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Vector-borne diseases (VBDs) are important contributors to the global
disease burden and are a key factor in perpetuating economic inequality.
Although environmental changes are often cited as drivers of VBDs, the
link between deforestation and VBD occurrence remains unclear. Here, we
examined this relationship in detail using the spread of visceral leishmania-
sis (VL) in São Paulo state (Brazil) as the case study. We used a two-step
approach to estimate the causal effects (overall, direct, and indirect) of defor-
estation on the occurrence of the VL vector, canine visceral leishmaniasis
(CVL), and human visceral leishmaniasis (HVL). We first estimated the par-
ameters via a double Metropolis–Hastings algorithm and then estimated
the causal effects through a Gibbs sampler. We observed that the odds of
vector, CVL, and HVL occurrence were 2.63-, 2.07-, and 3.18-fold higher,
respectively, in deforested compared with forested municipalities. We also
identified a significant influence of the presence of vector, CVL, and HVL
in one municipality on disease occurrence in previously naive neighbouring
municipalities. Lastly, we found that a hypothetical reduction in deforesta-
tion prevalence from 50 to 0% across the state would reduce vector, CVL,
and HVL occurrence by 11%, 6.67%, and 29.87%, respectively. Our results
suggest that implementing an eco-friendly development strategy that con-
siders trade-offs between agriculture, urbanization, and conservation could
be an effective mechanism of controlling VL.
1. Introduction
Vector-borne diseases (VBDs), such as malaria, dengue, and leishmaniasis, are
among the most important public health burdens worldwide. More than half
of the global population is at risk of contracting VBDs, which are responsible
for more than 700 000 deaths annually [1,2]. The accelerating rate of environmen-
tal change has been recognized to contribute to the emergence, re-emergence, and
spread of VBDs into new geographical territories [3]. In particular, deforestation
caused by urbanization and increased agricultural, mining, and construction
activities could affect the distribution of vector and host reservoirs through
diverse mechanisms, including generating new favourable habitats for vector
reproduction and promoting closer proximity between components of the trans-
mission cycle. Indeed, several studies have linked deforestation to increased VBD
occurrence worldwide [4–6].

The potential impact of deforestation on VBD prevalence is the central issue
of the present study. We focus on visceral leishmaniasis (VL), a neglected
tropical disease that poses a persistent hazard to public health, especially in
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low- and middle-income countries [7,8]. The disease is ende-
mic in more than 60 countries, with more than 90% of VL
cases occurring in just seven countries (Brazil, Ethiopia,
India, Kenya, Somalia, South Sudan, and Sudan) [9,10]. The
two most common types of VL are due to Leishmania donovani
(syn Leishmania archibaldi) infection that is anthroponotic and
occurs in Asia and Africa, and to Leishmania infantum (syn.
L. chagasi) infection that is zoonotic and occurs in Europe
and Latin America. The pathogen is transmitted to humans
and other mammals through the bite of sandflies, primarily
Lutzomyia longipalpis, and domestic dogs are the main
source of human infection in urban areas [9–11]. In Brazil,
VL was historically known as a rural endemic disease, but
since the 1980s, it has become more widespread and it is
now endemic in many large cities [12,13].

The Brazilian state of São Paulo illustrates the geographical
expansion of both canine and human VL (CVL and HVL,
respectively), which is primarily associated with the coloniza-
tion of new areas by Lu. longipalpis [14–16]. In 1998,
Lu. longipalpiswasdetected in only twoof the 645municipalities
of São Paulo state, but by 2019, it had spread to 203 municipali-
ties (31.47%). The first cases ofCVLandHVLwere diagnosed in
1998 and 1999, respectively, in the twomunicipalities where the
vector had previously been identified [15,17,18]. Since then, São
Paulo state has recorded, until 2019, 3119 cases ofHVL, ofwhich
311were fatal [17], and thedisease isnowconsidered endemic in
some municipalities (107 out of 645).

Previous studies linked VL expansion in São Paulo state
to the Bolivia–Brazil gas pipeline. Its construction between
1997–1998 promoted deforestation and attracted thousands
of workers from endemic areas (e.g. Brazil’s northeastern
states and Mato Grosso do Sul state) through a railroad and
a highway [14–16]. Moreover, deforestation led to increased
contact between humans, the VL vector, and sylvatic reser-
voirs, thereby maintaining the cycle of infection. Other
factors often cited as drivers of VL occurrence and expansion
include socioeconomic condition (e.g. gross domestic product
(GDP)), climatic variables (e.g. temperature), and additional
environmental variables (e.g. land use) [19,20]. Despite the
growing number of studies on deforestation and infectious
diseases, we still have a poor understanding of their relation-
ship. In part, this is due to limitations in most current
approaches to exploring the interactions, which tend to be
qualitative or to ignore the complex and often nonlinear
relationship between variables and sample units (e.g. individ-
uals) [21–23]. In particular, more appropriate analytical
techniques for causal inference in such complex systems
and large-scale settings are underused [21,24,25].

In most studies, data are assumed to be independent and
identically distributed (iid). However, this assumption is
implausible in some disciplines, such as epidemiology,
where one individual exposure to a treatment (e.g. vaccina-
tion) may affect other individuals’ outcome (e.g. infection),
the so-called dependent happenings. Only fairly recently
methods to allow for such dependence in causal inference
contexts became available [26–33].

In this study,we estimated the causal effects of deforestation
on VL by focusing on the presence/absence of the vector, CVL,
and HVL. More specifically, we estimated the expected change
in the risk of VL under three hypothetical scenarios: (i) changes
in the statewide risk when the prevalence of deforestation in
the state is increased; for example, from 50 to 100% (overall
effect), (ii) changes in a single municipality’s risk when that
municipality’s status shifts from non-deforested to deforested
while the statuses of all other municipalities remain constant
(direct effect), and (iii) changes in a single non-deforestedmuni-
cipality’s risk when the statuses of its neighbours shift from
non-deforested to deforested (indirect effect).
2. Methods
(a) Study area and sample
The state of São Paulo is located in Southeast Brazil and has 645
municipalities [34]. The study sample comprised the 620 munici-
palities that were VL free (i.e. concomitant absence of vector, CVL,
andHVL) in the baseline year of 2000. São Paulo (figure 1a,b) is the
country’s wealthiest state, produces one-third of Brazil’s GDP, and
is home to approximately 22% of its population [34]. The tropical
Atlantic rainforest surrounds urban and livestock farming areas,
and its coverage has decreased from 80 to 3% of area of São
Paulo state in the last century [35].

To account for the interconnection among municipalities, we
first built a neighbourhood matrix that allowed the construction
of a network in which nodes correspond to a municipality, and
edges represent the connectivity between municipalities (i.e.
border sharing). An example of this Campina do Monte Alegre
municipality is illustrated in figure 1c, and the full network is
presented in electronic supplementary material, figure S1. The
network was generated using digitized municipal boundary
maps available at the Instituto Brasileiro de Geografia e Estatística
(Brazilian Institute of Geography and Statistics (IBGE)) website
[36] and using R statistical software (v. 3.6.1) [37] with packages
maptools [38] and spdep [39].

(b) Outcomes
Our study considers three outcomes: (i) presence/absence of the
VL vector Lu. longipalpis (referred to as VEC), (ii) presence/
absence of CVL, and (iii) presence/absence of HVL. Data on
VEC were obtained from the São Paulo State Secretary of
Health [18] and were derived from surveillance activities, as
described in Casanova et al. [15]. Data on CVL cases were also
obtained from surveys carried out by the São Paulo State Sec-
retary of Health [18], and data on HVL cases were obtained
from the Brazilian Ministry of Health website [17]. Notification
of HVL is compulsory in Brazil. All data are freely available
and were collected annually from 2000 to 2018.

(c) Exposure
The exposure was deforestation (DEF) defined as the area of forest
clearing over time. To estimate this, we employed land use and
land cover data from the Mapbiomas Project [40]. The high-
resolution maps (30 m pixel resolution) are based on machine
learning algorithms and Landsat satellite imagery, available
through the Google Earth Engine Platform. Specifically, we col-
lected data from São Paulo state from 2000 and 2018 and
calculated the natural forest percentage by municipality and year.
We then calculated the change in forested area in eachmunicipality
by subtracting the forested area percentage at the end of the study
period (2018) from the percentage at the baseline year (2000).
A negative value from this calculation was considered deforesta-
tion (DEF = 1) of the municipality; otherwise, the municipality
was considerednon-deforested (DEF = 0). These analyseswereper-
formed with R [37] packages raster [41], tidyverse [42], and sp [43].

(d) Covariates
Potential pathways affecting VL occurrence (VEC, CVL, and
HVL) were expressed through a directed acyclic graph (DAG)



Campina do Monte Alegre (CMA)
CMA neighbours
Municipalities
Connection between municipalities
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Figure 1. (a) Brazil, (b) São Paulo state, and (c) an example of the network between municipalities.
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(figure 2). Based on the literature and our DAG, the confounders
(i.e. common causes of exposure and the outcome through a
causal path) were GDP per capita and the presence of the
Bolivia–Brazil gas pipeline (Gas) for the VEC model; and GDP
per capita, Gas, and human population size (H Pop) for both
the CVL and HVL models.

Data on population and GDP per capita were collected from
Fundação Seade (Statewide System for Data Analysis Foundation)
and are available through their website [44]. Municipalities
were assigned, following the definition by IBGE, to one of seven
human population categories: (less than 5000, 5001–10 000,
10 001–20 000, 20 001–50 000, 50 001–100 000, 100 001–500 000,
and greater than 500 000 inhabitants), and to one of six GDP per
capita categories (less than 10 000, 10 001–15 000, 15 001–20 000,
20 001–25 000, 25 001–30 000, and greater than 30 001 Brazilian
reais) that are converted to US dollars (less than 1980, 1980–2970,
2971–3960, 3961–4951, 4952–5941, greater than 5941) [45]. We
assigned the municipalities to a binary variable according to the
presence of the Bolivia–Brazil gas pipeline (0, absence; 1, pres-
ence), using the data available on the Brazilian Ministry of
Transport website [46].

(e) Data analyses
Initially, we assessed the appropriateness of the confounders
through correlation and multicollinearity tests. Bivariate corre-
lations between GDP, Gas, and Population were assessed using
Pearson’s correlation coefficient, and multicollinearity through
the variance inflation factor (VIF).

Causal mechanisms have been studied within the framework
of causal inference in the presence of interference, allowing for
partial interference between units [28–30]. More recently, methods
have been developed to allow for full interference by assuming
that the data can be described as a network [26,31–33], and repre-
senting the data as chain graphs [47,48] that allow inferences
about the parameters of the joint distribution of the observed
data. A chain graph is a mixed graph that enables a network to
be constructed from both the directed relationship of the variables
(as in figure 2), and the undirected relationship of the study units
(i.e. municipalities connection). The chain graph thus allows infer-
ences to be made about the network causal effects. Figure 3 shows
an example of a chain graph, where (E) represents exposure, (Y)
outcome, and (C) confounder, and the subscripts represent the
network units (i.e. municipalities).

Under this framework, we defined overall, direct, and indir-
ect causal effects as quantities of interest in a network analysis. It
was estimated using the observed data (i.e. factual) to simulate
what would occur under different exposure (i.e. deforestation)
prevalence scenarios and comparing the potential outcomes
(i.e. counterfactual) of interest (VEC, CVL, and HVL occurrence).
Thus, the direct effect is the expected change in VL risk in a
single municipality upon changing its exposure status (non-
deforested to deforested) while keeping the other municipality
exposure levels constant (i.e. non-deforested). The indirect
effect is the expected change in VL risk in a single municipality
upon changing the deforestation status (non-deforested to
deforested) of the network (i.e. remaining municipalities in São
Paulo state) while keeping the given municipality’s exposure
status constant (i.e. non-deforested). The overall effect was
defined as the expected change in the VL risk in the entire
state upon changing the prevalence of deforestation in the
whole state. These effects are illustrated in figure 4.

Estimation of the network causal effects was conducted in
two steps. We first estimated the parameter values for the covari-
ates and the outcomes on the odds ratio (OR) scale through a
Double Metropolis–Hastings algorithm, as described by Liang
[49]. Then, using the posterior distribution of step one, we ran
a Bayesian auto-g-computation algorithm of network effects by
network g-formula combined with the Gibbs sampling algorithm
of Tchetgen et al. [31,32] resulting in the causal effects (overall,



exposure

ALT

PREC

TEMP

GDP

DEF

GAS

VEC CVL

VEC & CVL

HVLH POP

C POP

SURV

HUM

outcomes

confounders

covariates

Figure 2. Directed acyclic graph depicting the relationship between exposure (deforestation) and outcomes (VEC, CVL, and HVL), and covariates. ALT, altitude; C POP,
canine population; CVL, canine visceral leishmaniasis; DEF, deforestation; GDP, gross domestic product; GAS, presence of the Bolivia–Brazil gas pipeline; H POP,
human population; HVL, human visceral leishmaniasis; HUM, humidity; PREC, precipitation; SURV, VL surveillance activities; TEMP, temperature; VEC, presence
of vector; VEC & CVL, presence of both VEC and CVL.

C1 C3C2

E1 E3E2

Y1 Y3Y2

Figure 3. Chain graph representing data from a network of three intercon-
nected units.
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direct, and indirect) of deforestation. For parameter estimation
(step 1), we used the agcParam function in the autognet [31,50]
R package, with non-informative priors, 75 000 interactions and
four independent chains, a burn-in of 7500 and thinned every
seventh iteration. For the second step, we ran the auto-g-compu-
tation algorithm following Fulcher [31] and Tchetgen et al. [32]
under deforestation prevalences of 0, 20, 50, 80, and 100%,
using the agcEffect function in the autognet package [50]. The
code used in our analysis and respective outputs are presented
in the electronic supplementary material.
3. Results
Of the 620 municipalities included in the analysis, most
were VEC free (68.71%), CVL free (84.20%), and HVL free
(84.51%); deforested (69.67%); and not crossed by the gas
pipeline (89.20%). The most common GDP per capita was
1.980–2.970 US dollars (31.13%) and the most common
municipality size was less than 5000 inhabitants (24.52%)
(table 1). Bivariate correlations between the three con-
founders were weak (0.06–0.16), and the VIFs showed
multicollinearity in acceptable values (1.05–1.25) (table 2).
Therefore, all three variables were included for adjustment
in the models.

Estimated ORs and credible intervals are given in table 3.
Due to scaling by the number of network connections
(i.e. neighbours), the outcome and covariate influence of
neighbours can be interpreted as the average effect of the cov-
ariate value among network connections. The odds of VEC,
CVL, and HVL presence were 2.63-, 2.07-, and 3.18-fold
higher, respectively, in deforested compared with non-
deforested municipalities. Nevertheless, the deforestation
status of the network (among neighbours) was significantly
associated with a municipality risk only for HVL (OR = 1.59,
95% CI = 1.05–2.70) conditional on the neighbours’ outcomes.
None of the potential confounderswas significantly associated
with a municipality risk of VEC, CVL, or HVL. The risk of
VEC, CVL, and HVL presence in a municipality was more
likely when they were also present in neighbouring municipa-
lities (median ORs = 6.67, 4.26, and 4.27, respectively). The
trace plots are given in electronic supplementary material.

The overall, direct, and indirect effects of deforestation
on VEC presence are given in figure 5a–c. The expected
statewide prevalence of Lu. longipalpis decreased by 11%
(0.56–0.5) when deforestation prevalence was reduced from
50 to 0%; conversely, statewide vector prevalence increased
by 8.78% (0.56–0.61) when deforestation increased from
50% to 100% (figure 5a). The direct effect of deforestation
on VEC was 0.08 when 50% of the state was deforested,
and this effect was increased by 3.16% when deforesta-
tion was 100% and decreased by 6.20% when deforestation



direct effect

indirect effect

overall effect

deforested

non-deforested

Figure 4. Types of causal effects based on comparisons of different scenarios. Circles represent hypothetical exposure level (deforestation) in the sample (state), with
each circle subdivision representing a sample unit (municipality).
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was 0% (figure 5b). However, the indirect effects on VEC
presence were negligible for all deforestation distributions
(figure 5c).

The effect estimates for CVL are presented in figure 5d–f.
The statewide CVL prevalence decreased by 6.67% (0.16–
0.15) when deforestation prevalence was reduced from 50
to 0%, whereas the prevalence increased by 6.10% (0.16–
0.17) when deforestation prevalence was increased from 50
to 100% (figure 5d ). The direct effect of deforestation on
CVL was reduced by 2.60% when deforestation prevalence
decreased from 50 to 0% and increased by 6.10% when defor-
estation prevalence was increased from 50 to 100% (figure 5e).
There was no evidence of a significant indirect effect of
deforestation on CVL occurrence (figure 5f ).

The effects of deforestation on HVL occurrence are given
in figure 5g–i. The expected statewide HVL prevalence
decreased by 29.87% when deforestation was reduced from
50 to 0% and increased by 59.75% when deforestation preva-
lence was increased from 50 to 100% (figure 5g). The direct
effect on HVL, which was 0.10 when deforestation prevalence
was 50%, increased by 2.02% when deforestation increased to
100% and decreased by the same value (2.02%) when defor-
estation was reduced to 0% (figure 5h). No significant indirect
effect of deforestation on HVL occurrence was detected
(figure 5i).

It is important to highlight that the credible intervals of
the overall and direct effects for all outcomes, independently
of the distribution of deforestation prevalence, did not con-
tain zero. Therefore, altering the deforestation status of a
municipality significantly increased the likelihood of the
outcome occurrence.
4. Discussion
In the present study, we observed that the odds of vector,
CVL, and HVL occurrence were 2.63-, 2.07-, and 3.18-fold
higher, respectively, in deforested compared with forested
municipalities. We also identified a significant influence of
the presence of vector, CVL, and HVL in one municipality
on disease occurrence in previously naive neighbouring
municipalities. Lastly, we found that a hypothetical reduction
in deforestation prevalence from 50 to 0% across the state
would reduce vector, CVL, and HVL.

Specifically, in the São Paulo state, the VL expansion
occurred along a major axis extending from the northwest
to the southeast towards the Bauru region, following the
Bolivia–Brazil gas pipeline construction along the paths of
the Novoeste railway and the Marechal Rondon highway
[14–16]. The latter crosses São Paulo from the northwest
corner to the state capital in the southeast. The same area pre-
sents the highest forest clearing from the state [35,51].
Conversely, in the regions where the Brazilian Atlantic
Rainforest is preserved, such as the coastal area of São
Paulo state, the disease is not endemic, occurring in only a
few sporadic cases in humans and dogs, all not related to
Lu. longipalpis presence, but to two other sandflies species
(Pintomyia fischeri and Migonemyia migonei) [14–18].

Twomechanismsmay explain the importance of deforesta-
tion on the disease occurrence. First, anthropogenic changes
alter the functioning of the ecosystem and the structure of
the community [52–54]. These changes occur through a chain
of events initiated by the death ormigration of the vector’s pre-
dators and competitors, leading to ecological release and
freedom of the vector from natural controls [55]. The vector
population can then swiftly expand and disperse throughout
the new environment [54,56]. An extension of this concept
has been proposed to explain the invasion of Aedes spp. and
Rattus spp. in anthropized areas [57,58]. Second, deforestation
and its outcomes (e.g. urbanization, agricultural, and livestock
expansion) not only directly affect the ecology of the vector but
also promote closer proximity between the vector and new
reservoirs (e.g. dogs) [5]. Deforestation causes fragmentation
of the natural biome to create a mix of different habitats, lead-
ing to forest edges characterized by biophysical factors (e.g.
elevated species richness) and intense biological activity
[57–59]. Expansion of forest edges within a matrix of habitats
has been suggested to alter disease niches by bringing together



Table 1. Distribution of variables in the study sample (N = 620
municipalities) between 2000 and 2018. GDP, gross domestic product.

variable proportion (%) n

Lu. longipalpis (vector)

presence 31.29 194

absence 68.71 426

canine visceral leishmaniasis

presence 15.80 98

absence 84.20 522

human visceral leishmaniasis

presence 15.49 96

absence 84.51 524

deforestation

yes 69.67 432

no 30.33 188

gas pipeline

yes 10.80 67

no 89.20 553

GDP per capita (in US dollars)

<1.980 15.9 99

1.980–2.970 31.13 193

2.971–3.960 23.06 143

3.961–4.951 11.30 70

4.952–5.941 6.13 38

>5.941 12.42 77

population

<5000 24.52 152

5001–10 000 18.87 117

10 001–20 000 19.03 118

20 001–50 000 18.55 115

50 001–100 000 7.74 48

100 001–500 000 9.84 61

>500 000 1.45 9

Table 2. Bivariate correlations between covariates and variance inflation
factors. GDP, gross domestic product; VIF, variance inflation factor.

covariate

bivariate correlation ( p-value)

VIF1 2 3

1. GDP per

capita

1.00 0.06

(0.13)

0.16

(0.00)

1.05

2. gas

pipeline

1.00 0.12

(0.00)

1.06

3. population 1.00 1.25
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the vector, reservoirs, and humans, thereby increasing the con-
tact rate and risk of transmission. Contact is a key feature of
disease dynamics, and the contact rate is one of the main
components of the basic reproduction number (R0), a measure
of the potential for disease emergence [60].

To the best of our knowledge, this is the first study to
apply causal inference methods to estimate the effects of
deforestation on VL. Despite growing awareness that the
emerging occurrence and dynamics of infectious diseases
may be associated, at least in part, with deforestation, rela-
tively few studies have investigated whether and how
deforestation might play such a role [21]. Our poor under-
standing of the relationship between infectious diseases and
anthropogenic environmental changes could be due to sev-
eral factors. One is the high cost of data collection inherent
to studies of natural ecosystems. A second factor is the poor
quality and/or dearth of data about the prevalence of the
various components of infectious disease cycles, including
vector, human, and wild host reservoirs; and misdiagnosis,
delayed diagnosis, and underreporting of disease cases.
A third, and likely most important, obstacle to understanding
the impact of deforestation on infectious disease occurrence is
the use of methodologies that do not benefit from recent
advances in causal inference for complex and large-scale sys-
tems [21,25,57]. This obstacle has resulted in the recurrent
use of reductionist methods through hypothesis testing,
thereby separating the problems into elements and focusing
on the elements in isolation, which ignores the complex,
probably nonlinear and non-independent effects between
the elements [61]. Consequently, although deforestation
is frequently implicated in the emerging of infectious dis-
eases, there is still no consensus about the precise roles
played by deforestation. For example, there is evidence both
for and against an association between leishmaniasis occur-
rence in Brazil: some studies observed a positive association
between VL and greener areas [62–64], some observed no
association [65,66], and others found a positive association
between urbanized areas and Lu. longipalpis, CVL, and HVL
presence [67].

Our study has several strengths that should be highlighted.
The first was the use of spatial and temporal data; namely,
data from the entire state of São Paulo spanning almost two
decades. Second, we integrated data on all VL cycle com-
ponents; the vector and two infected hosts, allowing a better
understanding of the complexity of VL dynamics. Third, we
took advantage of an innovative methodology that provided
clear large-scale evidence that deforestation increases VL.
Alongside these positives, we acknowledge that our study
has some limitations. First, although data categorization per-
mits a better convergence of the models, it halts the ability to
observe any dose–response effect of deforestation on the
outcomes. Second, our model assumes no directionality
between the units (i.e. outcomes of a pair of connected muni-
cipalities are observed contemporaneously). Although that
situation may not occur for an infectious disease, it serves
as a reasonable model, given the lack of precise data on
person-to-person infection.

In Brazil, the main measures to control VL occurrence and
dispersion are the use of insecticides and culling of seroposi-
tive dogs, both of which have weak evidence of effectiveness
and high operational cost, in combination with the rapid
diagnosis and early treatment of human cases [12]. Neverthe-
less, these measures have not been effective, given that the
incidence and mortality rate of VL have not been reduced
in recent years, and the disease has spread to all regions of
the country and beyond [17].
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Figure 5. Network causal effect estimates under different degrees of deforestation. Data are presented as the median (circle) and 95% credible intervals. Each panel
shows the overall (left), direct (middle), and indirect (right) effects of different degrees of deforestation on the occurrence of the vector Lu. longipalpis (a–c), CVL
(d–f ), and HVL (g–i) in the network (São Paulo state).

Table 3. Odds ratio estimates of the presence of vector (Lu. longipalpis), canine visceral leishmaniasis (CVL), and human visceral leishmaniasis (HVL).

variable

outcome

vector CVL HVL

median (95% credible interval)

deforestation 2.63 (2.11–3.33)a 2.07 (1.61–2.74)a 3.18 (2.26–4.26)a

gas pipeline 2.17 (0.45–8.58) 1.04 (0.58–3.06) 1.55 (0.60–3.60)

GDP per capita 0.86 (0.81–0.92) 0.92 (0.85–0.99) 0.54 (0.50–0.58)

population — 1.01 (0.94–1.09) 0.89 (0.82–0.96)

vector neighbours 6.67 (3.92–12.19)a — —

CVL neighbours — 4.26 (1.68–7.71)a —

HVL neighbours — — 4.27 (1.79–6.90)a

deforestation neighbours 1.72 (0.98–2.67) 1.51 (0.93–2.14) 1.59 (1.05–2.70)a

gas pipeline neighbours 1.64 (0.61–5.84) 1.32 (0.80–2.50) 1.13 (0.46–2.05)

GDP per capita neighbours 1.05 (0.91–1.18) 1.23 (0.99–1.42) 0.63 (0.53–0.71)

population neighbours — 1.66 (1.37–1.92)a 1.27 (1.07–1.43)a

aStatistically significant (95% credible interval does not contain 1).
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Our results point to a significant effect of deforestation on
the surge of VL, and when we compare a hypothetical scen-
ario where the statewide deforestation dropped, VL
occurrence decreases. So, given that deforestation is a causal
factor for VL occurrence, we emphasize that decision-
makers need to place control of VL and infectious diseases
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more broadly within a framework that encompasses ecologi-
cally correct development and viable solutions for the trade-
offs between urbanization, agriculture, and conservation.
Forested areas are relevant not only to biodiversity conserva-
tion but also to public health, preventing the emergence and
re-emergence of infectious diseases [67–69]. Future work
should look to more integrated and multidisciplinary
approaches, such as the One Health strategies, a widely
endorsed concept that recognizes that human health is
directly linked to the health of animals and the environment,
and that changes in one field inevitably impact upon the
others [70].

Data accessibility. The data that support the findings of our study are avail-
able in Casanova et al. [15] at [https://doi.org/10.1371/journal.pntd.
0003620], and from the following resources available in the public
domain: (i) Fundação SEADE [http://www.imp.seade.gov.br/fron-
tend/#/], (ii) Ministério da Saúde da Saúde do Brasil [http://tabnet.
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mapbiomas.org/], (v) Ministério dos Transportes do Brasil [https://
www.tbg.com.br/traÃ§ado-do-gasoduto], (vi) Instituto Brasileiro de
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