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Appendix 
Let ijY  be the binary outcome of the parasitological status and ijp  the probability of a 

parasitaemia risk of child j  at location i , ni ,...,1= . We assume that ijY  arises from a 

Bernoulli distribution, )(~ ijij pBeY  and model the associated m  covariates 
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ij ij ijmX X=X  on the logit scale, that is 
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m ),...,( 1 ββ=β  is the vector of regression coefficients and ( )lf ⋅ is a function of the covariates 

which in the case of linearity is defined as ( ; )l ijl l ijl lf X Xβ β= . We introduce at each location 

a random effect (error term) iφ  and assume that 1( ,..., )T

nφ φΦ =  are realisations of an 

underlying Gaussian process, ~ (0, )MVNΦ Σ  with covariance matrix Σ  modelling spatial 

correlation as an exponential function of distance between locations, that is stst R
2

φσ=Σ
 
and 

 

)exp( stst dR ρ−= , where ρ  measures the rate of correlation decline. For the exponential 

correlation function, the minimum distance at which the spatial correlation between locations 

is less than 5% (range of spatial process) is calculated by ρ/3 . To measure the remaining 

non-spatial variation, an additional error term iε  is introduced into the model, drawn from an 

independent Gaussian distribution ),0(~ 2

εσε Ni . The model can thus be written as following: 
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To account for non-linearity in the relation between the logit of parasitaemia risk and 

covariates three models were adopted including covariates (i) in categorical scales (ii) as P-

spline curves and (iii) as B-spline curves. The spline approaches are able to model a smoothed 

curve (between the covariate and the parasitaemia outcome) with high order polynomial 

terms. In particular, P-splines define ( )lf ⋅  as 
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(1) ( )( ,..., )K T

l l ls s=s  is a vector of K  knots such as (1) (2) ( )min( ) ... max( )K

l l l l lX s s s X= < < < = . 

In this paper the knots were chosen to correspond to the quartiles of the respective covariate. 

To obtain a smooth curve avoiding overfitting, ( ; )l ijl lf X β  is penalised according to the data 

[1]. The smoothed cubic B-spline curves define ∑
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To complete Bayesian specification, we assumed for the regression coefficients, 

independent normal prior distributions with mean 0 and variance 100, while for 2σ  and 2τ  

inverse gamma distributions with mean 1 and variance equal to 100. The ρ  parameter was 

considered to arise from a Uniform distribution between 200m and 830km based on the 

maximum and minimum distances of the ZMIS survey locations. Model fit was carried out 

via Gibbs sampling, running with two chains. The model was converged before 800,000 

iterations. Convergence was assessed by inspection of ergodic averages of selected model 

parameters. After convergence, the algorithm was run for another 2500 iterations to collect a 

sample of size 500 (1 sample for every 10 iterations per chain). 
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