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Species-specific ecological niche modelling
predicts different range contractions for
Lutzomyia intermedia and a related vector
of Leishmania braziliensis following climate
change in South America
Shannon McIntyre1,2†, Elizabeth F. Rangel1, Paul D. Ready2 and Bruno M. Carvalho1*†

Abstract

Background: Before 1996 the phlebotomine sand fly Lutzomyia neivai was usually treated as a synonym of the
morphologically similar Lutzomyia intermedia, which has long been considered a vector of Leishmania braziliensis,
the causative agent of much cutaneous leishmaniasis in South America. This report investigates the likely range
changes of both sand fly species in response to a stabilisation climate change scenario (RCP4.5) and a high
greenhouse gas emissions one (RCP8.5).

Methods: Ecological niche modelling was used to identify areas of South America with climates currently suitable
for each species, and then the future distributions of these climates were predicted based on climate change
scenarios. Compared with the previous ecological niche model of L. intermedia (sensu lato) produced using the
GARP algorithm in 2003, the current investigation modelled the two species separately, making use of verified
presence records and additional records after 2001. Also, the new ensemble approach employed ecological niche
modelling algorithms (including Maximum Entropy, Random Forests and Support Vector Machines) that have been
widely adopted since 2003 and perform better than GARP, as well as using a more recent climate change model
(HadGEM2) considered to have better performance at higher resolution than the earlier one (HadCM2).

Results: Lutzomyia intermedia was shown to be the more tropical of the two species, with its climatic niche defined
by higher annual mean temperatures and lower temperature seasonality, in contrast to the more subtropical
L. neivai. These different latitudinal ranges explain the two species' predicted responses to climate change by 2050,
with L. intermedia mostly contracting its range (except perhaps in northeast Brazil) and L. neivai mostly shifting its
range southwards in Brazil and Argentina. This contradicts the findings of the 2003 report, which predicted more
range expansion. The different findings can be explained by the improved data sets and modelling methods.

Conclusions: Our findings indicate that climate change will not always lead to range expansion of disease vectors
such as sand flies. Ecological niche models should be species specific, carefully selected and combined in an
ensemble approach.
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Background
The Intergovernmental Panel on Climate Change (IPCC)
estimates that annual mean surface temperature has risen
throughout the South American continent since 1901, and
will continue to do so over the coming century [1]. These
changes are anticipated to alter the distribution and risk
of contracting vector-borne diseases, due to the impact of
bioclimatic conditions on the development, behaviour and
lifespan of many insects [2]. Climatic conditions are cited
as amongst the most important factors influencing the
density and the number of annual generations of the
sand fly species (Diptera, Phlebotominae) transmitting
Leishmania species (Kinetoplastida, Trypanosomatidae)
that cause human leishmaniasis [3, 4]. The present report
uses ecological niche modelling [5] to define the current
distributions of two leishmaniasis vectors in South America,
Lutzomyia (Nyssomyia) intermedia (Lutz & Neiva, 1912)
and the closely-related Lutzomyia (Nyssomyia) neivai
(Pinto, 1926), and to predict their geographical ranges in
2050 under two climate change scenarios, Representative
Concentration Pathway (RCP) 4.5 and RCP 8.5, both
based on the HadGEM2-ES climate model [1].
Before 1996, L. neivai was usually treated as a junior

synonym of the morphologically similar L. intermedia
[6], which has long been considered an important vector
of Leishmania braziliensis, the causative agent of much
cutaneous leishmaniasis (CL) in South America [7, 8].
Both sand fly species are now incriminated vectors of L.
braziliensis [4, 9] in different regions, such as L. inter-
media in south-east Brazil [10] and L. neivai in south
Brazil [11] and Argentina [12]. Nevertheless, many earl-
ier records do not permit the differentiation between the
two species and previous authors have not recognised
them as separate species. In those cases, we refer here to
L. intermedia (sensu lato). The females of L. intermedia
and L. neivai are opportunistic blood feeders, feeding on
domestic animals, rodents and humans alike, and can be
found in both forests and anthropic environments in
Argentina, Bolivia, Brazil or Paraguay [13–15]. Distin-
guishing between L. intermedia and L. neivai is important
because any differences in their habitat preferences,
adaptations to deforestation and urbanisation, biting pref-
erences and vectorial capacities could influence which
areas are at risk of leishmaniasis transmission [13].
Ecological niche modelling has emerged in recent

years as a key method for predicting the potential distri-
bution of a species [5]. Ecological niche models have
already been constructed for several sand fly species in
parts of Latin America, with or without predictions
based on climate-change scenarios [16–22]. Ecological
niche modelling on a continental scale has only been re-
ported for L. intermedia (s.l.) [16] because of the earlier
paucity of verified presence records for L. intermedia
and L. neivai. A published niche model of L. neivai is

restricted to north-west Argentina because it is based on
field-collected data [18]. However, datasets and methods
are frequently being improved [19, 23–25], and the
present report is the first to investigate how differences
in the fundamental ecological niches of L. intermedia
and L. neivai could affect their future distributions
throughout South America.

Methods
Study area
All reviews from 1978–2007 record L. intermedia and L.
neivai from just four countries, namely Argentina,
Brazil, Bolivia and Paraguay [13, 26–28]. However, our
study area included all countries in South America, to
investigate the potential range of both species.

Presence records for the two sand fly species from all
countries
Sources
To compile records of the presence of L. intermedia and L.
neivai in South America, the online databases PubMed, ISI,
Scopus and SciElo were searched on 18th July 2016 for rele-
vant studies using the terms ‘Psychodidae’ and ‘Lutzomyia’.
Recovered papers were scanned for mention of L. inter-
media and L. neivai in the context of entomological surveys,
and all records compiled in a Microsoft Excel database (see
Additional file 1: Table S1). Additionally, the presence lists
compiled by Martins et al. [26], Marcondes [29] and
Andrade-Filho et al. [13] were consulted to ensure any other
unique presence records were not missed. Lutzomyia
(Nyssomyia) intermedia, Lutzomyia (Nyssomyia) neivai,
Lutzomyia intermedia, Lutzomyia neivai, Psychodopygus
intermedius, Nyssomyia intermedia, and Nyssomyia neivai
were all considered valid species names.
Between February 2014 and July 2016, BMC also

checked for additional, unpublished presence records of
the two species by contacting Brazilian Health Department
registers and performing physical searches of the entomo-
logical collections of the Brazilian institutes Centro de
Pesquisas René Rachou (FIOCRUZ, Belo Horizonte,
assisted by Dr J. D. Andrade-Filho), Instituto Butantan
(IBUT, São Paulo, assisted by Dr R. Moraes), Instituto
Evandro Chagas (IEC, Belém, assisted by Dr T.V. Dos
Santos), Instituto Oswaldo Cruz (FIOCRUZ, Rio de Janeiro,
assisted by Dr J. M. Costa), Instituto de Pesquisas da
Amazônia (INPA, Manaus, assisted by Dr R. Freitas and Dr
M. L. Oliveira), Universidade de São Paulo Faculdade de
Saúde Pública (USP, São Paulo, assisted by Prof. E. Galati
and Prof. M. A. Sallum), and Universidade de São Paulo
Museu de Zoologia (data provided by Dr A. J. Andrade).

Inclusion-exclusion criteria
Presence records gathered from sources prior to 1996
were cross-referenced with the major reviews of
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Marcondes et al. [28] and Andrade-Filho et al. [13], to
check for any inconsistencies in the identifications of L.
intermedia and L. neivai, which were reclassified when ne-
cessary. All presence records were plotted on a map of
South America using ArcGIS v. 10.0 [30] to identify
potential outliers. If a record appeared to fall outside the
distributions of L. intermedia and L. neivai described by
the two major reviews [13, 28], the original paper was
consulted to assess the accuracy of the database entry and
the taxonomic expertise of the identifier. The authors
were then contacted for verification, and expert opinion
was sought from those listed in the previous section.

Data preparation for modelling
Presence records from secondary data tend to be
spatially biased; therefore, the datasets were refined to
reduce spatial autocorrelation. A spatial thinning process
was applied with R package spThin [31], to randomly se-
lect a subset of records for which each neighbouring pair
was at least 10 km apart. The remaining data was
retained for independent validation of the models.
Pseudo-absences were sampled outside the environ-

mental domain favourable for the species [32], with the
latter estimated using the simple bioclimatic envelope
model BIOCLIM [33]. The number of pseudo-absences
was the same as the number of presence records for
each species.
A dataset of presence records published before 2002

was created for comparison of our results with the previ-
ously published ecological niche model of L. intermedia
(s.l.) [16].

Climatic variables and climate change projections
Sources
Historical (1960–1990) climate data for South America
was sourced from WorldClim, an online database of 19
climatic variables derived from monthly averages of
temperature and precipitation [34]. Also sourced from
WorldClim were climate projections for 2050 (average
for 2041–2060) under different scenarios based on the
different RCPs underlying the IPCC’s Fifth Assessment
Report models. Each of the RCPs is based on potential
increases in total radiative forcing (defined as the ‘cumu-
lative measure of human emissions of [greenhouse
gases] from all sources expressed in Watts per square
meter’), simulated in integrated assessment models to
2100 [35]. RCP4.5 and RCP8.5 were chosen because they
represent contrasting greenhouse gas emissions scenar-
ios. RCP4.5 is a stabilisation scenario [36]. It assumes
growth in the greenhouse gas emissions trajectory is lim-
ited through initiatives including carbon capture and
storage, the development of low emissions energy tech-
nologies, and the introduction of global greenhouse gas
emissions pricing. RCP8.5 corresponds to the highest

greenhouse gas emissions scenario in the RCP collection.
It is a ‘business as usual’ scenario, in which no climate-
specific mitigation targets or policies are set, population
growth is high, and only modest improvements in
energy-use intensity and technology change are experi-
enced [37]. It does assume a slight reduction in emis-
sions intensity from the 2010 baseline after 2030.
Downscaled and calibrated projections of the

HadGEM2-ES model were selected because they have
demonstrated good predictive ability for climate in
South America [38]. Two and a half minute spatial reso-
lution (approximately 25 km2 per pixel) was chosen for
all bioclimatic variables, which is an adequate resolution
for ecological niche models based only on climate
variables [39].

Selection of climatic variables
A subset of variables was selected, to reduce collinearity
in the dataset of 19 climatic variables. A Pearson correl-
ation matrix was applied to identify pairs or groups of
highly-correlated variables (r > 0.6) and, with one excep-
tion, all removals were based on a selection criterion of
ecological relevance to the vector. The final set of
climate predictors used to run the ecological models
consisted of annual mean temperature (BIO1), mean
diurnal range of temperature (BIO2), temperature
seasonality (BIO4), annual precipitation (BIO12), precipi-
tation seasonality (BIO15) and precipitation of warmest
quarter (BIO18) [34].

Description of sand fly climatic niches
The values of the climatic variables for each presence
record were extracted and compared statistically and by
constructing scatter plots, using ArcGIS v. 10.0 [30] and
R [40], to describe any differences in the niches of L.
intermedia and L. neivai. Statistical significance was
assessed by Wilcoxon rank sum tests in R.

Ecological niche modelling
Model selection
There are numerous approaches to ecological niche
modelling, with each algorithm producing a different
predictive result and map. The choice of algorithms will
depend in part on the availability of presence data alone,
presence and background data (the environment across
the entire study area), or both presence and absence
data. However, there is no single approach that is con-
sistently considered superior to all others, as discussed
by Araújo et al. [41], Hijmans & Graham [42] and
Beaumont et al. [43] in relation to predicting species dis-
tributions under climate change. Therefore, to overcome
the limitations of each algorithm when used in isolation,
five modelling algorithms were applied: BIOCLIM,
Generalised Linear Models (GLM), Maximum Entropy
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(MaxEnt), Random Forests (RANFOR), and Support
Vector Machines (SVM).
BIOCLIM is classified as a ‘profile’ modelling method,

i.e. it only considers species presence data [5]. It works
by computing the similarity of environmental variables
at known locations of species occurrence to the value of
those variables at locations where the species has not
been observed, to identify potentially climatically suit-
able environments [5, 33, 42]. GLMs are a form of re-
gression model. In this method, the dependent variable
is transformed relative to its mean value, and the rela-
tionship between the transformed variable and a set of
predictor variables assessed to forecast climatically suit-
able environments for a species [44]. Logistic regression
was utilised for this study because it is the most popular
form of GLM for ecological niche modelling and
adequate for presence/absence data.
MaxEnt, RANFOR and SVM are all machine learning

models that consider both presence and absence or pres-
ence and background data [5]. MaxEnt computes a
probable distribution within the study area that satisfies
constraints derived from the environmental conditions
at current presence locations. It then selects an area that
has maximum entropy within the specified distribution
area [45]. RANFOR is a classification tree-based model-
ling method that works by dividing the data into homo-
geneous subgroups based on the value of predictor
variables and describing each subset resulting from these
splits according to their homogeneity in the response
variable through a sum of squares [46]. SVM models
estimate the current and future fundamental niche of a
species by fitting a hyperplane to separate presence and
absence data, and applying a linear analysis [46]. Among
machine learning and other modelling algorithms,
MaxEnt models have consistently performed well in
comparative and validation studies when used to predict
habitat changes due to climate change [5, 42].
The algorithm GARP [47] was used to model the eco-

logical niche of L. intermedia (s.l.) to help compare our
findings with those of Peterson & Shaw [16]. GARP is a
genetic algorithm based on a series of classificatory rules
that are developed according to relationships between
predictive variables and species occurrences. The various
rules 'evolve' in a process analogous to natural selection,
and they are excluded or selected to maximise predict-
ability [46].

Model settings and evaluation
Models were run in R package dismo [5] under default
settings, except for GARP models that were run in
OpenModeller (version 1.1.0), using its 'Best Subsets'
implementation [48]. For every modelling algorithm,
10-fold cross-validation was applied, to use the whole set
of presence/pseudo-absence records for both model

training and testing. In each model run, 10% of records
were randomly selected for model testing. 60 model runs
were performed; 10 runs for each of the six algorithms.
The model outputs were mapped as continuous values

per pixel representing climate suitability. The standard
deviation of each pixel was used to compare results from
different algorithms and map uncertainty. As the range
of values is different for each algorithm, outputs were
converted to binary (0 and 1) by applying a sensitivity
and specificity maximisation threshold, and maps were
inspected for areas of disagreement. This threshold rule
was chosen because it is objective, minimises both false
positives and false negatives, and has been found to
perform well in ecological niche models assessing the
effects of climate change [19, 49].
Binary outputs were restricted to areas historically

accessible to both species via dispersal (M area in the BAM
diagram framework [50, 51]). The accessible areas of L.
intermedia and L. neivai were delimited by adding a buffer
of 100 km to the ecoregions where they occur (data from
FAO GeoNetwork [http://www.fao.org/geonetwork]).
The performance of each model was evaluated by the

true skill statistic (TSS), a derivative of Cohen’s kappa.
While kappa alone is a popular measure of model per-
formance, recent studies suggest that it is overly
dependent on presence data, and equal proportions of
presences and absences only contribute to the kappa
score when sensitivity and specificity are uniform, which
biases estimates of predictive accuracy [52, 53]. TSS
scores range from -1 to +1, with +1 indicating complete
agreement and values close to and below 0 denoting
models no better than random predictions.
Only model outputs with TSS scores above or equal to

0.7 were retained for mapping the climatic suitability
areas of L. intermedia and L. neivai. Outputs with the
highest TSS scores from each algorithm were overlaid
and areas of agreement extracted per the majority en-
semble rule [54], to produce binary ensemble maps.
These were validated by TSS using the set of presence
records that was left out of the modelling procedures
during the spatial thinning process (see above). Potential
changes in the climatic suitability of L. intermedia and
L. neivai were assessed from these maps.

Predicting range changes of sand flies in response to
climate change
The approximate area of climatic suitability was ex-
tracted from the final binary ensemble maps of each spe-
cies under each scenario (current, RCP4.5 and RCP8.5),
to give an objective numerical overview of potential cli-
matic habitat contraction and expansion. Binary model
predictions from each scenario were overlapped in Arc-
GIS v. 10.00 [30] to map each species’ current climatic
range and potential future expansion and contraction.
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Areas of intersection between the two species under the
different scenarios were also mapped in ArcGIS v. 10.00.

Results
Descriptions of the ecological niches of the two sand fly
species
As explained in the Methods, a subset of six less corre-
lated variables was selected for ecological niche model-
ling, to reduce collinearity in the initial dataset of 19
climatic variables. These six variables include mean an-
nual temperature and precipitation as well as measures
of diurnal (temperature) and seasonal (temperature and
precipitation) climatic changes (Table 1).

Annual mean temperature versus annual precipitation
Annual mean temperature was higher for L. intermedia
than for L. neivai, while the difference in annual precipi-
tation was not statistically significant (Fig. 1, Table 1).
Most records in the bottom left corner of the scatter
plot (17.5–22.5 °C, 500–1,000 mm) are for L. neivai
(27 out of 28); while most records in the top right corner
of the scatter plot (22.5–27.5 °C, 2,000–2,500 mm) are for
L. intermedia (7 out of 7).

Precipitation seasonality versus diurnal temperature range
Most records in the top left quadrant of the scatter plot
(60–110 coefficient of variation, 6–11 °C) are for L.
intermedia (17 out of 23); while most records in the bot-
tom right quadrant of the scatter plot (10–60 coefficient
of variation, 11–16 °C) are for L. neivai (83 out of 91)
(Fig. 1, Table 1).

Temperature seasonality versus diurnal temperature range
Both mean temperature seasonality and diurnal tem-
perature range were statistically much higher or higher, re-
spectively, for L. neivai than for L. intermedia. Most
records in the bottom left quadrant of the scatter plot
(0–25 standard deviations, 6–12 °C) are for L. inter-
media (80 out of 112); while most records in the top
right quadrant of the scatter plot (25–50 standard
deviations, 12–18 °C) are for L. neivai (43 out of 43)
(Fig. 1, Table 1).

Precipitation seasonality versus temperature seasonality
Mean temperature seasonality, but not mean pre-
cipitation seasonality, was statistically much higher for L.
neivai than for L. intermedia, with only the former
occurring where temperature seasonality shows > 35
standard deviations. For L. neivai, precipitation sea-
sonality displays a positive quadratic distribution with
temperature seasonality > 10 standard deviations (all but
one record) (Fig. 1, Table 1).

Ecological niche models for the two sand fly species
Model performance ranged from good to excellent
(0.6 < TSS < 1.0) for all five ecological niche modelling
algorithms, with only BIOCLIM and GLM occasionally
having mean TSS scores < 0.8 (Fig. 2). Model outputs
agreed most in identifying south-east and northeast Brazil
as having current climatic conditions suitable for L. inter-
media (dark blue in current ensemble map of Fig. 3). A
preliminary version of the models included unoccupied
areas in countries to the west and north that were
removed by restricting the results to accessible areas for
the species.
For L. neivai, the model agreement for current climatic

conditions was higher in south-east/south Brazil, east
Paraguay, northeast/north-west Argentina and a small
area in southern Bolivia (dark blue in current ensemble
map of Fig. 4).

Predicting range changes for the sand fly species based
on ecological niche modelling and two climate change
scenarios
Both climate change scenarios (RCP 4.5 and RCP 8.5)
predicted similar geographical distributions for the com-
binations of climatic variables identified by the eco-
logical niche modelling algorithms as being suitable for
L. intermedia (Fig. 3) and L. neivai (Fig. 4).
For all ecological niche modelling algorithms, each cli-

mate change scenario predicted modifications in the dis-
tributions of the climatic conditions suitable for both sand
fly species within the four countries where they currently
occur, namely Argentina, Bolivia, Brazil and Paraguay. Un-
certainty mapping showed the least confidence in current

Table 1 Climatic variables associated with presence records of Lutzomyia intermedia and Lutzomyia neivai

Lutzomyia intermedia Lutzomyia neivai Differencea

Min. Median Mean Max. Min. Median Mean Max. W P

Annual mean temperature (°C) 16.5 22.8 22.41 27.6 15.9 21.1 21.05 25.1 55,316 < 0.001

Diurnal range of temperature (°C) 6.3 10.55 10.57 14.2 7.2 12.3 12 15 19,292 < 0.001

Temperature seasonality (standard deviation) 4 19.56 19.48 33.44 2.93 28.83 36.66 50.98 10,558 < 0.001

Annual precipitation (mm) 601 1324 1368 2525 567 1345 1320 2013 38,144 0.918

Precipitation seasonality (coefficient of variation) 14 62 61.87 104 6 46 50.31 95 49,294 < 0.001

Precipitation of warmest quarter (mm) 18 488 497.3 948 198 487 490.5 782 39,243 0.489
aStatistical significance given by Wilcoxon rank sum tests (W)
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and future predictions for L. intermedia in the Andean
mountains, southern Colombia, southern Venezuela and
southern Amazonian Brazil (Fig. 5), and least confidence
in current and future predictions for L. neivai in most
areas north of its current range (Fig. 5).
Using the consensus for the five ecological niche mod-

elling algorithms, both climate change scenarios indi-
cated different patterns of range stability, contraction or
expansion for L. intermedia (Fig. 6) and L. neivai (Fig. 7).
For L. intermedia the predictions were for substantial
contraction in the southern part of its range, where un-
certainty mapping lent confidence to the predictions;
and any expansion was limited to small areas in the
northern part of its range, where uncertainty mapping
suggested moderate-high confidence in the predictions.
In contrast, for L. neivai the predictions were for a large
range shift southwards, and uncertainty mapping lent
confidence to the predictions.

Overall for the two climate change scenarios, the
range of L. intermedia was predicted to contract by
41.1% or 46.8%, and the range of L. neivai was predicted
to contract by 14.8% or 16.2% (Table 2).
Peterson and Shaw [16] used the algorithm GARP to

model the ecological niche of L. intermedia (s.l.) and, in
the current analysis, it provided similar predictions to
our ensemble models for both climate change scenarios
when a selection of pre-2002 presence records was com-
bined for both species (Fig. 8).

Discussion
Potential climatic niches under climate change scenarios
Lutzomyia intermedia was shown to be the more
tropical of the two species, with its climatic niche being
defined by higher annual mean temperatures, lower
temperature seasonality and sometimes higher precipita-
tion seasonality (Fig. 1). In contrast, L. neivai was shown

Fig. 1 Bioclimatic variables of records of Lutzomyia intermedia (red dots) and Lutzomyia neivai (blue dots). a Annual mean temperature (°C) by
annual precipitation. b Precipitation seasonality (coefficient of variation) by diurnal temperature range (°C). c Temperature seasonality (standard
deviation) by diurnal temperature range (°C). d Precipitation seasonality (coefficient of variation) by temperature seasonality (standard deviation)
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to be more subtropical, and diapause [4] might allow it
to survive very high-temperature seasonality sometimes
associated with lower precipitation seasonality. The
ability of L. intermedia to survive in warmer and more
humid environments than L. neivai was previously
suggested [28]. Differences in latitudinal ranges explain
the predicted responses of the two species to climate

change, with the tropical L. intermedia mostly
contracting its range (Fig. 6), and the subtropical L.
neivai mostly shifting its range southwards (Fig. 7).
This is a common difference between tropical and
subtropical species, probably resulting from their
adaptations to natural climate change in previous
geological periods [43].

Fig. 2 Model performance of different algorithms. Abbreviations: TSS, true skill statistic; GLM, generalised linear model, logistic regression;
MAXENT, maximum entropy; RANFOR, random forest; SVM, support vector machines

Fig. 3 Current and future climatic suitability for Lutzomyia intermedia from five modelling algorithms. Abbreviations: GLM, generalised linear
model, logistic regression; MAXENT, maximum entropy; RANFOR, random forest; SVM, support vector machines
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New predicted species distributions differ from those
made in 2003
Peterson & Shaw [16] previously published an ecological
niche model for L. intermedia (s.l.), but not for each of
the two species owing to the paucity of confirmed
presence records at the time. Based on a GARP model,
Peterson & Shaw [16] found that environments suitable
for L. intermedia (s.l.) extended from Rio Grande do
Norte and Ceará states in northeast Brazil, south along
Brazil’s eastern coast into Uruguay and Argentina, and
west into Paraguay, Bolivia and Peru, with small disjunct
pockets in Colombia and Guyana. Using two climate
change scenarios, HHGSDX50 (conservative) and
HHGGAX50 (extreme), they predicted L. intermedia
(s.l.) will experience slight climatic improvements in its
current habitats, and spread further along the eastern
slopes of the Andes [16].
There are several potential explanations for the differ-

ences in our findings and those of Peterson & Shaw [16].
First, the latter used only the GARP program, rather
than the ensemble approach utilised in this study. This
new approach significantly reduces the prediction uncer-
tainty from the use of a single algorithm [25, 54].
Additionally, the dataset they worked from could not ac-
count for sand fly surveys conducted post-2001 and
therefore had fewer records. Consequently, the signifi-
cance of relationships between predictor and response
variables may have been misinterpreted. To test the im-
pact of these differences, we removed post-2001 studies
from our dataset and applied the GARP algorithm to the

reduced list (Fig. 8). The results were similar for the
GARP and ensemble analyses, but neither predicted the
pattern of range expansion reported in 2003 [16].
In a comparative study of the performance of five

modelling techniques, Elith & Graham [24] found GARP
was consistently outperformed by the newer methods, a
result consistent with the findings of Peterson et al. [55].
In particular, it was prone to over-predicting the test
species' distribution and had relatively low sensitivity
and specificity scores. Therefore, the updated methods
and dataset used in the present study are likely to have
produced more accurate predictions of the current and
future climatically suitable ranges of L. intermedia and
L. neivai.
Additionally, the resolution of current and past climate

data utilised by Peterson & Shaw [16] was coarser than
it is in the present investigation, at five arc minutes ra-
ther than 2.5. While extremely high-resolution environ-
mental data layers are not required for ecological niche
modelling based on climate data, finer spatial data can
capture environmental variability, particularly in moun-
tainous areas, that can be obscured at coarser resolu-
tions [34]. When comparing ten arc minutes and 30-s
resolutions, Hijmans et al. [34] observed significant vari-
ation in climate predictions for some regions despite the
overall agreement.
Again considering resolution, Peterson & Shaw [16] uti-

lised scenarios from the HadCM2 coupled climate model,
which has a much coarser resolution than the HadGEM2
predictions used in the present study (417 × 278 km at the

Fig. 4 Current and future climatic suitability for Lutzomyia neivai from five modelling algorithms. Abbreviations: GLM, generalised linear model,
logistic regression; MAXENT, maximum entropy; RANFOR, random forest; SVM, support vector machines
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equator compared to 208 × 139 km) [56]. HadGEM2 also
accounts for more climate change processes, including
modifications to vegetation through a dynamic vegetation
layer, and has demonstrated significant improvements in
predictive ability on previous Met Office climate models
[57]. If vegetation type and land cover are regulating the
dispersal of L. intermedia, as they appear to be for L.
neivai [18], then the addition of the dynamic vegetation
layer in HadGEM2 may have been particularly important
in allowing the ecological niche models constructed in the
present study to recognize limits to expansion due to
climate change.

Implications for predicting the establishment and
maintenance of CL transmission
There is sufficient evidence to treat both L. intermedia and
L. neivai as incriminated vectors of CL, with natural infec-
tions of Leishmania detected in São Paulo (L. intermedia
(s.l.) [58, 59]), Rio de Janeiro (L. intermedia, [10, 60]), Espír-
ito Santo (L. intermedia [61]), Paraná (L. intermedia
(s.l.) [62]), Santa Catarina (L. neivai [63]); Rio Grande do

Sul (L. neivai [60]) in Brazil, as well as Tucumán and Salta
(L. neivai [12]) in Argentina.
The intersection map (Fig. 9) shows that the range

overlap between the two sand fly species in south-
eastern Brazil will decrease substantially under both
climate change scenarios. Currently, both species occur
in sympatry mainly in the Brazilian states of São Paulo
and Minas Gerais. Both species have been found in the
Ribeira Valley, a CL endemic area in São Paulo, although
substantial local variations in their densities have been
reported: At Parque Estadual do Alto Ribeira (PETAR),
an Atlantic forest reserve, their low densities suggested a
minimum risk of disease transmission [64]; while in the
nearby Serra district, where visiting tourists to PETAR
stay, L. intermedia and L. neivai had such high frequen-
cies that their presence in peridomestic areas suggested
a high risk of CL transmission [65]. In Corinto and
Lassance (Minas Gerais), the two species represented
97% of the captured sand flies and were suggested as
local vectors [66]. The role of both species as CL vectors
in sympatric areas thus might depend on local variations

Fig. 5 Uncertainty mapping for models of Lutzomyia intermedia (top) and Lutzomyia neivai (bottom)
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in population density determined by other environmen-
tal variables besides climate. Man-made environmental
impacts such as deforestation might favour the selection
of sand fly species that can survive in these areas [4, 9].
This was clear in the studies mentioned above in Ribeira
Valley, where although forest and anthropic areas have
very similar phlebotomine faunas, the frequency of L.
intermedia and L. neivai was considerably higher in an-
thropic areas [64, 65]. Similar findings were observed in
an ecotourism area of Rio de Janeiro, where L. inter-
media predominated in peridomestic areas [67]. Climate
may thus constrain the distribution of these species at
coarser spatial scales, but other variables gain import-
ance at fine scales, such as land use and cover [39]. The
future loss of climate suitability in sympatric areas of L.

intermedia and L. neivai might influence local changes
in the distribution of both species and in the transmis-
sion of CL.
Our models indicate that L. intermedia will become

more tropical, while L. neivai will shift southwards and
become more subtropical. This contradicts the sugges-
tion that L. whitmani might replace L. intermedia (s.l.) as
the more important vector of L. braziliensis in southern
Brazil and nearby Argentina [16]. Currently, L. whitmani
is likely to share transmission of CL with L. intermedia
only in the south-east region of Brazil, such as in
Espírito Santo and Minas Gerais [9]. In fact, there is no
evidence in the past 13 years that L. whitmani has
spread into the far south of Brazil, where L. neivai is the
only reported vector [4, 63]. Our results agree with the

Fig. 6 Consensus maps of future climatic suitability of Lutzomyia intermedia. a RCP 4.5 (stabilisation scenario). b RCP 8.5 (high emissions scenario)
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previous niche model of L. neivai produced by Maxent
for north-west Argentina [18]. In Argentina, L. neivai is
the most abundant sand fly species in CL transmission
areas [68], and modelling predicts it will persist there in
the future.
In northeast Brazil, the models predict a future in-

crease in climatic suitability for L. intermedia mainly in
central Piauí state. This is a region of transition between
the Cerrado and Caatinga biomes, which are substan-
tially drier and warmer than the Atlantic Forest where L.
intermedia currently occurs [9]. This region is poorly
sampled for sand flies. However, captures performed in
the late 1990s detected only L. longipalpis and L.

Fig. 7 Consensus maps of future climatic suitability of Lutzomyia neivai. a RCP 4.5 (stabilisation scenario). b RCP 8.5 (high emissions scenario)

Table 2 Predicted current area of climatic suitability for
Lutzomyia intermedia and Lutzomyia neivai under two climate
change scenarios (RCP 4.5 and RCP 8.5)

Lutzomyia intermedia Lutzomyia neivai

Total (km2) Difference (%) Total (km2) Difference (%)

Current 1,958,675 2,179,175

RCP 4.5 1,154,625 -41.1 1,857,600 -14.8

RCP 8.5 1,041,700 -46.8 1,825,475 -16.2
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Fig. 8 Comparison between GARP and ensemble models of Lutzomyia intermedia (s.l.). a, b Models produced by GARP. c, d Models produced by
ensemble of five algorithms (BIOCLIM, GLM, MaxEnt, RANFOR and SVM)

Fig. 9 Intersection of model predictions for Lutzomyia intermedia and Lutzomyia neivai. Current and future (RCP 4.5 and RCP 8.5) predicted climatic
suitability for Lutzomyia intermedia (pink) and for Lutzomyia neivai (light blue). Dark blue areas are predicted as suitable for both species
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whitmani as potential vector species [69]. There is a
single record of L. intermedia in Piauí State, in the
capital Teresina [13, 28]. Future field studies should
survey this area for the occurrence of L. intermedia and
other potential vectors.
The shifting distributions of L. intermedia and L.

neivai in response to climate change will affect regional
investigations of transmission cycles, including those
using overlaid ecological niche models of Leishmania
and its vectors in south-east Brazil [21]. Because climate
is a first order determinant of the spatial distribution of
species [46, 70], predictive models at finer spatial scales
are needed to guide more precise assessments of disease
risk and surveillance. These models will require the
inclusion of environmental variables at higher resolution,
including land cover as well as climate.

Conclusions
Our findings indicate that climate change will not always
lead to the expansion of the geographical distribution of
disease vectors such as sand flies. Lutzomyia intermedia
and L. neivai will have smaller areas of climatic suit-
ability available to them in the future, but they might
disperse into new areas, such as southwards into Brazil
and Argentina (L. neivai) and within northeast Brazil
(L. intermedia). Ecological niche models should be
species specific, carefully selected and combined in an
ensemble approach.
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Abbreviations
CL: Cutaneous leishmaniasis; CP: Representative concentration pathway;
GARP: Genetic algorithm for rule set prediction; GLM: Generalised linear model;
IPCC: Intergovernmental Panel on Climate Change; MaxEnt: Maximum entropy;
RANFOR: Random forest; SVM: Support vector machines; TSS: True skill statistics

Acknowledgements
With thanks to Dr José Dilermando Andrade-Filho, Dr Roberto Moraes,
Dr Thiago dos Santos, Dr Jane Costa, M.Sc. Claudia Rodrigues, Dr Rui Freitas,
Dr Antônia Franco, Dr Márcio Oliveira, M.Sc. Thiago Mahlmann, Dr Veracilda
Alves, Dr Andrey Andrade, Prof. Eunice Galati, Dr Marcia Bicudo, and Prof.
Maria Anice Sallum for providing access to entomological collections and
assisting with record searching.

Funding
The Conselho Nacional de Desenvolvimento Científico e Tecnológico (CNPq)
funded this project (Grant n. 446274/2015-1, 380524/2016-3); the London
School of Hygiene and Tropical Medicine and Bayer Plc contributed to the
travel expenses incurred by SM for this study.

Availability of data and materials
The datasets supporting the conclusions of this article are included within
the article and its additional file.

Authors’ contributions
BMC, EFR, PDR and SM designed the study. SM, BMC and PDR carried out
the data analysis. All authors drafted the manuscript and read and approved
the final manuscript.

Competing interests
The authors declare that they have no competing interests.

Consent for publication
Not applicable.

Ethics approval and consent to participate
Not applicable.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Author details
1Laboratório Interdisciplinar de Vigilância Entomológica em Diptera e
Hemiptera, Instituto Oswaldo Cruz, Fundação Oswaldo Cruz, Rio de Janeiro,
Brazil. 2Department of Disease Control, Faculty of Infectious Tropical Diseases,
London School of Hygiene and Tropical Medicine, Keppel Street, London
WC1E 7HT, UK.

Received: 26 January 2017 Accepted: 17 March 2017

References
1. IPCC. Summary for Policymakers. In: Stocker TF, Qin D, Plattner GK, Tignor M,

Allen SK, Boschung J, Nauels A, Xia Y, Bex V, Midgley PM, editors. Climate Change
2013: The Physical Science Basis Contribution of Working Group I to the Fifth
Assessment Report of the Intergovernmental Panel on Climate Change. New
York, USA, Cambridge, UK: Cambridge University Press (CUP); 2013. p. 1–30.

2. Campbell-Lendrum D, Manga L, Bagayoko M, Sommerfeld J. Climate
change and vector-borne diseases: what are the implications for public
health research and policy? Philos T R Soc Lon B. 2015;370:20130552.

3. Lane RP. Sandflies (Phlebotominae). In: Medical Insects and Arachnids:
Springer Nature; 1993: 78-119.

4. Ready P. Biology of phlebotomine sand flies as vectors of disease agents.
Annu Rev Entomol. 2013;58(1):227–50.

5. Hijmans RJ, Phillips S, Leathwick J, Elith J. dismo: Species distribution modeling.
R package version 1.0-15. 2016. https://CRAN.R-project.org/package=dismo.

6. Marcondes CB. A redescription of Lutzomyia (Nyssomyia) intermedia (Lutz &
Neiva, 1912), and resurrection of L. neivai (Pinto, 1926) (Diptera,
Psychodidae, Phlebotominae). Mem I Oswaldo Cruz. 1996;91(4):457–62.

7. Alvar J, Vélez ID, Bern C, Herrero M, Desjeux P, Cano J, et al. Leishmaniasis
worldwide and global estimates of its incidence. PLoS One. 2012;7(5), e35671.

8. WHO. World Health Organization. Control of the leishmaniases: report of a
meeting of the WHO Expert Committee on the Control of Leishmaniases,
Geneva, 22-26 March 2010. WHO Technical Report Series, no. 949. Geneva:
WHO Press; 2010.

9. Rangel EF, Lainson R. Proven and putative vectors of American cutaneous
leishmaniasis in Brazil: aspects of their biology and vectorial competence.
Mem I Oswaldo Cruz. 2009;104(7):937–54.

10. Rangel EF, Souza NAD, Wermelinger ED, Barbosa AF. Infecção natural de
Lutzomyia intermedia Lutz & Neiva, 1912, em área endêmica de
leishmaniose tegumentar no Estado do Rio de Janeiro. Mem I Oswaldo
Cruz. 1984;79(3):395–6.

11. Pita-Pereira D, Souza GD, Zwetsch A, Alves CR, Britto C, Rangel EF. First
report of Lutzomyia (Nyssomyia) neivai (Diptera: Psychodidae:
Phlebotominae) naturally infected by Leishmania (Viannia) braziliensis in a
periurban area of south Brazil using a multiplex polymerase chain reaction
assay. Am J Trop Med Hyg. 2009;80(4):593–5.

12. Córdoba-Lanús E, De Grosso ML, Piñero JE, Valladares B, Salomón OD.
Natural infection of Lutzomyia neivai with Leishmania spp. in northwestern
Argentina. Acta Trop. 2006;98(1):1–5.

13. Andrade Filho JD, Galati EA, Falcao AL. Nyssomyia intermedia (Lutz & Neiva, 1912)
and Nyssomyia neivai (Pinto, 1926) (Diptera: Psychodidae: Phlebotominae)
geographical distribution and epidemiological importance. Mem I Oswaldo
Cruz. 2007;102(4):481–7.

McIntyre et al. Parasites & Vectors  (2017) 10:157 Page 13 of 15

dx.doi.org/10.1186/s13071-017-2093-9
https://cran.r-project.org/package=dismo


14. Afonso MMDS, Gomes AC, Meneses CRV, Rangel EF. Studies on the feeding
habits of Lutzomyia (N.) intermedia (Diptera, Psychodidae), vector of
cutaneous leishmaniasis in Brazil. Cad Saude Publica. 2005;21(6):1816–20.

15. Dias-Sversutti ADC, Scodro RBDL, Reinhold-Castro KR, Neitzke HC, Teodoro
U. Preliminary study on feeding preference of Nyssomyia neivai (Pinto) and
Nyssomyia whitmani (Antunes & Coutinho) (Diptera: Psychodidae) in a rural
area of the state of Paraná, South Brazil. Neotrop Entomol. 2007;36(6):953–9.

16. Peterson A, Shaw J. Lutzomyia vectors for cutaneous leishmaniasis in
southern Brazil: ecological niche models, predicted geographic distributions,
and climate change effects. Int J Parasitol. 2003;33(9):919–31.

17. Gonzalez C, Wang O, Strutz SE, Gonzalez-Salazar C, Sanchez-Cordero V,
Sarkar S. Climate change and risk of leishmaniasis in North America:
predictions from ecological niche models of vector and reservoir species.
PLoS Neglect Trop D. 2010;4(1), e585.

18. Quintana M, Salomon O, Guerra R, De Grosso ML, Fuenzalida A. Phlebotominae of
epidemiological importance in cutaneous leishmaniasis in northwestern Argentina:
risk maps and ecological niche models. Med Vet Entomol. 2013;27(1):39–48.

19. Carvalho BM, Rangel EF, Ready PD, Vale MM. Ecological niche modelling
predicts southward expansion of Lutzomyia (Nyssomyia) flaviscutellata
(Diptera: Psychodidae: Phlebotominae), vector of Leishmania (Leishmania)
amazonensis in South America, under climate change. PLoS One.
2015;10(11), e0143282.

20. Sanchez I, Liria J, Feliciangeli MD. Ecological niche modeling of seventeen
sandflies species (Diptera, Psychodidae, Phlebotominae) from Venezuela.
Int J Zool. 2015;2015:1–9.

21. Meneguzzi V, Santos C, Leite G, Fux B, Falqueto A. Environmental niche
modelling of phlebotomine sand flies and cutaneous leishmaniasis
identifies Lutzomyia intermedia as the main vector species in southeastern
Brazil. PLoS One. 2016;11(10), e0164580.

22. González C, Paz A, Ferro C. Predicted altitudinal shifts and reduced spatial
distribution of Leishmania infantum vector species under climate change
scenarios in Colombia. Acta Trop. 2014;129:83–90.

23. Peterson A. Predicting species’ geographic distributions based on ecological
niche models. Condor. 2007;103:599–605.

24. Elith J, Graham CH. Do they? How do they? WHY do they differ? On finding
reasons for differing performances of species distribution models.
Ecography. 2009;32.

25. Carvalho BM, Rangel EF, Vale MM. Evaluation of the impacts of climate
change on disease vectors through ecological niche modelling. B Entomol
Res. 2016. doi: 10.1017/S0007485316001097.

26. Martins AV, Falcão AL, Williams P. American sand flies (Diptera: Psychodidae,
Phlebotominae). Rio de Janeiro: Academia Brasileira de Ciências; 1978.

27. Young D, Duncan M. Guide to the identification and geographic
distribution of Lutzomyia sand flies in Mexico, the West Indies, Central and
South America (Diptera: Psychodidae). Florida, USA: Associated Publishers
American Entomological Institute; 1994.

28. Marcondes CB, Lozovei AL, Vilela JH. Distribuição geográfica de
flebotomíneos do complexo Lutzomyia intermedia (Lutz & Neiva, 1912)
(Diptera, Psychodidae). Rev Soc Bras Med Trop. 1998;31(1):51–8.

29. Marcondes C: Morfometria e DNA mitocondrial de populações sul
americanas de Lutzomyia (Nyssomyia) intermedia (Lutz & Neiva, 1912)
(Diptera, Psychodidae, Phlebotominae). Universidade Federal do Paraná,
PhD Thesis; 1997.

30. ESRI: http://www.esri.com. 2016. Accessed on 19 Dec 2016.
31. Aiello-Lammens ME, Boria RA, Radosavljevic A, Vilela B, Anderson RP: spThin:

Functions for spatial thinning of species occurrence records for use in
ecological models. R package version 0.1.0. 2014. https://cran.r-project.org/
package=spThin.

32. Lobo JM, Tognelli MF. Exploring the effects of quantity and location of
pseudo-absences and sampling biases on the performance of distribution
models with limited point occurrence data. J Nat Conserv. 2011;19(1):1–7.

33. Booth TH, Nix HA, Busby JR, Hutchinson MF. bioclim: the first species
distribution modelling package, its early applications and relevance to most
current MaxEnt studies. Divers Distrib. 2013;20(1):1–9.

34. Hijmans R, Cameron S, Parra J, Jones P, Jarvis A. Very high resolution interpolated
climate surfaces for global land areas. Int J Climatol. 2005;25(15):1965–78.

35. IPCC. Scenario processes for AR5. 2014. http://sedac.ipcc-data.org/ddc/ar5_
scenario_process/RCPs.html. Accessed 30 July 2016.

36. Thomson AM, Calvin KV, Smith SJ, Kyle GP, Volke A, Patel P, et al. RCP4.5: a
pathway for stabilization of radiative forcing by 2100. Clim Change.
2011;109(1-2):77–94.

37. Riahi K, Rao S, Krey V, Cho C, Chirkov V, Fischer G, et al. RCP 8.5 - A
scenario of comparatively high greenhouse gas emissions. Clim Change.
2011;109(1-2):33–57.

38. Yin L, Fu R, Shevliakova E, Dickinson RE. How well can CMIP5 simulate
precipitation and its controlling processes over tropical South America?
Clim Dynam. 2012;41(11-12):3127–43.

39. Pearson RG, Dawson TP. Predicting the impacts of climate change on the
distribution of species: are bioclimate envelope models useful? Global Ecol
Biogeogr. 2003;12(5):361–71.

40. R Core Team. R: A language environment for statistical computing. Viennna:
R Foundation for Statistical Computing; 2016. https://cran.r-project.org.

41. Araujo MB, Pearson RG, Thuiller W, Erhard M. Validation of species-climate
impact models under climate change. Glob Change Biol. 2005;11(9):1504–13.

42. Hijmans R, Graham C. The ability of climate envelope models to predict the
effect of climate change on species distributions. Glob Change Biol.
2006;12(12):2272–81.

43. Beaumont L, Graham E, Englert Duursma D, Wilson P, Cabrelli A,
Baumgartner J, et al. Which species distribution models are more (or less)
likely to project broad-scale, climate-induced shifts in species ranges? Ecol
Model. 2016;342:135–46.

44. Guisan A, Edwards Jr TC, Hastie T. Generalized linear and generalized
additive models in studies of species distributions: setting the scene. Ecol
Model. 2002;157:89–100.

45. Phillips SJ, Anderson RP, Schapire RE. Maximum entropy modeling of
species geographic distributions. Ecol Model. 2006;190(3-4):231–59.

46. Franklin J. Mapping Species Distributions: Spatial Inference and Prediction.
Cambridge: Cambridge University Press; 2010.

47. Stockwell D. The GARP modelling system: problems and solutions to
automated spatial prediction. Int J Geogr Inf Sci. 1999;13(2):143–58.

48. Anderson R, Lew D, Peterson A. Evaluating predictive models of species'
distributions: criteria for selecting optimal models. Ecol Model.
2003;162:211–32.

49. Liu C, Berry PM, Dawson TP, Pearson RG. Selecting thresholds of occurrence
in the prediction of species distributions. Ecography. 2005;28(3):385–93.

50. Soberón J, Peterson A. Interpretation of models of fundamental ecological
niches and species’ distributional areas. Biodivers Inform. 2005;2:1–10.

51. Barve N, Barve V, Jiménez-Valverde A, Lira-Noriega A, Maher S, Peterson A,
et al. The crucial role of the accessible area in ecological niche modeling
and species distribution modeling. Ecol Model. 2011;222:1810–9.

52. McPherson JM, Jetz W, Rogers DJ. The effects of species’ range sizes on the
accuracy of distribution models: ecological phenomenon or statistical
artefact? J Appl Ecol. 2004;41(5):811–23.

53. Allouche O, Tsoar A, Kadmon R. Assessing the accuracy of species
distribution models: prevalence, kappa and the true skill statistic (TSS).
J Appl Ecol. 2006;43(6):1223–32.

54. Araujo M, New M. Ensemble forecasting of species distributions. Trends Ecol
Evol. 2007;22(1):42–7.

55. Peterson A, Papes M, Eaton M. Transferability and model evaluation in
ecological niche modeling: A comparison of GARP and Maxent. Ecography.
2007;30:550–60.

56. Met-Office: Met Office climate prediction model: HadGEM2 family. 2016.
http://www.metoffice.gov.uk/research/modelling-systems/unified-model/
climate-models/hadgem2. Accessed on 30 Aug 2016.

57. Bellouin N, Collins WJ, Culverwell ID, Halloran PR, Hardiman SC, Hinton TJ, et
al. The HadGEM2 family of Met Office Unified Model climate configurations.
Geosci Model Dev. 2011;4(3):723–57.

58. Forattini OP, Pattoli DB, Rabello EX, Ferreira OA. Infecção natural de
flebotomíneos em foco enzoótico de leishmaniose tegumentar no Estado
de São Paulo, Brasil. Rev Saude Publ. 1972;6(4):431–3.

59. Casanova C, Mayo RC, Rangel O, Mascarini LM, Pignatti MG, Galati EAB, et al.
Natural Lutzomyia intermedia (Lutz & Neiva) infection in the Valley of the
Mogi Guaçú River, State of São Paulo, Brazil. Bol Malar Salud Ambi.
1995;35 Suppl 1:77–84.

60. Pita-Pereira D, Alves CR, Souza MB, Brazil RP, Bertho AL, de Figueiredo Barbosa A,
et al. Identification of naturally infected Lutzomyia intermedia and Lutzomyia
migonei with Leishmania (Viannia) braziliensis in Rio de Janeiro (Brazil) revealed
by a PCR multiplex non-isotopic hybridisation assay. T Roy Soc Trop Med H.
2005;99(12):905–13.

61. Rocha LS, Falqueto A, dos Santos CB, Ferreira AL, da Graça GC, Grimaldi G,
et al. Survey of natural infection by Leishmania in sand fly species collected
in southeastern Brazil. T Roy Soc Trop Med H. 2010;104(7):461–6.

McIntyre et al. Parasites & Vectors  (2017) 10:157 Page 14 of 15

http://dx.doi.org/10.1017/S0007485316001097
http://www.esri.com/
https://cran.r-project.org/package=spThin
https://cran.r-project.org/package=spThin
http://sedac.ipcc-data.org/ddc/ar5_scenario_process/RCPs.html
http://sedac.ipcc-data.org/ddc/ar5_scenario_process/RCPs.html
https://cran.r-project.org
http://www.metoffice.gov.uk/research/modelling-systems/unified-model/climate-models/hadgem2
http://www.metoffice.gov.uk/research/modelling-systems/unified-model/climate-models/hadgem2


62. Forattini OP, Santos MD. Nota sobre infecção natural de Phlebotomus
intermedius Lutz & Neiva, 1912, por formas em leptomonas, em foco de
leishmaniose tegumentar americana. Arch Hyg Saude Publ. 1952;17:171–4.

63. Marcondes C, Bittencourt I, Stoco P, Eger I, Grisard E, Steindel M. Natural infection
of Nyssomyia neivai (Pinto, 1926) (Diptera: Psychodidae, Phlebotominae) by
Leishmania (Viannia) spp. In Brazil. T Roy Soc Trop Med H. 2009;103:1093–7.

64. Galati EAB, Marassá AM, Gonçalves-Andrade RM, Consales CA, Bueno EF.
Phlebotomines (Diptera, Psychodidae) in the Ribeira Valley Speleological
Province-1. Parque Estadual Intervales, state of São Paulo, Brazil. Rev Bras
Entomol. 2010;54(2):311–21.

65. Galati EAB, Marassá AM, Fonseca MB, Gonçalves-Andrade RM, Consales CA,
Bueno EF. Phlebotomines (Diptera, Psychodidae) in the Speleological
Province of the Ribeira Valley: 3. Serra district-area of hostels for tourists
who visit the Parque Estadual do Alto Ribeira (PETAR), state of São Paulo,
Brazil. Rev Bras Entomol. 2010;54(4):665–76.

66. Saraiva L, Carvalho GMDL, Sanguinette CDC, Carvalho DAAD, Falcão AL,
Andrade Filho JD. Sandflies (Diptera: Psychodidae: Phlebotominae) collected
on the banks of the Velhas River in the state of Minas Gerais, Brazil.
Mem I Oswaldo Cruz. 2008;103(8):843–6.

67. Carvalho BM, Maximo M, Costa WA, de Santana ALF, da Costa SM,
da Costa Rego TAN, et al. Leishmaniasis transmission in an ecotourism
area: potential vectors in Ilha Grande, Rio de Janeiro State, Brazil. Parasit
Vectors. 2013;6(1):325.

68. Salomón OD, Orellano PW, Quintana MG, Perez S, Estani SS, Acardi S, et al.
Transmision de la leishmaniasis tegumentaria en la Argentina. Medicina-Buenos
Aire. 2006;66:211–9.

69. Andrade Filho JD, Silva ACLD, Falcão AL. Phlebotomine sand flies in the
state of Piauí, Brazil (Diptera: Psychodidae: Phlebotominae). Mem I Oswaldo
Cruz. 2001;96(8):1085–7.

70. Pullan RL, Sturrock HJ, Magalhaes RJS, Clements AC, Brooker SJ. Spatial
parasite ecology and epidemiology: a review of methods and applications.
Parasitology. 2012;139(14):1870–87.

•  We accept pre-submission inquiries 

•  Our selector tool helps you to find the most relevant journal

•  We provide round the clock customer support 

•  Convenient online submission

•  Thorough peer review

•  Inclusion in PubMed and all major indexing services 

•  Maximum visibility for your research

Submit your manuscript at
www.biomedcentral.com/submit

Submit your next manuscript to BioMed Central 
and we will help you at every step:

McIntyre et al. Parasites & Vectors  (2017) 10:157 Page 15 of 15


	Abstract
	Background
	Methods
	Results
	Conclusions

	Background
	Methods
	Study area
	Presence records for the two sand fly species from all countries
	Sources
	Inclusion-exclusion criteria
	Data preparation for modelling

	Climatic variables and climate change projections
	Sources
	Selection of climatic variables

	Description of sand fly climatic niches
	Ecological niche modelling
	Model selection
	Model settings and evaluation

	Predicting range changes of sand flies in response to climate change

	Results
	Descriptions of the ecological niches of the two sand fly species
	Annual mean temperature versus annual precipitation
	Precipitation seasonality versus diurnal temperature range
	Temperature seasonality versus diurnal temperature range
	Precipitation seasonality versus temperature seasonality

	Ecological niche models for the two sand fly species
	Predicting range changes for the sand fly species based on ecological niche modelling and two climate change scenarios

	Discussion
	Potential climatic niches under climate change scenarios
	New predicted species distributions differ from those made in 2003
	Implications for predicting the establishment and maintenance of CL transmission

	Conclusions
	Additional file
	Abbreviations
	Acknowledgements
	Funding
	Availability of data and materials
	Authors’ contributions
	Competing interests
	Consent for publication
	Ethics approval and consent to participate
	Publisher’s Note
	Author details
	References

