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Details of spatio-temporal analyses
Spatial autocorrelation of scrub typhus cases
Correlogram analysis and Moran's I test were performed to test the significance of spatial correlations using the packages spatialEco (Evans, 2015) and spData package (Bivand et al., 2018) for the whole-time range.

Semi-variogram and kriging interpolation of scrub typhus cases
Kriging involves using a fixed number of nearest neighbour points within a fixed radius (De Smith et al., 2015) and relies on semi-variograms that quantify spatial autocorrelation among all pairs of data according to distance (Isaaks & Srivastava, 1989). Semi-variograms were estimated by calculating the squared difference of scrub typhus cases between all pairs of sub-district centroid. Semi-variance values were grouped and averaged according to separation distance (lags). Semi-variogram model and kriging were computed using the packages FRK (Zammit-Mangion 2018) and INLA (Brownrigg et al., 2015). 

Temporal analysis and temporal auto-correlation
We used time-series analysis to study the epidemiology of scrub typhus during the period 2003-2018. Exponential smoothing model was used to assess temporal trends in the overall rates of scrub typhus incidence using ncf implemented in R (Bjornstad ON, 2019). Residual ACF (Autocorrelation Function) was examined to determine the general form of the model to be fitted. Considering the ACF graphs, different ARIMA models were identified for model selection. The series were then decomposed with a moving average taking into account a period of one year (Kendall & Stuart, 1983).
Similarly, we analyzed the temporal variations of rainfall and temperature using the same methodology as above.
We used wavelet analysis which transforms function to decompose a time series to reveal periodic signals at each time point in the series. The wavelet analysis coefficients showed magnitudes of correlation of the scrub typhus cases for each year and period length and were displayed using a power spectrum over the full time series. We used the packages biwavelet (Gouhier et al., 2018) and WaveletComp (Roesch & Schmidbauer, 2015).

Association between rainfall, temperature and scrub typhus cases
We used the above time-series analysis to study the patterns of scrub typhus cases during the study period. Using ACF, we investigated correlation lag and the correlation values at the best lag period (in month) among rainfall, temperature and scrub typhus cases. The function ccf was used to compute the cross-correlation or cross-covariance between univariate series, i.e. rainfall and scrub typhus cases and temperature and scrub typhus cases.

Spatial analysis of the land use
We extracted information from the global land use cover for each sub-district using the packages raster (Hijmans, 2019), rgdal (Bivand et al., 2019), dismo (Hijmans et al., 2017) and rgeos (Bivand & Rundel, 2019). We extracted the size of each land use class and computed the following variables (see Supplementary Document S1 for the classification):
forest cover (%): as the sum of closed broadleaved deciduous forest, and closed needle-leaved evergreen forest, divided by the total area of the sub-district;
forest open cover (%): as the sum of closed to open broadleaved evergreen or semi-deciduous forest, and closed to open mixed broadleaved and needle-leaved forest, and open broadleaved deciduous forest, divided by the total area of the sub-district;
grassland open cover (%): as the sum of closed to open herbaceous vegetation, and closed to open grassland, divided by the total area of the sub-district;
mosaic habitat cover (%): as the sum of mosaic cropland, mosaic grassland, and mosaic vegetation, divided by the total area of the sub-district;
rain-fed cropland cover (%): as rain-fed croplands divided by the total area of the sub-district;
flooded-irrigated land cover (%): as post-flooding or irrigated croplands divided by the total area of the sub-district.

We estimated the complexity and the fragmentation of the land use within each sub-district with two metrics:
habitat complexity (shape.index): using the function  PatchStat of the package SDMTools (van Der Wal et al., 2019), which measures the complexity of the land use and computed as the sum of each patches perimeter divided by the square root of patch area,
habitat fragmentation (frac.dim.index); using the function PatchStat, which reflects shape complexity across a range of spatial scales and computes as the logarithm of patch perimeter (m) divided by the logarithm of patch area.

Association between scrub typhus cases and investigated factors
The distribution of scrub typhus cases per sub-district and per month was investigated using the package fitdistrplus (Delignette-Muller & Dutang, 2015). 
We ran a GLM model on scrub typhus cases and investigated the potential explanatory factors: land use characteristics (habitat complexity, habitat fragmentation), forest cover (%), forest open cover (%), grassland open cover (%), mosaic habitat cover (%), rain-fed land cover (%), flooded-irrigated land cover (%), population size, rainfall and temperature using a negative binomial link function and select the best model using the package MuMi (Bartoń, 2019) and Akaike Information Criteria (AIC) selection procedure. The uncertainty that the ‘‘best’’ model would emerge as superior if different data were used was quantified with Akaike weights wr (Burnham and Anderson, 2002). Potential collinearity were assessed using VIF (Variance Inflating Factor) using the package car (Fox & Weisberg, 2011). Odds ratios were computed using the package oddsratio (Schratz, 2017). Performance of models was assessed by estimating the percentage of deviance explained using maximum likelihood R2.

Association between scrub typhus cases and investigated factors using General Additive Modeling
General Additive Modeling (GAM) is an extension of the generalized linear models with the adaptability for non-normally distributed variables. The model assumes that the response variable, here scrub typhus cases per sub-district per month, is dependent on the univariate smooth-terms of independent variables (Hastie & Tibshirani, 1990). All models were fitted using the MGCV package (Wood, 2017). We used the function gam.check to choose the basis dimension for each predictor according to estimated degrees of freedom value in the main effect. Outputs of GAM models were obtained using the package gratia (Simpson, 2019).
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