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Appendix 1 
Deriving equations used to simulate datasets 
We wanted to test the efficacy of multiple regression and path analysis using datasets that were as 

similar as possible to those of Smith et al. (2009). This meant that our landscape metrics should 

have: 1) the same correlation with the other metrics as was measured by Smith et al. (2009); 2) 

linear relationships; 3) mean values of zero and variances of one (Smith et al. standardised their 

landscape metrics prior to simulating their response variable); 4) a direct effect on the response 

variable (i.e. simulation coefficient) that was equivalent to a direct effect of 2.0, but which produced 

a 'standardised' response variable (i.e. with a mean of zero and a variance of one; see below for the 

rationale for simulating a standardised response variable); and 5) together should explain ~50% of 

the variance in this response variable. At the same time, collinearity among our landscape metrics 

should have the same causal basis as shown in Fig. 2. Here we describe how we derived the 

equations used to simulate datasets that met these conditions. 

 

Simulating landscape metrics 

We generated our landscape metrics with the following equations: 

Amount = N(0,1) 

MPS = 0.76 × Amount + ε 

Edge = 0.90 × Amount + ε 

Hetero = 0.57 × Amount + ε 

where the notation N(0,1) refers to variables whose values were drawn from a normal distribution 

with a mean of zero and variance of one, and ε refers to error terms that were normally distributed 

with a mean of zero and a variance that was selected to give the modelled variable a variance of ~1. 

To determine the value of the variance of each error term necessary to give its corresponding 

modelled variable a variance of ~1, we re-simulated the modelled variable 100,000 times under a 

range of error variances, then used linear regression to fit the variance of the modelled variable as a 

function of the error variance. This produced a regression equation which we could use to calculate 
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the error variance required to give a variance of 1.0 for the modelled variable. Coefficients for each 

equation were equal to the correlations between Amount and the particular metric being simulated, 

as given by Smith et al. (2009). 

 

Simulating a response variable as a function of landscape metrics  

Following the methods of Smith et al. (2009), we used our landscape metrics to generate a response 

variable using the following equation: 

Response = 2.0 × Amount + 2.0 × MPS – 2.0 × Edge + 2.0 × Hetero + ε; 

where ε was an error term that was normally distributed with a mean of zero and a variance that was 

selected so that the predictor variables explained ~50% of the variance in the response variable. As 

above, the value of this error term was selected by using linear regression to model the variance in 

the response variable explained by the predictors as a function of the error variance. We chose this 

50% value to match that used by Smith et al. (2009).  

 

Simulating a standardised version of the response variable 

The coefficients of 2.0 used in our simulations gave rise to a response variable which was not 

standardised. This was not an issue in Smith et al.’s study, which only examined the ability of 

multiple regression to estimate direct effects. However, we also needed to calculate the strength of 

indirect effects, and this required that all variables were measured on the same scale (Grace 2006). 

As a result, we needed to rescale the coefficients and error terms used to generate our response 

variable so that they would produce a response variable that had a mean of zero and a variance of 

one. To do this, we standardised the response variable from our simulated datasets, then used 

multiple regression to model this standardised version of the response variable as a function of our 

four landscape metrics. The partial regression slopes from this model gave us the values of the 

coefficients in our simulation equation that would correspond to the standardised version of the 

response variable. We then used the method described above to calculate the error term necessary to 

keep the variance of the response variable at ~1. This resulted in the following equation, which we 

used to simulate a standardised response variable from our datasets of landscape metrics: 

Response = 0.40 × Amount + 0.40 × MPS – 0.40 × Edge + 0.40 × Hetero + ε 
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Appendix 2 
Testing whether our equations produced realistic combinations of landscape metrics  
Introduction 

We obtained values of our landscape metrics by simulating them from equations, rather than 

measuring them from land cover maps. This approach was crucial for our study, because it allowed 

us to specify the causal basis of collinearity among metrics and so test the performance of different 

statistical methods while accounting for any indirect effects implied by this causal basis. However, 

it is possible that this approach produced combinations of metrics that could never occur in real-

world landscapes. This was unlikely to be the case in two-dimensional space, because the 

coefficients we used in our equations were based on correlations among metrics that were measured 

from the real landscapes of Smith et al. (2009). For example, we specified that 'MPS' should have a 

correlation with 'Amount' of 0.76, making it highly unlikely that we would simulate landscapes that 

had very low forest cover but a very large mean patch size (a biologically unrealistic scenario). 

However, since we simulated four metrics for each landscape, it is possible that we produced 

combinations of metrics that could never occur in four-dimensional space. In this appendix, we 

examine whether our simulations produced realistic four-way combinations of landscape metrics.  

 

Methods  

We used multivariate outlier detection methods to test whether our simulated landscapes contained 

realistic combinations of metrics in four-dimensional space. To do this, we obtained Smith et al.'s 

dataset of 350 landscapes (provided to us by A. C. Smith) that our simulated datasets were 

attempting to replicate. Each landscape in Smith et al.'s dataset contained the same four landscape 

metrics as our simulated datasets, but these metrics were measured from real-world maps of forest 

cover and so by definition occurred in 'realistic' four-way combinations. We added each of our 

simulated landscapes one-by-one to Smith et al.'s dataset, then used the 'pcout' function of the 

'mvoutlier' package in R (Filzmoser and Gschwandtner 2014) to test whether this landscape was a 

potential outlier in four-dimensional space. We also tested whether each of Smith et al.'s real 

landscapes was a potential outlier, to measure the rate at which the pcout function falsely identified 

unrealistic combinations of metrics. Comparing the rates of outlier detection for our simulated 

landscapes with those of the Smith et al. dataset then allowed us to examine how frequently our 

simulated landscapes contained unrealistic combinations of metrics, while also controlling for the 

fact that some of these 'unrealistic' combinations would be false positives. 

It was also possible that our simulated landscapes did not have a higher proportion of 

potential outliers than the landscapes of Smith et al., but that where potential outliers did occur they 
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were of a greater magnitude. We therefore also used the pcout function to calculate the robust 

Mahalanobis distance (the standard measure of the magnitude of an outlier; Filzmoser et al. 2008) 

of all landscapes identified as potential outliers. We then compared the average Mahalanobis 

distances from our simulated landscapes with the average distances from the real landscapes of 

Smith et al., to examine whether the outliers from our simulated landscapes tended to be of greater 

magnitude (i.e. less likely to be 'realisable' in real-world landscapes) than the outliers from real 

landscapes.  

 

Results and conclusion 

Our simulated landscapes were indistinguishable from the real landscapes of Smith et al. in terms of 

both 1) the proportion of landscapes identified as potential outliers, and 2) the average magnitude 

(i.e. Mahalanobis distance) of the potential outliers that did occur (Fig. A1). This suggests that, 

although our landscape metrics were simulated from equations rather than measured from maps of 

land cover, these landscape metrics occurred in combinations that were very similar to the 

combinations measured from real landscapes by Smith et al. (2009). We therefore conclude that our 

combinations of metrics were realistic and realisable in real landscapes. 
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Figure A1. The proportion of landscapes that were potential outliers (A) and the average magnitude 

of these potential outliers (as judged by their Mahalanobis distance) (B) for both our simulated 

landscapes and the real landscapes of Smith et al. (2009). Error bars show binomial and Gaussian 

95% confidence intervals for panel A and panel B, respectively. The difference in scale of these 

confidence intervals between real and simulated landscapes results from the fact that we had a 

sample size of 35000 simulated landscapes (100 datasets each containing 350 simulated landscapes) 

versus a sample size of 350 real landscapes (i.e. a single dataset) measured by Smith et al. 

 


