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Abstract 15 

Collinearity among metrics of habitat loss and habitat fragmentation is typically treated as a 16 

nuisance in landscape ecology, and it is the norm to use statistical approaches that remove 17 

collinear information prior to estimating model parameters. However, collinearity may arise 18 

from causal relationships among landscape metrics, and may therefore signal the occurrence of 19 

indirect effects (where one model predictor influences the response variable by driving changes 20 

in another influential predictor). Here we suggest that, far from being merely a statistical 21 

nuisance, collinearity may be crucial for accurately quantifying the effects of habitat loss versus 22 

habitat fragmentation. We use simulation modelling to create datasets of collinear landscape 23 

metrics in which collinearity arose from causal relationships, then test the ability of two 24 

statistical approaches to estimate the effects of these metrics on a simulated response variable: 25 

(1) multiple regression, which statistically removes collinearity, and was identified in a recent 26 

study as the best approach for estimating the effects of collinear landscape metrics (although 27 

this study did not account for any indirect effects implied by collinearity among metrics); and (2) 28 

path analysis, which accounts for the causal basis of collinearity. In agreement with this previous 29 

study, we found that multiple regression gave unbiased estimates of direct effects (effects not 30 

mediated by other model predictors). However, it gave biased estimates of total (direct + 31 

indirect) effects when indirect effects occurred. In contrast, path analysis reliably identified the 32 

causal basis of collinearity and gave unbiased estimates of direct, indirect, and total effects. We 33 

suggest that effective research on the impacts of habitat loss versus fragmentation will often 34 

require tools that can empirically test whether collinear landscape metrics are causally related, 35 

and if so, account for the indirect effects that these causal relationships imply. Path analysis, but 36 

not multiple regression, provides such a tool. 37 

  38 
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Introduction 39 

Effectively managing the impacts of land use change on ecological systems requires an 40 

understanding of the relative influences of habitat loss versus habitat fragmentation. These 41 

relative effects might dictate whether conservation managers should focus on managing habitat 42 

amount (i.e. preventing habitat loss or creating new habitat) or whether the negative impacts of 43 

habitat loss can be mitigated by managing the spatial arrangement of habitat remnants (Fahrig 44 

1997, Koper et al. 2007, Smith et al. 2009, Villard and Metzger 2014). For example, conversion of 45 

natural areas to human land uses may primarily impact native species not by reducing the 46 

overall amount of habitat in the landscape, but by isolating individuals in small habitat 47 

fragments. If so, the impacts of future habitat loss might be largely mitigated by maintaining 48 

corridors among habitat remnants (Fischer and Lindenmayer 2007). Discriminating these habitat 49 

configuration effects from habitat amount per se is likely to be increasingly important in the face 50 

of a rapidly growing human population, as they potentially provide a means to minimise the 51 

trade-offs between biodiversity conservation and habitat conversion to meet human resource 52 

requirements (Sala et al. 2000, Foley et al. 2005, Day et al. 2009, Kelly and Sullivan 2010).  53 

 54 

In recent decades, a growing body of literature has sought to measure the relative impacts of 55 

habitat loss versus habitat fragmentation on ecological systems. Despite this, our understanding 56 

of the relative effects of these processes remains poorly resolved (McGarigal and Cushman 57 

2002, Koper, et al. 2007, Smith, et al. 2009, Didham et al. 2012). A major reason for this is that 58 

metrics of habitat loss and fragmentation are typically highly collinear, making it difficult to 59 

tease apart their true effects (Koper, et al. 2007, Didham, et al. 2012, Pasher et al. 2013, Villard 60 

and Metzger 2014, Hanski 2015). To deal with this issue, researchers have typically used 61 

regression-based approaches that statistically remove collinearity among landscape metrics 62 
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before estimating their independent effects (see Smith et al. 2009 for a review). This approach is 63 

in line with the widely-held assumption that collinearity among metrics of habitat loss and 64 

habitat fragmentation is merely a nuisance that hampers effect estimation (e.g. McGarigal and 65 

Cushman 2002, Fahrig 2003, Smith, et al. 2009, Pasher, et al. 2013). However, recently Didham 66 

et al. (2012) highlighted the point that collinearity between metrics of habitat loss and habitat 67 

fragmentation may arise, at least in part, because changing habitat amount causes changes in 68 

habitat configuration. Two implications of this hypothesis are that (1) habitat amount and 69 

habitat fragmentation occur in a causal hierarchy in which habitat amount may indirectly 70 

influence ecological systems via altered habitat configuration; and (2) collinearity that results 71 

from these causal relationships represents a process that may have real effects on ecological 72 

systems. Didham et al. (2012) suggested that understanding the relative effects of habitat loss 73 

and habitat fragmentation, as well as the specific mechanistic pathways through which these 74 

variables affect ecological systems, requires a statistical approach such as path modelling which 75 

can specifically measure and account for the causal basis of collinearity when estimating effects. 76 

 77 

Smith et al. (2009) examined the ability of a range of common statistical methods to measure 78 

the independent effects of habitat loss and fragmentation on ecological systems when these 79 

variables are collinear. To do this, they measured metrics of habitat loss and fragmentation 80 

(hereafter 'landscape metrics') from real landscapes, then used simulation modelling to 81 

generate a response variable that was a function of these metrics. They then tested how well 82 

each of six different statistical methods was able to estimate the 'true effects' of the landscape 83 

metrics, where true effects were defined as the coefficients of the equations used to generate 84 

their response variables. Smith et al. (2009) found that many statistical methods gave biased 85 

estimates of these true effects, but that the partial regression coefficients produced by multiple 86 
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regression gave unbiased estimates provided that all influential predictors were included in their 87 

models. Consequently, they recommended the use of partial regression coefficients to estimate 88 

the effects of habitat loss versus habitat fragmentation, provided that these variables represent 89 

distinct ecological processes (Smith, et al. 2009). This approach has been adopted in some 90 

recent studies (e.g. Schipper et al. 2011, Smith et al. 2011, Smith et al. 2011, Thornton et al. 91 

2011, Cushman et al. 2012, Soomers et al. 2013). 92 

 93 

By simulating a response variable as a function of their landscape metrics, Smith et al. (2009) 94 

were able to use the coefficients that generated their response variable as a benchmark for 95 

testing the efficacy of different statistical methods. However, in defining these coefficients as 96 

'true effects', the study did not account for the causal basis of the collinearity observed among 97 

metrics. Collinearity must have a causal basis (random co-variation notwithstanding), whether it 98 

be that metrics are jointly influenced by unmeasured variables (a 'causal independence' 99 

collinearity scenario), or that one metric influences another (a 'causal relationships' collinearity 100 

scenario, as suggested by Didham et al. 2012) (Figure 1a,b). Crucially, the 'true effects' of Smith 101 

et al. (2009) represented only the direct effects of their model predictors: that is, those effects 102 

that were not mediated by any other predictors in their model (Grace 2006; Figure 1c). 103 

However, if collinearity arose through causal relationships among metrics this would give rise to 104 

additional indirect effects that the 'true effects' did not measure (Figure 1b). Under this scenario 105 

model predictors would constitute a 'cascade' of ultimate and proximate causes, whereby the 106 

proximate (i.e. direct) effect of one predictor would also ultimately (i.e. indirectly) be caused by 107 

another predictor in the model (Figure 1b). We stress that Smith et al. (2009) acknowledged that 108 

their study was limited to the estimation of independent (i.e. direct) effects, and so their 109 

approach of measuring 'true effects' without accounting for the causal basis of collinearity 110 
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among landscape metrics is appropriate under this scenario. However, the conclusions of Smith 111 

et al. (2009) may not be applicable to situations where researchers are interested in estimating 112 

indirect effects in addition to direct effects. 113 

 114 

Accounting for indirect effects may be an important part of accurately predicting the real-world 115 

effects of land use change on an ecological system (Didham, et al. 2012). For example, in the 116 

Waikato region of New Zealand the occurrence of North Island robins (Petroica longipes) is 117 

mainly driven by habitat isolation (Richard and Armstrong 2010), and metrics of habitat amount 118 

and habitat isolation are correlated in this region (MfE 2004). If the underlying cause of this 119 

correlation is a 'causal relationships' scenario in which the degree of habitat isolation is 120 

influenced by the amount of habitat (as per Figure 1b), then part of the effect of isolation on 121 

robin occurrence will also ultimately be an effect of habitat amount. Given a statistical model 122 

that includes habitat amount and habitat isolation as predictors of robin occurrence, the direct 123 

effect of habitat amount (i.e. any effects that operate independently of habitat isolation) will 124 

then underestimate the real-world effects of varying habitat amount on robin occurrence, 125 

because it will not account for the fact that a portion of the effect of habitat isolation is also 126 

indirectly an effect of habitat amount. Instead, the real-world effects of varying habitat amount 127 

on robin occurrence will correspond to its total (direct + indirect) effects. 128 

 129 

Conversely, there are situations in which indirect effects may not need to be accounted for 130 

when predicting the effects of land use change on an ecological system. First, in any scenario 131 

where model predictors are causally independent, indirect effects among model predictors will 132 

not occur and direct effects will correspond to the real-world effects of the predictor on the 133 

response variable (Figure 1a). Second, direct effects will correspond to the real-world effects of 134 
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a model predictor if any indirect effects will be avoided by the particular management scenario 135 

under investigation. In the North Island robin example above, it may be possible to reduce 136 

habitat amount without reducing habitat isolation by leaving corridors of habitat between forest 137 

remnants. In this case the isolation-mediated indirect effect of habitat amount on robin 138 

occurrence will not occur, because the causal relationship between habitat amount and habitat 139 

isolation that existed during historic habitat clearance will be avoided by controlling the way in 140 

which habitat is removed from the landscape. As a result, the effect of habitat amount on robin 141 

occurrence will correspond to its direct effect alone. Third, researchers may wish to predict the 142 

levels of an ecological response variable from a set of collinear landscape metrics, but have no 143 

interest in disentangling the effects of individual metrics. Direct effects are sufficient for this 144 

purpose, provided that all modelled variables are used in the prediction. Indirect effects do not 145 

need to be accounted for in this case because they operate solely via the direct effects of other 146 

variables in the model: they contain redundant information for predicting the level of the 147 

response variable, provided that the direct effects of their mediating variables are also used in 148 

this prediction. However, as described above, failure to account for the fact that the direct 149 

effect of one variable may also represent the indirect effect of another can lead to biased 150 

estimates of the effects of individual metrics.  151 

 152 

Here, we used simulation modelling to generate datasets that were essentially identical to those 153 

used by Smith et al. (2009), but where collinearity was known to arise from causal relationships 154 

among metrics. This knowledge of the causal basis of collinearity allowed us to calculate the 155 

'true effects' of each landscape metric in terms of its direct, indirect, and total (direct + indirect) 156 

effects, rather than only in terms of its direct effects (Smith, et al. 2009). Our aims were to use 157 

these simulated datasets to examine (1) how collinearity which results from causal relationships 158 
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among landscape metrics affects the ability of multiple regression to provide unbiased estimates 159 

of the direct and total effects of these metrics on a simulated response variable; (2) whether 160 

path analysis, a method specifically designed to test and account for the causal basis of 161 

collinearity among predictors, produces unbiased estimates of these effects; and (3) how 162 

different levels of collinearity among landscape metrics affects the extent to which these 163 

methods give biased estimates of direct and total effects. 164 

 165 

Methods 166 

Simulating datasets of causally related landscape metrics 167 

We used simulation modelling to generate a multivariate normal dataset of four collinear 168 

variables, representing the four landscape metrics used by Smith et al. (2009): the amount of 169 

forest cover (Amount), the average size of forest patches (mean patch size, hereafter MPS), the 170 

total length of forest edge (Edge), and the number of natural land cover classes (landscape 171 

heterogeneity, hereafter Hetero). We generated landscape metrics under a 'causal relationships' 172 

scenario in which collinearity between the four metrics arose because Amount causally 173 

influenced the other three metrics (Figure 2). We chose this specific causal structure because we 174 

considered that it was theoretically the most likely way in which these four landscape metrics 175 

might be related, as has been suggested previously (Didham, et al. 2012). Indeed, when we 176 

applied path diagram rules to fit the pairwise correlations measured by Smith et al. (2009) to 177 

this model, the predicted correlations among variables were almost identical to those measured 178 

by Smith et al. (2009) (Figure 2), suggesting that this 'causal relationships' scenario may well 179 

have been the true basis of collinearity among predictors for their dataset. 180 

 181 
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We used the following equations to generate observations of our landscape metrics and 182 

response variable so that they closely matched those of Smith et al. (2009), while still ensuring 183 

that collinearity among metrics arose from the causal structure described above: 184 

Amount = N(0,1)        (1) 185 

MPS = 0.76*Amount + ε        (2) 186 

Edge = 0.90*Amount + ε       (3) 187 

Hetero = 0.57*Amount + ε       (4) 188 

Response = 0.40*Amount + 0.40*MPS - 0.40*Edge + 0.40*Hetero + ε  (5) 189 

where the notation N(0,1) refers to variables whose values were drawn from a normal 190 

distribution with a mean of zero and variance of one, and ε refers to normally-distributed error 191 

terms. See Appendix 1 for a description of how these equations were derived. 192 

 193 

Equation (5) specifies that the response variable has a mean value that is linearly related to our 194 

landscape metrics, and that deviations from this mean are normally distributed. This scenario 195 

has been found to approximate empirical relationships for a range of response variables in 196 

landscape ecological studies, including the species richness of bird and lizard communities, 197 

patch visitation rates of butterflies, and demographic parameters of a simulated mustelid 198 

population (Summerville and Crist 2001, Imbeau and Desrochers 2002, Cushman and McGarigal 199 

2003, Lindenmayer et al. 2005, Jager et al. 2006, Swift and Hannon 2010). Our simulated 200 

response variable can therefore potentially represent a wide range of real-world ecological 201 

response variables. 202 

 203 

We note that, because our landscape metrics were created from equations rather than 204 

measured from habitat maps, our simulated landscapes may have contained combinations of 205 
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metrics that could never occur in real life. In Appendix 2 we compare our combinations of 206 

metrics with those measured from real landscapes by Smith et al. (2009), and show that our 207 

simulations produced combinations of metrics that were realistic and realisable in real 208 

landscapes. 209 

 210 

We used the above equations to produce 100 datasets, each containing data for 350 211 

'landscapes' (i.e. simulated values of Amount, MPS, Edge, Hetero, and the response variable). 212 

Specifically, each value of Amount was a random variant drawn from a normal distribution with 213 

a mean of zero and variance of one (i.e. equation (1) above). Each value of MPS, Edge, and 214 

Hetero for the same landscape was then calculated from this value of Amount according to 215 

equations (2)-(4), while each value of the response variable was calculated from the resulting 216 

values of Amount, MPS, Edge, and Hetero according to equation (5). These datasets were 217 

essentially indistinguishable from those used by Smith et al. (Table 1), except that (1) the 218 

response variable was re-scaled to have the same mean and variance as the landscape metrics 219 

(which was necessary to calculate the size of indirect effects; Grace 2006); (2) landscape metrics 220 

had homogeneity of variance, whereas those measured by Smith et al. (2009) were 221 

heteroscedastic; and (3) collinearity among landscape metrics arose from a known process, 222 

which gave rise to indirect effects on the response variable. All simulations were conducted in 223 

the base package of R version 3.1.0 (R Core Team 2012). 224 

 225 

Testing bias in estimates of direct and total effects 226 

We calculated the true values of the direct, indirect, and total effects of our four landscape 227 

metrics on the response variable from the coefficients used to simulate the data. Following 228 

Smith et al. (2009), the true value of the direct effect of each metric was calculated as the 229 
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coefficient used to simulate the response variable as a function of these metrics (i.e. a direct 230 

effect of 0.40 for all metrics). The true values for indirect effects were non-zero only for Amount. 231 

We first calculated the three individual indirect effects of Amount (i.e. it's MPS-mediated effect, 232 

its Edge-mediated effect, and its Hetero-mediated effect) by multiplying the coefficient used to 233 

simulate each metric as a function of Amount by the direct effect of that metric (e.g. 0.40 × 0.76 234 

= 0.30 for the indirect effect of Amount mediated by MPS; Grace 2006). We then calculated the 235 

overall indirect effect of Amount by summing these individual indirect effects (Grace 2006). The 236 

true value of the total effect of each metric was calculated as the sum of its direct and indirect 237 

effects (Grace 2006). 238 

 239 

We followed the methods of Smith et al. (2009) to measure the ability of multiple regression to 240 

estimate the true effects of our four landscape metrics on our simulated response variable. We 241 

used the 'lm' function in the base package of R to fit a multiple regression model to each of our 242 

100 datasets, where the response variable was modelled as a function of the four metrics. We 243 

used the partial regression coefficients produced by these models as estimates of the true 244 

effects of these metrics. However, each model only provided a single partial regression 245 

coefficient per landscape metric, which was the estimate of its direct effect (Grace 2008). As a 246 

result, we took the estimate of the indirect effects of each metric to be zero, and the partial 247 

regression coefficients to be an estimate of both the direct and total (direct + indirect) effects of 248 

each metric. We calculated the means and 95% confidence intervals of these effect estimates 249 

over our 100 datasets, then compared these means to the true effects calculated from the 250 

coefficients used in our simulations.  251 

 252 
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We used the same approach to measure the ability of path analysis to estimate the true effects 253 

of our four landscape metrics. We used the 'lavaan' package in R (Rosseel 2014) to fit a path 254 

model to each of our 100 datasets, where the path model corresponded to the causal model 255 

which we used to simulate our data: we specified that the response variable was a function of all 256 

four metrics, and that MPS, Edge, and Hetero were a function of Amount (Figure 2). We used 257 

the path coefficients produced by these models to estimate the direct, indirect, and total effects 258 

of our landscape metrics on the response variable, using the same procedure that we used to 259 

calculate true effects from our simulation coefficients (i.e. calculating indirect effects by 260 

multiplying their constituent path coefficients, and calculating total effects by summing direct 261 

and indirect effects; Grace 2006). We calculated the means and 95% confidence intervals of 262 

these effect estimates over our 100 datasets, and compared these means to the true effects 263 

calculated from our simulation coefficients. 264 

 265 

Testing the ability of path analysis to identify correctly-specified path models 266 

The effect estimates produced by our path analyses were derived from path models that were 267 

always correctly specified. However, in real-world path analyses the causal relationships among 268 

predictors may not be known a priori, and the plausibility of a hypothesised set of causal 269 

relationships would need to be measured from the data (Grace 2006, Grace 2008). To examine 270 

whether we could specify the correct path model for our datasets without knowledge of the 271 

true causal relationships among predictors, we applied alternative, incorrect specifications of 272 

our path models to each of our 100 datasets, and used lavaan’s chi-squared test to measure the 273 

fit of each path model. In addition to our correctly specified 'causal relationships' model (i.e. 274 

where Amount causally influenced the other three metrics, and all four metrics causally 275 

influenced the response variable) we specified three incorrect 'causal relationships' path 276 
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models, in which either MPS, Edge, or Hetero causally influenced the other three metrics, and all 277 

four metrics causally influenced the response variable. We also specified an incorrect 'causal 278 

independence' path model, in which all four metrics were only correlated because they were 279 

jointly influenced by an extrinsic variable, and all four metrics causally influenced the response 280 

variable. This required the simulation of an additional variable, which we achieved by sampling 281 

random deviates from a standard normal distribution. This approach ensured that the extrinsic 282 

variable was not causally related to our landscape metrics, consistent with our true 'causal 283 

relationships' data structure, and that it was measured on the same scale as our other variables 284 

(i.e. it had a mean of zero and a variance of one). We quantified our ability to specify the correct 285 

path model by calculating the percentage of chi-squared tests that accepted the correct model 286 

(those tests where p > 0.05) and the percentage of tests that rejected the incorrect model 287 

(those tests where p < 0.05) for each of our five path model specifications. 288 

  289 

Testing bias in effect estimates under different levels of collinearity  290 

To examine how the degree of bias in effect estimates varied with the level of collinearity 291 

among landscape metrics, we re-simulated our data while varying the level of collinearity 292 

between Amount (the only variable that produced indirect effects on the response variable) and 293 

the other metrics. We used simplified versions of our datasets for this analysis, utilising only 294 

Amount, MPS, and a response variable. This was because we would otherwise need to 295 

simultaneously vary the levels of collinearity between Amount and the three other landscape 296 

metrics, which would add unnecessary complexity to the analysis. We simulated these simplified 297 

datasets with the same causal structure as our 'full' datasets, but under five different levels of 298 

collinearity between Amount and MPS: correlations of 0, 0.25, 0.5, 0.76 and 0.90. The value of 299 

0.76 reflected the correlation between Amount and MPS measured by Smith et al. (2009), the 300 
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value of 0.90 reflected the maximum correlation these authors measured among any of their 301 

four metrics, and the other values were selected to represent the full range of possible 302 

correlations among metrics below this maximum value. For each level of collinearity we 303 

simulated 100 datasets, each of which contained 350 observations of Amount, MPS, and the 304 

response variable, re-adjusting the error terms in our equations to ensure variances of ~1 were 305 

maintained (Appendix 1). We then recalculated the size of direct, indirect, and total effects for 306 

each of these collinearity levels, and measured the degree of bias of the estimates of these 307 

effects produced by multiple regression and path analysis, as described above.  308 

 309 

Results 310 

Testing bias in the estimates of multiple regression and path analysis 311 

Consistent with the results of Smith et al. (2009), we found that partial regression coefficients 312 

from multiple regression models gave unbiased estimates of model coefficients when 313 

considering just the direct effects of our four landscape metrics on the simulated response 314 

variable (Fig 3a). However, multiple regression was unable to measure the indirect effects of 315 

Amount that arose because of its causal influence on the other metrics. This meant that partial 316 

regression coefficients from the multiple regression model were strongly biased estimates of the 317 

total effects of Amount. In our modelled example, the average multiple regression estimate for 318 

the total effect of Amount was just over half of the true total effect (Figure 3a). In contrast, our 319 

path analysis models gave unbiased estimates of the direct, indirect, and total effects of all four 320 

landscape metrics (Figure 3b). In this particular simulation, the confidence intervals for the 321 

average multiple regression estimate of the total effect of Amount did overlap the true value 322 

(Figure 3a), but we show below that the true value of this effect moves well beyond the 323 
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confidence intervals of the multiple regression estimate as collinearity among predictors 324 

increases. 325 

 326 

The ability of path analysis to select a correctly specified path model 327 

Our tests of model fit suggested that path analysis had a very good ability to identify the 328 

correctly specified path model. These tests rejected all 400 of our incorrectly specified models, 329 

and accepted 91% of our correctly specified models (chi-squared tests, α=0.05, df=3). The 330 

frequency with which these tests accepted the correct model was similar to the 95% rate 331 

expected for our alpha value. 332 

 333 

Bias in effect estimates under different levels of collinearity 334 

We found that the degree of bias in multiple regression estimates of the total effects of Amount 335 

increased with the degree of collinearity. In contrast, path analysis estimates were unbiased 336 

regardless of the level of collinearity. Only under the empirically unrealistic scenario of zero 337 

collinearity among predictors did the multiple regression estimates of total effects converge 338 

with the path analysis estimates (Figure 4).  339 

 340 

Not only did the degree of bias in effect estimates depend on levels of collinearity among 341 

metrics, but variance in effect estimates also increased with the level of collinearity for both 342 

statistical approaches. This effect appeared to become stronger when the correlation among 343 

landscape metrics rose above 0.5 (Figure 4). 344 

 345 
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Discussion 346 

Understanding the relative effects of habitat loss versus habitat fragmentation may be crucial 347 

for effectively managing the impacts of land use change on ecological systems, but this 348 

understanding has been limited by uncertainty over which statistical tools can correctly estimate 349 

the effects of collinear landscape metrics (Smith, et al. 2009, Didham, et al. 2012, Villard and 350 

Metzger 2014). In this study, we found that the causal basis of collinearity among model 351 

predictors can strongly influence the ability of multiple regression to estimate 'true effects' 352 

when these correspond to total (direct + indirect) effects. In agreement with Smith et al. (2009), 353 

we found that multiple regression provided unbiased estimates of direct effects. Multiple 354 

regression will therefore produce unbiased estimates of total effects when collinearity results 355 

from a process that does not give rise to indirect effects on the response variable (i.e. 'causal 356 

independence', Figure 1a), since direct and total effects will be equivalent. However, when 357 

collinearity results from a process that gives rise to indirect effects on the response variable (i.e. 358 

'causal relationships'; Figure 1b), partial regression coefficients from multiple regression will be 359 

biased estimates of total effects, with the degree of bias reflecting the strength of the 360 

collinearity and therefore the size of the indirect effect. Consequently, the estimated total 361 

effects given by multiple regression will be unreliable unless it is known a priori that the causal 362 

basis of collinearity among predictors does not result in indirect effects. 363 

 364 

Importantly, we believe that collinearity may often result from causal relationships among 365 

landscape metrics, giving rise to indirect effects. Although habitat loss and habitat 366 

fragmentation are often treated as independent processes (e.g. McGarigal and Cushman 2002, 367 

Fahrig 2003, Smith, et al. 2009, Pasher, et al. 2013), it seems plausible that they are causally 368 

related, because habitat removal should alter the spatial arrangement of remaining habitat. 369 
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Indeed, a number of recent studies have suggested or assumed that metrics of habitat loss and 370 

fragmentation are causally related (Didham, et al. 2012, Le Tortorec et al. 2013, Rueda et al. 371 

2013, Mairota et al. 2015). Moreover, because landscape metrics are often highly correlated 372 

(Fahrig 2003, Smith, et al. 2009, Didham, et al. 2012, Villard and Metzger 2014), there is the 373 

potential for any indirect effects that do occur to strongly contribute to total effects. Our results 374 

show that multiple regression may give strongly biased estimates of the total effects of 375 

landscape metrics under these circumstances.  376 

 377 

We simulated our data under a 'causal relationships' scenario in which habitat amount causally 378 

influenced our other landscape metrics, and this resulted in indirect effects of habitat amount 379 

on the response variable. However, we note that this is not the only possible way in which 380 

landscape metrics could be causally related in real landscapes. Specifically, causality could 381 

potentially be reversed (for example, mean patch size could influence habitat amount, resulting 382 

in indirect effects of mean patch size), or reciprocal (mean patch size could influence habitat 383 

amount and vice versa, resulting in indirect effects of both metrics). We caution that researchers 384 

interested in accounting for indirect effects should not assume that habitat amount causally 385 

influences other landscape metrics, but should use path analysis to empirically test any form of 386 

causal relationship that they consider plausible. 387 

 388 

We stress that the values of direct and indirect effects depend on the predictors that are 389 

included in a statistical model. Direct effects measure the effect of a predictor after controlling 390 

for other predictors in the model (Shipley 2002), so will change when different [collinear] 391 

predictors are included. Similarly, because indirect effects are the effects of a predictor that are 392 

mediated by other predictors, direct effects will also estimate the total effects of each predictor 393 
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if all of its mediating predictors are removed from the model. Because of this, it is possible to 394 

use multiple regression to measure the direct, indirect, and total effects in a system by running a 395 

series of models that include different combinations of predictor and response variables (Grace 396 

2008, Shipley 2009). However, without knowledge of the causal basis of collinearity among 397 

predictors it is not possible to know when collinear predictors should be excluded to allow 398 

measurement of total effects and when they should be included to statistically control for 399 

confounding among variables (Zuur et al. 2007). In contrast, path analysis provides a means to 400 

both examine the causal basis of collinearity and to estimate direct, indirect, and total effects 401 

within a single model. 402 

 403 

Although we found that path analysis gave unbiased estimates of the effects of our landscape 404 

metrics, and that multiple regression gave unbiased estimates of direct effects, the variance of 405 

estimates obtained by both approaches increased with increasing collinearity. In other words, 406 

while models may have correctly estimated parameters when estimates were averaged over our 407 

100 datasets, their ability to accurately estimate parameters within a given dataset decreased as 408 

collinearity among metrics increased. Simulations have been used to demonstrate this point 409 

previously (Freckleton 2002). Because of this, we suggest that researchers should think carefully 410 

before following Smith et al.'s (2009) suggestion that predictors should not be removed from 411 

models simply because they are collinear. This was suggested based on the finding that the 412 

omission of influential collinear predictors resulted in biased effect estimates. However, our 413 

results suggest that the decrease in bias gained from the inclusion of multiple collinear 414 

predictors comes at the expense of an increase in the variance of estimated coefficients. This 415 

increase in variance decreases statistical power (Zuur et al. 2010), which may cause real 416 

problems for landscape-scale studies in which it is not logistically feasible to obtain large sample 417 
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sizes. Moreover, this increase in variance could conceivably give misleading results. For example, 418 

in a model containing two influential but strongly collinear predictors as well as a third 419 

influential but less collinear predictor, inflated standard errors around the first two predictors 420 

will decrease the statistical significance of their effects relative to the third predictor. We 421 

suggest that researchers should be cautious about interpreting effect estimates or statistical 422 

significance from models containing multiple collinear predictors, keeping in mind that the 423 

precision and statistical significance of estimates would change if some of these predictors were 424 

removed from the model. 425 

 426 

Our simulations did not specify the range over which our metrics of habitat loss and 427 

fragmentation were measured (although the correlations used to simulate our data were drawn 428 

from landscapes where habitat cover was <30%; Smith, et al. 2009), but this may have a strong 429 

influence on the occurrence and measurement of fragmentation effects. First, the extent to 430 

which metrics of habitat fragmentation are able to vary independently of habitat loss may not 431 

be constant, with variability often being greatest at intermediate levels of habitat cover (Villard 432 

and Metzger 2014). This means that it may be more difficult to statistically disentangle the 433 

effects of habitat loss from fragmentation at high and low levels of habitat cover, because a lack 434 

of independent variation implies high collinearity, high variance inflation, and low statistical 435 

power (Figure 4; Zuur, et al. 2010). Second, fragmentation effects may only occur along 436 

particular portions of the habitat cover gradient. These effects were previously believed to occur 437 

at low levels of habitat cover (e.g. Andrén 1994), but recent work has suggested that they may 438 

predominantly occur at intermediate cover levels (Pardini et al. 2010, Villard and Metzger 2014). 439 

While accounting for the causal basis of collinearity is likely to be an important part of 440 

measuring the relative effects of habitat loss versus fragmentation, we suggest that researchers 441 
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should also be aware that both the occurrence and measurement of fragmentation effects may 442 

depend on the range over which habitat cover is measured. 443 

 444 

We also note that the estimated effects of habitat loss and fragmentation will be sensitive to the 445 

accuracy of the habitat maps used to quantify these processes. Typically, metrics of loss and 446 

fragmentation would be derived from a map of ‘habitat’ and ‘matrix’ land cover classes. 447 

However, this binary classification is unlikely to ever fully capture the complexity of real 448 

landscapes: land cover classes will not perfectly reflect ‘habitat’, while matrix cover classes may 449 

be used to some extent (Lindenmayer and Fischer 2007). Consequently, the estimated effects of 450 

habitat loss versus fragmentation will depend not only on the ‘true’ effects of these processes, 451 

but also on how well the measured landscape metrics actually represent the amount and spatial 452 

configuration of habitat from the perspective of the species under study. We stress, however, 453 

that the causal basis of collinearity among landscape metrics – and consequently, the presence 454 

of indirect effects – will be the same regardless of how well habitat maps reflect the biology of 455 

the species in question. This is because the interplay between ‘habitat’ (however this has been 456 

defined) and the ecological response variable occurs exclusively via the direct effect of the 457 

landscape metric on the ecological response. Substituting one response variable (‘abundance of 458 

forest birds’, for example) for another (‘abundance of beetles’) is likely to change the strength of 459 

the relationship between each landscape metric and the response variable, but will have no 460 

effect on any causal relationships among metrics. 461 

 462 

Conclusions 463 

Collinearity among metrics of habitat loss and fragmentation may be more than merely a 464 

statistical nuisance. Our results highlight the possibility that collinearity arises from causal 465 
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relationships among landscape metrics, and therefore signals the occurrence of indirect effects 466 

on the response variable. If so, statistical methods such as multiple regression that remove 467 

collinear information prior to estimating effects will be inadequate for answering research 468 

questions that require an understanding of total (direct + indirect) effects, rather than direct 469 

effects alone. In contrast, path analysis can empirically test the causal basis of collinearity, 470 

explicitly model any indirect effects that this collinearity implies, and give unbiased estimates of 471 

direct, indirect, and total effects. 472 

  473 

Nonetheless, we stress that to date there have been no empirical tests of whether causal 474 

relationships among landscape metrics, or the indirect effects that they imply, exist in real 475 

landscapes. Although this hypothesis seems likely (Didham, et al. 2012), testing it with data may 476 

reveal the alternative: that landscape metrics are only ever collinear because they are jointly 477 

influenced by external processes. If so, indirect effects on the response variable will never occur, 478 

and multiple regression will be sufficient for measuring relative effects. However, given the 479 

significant implications of causal relationships among landscape metrics for landscape ecology 480 

(in terms of both measuring the relative effects of collinear landscape metrics and 481 

understanding the mechanistic pathways through which land use change influences ecological 482 

systems; Didham, et al. 2012) we suggest that a priority for progressing understanding of the 483 

relative effects of habitat loss versus fragmentation is to (1) empirically test the causal basis of 484 

collinearity by specifying hypotheses why collinear landscape metrics are related (the causal 485 

models in Figure 1a or 1b, for example) and then measuring support for these hypotheses with 486 

empirical data, then (2) measure relative effects while accounting for any indirect effects that 487 

this causal basis implies. Path analysis, but not multiple regression, provides a tool to do so. 488 

 489 
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 588 

Table and figure captions 589 

 590 

Table 1: Comparison of the datasets used in this study with those used by Smith et al. (2009). 591 

We simulated our landscape metrics, habitat amount (Amount), mean patch size (MPS), amount 592 

of edge habitat (Edge), and landscape heterogeneity (Hetero), so that they matched those of 593 

Smith et al. in terms of their means, variances, and degree of collinearity, and we simulated our 594 

response variable so that it matched Smith et al.'s in terms of the proportion of its variance 595 

explained by the four landscape metrics. However, whereas the cause of collinearity among 596 

metrics in Smith et al.'s datasets was unknown, collinearity in our data was known to arise from 597 

causal relationships among metrics (see main text for description). We simulated 100 datasets 598 

of landscape metrics and response variables, and table values show means and standard 599 

deviations averaged across these datasets. Smith et al. simulated 100 datasets of response 600 

variables from a single empirical dataset of landscape metrics, so correlations among their 601 

metrics are given as a single number.  602 

 603 

Figure 1: The importance of accounting for the causal basis of collinearity when quantifying the 604 

effects of correlated landscape predictors. Panels (A) and (B) show alternative causes of 605 

collinearity between two landscape metrics, habitat amount (Amount) and mean patch size 606 

(MPS), together with the direct and indirect effects of these metrics on an ecological response 607 

variable. In panel (A), metrics are causally independent, but correlated because they are jointly 608 

influenced by unmeasured variables. Because variables do not causally influence each other 609 

there are no indirect effects on the response variable. In panel (B), metrics are causally related, 610 

with collinearity occurring because changes to Amount cause changes in MPS. In this case, 611 
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Amount and MPS both influence the response variable directly (solid lines). However, because 612 

the value of MPS is partly influenced by the value of Amount, part of the direct effect of MPS is 613 

also ultimately an indirect effect of Amount (dashed line). Panel (C) shows the equation used by 614 

Smith et al. (2009) to test the ability of different statistical approaches to measure the 615 

independent (i.e. direct) effects of Amount and MPS on a simulated response variable, together 616 

with the conceptual model implied by this equation. Numbers beside single- and double-headed 617 

arrows in this panel show the coefficients used for simulated effects and the correlation 618 

observed between Amount and MPS, respectively. These coefficients were defined as the 'true 619 

[direct] effects' in this study, against which statistical estimates were benchmarked. However, 620 

without examining the causal basis of collinearity among their landscape metrics, it is not 621 

possible to know whether these direct effects also represented total effects, as would be the 622 

case if metrics were causally independent, or were biased estimates of total effects because 623 

they ignored indirect effects, as would be the case if metrics were causally related. Following 624 

path modelling conventions, double-headed arrows represent collinearity among variables 625 

whose cause is ignored, while single-headed arrows represent modelled causal effects.  626 

 627 

Figure 2. Hypothetical model of causal relationships among the four landscape metrics 628 

measured by Smith et al. (2009), used in this study to examine the effects of causal relationships 629 

among landscape predictors on the efficacy of multiple regression and path analysis. In the 630 

model, habitat amount (Amount) causally influences total amount of edge habitat (Edge), mean 631 

patch size (MPS), and landscape heterogeneity (Hetero) (single headed arrows), while Edge, 632 

MPS, and Hetero are causally independent from one another but correlated because they are 633 

jointly influenced by Amount (double headed arrows). Numbers give the correlations among 634 

these metrics observed by Smith et al. (2009), and numbers in parentheses give the correlations 635 
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among Edge, MPS, and Hetero that would be predicted under this hypothetical causal model. 636 

The predicted correlations were calculated as the product of the correlations between each 637 

metric and Amount, following standard path modelling rules (Grace 2006). 638 

 639 

Figure 3: Multiple regression and path analysis estimates of direct, indirect, and total (direct + 640 

indirect) effects of four collinear landscape metrics on a simulated response variable, where 641 

metrics either did (circles) or did not (triangles) indirectly influence the response variable. 642 

Metrics were: habitat amount ('A'), total amount of edge habitat ('E'), landscape heterogeneity 643 

('H'), and mean patch size ('M'). Effect sizes were estimated separately from 100 datasets; 644 

symbols and their error bars show means and 95% confidence intervals for these estimates, 645 

respectively. Confidence intervals were measured as the effect estimates corresponding to the 646 

2.5 and 97.5 percentiles, following Smith et al. (2009). Grey bars show the true values of effects 647 

based on the coefficients that were used to simulate the data, and braces highlight those effect 648 

estimates that deviated from these true values. We note that multiple regression is unable to 649 

measure indirect effects, so these effects were manually assigned a value of zero rather than 650 

being estimated from model output.  651 

 652 

Figure 4: Estimates of the total (direct + indirect) effects of habitat amount on a simulated 653 

response variable measured by multiple regression (circles) and path analysis (triangles) under 654 

different levels of collinearity between habitat amount and a second variable, mean patch size 655 

(MPS), which also affected the response variable. Collinearity occurred because habitat amount 656 

causally influenced MPS, giving rise to indirect effects of habitat amount on the response 657 

variable. Effect sizes were estimated separately for 100 datasets; symbols and their error bars 658 

show means and 95% confidence intervals for these estimates, respectively. Confidence 659 
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intervals were measured as the effect estimates corresponding to the 2.5 and 97.5 percentiles, 660 

following Smith et al. (2009). Grey bars show the true values of the total effects of habitat 661 

amount on the response variable, based on the coefficients that were used to simulate the data. 662 

The declining multiple regression estimates reflect the fact that simulation coefficients 663 

corresponding to direct effects had to be decreased in order to keep R2 values, means and 664 

variances constant while increasing collinearity among predictors.  665 
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Table 1 666 

 Present study Smith et al. (2009) 

Variable means and variances   

Response  0.05 ± 1.00 Not given 

Amount -0.01 ± 1.02 0 ± 1* 

MPS  0.02 ± 1.02 0 ± 1* 

Edge  0.00 ± 1.01 0 ± 1* 

Hetero  0.02 ± 1.00 0 ± 1* 

   

Correlations among landscape metrics   

Amount:MPS 0.76 ± 0.06 SD 0.76 

Amount:Edge 0.90 ± 0.05 SD 0.90 

Amount:Hetero 0.57 ± 0.06 SD 0.57 

MPS:Edge 0.69 ± 0.06 SD 0.68 

MPS:Hetero 0.43 ± 0.06 SD 0.41 

Edge:Hetero 0.51 ± 0.06 SD 0.51 

   

Strength of direct effects of landscape 

metrics on response variable 
  

Variance in response explained by 

Amount + MPS + Edge + Hetero 
50.70 ± 4.14 SD % ~50 %* 

*As described in text by Smith et al. (2009) 667 
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