[bookmark: _Toc11083636]1.1: Model formulation 
A geostatistical negative binomial model [1] was fitted to assess the effect of the facility readiness index on malaria mortality adjusted for facility characteristics (type of health facility location and of administrative status). Let  be the number of malaria related deaths reported by health facility  during January – December 2014.    is assumed to follow a negative binomial distribution,  where and is the dispersion parameter of the distribution. We relate the predictors to the mean count   of the malaria mortality outcome reported at facility  via the log-linear regression equation,  +where   is the offset which was considered to be the total number of children hospitalized due to malaria.  are the predictors, that is, the facility readiness index and facility characteristics, and   is the vector of regression coefficients.   are facility location random effects added in the model to account for spatial dependence in the malaria mortality. We assumed a Gaussian process on that is,  where R is a  correlation matrix, defined by an exponential parametric function of the distance   between the locations of facilities i and  i.e. . The parameter  measures the spatial variation and  is a smoothing parameter that controls the rate of correlation decay with increasing distance. The range parameter,  estimates the minimum distance beyond which spatial correlation is negligible.  Non-spatial variation is estimated by the location random effects, which is assumed to be independent and normally distributed with mean 0 and variance   , that is, . Model fit and parameter estimation was performed using Bayesian formulation and Markov Chain Monte Carlo (MCMC) estimation. Model specification was completed by assigning prior distributions to model parameters. An inverse-gamma hyperprior was assigned for the variance , a gamma distribution for the spatial smoothing parameter, and non-informative Gaussian distributions for the regression coefficients with mean 0 and variance 100. Model parameters were estimated using MCMC simulation, running a two-chain algorithm with a burn-in of 10,000 iterations followed by 200,000 iterations. Convergence was formally assessed by the Gelman and Rubin diagnostic [2], implemented in CODA.

[bookmark: _Toc11083637]1.2: Multiple correspondence analysis
Let   denote the number of binary tracer items, N be the number of health facilities and   denote the indicator matrix in which the facilities are displayed as rows and each tracer is represented by the inclusion of two columns , one per category of the tracer   corresponding to its presence  or absence  from the facility. Let  be the matrix ,  and  the vectors of the row and column totals of , respectively, and  the matrix  where   and . A readiness score  corresponding to health facility  and based on the  factorial axis of MCA is defined by  where the weights  are the corresponding column standard coordinates of the  factorial axis, that is, they are elements of the  column of the matrix  where  is the right singular vector of . The factorial score of the first axis is then defined by . The variance explained by the  factorial axis is given by the eigenvalues .

[bookmark: _Toc11083638]1.3 Construction of the composite readiness score
Following the approach proposed by Asselin (2009), for each indicator  we define a discrimination measure  on each factorial axis , =  where  is the absolute frequency of the th category of indicator  [3] The average of the discrimination measures across the  indicators on the  axis corresponds to the total variance explained by the axis, that is, .
For each factorial axis, we split the indicators in two groups, each satisfying the Global First Axis Ordering Consistency condition (FAOC-G) in one of the two axis orientations, i.e. positive  or negative .  We then calculate the total variance explained by each group in the axis, that is,  where  and retain on the axis the group of indicators explaining more variation that a threshold   which is taken to be 50% of the variance explained by the axis, that is, . The groups of indicators retained on the axes, are overlapping and an indicator can be retained on several axes. We remove intersections by selecting the factorial axis with the highest discrimination measure for than indicator among all axes. We define the composite readiness score  where  is the number of factorial axes used in the composite score and  is the Dirac delta function which takes the value 1 when the  indicator is retained on the  factorial axis and 0 otherwise, that is, if  and  if . To improve interpretation of the score we translate the weights so that the absence category  of the  indicator to receive a zero weight and the presence one  to receive a strictly positive representing the gain in the readiness increase measured by the axis  when a facility  acquires the  tracer. Therefore the  in  is replaced by  where  and =.
[bookmark: _Toc11083639][bookmark: _GoBack]1.4: Geostatistical variable selection 
[bookmark: OLE_LINK25][bookmark: OLE_LINK26][bookmark: OLE_LINK36][bookmark: OLE_LINK37]To identify the most important readiness tracer items related to malaria deaths, Bayesian geostatistical variable selection was implemented using stochastic search and adopting a spike and slab prior distributions for the regression coefficients [4]. For every readiness indicator  a Bernoulli variable  was introduced with Bernoulli probability  corresponding to the inclusion of   in the model. For the coefficient , we assume a prior distribution which is mixture of non-informative normal distributions,  where  is the Dirac delta function. Therefore, in case  is included in the model (slab) and an informative normal prior shrinking  to zero (spike) if  is included in the model,  (slab) and in case  is excluded,  where  is a very large number shrinking the variance to zero i.e. spike component of the prior. We have adopted a hyperprior for  and an inverse gamma prior for the variance  with mean 1 and variance 10. 
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