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Supplementary material



Appendix 1 

A model framework suitable for spatial modelling and mapping is the Generalised Linear 

Geostatistical Model (GLGM) of Diggle et al. (1998). This framework can easily be extended 

to a more generic setting where the linearity assumption is relaxed to form a Generalised 

Additive Geostatistical Model (GAGM) following on from the Generalised Additive Model 

framework (Hastie and Tibshirani 1990). Both model frameworks allow for the key 

relationships to be estimated between the response of interest and the environmental 

covariates, whilst at the same time controlling for additional spatial effects. This is because 

observations close to one another are more likely to be similar than observations far away, 

even after accounting for the environmental covariates in the model.  

Spatial autocorrelation can be accounted for by including a purely spatial term in the model, 

often a spatial random field, which captures any residual spatial variation in the data. This 

ensures that parameter estimates and their associated standard errors are unaffected by any 

residual spatial dependence. It also has the advantage that one can use the estimated spatial 

correlation structure when making predictions, thus maximising the use of information, in an 

approach similar to simple kriging. The underlying model framework of the GAGM 

considered is presented below, where the geostatistical model consists of three parts: 1) a 

linear combination of potentially smoothly varying covariate functions; 2) a spatial random 

field, which we will define as a Stationary Gaussian Process (SGP); and 3) random effects 

representing underlying, potentially non-spatial, error structure.  Mathematically the model 

framework is represented as 

𝐸 𝑌! = 𝑔{𝜂!} 

(A1) 𝜂! =   α + 𝑓𝑗(𝑥𝑗𝑖)
𝑘
𝑗=1 + 𝑺 𝑢𝑖 + 𝐙𝑖𝐛 



where   𝑌 is the response variable, fj are smooth functions (generally cubic regression splines) 

of environmental covariates 𝑥!,   𝑔 is the link function (as with standard GLMs), α is the 

intercept term, Z represents different grouping levels,  b ~ N( 0 , σ ) represents the differing 

variation assigned to each of the groups in Z and S is a Stationary Gaussian Process at 

location 𝑢! with zero mean and covariance structure given by Cov 𝑢,𝑢′ =   𝜎!𝜌( 𝑢 − 𝑢! ).   

	   	  



Appendix 2 

As with all statistical modelling approaches it is more appropriate to start with a model 

consisting of a fixed effects formula dictated by scientific understanding and a simple error 

structure. Then, upon testing residuals and model assumptions, adapt the error structure as 

necessary. In this example we hence started with a simple GAM with land cover and calcium 

carbonate data as predictor variables together with a purely spatial interaction term of latitude 

and longitude to account for large scale spatial effects.  Fitting a spatial trend surface is 

crucial to ensure adequate attribution of the response to the model covariates (Legendre and 

Fortin, 1989). 

Upon examination of the residuals, it was clear that within square variance was not the same 

as the between square variation; hence the assumption of independence in the residuals was 

flawed. We therefore re-fitted the model with a random intercept effect to account for which 

CS 1km square the soil data were obtained from. This allowed for small scale random 

adjustments in the model. The residuals from the re-fitted model did not appear to imply any 

heteroscadacity or any obvious key missing hierarchy in the error structure.  

The residuals were then analysed for any small scale spatial autocorrelation. This was done 

using Moran’s I, which showed no signs of small scale spatial autocorrelation apparent in the 

residuals. As this spatial autocorrelation was assessed on the residuals there was no need to 

include any disconnection when calculating Moran’s I as any differences should have been 

accounted for in the main effects. Previous studies (eg Franklin and Mills, 2003) have shown 

spatial autocorrelation of soil microbial community data is evident at distances of up to 7 

metres. CS squares are separated by a minimum of 15 km and within square observations are 

separated by a minimum of 80 metres with an average separation distance of 558 metres. 

Given this, and the results of Franklin and Mills, the redundancy of fine scale spatial 

autocorrelation in the model is perhaps not surprising.   



We therefore modelled the raw data on soil microbial communities against broad habitat and 

calcium carbonate content using a generalised additive mixed-model based approach. This 

follows the same generic approach as the GAGM without the inclusion of a spatial random 

field. Generalised additive mixed models (Lin and Zhang, 1999) extend the framework of the 

standard GAM by allowing both fixed and random affects to be present in the model. The 

random components can account for unobserved affects that could influence the outcome of 

the response variable and therefore ensure that estimated standard errors are accurate and any 

inference is reliable. Extending the general GAM equation to include random effects gives us 

a model of the following form:   

𝑔(𝐸 𝑌! 𝒙,𝐛 ) =   α + 𝑓𝑗(𝑥𝑗𝑖)
𝑘

𝑗=1
+ 𝐙𝑖𝐛 

where y is the response variable, fj are smooth functions (generally cubic regression splines), 

g is the link function (as with standard GLMs), α is the intercept term, Z represents different 

grouping levels and b ~ N( 0 , σ ) represents the differing variation assigned to each of the 

groups in Z.   

The random components are used here to allow us to account for the fact that any two soil 

cores taken from the same 1km square are more likely to be similar than two cores taken 

from two different squares. The non-linear smooth form allows fitting of an additional 

smoothly varying spatial surface to soak up any residual large scale spatial variation and 

hence captures the spatial structure present in the data that our covariates may not adequately 

explain. This is akin to including time as a covariate in time series modelling – the user is 

effectively de-trending the data. Even in the absence of small scale spatial autocorrelation, 

Legendre and Fortin (1989) emphasised the importance of including this term. Including the 

random effects, additional spatial surface and the habitat and calcium carbonate covariate 

effects, the fitted model is thus represented by 
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where for each observation i  in square s,  smc is the soil microbial community score, βh is the 

estimated value of habitat h associated with observation i, ηc represents the value for calcium 

carbonate category c, ω represents the error (normally distributed) associated specifically 

with square s and σ represents the residual model error also assumed to follow a normal 

distribution. The model was fitted, including the smoothly varying spatial surface using 

tensor product smooth interactions, using the gamm function in the ‘mgcv’ library (Wood, 

2011) in the R statistical environment (R Development Core Team, 2008).  

Had the re-fitted model failed the independence assumptions and the Moran’s I test showed 

evidence for fine scale spatial autocorrelation, then the inclusion of the spatial random field 

term in the model would have been necessary. Practically, the Gaussian Random Field (GRF) 

is often estimated by making the assumption that it is adequately specified by a Markov 

Random Field (MRF) whereby each location only depends on its “neighbours” and is 

conditionally independent of all other locations. The neighbourhood structure of the MRF 

allows the spatial component of the model to be estimated by methods such as Conditional 

Autoregressive Models (CAR) or Simultaneous Autoregressive Models (SAR). Dormann et 

al (2007) provide an overview of methods for accounting for spatial autocorrelation including 

description of CAR and SAR models and how to fit them in practice with clearly referenced 

R packages.   

It is worth noting that both CAR and SAR models can also be estimated in a Bayesian 

framework, where estimated parameters and standard errors are often more reliable than in 

likelihood approximation methods, though with an added computational cost. The advantage 

is the added flexibility that moving to the Bayesian paradigm brings. Specifically in this case 

the possible inclusion of smoothly varying penalised regression splines following the 



approach taken by Crainiceanu et. al. (2005). This provides the full ability to fit the model 

specified in Eqn (A1). This type of model can also be easily fitted using Integrated Nested 

Laplace Approximation (Rue et. al., 2009), where robust parameter estimates can be obtained 

quickly and efficiently. The R package R-Inla (www.r-inla.org) is a user friendly resource for 

fitting the model in Eqn (A1) using this approach.  
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