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1. Assembly of Plasmodium falciparum prevalence surveys 

Details of parasite prevalence survey data assembly, cleaning and geo-coding are provided elsewhere [1]. Important national household surveys of malaria infection prevalence included those undertaken in 2007/2008 [2], 198 clusters sampled as part of national scale-up of ITN programme in 2008 [NMCP, unpublished data], 2012 [3], 2015 [4] and 2017 [5]. In addition, national school-based surveys were undertaken in 2014-15 [6] and 2017 [NMCP, unpublished data]. 

5772 surveys undertaken at 4146 unique locations between August 1980 and May 2018 were included in the modelling of infection prevalence. The majority of the surveys were undertaken after 2010 (3464, 60%), Rapid Diagnostic Tests (RDTs) were used to detect malaria infection in 4040 (70%) surveys, microscopy in 1692 surveys (29%) and RDTs confirmed with microscopy in 40 (1%) of surveys. The spatial distribution of the data repository used in subsequent analysis is shown in Fig S1.1.  
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Fig S1.1: Distribution of 5772 malaria prevalence surveys undertaken at 4146 locations between August 1980 and May 2018. Surveys documented malaria prevalence across different age groups and were standardized to the 2 to 10 years age group (PfPR2-10) [1,7]. 

2. Geostatistical analysis 

Model Based Geostatistics (MBG) [8,9] is a likelihood-based approach that allows a prediction of a health outcome of interest using sparsely sampled data. This modelling framework has also been extended to interpolate both the spatial and temporal variation of disease prevalence through the analysis of repeated cross-sectional data [10]

To model changes in PfPR2−10 by borrowing strength of information across time and space, an MBG model was used. In order to avoid estimates of prevalence resulting from misspecified regression relationships, a decision was made not to include covariates during the modelling exercise The inclusion of covariates in geostatistical models was examined by Weiss et al [11] and applied in Malawi and Tanzania [12,13] among others, whereas the specification of covariates was outside the scope of the presented work., following the approach of previous national malaria risk mapping efforts in Somalia [14], Kenya [15] and Malawi [16]. Let x be the location of a surveyed community in year t. Define a spatio-temporal Gaussian process, S(x, t), and unstructured random effects, Z(x, t), to account for the unexplained variation between and within communities, respectively. Conditionally on S(x, t) and Z(x, t), the counts of positive tests for P. falciparum were assumed to follow mutually independent binomial distributions with number of trials N, corresponding to number of sampled individuals, and probability of a positive outcome p(x, t) at location x (n=surveyed locations) and year t (1990 – 2017) given by

               (1)
where mA and MA are the minimum and maximum age among the sampled individuals at a location x and time t. In carrying the spatio-temporal predictions, mA and MA were set to 2 and 10 respectively to standardise to the age group 2-10 years. A stationary and isotropic Gaussian process for the spatio-temporal random effects is assumed S(x, t), with an exponential correlation function given as

                   (2)
where φ and ψ are scale parameters which regulate the rate of decay of the spatial and  temporal  correlation  for  the  increasing  distance  and  time  separation,  respectively;  u  =  ||x − ||  is  the  distance  in  space  between  the  location  of  any  two communities,  one  at  x  and  the  other  at  ;  ν  =  |t − | is  the  time  separation in years between any two surveys.

[bookmark: _gjdgxs]The model parameters were estimated via Monte Carlo maximum likelihood in the R statistical software environment using the PrevMap package [17]. The targets for predictions were PfPR2−10 over the 1×1 km regular grid covering the whole of mainland Tanzania. Maps of malaria risk were generated for every year from1990 to 2017 using ArcMap 10.5 (ESRI Inc., Redlands, CA, USA) (Figure SI 2).
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Fig S1.2: Annual predicted posterior mean community Plasmodium falciparum parasite rate standardized to the age group 2–10 years (PfPR2–10) at 1 × 1 km spatial resolution from 1990 to 2017 ranging from zero (dark blue) to 94% (dark orange in Tanzania. Note all pixels are treated as zero PfPR2-10 if they are represented by a temperature suitability index (TSI) of zero [18], these areas, located at high-altitude, have ambient temperatures that cannot support a period long enough for sporogony in the local dominant vectors and are therefore intrinsically climatically refractory to local malaria transmission.  

3. Model validation

The model was validated using two methods: first by testing evidence against the residual spatio-temporal correlation in the data through the following variogram- based validation algorithm [10]: 1) Generate a point estimate  i.e.  from a non-spatio-temporal model, for each observed location  and time . ; 2) Permute the order of the data, including , while holding  fixed; 3) Compute the empirical semi-variogram for ; 4) Repeat steps (1) and (2) a large number of times, say B; 4) Using the resulting B empirical variograms to generate 95% confidence intervals at each of the pre-defined distance bins. To conclude that there is no evidence against the adopted spatio-temporal model correlation the empirical semi-variogram from the original data must fall within the generated 95% confidence intervals (Fig S1.3). Secondly, validation statistics based on a 10% hold-out dataset (577 survey data points) for correlation against observed and predicted estimates of PfPR2-10, bias and mean absolute error (Fig S1.4).  
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Fig S1.3. The solid line in each panel show the empirical spatial spatio-temporal variogram (ESTV), at four different time lags. The dashed lines represent the 95% confidence intervals generated under the hypothesis that the fitted spatio-temporal covariance function correspond to the true covariance function that generated the data. At any of the four time lags, the ESTV falls within the 95% bandwidth, which is evidence that the adopted covariance function is compatible with the data. 
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Fig S1.4. Scatter plot of the predicted prevalence from the geostatistical model (y-axis) against the empirical prevalence (x-axis). The predictive performance of the model was assessed on a test sample of 577 hold-out data points, resulting in a MAE of 0.7% and a bias of 0.4%.
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