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Abstract 

The goal of this thesis is to study the relationship between climate and land use / 

land cover (LULC) on malaria risk in the Amazon region. Despite the large public policy 

implications, current literature provides contradictory evidence regarding how LULC 

affects malaria risk. Furthermore, little is known regarding the public health impacts of 

the predicted drying of the Amazon. In this thesis, we rely on mosquito and malaria 

incidence/prevalence data from multiple sources, both from the Brazilian and Peruvian 

Amazon, and we develop novel methodology to integrate multiple datasets and infer 

malaria risk factors.  

The first chapter describes a novel method to combine data from different 

Plasmodium detection methods (i.e., polymerase chain reaction (PCR) and microscopy) 

and sampling schemes (i.e., aggressive active case detection and passive case detection). 

Using this method and detailed data on malaria prevalence, we find that proximity to 

forest, as well as participation on forest activities, greatly enhance malaria risk. 

Furthermore, our results suggest that asymptomatic Plasmodium carriers are more likely 

to be individuals that have recently arrived in the region and that live in regions with 

high forest cover.  

The second chapter describes large scale patterns regarding LULC, climate, and 

malaria incidence. To this end, we rely on a unique dataset collected by the Brazilian 
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government surveillance system over ~4 years, spanning ~4.5 million km2 and 1,300,000 

malaria cases. This analysis indicates that malaria incidence is substantially higher in 

areas with higher forest cover, whereas deforestation rate (the often cited culprit of 

malaria in the region) is not significantly associated with malaria. We also find that a 

drier climate may enhance malaria risk in the Brazilian Amazon region. We then employ 

a statistical model and a LULC simulation model to predict that malaria risk may be 

substantially higher in a governance (GOV) scenario versus a business-as-usual (BAU) 

scenario, a direct consequence of the averted deforestation under the GOV scenario. 

In the third chapter, we discuss how current methodology to characterize 

mosquito breeding habitat may be improved when the goal is to guide larva control 

interventions and identify areas with higher disease risk. To accomplish these goals, we 

contend that it is critical for researchers to understand the spatial and temporal 

distribution of water bodies. We use simulations and Anopheles darlingi larva data to 

illustrate how inference might be misleading when the distribution of water bodies is 

ignored. 

Finally, the fourth chapter re-examines results from a key study conducted in the 

Peruvian Amazon, which has been the basis for the widespread notion that malaria risk 

increases in deforested areas. Differently from the original studies, I integrate mosquito 

larva and mosquito biting rate from multiple vector species with malaria prevalence 

data, to determine how LULC and climate affect malaria risk. I find that A. darlingi larva 
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presence and biting rate indeed increase in deforested areas, agreeing with the original 

published results. However, we find that malaria prevalence is not associated with A. 

darlingi biting rate whereas it tends to be positively associated with A. rangeli biting rate. 

We hypothesize that there is a mismatch between location and time of the day at which 

individuals are more exposed to infections and our predictions of mosquito biting rate, 

which are based on household locations and a 18 – 24:00 period. If this hypothesis is 

correct, any association between malaria prevalence and the mosquito biting rate is 

likely to be spurious. Although our analysis is not conclusive because of limitations in 

the malaria prevalence dataset, our results suggest that inference on malaria risk based 

solely on a single vector species might be misleading. In particular, the relationship 

between deforestation and malaria risk will critically depend on how exposure changes 

as a function of human behavior and on the competence of the different vector species. 

Throughout this thesis, a major thrust has been to employ statistical models 

carefully tailored to the problems at hand, with the overarching goal of generating more 

reliable inference. To this end, I have created parsimonious models (e.g., using multiple 

shrinkage priors or using a reversible jump algorithm) which properly accommodate 

data idiosyncrasies (e.g., zero inflation and over-dispersion) and use, when possible, 

data from multiple sources.  
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Chapter 1. Enhanced understanding of infectious 
diseases by fusing multiple datasets: a case study on 
malaria in the western Brazilian Amazon region 

 

1.1 Introduction 

Extensive syndromic sentinel surveillance data are often routinely collected by 

public health agencies. However, estimates of disease prevalence based on these data are 

known to be biased because only symptomatic individuals are sampled (1, 2). 

Furthermore, because of the sentinel surveillance network extent, cheaper and less 

sensitive diagnostic methods are typically employed. Researchers also collect data to 

study infectious disease risk factors and asymptomatic pathogen carriers, but using 

cross-sectional surveys and more expensive and sensitive diagnostic methods. These 

data, however, are often geographically and temporally limited and thus are not as 

abundant as sentinel surveillance data. Robust inference on disease prevalence and risk 

factors would ideally combine these datasets because they clearly complement each 

other; unfortunately, standard statistical tools are not well suited for this task. We 

describe here a novel statistical model that coherently combines these disparate datasets, 

allowing for enhanced inference on infectious diseases. 

Our study focuses on malaria. Malaria is responsible for ~3% of the total global 

disease burden (3), affecting approximately half of the world’s population (4) and 

significantly hindering economic and social development of tropical countries (5). 
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Despite its public health relevance and recent increased attention to malaria research 

and control (6), malaria risk factors remain difficult to evaluate, due both to the 

idiosyncrasies of how data are collected (as detailed below) and the fact that not all 

infected individuals are symptomatic. Our approach addresses these challenges, 

providing sharper inference on Plasmodium infection risk factors, factors determining 

symptom status given infection, and overall infection and disease prevalence. We first 

describe the statistical model, then we compare its performance against standard logistic 

regression using simulated and real data, and finally we apply it to a large malaria 

dataset collected in the Western Brazilian Amazon. 

In Brasil, malaria cases are concentrated in the Amazon region (7), resulting in 

substantial morbidity (8, 9). Similar to other countries (e.g., India, (10)), the malaria 

surveillance data from the Brazilian government consist of microscopy results from 

predominantly symptomatic individuals, sampled through active and passive case 

detection (ACD and PCD, respectively). ACD data are obtained by health agents during 

home visits to symptomatic individuals whereas PCD data come from health facilities, 

visited by individuals who believe they have malaria (11). Inherent biases in both 

datasets make it difficult to determine overall malaria prevalence and the factors that 

influence it (1, 12). Aggressive active case detection (AACD) has been proposed as an 

alternative surveillance technique, consisting of cross-sectional surveys where all 

individuals are sampled, regardless of symptom status (11). AACD data can be used to 
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estimate infection prevalence and its determinants and the size of the reservoir 

represented by asymptomatic Plasmodium carriers (12-14). Drawbacks of AACD include 

high costs and the often low acceptability from the population (12, 14), which often 

limits AACD data to a short time-frame and a small geographical area. As a 

consequence, AACD data might not be as well suited as ACD/PCD data in determining 

the effect of covariates that change substantially in time and/or space (e.g., precipitation 

and presence of wetlands). 

Imperfect Plasmodium detection is a concern for all surveillance methods. The 

Brazilian Health Ministry primarily makes use of microscopy of thick blood smears, 

because it is relatively inexpensive and straight-forward (15). However, microscopy has 

limited ability to detect the pathogen when parasitemia is low (16-18). In research 

settings, Polymerase Chain Reaction (PCR) has been extensively used as the standard 

against which the sensitivity and specificity of other detection methods (e.g., microscopy 

and rapid diagnostic tests) are evaluated. Unfortunately, PCR data is often not available 

due to costs and expertise required for the procedure (19, 20).  

How does one integrate the less biased but more limited dataset (e.g., data from 

AACD) with a more extensive, time continuous and biased dataset (e.g., data from 

ACD/PCD)? Furthermore, how can the more sensitive but limited PCR dataset be used 

jointly with the less sensitive but more extensive microscopy dataset? Logistic regression 

is the most common statistical tool used to analyze individual-level disease data. 
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However, logistic regression does not correct for the biases in the ACD/PCD dataset, 

even if dummy covariates are added to represent differences in how individuals were 

sampled (e.g., AACD, ACD, and PCD). It also does not accommodate detection error 

rates for the different Plasmodium detection methods. In recognition of these problems, 

analysis might focus on the most sensitive pathogen detection method (i.e., PCR) and 

less biased case detection method (i.e., AACD), with the drawback of ignoring 

considerable information contained in the rest of the data. 

Logistic regression also does not allow for important conditional relationships 

that determine malaria risk. Malaria researchers typically assume perfect detection and 

choose to model either the probability of being diseased (i.e., )1,1( == ISp ) or the 

probability of being infected (i.e., )1( =Ip ), where S and I stand for symptom and 

infection status. These probabilities are related and models can be developed to combine 

them in a statistically and biologically coherent way. Our model factors 

)1,1()( === ISpDiseasep  as )1()1|1( === IpISp , allowing us to separately 

evaluate infection risk factors (i.e., ( 1)p I = ) from risk factors of symptoms given 

infection (i.e., ( 1| 1)p S I= =  ). This approach can provide inference on factors that 

influence the joint distribution of symptom and infection statuses. For example, we can 

coherently estimate the prevalence of asymptomatic carriers, namely ( 0, 1)p S I= =  , 

and the factors that influence it. The limitations of standard statistical tools prompted us 

to create a customized method to analyze our data. 
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Here, we illustrate how inference on malaria risk factors and infection/disease 

prevalence can be improved using a hierarchical framework based on the joint 

distribution of symptom and infections statuses and by properly accommodating the 

different pathogen and case detection methods. First, we detail the model. Then, we 

compare the performance of this method to that of typical logistic regressions using 

simulated and real data. Finally, we apply this model on a large malaria dataset 

collected in the Western Brazilian Amazon and discuss the implication of our findings. 

1.2 Methods 

1.2.1 Data 

Data were collected in a rural settlement area, in a region known as Ramal 

Granada (Acrelandia, Acre, Brasil), on 486 individuals that agreed to participate in the 

study. AACD data come from four cross-sectional surveys (March/April 2004, 

September/October 2004, February/March 2005, and October/November 2006) in which 

all study participants that were present at the time of the survey were sampled, 

regardless of their symptomatic status. This dataset contained a total of 1383 microscopy 

and 1400 PCR malaria tests. Further details on the area, data collection, and 

characteristics of this cohort can be found elsewhere (11, 21, 22). We gathered ACD/PCD 

data by searching the malaria records at the local health facility. All malaria records 

between 2004 and 2007 from the AACD study participants were entered in a database, 
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resulting in a total of 1694 microscopy tests, with approximately 94% of the individuals 

feeling symptomatic when tested.  

1.2.2 Model description 

We start by describing some basic conditional probabilities for our model and 

their associated assumptions. We then proceed to detail the likelihood associated with 

each potential outcome. We conclude this section with a description of how we fit the 

model. 

1.2.2.1 Plasmodium detection 

We consider data from two Plasmodium detection methods, namely microscopy 

and polymerase chain reaction (PCR). Let 1, =m
tiD  stand for a positive Plasmodium 

detection using microscopy for individual i at time t. Let , 1i tI =   and , 1i tS =   stand for 

being infected and having malaria symptoms, respectively. Note that ,i tI   is a latent 

variable because we never directly observe it. Using these definitions, let 

1,,, )1,1|1( α==== titi
m
ti ISDp and 0,,, )1,0|1( α==== titi

m
ti ISDp  be the microscopy 

sensitivity given that , 1i tS =   and , 0i tS = , respectively. We allow sensitivity to depend 

on symptom status because it has been shown that low-grade infections (i.e., low density 

of parasites in the blood) are associated with asymptomatic cases and failure to detect 

them with microscopy (16-18, 23).  Furthermore, let , ,0 | 0( ) 1m
i t i tIp D = = =  be the 

microscopy specificity. We set the specificity of the microscopy to one because it is 
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virtually impossible for an experienced microscopist to identify malaria pathogens on a 

blood sample from an uninfected patient, regardless of the symptomatic status of the 

patient (Ferreira, personal communication; (17)).  

In relation to PCR, let , 1pcr
i tD =   stand for a positive Plasmodium detection using 

PCR for individual i at time t. Let the PCR sensitivity and specificity be denoted by 

δ=== )1|1( ,, ti
pcr
ti IDp and , ,0 | 0)( pcr

i t i tIp D π= = = , respectively. Errors in 

amplification or contamination of the sample can produce both false-positives and false-

negatives (17). From prior knowledge, we know that the sensitivity of PCR is greater 

than that of microscopy and that microscopy sensitivity is probably greater when the 

individual is symptomatic than when not symptomatic (i.e., 1 0δ α α> > ) (20). Finally, 

we assume that PCR sensitivity and specificity are not influenced by microscopy 

detection and symptomatic status of the individual, given infection status. The 

assumption of conditional independence between PCR and microscopy results seems 

reasonable because detections are based on fundamentally different biological processes 

(24, 25). We adopted uniform priors for the sensitivity and specificity of PCR, where the 

limits were based on earlier reports on PCR error rates (26, 27). More specifically, the 

joint prior adopted for these detection parameters was a uniform distribution in the set 

}1),7.0max(,0:),,{( 11001 <<<<< δαδααααδ . 
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1.2.2.2 Infection risk 

We are primarily interested in the probability that individual i at time t is 

infected with Plasmodium (i.e., ,( 1)i tp I = ) and the associated risk factors. We assume 

that this probability is given by 

[ ]
, ( )

1
( 1)

1 i h i
i tp I

e φ ϑ− + +
= =

+
T
i,tx β

 

where i,tx   is the design vector and β  is the vector with the corresponding parameters. 

The design vector i,tx  contains potential risk factors. For our case study using data from 

the Western Brazilian Amazon, these covariates were gender, educational level, age, 

time in Acrelandia (as a proxy for past exposure to malaria), if participates on 

extractivism activities, if hunts or fishes, if works as chain sawyer, if shares the house 

with somebody that had a positive malaria diagnosis in the past 30 days, surface water 

area, forest area, deforestation rate, precipitation, and a drought index. These covariates 

are detailed in Appendix I. Individual and household-level random effects are denoted 

by iϕ and ][ ihϑ  , respectively, where h[i] indexes the household where the ith person 

resides. These random effects were modeled as ),0(~ 2
indi N σϕ  and ),0(~ 2

][ hih N σϑ , 

where 2
indσ   and 2

hσ  are the individual and household-level random effect variances, 

respectively.  
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1.2.2.3 Symptomatic status 

We assume that the probability of being symptomatic given that the person is 

infected is given by 

, ,

1
( 1| 1)

1
i t i tp S I

e
= = =

+
T
i,t-z γ

 

where γ  is a vector of parameters to be estimated and i,tz   is the design vector. We 

assume that the covariates most likely to influence this probability are variables related 

to the individual’s immune system and not variables related to present exposure to 

vectors. Thus, for our Western Brazilian Amazon case study, the covariates in i,tz were 

age, gender, and time in Acrelandia (as a proxy for past malaria exposure). Finally, we 

assumed that the probability of having symptoms despite not being infected 

, ,1| 0( )i t i tIp S = =   was a constant parameter to be estimated.  

1.2.2.4 Likelihood 

The definitions above are the basis for the hierarchical model that we built 

(depicted in Figure 1), borrowing some ideas from Clark & Hersh (28). These definitions 

and model structure allow us to describe the likelihoods of all the possible outcomes in 

AACD (Table 9 in Appendix I). For the ACD and PCD datasets, we start by noting that 

)()|( IpACDIp > and )()|( IpPCDIp > , because ACD and PCD focuses mostly on 

symptomatic individuals. Therefore, we can assume that knowing whether the person 

was sampled in ACD or PCD does not bring any additional information about the risk of 
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being infected if we condition on symptomatic status. More formally, we assume that 

)|(),|( SIpACDSIp = and )|(),|( SIpPCDSIp = . Based on these assumptions, it 

can be shown that the likelihood for each outcome will be similar to those for AACD 

with the exception that it will have a correction term of the form 
)(

)|(

ACDp

SACDp
or 

( | )

( )

p PCD S

p PCD
. Here, ( | )p ACD S   and ( | )p PCD S  are the conditional probability that an 

individual with symptom status S is sampled through ACD or PCD, respectively, and 

( )p ACD   and ( )p PCD   are the corresponding marginal probabilities. The likelihood of 

all the possible outcomes in ACD and PCD is shown in Table 10 in Appendix I. The 

detailed derivation of these likelihoods is also given in Appendix I.  

 

 

Figure 1: Graphical representation of the proposed model, illustrating some of 

the modeled conditional relationships. 
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An important assumption in our analysis of the ACD/PCD dataset is that malaria 

tests (and the symptomatic status at the time of the test) more than one week apart from 

each other were considered to be independent. There were some cases where 

symptomatic individuals would choose to be tested multiple times within a short period 

of time (< 7 days), probably expecting a positive result or the symptoms to ameliorate. 

To avoid making several assumptions regarding the temporal dependencies of 

symptoms and test results from these multiple tests, we chose to retain just the first test 

and the associated symptomatic status whenever we detected multiple tests within this 

short time-frame. 

1.2.2.5 Full model 

Let θ  be all the parameters we will estimate and let ,PCD ACDy y   and AACDy   be 

the different datasets, where subscripts denote how individuals were sampled. 

Assuming conditional independence given the parameters θ , the full model can be 

written as 

)()|,,(),,|( θθθ pyyypyyyp AACDPCDACDAACDPCDACD ∝  

)()|()|()|( θθθθ pypypyp AACDPCDACD∝  

where ( ,| ),PCD ACD AACDp y yyθ   is the posterior distribution of the parameters to be 

estimated, )|( θkyp  is the likelihood of dataset k (Table 9 and Table 10 in Appendix I) 

and )(p θ   are the priors. All the estimated parameters θ  are listed and described in 

Table 1, together with their associated prior distributions. 
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Table 1: List of all the estimated parameters and the associated priors. 

 

 

This model was fitted using a Gibbs sampler. Most parameters were updated 

using a Metropolis sampling step and the few parameters that were updated via a Gibbs 

sampling step have their full conditional distributions described in Appendix I. In total, 

150,000 iterations were run and the initial 20,000 iterations were discarded as burn-in. 

Convergence was assessed using trace-plots of the parameters.  
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1.2.3 Model performance 

We compare the proposed model with standard logistic regressions, both with 

and without individual and household level random effects. Let 1=D  be a positive 

Plasmodium detection, either from microscopy, PCR or both. The response variable for 

these logistic regressions were proxies for a) disease: a person having symptoms and a 

positive detection (i.e., 1,1 == SD ); and b) infection: a person having a positive 

detection (i.e., 1=D ) (Table 2). To mimic how researchers would typically use these 

multiple datasets ( ,ACD PCDy y   and AACDy  ), we merged the three datasets into a single 

one and added two dummy covariates in the logistic regressions to allow for differences 

between datasets. 

Table 2: Description of all the modeling approaches employed in the 

simulation and validation exercises.  

† these models were fit using the ‘glm’ function in R; †† these models were fit using the ‘lmer’ function in 

R.

 

 

These different statistical methodologies were compared using both simulated 

and real data. Simulated data were used to compare the different methods in relation to 
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how well they retrieved the true parameters influencing infection probability. To 

evaluate the importance of combining these multiple datasets, we further compared 

how inference from the proposed model would change if fitted only to the PCR dataset 

versus all datasets. Details of how the simulated data were generated are given in Table 

11 and Table 12 within Appendix I. We also compared how well each model predicted 

the real data, using a 10-fold cross validation. This validation exercise consisted in fitting 

these models to 90% of the real data and comparing their predictions for the remaining 

10%. This was done ten times with different portions of the data retained for validation 

at each time. Each method predicted which individuals had a positive test result ( 1=D ) 

and which individuals had a positive test result and were symptomatic ( 1,1 == SD ). 

We summarized this information as a) the proportion of individuals correctly predicted 

as 1=D or 0=D ; and b) the proportion of individuals correctly predicted as 

1,1 == SD or not 1,1 == SD . For this validation exercise, we also evaluated the 

predictive ability of the chosen covariates by adding the prediction results from a model 

that simply used the proportion of individuals with 1=D  (or 1,1 == SD ) in the 

training dataset. All statistical procedures and graphics were performed in R (29). 

1.3 Results 

1.3.1 Model performance 

Our results using simulated data reveal that the 95% confidence intervals from 

the logistic regressions, both with and without random effects, were typically narrower 
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than the 95% credible intervals from the proposed model (Figure 2), often missing the 

true regression parameters, even when these effects were large. In contrast to these 

results, the 95% credible interval generated by the proposed model fitted to all datasets 

always included the true regression parameters. One parameter of particular importance 

is the intercept as it reveals the infection prevalence for individuals with mean covariate 

values. Our results show that all logistic regressions grossly overestimated this 

parameter. The simulated data also revealed that fitting the proposed model to all 

datasets (microscopy and PCR results from the ACD, PCD, and AACD datasets) 

resulted in sharper inference, both in terms of smaller bias and uncertainty, when 

compared to results from the proposed model fitted just to PCR results (black circle vs. 

black triangle, Figure 2). This improved inference arises not only because of the larger 

sample size but also because the ACD and PCD datasets are more time continuous, 

resulting in greater variability for several covariates. 
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Figure 2: Comparison of models using simulated data.  

The true values of the infection risk factor parameters are depicted in horizontal black dashed lines. Logistic regression 

models with disease (models 2 and 4) and infection (models 3 and 5) as response variables are depicted in red and blue, 

respectively. Models with and without random effects are depicted with continuous and dashed vertical lines, 

respectively. Models 2-5 were fitted to all datasets. Model 1 was fitted twice, once for just the PCR dataset (black triangle) 

and once for all datasets (black circle). Details of these models are given in Table 2. 

 

An important concern related to the proposed model is that it might be over-

fitting the data, given that it includes almost twice as many parameters as the logistic 

regressions (30 vs. 17, respectively, after excluding random effects and their variances), 

potentially resulting in poor out-of-sample predictive ability. However, our validation 

results using the real data show that the proposed model had a similar or better 

predictive ability when compared to the logistic regression model with random effects 
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(Figure 3). Interestingly, even the model without any covariates had a good predictive 

ability, sometimes yielding equivalent or better predictions than the logistic models, 

with or without random effects. In contrast, the proposed model always yielded better 

predictions than the model without any covariates. Furthermore, the proposed model is 

capable of generating all predictions depicted in Figure 3 whereas distinct logistic 

regressions were fit to predict these different outcomes.  

 

Figure 3: Comparison of models by out-of-sample prediction.  

These figures show the proportion of individuals correctly classified by each model. Numbers on the left refer to the 

different validation datasets. Logistic regression models with disease (models 2 and 4) and infection (models 3 and 5) as 

response variables are depicted in red and blue, respectively. Models with and without random effects are depicted with 

continuous and dashed lines, respectively. Details of these models are given in Table 2. 
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1.3.2 Findings from the Western Brazilian Amazon region 

We estimated that the infection prevalence for the cohort we studied was 

approximately 0.13 (95% credible interval (CI) 0.10-0.16). Malaria prevalence was 

considerably lower (0.04, 95% CI 0.03-0.06) because not all individuals exhibit 

symptoms. From the pool of infected individuals, more than half will typically be 

asymptomatic (0.63, 95% CI 0.53-0.72) but the overall prevalence of asymptomatic 

carriers is low (0.08, 95% CI 0.06-0.12). We can compare these model-based estimates 

with estimates calculated directly from the data, if we assume that all individuals with a 

positive (or negative) detection result are infected (or not infected). Similar, but not 

identical, results were obtained using only PCR data (Figure 4). On the other hand, 

considerably different summary statistics were obtained using microscopy, either from 

AACD or from the PCD/ACD datasets. These differences arise because microscopy is 

known to have limited ability to detect individuals with low parasitemia, which tend to 

be asymptomatic individuals, and because the PCD/ACD datasets include 

predominantly symptomatic individuals. One option would be to analyze just the PCR 

dataset collected with the AACD method, ignoring malaria risk information from the 

other datasets. However, as we showed with the simulated data and as suggested 

elsewhere (30), inference can be greatly improved when all datasets are jointly used if 

the model is able to adequately accommodate the inherent differences among datasets. 
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Thus, we exploit the information on infection/disease prevalence and malaria risk 

factors from all datasets. 

 

Figure 4: Comparison of summary statistics calculated directly from the data 

and generated by the proposed model.  

The summary statistics are infection (i.e., ( 1)p I = ) and malaria prevalence (i.e., ( 1, 1)p S I= =  ), proportion of 

asymptomatic individuals among the pool of infected individuals (i.e., ( 0 | 1)p S I= =  ) and overall proportion of 

asymptomatic carriers in the population (i.e., ( 0, 1)p S I= = ). Estimates from the proposed model are depicted in 

black. Estimates calculated directly from the data are depicted in red (PCR data), green (microscopy results from AACD), 

and blue (microscopy results from ACD and PCD). Vertical lines depict 95% credible intervals for model 1 and 

approximate 95% confidence intervals for the other estimates, calculated as 
n

pp
p

)ˆ1(ˆ
2ˆ

−
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The clearest infection risk factor was forest extent surrounding the subject’s 

house (Table 3, Figure 7; the marginal posterior distributions for all the estimated 

parameters are provided in Figure 5 and Figure 6). The effect of forest extent was further 

exacerbated by proximity to larger water bodies, particularly during the wet season. 

Furthermore, men (probably as a result of spending more time in the forest than 

women) and those participating in forest related activities (e.g., extractivism, hunting or 

fishing) were more likely to be infected (Table 3, Figure 7). These risk factors consistently 

suggest that these degraded forests are prime breeding habitat for the vector. On the 

other hand, annual deforestation rates and working as a chain sawyer were not 

important risk factors. We hypothesize that the extensive use of fire for land clearing 

during the dry season might be responsible for this pattern. We also expected increased 

infection risk if the person co-inhabited a house with somebody diagnosed with malaria 

within the past 30 days but this was not the case, probably because infectious 

individuals might be diagnosed after (instead of before) the focal person is tested for 

malaria. Unfortunately, these past and future dependencies cannot currently be 

included in the model.  

 

Table 3: Summary statistics for the estimated parameters. 
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Figure 5: Posterior distribution of infection risk factors. 
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Figure 6: Posterior distribution of the other estimated parameters. 
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Figure 7: Probability of infection )1( =Ip  as a function of the most important 

covariates.  

The probability of infection was calculated with the other covariates fixed at their mean value. CI stands for credible 

interval. Lower right panel shows the independent effect of being a woman (‘Women’), being a man (‘Men’), participating 

on extractivism activities (‘Extract.’), and participating on hunting or fishing activities (‘Hunt/Fish’). The summed effect of 

being a man, partipating on extractivism and hunting/fishing activities is also shown (‘M,E,HF’). 

 

There is some evidence that time living in Acrelandia, as a proxy for past malaria 

exposure, reduces the risk of being infected (Table 3, Figure 7). This result suggests that 

non-naïve settlers acquire parasitological immunity and/or considerable knowledge on 

how to reduce one’s exposure to infection. However, our results also suggest that this 

same factor increases the probability of feeling symptoms once infected (Table 3). One 

possible explanation is that non-naïve settlers are only susceptible to the more virulent 

Plasmodium strains.  
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Asymptomatic Plasmodium carriers pose a considerable public health challenge. 

Our results suggest ways to strategically identify these carriers. While sampling all 

individuals regardless of symptoms (as in AACD) might be useful, a more efficient 

strategy would be to sample individuals at high risk of infection but low probability of 

feeling symptoms given infection. In other words, we maximize 

)1()1|0()1,0( ====== IpISpISp  by maximizing the individual components 

)1|0( == ISp  and )1( =Ip . For instance, if we estimate the probability of being an 

asymptomatic Plasmodium carrier as a function of time in Acrelandia and forest extent, it 

becomes clear that we should preferentially sample individuals that are new to the area 

(thus with high )1|0( == ISp ) on highly forested areas with abundant surface water 

(thus with high )1( =Ip ) (Figure 8). 

 

Figure 8: Probability of sampling an asymptomatic Plasmodium carrier (i.e., 

)1,0( == ISp ).  
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The probability of sampling an asymptomatic Plasmodium carrier is shown as a function of time in Acrelandia and 

proportion of forest area in places with abundant surface water. 

 

The estimated parameters can be jointly used to make coherent predictions, 

relying on information from all datasets. For example, a predicted infection risk surface 

can be created using information on surface water and forest area (infection prevalence 

map in Figure 9). These results can be extrapolated to a larger geographical region using 

remote sensing imagery, revealing substantial spatial heterogeneity in infection 

prevalence attributable to the river that crosses the upper part of the region and the large 

forest blocks away from the roads (extrapolated infection prevalence map in Figure 9). 

These maps also highlight the striking differences in infection prevalence due to 

precipitation, a result greatly corroborated by recent entomological surveys conducted 

at the same site (31). Besides infection risk surfaces, asymptomatic carrier risk and 

malaria burden surfaces can also be created, using household information on how long 

people have been living in Acrelandia (asymptomatic carrier and malaria prevalence 

maps in Figure 9). Despite similarities, the asymptomatic carrier prevalence surface 

indicates that these carriers are more likely to be found in the northern part of our study 

area whereas infected symptomatic individuals can also be found in the central region of 

our study area. 
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Figure 9: Spatial distribution of infection, asymptomatic carrier, and malaria 

prevalences.  

From left to right, maps depict interpolated surfaces of predicted infection prevalence (i.e., )1( =Ip ), asymptomatic 

carrier prevalence (i.e., )1,0( == ISp ), and malaria prevalence (i.e., )1,1( == ISp ), all for the studied area, 

and an extrapolated surface of infection prevalence. Upper and lower maps are the prevalence surfaces for the rainy and 

dry seasons, respectively. Interpolation was done using an inverse distance weighted algorithm. 

 

As expected, we find strong influence of priors on the estimation of the PCR 

error rates (Figure 6), suggesting that there was not enough information on our dataset 

to estimate all these parameters jointly. Microscopy sensitivity, on the other hand, was 

well estimated to be approximately 0.3 and 0.1, almost a three-fold difference for 

symptomatic and asymptomatic individuals, respectively (Table 3). Nevertheless, even 

for symptomatic individuals, sensitivity of microscopy was relatively low. Several 

quantities can be derived from these error rate estimates. For example, sampling 
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predominantly symptomatic individuals (as is usually done in ACD/PCD) is sensible 

given that the probability of being infected 13.0)1( ==Ip  increases dramatically if the 

person is symptomatic 63.0)1|1( === SIp . However, the challenge of using 

microscopy as the only method to monitor infection and disease prevalence is evident if 

we compare our knowledge of infection probability for symptomatic individuals before 

and after obtaining a negative microscopy result ( ( 1| 1) 0.63p I S= = =   and 

55.0)0,1|1( ==== mDSIp , respectively), indicating very little gain of information 

when microscopy yields a negative result. This finding suggests that close monitoring of 

individuals that are symptomatic but that have recently obtained a negative microscopy 

result might be warranted. On the other hand, a positive microscopy detection is very 

informative since 1)1|1( === mDIp . PCR results, regardless if positive or negative, 

were also informative since ( 1) 0.13p I = =   but 76.0)1|1( === pcrDIp  and 

03.0)0|1( === pcrDIp . 

1.4 Discussion 

Large spatial-scale patterns regarding malaria typically involves syndromic 

surveillance data (e.g., (32, 33)), despite limited microscopy sensitivity and the biased 

nature of these data. On the other hand, more reliable infection and disease prevalence 

estimates are often spatially and temporally restricted, relying almost exclusively on 

PCR data (13, 22, 34-36). The proposed model uses information from both datasets to 

improve the estimates of infection and disease prevalence at our research site, which is 
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then extrapolated to a larger area. Alternatively, we can infer large spatial-scale patterns 

of Plasmodium infection prevalence using the syndromic surveillance data after adjusting 

for the inherent biases in this dataset. This adjustment is only possible with the 

parameters estimated here and is part of our ongoing research. 

Our results identify the important role of forests and forest related activities in 

Plasmodium infection risk, particularly during the rainy season and in close proximity to 

large water bodies (Figure 7). Unfortunately, the data do not contain more information 

regarding these forests (e.g., level of forest degradation) and thus we cannot determine 

which characteristic of these forests are important infection risk factors. These results 

corroborate the findings of others that proximity to the forest enhances infection risk (22, 

31, 37-39) but we do not find support for the idea that deforestation activity per se (33) or 

the lack of forest (40, 41) significantly increase infection risk. Our results also suggest 

that one of the factors most amenable to public policy is the participation in forest 

related activities (e.g., extractivism, hunting and fishing activities). Hunting and fishing 

activities are particularly popular, with nearly two thirds of the individuals in our 

cohort reporting that they engage in these activities. Educational campaigns might be 

effective in raising awareness about how participation in these activities affects one’s 

health and the health of their family and community, particularly for those individuals 

more likely to exhibit symptoms given infection (i.e., non-naïve settlers).  
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Malaria immunity is typically portrayed as a phenomenon that depends on age 

(as a proxy for past malaria exposure), with severe malaria being relatively common for 

young children, and older cohorts having progressively less cases of severe malaria and 

proportionally more cases of mild malaria and asymptomatic infection (23, 42). This 

descriptions refers to people exposed to malaria since birth in holoendemic countries, 

but it is much more complex (and less well understood) in areas with lower levels of 

exposure and where mild malaria predominates (23). In these latter settings, previous 

studies have suggested that past exposure to malaria can decrease clinical malaria risk in 

rural settlers (22) and provide both anti-parasite and anti-disease immunity in 

traditional riverine populations (13, 34). Our results suggest that anti-parasite immunity 

arises even in rural settlers. However, unlike previous studies, we find evidence that it 

also increases the probability of feeling symptoms once infected. We hypothesize that 

more experienced settlers are susceptible only to more virulent Plasmodium strains. 

Further studies are clearly needed to determine if this hypothesis is correct.  

Joint models or analyzes, like ours, are models that simultaneously make 

inference on multiple outcomes (e.g., detection and symptom status), even allowing one 

outcome to influence the others (e.g., symptom status affecting detection). These models 

have recently become very popular in the medical statistics literature because more 

information and interpretability can be gained when compared to performing separate 

analysis of the different outcomes (e.g., (43, 44)). Another active research area in 
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statistics focuses on the use of multiple pathogen detection methods to determine overall 

disease prevalence and sensitivity/specificity of these detection methods (24, 45-49). A 

recent malaria-specific example can be found in Speybroeck et al. (50). Our model builds 

on both of these trends by evaluating the risk factors of infection and symptoms given 

infection using data from multiple case and pathogen detection methods. Our results 

using simulated and real data revealed that the proposed model yields better inference 

on risk factors and disease/infection prevalence without over-fitting the data. To our 

knowledge, most of the epidemiological research regarding malaria has focused on 

infection risk factors. However, unlike standard logistic regression, the proposed model 

allows coherent inference on several other important parameters, such as detection error 

rates and risk factors associated with symptoms given infection. The latter is critical to 

advance our understanding of malaria burden and asymptomatic carriers. A direct 

result of this coherent inference is the identification of the need for better monitoring 

strategies regarding symptomatic individuals with negative microscopy results and how 

to sample more effectively potential asymptomatic Plasmodium carriers (Figure 8). 

Finally, predicted surfaces of infection risk, asymptomatic carrier risk, and malaria 

burden allow for optimal spatial allocation of resources and malaria control activities.  

One of the critical assumptions in our analysis was that data from ACD/PCD 

only differ from the AACD data by the unusually high proportion of symptomatic 

individuals. Although this is clearly a key factor, other characteristics of the individuals 
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sampled in ACD/PCD might also be important, such as the distance of their house to the 

health facility. Also, our model clearly depends on having individual level data on both 

positive and negative microscopy tests. Unfortunately, individual level data from 

negative microscopy tests are typically discarded, both by the Brazilian Ministry of 

Health and malaria researchers, hampering future analysis of these rich datasets.  

We modeled symptomatic status as a binary variable despite the fact that there is 

considerable variation in the type and intensity of symptoms one may exhibit (11). 

Future work might allow for multinomial or continuous symptomatic status. Evidently, 

this would only be productive if this symptomatic status score was collected routinely in 

AACD and ACD/PCD. Another variable not included in the model is parasitemia. 

Precise and accurate estimates of this variable can be challenging to obtain (51). 

Although new quantitative PCR methods can potentially overcome this problem, 

dramatic fluctuations in parasite density occur in the same individual within a short 

time period (18). Therefore, the inclusion of parasitemia into an analysis like ours 

remains an important challenge. Furthermore, there is no way to distinguish new 

Plasmodium infections from recrudescence and relapses, even using modern genotyping 

technology, given that an individual might be initially infected by multiple strains 

and/or re-infected by the same common strain (52, 53). Thus, what we have called 

infection risk factors actually refers to the risk factors of having a relapse, a 

recrudescence, and/or a new infection. Finally, because P. vivax and P. falciparum are 
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particularly prevalent in the region, it would be interesting to evaluate if the probability 

of feeling symptoms given infection or the infection risk factors differ among these 

species. This remains an important research topic.  

Using malaria in the Western Brazilian Amazon as a case study, we have shown 

that the modeling framework presented here can exploit information from multiple 

datasets to shed light on several aspects of an infectious disease (e.g., infection risk 

factors, risk factors associated with symptoms given infection, detection error rates) that 

are critical for its monitoring and control (e.g., indicating how to efficiently search for 

asymptomatic carriers and which symptomatic individuals should be closely 

monitored). While standard logistic regressions are undoubtedly important tools, these 

statistical models are not well suited to integrate multiple datasets. We believe that the 

Bayesian modeling framework described here fundamentally enhances our ability to 

overcome this challenge, being broadly applicable to other settings and diseases 

whenever asymptomatic carriers are an important public health concern and multiple 

datasets are available. 

 

1.5 Citation 

This article has been published and should be cited as “Valle, D.; Clark, J.; 

Kaiguang, Z. 2011. Enhanced understanding of infectious diseases by fusing multiple 
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Chapter 2. Conservation efforts may increase malaria 
burden in the Brazilian Amazon 

 

2.1 Introduction 

Deforestation has been a major concern in much of the tropics because of its 

detrimental effect on biodiversity, atmospheric carbon emissions, regional weather 

patterns, among other ecosystem services (54-56). The Brazilian Amazon in particular 

has received considerable attention because a large fraction of tropical forest clearing has 

occurred within this region (57). This fact has prompted the creation of the world’s 

largest forest-conservation initiative to reduce emissions from deforestation and 

degradation (REDD+), with an initial pledge of up to $1 billion USD (58), and a 

commitment by the Brazilian government to reduce Amazon deforestation by 80% (59). 

However, few conservation scientists seem to be aware that the Brazilian Amazon also 

plays an important role in terms of malaria cases and fatalities; almost half of the deaths 

attributed to this disease in the Americas occurred in Brazil (60, 61) and virtually all 

malaria cases in Brazil originate from the Brazilian Amazon (7, 62). To reduce malaria 

morbidity and mortality in the region, multi-million dollar initiatives focused on malaria 

have also been created (e.g., $5 million USD/year from the Amazon Malaria Initiative 

(63); and ~$23 million USD from the Global Fund to Fight Aids, Tuberculosis, and 

Malaria (64)).  
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While it is generally agreed that environmental factors play an important role in 

malaria (3), there are mixed evidence regarding how land cover and deforestation affect 

malaria in the Amazon region. For instance, proximity to forest fringes (8, 31, 65-67) and 

land clearing (8, 22, 33, 38, 40, 41, 68-70) have both been proposed to explain malaria 

vector presence, mosquito biting rate and malaria incidence. Yet, the exact role of these 

factors on malaria incidence has important implications regarding land use land cover 

(LULC) policies. Based on the evidence of higher malaria risk at recently deforested 

areas or in areas with active land clearing, it has been suggested that forest conservation 

can decrease disease burden (71-76). Based on evidence of higher malaria risk when 

close to forest fringes, the opposite conclusion has been reached; it has been suggested 

that the long-term effect of land clearing is to increase the distance of humans to forest 

edges and thus decrease malaria risk (8, 77, 78).  

These contrasting effects of deforestation have not been studied on a large spatial 

scale. Here we assess the magnitude of both of these malaria risk factors with a large 

malaria dataset (totaling ~1.3 million positive malaria tests, gathered over ~4.5 years and 

over a 4.5 million km2 region) and evaluate the public health consequences of current 

and future land use land cover (LULC) scenarios. 
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2.2 Methods 

2.2.1 Malaria Data 

The malaria data were collected from January 2004 to August 2008 by the 

Brazilian malaria surveillance system (79) and are aggregated by month and health 

facility. A malaria case is defined as an individual that has fever and that has a positive 

Plasmodium spp. detection through microscopy (80). To the best of our knowledge, this 

definition has been consistently used throughout the entire 2004-2008 period. Because 

there are no data on the exact location of each health facility, our approach was to subset 

the health facilities that are known to be in the urban area and use the spatial 

coordinates of the corresponding cities as proxies for their location. Determining the 

approximate location of these health facilities is important to adequately characterize the 

environmental risk factors to which individuals treated at these health facilities are 

exposed. We emphasize that despite being classified as urban areas, these are 

predominantly small cities (i.e., median population size equal to 14,000 people), often 

surrounded by a considerable area of forest (i.e., 22% of these cities had >50% of their 

catchment area covered by forests). The surrounding vegetation is critical because it is 

common for individuals to get infected in the surrounding area (e.g., while participating 

on selective timber logging, non-timber forest products collection, slash-and-burn 

agriculture, night fishing, hunting, mining, etc.) but to be diagnosed in the city (9, 81). 

We further excluded cities that had less than two years of data because it would not be 
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possible to estimate yearly and monthly city-specific random effects for these cities. The 

final dataset contained approximately half of the original malaria cases (~1,300,000 cases) 

but covered a similar geographical area (96% of the counties in the original dataset) (a 

summary description of these data is available in Table 4). 

Table 4: Summary description of the malaria dataset. 

* CA: catchment area, defined as a 20 km buffer around each city 

All columns, except for the states and number of cities, are averages of quantities assessed within each catchment area at 

multiple time periods 

 

 

2.2.2 Catchment area 

We adopt a 20-km radius as the “catchment area” around each city and use the 

precipitation, deforestation rate, and forest cover estimates within this catchment area as 

our covariates. The size of this catchment area accounts for the malaria vector flight 

range (38, 66), population mobility to and from the surrounding vegetation, and the fact 

that malaria cases often arise from multiple urban health facilities within a particular 

city. The same radius has been used elsewhere as the area typically under urban 

influence in the Brazilian Amazon region (82). Our results are robust to the use of 

different radii (i.e., 10, 20, and 30 km) (see Figure 23 and additional details in Appendix 

II). 
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2.2.3 Covariates 

Population size comes from the 2007 Brazilian National Census, aggregated at 

the census tract level, made available by the Brazilian Institute of Geography and 

Statistics (83). Our environmental covariates come from satellite imagery. We used 

annual forest cover and deforestation rate estimates from the Brazilian Space Agency 

derived from a semi-automated analysis of Landsat imagery (84). Estimates of 

precipitation were derived from the Tropical Rainfall Measuring Mission data (‘3B43 

Monthly 0.25 x 0.25 degree merged TRMM and other sources estimates’ product (85)), 

and average precipitation for a particular month was calculated over all pixels that fell 

within each catchment area. Based on these precipitation estimates, we also calculated a 

drought index that has been extensively used to characterize drought in the region (86-

88). We used a one month time lag for precipitation and drought index covariates based 

on the assumption that water affects the vector mainly through its breeding habitat. 

Therefore, changes in precipitation or drought should only affect infection risk in the 

following month since this is the minimum necessary time for the larva to become an 

adult mosquito, the adult to be infected and finally become infectious. Results did not 

change substantially when using a two month time lag (data not shown). 

2.2.4 Permutation tests 

To compare a particular outcome X (e.g., number of malaria cases per month, 

onwards simply malaria incidence) for cities with characteristic c1 versus cities with 
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characteristic c2 (e.g., high vs. low forest cover), we first calculate the observed difference 

in means ( ) ( ) ( )
1 2

obs obs obs
c cDif X X= − . Then, we estimate the probability of an outcome equal 

or more extreme than the observed outcome under the null hypothesis (i.e., p-value) 

through a permutation test. To do this, we randomly assign these characteristics to the 

cities and calculate the simulated difference in means ( ) ( ) ( )
1 2

sim sim sim
c cDif X X= − . This was 

done 1,000 times, generating 1,000 values of ( )simDif . We estimate the p-value as 

( ) ( )
( ) ( ) ( )

( )
1000

sim obs
sim obs I Dif Dif

p Dif Dif
≥

≥ ≈ ∑
, where I() is the indicator function that 

takes on the value of 1 if the condition is satisfied and zero otherwise. 

2.2.5 Regression model 

We assessed the effect of forest cover ( iyF , percent of catchment area) and annual 

deforestation rate ( , 1iy iy i yD FE F −−= , percent of catchment area per year) using a 

Bayesian hierarchical regression approach (i and y stand for city and year). We adjusted 

for potential confounder effect of climate variables on malaria risk, namely monthly 

precipitation iymP  and a drought index iymD  (m=1,…,12 stands for month within year). 

All covariates were standardized (i.e., centered and divided by their standard 

deviation). 

The number of malaria cases per month (i.e., malaria incidence) is modeled as an 

over-dispersed Poisson, given by: 

~ (exp ) )(iym iym iPoissonC Nw  



 

41 

where iN   is the population size within the catchment area, and iymw  is given by: 

2 3
2

0 1 4 ,( )~iym i iy iy iym iym im iyw DE F P DN e eβ β β β β σ+ + + + + +  

where 1 4,,β βL  are fixed-effect regression parameters. Additional socio-economic-

environmental covariates (e.g., proportion of migrants, age distribution, level of 

urbanization, gross domestic product, vector ecology, and proximity to large water 

bodies) tend to be relatively constant within the short time-frame of our malaria 

incidence dataset (~4.5 years). Therefore, we control for these unspecified city-to-city 

differences using a city specific random intercept 0( )iβ . We also include a year-by-city 

( )iye  and a month-by-city ( )ime  random effect. To complete the model specification, we 

adopt the usual assumptions regarding the distribution of random effects: 

2
0 0~ ( , )i Nβ β τ  

2~ ( ,0 )iye N ϕ  

2~ ( ,0 )ime N γ  

and we assume vague hyper-priors for the regression coefficients and variance 

parameters (89): 

40 , ~ (0 100, , )Nβ βL  

, , , ~ (0 10 )0,Unifϕ σ τ γ  

We used a Gibbs sampler to iteratively sample from each of the full conditional 

distributions. Because of conjugacy between the normal distribution and priors, almost 
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all the parameters could be sampled directly (90). The only parameters that could not be 

sampled directly were the iymw , which were sampled with a Metropolis-within-Gibbs 

step. We assessed model convergence by running three Markov Chain Monte Carlo 

(MCMC) chains with over-dispersed initial parameter values for 200,000 iterations. We 

discarded the first 10,000 iterations as burn-in and retained 500 iterations, systematically 

sampled from the remaining 190,000 iterations. We visually assessed convergence by 

overlaying trace plots of these three chains. We also assessed convergence by calculating 

the convergence statistic R suggested by Gelman and Rubin (91) (Table 14 in Appendix 

II), where R values much greater than 1 indicate lack of convergence. Both, our plots and 

the convergence statistic R, suggest that convergence has been achieved.  

To determine whether our model was over-fitting the data, we performed a 

validation exercise. In this exercise, we compared the out-of-sample predictive ability of 

our model versus simpler versions of it, either without the month-by-city random effects 

ime  or without the year-by-city random effects iye . We fitted these models to 90% of the 

data and used the estimated parameters to predict the 10% of the data that was left out. 

The results from the validation exercise (data not shown) and the comparison between 

the data and the predictive posterior distribution for each city (Figure 24) revealed that 

our model had an adequate fit. Finally, a preliminary analysis indicated that the 

assumption of a linear relationship between LULC covariates and malaria incidence was 

adequate and revealed low temporal and spatial correlation (correlation on Pearson 
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residuals < 0.2), suggesting that additional nonlinear terms and parameters to model 

these correlations were not warranted. All analyses and figures were created using R 

(29). 

2.2.6 Land use / land cover (LULC) future scenarios 

To evaluate the long-term effect of conservation strategies in the Amazon basin, 

Soares-Filho et al. (92) simulated a governance (GOV) scenario and compared it to a 

business-as-usual (BAU) scenario, revealing that a substantial amount of deforestation 

(and its deleterious effects) could be avoided. These projections also allow us to evaluate 

the effect of future LULC trends on malaria. We estimated the ratio of the expected 

malaria incidence under the GOV scenario )( GOV
iyE C  and under the BAU scenario 

)( BAU
iyE C  for each year and city. This ratio ) /( )(GOV BAU

iy iyE EC C   was calculated using the 

posterior distribution for the over-dispersed Poisson regression parameters, thus fully 

accounting for their uncertainty (93). 

2.3 Results 

We find overwhelming evidence that areas with higher forest cover tend to be 

associated with higher malaria incidence whereas no clear pattern could be found for 

deforestation rates, when comparing cities with similar population sizes (upper panels 

in Figure 10). Similar evidence arises when analyzing malaria incidence per person 

across all cities (lower panels in Figure 10). Using a Hierarchical Bayesian regression, we 

show that although forest cover and deforestation rate were both positively associated 



 

44 

with malaria incidence, forest cover effect was ~25 times greater than that of 

deforestation rate (Table 5). As a result, the net effect of higher deforestation rates is to 

decrease malaria burden by decreasing forest cover (i.e., increasing the distance to forest 

fringes). We also find that the number of malaria cases was negatively correlated with 

precipitation and our drought index, suggesting that drier periods of the year tend to 

result in higher malaria incidence. These results were robust to alternative definitions of 

catchment area (see Appendix II). An alternative model specification, which explores 

changes in malaria incidence within each city (rather than within and between cities), 

reveals qualitatively similar results in relation to the LULC variables (Table 13 in 

Appendix II).  

Table 5: Summary of regression parameter estimates 

LCI and UCI: lower and upper limit of the 95% credible interval 
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Figure 10: Malaria incidence is higher in areas with more forest cover whereas 

no clear pattern arises regarding deforestation rates. 

Upper panels: Data were stratified into 10 percentile population size classes and average number of malaria cases per 

month for each year and city was depicted. Within each size class, we compare cities with high (green box-plots) vs. low 

forest cover (white box-plots) (upper left panel); and cities with high (grey box-plots) vs. low deforestation rate (white 

box-plots) (upper right panel). Cities with high forest cover (or high deforestation rates) are cities that have forest cover 

(or deforestation rate) higher than the median for that size class. ‘n.s’,’*’,’**’, and ’***’ are non-significant (p>0.05), 

significant (0.01 < p < 0.05), very significant (0.001 < p < 0.01) and highly significant (p<0.001) difference in means, 

respectively, based on permutation tests. 

Lower panels: Mean number of malaria cases per month for each year and city divided by total population as a function 

of forest cover (lower left panel) and deforestation rate (lower right panel). Note: y-axes were truncated to enable a clearer 

depiction of the bulk of the data (i.e., less than 0.5% observations were excluded from these plots). 

 

These findings have important implications regarding LULC policies in the 

region. For instance, protected areas (PA’s) are a cornerstone of current conservation 

efforts, yet we are unaware of studies that discuss negative health impacts of these PA’s 



 

46 

on the local population. A simple depiction of our malaria data suggest that cities close 

to protected areas (PA’s) tend to have higher malaria incidence than cities far from these 

PA’s (Figure 11) after controlling for population size, a direct consequence of higher 

forest cover in these areas.  

 

Figure 11: Malaria incidence tends to be higher for cities close to protected 

areas (PA’s).  

Data were stratified into 10 percentile population size classes and average number of malaria cases per month for each 

city was depicted. Within each size class, we compare cities close (green box-plots) vs. distant from PA’s (white box-

plots). Cities close to PA’s (i.e., indigenous lands, state and federal parks) are those whose catchment area intersected one 

or more PA’s. ‘n.s’,’*’,’**’, and ’***’ are non-significant (p>0.05), significant (0.01 < p < 0.05), very significant (0.001 < p < 

0.01) and highly significant (p<0.001) difference in means, respectively, based on permutation tests. 

 

We also evaluated the long-term implications of our findings by comparing a 

future scenario with reduced deforestation (i.e., governance scenario - GOV) to a future 

business-as-usual (BAU) scenario. Using our regression parameter estimates, we find 

that cities with higher malaria incidence in the GOV versus the BAU scenario will 
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initially tend to be concentrated in the south and east portion of the Brazilian Amazon 

(Figure 12), where roads slated for paving tend to be located. However, by 2050, almost 

all cities will tend to have higher malaria incidence.  

 

Figure 12: Predicted malaria incidence in urban health posts is higher in the 

governance scenario than in the business-as-usual scenario. 

Maps depict the ratio of the expected number of malaria cases per month for each year and city under the governance 

(GOV) and the business-as-usual (BAU) future LULC scenarios (i.e., ( ) / ( )GOV BAU
iy iyE C E C ), where values > 1 

indicate that the GOV scenario results in more malaria cases than the BAU scenario. Areas that were deforested in the 

BAU scenario but not in the GOV scenario (i.e., prevented deforestation) are depicted in the background for reference. 

Circles represent the cities in our original malaria dataset. 

 

A summary of these results indicate that avoiding deforestation through better 

governance can substantially increase malaria incidence in urban health posts; an 

average of 10% of prevented deforestation resulted in an average 2-fold increase in the 
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number of malaria cases per month by 2050 (Figure 13). These results raise concern 

regarding collateral public health effects of conservation policies.  

 

Figure 13: Malaria incidence increase at urban health posts in the governance 

scenario is predicted to be a direct consequence of prevented deforestation. 

We depict the relationship between future prevented deforestation under the governance scenario (green line), and the 

ratio of the expected malaria incidence for each year and city under the governance (GOV) and business-as-usual (BAU) 

future LULC scenarios (red line) (i.e., ( ) / ( )GOV BAU
iy iyE C E C ), averaged across all cities. The red polygon depicts the 

95% credible interval of the mean ratio ( ) / ( )GOV BAU
iy iyE C E C . 

 

 2.4 Discussion 

We find that drier periods of the year tended to correlate with higher malaria 

incidence. Similar results have been attributed to decreased survival rate of adult 

mosquitoes (94) as well as larva being washed away in rivers (95) during the wet season. 
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We refrain from further discussing these seasonal patterns here (we will address them in 

a separate paper) to focus our discussion on the LULC findings. 

Malaria risk at frontier regions in the Amazon region is often observed to follow 

a peculiar time trajectory; in the early phases of human settlement, the number of 

malaria cases soars as naïve settlers arrive and engage in forest related extractive 

activities, living in precarious conditions. At later stages, as deforestation increases the 

distance of settlers to forest fringes and economic conditions improve, malaria risk tends 

to decrease through time (8). Our findings regarding the LULC covariates agree with 

this later stage, suggesting that conservation efforts to decrease deforestation in places 

where people are already settled might inadvertently increase the number of malaria 

cases. Some would argue that conservation efforts will also decrease the amount of 

forest related extractive activities (e.g., fishing, hunting, extraction of non-timber forest 

products), thus decreasing malaria risk. We are skeptical; even if forest conservations 

efforts succeed in retaining forest cover, hunting and fishing is likely to continue to 

occur, even within protected areas (e.g., 96, 97, 98).  

We note that our finding directly contradicts the growing body of literature that 

suggests that forest conservation can decrease disease burden (71-76). This literature 

often cite the study of Vittor et al. (38, 40) conducted in the Peruvian Amazon, as an 

example of how deforested areas favor the main malaria vector, Anopheles darlingi. 

However, similar entomological studies in the Brazilian Amazon region suggest the 
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opposite pattern for the same vector species (31, 67, 99, 100), strongly supporting our 

results. This conflicting evidence might be due to distinct LULC patterns in these 

regions. In the Peruvian Amazon, swidden-fallow agriculture is the primary driver of 

deforestation and, as a result, deforested areas are often covered by shrubs and 

secondary vegetation growth (38, 40), whereas in the Brazilian Amazon, forests tend to 

be substituted by pasture and soy plantations (101).  

Malaria occurring in urban areas is often attributed to poor housing and 

drainage conditions of slums (e.g., 102, 103). Furthermore, because slums are often 

located at the periphery of cities and thus closer to forests, this may give rise to a 

spurious association between forests and malaria incidence.  We believe this hypothesis 

does not explain the malaria patterns we find in the Brazilian Amazon for several 

reasons. First, slums are rare in Brazilian Amazon cities because these cities are typically 

very small (i.e., as mentioned earlier, the median population size is 14,000) whereas 

slums tend to occur in bigger cities where a growing population in limited space gives 

origin to dense housing, often in hazardous sites. Using the Brazilian government census 

from 2010, we find that only 12% of the cities in our analysis had slums and that our 

results in Figure 10 do not change substantially after we exclude the cities with slums 

(data not shown). Second, the slum effect hypothesis predicts higher malaria incidence 

in bigger and poorer cities, contrary to the results depicted in Figure 10 and Figure 25 in 

Appendix II. Finally, even after taking into account gender imbalances in the population 
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of each city, we find that the average number of malaria cases per month per person 

tends to be higher in men than in women, a phenomenon that occurred in 96% of the 

cities in our dataset. This gender difference in malaria incidence agrees with our 

hypothesis that forest related activities in the surrounding areas, mostly conducted by 

men, are the cause of higher malaria rates rather than housing conditions.  

Unfortunately, policies that have large effect on LULC in the region (e.g., road 

opening/paving, creation of rural settlement areas, and the establishment of protected 

areas) are traditionally perceived to lie in the realm of the Ministries of Environment, 

Infra-structure, Agriculture, and/or Energy, while the Ministry of Health typically 

focuses on the delivery of health services (7). Similarly, global efforts are typically 

compartmentalized into conservation (e.g., REDD+) and public health (e.g., Roll Back 

Malaria and GFATM) initiatives. Few studies identify, or discuss how to address, trade-

offs between these global efforts and governmental policies, probably because of the 

interdisciplinary nature of these trade-offs and the associated ethical issues. For instance, 

how can one reconcile potential conflicts between the Millenium Development Goals 

(e.g., goal of combating malaria and the goal of ensuring environmental sustainability)? 

Although we do not have an answer to this question, acknowledging that these tradeoffs 

exist is a critical first step towards finding a solution. 

Current research and resulting policy recommendations regarding LULC in the 

Amazon ignore potential public health impacts. The most frequent policy action to 
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decrease deforestation rates is to create protected areas (104-106). Several studies 

suggest, however, that many of these protected areas are established in areas with small 

deforestation risk  (105, 107), effectively averting few of the impacts of deforestation. 

These observations have resulted in recommendations to place these parks in areas more 

prone to deforestation (59, 107, 108), which often imply areas with larger human 

populations, disregarding the potential for increased malaria morbidity for the local 

population. Similarly, research acknowledging the negative effects of conservation 

efforts typically emphasize restrictions on agricultural development rather than the 

detrimental impact on public health (106, 109, 110). 

One possible interpretation of our findings is that we are promoting 

deforestation. This is not the case. For instance, large-scale settlement projects in heavily 

forested areas have resulted in substantial deforestation and major malaria outbreaks in 

the past (8). Here we argue that deforestation has both negative and positive effects in 

places where people are already settled, and that the knowledge of these effects is 

essential for proper LULC and public health planning, particularly in light of the recent 

ambitious REDD+ targets set by the Brazilian government and four of the Brazilian 

Amazon states (59). If conservation efforts (e.g., REDD+) are to avoid this rapid land 

cover change and its associated adverse effects on several regional-global environmental 

services (e.g., atmospheric carbon emission, climate and biodiversity), these 

conservation efforts should, at a minimum, include proper malaria mitigation strategies 
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(e.g., creation of more malaria detection and treatment outposts, distribution of long-

lasting insecticidal bed nets, indoor residual spraying) to alleviate their local detrimental 

effects. Similarly, opportunity costs of reduced carbon emissions through conservation 

initiatives should take into account their local impact on malaria burden. 

Our study has five important limitations. First, we do not take into account 

potential differences between cities in terms of main malaria vector species, vector 

ecology and infection efficiency. However, it is well known that collection of 

entomological data is extremely laborious (111) and therefore logistically impossible to 

collect over the same geographical scale as our malaria data. Yet, finding the same 

overall result over such a vast area by using a separate regression for each city 

(Appendix II, model results in Table 13) gives us confidence that our results are robust 

to these potential city-to-city differences. Second, in the absence of spatial coordinates of 

the individual health facilities, we rely on data from urban health facilities aggregated at 

the city level. Yet, we note that even if individual level data had been available, we 

would still not have been able to consider many individual-level factors that are known 

to be important for malaria risk (e.g., mobility, socio-economic status, housing 

conditions, and occupation) because only a few basic demographic characteristics, such 

as age and gender, are routinely collected by the malaria surveillance system.  

Third, in the absence of detailed information for a more accurate modeling of 

catchment area (e.g., network of unofficial roads (112), origin and mode of 
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transportation of patients, treatment seeking behavior), we relied on relatively arbitrary 

radii to delimit the catchment area. Fortunately, our results were robust to changes in 

these radii. We emphasize that these three limitations are typical limitations of studies 

conducted over large geographical scales (e.g., the area of a single Brazilian Amazon 

state, Para, is equivalent to the combined area of France and Spain), illustrating the 

inherent tradeoff between local detail-rich studies, whose results may or may not be 

generalizable to a wider region, and large-scale detail-poor studies, which reveal broad 

scale relationships while ignoring many of the local complexities in malaria 

transmission. Importantly, while site-specific studies have been critical in shaping our 

knowledge regarding malaria in the region, they may be ill-suited to evaluate the effect 

of land clearing versus forest cover because these covariates are often spatially 

correlated at this scale (i.e., land clearing often occurs in areas with high forest cover). 

On the other hand, over a large spatial scale, land clearing and forest cover are not 

highly correlated, allowing us to separately evaluate their effects.  

The fourth limitation of our study is that, to avoid spatial extrapolation, our 

future scenario analysis only considers what would happen to malaria incidence in areas 

close to where humans are already settled (i.e., the vicinity of urban areas). In these 

areas, we assume that forests will give place to low intensity cattle ranching and 

soybean plantations (113, 114), thus increasing the distance between people and forest 

fringes. On the other hand, had we considered new human settlements (e.g., due to 
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human migration to new agricultural frontiers), the BAU scenario might have indicated 

an initial higher malaria incidence due to an initial decrease in distance to forest fringes. 

Finally, as with any simulation study, our simulation results critically depend on the 

implicit assumption that everything else (e.g., age distribution, migratory patterns, 

patterns of natural resource extraction, climate, etc.) remains constant. 

The clear pattern in the data (Figure 10 and Figure 11), the consistency of our 

findings using alternative model specifications, and the evidence from detailed 

entomological and epidemiological studies in the region (8, 31, 65-67, 99, 100), suggest 

that the association between forest cover and malaria incidence we found is not 

spurious. Indeed, vegetation management has long been an important strategy to reduce 

the incidence of malaria (77). Here we a) show that the effect of forest cover substantially 

outweighs the effect of deforestation rate (the often cited culprit for malaria in the 

region) and other climatic variables with a malaria dataset spanning an unprecedented 

geographical scale; and b) discuss the large-scale multi-sector (i.e., public health, 

development, and conservation) implications of these findings. Our results suggest 

caution regarding the widespread assumption that pristine ecosystems will always have 

beneficial effects for human health (e.g., 71, 72-76, 115-117). We believe there are 

undoubtedly numerous ecosystem services from pristine environments; however, 

ecosystem disservices also exist and need to be acknowledged. Coordinated actions 

from apparently disparate science fields (e.g., epidemiologists and environmental 
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scientists), government ministries (e.g., Ministry of Health and Ministry of 

Environment), and the ongoing multi-million dollar conservation and public health 

efforts in the region, will be required to decrease malaria toll in the region while 

preserving these important ecosystems. 

 

2.5 Citation 

This article has been accepted for publication and should be cited as “Valle, D.; 

Clark, J. 2013. Conservation Efforts May Increase Malaria Burden in the Brazilian 

Amazon. PLoS ONE 8(3): e57519” 
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Chapter 3. Abundance of water bodies is critical to guide 
larva control interventions and predict disease risk 

Studies on mosquito breeding sites typically survey water bodies to determine 

larva presence or abundance. Then, measures of association are estimated (e.g., 

regression coefficients, correlation coefficients, analysis of variance, or t-tests) and used 

to identify important predictors of larva presence or abundance, with the goal of 

guiding larva control interventions and predicting disease risk. Entomological studies 

that follow this generic recipe have been repeatedly conducted across the world for a 

number of mosquito-borne diseases (a small sample of these studies is given in Table 6). 

While these measures of association are important to characterize larval habitat, here we 

contend that these measures may not be enough to guide larva control initiatives and 

determine disease risk.  

 

Table 6: Sample of studies on mosquito breeding habitat. 

Vector Disease Country Source 

Anopheles gambiae malaria Kenya (118) 

Anopheles sp. malaria Kenya (119) 

Culex filariasis and arboviruses Kenya (120) 

Anopheles sp. malaria Kenya (121) 

Anopheles sp. malaria Ethiopia (122) 

A. gambiae malaria Ghana (123) 

Anopheles sp. malaria Tanzania (124) 

Anopheles sp. malaria Côte d’Ivoire (125) 

Anopheles darlingi malaria Peru (38) 

Anopheles sinensis malaria China (126) 

Aedes sp. / Anopheles sp. dengue / malaria Thailand (127) 
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Aedes aegypti yellow fever / dengue  Argentina (128) 

 

Our contention is based on the same arguments as those that motivated the 

creation of the population attributable fraction (PAF) concept. In the case of PAF, it has 

been argued that measures of association do not take into account the prevalence of the 

different risk factors. Thus, a particular risk factor might be statistically significant but 

have small public health relevance if very few people have that risk factor (129). 

Similarly, everything else being equal, the risk factors associated with a productive 

larval habitat (defined here as a water body that typically has larvae or in which larvae 

are abundant) might not be relevant if water bodies with those risk factors are rare in the 

overall landscape. As an over-simplified example, say we have 100 water bodies within 

the same distance from a village. One water body has characteristics that lead us to 

predict it surely has larva while 50 water bodies are predicted to have a 25% chance of 

having larva. It is often easier and also more effective to identify and treat these 50 water 

bodies than to keep searching for the one water body which certainly has larva. 

Determining the relative abundance of water bodies is also critical when 

predicting disease risk. The key to understand this statement is the fact that researchers 

typically perform their analysis given that a water body was sampled. Thus, if we want 

to understand disease risk, we also have to know how the abundance of water bodies 

changes with the different covariates. In statistical terms, the typical analysis makes 

inference on the conditional probability ( | )p L W , where L denotes the presence (or 
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abundance) of larva and W denotes the event that a water body was sampled. On the 

other hand, to understand disease risk we need to make inference on the marginal 

probability ( )p L . 

To illustrate, consider another simplified example, summarized in Table 7. We 

are interested in the risk of malaria infection for a person living in a forested site versus 

living in a deforested site. Thus, we sample water bodies in both sites using the same 

number of transects, all of equal length. In scenario 1, these transects yield 30 water 

bodies (8 of which had larva) in the forested sites and 10 water bodies (8 of which had 

larva) in the deforested site. As a result, the proportion of water bodies with larva in the 

forested site is 8 / 30 0.27forp = ≈
)

 while for the deforested site it is 8 /10 0.8defp = =
)

. 

Based on these probabilities, a logistic regression would indicate that forest cover is 

negatively associated with presence of the malaria vector larva. Armed with these 

results, a researcher might conclude that people living at forested sites have a lower 

infection risk. This conclusion is incorrect, since both sites have the same number (i.e., 8) 

of water bodies with larva per area. If these sites give rise to a similar number of larvae 

and adult mosquitoes, and if these mosquitoes have the same degree of contact with the 

host, then infection risk should be similar. Alternatively, scenario 2 assumes that these 

transects yield 30 water bodies (15 of which had larva) in the forested sites and 10 water 

bodies (5 of which had larva) in the deforested sites. In this case, the proportion of water 

bodies with larva would be identical in both sites 1/ 2or ff dep p= =
) )

 and a logistic 
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regression would fail to find significant differences between sites. With these results, the 

researcher would conclude that there is no difference in malaria risk for people living in 

the forested versus deforested sites. Again, this conclusion is incorrect because the 

forested site has three times more water bodies with larva per area when compared to 

the deforested site, probably resulting in a higher number of adult mosquitoes and 

higher malaria risk in the forested site. In Appendix III, we provide simulation results 

involving logistic and Poisson regressions, for larva absence/presence data and for larva 

abundance data, respectively. 

 

Table 7: Description of outcomes for scenarios 1 and 2. 

 

This example is clearly over-simplistic for at least three reasons. First, the size 

and biochemical composition of water bodies, for instance, may also be considerably 

different among these sites, leading to higher mosquito productivity in one site versus 

the other. Second, it might be more difficult to detect water bodies in forested sites than 

in deforested sites. Finally, an important assumption is that a higher number of water 

bodies with larva per area results in a higher density of adult mosquitoes and thus a 

higher disease risk. While this is often a reasonable assumption, there are a number of 

other factors that also need to be taken into account when determining disease risk (e.g., 
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man-biting rate of adult mosquitoes, the proportion of infected mosquitoes [sporozoite 

rates], and distance to where people live). Nevertheless, the example is useful to 

highlight that, given everything else being equal, it is important to identify the 

characteristics of productive larva sites and to take into account the prevalence of water 

bodies with these characteristics.  

To illustrate this problem with real data, we estimated how the proportion of 

water bodies with larva changes with forest cover for Anopheles darlingi, the primary 

malaria vector in the Amazon region, using data from the Peruvian Amazon. Details 

regarding how data were collected are available elsewhere (38). We fitted a binomial 

model (model details are given in Appendix III), which revealed that the probability of a 

water body having A. darlingi larvae decreases with forest cover (upper panel in Figure 

14). However, depending on the relationship between the number of water bodies per 

transect and forest cover (middle panels in Figure 14), the relationship between the 

number of water bodies with larva per transect and forest cover can vary substantially 

and even reverse sign (lower panels in Figure 14). 
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Figure 14: The number of water bodies with larva per transect (lower panels) is 

influenced by the relationship between the proportion of water bodies with larva and 

forest area (upper panel) and the relationship between number of water bodies per 

transect and forest area (middle panels).  

Solid and dashed lines are median and 95% credible intervals, respectively. 

 

We believe it is critical for researchers to carefully consider how the outcome of 

their analysis will inform policy actions. The typical regression analysis assumes water 

bodies to be the sampling unit, thus yielding results per water body. On the other hand, 

if the researcher is primarily interested in infection risk, it is likely that the response 

variable more closely associated with infection risk is in areal unit (e.g., number of larva 

per transect or number of water bodies with larva per transect). In other words, there is 

a mismatch between the analyzed outcome and the outcome more relevant for public 

policy. To avoid this mismatch, we propose two alternatives. First, one can directly 
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model the number of larva per transect (or number of water bodies with larva per 

transect) as a function of transect-level covariates, assuming that the sampling unit is the 

transect. Alternatively, one can predict the number of water bodies per transect to then 

predict the mean larva abundance (or larva presence) of these water bodies (as in Figure 

14). Both approaches could be also used for fixed-area plots or houses (e.g., for vectors 

found in peridomiciliar areas, such as Aedes aegypti; 130). In either modeling approach, 

the sampling design for water bodies is critical and merits careful consideration. 

Unfortunately, most studies provide detailed description of how larvae were sampled 

within water bodies but not how water bodies themselves were sampled (e.g., 122). It 

remains an important research area to determine how water body abundance changes as 

a function of landscape characteristics. 

An important problem in using the individual transects as sampling units is that 

water bodies may be very heterogeneous within a transect. To some extent, this can be 

circumvented by having shorter transects but there is an inherent trade-off between 

transect length and data collection effort (i.e., it is harder to create 10 transects of 100 m 

than a single transect of 1,000 m). This same trade-off exists for plots as well. We also 

note that, in some cases, the notion of discrete water bodies does not make sense. For 

instance, a researcher might be interested in determining larval productivity of different 

types of wetlands or rivers. Yet, we still believe that it is not enough to determine the 

productivity of these potential larva habitats to be able to infer malaria risk; one must 



 

64 

know the proportion of the area covered by these different habitats as well. We 

emphasize that using water bodies as the sampling unit in statistical analysis is perfectly 

valid to characterize larval habitat. However, researchers should be careful when using 

the derived measures of association to identify larval control strategies and predict 

disease risk. While dengue researchers have long recognized the importance of 

accounting for the abundance of water containers (e.g., 131), we believe that 

entomological researchers focused on other diseases are largely unaware of the issues 

we raise. Finally, although we have focused on mosquito larva habitat, our results are 

likely to apply to other types of disease vectors that also rely on water bodies.
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Chapter 4. Revisiting the relationship between land 
cover and malaria in the Peruvian Amazon: the 
importance of integrating data on multiple vector 
species, mosquito life stages, and malaria prevalence 

 

4.1 Introduction 

It has been widely acknowledged that the environment strongly influences 

disease vectors and thus vector-transmitted diseases (3). In particular, the influence of 

land use / land cover changes on malaria in the Amazon region has attracted 

considerable attention because this region concentrates most of the malaria cases in the 

Americas (7, 60-62) as well as large fraction of worldwide tropical deforestation (57). In 

2001, a landmark study was conducted in the Peruvian Amazon to examine how larva 

breeding habitat and mosquito biting rate are influenced by land use (38, 40). Based on 

A. darlingi data, this study concluded that deforestation increases malaria risk and since 

then it has been widely cited as an example of a win-win situation for conservation and 

public health (e.g., 72, 73, 75). Other entomological and epidemiological studies, 

however, have suggested that malaria risk is actually higher in forest fringes but not in 

highly deforested landscapes (8, 31, 65-67). For instance, a recent analysis of a large 

malaria incidence data from the Brazilian Amazon revealed that the long-term effect of 

deforestation is to increase the distance to forest fringes, leading to lower malaria risk 

(132).  
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Here we revisit the original dataset from the Peruvian Amazon with the goal of 

illuminating the causes of this controversy. We build upon the original manuscripts in 

two aspects. First, we examine multiple malaria vector species simultaneously rather 

than just A. darlingi. This is important because, despite the frequent focus on A. darlingi 

as the primary malaria vector (38, 40, 133), several other anopheline species have been 

shown to be competent vectors, such as A. oswaldoi, A. nuneztovari, A. rangeli, A. 

benarrochi, and A. triannulatus (133-136). As a consequence, inference on malaria risk 

based solely on data from A. darlingi might not necessarily be valid. Second, we integrate 

mosquito data with malaria prevalence data. Higher malaria vector abundance might 

suggest, but does not necessarily imply, higher malaria risk in certain areas (e.g., 

paddies paradox; 137).  

4.2 Methods 

4.2.1 Data 

This study was conducted along the Iquitos-Nauta road in the Peruvian Amazon 

between 2000 and 2001. A detailed description of the area (e.g., environmental 

conditions, land use, road construction, deforestation patterns, and settlement history) 

can be found in Marki et al. (138).  

The mosquito data contained information on larva abundance and mosquito 

biting rate. Larval anophelines were collected once every three weeks between March 

and September 2001 from water bodies along multiple transects. On total, ~3,000 water 
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bodies were examined, from which 1,394 contained larvae from one or more anopheline 

species. Details regarding the larval collection methodology can be found in (38, 139). 

Adult anophelines were captured between 18:00 and 24:00 using human bait. This was 

done once every three weeks between August 2000 and August 2001 over 56 sites, 

resulting in the collection of ~11,500 anopheline mosquitoes. An important aspect 

regarding data collection is that areas close to rivers were explicitly avoided by 

reasoning that vector ecology in these places would be substantially different from 

vector ecology in tierra firme. More information regarding the adult collection 

methodology can be found in (40, 139). Throughout this article, we abbreviate species 

names as A. darlingi (dar), A. nuneztovari (nun), A. triannulatus (tri), A. benarrochi (ben), A. 

oswaldoi (osw), and A. rangeli (ran) in our figures. 

Malaria prevalence data come from a cross-sectional survey conducted between 

July and August 2001. A total of ~2,800 individuals distributed across 18 villages had 

their blood sampled, regardless of symptoms, and approximately 97% of the microscopy 

slides were examined more than once to confirm diagnosis. Basic demographic 

information as well as data on behaviors that might be relevant for malaria infection 

were also collected. Overall, 115 (3.7%) individuals were detected to have malaria by at 

least one microscopist. Additional details regarding malaria data collection are available 

in (139). 
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4.2.2 Regression models 

Our approach to analyze larva, mosquito biting rate, and malaria prevalence 

data was to create multiple Bayesian regression models. We start by creating a model to 

predict the abundance of water bodies with larva for each species. Using predictions 

from this model as an additional covariate, the second model focused on the mosquito 

biting rate from the same species. Finally, using predictions of mosquito biting rate as 

covariates, we determine the factors that influence malaria prevalence. We created 

customized models to properly accommodate data idiosyncrasies, such as zero-inflation 

and over-dispersion. Customization also allows us to generate more parsimonious 

predictive models, achieved by using multiple shrinkage priors on the slope parameters 

and a reversible jump algorithm. Each of these models was fitted using a Gibbs sampler 

and Metropolis-within-Gibbs steps whenever full conditional distribution where not 

available in closed form. Algorithm convergence was assessed using trace-plots and 

model fit was evaluated by comparing data to the corresponding predictive 

distributions. For brevity, we provide a description of the likelihood here but we leave 

the description of our priors and model fit to Appendix IV. In all these models, posterior 

slope estimates β  for which 0), (m 0)) 0.in ( 025( p pβ β< > < were deemed statistically 

significant. 
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4.2.2.1 Larva model 

Let the number of water bodies with larva of the s-th species in the j-th transect 

at time t be denoted by sjtL . For the two most abundant species, we model sjtL  using a 

zero inflated binomial model. In other words, we assume: 

)| , ~ ((1 ,0 | )sjt s sjt s s jt sjtL Binomial Wp pω ω ω+ − if 0sjtL =  

| , ~ (1 ) ( | ),sjt s sjt s sjt jt sjtBinoL mial L Wp pω ω− if 0sjtL >  

where sω is the zero-inflation probability, jtW is the number of water bodies, and sjtp  is 

the success probability of the binomial distribution. For the remaining less abundant 

species, we employ a regular binomial model by assuming that 0sω =  because a 

preliminary analysis revealed identifiability problems regarding sω . Finally, we assume 

that 1 1logit( ) T
sjt s jt sp α= + βx , where jtx is the design vector containing LULC and climate 

covariates, 1sα  and 1sβ  are the species specific intercept and vector of slopes, 

respectively. 

4.2.2.2 Mosquito biting rate model 

Here we adopt a zero-inflated Negative Binomial model, where zeroes are 

interpreted to have two origins: not enough sources of young adults or low adult 

mosquito survival.  Let the zero-inflation probability for location j at time t for species s 

be denoted by 1 sjtθ− . We assume that sjtθ ( onwards referred to simply as the 

probability of young adults) depends solely on the predicted mean number of water 
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bodies with larva from the same species sjtL
%

)

, given by [(1 ])s sjtpE Wω− ×
%

, where W  is 

the average number of water bodies among all 1,000 m transects. This assumption is 

formalized as:  

2 2logit( )sjt s s sjtLθ α β= +
%

)

 

where 2sα  and 2sβ  are species specific intercept and slope, respectively. The mean of the 

predicted number of water bodies with larva was assessed one and two weeks prior to 

the biting rate collection date (i.e., 7t t= −% or 14t t= −% ) to account for the time needed 

for the larva to develop and become an adult mosquito. 

If a particular location and time has young adults from species s, we assume that 

the total number of adult mosquitoes caught sjtA  can be modeled using a Negative 

Binomial regression, where the mean sjtµ  is a function of several environmental 

covariates. The resulting zero-inflated Negative Binomial model can be succinctly 

described as: 

, , ~ (1 ) (0 || , )sjt sjt sjt s sjt sjt sjt sA r N rBθ µ θ θ µ− +  if 0sjtA =   

, , ~ ( , )||sjt sjt sjt s sjt sjt sjt sA r rNB Aθ µ θ µ  if 0sjtA >   

where sr  is the over-dispersion parameter for species s. Given that there are enough 

young adults, mosquito biting rate has mean 3 3( )T
sjt s jt sexpµ α= + x β , where 3sα  and 3sβ  

are the species specific intercept and vector of slopes, respectively. Furthermore, T
jtx  is 

the design vector containing LULC and climate covariates as well as population density. 
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We interpret 3sβ as indicating how adult mosquito survival is influenced by the different 

environmental covariates. 

 A preliminary analysis revealed that these mosquito biting rate data contained a 

few extremely high values for mosquito biting-rate and that these observations strongly 

influenced our slope estimates 3sβ . Two options to avoid this undesirable feature would 

be to collapse these data into presence/absence data or group the data into low, medium, 

and high biting-rates categories. Both of these options are likely to result in substantial 

loss of information. We chose a third alternative, which consisted in censoring the 

observations that were greater than the 99th percentile of biting rate for each species s 

( 99,sq ). We believe this approach avoids having our slope estimates overly influenced by 

a few extreme observations while also avoiding the loss of too much information. To 

account for this censoring, we modify slightly our model: 

 , , ~ (1 ) (0 || , )sjt sjt sjt s sjt sjt sjt sA r N rBθ µ θ θ µ− +  if 0sjtA =   

, , ~ ( , )||sjt sjt sjt s sjt sjt sjt sA r rNB Aθ µ θ µ  if 99,0 sjt sqA <<  

99,

| , , ~ ( | , )
sjt s

sjt sjt sjt s sjt sjt sjt s
A q

A r NB A rθ µ θ µ
∞

=
∑  if 99,sjt sqA ≥  

 

4.2.2.3 Malaria prevalence 

We summarize results from the multiple blood smear examinations into a single 

binary outcome per individual (i.e., 0 if all results were negative or 1 if at least one result 
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was positive), which we refer to simply as infection status. The rationale for this 

procedure is that false positive microscopy results are typically rare (13, 17, 22, 34); thus 

one or more positive detections provide strong evidence that the person is infected. Let 

this binary outcome for individual i be denoted by iy , which we model using a probit 

regression: 

4~ ( ( ))T
i iy Bernoulli α +Φ 4x β  , 

where ()Φ  is the cumulative distribution function of the standard normal distribution, 

4α  and 4β  are the intercept and vector of slope, respectively, and T
ix is a vector 

containing the covariates for individual i. This design vector includes the predicted 

biting rate of each adult mosquito species ˆ
sjtA , given by ][ sjt sjtE θ µ , together with basic 

demographic information (i.e., age and gender) and bed-net usage information (i.e., time 

entering and leaving the mosquito bed-net as well as total amount of time under the 

bed-net). These covariates entered the model as linear and quadratic terms. Then, using 

the latent state representation of the probit regression (see Appendix IV), we are able to 

perform model selection using the reversible jump algorithm described in Denison et al. 

(140). All parameters used in our regression models are summarized in Table 8. 

 

Table 8: Summary of the data and model parameters 
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4.2.2.4 Covariates 

The land use / land cover (LULC) covariates were based on an unsupervised 

classification of a 2001 Landsat image, resulting in seven classes: clouds, cloud shadow, 

forest, non-forest vegetation, water, impervious area, and deforested area. We calculated 

the proportion of the area covered by each category using four different radii (i.e., 100, 

250, 500, and 1000 meters) from the center of the larva transects and from each adult 

mosquito collection site. A preliminary analysis revealed that the proportion of 

deforested area and forested area were highly correlated within each radius. For this 

reason, we decided to discard the proportion of deforested area. We also calculated the 

distance from each adult mosquito collection site to the nearest pixel in each LULC 

category.  
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Human population density data are based on a census conducted in 2001, where 

we mapped all households and quantified the number of people in each one of them. 

Similar to the LULC covariates, human density was calculated within four radii (100, 

250, 500 and 1000 m) from adult mosquito collection sites and we also assessed the 

distance from each site to the closest house. These LULC and human density covariates 

were divided into five sets (one for each radius and one for the distance based 

covariates) and we chose the covariate set that had the highest out-of-sample predictive 

skill (see validation section below). 

In relation to the climate covariates, we had daily estimates of several quantities 

that could be relevant for vector ecology, such as minimum and maximum air and 

surface temperature, soil moisture, solar radiation, precipitation, and simulated root 

zone degree of saturation. A short description of how these covariates were estimated is 

given in Appendix IV. Because the immediate past of these covariates is likely to be 

more important than these covariates on the day of data collection, we calculated a five-

day average (based on five-days prior to data collection) for each climate covariate. Our 

preliminary analysis revealed a high degree of correlation among some of these climate 

covariates (e.g., air and surface temperatures, maximum temperature and solar 

radiation, root zone degree of saturation and soil moisture), so we decided to retain just 

minimum and maximum temperatures, precipitation and soil moisture. Because pixel 

size for these climate covariates was large relative to that of the LULC classification (i.e., 
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≥ 1,000 versus 30 m, respectively), we did not assess how these covariates changed with 

different radii. All covariates were standardized to have a mean of zero and a standard 

deviation of one. 

 

4.2.2.5 Validation 

For the biting rate model, we fitted ten distinct models (one model for each 

combination of the five covariate sets and two larva time lags). On the other hand, 

because larva transects were up to 1,000 m in length, we reasoned that using distance 

based covariates or covariates assessed within a radii smaller than 500 m to the center of 

the transect would not be appropriate. Therefore, for the larva model, we just fitted two 

distinct models (i.e., with LULC covariates assessed within a radius of 500 m and 1,000 

m).  

We performed a simple validation exercise to determine the out-of-sample 

predictive skill of these ten biting-rate models and two larva models. We fitted each 

model to randomly chosen 90% of the data and evaluated its predictive ability on the 

remaining 10% of the data. We chose the biting-rate model and the larva model that had 

the best predictive performance, based on their mean-squared-error (MSE). 
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4.3 Results 

4.3.1 Parameter estimates and individual climate and LULC effects 

The larva model with the 500 m radius covariates had a better out-of-sample 

predictive ability (smaller MSE) when compared to the model with covariates assessed 

within a 1,000 m radius (data not shown). Thus, from here onwards, we just report 

results from the 500 m model. The larva model revealed that breeding habitat 

productivity for all mosquito species tended to be influenced in a similar fashion by 

climate and LULC variables (Figure 15). Higher forest and NFV area tended to decrease 

the probability of finding larva for most species whereas proximity to areas with very 

large water bodies (as detected by remote sensing) tended to increase this probability. 

The negative effect of minimum and maximum temperatures suggests that larva 

mortality is increased and/or there is less overall mosquito breeding habitat as 

temperatures increase. The effect of soil moisture was surprising. Because this covariate 

takes into account shading, the negative relationship between soil moisture and 

probability of finding larva might be indicating that shaded water bodies tend to have 

lower probability of having larva, thus agreeing with the signs of the forest and NFV 

area slopes. Finally, impervious soil cover was only significant for A. oswaldoi. 
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Figure 15: Posterior distribution of slope parameters, stratified by covariate 

and mosquito species, for the larva model.  

Red (black) boxes indicate slopes that are (are not) significantly different from zero. A line at zero was added for reference 

(grey line).  

 

It is particularly noteworthy that the effect size of forest and NFV area was often 

greater in magnitude than slope estimates for the remaining covariates. Because 

covariates were standardized, this suggests that forest and NVF area are more important 

predictors of larva presence than the other covariates. It is also interesting that, among 

all these different species, A. darlingi is the species that is most influenced by climate 
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(i.e., probability of finding larva from this species was significantly influenced by three 

of the four climate covariates).  

Slope estimates, however, hide important differences in the abundance of water 

bodies with larva. We find that water bodies with larva from A. triannulatus and A. 

rangeli are far more common than water bodies with larva from other species (Figure 16). 

Furthermore, there is a marked decrease of abundance of water bodies with larva in 

vegetated (with forest or NFV) areas, with substantial change in species composition. 

For instance, A. darlingi comprises a much larger fraction of the overall larva population 

in areas with abundant NFV when compared to areas without NFV.   

 

Figure 16: Abundance of water bodies with larva decreases with forest cover 

(right panel) and NFV cover (left panel). 

Predicted abundance of water bodies with larva of different species as a function of NFV cover (left panel) and forest 

cover (right panel). Error bars are 95% credible intervals of the mean predicted abundance. The values for the x-axis were 

chosen based on the range of the corresponding covariates in the original data. 
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In relation to biting rate, we find that the model with the distance based 

covariates and two week time lag on the predicted number of water bodies with larva 

had a better out-of-sample predictive ability (data not shown). As a consequence, we 

only report results from this model. Our 2sβ slope estimates indicate that the predicted 

number of water bodies with larva in general tended to be positively associated with the 

probability of finding adult mosquitoes of the same species using human bait, as 

expected (Figure 17).  

 

Figure 17: Posterior distribution of slope parameters 2sβ  showing how mean 

predicted number of water bodies with larva sjtL %

)

 affects the probability of young 

adults sjtθ   

Red (black) boxes indicate slopes that are (are not) significantly different from zero. A line at zero was added for reference 

(grey line).  
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Our results also indicate that, given the presence of young adults, mosquito 

biting rate responds little to climate covariates; the main drivers seem to be distance to 

forests and large water bodies (Figure 18). The effect of large water bodies are surprising 

because it reveals an effect that goes beyond breeding habitat, suggesting that these 

large water bodies may play an important role for adult mosquito survival. Finally, 

differently from the other mosquito species (in particular A. triannulatus and A. oswaldoi), 

A. darlingi seem to thrive in more anthropogenic areas, particularly in sites that are 

farther from forests and closer to impervious area.  

 

Figure 18: Posterior distribution of slope parameters 3sβ showing how biting 

rate, given larva habitat suitability, is affected by the different covariates. 
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Red (black) boxes indicate slopes that are (are not) significantly different from zero, respectively. A line at zero was added 

for reference (grey line). 

 

Interestingly, the effect of some of our covariates varied considerably for the 

different mosquito life stages. For instance, forest cover had a negative effect on the 

number of water bodies with larva for all six mosquito species but the biting-rate of A. 

triannulatus and A. oswaldoi, given the presence of young adults, was higher in areas 

closer to forests. These contrasting patterns may indicate different habitat requirements 

for the larva versus the adult mosquito life stages. Our results highlight the challenge of 

inferring how these covariates affect malaria risk; while a particular covariate may 

increase the probability of larva presence, it may also decrease mosquito biting rate (and 

vice-versa). 

We again find that the most abundant anopheline species was A. triannulatus. 

However, contrarily to the patterns in the larva data, the other two most common adult 

mosquito species were A. darlingi and A. oswaldoi while adult mosquitoes from A. rangeli 

were far less abundant than expected (Figure 19). This pattern might be due to the fact 

that observations were restricted to the period from 18:00 to 24:00. We find that overall 

mosquito biting rate significantly decreases with distance to the forest and large water 

bodies. There are also striking changes in species composition; in particular, as distance 

to forest increases and distance to impervious area decreases, A. darlingi becomes 

increasingly the main adult mosquito species biting humans, clearly revealing how A. 

darlingi is well adapted to human modified environments. On the other hand, we find 
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that A. triannulatus is the dominant vector in areas closer to forests and farther from 

impervious areas.  

 

 

Figure 19: Predicted mosquito biting rate as a function of distance to large 

water bodies (left panel), to forest (middle panel), and impervious areas (right panel).  

The limits for the x-axis were chosen based on the range of the corresponding covariates in the original data. Vertical 

dashed lines depict the 95% credible interval of the predicted total number of mosquito bites over all six species. 

 

4.3.2 Spatial patterns 

The analysis of the individual LULC effects can be a bit misleading in that these 

characteristics are not entirely independent throughout the study region.  Thus, we 

integrate these different LULC variables by making spatial predictions. We explicitly 

avoid making predictions on areas close to the river (lower right and upper left corners 

in Figure 20) because data were collected solely in tierra firme. Furthermore, we avoid 

extrapolating too much in covariate space by restricting predictions to areas where all 

the covariates are within the original range in the dataset ±10%.  
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The spatial prediction for A. darlingi clearly reveals how both larva and mosquito 

biting rate tend to concentrate close to roads, particularly in areas with low forest cover 

and high amount of impervious soil (Figure 20). 

 

Figure 20: Spatial prediction A. darlingi in relation to the number of water 

bodies with larva (left panel) and log mosquito biting rate (right panel).  

The network of roads is depicted as thin red lines.  

 

However, a focus solely on A. darlingi ignores the factor that other vectors are far 

more abundant. As noted before, larva from A. triannulatus and A. rangeli are much more 

common than larva from A. darlingi. Although water bodies with larva from these 

species also concentrate around roads, they do not necessarily coincide with the areas 

where A. darlingi larva is abundant (upper panels in Figure 21). Similarly, spatial 

predictions for mosquito biting rate reveal the clear dichotomy between forested areas, 

where A. triannulatus and A. oswaldoi prevail, and anthropogenic areas, where A. darlingi 
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tends to dominate (lower panels in Figure 21). Furthermore, because the entire region is 

largely forested, A. triannulatus is by far the most common vector throughout this 

landscape. Finally, it is particularly striking how larvae from A. triannulatus and A. 

oswaldoi seem to be adapted to anthropogenic influence whereas adult mosquitoes from 

these same species thrive in more pristine areas. 

 

 

Figure 21: Spatial prediction of the log number of water bodies with larva 

(upper panels) and log mosquito biting rate (lower panels) for anopheline species.  

The network of roads is depicted as thin red lines. 

 

4.3.3 Malaria prevalence and mosquito biting rate 

In relation to the malaria prevalence data, we find that the strongest predictor of 

infection status was the biting rate of A. rangeli while, surprisingly, there was no 

indication that the biting rate of A. darlingi was associated with infection risk (Figure 22). 

These results were robust to changing the time lag on predicted mosquito biting rate 

from two weeks to only one week. 
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Figure 22: Predictors of malaria infection.  

Upper panel depicts the probability that the slope parameter 4β  is equal to zero for each covariate (net in: the time that 

the individual enters the net, net out: the time that the individual exits the bed-net, time net: total number of hours the 

individual stays under the bed-net). A line was added at 0.5 for reference (dashed grey line). Lower panels depict the 

predicted relationship between probability of infection and mosquito biting rate for A. darlingi (lower left panel) and A. 

rangeli (lower right panel).  

 

There are three possible interpretations for the results in Figure 22. One 

interpretation is that A. rangeli is the main vector responsible for malaria transmission 

within and in the proximities of these households. This could be the case if its 

abundance is higher than that of A. darlingi where and when observations were not 

made (i.e., observations of mosquito biting-rate were restricted to 18 – 24:00 and were 

made outside houses), a hypothesis strongly supported by the fact that A. rangeli was 

one of the most common larva species. The second hypothesis is that, despite being 

outnumbered by A. darlingi (notice the scale of the x-axis), A. rangeli is a far more 
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competent vectors (i.e., more likely to be infected and transmit the Plasmodium) than A. 

darlingi. We find this explanation to be implausible. Finally, an alternative interpretation 

is that there is a mismatch between our modeled mosquito biting rates, which are based 

on the household locations and a period from 18:00 to 24:00, and the location and time of 

the day that people are more exposed to being infected. If there is such a mismatch, then 

the associations we found might be spurious. For instance, malaria infection may be 

occurring away from where people live, perhaps when individuals engage in activities 

such as farming, logging, fishing, and hunting. In this case, predictions of mosquito 

biting rate based on household locations would be irrelevant. Alternatively, perhaps 

only a fraction of the observation period (i.e., 18-24:00) is relevant for malaria infection. 

Indeed, we find that 99.4% of the individuals in our sample used bed-nets 7 days a week 

and that 85% of the individuals entered their bed-nets at or before 20:00, suggesting that 

infections might be predominantly occurring before 20:00.  

 

4.4 Discussion 

Our study integrates data from two mosquito life stages (larva and adult 

mosquito) from multiple species and malaria prevalence, providing novel insights 

regarding the different pathways through which climate and LULC influence malaria 

prevalence in the Peruvian Amazon. We find striking patterns regarding changes in 

species composition as distance to forests changes, where A. triannulatus is the main 
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vector close to forests whereas A. darlingi is the main vector away from forests. Despite 

these findings, our results do not corroborate the hypothesis that deforestation increases 

malaria risk because, contrarily to the expected pattern, areas that were predicted to 

have higher A. darlingi biting rate did not have higher malaria prevalence.  

Entomological studies can provide important insights regarding the role of 

climate and LULC on malaria risk. However, most entomological studies focus on a 

single mosquito population index (e.g., presence of larva (38, 118, 119, 121-126) or 

mosquito biting rate (31, 40, 149)) which are then assumed to directly influence malaria 

risk. This assumption may or may not be valid. For instance, although higher abundance 

of water bodies with larva increases the probability of finding the adult mosquito, our 

results suggest that areas with high number of water bodies with larva are not 

necessarily the ones with high mosquito biting rate from the same species (e.g., results 

for A. oswaldoi in Figure 21). Similarly, our findings greatly corroborate the earlier 

published results regarding the increase in A. darlingi larva presence and mosquito 

biting rate in deforested sites; yet, the integration of entomological and epidemiological 

data do not suggest that this A. darlingi increase results in enhanced malaria risk. 

Entomological studies also typically focus on one (31, 38, 40) or a small (150, 151) 

subset of mosquito species that are deemed important for malaria transmission. 

However, the use of data from multiple species allowed us to identify important 

similarities and differences regarding how larvae and biting rate from different species 
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respond to LULC and climate covariates. Furthermore, comparing the abundance of the 

different malaria vector species allowed us to put our A. darlingi findings into 

perspective. For instance, while A. darlingi seems to be much more abundant in 

anthropogenic areas, overall mosquito biting rate was actually higher closer to forests 

(Figure 19). Furthermore, only by using data from multiple species were we able to 

detect the striking partitioning of the landscape, with some species (e.g., A. triannulatus 

and A. oswaldoi) being the dominant vector in less anthropogenic areas while other 

species (e.g., A. darlingi) thrived in areas more heavily influenced by humans.  

Malaria prevalence studies (e.g., 22, 65, 141-148), on the other hand, have the 

potential to uncover important predictors of malaria risk but rarely do they inform why 

these predictors are important. For example, one may detect rain to be an important 

malaria risk factor but it might not be clear if precipitation affects the mosquito breeding 

habitat, adult mosquito survival, or even human behavior. Integrating vector and 

disease data is therefore important to generate a better understanding of the causal 

pathways regarding how environmental factors affect malaria incidence. This 

knowledge is critical to guide malaria prevention and control activities, suggesting 

where and when specific malaria prevention and control strategies targeting the larva 

(e.g., larvicide application), the adult mosquito (e.g., indoor residual spraying, and use 

of bed-nets) or humans (e.g., chemotherapy and educational campaigns) will be more 

effective.  
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Considerable controversy has spurred regarding the relationship between 

deforestation and malaria risk. We believe that there are at least three reasons for the 

many conflicting views that have been published regarding this relationship. First, part 

of the difficulty of comparing different studies lies on the different types of land use that 

are generically referred to as deforested sites. For instance, in the Brazilian Amazon, 

forests are often cleared to give way to pasture while in Peru the main deforestation 

driver is swidden-fallow agriculture and deforested areas are often covered by shrubs 

and secondary vegetation growth (38, 40). Unfortunately, Landsat imagery might be too 

coarse to distinguish between these land uses. Second, the scale of deforestation might 

also be important because the relationship between human biting rate and deforestation 

may be non-linear. For instance, the data we use here include very few households that 

live with no vegetation within a 1,000 m radius around their house (less than 0.1% of the 

households have less than 5% vegetation within this radius). On the other hand, data 

from a study that found that A. darlingi depended on forested sites (31) came from a 

much more deforested region, where 30% of the households lived in areas with 5% or 

less vegetation within the same radius. Unfortunately, it is often very hard to encompass 

such a large range of deforestation levels in a single study, requiring either a very large 

spatial scale or a relatively long-term study.  

Finally, several factors can influence malaria transmission beyond mosquito 

biting rate. For instance, the interpretation of our spatial predictions of mosquito biting 
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rate (Figure 21) fundamentally depends on the relative competence of the different 

mosquito species. Similarly, our mosquito biting rate observations are based on the same 

level of exposure (i.e., number of mosquitoes landing on exposed legs between 18 - 

24:00) at the different sites. However, individuals may have different levels of exposure 

depending on their location (e.g., at home or outdoors), the activity they are engaged in, 

and the duration and time of the day at which this happens. For instance, virtually all 

the individuals in our sample consistently slept under bed-nets, potentially having 

lower exposure indoors than when going fishing at night. Understanding where and 

when individuals are being infected is critical to appropriately determine the 

implication of LULC changes for malaria risk, for instance by indicating which mosquito 

species is the main responsible for malaria transmission (i.e., A. triannulatus may be the 

main malaria vector if people are predominantly infected in the forest). This finding 

suggests caution regarding a) using data collected solely in the vicinities of where 

people live to infer the main malaria vector species because of the implicit assumption 

that infection occurs within or close to houses; and b) inference on malaria risk based 

solely on mosquito data, thus ignoring how human behavior may alter the level of 

exposure. Indeed, a recent meta-analysis suggests that the relationship between 

mosquito density and malaria risk is far from simple (152).  

Our study has four important limitations. First, the malaria prevalence data had 

a very low prevalence of infection (as detected by microscopy) (~4%), which precluded 



 

91 

the identification of multiple risk factors. We believe this low infection prevalence might 

be due to the detection method employed; it is widely acknowledged that a more 

sensitive diagnostic method than microscopy (e.g., PCR) is critical in settings where 

parasitemia levels are low and a large pool of individuals with sub-patent malaria 

infections may exist (17). Second, some of the secondary mosquito species might actually 

be species complexes, with the individual species potentially having distinct behavioral 

and habitat characteristics (e.g., A. triannulatus; 153, 154). Third, an important factor that 

we have not considered in our analysis refers to the differential susceptibility to 

infection of the mosquito species  we analyzed (155).  Fourth, although we modeled each 

dataset separately, a better approach would have been to make a more coherent analysis 

by specifying a joint model, this way fully propagating the uncertainty on the individual 

parameters. Unfortunately this approach would have substantially increased the 

complexity of our analysis, particularly in light of the multiple models we have 

evaluated (i.e., for different covariate sets). We believe that developing such a joint 

model remains an important area of research. 

In summary, our study highlights how climate and LULC strongly influence 

larva presence, whereas adult mosquito survival tended to be influenced mostly by 

LULC covariates. We describe striking patterns regarding how species composition of 

mosquito biting rate changes as a function of distance to forest cover, large water bodies, 

and impervious areas. Finally, our results strongly corroborate earlier findings 
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regarding an increase in A. darlingi abundance in deforested sites but we did not find an 

association between this increase in A. darlingi biting rate and malaria prevalence.  We 

believe that this lack of association might be due to a mismatch between the predicted 

mosquito biting rates, which assume that infection from 18:00 to 24:00 outside but close 

to households, and the location and time of the day in which higher exposure to 

infection really occurs. Our article illustrates the novel insights that can be gained 

through the integration of entomological data from multiple species and mosquito life 

stages with malaria prevalence data. 
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Appendix I  

1. Description of covariates 

Whenever linking secondary environmental data to malaria data, it is crucial to 

determine the area surrounding each household that can be reasonably expected to 

influence the observed Plasmodium infection risk (onwards ‘area of influence’). For our 

study, we set the area of influence for each household as a circle with radius of 1,000m 

centered at the household. We chose this radius because if reflects the area where we 

expect people to spend most of their time and because the malaria vector is known to 

have a flight range on this order of magnitude (see review in 66, 77, 156). 

The covariates for infection risk were: 

- gender (binary, women=1 and men=0); 

- chain sawyer (binary, yes=1 and no=0): if works primarily as a chain sawyer; 

- age (in years);  

- education (in years of schooling); 

- time in Acrelandia (in years): Clinical and parasitological immunity is often 

higher with greater past exposure to malaria (e.g., 157, 158). Because people 

in rural land settlements often come from malaria-free regions (22), we added 

the time living in Acrelandia as a proxy for past exposure to malaria; 

- extractivism (binary, yes=1 and no=0): if participates in extractivism activities;  
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- hunt/fish (binary, yes=1 and no=0): if participates in hunting or fishing 

activities;  

- co-inhabits Dm=1 (binary, yes=1 and no=0): if the person being tested shares 

their house with somebody that had a positive microscopy result in the past 

30 days; 

- co-inhabits Dpcr=1 (binary, yes=1 and no=0): if the person being tested shares 

their house with somebody that had a positive PCR result in the past 30 days; 

- water area (surface water area in 2008, in ha): this was estimated by visual 

interpretation of high-spatial resolution imagery (2 x 2m and 8 x 8m pixels 

for panchromatic and multispectral images, respectively), acquired by 

FORMOSAT in 2008. Many of these water bodies can be considered 

permanent landscape features (e.g., natural rivers, ponds created to raise fish 

or provide water to the cattle). Thus, in the absence of high-spatial resolution 

imagery from earlier years, we assumed that these water bodies were 

probably present throughout 2004-2008. 

- forest area (in ha in 2004): the Brazilian Space Agency (INPE) provides yearly 

land cover classification maps for the entire Brazilian Amazon based on a 

semi-automated analysis of Landsat imagery (84). Using these maps, we were 

able to determine forest extent in 2004 within the area of influence of each 

household; 



 

95 

- deforestation rate (in ha yr-1): using data from INPE (described above), we 

determined the yearly deforested area within the area of influence of each 

household;  

- precipitation (monthly average, in mm hour-1): Precipitation data came from 

the Tropical Rainfall Measuring Mission - TRMM (85). We used the ‘3B43 

Monthly 0.25 x 0.25 degree merged TRMM and other sources estimates’ 

product, with a one month time lag. The assumption regarding this time lag 

is that water affects the vector mainly through its breeding habitat. Therefore, 

changes in precipitation should only affect infection risk on the following 

month since this is the minimum necessary time for the larvae to become an 

adult, the adult to be infected and finally the adult to become infectious. 

- drought index (monthly, in mm): this drought index is determined by an 

algorithm that takes into account precipitation and evapotranspiration to 

calculate water deficit. The details of this algorithm are given in Aragao et al. 

(159). Despite its simplicity, this index has been used extensively to 

characterize drought in the region (87, 88, 159). Precipitation data came from 

TRMM (85) and we used a one month time lag with the same rationale as for 

precipitation. 

We also added interaction terms involving precipitation/forest area, water 

deficit/forest area and water area/forest area. All continuous covariates were 
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standardized by subtracting their mean and dividing by their standard deviation. None 

of the covariates listed above were highly correlated (i.e., |r|<0.8) 

 

2. Derivation of the likelihood 

When only microscopy results are available for AACD, the likelihood is: 

0,1 0,1

( ) ( | ) ( ) [ ( | , 1) ( | 1)] ( 1) ( | 0) ( 0)m m m m

I S

p D p D I p I p D S I p S I p I p D I p I
= =

= = = = = + = =∑ ∑
 When microscopy results and symptom statuses are available for AACD, the 

likelihood is: 

0,1

( , ) ( , | ) ( ) ( | , 1) ( | 1) ( 1) ( | 0) ( | 0) ( 0)m m m m

I
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=

= = = = = + = = =∑

 When only PCR results are available for AACD, the likelihood is: 

0,1

( ) ( | ) ( )pcr pcr

I

p D p D I p I
=
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When PCR results and symptom statuses are available for AACD, the likelihood 

is: 

0,1 0,1
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I I

p D S p D S I p I p D I p S I p I
= =
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When PCR and microscopy results are available for AACD, the likelihood is: 

0,1 0,1

( , ) ( , | ) ( ) ( | ) ( | ) ( )pcr m pcr m pcr m

I I

p D D p D D I p I p D I p D I p I
= =
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0,1
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S
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=
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When symptom statuses, PCR and microscopy results are available for AACD, 

the likelihood is: 
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0,1 0,1 0,1
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 When only microscopy results are available for ACD (or PCD, if we substitute 

ACD for PCD in the formulae below), the likelihood is: 

0,1 0,1 0,1
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When microscopy results and symptom statuses are available for ACD (or PCD, 

if we substitute ACD for PCD in the formulae below), the likelihood is: 

0,1 0,1
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I I

p D S ACD p D S I ACD p I ACD p D S I ACD p S I ACD p I ACD
= =

= =∑ ∑

0,1 0,1

( | , ) ( , )
( | , ) ( | ) ( | , ) ( | ) ( | )

( , )
m m

I I

p I S ACD p S ACD
p D S I p I ACD p D S I p I S p S ACD

p I ACD= =

= =∑ ∑
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m
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3. Likelihood formulae 

To avoid clutter in our equations, we denote 
[ ]

, ( )

1
( 1)

1 i h i
i t x

A p I
e φ ϑ− + +

= = =
+

T
i,tβ

, 

, , ( )

1
( 1| 1)

1
i t i tB p S I

e−
= = = =

+
T
i,tγz

, and )0|1( ,, === titi ISpC . For ACD, E and F denote 

)1|( , =tiSACDp  and 
,( | 0)i tp ACD S = , respectively. For PCD, E and F denote 

,( | 1)i tp PCD S =  

and 
,( | 0)i tp PCD S = , respectively. We chose to suppress subscripts but it is understood 

that everything is for a given individual i residing at household h at time t. The 

likelihood formulae using the above notation are given in Table 9 and Table 10. 
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Table 9: Likelihood of each of the possible outcomes in AACD 

 

 

Table 10: Likelihood of each of the possible outcomes in ACD and PCD. 
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4. Full conditional distribution for the parameters sampled via 
a Gibbs sampling step 

The parameters that were updated via a Gibbs sampling step were the variances 

for the individual and household-level random effects. The full conditional distributions 

for these parameters are given below: 
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where iϕ   and [ ]h iϑ   are individual and household random effects, respectively, and 

indN   and hhN  are the total number of individuals and households, respectively. 

5. Description of how data were simulated 

To make a realistic comparison of the different methods, we tried to mimic the 

original dataset as closely as possible. Therefore, we used the same covariate values as in 

the original dataset to simulate the data. To evaluate how reliably each method 

estimated effects of different sizes (as well as no effect at all), we assigned one of the 

following values to the risk factor parameters, both of infection and symptoms given 

infection: -0.5, -0.2, -0.1, 0, 0.1, and 0.2. All the remaining parameters were assigned 

values close to what we had already estimated in previous runs of our model. All these 

parameter values are summarized in Table 11. 
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Table 11: Summary of parameter values adopted for the simulated data. 

 

 

The simulated dataset had approximately the same number of microscopy and 

PCR results for the different sampling designs (AACD, PCD, and ACD) as the original 

dataset (Table 12).  

 

Table 12: Number of microscopy and PCR results for the different sampling 

designs, both from the original and simulated datasets. 
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Appendix II  

1. Comparison of modeling results using different radii for 
the catchment area. 

We evaluated how robust our results were to the definition of catchment area 

by quantifying our covariates and population size iN  using different catchment 

area radii (i.e., 10, 20, and 30 km) and re-fitting our model. We find that the 

parameters that change the most were 0β   (intercept) and 2β  (forest cover effect) 

(Figure 23). However, these changes do not modify our overall conclusions, 

namely that the main determinant of malaria cases is forest cover, deforestation 

rate has a small but positive effect, and precipitation and drought index have a 

small but consistently negative effect. 
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Figure 23: Posterior distribution of the main regression parameters with 

covariates and population size assessed using three different catchment area radii (10, 

20, and 30 km).  

A line at zero (dashed red line) was added for reference. 

 

2. Alternative model formulation. 

The model in the main text was fitted using the pooled data from seven 

Brazilian Amazon states. Another approach is to use city-specific regressions and 

pool information from all these models, essentially exploring the within-city 

(rather than within-city and between-city) variability. The model is specified as 

follows: 

~ (exp ) )(iym iym iPoissonC Nw  

where iN   is the population size within the catchment area, and iymw  is given by: 

2
0 1 , )~ (iym i i iyw XN β β σ+

 

We fitted two models, one where iN  was deforestation rate and one 

where iyX was forest cover. This model specification allows for city specific 

intercepts 0iβ  and slopes 1iβ . We can pool information from these parameters by 

assigning a random effects prior to them. Our priors were: 

2
0 0~ ( , )i Nβ β τ  

2
1 1~ ( , )i Nβ β γ  
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0 1 ~ (, ,0 00)1Nβ β
 

, , ~ )( 0,0 10Unifσ τ γ  

These statistical models revealed that the pooled forest cover slope was positive 

and significantly different from zero, and much larger than the pooled deforestation rate 

slope (Table 13). 

 

Table 13: Summary statistics of the posterior distribution of the pooled forest 

cover effect 1( )forβ
and deforestation rate effect 1( )defβ

 for the alternative model. 

LCI and UCI: lower and upper limit of the 95% credible interval 
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3. Auxiliary figures and tables 

 

Figure 24: Comparison of the data (black line) and the 95% posterior predictive 

interval (red lines) for 20 randomly chosen cities. 

 

Table 14: Convergence statistic R (91) for the regression parameters (intercept 

and slopes for the different covariates) in the main model. 
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Figure 25: Gross domestic product is similar in cities with low and high forest 

cover. 

Data were stratified into 10 percentile population size classes and average gross domestic product (GDP) for each year 

and city was depicted. Within each size class, we compare cities with high (green box-plots) vs. low forest cover (white 

box-plots). Cities with high forest cover are cities that have forest cover higher than the median for that size class. 

‘n.s’,’*’,’**’, and ’***’ are non-significant (p>0.05), significant (0.01 < p < 0.05), very significant (0.001 < p < 0.01) and highly 

significant (p<0.001) difference in means, respectively, based on permutation tests. 
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Appendix III  

1. Simulation results 

Our simulation assumes that we have 25 sites in each area and that these areas 

are either forested or deforested. In each site i (i=1,…,25), we sample water bodies using 

one transect. We further assume that the forested area has an average of 30 water bodies 

per transect ( [ ] 30for for
iE W λ= = ), from which an average 27% have larva ( 0.26forp = ), 

while the deforested area tends to have less water bodies on average per transect 

( ][ 10def def
iE W λ= = ) but a greater proportion of them tend to have larva ( 0.8defp = ). 

Let the number of water bodies with larva per transect for site i be denoted as 

for
iL   and def

iL , for the forested and deforested sites, respectively. In our simulations, we 

assume that: 

| ~ ( )for for for
iW Poissonλ λ   

| ~ ( )dedef
i

f defW Poissonλ λ   

| , ), ~ (for for for for for
i i IL p B m W pinoW   

, ( ,~| )def def def defdef
i i IL p B m W pinoW   

With these assumptions, it is trivial to show that the expected number of water 

bodies with larva per transect is the same for the forested and deforested sites (i.e., 

| ]][ ] [ [ [ ] 8j j j j j j j
i i i iE L E E L W p pE W λ= == = , where j def=  or j for= ). Using data 

generated in this fashion, we can run a binomial regression to show that there is a 
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significant difference between deforested and forested sites on the proportion of water 

bodies with larva, despite the same average number of water bodies with larva per transect. 

Alternatively, we can consider the abundance of larva per transect instead of the 

number of water bodies with larva per transect. We now assume that we have only two 

sites, one forested and the other deforested. We further assume that the forested site has 

an average larva abundance per water body of 3.3 ( 3.3forδ = ) whereas the deforested 

area has a higher average larva abundance per water body ( 10defδ = ). Let the number 

of larvae for water body i be denoted as for
iL   and f

i
deL , for the forested and deforested 

sites, respectively. We now assume that: 

~| )(for for forW Poissonλ λ   

~| )(def def defW Poissonλ λ   

~ (| )for for for
iL Poissonδ δ  for each water body 

~ (| )def def
i

defL Poissonδ δ  for each water body 

Again, the expected number of larva per transect is the same for the forested and 

deforested site (i.e., 
1 1

[ ] [ [ | ]] [ ] 100
j jW W

j j j j j j j
i i

i i

E L E E L W E W δ λ δ
= =

= = = =∑ ∑ , where j=def or 

j=for). Using these data, we can run a Poisson regression to show that there is a 

significant difference between the forested and deforested site in terms of the larva 

abundance per water body, despite the same average larva abundance per transect. 
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We performed 1000 simulations and show that both the binomial and the 

Poisson regressions consistently estimate a statistically significant difference between 

forested and deforested sites (upper panels in Figure 26), despite the fact that these 

datasets were created so that both sites have the same average number of water bodies 

with larva or larva abundance per transect (lower panels in Figure 26). 

 

Figure 26: Regression models detect a significant difference between forested 

and deforested sites (upper panels), despite the same average per transect (lower 

panels). 

Simulation results show that Binomial (left panels) and Poisson (right panels) regressions can indicate a significant 

difference between the forested and deforested sites (upper panels) even if the average number of water bodies with larva 

or larva abundance per transect is the same for both sites (lower panels). 
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2. Description of the binomial model used to fit the A. darlingi 
larva data. 

2.1. Data  

We surveyed larval anophelines in 56 locations (i.e., 14 sites x 4 vegetation types 

within each site). Larvae were collected once every three weeks between March and 

August 2001 (resulting in 8 collections) from water bodies found along multiple 

transects. Further details regarding the larval collection methodology can be found in 

(38, 139). 

Larva abundance data greatly depends on methodological details (e.g., where 

and how samples were taken as well as how many larvae died before being identified), 

resulting in considerable variability. To avoid this variability, we converted these data to 

presence/absence data. Data are summarized for each location j (j=1,…,56) and collection 

t (t=1,…,8) as the number of water bodies with larva jtL   and the total number of 

sampled water bodies jtW .  

2.2. Covariates 

The covariates we used were land use / land cover (LULC) and climate related 

covariates, estimated using remote sensing. The set of LULC variables includes urban, 

water, forest, and non-forest vegetation areas, estimated using an unsupervised 

classification of a 2001 Landsat image within a radius of 1000 m from the center of each 

larva transect.  
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The climate covariates include precipitation and solar radiation at the day of 

collection and average (over the last 5 days prior to the collection date) minimum 

temperature, solar radiation and soil moisture. Solar radiation and minimum daily 

temperature were drawn from the Global Data Assimilation System (GDAS; 160, 0.471 

degree resolution) gridded analysis and were topographically downscaled to 1km 

resolution using standard lapse rate corrections (e.g., 161). Precipitation estimates are 

from the Tropical Rainfall Measurement Mission (TRMM) Multisensor Precipitation 

Analysis (TMPA; 162). The three hourly, 25km gauge corrected estimates were used 

(product 3B42v7). GDAS meteorological fields and TRMM precipitation were applied as 

forcing data to offline simulations with the Noah Land Surface Model v3.2 (163, 164), 

implemented in the NASA Land Information System (165). Noah simulations were used 

to generate estimates of surface and root zone soil moisture every three hours over the 

period of analysis. 

 

2.3. Methods 

We employ a binomial model 

,(| , )~jt jt jt jt jtL Binomial pWW p ,  

where jtp   is assumed to be a function of our covariates 

)logit( jtp α= + T
jtx β  . 
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We adopt vague priors for the intercept α  but multiple shrinkage prior for the 

slope parameters β , which allows for priors to be stronger or weaker depending on the 

magnitude of the slope parameter: 

~ (0,10)Nα  , 

2 2~ (0, )|k k kNβ τ τ ,  

2 | ~ ( )k Exponentialτ λ λ  . 

We chose 2] 1 0 0[ / . 1kE τ λ= =  which implies 100λ = . This assumes that the prior 

on the slope parameter will have approximately an average standard deviation of 0.1.  

This model was fitted using a Gibbs sampler, with Metropolis-within-Gibbs steps 

to sample the full conditionals. On total, 100,000 iterations were run and the first 10,000 

iterations were discarded as burn-in. Convergence was assessed through trace-plots. 

2.4. Results 

The comparison of the posterior predictive distribution and the larva data 

suggests an adequate fit of our model (Figure 27).  
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Figure 27: Comparison of the predicted and observed average number of water 

bodies with Anopheles darlingi larva, for different collections periods (upper panel) 

and locations (lower panel). 

The posterior distribution of the slope parameters suggest that forest area and 

average minimum temperature, solar radiation and soil moisture, significantly influence 

the probability of finding A. darlingi larvae in water bodies (Figure 28). 



 

113 

 

Figure 28: Posterior distribution of slope parameters. 

Red boxes indicate slopes that are significantly different from zero. NFV stands for non-forest vegetation area and Avg. 

denotes average for 5-days prior to the collection date. 
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Appendix IV  

1. Priors for the larva model 

In this model, we assume vague priors for the intercept and zero-inflation 

probability 

1 ~ (0,10)s Nα , 

~ (0,1)s Unifω . 

On the other hand, we impose a multiple shrinkage prior on the slope 

parameters, which allows for priors to be stronger or weaker depending on the 

magnitude of these slope parameter, by assuming that 

~ )( ,N2 2
1s 1 1| T 0 Tβ , 

where 2
1T  is a diagonal matrix with elements 2 2

11 1,...,s Ksτ τ . We originally used a more 

conventional t prior but preliminary analysis revealed that this type of prior imposed 

very little shrinkage. As a result, we decided to adopt an exponential distribution for the 

variance parameter. We chose 2
1[ ] 1/ 0.01ksE τ λ= =  which implies 100λ = . This assumes 

that the prior on the slope parameter will have approximately an average standard 

deviation of 0.1. More succinctly 

2 2
11 1,..., ~ (100)s Ks Exponentialτ τ . 

 



 

115 

2. Priors for the biting rate model 

In this model, we assume vague priors for the zero-inflation intercept and slope 

parameters and the intercept parameter from the mean of the negative binomial 

distribution 

2 2 3, , ~ (0,10)s s s Nβ α α . 

Similar to the larva model, we adopt a multiple shrinkage prior on the slope 

parameters  

33 3 ~ )( ,N2 2
sβ | T 0 T , 

where the diagonal matrix 2
3T  has entries 2 2

31 3,...,s Ksτ τ . Finally, we assign the following 

hyper-prior for these diagonal elements 

2 2
31 3,..., ~ (100)s Ks Exponentialτ τ . 

3. Latent state representation and priors for the probit 
regression used to model malaria prevalence 

A probit regression can be specified as we have done in the main text  

4~ ( ( ))T
i iy Bernoulli α +Φ 4x β . 

Equivalently, one can adopt a latent state representation. To do this, let the latent state 

be given by 

4 4
T

i i iz eα += +βx  ,  

where ~ (0,1)ie N . Then, we assume that 1iy =  if and only if 0iz > . 
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Finally, we assume conjugate priors for the intercept 4α and slope parameters 

4β :  

4
4 4

4

1000 0
( , , ) | , ( | , )

0
p v N v IG v a b

α
α

    
=     

   β I
β 0 .    

 

4. Model fit 

Here we describe how well our larva and biting-rate models fitted the data by 

comparing the posterior predictive distribution to temporal averages. Overall, we find 

that these models adequately represented the uncertainty in our datasets (Figure 29 and 

Figure 30). For instance, we find that our 95% predictive credible intervals for the larva 

and mosquito biting-rate models included the observations 96% and 95% of the times, 

respectively.  

 

Figure 29: Comparison of the temporal trend on larva data (black circles) and 

the posterior predictive distribution (red lines).  
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Each panel shows the results for one of the six anopheline species. 

 

 

Figure 30: Comparison of the temporal trend on mosquito biting rate data 

(black circles) and the posterior predictive distribution (red lines).  

Each panel shows the results for one of the six anopheline species. 

 

5. Description of climate covariates 

Solar radiation and minimum daily temperature were drawn from the Global 

Data Assimilation System (GDAS; 160, 0.471 degree resolution) gridded analysis and were 

topographically downscaled to 1 km resolution using standard lapse rate corrections 

(e.g., 161). Precipitation estimates are from the Tropical Rainfall Measurement Mission 

(TRMM) Multisensor Precipitation Analysis (TMPA; 162). The three hourly, 25 km 

gauge corrected estimates were used (product 3B42v7). GDAS meteorological fields and 

TRMM precipitation were applied as forcing data to offline simulations with the Noah 
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Land Surface Model v3.2 (163, 164), implemented in the NASA Land Information 

System (165). Noah simulations were used to generate estimates of surface and root zone 

soil moisture every three hours over the period of analysis.   
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