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INLA assumes that behind each geostatistical process  there is an underlying stationary Gaussian random field, or Gaussian Process (GP), which represents the correlated spatial variation [1]. By approximating the GP with a Gaussian Markov random field (GMRF), INLA offers the advantage of working with a sparse precision matrix (due to Markov independence properties), which allows for efficient computations. A GP with Matérn covariance function is a solution to the following linear SPDE [2]:
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where  is a scale parameter controlling the range, i.e. the distance from which there is no more spatial autocorrelation in the data,  is the Laplacian operator,  controls the smoothness of the spatial process,  is the GP for locations , and  represents the Gaussian white noise. 
This SPDE is solved using the finite element method, which tessellates the study area into a set of non-intersecting triangles, i.e. a mesh. The GP is approximated by a set of basis functions that are fitted to the mesh vertices [2]: 
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where  is the value of the basis function centred at mesh vertex , and evaluated at location  and  is the value of the GP at vertex 
In this paper, we used  for the smoothness parameter , i.e. . The range  and the marginal standard deviation  of the GP were assigned Penalized Complexity priors such that: 
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Where  is the maximum distance (in degrees) measured across the study area, i.e. 6.46 for the national models and 4.02 for the KKT models. The remaining model parameters were assigned the default priors of R-INLA: the intercept has a Gaussian prior distribution (, the regression coefficients are assigned a Gaussian prior with zero mean and precision 0.001. For the zero-inflated models (‘zeroinflatedbinomial2’ likelihood),  is assigned a Gaussian prior with mean -1 and precision 0.2. 
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