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Abstract

Introduction: Cutaneous leishmaniasis (CL) is a vector-borne disease of increasing importance in northeastern Brazil. It is
known that sandflies, which spread the causative parasites, have weather-dependent population dynamics. Routinely-
gathered weather data may be useful for anticipating disease risk and planning interventions.

Methodology/Principal Findings: We fit time series models using meteorological covariates to predict CL cases in a rural
region of Bahia, Brazil from 1994 to 2004. We used the models to forecast CL cases for the period 2005 to 2008. Models
accounting for meteorological predictors reduced mean squared error in one, two, and three month-ahead forecasts by up
to 16% relative to forecasts from a null model accounting only for temporal autocorrelation.

Significance: These outcomes suggest CL risk in northeastern Brazil might be partially dependent on weather. Responses to
forecasted CL epidemics may include bolstering clinical capacity and disease surveillance in at-risk areas. Ecological
mechanisms by which weather influences CL risk merit future research attention as public health intervention targets.
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Introduction

Diseases caused by the Leishmania parasites, including cutane-
ous leishmaniasis (CL), are important in tropical and subtropical
areas worldwide, causing over one million cases per year [1].
Although the burden of leishmaniasis in the Americas has
reportedly decreased [2], areas of northeastern Brazil, where
Leishmania (Viannia) braziliensis is endemic, have seen increasing
CL case notifications in recent decades [3,4]. Recurring epidemics
in this region comprise an increasing component of overall CL
burden in Brazil [5,6]. The endemic area is additionally
expanding eastward from its historical center in the interior
cerrado uplands toward coastal Atlantic forests [7,8].

The increase in CL incidence and geographic range expansion
by L. (V.) braziliensis are significant public health concerns. While
CL does not cause death in the absence of complications, the
disease causes debilitating and stigmatizing lesions and may
progress to dangerous manifestations including mucosal or
disseminated infection if treatment is not initiated early in the
clinical course [9-11]. Individuals infected with L. (V.) braziliensis
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are more likely than other CL victims to experience such
complications, which have been observed with
frequency in northeastern Brazil over the last three decades
[3,7,9]. These trends are problematic because current chemother-
apeutic regimens for CL have limited efficacy and because an
increasing proportion of L. (V). braziliensis infections are resistant
to first-line antimonial treatment [7,12-14].

Forecasting CL epidemics could aid the allocation of public
health resources in advance of high-risk periods [15]. Poor
understanding of L. (V.) braziliensis has historically hindered
efforts to anticipate CL risk in Brazil [16-18]. However, as for
other vector-borne infections, variations in rainfall and tempera-
ture might be associated with outbreaks [15,19-22]. Seasonal and
weather-dependent population dynamics of insect vectors that
transmit CL in South America motivate consideration of climatic
and meteorological factors that may drive disease incidence [23—
29]. Recent studies have demonstrated that local meteorological
observations and global climate patterns such as the El Nifio
Southern Oscillation improve CL forecasting in Costa Rica
[15,19,22,30]. Although correlations between weather and CL

increasing

October 2014 | Volume 8 | Issue 10 | 3283

CrossMark

click for updates


http://creativecommons.org/licenses/by/4.0/
acs.inmet@inmet.gov.br
http://report.nih.gov/
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pntd.0003283&domain=pdf

Author Summary

Cutaneous leishmaniasis (CL) is a disease resulting from
infection by the Leishmania parasites, which humans may
acquire when bitten by an infected sandfly. From a public
health standpoint, it is important to identify cases early
and monitor patients’ clinical outcomes because unsuc-
cessfully-treated patients are at risk for severe complica-
tions. Since weather conditions affect survival and repro-
duction of sandflies that transmit Leishmania, routinely-
gathered weather and climate data may be useful for
anticipating CL outbreaks, bolstering clinical capacity for
high-risk periods, and initiating interventions such as
active case-finding during these periods to limit disease
burden. Here we assessed whether the number of CL cases
occurring per month in a rural region of Bahia, Brazil was
associated temperature, humidity, precipitation, and El
Nifo sea surface temperature oscillation patterns observed
during preceding seasons. We formulated models that
improved accuracy of one, two, and three month-ahead CL
predictions by accounting for weather. Forecasts of this
nature can contribute to reducing CL burden by informing
resource allocation and intervention planning in prepara-
tion for epidemics.

[31] or visceral leishmaniasis (VL) [32] have been documented
elsewhere, these observations have not yet led to the development
disease forecasting systems serving most populations at risk [15]. In
this study, we sought to identify potential associations between
weather and CL risk and used these findings to develop model-
based early warning systems for CL in a region of Northeast Brazil
with endemic L. (V.) braziliensis transmission.

Materials and Methods

Disease data

The Corte de Pedra health post in Presidente Tancredo Neves,
Bahia, Brazil maintained paper records for leishmaniasis cases
treated from 1988 onward. The health post treats over 90% of CL
cases from surrounding municipalities; although the area has
historically supported L. amazonensis, only L. (V.) braziliensis has
been isolated from CL patients in the past two decades
[7,8,14,33,34]. We used an aggregated time series comprising
10% of leishmaniasis cases identified at the health post; the
dataset, and epidemiologic and clinical summaries of the cases, are
described in a previous article [7]. Institutional review boards of
the Federal University of Bahia and Weill Cornell Medical College
approved the human subject protocol for the original study. We
considered only CL cases to avoid double-counting CL patients
progressing to disseminated or mucosal infection after initial
treatment and to minimize heterogeneity in latent and pre-
treatment periods.

Meteorological data

We obtained daily ground-surface meteorological observations
from all weather stations within a 500 km radius of the health post,
as reported through the historical databank of the Instituto
Nacional de Meterologia (INMET; http://www.inmet.gov.br/
portal/). Daily meteorological data were available from 11
weather stations in and adjacent to Bahia as listed in the
supplement (Table S1). Data from the weather stations were
sparse prior to 1992. To allow consideration of lags up to 24
months in length between weather exposures and disease
outcomes, we considered only cases presenting for treatment from
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1994 onward. To monitor ENSO variations, we used the monthly
Multivariate ENSO Index (MEI) [35], which quantifies meteoro-
logical anomalies related to variations in sea surface temperature
in Nifio Region 3.4 of the Pacific Ocean (5°N—5°S, 120°-170°W).
Since MEI is computed as a two-month running average, we
matched the disease cases in the current month with the MEI that
covered the current and previous month.

Because the location of the weather stations does not necessarily
match the study area, we interpolated [36] the time series of
meteorological data for the study location based on the
surrounding weather stations. We describe the interpolation
procedure in detail in the supplemental methods (Text S1). Using
these interpolated time series, we calculated the expected mean
noontime temperature (°C), relative humidity (%), days with
rainfall (%), and total daily rainfall (cm) within each municipality
in the study area for each month over the period 1992—-2008. To
aggregate values at the regional level, we took the mean
interpolated value for each month across all municipalities.

Time series modeling

We normalized the time series of monthly CL cases by taking
the square root. We identified an autoregressive integrated moving
average (ARIMA) or seasonal ARIMA (SARIMA) specification for
a null model describing temporal dependence in the transformed
case series. Formal descriptions of the ARIMA and SARIMA
frameworks, and procedures for model identification, are present-
ed elsewhere [37,38]. We determined an appropriate order for
non-seasonal and seasonal autoregressive, integrated, and moving-
average parameters in the null model according to three factors:
(1) we identified significant lags in the autocorrelation and partial
autocorrelation functions computed from the time series (Fig-
ure 1); (2) we ensured residuals from the null models did not
retain significant temporal autocorrelation based on the Ljung-
Box test [39] and inspection of the autocorrelation and partial
autocorrelation functions computed from the residuals; and (3) we
investigated potential overfitting relative to simpler order specifi-
cations according to the Akaike and Bayesian Information Criteria
(AIC and BIC) [40,41].

We used a common pre-whitening approach to select lags of the
predictors to be used as covariates in forecasting models [37,42]. The
first step involved fitting a unique (S)ARIMA model to each predictor
variable (X;) on the basis of the variable’s autocorrelation and partial
autocorrelation functions, reducing the residuals of the X; input to
white noise. We used the fitted models for the predictors to filter the
transformed case series (Y). We computed the cross-correlation
function (CCF) between the residuals of the ¥ and X; series and tested
for significance at the 95% confidence level (cut-off at 1.96n" 12,
where 7 was the length of the time series in months). We considered
as covariates all lags of the X; variables where the absolute value of the
CCF between the filtered series exceeded the cut-off.

We partitioned the data into an initial “training” period
comprising observations for the interval ending in 2004 (132
months), and a “validation” period for the remaining 48 months
from 2005 to 2008. The data from the training period served as a
basis for estimating the initial autocorrelation and partial
autocorrelations to be used for time-series modeling and lag
filtering. We parameterized models to fit the training data and
used the fitted models to forecast the number of cases in future
time periods. The model fit was updated iteratively with the next
most recent month, and new forecasts were generated based on
the updated models. We generated forecasts at predictive horizons
ranging from one month to the maximum number of months
ahead that would be possible to predict from incoming data; the
shortest significant lag in the CCFs thus specified the maximum
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Figure 1. Cutaneous leishmaniasis cases in the study region, 1994-2008. (A) Cases presenting to the Corte de Pedra health post,
aggregated by month; (B) Autocorrelation function computed from the square root-transformed case series during the training period; (C) Partial
autocorrelation function computed from the square root-transformed case series during the training period. For (B) and (C): the dotted line indicates

the 95% significance cut-off.
doi:10.1371/journal.pntd.0003283.9g001

forecast horizon (3 months). We centered and scaled all covariates
prior to modeling by subtracting their means and dividing by their
standard deviations; this allows parameters to be interpreted in
terms of covariate standard deviation units to facilitate comparison
of effect sizes [43,44]. As a linear transformation of the covariates,
this maintains a linear functional form relating measured
predictors to square root-transformed cases. Models predicting
square root-transformed CL cases using linear and non-linear
relations to meteorological covariates have been compared in
previous studies [15]. We ensured via the Ljung-Box test, and by
checking autocorrelation and partial autocorrelation functions
computed from model residuals, that introducing covariates did
not induce temporal dependence in model residuals.

Multi-model inference

We considered several potential forecasting models for CL. First,
we generated a null (S)ARIMA model predicting the transformed
case series on the basis of its temporal dependence patterns alone.
We additionally generated regression models considering all
possible combinations of covariates, and fit each model with the
null (S)ARIMA error specification determined from the ACF and
PACEF of the transformed case series. Last, we used Bayesian model
averaging [41] to pool parameter estimates from the fitted models
and formulate a global model. We calculated model weights

PLOS Neglected Tropical Diseases | www.plosntds.org

(posterior probabilities for each fitted model) via the AIC, AICc, and
BIC and used the weights to pool parameter, variance, and
covariance estimates, as described elsewhere [41]. In addition to
providing parameter estimates, the model averaging approach can
be used to calculate the posterior probability that each covariate is
useful in predicting monthly CL cases; this value is given as the sum
of posterior model probabilities for models that included the
covariate (we refer to parameter posterior probability as PPP
henceforward). For model averaging, we updated posterior weights
at each time point as models were re-fitted to incoming data. We
conducted sensitivity analyses without updating of weights to verify
certainty in the results.

We evaluated models’ predictive accuracy on the basis of MSE
in predictions; we computed this value by comparing model
forecasts to the square root-transformed cases observed during the
validation period. We compared predictive accuracy for models
with covariates relative to the null model to ascertain improve-
ments in forecasting.

Results

Epidemiologic characteristics
The dataset included 1,209 leishmaniasis cases treated at the
Corte de Pedra health post between 1988 and 2008. We identified
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853 cases without disseminated or mucosal infection presenting for
care between 1994 and 2008. Of these, 586 occurred in the initial
training period (1994-2004) and 267 occurred in the validation
period (2005-2008). The most notable epidemic appeared in
1999-2000 (Figure 1). The majority of cases occurred among
adult male agricultural workers. The median age at symptom
onset was 22, and the age distribution was heavily skewed toward
younger ages. Further epidemiologic and clinical details about the
cases are available elsewhere [7].

The transformed case series had a stationary mean indicating
differencing was not required. The autocorrelation function
showed significant dependence extending to a four-month lag,
while significant partial autocorrelation cut off after a two-
month lag (Figure 1). We identified no evidence for recurring
seasonal patterns in the autocorrelation and partial autocorre-
lation functions. AIC and BIC scores indicated that accounting
for autoregressive or moving average dependence at four-month
lags resulted in model overfitting, as did incorporating a 12-
month autoregressive term in a SARIMA framework. According
to these observations and on the basis of eliminating autocor-
relation in the residuals as detected by the Ljung-Box test and
residual series’ autocorrelation and partial autocorrelation
functions, we selected an ARIMA(2,0,3) framework for the null
model.

Meteorological predictors

We identified significant cross-correlations between the case
series and all predictors except temperature (Figure 2). The
three-month lag at which relative humidity and CL cases were
significantly correlated provided the maximum forecast hori-
zon. We identified significant, negative-valued cross correla-
tions linking pre-whitened CL cases to relative humidity and
rainfall frequency at lags between three and five months
(Table 1). We identified significant, positive cross-correlations
with MEI (22-month lag) and total rainfall (10- and 21-month
lags, respectively).

For the multivariate models, each covariate had the binary
option of being included or not included. Since we identified six
significant cross correlations, we fit 2° =64 models in total. The
best-fitting model according to BIC weights accounted only for
a negative association between cases and five month-lagged
relative humidity. The best-fitting model by AIC and AICc
included a negative association with rainfall frequency at the
five-month lag and total rainfall at 10- and 21-month lags.
Averaging across all models did not reveal noteworthy
differences in variables’ contributions to model fit, as evidenced
by similarity in PPP values among covariates under each
averaging scheme. Parameter estimates averaged according to
AIC and AICc weights differed by less than 10™* and are
consequently presented together as a single averaged model.
Under the BIC and AIC/AICc weighting strategies, the models
with the greatest posterior probabilities accounted for relative
humidity and rainfall frequency at five-month lags, and total
rainfall at 10- and 21-month lags. Meteorological parameter
estimates differed across models, leading to averaged 95%
confidence intervals including zero in all cases. The BIC-
averaged model offered more conservative estimates and
narrower confidence intervals for all meteorological parameters
than the AIC/AICc-averaged model. Using model weights
computed from the training period only rather than monthly-
updated model weights did not lead to numerical changes in
parameter estimates or PPPs greater than 107* Variable
selection for the best-fitting models by AIC/AICc and BIC
did not change as we updated the models.

PLOS Neglected Tropical Diseases | www.plosntds.org

Forecasting Cutaneous Leishmaniasis in Northeast Brazil

Forecasts

We compared out-of-fit prediction accuracy for the null model
with the best-fit models and the averaged models, which
accounted for meteorological covariates (Table 2). The best-fit
and averaged models reduced the MSE relative to the null model
at all prediction lengths. Improvements in MSE relative to the null
model were greatest at the three-month horizon and smallest at
the one-month horizon for all models considered. The best-fitting
model by BIC produced one, two, and three month-ahead
forecasts with 10.6%, 12.8%, and 15.7% lower MSE than the null
model, respectively (Figure 3, Figure S1, Figure S2). This
model provided the most accurate forecasts at all prediction
lengths; two month-ahead forecasts were the most accurate in
terms of minimizing MSE. The averaged model constructed
according to BIC offered smaller marginal reductions in MSE
than the averaged model constructed according to AIC/AICc
weights for all but the one month-ahead predictive horizon.
Marginal reductions in prediction MSE were poorest from the
best-fitting model selected according to AIC/AICc weights.

The best-fitting model by BIC offered one-, two-, and three
month-ahead predictions with on average 6.0%, 7.3%, and 8.0%
lower variance than the null model, respectively. These improve-
ments in precision did not incur penalties to forecast accuracy.
Observed cases exceeded the upper limits of the 95% confidence
envelopes from all models in May of 2006 and May of 2008, at the
peaks of epidemics during those years. One- and three month-
ahead predictions from all models additionally under-estimated a
secondary peak in July of 2008 (Figure S1, Figure S$2). Adjusting
models to include a seasonal autoregressive for the twelve-month
period term did not improve forecasting of the May epidemic
peaks, which became a regular feature in the data only from 2005
onward. Residuals from models incorporating covariates did not
show significant temporal dependence via the Ljung-Box and test
or in their autocorrelation and partial autocorrelation functions.

Discussion

In this study we found that accounting for meteorological and
climatic factors improved accuracy and precision of CL forecasts
in a region of endemic L. (V.) braziliensis transmission in
Northeast Brazil. Notably, dry conditions with respect to relative
humidity and precipitation were significantly associated with CL
case notifications three to five months later. Our results are
consistent with the view that CL is sensitive to meteorological and
climatic forcing [19,22,30-32,45,46].

Differences in out-of-fit predictive accuracy among models likely
indicate where models may be overfit to within-sample data. The
model with the best predictive accuracy at all horizons was
selected by BIC and accounted only for five month-lagged relative
humidity as a meteorological covariate. AIC and AICc have a
lower penalty than BIC for potential overfitting [40,41], and in the
present analysis selected a model with more covariates, including
covariates operating at longer (10- and 21-month) lags. Tempo-
rally remote effects of this nature may be difficult to identify and
use for prediction due to heterogeneity in CL incubation periods
[47], in the time individuals take to seek medical attention, and in
ecological pathways connecting weather to disease risk. These
factors contribute to uncertainty when forecasting with case
notification data [48].

Although our analysis was not suited for identification of causal
effects, numerous biological mechanisms may support associations
between weather and CL epidemics. Inverse correlations between
precipitation and humidity variables at lags between three and five
months in particular demonstrate excess cases closely follow dry
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periods. Ecological sampling studies have indicated population
densities of Lutzomyia sandflies in CL-endemic areas of Brazil and
South America to be inversely correlated with relative humidity
and rainfall in recent months [49-51]. While present year-round,
dominant vectors for CL in the study region (including Lu.
whitmant and Lu. migonei) are particularly abundant during the
warm, dry season [23,50]. The near-term moisture effects we
identify may thus result from environmental conditions conducive
to vector survival, reproduction, or feeding behavior. Mechanisms
connecting weather and CL risk at longer lags are more likely
mediated by the ecology of vertebrate L. (V.) braziliensis host
species than by sandflies, whose life cycles span only one to several
months. For instance, the positive cross-correlations with rainfall
and MEI at 21- and 22-month lags most probably relate to longer-
term effects of moisture surpluses on biological productivity
necessary to sustain large populations of mammalian reservoirs
[25,52].

Our analyses have several limitations. Having fit models to a
10% subset of total reported cases treated at the health post, our
estimates are sensitive to small month-to-month variations that
may be less pronounced in a dataset providing complete case
records. While forecasts succeeded in predicting overall epidemic
patterns exhibited from 2005 to 2008, a notable weakness was the
poor prediction of the size and duration of the 2008 epidemic. The
low number of cases appearing in June of that year, mid-way
through the epidemic, may be an artifact of the reduced dataset
and likely contributed to this shortcoming. The passive surveil-
lance system at the Corte de Pedra health post additionally
provided an incomplete sample of total CL cases within the area,
and may in particular under-represent persons unlikely to seek
care. For instance, other analyses of the data presented here
showed that many agricultural workers delay pursuit of therapy
until onset of complications including mucosal or disseminated
infection [7]. If long or heterogeneous gaps separate timing of
infection, disease onset, and care-seeking, case notification data
may not indicate sharp peaks in CL following important weather
events. Such bias obscures potentially meaningful meteorological
associations with CL risk.

While the Corte de Pedra health post remained the primary
center for CL diagnosis and treatment throughout the study period
[7,33,34], there were almost certainly long-term changes among
the population at risk with respect to size, demographics, access to
health services, and potential environmental exposures. Our
analysis could not address these factors as potential controls or
effect modifiers because the health post serves small rural
communities not tabulated by the Brazilian census. Ongoing
deforestation in the region, including conversion of cacao
plantations to cattle ranches, likely caused temporal variation in
habitat suitability for vectors and hosts and thus mediated disease
risk. In addition, Northeast Brazil experienced secular rural-to-
urban migration during the study period, likely offsetting natural
increase within the population. Individual risk factors likewise
predict variation within the population with respect to opportu-
nities for exposure to L. (V.) braziliensis in domestic, peridomestic,
and sylvatic environments [7]. Consequently, individual factors
not considered here may mediate temporal patterns and weather
sensitivity of CL risk among patients [23,25,53]. In view of these
limitations to the present study, implications of population- and
individual-level factors for CL transmission require future research
attention to inform interventions reducing disease risk in
northeastern Brazil.

Although the identified associations aided forecasting, inferen-
tial gains are limited by poor understanding of CL eco-
epidemiology, including the fact that the local animal reservoir
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Figure 3. One month-ahead forecasts. (A) Null model; (B) Best-fitting model according to BIC; (C) Averaged model according to BIC. Black lines
plot the square root-transformed cases; orange lines plot model fit to data during the training period; red lines plot model forecasts, with the grey

area representing the 95% confidence region.
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for L. (V.) braziliensis is unknown. Ecological sampling studies in
the state of Pernambuco, near the study region, suggest several
species of mice and rats may contribute to transmission [18],
however the parasite is known to infect other rodents as well as
dogs, cats, and equines [54]. Potential pathways by which weather
affects ecological dynamics in American CL have been discussed
extensively in previous work [55,56], and are likely geographically
heterogeneous. Meteorological and climatic sensitivity of Leish-
mania spp. transmission cycles can be anticipated to vary spatially
according to species compositions, contact rates and competence
among local vectors and hosts, and ecological sensitivity to
weather and other environmental stressors; additionally, individ-
ually- and regionally-varying social factors influence human
exposure to primarily-enzootic transmission cycles, and vulnera-
bility to weather-related health risks [22,57]. It is known, for
instance, that seasonal dynamics of L. (V.) braziliensis and its
vectors differ across Brazil, where predominantly sylvatic,
peridomestic, or domestic transmission pathways in endemic foci
reflect divergent underpinnings of CL eco-epidemiology
[26,29,58]. For this reason, developing similar model-based early
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warning systems at fine geographic resolutions remains an
important objective for other endemic settings within Brazil and
Latin America.

As CL continues to expand in parts of Brazil, developing
capacity to forecast epidemics will facilitate public health
responses. Using model-based predictions to anticipate disease
risk and expanding clinical capacity to address excess CL cases
may constitute an important operational strategy for alleviating
burden of disease. For example, understanding the timing of
epidemics will enable implementation of enhanced case detection
in advance of and during high-risk periods, limiting lesion size at
the time patients are identified and reducing patients’ risk for
treatment failure and metastatic complications. This can be
accomplished in part by ensuring adequate clinical and laboratory
personnel and diagnostic reagents or microscopy resources are
available to identify CL patients during high-demand periods.
Furthermore, since procurement and delivery of first-line penta-
valent antimonial agents to endemic regions requires significant
lead-time, acquiring and distributing these drugs preemptively in
response to model-based predictions may ensure that treatment
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centers are adequately stocked for epidemics. This is also critical
with respect to maintaining supplies of difficult-to-procure
alternative therapies such as liposomal amphotericin B [59],
which may need to be considered as L. (V.) braziliensis strains
resistant to conventional treatments continue to emerge [7,12-14].
Spatial and population-based criteria merit consideration in
service delivery so that clinical resources and surveillance attention
can be targeted focally towards vicinities or persons known to be at
high risk for infection [60,61]; in the study area, this population
primarily includes young men who work or live in agricultural
settings [7,8,14].

One key question with respect to the application of model-based
forecasting to improve responses to CL is the definition of
epidemic thresholds. The limited capacities of local and national
leishmaniasis control programs in resource-poor settings contrib-
ute to difficulty identifying alert and response priorities for early
warning systems [62], particularly with respect to defining
meaningful epidemic thresholds. Choice of such thresholds may
be arbitrary in practice [63]. WHO standards for initiating alerts
following months when incidence has been twice its monthly
average are likely sub-optimal for settings with highly variable
incidence rates, such as Northeast Brazil [64,65], where doubling
relative to previous monthly averages may not be an adequate
basis for identifying an epidemic and anticipating whether it will
continue. More meaningful intervention criteria in endemic
regions may be based on model-predicted probabilities for
incidence to exceed a level at which clinical resources are likely
to be strained; probabilistic alert systems of this nature are
increasingly recognized for their compatibility with model-based
epidemic projections, and interpretable implications for policy
responses [66]. Operational research is needed to assess how
clinical capacity and resilience to epidemics vary across endemic
settings, as a basis for setting alert thresholds informed by risk for
shortcomings in service delivery. Notwithstanding these limitations
to operationalizing early warning systems in Brazil, our outcomes
suggest that incoming weather data improves CL forecasts at a
sufficient predictive horizon to facilitate intervention planning.
Best practices for integrating predictive models into planning for
responses to CL epidemics merit research attention and consid-
eration from public health authorities in ClL-endemic areas
[15,19,67,68].

References

1. Alvar J, Vélez ID, Bern C, Herrero M, Desjeux P, et al. (2012) Leishmaniasis
sorldwide and global estimates of its incidence. PLoS One 7: 35671.
doi:10.1371/journal.pone.0035671.

2. Murray CJL, Vos T, Lozano R, Naghavi M, Flaxman AD, et al. (2013)
Disability-adjusted life years (DALYs) for 291 diseases and injuries in 21 regions,
1990-2010: a systematic analysis for the Global Burden of Disease Study 2010.
Lancet 380: 2197-2223.

3. Brandao-Filho SP, Campbell-Lendrum D, Brito MEF, Shaw ]J, Davies CR
(1999) Epidemiological surveys confirm an increasing burden of cutaneous
leishmaniasis in north-cast Brazil. Trans R Soc Trop Med Hyg 93: 488-494.

4. Oliveira CCG, Lacerda HG, Martins DRM, Barbosa JDA, Monteiro GR, et al.
(2004) Changing epidemiology of American cutaneous leishmaniasis (ACL) in
Brazil: a discase of the urban-rural interface. Acta Trop 90: 155-162.
doi:10.1016/j.actatropica.2003.11.011.

5. Broutet N, Ingrand P, Sousa A de Q, Chaboud F, Lima JWO (1994) Analyse de
I'incidence mensuelle de la leishmaniose tegumentaire dans la Ceara (Bresil)
entre 1986 et 1990. Cah Sante 4: 87-94.

6. Sousa A de Q, Parise ME, Pompeu MM, Coehlo Filho JM, Vasconcelos IA, et
al. (1995) Bubonic leishmaniasis: a common manifestation of Leishmania
(Viannia) braziliensis infection in Ceara, Brazil. Am J Trop Med Hyg 53: 380—
385.

7. Jirmanus L, Glesby M]J, Guimarides LH, Lago E, Rosa ME, et al. (2012)
Epidemiological and clinical changes in American tegumentary leishmaniasis in
an arca of Leishmania (Viannia) braziliensis transmission over a 20-year period.
Am ] Trop Med Hyg 86: 426.

PLOS Neglected Tropical Diseases | www.plosntds.org

Forecasting Cutaneous Leishmaniasis in Northeast Brazil

Supporting Information

Figure S1 Two month-ahead forecasts. (A) Null model; (B)
Best-fitting model according to BIC; (C) Averaged model
according to AIC/AICc. Black lines plot the square root-
transformed cases; orange lines plot model fit to data during the
training period; red lines plot model forecasts, with the grey area
representing the 95% confidence region.

(TIFF)

Figure S2 Three month-ahead forecasts. (A) Null model;
(B) Best-fitting model according to BIC; (C) Averaged model
according to AIC/AICc. Black lines plot the square root-
transformed cases; orange lines plot model fit to data during the
training period; red lines plot model forecasts, with the grey area
representing the 95% confidence region.

(TIFF)

Table S1 Municipality locations.
(DOCX)

Text S1 Weather interpolation.
(PDE)

Data file S1 Case series. The file contains the data used for
the study (CL cases treated at the Corte de Pedra health post,
aggregated by month).

(GSV)

Acknowledgments

The authors thank the leishmaniasis study team at Corte de Pedra, Brazil
for their collaboration in identifying patients and obtaining data for the
study, the Instituto Nacional de Meteorologia for providing weather data,
and the anonymous referees for helpful comments.

Author Contributions

Conceived and designed the experiments: JAL AIK DMW. Performed the
experiments: JAL. Analyzed the data: JAL DMW. Contributed reagents/
materials/analysis tools: L] NNJ PRM MJG AIK EMC AS. Wrote the
paper: JAL AIK DMW.

8. Schriefer A, Guimaraes LH, Machado PRL, Lessa M, Lessa HA, et al. (2009)
Geographic clustering of leishmaniasis in northeastern Brazil. Emerg Infect Dis
15: 871-876. doi:10.3201/¢id1506.080406.

9. Guimaraes LH, Machado PRL, Lago EL, Morgan DJ, Schriefer A, et al. (2009)
Atypical manifestations of tegumentary leishmaniasis in a transmission area of
Leishmania braziliensis in the state of Bahia, Brazil. Trans R Soc Trop Med
Hyg 103: 712-715.

10. Amato VS, Tuon FF, Bacha HA, Neto VA, Nicodemo AC (2008) Mucosal
leishmaniasis. Current scenario and prospects for treatment. Acta Trop 105: 1-
9. doi:10.1016/j.actatropica.2007.08.003.

11. De Oliveira Guerra JA, Prestes SR, Silveira H, Coelho LI de ARC, Gama P, et
al. (2011) Mucosal leishmaniasis caused by Leishmania (Viannia) braziliensis
and Leishmania (Viannia) guyanensis in the Brazilian Amazon. PLoS Negl Trop
Dis 5. doi:10.1371/journal.pntd.0000980.

12. Arevalo J, Ramirez L, Adaui V, Zimic M, Tulliano G, et al. (2007) Influence of
Leishmania (Viannia) species on the response to antimonial treatment in
patients with American tegumentary leishmaniasis. J Infect Dis 195: 1846-1851.

13. Machado PR, Ampuero J, Guimardes LH, Villasboas L, Rocha AT, et al. (2010)
Miltefosine in the treatment of cutaneous leishmaniasis caused by Leishmania
braziliensis in Brazil: a randomized and controlled trial. PLoS Negl Trop Dis 4:
e912.

14. Queiroz A, Sousa R, Heine C, Cardoso M, Guimaraes LH, et al. (2012)
Association between an emerging disseminated form of leishmaniasis and
Leishmania (Viannia) braziliensis strain polymorphisms. J Clin Microbiol.
doi:10.1128/JCM.02064-12.

October 2014 | Volume 8 | Issue 10 | 3283



20.

21.

22.

26.

27.

28.

30.

31.

34.

36.

37.

. Chaves LF, Pascual M (2007) Comparing models for early warning systems of

neglected tropical diseases. PLoS Negl Trop Dis 1: €33. Available: http://www.
ncbi.nlm.nih.gov/pubmed/17989780.

. Gomes A de C, Coutinho SG, Paim G V, Oliveira SM, Galati EA, et al. (1990)

Ecological aspects of American tegumentary leishmaniasis: 8. Evaluation of the
enzootic activity of Leishmania (Vianna) braziliensis, in forest and peridomi-
ciliary environments of the Ribeira Valey region, Sao Paulo State, Brazil. Rev
Inst Med Trop Sio Paulo 32: 105-115.

. Campbell-Lendrum D, Dujardin J-P, Martinez E, Feliciangeli MD, Perez JE,

et al. (2001) Domestic and peridomestic transmission of American cutaneous
leishmaniasis: changing epidemiological patterns present new control opportu-
nities. Mem Inst Oswaldo Cruz 96: 159-162.

. Brandao-Filho SP, Brito ME, Carvalho FG, Ishikaw EA, Cupolillo E, et al.

(2003) Wild and synanthropic hosts of Leishmania (Viannia) braziliensis in the
endemic cutancous leishmaniasis locality of Amaraji, Pernambuco State, Brazil.

Trans R Soc Trop Med Hyg 97: 291-296.

. Chaves LF, Pascual M (2006) Climate cycles and forecasts of cutaneous

leishmaniasis, a nonstationary vector-borne disease. PLoS Med 3: e295.
doi:10.1371/journal. pmed.0030295.

Fuller DO, Troyo A, Beier JC (2009) El Nifio Southern Oscillation and
vegetation dynamics as predictors of dengue fever cases in Costa Rica. Environ
Res Lett 4: 14011.

Thomson MC, Mason SJ, Phindela T, Connor SJ (2005) Use of rainfall and sea
surface temperature monitoring for malaria early warning in Botswana.
Am J Trop Med Hyg 73: 214-221.

Chaves LF, Cohen JM, Pascual M, Wilson ML (2008) Social exclusion modifies
climate and deforestation impacts on a vector-borne disease. PLoS Negl Trop
Dis 2: el76. Available: http://dx.plos.org/10.1371/journal.pntd.0000176.
Accessed 8 May 2014.

Souza NA, Andrade-coelho CA, Vilela ML, Peixoto AA, Rangel EF (2002)
Seasonality of Lutzomyia intermedia and Lutzomyia whitmani (Diptera:
Psychodidae: Phlebotominae), occurring sympatrically in area of cutaneous
leishmaniasis in the state of Rio de Janeiro, Brazil. Mem Inst Oswaldo Cruz 97:
759-765.

. Trujillo AV, Reina AEG, Orjuela AG, Suéarez EP, Palomares JE, et al. (2013)

Seasonal variation and natural infection of Luizomyia antunesi (Diptera:
Psychodidae: Phlebotominae), an endemic species in the Orinoquia region of
Colombia. Mem Inst Oswaldo Cruz 108: 463-469. doi:10.1590/0074-
0276108042013011.

. Donalisio MR, Peterson AT, Costa PL, da Silva EJ, Valenga HF, et al. (2012)

Microspatial Distributional Patterns of Vectors of Cutaneous Leishmaniasis in
Pernambuco, Northeastern Brazil. J Trop Med 2012: 1-8. doi:10.1155/2012/
642910.

Ferreira AL, Sessa PA, Varejao JB, Falqueto A (2001) Distribution of sand flies
(Diptera: Psychodidae) at different altitudes in an endemic region of American
cutaneous leishmaniasis in the State of Espirito Santo, Brazil. Mem Inst Oswaldo
Cruz 96: 1061-1067. doi:10.1590/S0074-02762001000800006.

Brandao-Filho SP, Donalisio MR, da Silva FJ, Valenca HF, Costa PL, et al.
(2011) Spatial and temporal patterns of occurrence of Lutzomyia sand fly species
in an endemic area for cutaneous leishmaniasis in the Atlantic Forest region of
northeast Brazil. J Vector Ecol 36 Suppl 1: S71-S76. doi:10.1111/j.1948-
7134.2011.00114.x.

Salomén AOD, Wilson ML, Munstermann LE, Travi BL (2004) Spatial and
temporal patterns of phlebotomine sand flies (Diptera: Psychodidae) in a
cutaneous leishmaniasis focus in northern Argentina. ] Med Entomol 41: 33-39.

. Meneses CRV, de Azevedo ACR, da Costa VSNI, Costa WA, Rangel EF (2002)

Ecology of American cutancous leishmaniasis in the state of Rio de Janeiro,
Brazil. J Vector Ecol 27: 207-214.

Chaves LF (2009) Climate and recruitment limitation of hosts: the dynamics of
American cutaneous leishmaniasis seen through semi-mechanistic seasonal
models. Ann Trop Med Parasitol 103: 221-234. doi:10.1179/
136485909X398267.

Cardenas R, Sandoval CM, Rodriguez-Morales AJ, Franco-Paredes C (2006)
Impact of climate variability in the occurrence of leishmaniasis in northeastern
Colombia. Am J Trop Med Hyg 75: 273-277. Available: http://www.ncbi.nlm.
nih.gov/pubmed/16896132.

. Franke CR, Ziller M, Staubach C, Latif M (2002) Impact of El Nifio/Southern

Oscillation on Visceral Leishmaniasis, Brazil. Emerg Infect Dis 8: 914-917.
Costa JML, Tadai MS, Netto EM, Vale KC, Lago EL (1988) Procedéncia de
pacientes portadores de leishmaniose tegumentar americana nas areas
endémicas de Trés Bragos e Corte de Pedra—Estado da Bahia—Brasil. Rev da
Soc Bras Med Trop 21: 145-149.

Costa JML, Balby ITA, Rocha EJS, Rafael A, Rebélo JMM, et al. (1998)
Comparative study of american tegumentary leishmaniasis between childhood
and teenagers from the endemic areas Buriticupu (Maranhio) and Corte de
Pedra (Bahia), Brazil. Rev da Soc Bras Med Trop 31: 279-288.

. Wolter K, Timlin MS (2011) El Nifio/Southern Oscillation behaviour since

1871 as diagnosed in an extended multivariatet ENSO index (MELext).
Int J Climatol 31: 1074-1087. doi:10.1002/joc.2336.

Thornton PE, Running SW, White MA (1997) Generating surfaces of daily
meteorological variables over large regions of complex terrain. J Hydrol 190:
214-251.

Box GEP, Jenkins GM (1994) Time Series Analysis: Forecasting and Control.
Available: http://doi.wiley.com/10.1111/§.1467-9892.2009.00643.x.

PLOS Neglected Tropical Diseases | www.plosntds.org

38.
39.

40.

41.

42.

43.

44.

46.

47.

48.

49.

50.

51.

53.

54.

57.

58.

59.

60.

61.

62.

63.

64.

Forecasting Cutaneous Leishmaniasis in Northeast Brazil

Brockwell PJ, Davis RA (2006) Time series: theory and methods.

Ljung GM, Box GEP (1978) On a measure of lack of fit in time series models.
Biometrika 65: 297-303. Available: http://biomet.oxfordjournals.org/content/
65/2/297 short.

Hurvich CM, Tsai C-L (1989) Regression and Time Series Model Selection in
Small Samples. Biometrika 76: 297-307. Available: http://www jstor.org/
stable/2336663?origin=crossref.

Burnham KP, Anderson DR (2004) Multimodel inference: understanding AIC
and BIC in model selection. Sociol Methods Res 33: 261-304.

Priestley MB, Tong H (1973) On the Analysis of Bivariate Non-stationary
Processes. J R Stat Soc B 35: 153-166.

Schielzeth H (2010) Simple means to improve the interpretability of regression
coeflicients. Methods Ecol Evol 1: 103-113. Available: http://doi.wiley.com/10.
1111/5.2041-210X.2010.00012.x. Accessed 9 July 2014.

Stige LC, Chan K-S, Zhang Z, Frank D, Stenseth NC (2007) Thousand-year-
long Chinese time series reveals climatic forcing of decadal locust dynamics. Proc

Natl Acad Sci U S A 104: 16188-16193. doi:10.1073/pnas.0706813104.

. Franke CR, Staubach C, Ziller M, Schliiter H (2002) Trends in the temporal

and spatial distribution of visceral and cutaneous leishmaniasis in the state of
Bahia, Brazil, from 1985 to 1999. Trans R Soc Trop Med Hyg 96: 236-241.
Githeko AK, Lindsay SW, Confalonieri UE, Patz JA (2000) Climate change and
vector-borne diseases: a regional analysis. Bull World Health Organ 78: 1136
1147. doi:10.1590/50042-96862000000900009.

Scope A, Trau H, Anders G, Barzilai A, Confino Y, et al. (2003) Experience
with New World cutaneous leishmaniasis in travelers. J] Am Acad Dermatol 49:
672-678. doi:10.1067/50190-9622(03)01576-7.

Soyiri IN, Reidpath DD (2013) An overview of health forecasting. Environ
Health Prev Med 18: 1-9. doi:10.1007/512199-012-0294-6.

De Melo Ximenes M de FF, Castellon EG, De Souza MDF, Menezes AAL,
Queiroz JW, et al. (2006) Effect of abiotic factors on seasonal population
dynamics of Lutzomyia longipalpis (Diptera: Psychodidae) in northeastern Brazil.
J Med Entomol 43: 990-995.

Peterson AT, Shaw J (2003) Lutzomyia vectors for cutaneous leishmaniasis in
Southern Brazil: ecological niche models, predicted geographic distributions,
and climate change effects. Int J Parasitol 33: 919-931.

De Castro EA, Luz E, Telles FQ, Pandey A, Biseto A, et al. (2005) Eco-
epidemiological survey of Leishmania (Viannia) braziliensis American cutaneous
and mucocutaneous leishmaniasis in Ribeira Valley River, Parana State, Brazil.

Acta Trop 93: 141-149. doi:10.1016/j.actatropica.2004.10.004.

. Negrn Jurez RI, T Liu W (2001) FFT analysis on NDVI annual cycle and

climatic regionality in Northeast Brazil. IntJ Climatol 21: 1803-1820.
Available: http://doi.wiley.com/10.1002/joc.639.

Fatima M De, Melo F De, Castellon EG, Souza DF De, Menezes AAL, et al.
(2006) Effect of Abiotic Factors on Seasonal Population Dynamics of Lutzomyia
longipalpis (Diptera: Psychodidae) in Northeastern Brazil. J Med Entomol 43:
990-995.

Dantas-Torres F (2007) The role of dogs as reservoirs of Leishmania parasites,
with emphasis on Leishmania (Leishmania) infantum and Leishmania (Viannia)
braziliensis. Vet Parasitol 149: 139-146. doi:10.1016/j.vetpar.2007.07.007.

. Chaves LF, Hernandez M]J, Dobson AP, Pascual M (2007) Sources and sinks:

revisiting the criteria for identifying reservoirs for American cutanecous

leishmaniasis. Trends Parasitol 23: 311-316. doi:10.1016/j.pt.2007.05.003.

. Chaves LF, Hernandez MJ (2004) Mathematical modelling of American

Cutaneous Leishmaniasis: Incidental hosts and threshold conditions for infection
persistence. Acta Trop 92: 245-252. doi:10.1016/j.actatropica.2004.08.004.
McMichael AJ, Woodruff RE, Hales S (2006) Climate change and human
health: Present and future risks. Lancet 367: 859-869. doi:10.1016/S0140-
6736(06)68079-3.

De Souza Rocha L, Falqueto A, dos Santos CB, Grimaldi G, Cupolillo E (2007)
Genetic structure of Lutzomyia (Nyssomyia) intermedia populations from two
ecologic regions in Brazil where transmission of Leishmania (Viannia)
braziliensis reflects distinct eco-epidemiologic features. Am J Trop Med Hyg
76: 559-565. doi:76/3/559 [pii].

Bacon KM, Hotez PJ, Kruchten SD, Kamhawi S, Bottazzi ME, et al. (2013)
The potential economic value of a cutaneous leishmaniasis vaccine in seven
endemic countries in the Americas. Vaccine 31: 480-486. doi:10.1016/
j-vaccine.2012.11.032.

Almeida AS, Werneck GL (2014) Prediction of high-risk areas for visceral
leishmaniasis using socioeconomic indicators and remote sensing data.
Int J Health Geogr 13: 13. Available: http://www.pubmedcentral.nih.gov/
articlerender.fegi?artid=4046095&tool=pmcentrez&rendertype=abstract.
Barbosa DS, Belo VS, Rangel MES, Werneck GL (2013) Spatial analysis for
identification of priority areas for surveillance and control in a visceral
leishmaniasis endemic area in Brazil. Acta Trop 131C: 56-62. Available:
http://www.ncbi.nlm.nih.gov/pubmed/24342506.

Karagiannis-Voules DA, Scholte RGC, Guimardes LH, Utzinger J, Vounatsou
P (2013) Bayesian geostatistical modeling of leishmaniasis incidence in Brazil.
PLoS Negl Trop Dis 7. doi:10.1371/journal.pntd.0002213.

Weinberger D, Baroux N, Grangeon J-P, Ko Al, Goarant C (2014) El Nifio
Southern Oscillation and leptospirosis outbreaks in New Caledonia. PLoS Negl
Trop Dis 8: €2798. Available: http://dx.plos.org/10.1371/journal.pntd.
0002798. Accessed 2 May 2014.

Control of the leishmaniases. (2010). Geneva. Available: http://whglibdoc.who.
int/trs/ WHO_TRS_949_eng.pdf.

October 2014 | Volume 8 | Issue 10 | 3283


http://www.ncbi.nlm.nih.gov/pubmed/17989780
http://www.ncbi.nlm.nih.gov/pubmed/17989780
http://dx.plos.org/10.1371/journal.pntd.0000176
http://www.ncbi.nlm.nih.gov/pubmed/16896132
http://www.ncbi.nlm.nih.gov/pubmed/16896132
http://doi.wiley.com/10.1111/j.1467-9892.2009.00643.x
http://biomet.oxfordjournals.org/content/65/2/297.short
http://biomet.oxfordjournals.org/content/65/2/297.short
http://www.jstor.org/stable/2336663?origin=crossref
http://www.jstor.org/stable/2336663?origin=crossref
http://doi.wiley.com/10.1111/j.2041-210X.2010.00012.x
http://doi.wiley.com/10.1111/j.2041-210X.2010.00012.x
http://doi.wiley.com/10.1002/joc.639
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=4046095&tool=pmcentrez&rendertype=abstract
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=4046095&tool=pmcentrez&rendertype=abstract
http://www.ncbi.nlm.nih.gov/pubmed/24342506
http://dx.plos.org/10.1371/journal.pntd.0002798
http://dx.plos.org/10.1371/journal.pntd.0002798
http://whqlibdoc.who.int/trs/WHO_TRS_949_eng.pdf
http://whqlibdoc.who.int/trs/WHO_TRS_949_eng.pdf

65.

66.

PLOS Neglected Tropical Diseases

WHO Report on Global Surveillance of Epidemic-Prone Infectious Diseases—
Leishmaniasis (2012). Available: http://www.emro.who.int/neglected-tropical-
diseases/information-resources-leishmaniasis/cl-factsheet.html. Accessed 18
September 2014.

Gilbert JA, Meyers LA, Galvani AP, Townsend JP (2014) Probabilistic
uncertainty analysis of epidemiological modeling to guide public health
intervention policy. Epidemics 6: 37-45. doi:10.1016/j.epidem.2013.11.002.

www.plosntds.org

1

67.

68.

Forecasting Cutaneous Leishmaniasis in Northeast Brazil

Atkinson S, Cohn A, Ducci ME, Gideon J (2005) Implementation of promotion
and prevention activities in decentralized health systems: comparative case
studies from Chile and Brazil. Health Promot Int 20: 167-175. doi:10.1093/
heapro/dah605.

Thornton SJ, Wasan KM, Piecuch A, Lynd LLD, Wasan EK (2010) Barriers to
treatment for visceral leishmaniasis in hyperendemic areas: India, Bangladesh,
Nepal, Brazil and Sudan. Drug Dev Ind Pharm 36: 1312-1319. doi:10.3109/
03639041003796648.

October 2014 | Volume 8 | Issue 10 | 3283


http://www.emro.who.int/neglected-tropical-diseases/information-resources-leishmaniasis/cl-factsheet.html
http://www.emro.who.int/neglected-tropical-diseases/information-resources-leishmaniasis/cl-factsheet.html

