Additional file1 : Geostatistical Model formulation 
Let Yij indicate the malaria parasites status in child i at location sj (j=1, …, n).Yi j is assumed to follow a Bernoulli distribution, that is Yij ~Be () , where  corresponds to parasitemia risk. 
[bookmark: OLE_LINK18][bookmark: OLE_LINK19][bookmark: OLE_LINK20]Also let = () T be the vector of predictors observed at location sj..We model the relationship between malaria risk and its potential predictors on the logit () =  +, where  are the regression coefficients. The spatial dependence was taken into account by location-dependent random effect =which were considered to arise from a multivariate normal distribution with mean 0 and variance covariance matrix =, where  is the Euclidean distance between locations sj and sk,  represent the spatial variance known as partial sill and is a smoothing parameter that controls the rate of correlation decay with increasing distance. The range which defines the minimum distance at which spatial correlation between locations is below 5% is calculated by .We provide the estimate of the range parameter in km considering that 1 degree corresponds to 111.12km.
Bayesian variable selection1–5 was used to identify the most important  predictors of parasitemia risk after taking into account the spatial correlation in the data at cluster level. This was done by introducing an indicator variable  suggesting the presence or absence of the corresponding  covariate that is, =     where   measure the effect size of   . We assume a priori equal inclusion probabilities for all variables that is    and a mixture of normal distribution for that is,   )+(0,). The parameter  is a predetermined large variance (i.e. 1000) and  is a small constant that shrinks  towards zero when the covariate is not selected. We also introduce a separate indicator    to select from linear or categorical form of the climatic factors. We assume and  represent the coefficients corresponding to the linear and categorical forms of the j predictor respectively, that is  =+ (1−) with  assuming a Bernoulli distribution. The selected model was fitted assuming a vague normal prior distribution for ,that is N (0,100).

[bookmark: OLE_LINK21][bookmark: OLE_LINK22][bookmark: OLE_LINK3][bookmark: OLE_LINK7][bookmark: OLE_LINK8][bookmark: OLE_LINK23][bookmark: OLE_LINK24]Prior distributions were assigned to   and ,  to complete the model specification. Inverse Gamma distribution was chosen for spatial correlation parameter    that is, p () = Gamma(0.001,0.001). Uniform prior distribution assuming spatial correlation lower than 0.05 as  negligible was chosen for 𝜌, that is p (𝜌 ) = Uniform(-log(0.05)/dmax,-log<(0.05)/dmin) where dmax  and dmin are the maximum and mininum (non-zero) Euclidean distance between the survey locations. To assess sensitivity of the estimates to the prior distributions of the spatial parameters, we re-fitted the models using a more  informative prior distribution  for , that is p () ~ Gamma(2.01,1.01) and the following prior for 𝜌, p (𝜌 ) = Uniform(-log(0.01)/dmax,-log<(0.01)/dmin).The model was fitted in WinBUG1.4 (Imperial College and Medical Research Council London, United Kingdom) using Markov Chain Monte Carlo (MCMC) simulation. Linear predictors were centered to obtain well-behaved correlation structure and reduce the computation time of MCMC algorithm6. The variable selection was carried out only for the environmental/climatic predictors to identify the most important  predictors.  Assessment of predictive performance of models were made by calculating the Mean Absolute Error (MAE) which provides information on model accuracy using the average of absolute distances between observed and predictive posterior distribution values, that is MAE  where k is no of test locations and m is the size of sample drawn from the posterior predictive distribution at the test site. Also  is the j sample of the predicted posterior distribution at the test site and   is the observed prevalence at the test site. 
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