elementary school cycle incomplete
Gross Domestic Product per capita (in R$)
Gini Index (to measure social inequalities)
Percentage of economically active population aged 16 years and older, unemployed

Water
InstSanit
Garb
Educ
GDP
Gini
Unemp

IBGE
IBGE
IBGE
IBGE
IBGE
IBGE
IBGE

2010
2010
2010
2010
2013
2010
2010
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Table 2
General information about cases and municipalities used in this study.
2015

Cases
Municipalities

Incidence rate >0 (per 100 000 inhabitants)
LEB rate >0 (per 100 000 inhabitants)
Selected urban census tract
Risk map >50 (per 100 inhabitants)

2016

CHIK

ZIK

CHIK

ZIK

7823
84
359
5762
101

39 027
490
1909
31 130
277

277 877
2849
5126
54 730
456

216 202
2269
4752
52 486
438

CHIK, chikungunya; ZIK, Zika; LEB, local empirical Bayesian analysis.

where, x* = geographic region of interest; x = {x1, x2 . . . , xN} with x
2 x*; x ! observed points at x*; fj = f10, f20 . . . , fm (socioenvironmental variables); N = number of observed points (disease
occurrences); p = probability of occurrence.
The software calculates the importance of each socio-environmental variable in the preparation of the distribution model using
jackknife tests, which weigh the importance of each variable, ﬁrst
with all variables and then permuted with and without each
variable. To validate the accuracy of the test, 25% of the selected
urban census tract data for each disease (input) were used
randomly as test points. The maps generated for each variable were
then converted to raster ﬁles (ASCII).
To calculate the population at risk of each disease, the average
values of the scores from the Maxent output map were converted
to a municipality map. Population data from 2015 and 2016 for ZIK
and CHIK, as well as live births for ZIK in 2015, in municipalities
with an average risk greater than 50%, were used to estimate the
size of the populations at risk, including pregnant women. The
maps were produced based on data available from the IBGE as
latitude–longitude projections and Datum WGS 84 using QGIS 2.18
(2016). The graphs were created using Microsoft Ofﬁce Excel 14.0
(2017).
Results
Descriptive analysis of the Brazilian scenario
Although the absolute number of reported cases was not used in
the Maxent analyses, a descriptive analysis of the scenario in Brazil
in 2015 and 2016 was performed. A total of 285 700 CHIK cases
(7823 in 2015 and 277 877 in 2016) occurred in 2933 Brazilian
municipalities (84 in 2015 and 2849 in 2016), and 255 229 ZIK
cases (39 027 in 2015 and 216 202 in 2016) occurred in 2759
municipalities (490 in 2015 and 2269 in 2016) (Table 2). As is
shown in Figure 1, there was a wide distribution of incidence rates
for both diseases during 2015 and 2016.
For ZIK, 90% of cases in 2015 were concentrated in the northeast
region of the country. In 2016, the disease had already spread

across the country; 43% of the notiﬁcations came from the
southeast region – the most populous region – and 35% from the
northeast. For CHIK, most of the notiﬁcations (86–88% of the cases)
in both 2015 and 2016 came from the northeast region (Figure 2),
the second most populous region in the country. The smallest
numbers of cases were reported in the south of Brazil in both 2015
and 2016 – about 1% for both diseases. These reported cases
indicate the nationwide spread of ZIK and CHIK in 2016, with
transmission reported in all administrative states of Brazil.
Model selection
The ﬁnal models for ZIK had area under the curve values (AUCs)
of 0.608 and 0.564 for 2015 and 2016, respectively. Similarly, the
AUC for CHIK was greater in 2015 (AUC 0.808) than in 2016 (AUC
0.561). Both values were signiﬁcantly better than the random
prediction value (p = 0.001), indicating the model’s good performance. All raw data can be found in the Supplementary Material
(Figure S1).
For both diseases, land use was the most important environmental variable in both years (ZIK-2015: 43.9%; ZIK-2016: 64.3%;
CHIK-2015: 37.6%; CHIK-2016: 64.9%). Both diseases were most
commonly reported in ‘developed urban’ areas, while ‘forested’
and ‘agricultural’ regions presented the lowest numbers of cases. In
general, the second most important environmental variable in
describing the risk areas was the biome type (ZIK-2015: 7.7%; ZIK2016: 11.6%; CHIK-2016: 10.4%); an exception was CHIK-2015, for
which the type of climate was the most important variable (12.9%).
Other environmental variables that contributed to the best model
(Figure 3) included vegetation, annual mean temperature, and
annual precipitation. The most important social variables were
type of sanitary installation, garbage destination, and access to
pipe-borne water.
Modeling the distributions of ZIK and CHIK
Modeling analyses identiﬁed several areas with socio-environmental conditions that are suitable for the appearance of these

Figure 2. Reported cases of Zika and chikungunya and population size by Brazilian region.
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Figure 3. Importance of each variable for the ﬁnal Maxent model of Zika and chikungunya.

infections. For ZIK in 2015, an estimated 54 403 400 Brazilian
people lived in areas suitable for the local transmission of the virus
(Figure 4); within this at-risk population, 788 896 may have been
pregnant women. In 2016, this number was even higher:
74 778 154 people lived in high-risk areas. The numbers of people
at risk of CHIK was also of concern, at 24 582 064 in 2015 and
64 821 598 in 2016 (Figure 5).
Discussion
Overview
Analysis of the socio-environmental suitability of the autochthonous cases revealed the areas more susceptible to ZIK and CHIK
outbreaks in Brazil. Landscape features play an important role in
disease distribution, especially because they are related to the
lifecycle of the A. aegypti vector in the country. For both ZIK and
CHIK, land use was the most important variable. Speciﬁcally, three
area types showed associations with disease presence: urban,
forested, and open agricultural. An increased probability of disease
presence was noted in urban areas, and this ﬁnding is in
concordance with another study, which demonstrated a strong
afﬁnity of A. aegypti for urbanized environments (Rochlin et al.,
2013a,b). The present study results suggest that forested areas may
be less susceptible to A. aegypti invasions, as in the case of
agricultural areas with open crops or pasture ﬁelds with little
protective cover, where there is a lack of container habitats for A.
aegypti larval production. Similar results were found by Nakhapakorn and Tripathi (2005), who demonstrated that built-up areas

have the highest positive inﬂuence on dengue fever, while forest
areas have no inﬂuence.
The Brazilian regions with the highest risk areas are located in
the northeast and southeast, which are the most populous regions.
Densely populated areas with poor water infrastructure may
provide breeding opportunities for A. aegypti, which can lay eggs in
almost any artiﬁcial container holding water (Tsuzuki et al., 2009).
In the northeast of Brazil, over 75% of breeding sites are the
consequence of precarious water storage situations; in the
southeast, most breeding sites are domiciliary vessels such as
jars, plant pots, and roof gutters (CONASEMS, 2014). Pipe-borne
water was not the most important factor in the majority of the
models, but was expressive in CHIK-2015. It is suggested that
neighborhoods without piped water use more rain water collectors
and are, therefore, more likely to have mosquito breeding sites.
The second most important variable in both models, in 2016,
was the biome type, as the Caatinga and the Atlantic Forest were
observed to be high-risk areas for ZIK and CHIK. The Caatinga
biome is extremely dry, and due to the lack of rain, people store
water, thereby facilitating the proliferation of the vector. In terms
of the Atlantic Forest, these data may be slightly outdated, as about
93% of the initial area of this biome has already been deforested
(INPE, 2017). Even so, the study results are in agreement with those
of Messina et al. (2016), who predicted the high-risk areas for ZIK
in the tropical and subtropical regions of Brazil, especially in the
coastal regions. Garbage collection, or the type of sanitary
installation, also contributed considerably to both models; these
variables are directly related to the number of A. aegypti
mosquitoes in urban areas (Coelho, 2012).

B.S. Aguiar et al. / International Journal of Infectious Diseases 70 (2018) 20–29

Figure 4. Risk map for Zika spread throughout Brazil in 2015 and 2016.
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Figure 5. Risk map for chikungunya spread throughout Brazil in 2015 and 2016.
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Some lessons can be learned from the ZIK and CHIK outbreaks.
For example, economic development does not protect areas from
vector-borne diseases. In this study, GDP was not a signiﬁcant
contributor to the model. Other social indicators such as education
level and unemployment also did not signiﬁcantly contribute to
the ﬁnal ZIK or CHIK models. In addition, modern lifestyles can
contribute to epidemics through travel, population aging, and the
production of solid waste, thereby generating breeding sites for
Aedes vectors (Honório et al., 2015). Activities (particularly social
gatherings) that occur in outdoor situations such as balconies,
courtyards, and outdoor restaurants, might also facilitate vector
contact. For example, the large difference in dengue incidence
between the USA and the border states of Mexico has been
attributed to differences in the living standards and human
behaviors (Gubler et al., 2001).
Despite their importance, temperature (Bio1) and precipitation
(Bio12) may not be sufﬁcient to deﬁne the range of ZIK and CHIK in
the present model; this contradicts the model proposed by
Messina et al. (2016), which showed that ZIK risk was particularly
inﬂuenced by the annual cumulative precipitation. Although of
limited importance in this study, annual temperature had a slightly
higher impact in the CHIK model than in the ZIK model. This
observation may be explained by the previously unrecognized
relationship between CHIKV and temperature, such as that
observed in the case of dengue transmission. Studies have shown
that the extrinsic dengue virus type 2 (DENV2) incubation period
decreased with increased temperature, in both A. aegypti and A.
albopictus (Watts et al., 1987; Xiao et al., 2014). However, these
differences may be less important for ZIKV transmission.
ZIK and CHIK distribution
The study results for 2015 showed CHIK clustering in the
northeast region, near the centre of origin of the disease in the
country. The ﬁrst autochthonous cases of CHIK in Brazil were
conﬁrmed in Feira de Santana, Bahia state, in the northeast of the
country (Nunes et al., 2015). The present analysis showed a similar
distribution of ZIK and CHIK cases around the country in 2016.
Accordingly, the prediction model revealed many additional sites
that are susceptible to new ZIK outbreaks, coincident with CHIK
areas. Based on land use, biome type, and sanitary installation,
many hotspots were found in the south, southeast, and northeast
regions for ZIK and CHIK outbreaks. As mentioned before, forest
regions are not suitable for the proliferation of A. aegypti. In this
study too, the northern region, inclusive of the Amazon rainforest,
along with some areas from the central-west region, were not
included as high-risk areas.
One factor that may contribute to ZIKV infection is its
asymptomatic character: an estimated 80% of ZIKV infections
are asymptomatic, and most of the others are self-limiting (Fauci
and Morens, 2016). No speciﬁc antiviral treatment is available and
care is supportive, with symptoms usually resolving within 7 days.
Although the analysis emphasizes the potential for the autochthonous transmission of ZIKV via Aedes mosquitoes, sexual transmission via travelers returning from ZIKV-affected areas is now also
well-documented, in addition to the risk of transmission through
blood transfusion (D’Ortenzio et al., 2016; Musso et al., 2014).
These study results may help policy-makers formulate effective
measures to control and prevent CHIKV transmission, focused on
high-risk areas for outbreaks.
In the Americas, the relatively low incidence of infections
involving other alphaviruses, for example, Mayaro virus, may also
facilitate the spread of CHIKV, because the potential for crossprotective immunity is low (Higgs and Vanlandingham, 2015).
Humans entering areas in which infected mosquitoes circulate
may serve as incidental hosts and thus become infected. These
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humans may then provide a source of virus to infect peridomestic
mosquitoes, which are then involved in the transmission cycle of
the virus (Araújo et al., 2015). Although the dengue virus and
CHIKV are different, there are similarities in their transmission
cycles. This suggests the potential for CHIK to become endemic in
several Brazilian municipalities, with transmission peaking
between January and April, and maintained predominantly in less
populated areas in the north and central areas of Brazil (Guzzetta
et al., 2016; Nunes et al., 2015).
The ZIK distribution maps produced in this study are less
alarming than those presented by Bogoch et al. (2016), in which
practically the entire population of Brazil was shown to be at
transmission risk. In that study, a model from dengue was adapted,
which mapped the areas suitable for mosquito breeding according
to environmental variables. The difference of that previous model
in relation to the present model is that socio-economic variables
were also included in the present model, which can show a
considerable difference in the distribution of high-risk areas for
ZIK. However, the results are, in part, in agreement with those of
Nsoesie et al. (2016), who predicted the CHIK distribution areas in
the coastal regions of Brazil.
Biological vectors and other means of transmission
The A. aegypti mosquito is one of the main vectors of ZIKV and
CHIKV for humans worldwide (Diallo et al., 1999; Coffey et al.,
2016; WHO, 2017). Although the model did not directly consider
the presence of the mosquito, this vector is dispersed throughout
much of the Brazilian territory. A. aegypti has been reported to be
present in 5172 of the 5494 municipalities in Brazil (Nunes et al.,
2015). These municipalities are home to the vast majority (98.6%)
of the Brazilian population. Although elevation was not signiﬁcant
in the model, A. aegypti mosquitoes usually do not live at elevations
above 2000 meters (6500 feet) because of environmental conditions; however, most Brazilian territories are low-lying. Thus,
these factors may concomitantly contribute to the wide distribution of this mosquito across most of Brazil (CDC, 2016).
After its origin in sylvan Africa, in the absence of human
populations, A. aegypti has adapted well to urban settings almost
worldwide (Anyamba et al., 2012). The continued expansion and
environmental adaptation of A. aegypti have contributed to the
growing public health threats of ZIK, CHIK, dengue, and other
tropical diseases. This problem is expected to be exacerbated due
to climate change and land use, in addition to the worldwide
intensiﬁcation of travel (Guzzetta et al., 2016). Additionally, A.
aegypti exists in about 150 countries, which are vulnerable to
future outbreaks of these viruses (Yakob and Walker, 2016).
Regarding the population dynamics and range limits of A.
aegypti, temperature affects the ability of the mosquito to
reproduce. Otero et al. (2006), for example, reported that the A.
aegypti habitat is limited to about the 15  C average annual
temperature isotherm. In another study, Araújo et al. (2015) found
that the land surface temperature had the greatest impact on
dengue incidence in São Paulo City, Brazil, and conﬁrmed that the
high temperatures found in urban heat islands favor A. aegypti
proliferation and viral development (Araújo et al. 2015). It is worth
mentioning that although the A. aegypti mosquito is considered to
be the main vector of ZIKV and CHIKV, there is evidence that Culex
quinquefasciatus is also able to transmit ZIKV (Guedes et al. 2017);
this strengthens the idea that species other than the main vectors
need to be studied.
Although ZIKV is also transmitted in other ways (sexual
transmission and blood transfusion) (Grischott et al., 2016),
several studies on ZIK (Bogoch et al., 2016; Messina et al., 2016;
Perkins et al., 2016; Zhang et al., 2017) and CHIK (Nsoesie et al.,
2016) have pointed out that the distribution of the A. aegypti vector
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is central to the transmission of these arboviruses. For this reason,
the study included socio-environmental variables related to the
lifecycle of this mosquito, which is distributed across the national
territory. The ﬁndings corroborate this relationship, as land use
and garbage collection – the most important variables in both
models – were directly related to A. aegypti breeding sites.
Study limitations
The study ﬁndings must be considered in the context of a
number of assumptions and data limitations. The projections
presented here were computed with the assumption that the other
variables remained stable; for example, the population size was
constant in these projections. Moreover, other ZIK and CHIK
determinants that were not included in the model could have
changed over the given time period. For example, mosquito control
measures could have differed at the area and municipality levels
and changed over time, with implications for ZIK and CHIK
incidences. Similarly, the quality of surveillance and clinical case
detection might also have differed and changed over time.
Climate factors may drastically change these study estimates.
The risk areas identiﬁed here are most likely the ZIK and CHIK
transmission sites considering that the socio-environmental
factors remain as they are, without abrupt changes. The predicted
scenario may be more or less dramatic and may be closely related
to climate change. Of note, the high number of probable cases
registered in 2016 could be a reﬂection of an over-notiﬁcation rate
due to the non-speciﬁc symptoms of ZIK, CHIK, and other diseases,
which may have led to inaccurate clinical diagnoses.
Finally, a general limitation of disease dynamics models applied
to arbovirus vectors is the lack of information about the competent
vector. A. aegypti was regarded as the competent vector for both
ZIKV and CHIKV. However, other Aedes species such as A. albopictus
were not accounted for. A. albopictus might be a competent vector
in particular geographical areas, such as those with forests, as well
as C. quinquefasciatus, a species that has been investigated for its
competence with ZIKV.
Conclusions
The analyses showed that landscape features represent the
major constraint on the extent of ZIK and CHIK expansion, because
they are related to the lifecycle of the A. aegypti vector in Brazil.
Garbage destination, type of sanitary installation, and pipe-borne
water also play an important role for both diseases. However,
economic development does not protect areas from vector-borne
diseases; for example, GDP did not signiﬁcantly contribute to this
model. Other social indicators such as education level and
unemployed population rates also did not show signiﬁcant
contributions in the ﬁnal ZIK and CHIK models.
In 2016, the geographic distribution of ZIK cases was similar to
that of CHIK cases. There were much more high-risk areas in 2016
than in 2015. An estimated 65 million people in Brazil live in areas
at high risk of CHIK and 75 million people in areas at high risk of
ZIK. These are areas in which the presence of competent mosquito
vectors and suitable climatic and social conditions could support
the local transmission of these arboviruses. In addition, among this
at-risk population are about 790 000 pregnant women who may
bear children with microcephaly due to the presence of ZIKV. The
main clusters are located in the coastal regions, predominantly the
northeast and southeast areas, which are the most populous
regions in Brazil.
The potential for epidemics in parts of Brazil is particularly
worrying given the vast numbers of people who are potentially
susceptible to ZIKV and CHIKV. The study ﬁndings offer valuable
information to help public health decision-makers at both the

municipal and national levels. Anticipating the areas of potential
concern while planning ahead and gathering sufﬁcient resources
are key to formulating successful public health programs.
Environmental factors inﬂuence disease ecology at many levels,
and the many non-linearities and feedback present in the system
create complex dynamics that are not easily modeled or
understood. Nonetheless, it may be possible to extract basic
patterns and general predictions that could provide useful
information for mitigating the effects of climate change on the
occurrences of ZIK and CHIK.
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