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Supplementary material
Appendix S1. Details of the data generation
The species, described in Elith and Graham (2009: eq. 1 and Fig. 1), responds to three environmental gradients:
Suitability (SI) = SI.wetness × 0.5 × (SI.southness + SI.geology)
					
where SI = suitability index

(S1)

SI.wetness is the individual response to wetness, varying non-parametrically between 0 and 1 (Fig. S1a), and SI.southness is the response
to how south-facing a site is, varying parametrically between 0 and 1 (Fig. S1b): SI.southness = 0.000001 × (southness3). The response
to geology (SI.geology) is simply set at four levels: response to class 1 = 1, class2 = 0, class3 = 0.6, class4 = 0.3.
The overall suitability is not a simple addition of these terms but involves an interaction between wetness and the sum of the responses
to southness and geology. This implies that southness and geology substitute for one another but wetness overrides both.

Figure S1. Individual suitability indices for (a) wetness and (b) southness.
Using mapped grids of wetness, southness and geology (400 columns by 200 rows) from a real region in south-east Australia, we created the suitability indices for each, and a composite SI for the simulated species, from equation S1. The 80000 SI values were mapped,
and also converted to binary values (using the function rbinom in R; R Development Core Team 2006; Fig. S2a), which were then
sampled (Elith and Graham 2009). In addition to the presence-absence (PA) and presence-only (PO) samples described in Elith and
Graham (2009), we also created pseudo-absence samples. For these we randomly sampled from the 80000 grid cells in the region, with
sample sizes of 1000 and 3000 sites. These will be called P0.1000 and P0.3000. In each of these pseudo-absence samples, some sites
will, in reality, be inhabited by the species (i.e. as expected for pseudo-absences like this, we will create contaminated absences). In our
samples there were 116 true presence sites used as pseudo-absences in P0.1000 and 355 in P0.3000. However in the model we treat all
as absences to be consistent with the case where true absence is not known (Fig. S2b).
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Figure S2. (a) Left: map showing realised presence-absence data (black presence white absence, with the PA sample: blue (presence) and
tan (absence); (b) right: the data sample for presence plus pseudo-absence 1000. Samples are shown at their original true suitability value
(vertical axis), but were converted to presence (blue and black) or absence (orange) as described in the text. The black points are those
in the pseudo-absence sample that were subsequently changed to “absence” for modelling.
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Appendix S2: Running and testing GARP
We used the current version of Desktop GARP (Genetic Algorithm for Rule-set Production; Stockwell and Noble 1992; version 1.1.6
from late 2007) and followed Peterson et al. (2007) for parameter settings. This meant that the sampled presence data (115 records) were
supplied for model fitting, and we allowed GARP to select the pseudo-absences. We used 50% data for training, and 50% for extrinsic
evaluation, and created 500 models each with a convergence limit of 0.01 and 1000 maximum iterations (500 models took ca 8 h on
desktop PC). We chose two subsets from the 500 models. First, following Peterson et al. (2007), we selected the 20% of models with
the lowest extrinsic omission error, and then selected from that subset of approximately 100 models the twenty models with commission errors in the middle of the range of commission indices. This first subset was called low omission mid commission. In our second
subset we selected 20% of the models that were in the middle of the range of extrinsic omission errors, then the 20 of those with mid
commission errors. (Note: for both subsets of data, if, at the bounds of the set of 100 models, there were multiple sites with the same
extrinsic omission error, we expanded the set to include all with that error rate, meaning there may be more than 100 sites. However,
when selecting the set of 20 based on commission error, we strictly selected 20 sites.) We made the two subsets because selecting models
based on low omission is considered best for predicting potential distributions but might not be optimal for this application where we
are attempting to accurately model the true niche of the species. We processed both these subsets of 20 (using the mean prediction as the
prediction per grid cell), and found that the results were similar (Fig. S3, rows 2 and 3). In the paper we present the second variant – i.e.
mid external omission and mid commission error – because conceptually it seemed more consistent with our objective to model the true
niche. This meant that in the paper geology was not modelled well, but the test results were better (compare rows 4 and 5, Table S1). We
also tested various other combinations of the 500 models, namely minimum of all and mean of all, in an attempt to reduce commission
error (Fig. S3). None of our attempts improved GARP performance so that it was comparable to the other methods, though we note that
the mean of all 500 models (fourth row, Fig. S3) provided the best results. We did not include it in Elith and Graham (2009) because it
is not the method recommended by those most experienced at running GARP.
The fitted responses across a range of pairwise values of wetness and southness (Fig. S3, right column) revealed that, except for the
minimum set, the responses to wetness and southness are consistent across a range of values of the other and so are not dependent on
the precise value at which wetness or southness were kept constant. The relevant predictive maps are shown in Fig. S4.
To explore the consistency of these results we repeated the analysis (500 runs, same settings) on 2 repeats of the same data and one
new sample of the simulated species, using 125 new presence records from the sample of 1000 (see earlier). Results were summarised
for mid-omission and mid-commission errors as above (Fig. S6). There is some variation amongst runs but again no results do as well
as the other methods tested in the paper.
Table S1. Comparison of model results with truth, as realised by the presence-absence map (columns 2, 3 and 4) and the suitability
values (column 5). For all statistics except deviance, higher is better. Models 2 to 5 are those described in paragraph 1, above, and 6
to 8, in paragraph 2. Models 5 to 7 (bold) are run with the same presence records with the same settings, so any differences are due to
stochasticity in the model.
Model

AUC

Remaining deviance

COR.pa

COR.si

1.Truth (suitabilities)
2.GARPmin
3.GARPmean
4.GARPlow omission
5.GARPmid omission (paper)
6.GARPrepeat1
7.GARPrepeat2
8.GARPnew125pres

0.872
0.564
0.842
0.812
0.822
0.807
0.814
0.819

0.514
3.233
1.856
4.812
3.391
4.470
3.944
4.034

0.508
0.224
0.407
0.385
0.401
0.388
0.391
0.386

1.000
0.441
0.805
0.752
0.793
0.767
0.772
0.757
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Figure S3. Fitted functions for truth plus four different summaries of the GARP run of 500 models. The second top one (“mid omission”) is the one presented in Elith and Graham (2009). Note that the pairwise plots in the right column are rotated to a different
perspective compared with those in Elith and Graham (2009). Related predicted maps are in Fig. S4.
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Figure S4. Maps of predicted distributions, from the models illustrated in Fig. S3 and summarised in Table S1. Legend same as for main
paper, and shown in top row.

Figure S5. Predictions (y axis) versus the true suitability for all 80000 grid cells in the maps in Fig. S4, for the models from Table S1 and
Fig. S3 and S4. The blue diagonal line shows the 1:1 relationship.
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Figure S6. Results from 3 independent runs of GARP on the sample of 115 presence records (rows 2 to 4), and a new sample of 125
records. In each 500 models were produced then subsetted as described in the text. The models are based on the mid external omission/
mid commission scenarios. Fitted functions (left panels) and mapped distributions (right). The legend for the distribution is the same
as that in Fig. S4.
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Appendix S3. Running and testing Random Forests
Random Forests (RF) is a machine learning method that builds an ensemble of classification or regression trees. It uses bagging (bootstrap aggregation) to form the ensemble, taking a new bootstrap sample of the training data for each new tree. The reason for making
many trees (a “forest”) is that the variance of single trees, a known problem, is reduced by bagging. A useful side-effect of using bagging
is that, at each step, there is an “out-of’bag” sample (i.e. those records not selected) that can be used for testing the model. RF are called
”random” forests because at each split only a random subset of the candidate predictors are considered. This de-correlates the trees and
improves the variance reduction. Trees are fully grown and not pruned. For regression trees the results are averaged, for classification, each
tree casts a vote for the predicted class. For binary data such as ours, classification trees are used but the final votes can give a probability
rather than a binary output. Further details on the theory of RF can be found in the publications mentioned below.
RF was run using the R library randomForest. JE ran the models and understood the theory of RF but had little experience. Recent
publications were read (Breiman 2001, Benito Garzon et al. 2006, Prasad et al. 2006, Cutler et al. 2007), and experts consulted in person or via web pages (special thanks to Trevor Hastie for a preview of his chapter on random forests to be included in the new edition
of Hastie et al. 2001).
Random forests are generally considered easy to tune. The most important choices are the “mtry” and “ntree” settings in the R version,
representing how many variables are randomly selected at each split of the tree as it is grown (mtry), and how many trees are allowed in
the ensemble (ntree). Rules of thumb are used to estimate a good value for mtry, for classification often either sqrt(n) (Cutler et al. 2007),
where n = number of candidate variables, or log(n) (D. Marginateau pers.comm.); mtry can be as low as 1. Cutler et al. (2007) suggest
that ntree as low as 50 can be suitable; in R the default is 500, and Prasad et al. (2006) used 1000 because it stabilised their results. There
is also an R function called tuneRF that can be used to set mtry in relation to error rates; we explored its performance but did not use
it here for similar reasons to Cutler et al. (2007). Cutler et al. (2007) comment in their appendix: ”We have not used this function, in
part because the performance of RF is insensitive to the chosen value of mtry, and in part because there is no research as yet to assess the
effects of choosing RF parameters such as mtry to optimize out-of-bag error rates on the generalization error rates for RF”.
For classification trees, the error rates on the classes in the out-of-bag estimates can be balanced, if this is appropriate for the application, by putting priors on the class weights. In other words, for a binary outcome the model can try to predict “0” as well as it predicts
“1”.
In our modelling we explored the effect of changing mtry and ntree, in various combinations. We also looked at the effect of balancing error rates (by use of class weights in R) and tested tuneRF. Our results were sensitive to mtry, with the best results using mtry = 1.
This is consistent with mtry = log(3) and with the results from tuneRF, but not so clearly with sqrt(3) = 1.7, which perhaps might have
been rounded to 2. Class weights and ntrees also affected the outcome. The best results were obtained with the settings used in the paper
(ntrees = 500, mtry = 1 and no class weights) or the comparable model with 1000 trees. These are compared below with examples of
some of the other settings tested. The results show that it is important to test settings. Models with mtry > 1 were more chaotic than
those with mtry = 1. With 50 trees the response to geology was not modelled properly. Out of bag estimates or cross-validations could
be used to systematically test a range of settings to get best predictive performance for the given application.
Table S2. Details of the models described in the text above, showing the effect of varying parameter settings (first 3 rows) on the error
estimates (rows 4 to 6) and evaluation statistics (rows 7 to 10). The meaning of the statistics is described in Elith and Graham (2009).

Measure:
1. mtry
2. ntrees
3. classwt (0,1)
4. oob1 error overall
5. oob1 error class1
6. oob1 error class2
7. auc
8. remaining deviance
9. cor.pa
10. cor.si
1

Model: rfpa1 (paper)

rfpa2

rfpa3

rfpa4

rfpa5

rfpa6

rfpa7

1
500
null
0.098
0.011
0.765
0.834
0.736
0.448
0.875

1
500
1,1
0.184
0.168
0.304
0.843
0.785
0.434
0.853

1
500
2,3
0.221
0.220
0.226
0.838
0.902
0.421
0.827

1
50
null
0.103
0.018
0.757
0.814
0.948
0.438
0.855

1
1000
null
0.105
0.008
0.852
0.835
0.712
0.447
0.874

2
500
null
0.107
0.038
0.635
0.828
0.748
0.425
0.822

3
500
null
0.121
0.054
0.635
0.823
0.769
0.412
0.793

oob = out-of-bag estimate from R.
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Figure S7. Fitted functions for the seven random forest models described in the text and Table 2. Note the effects of changing mtry (rows
1,6 and 7), ntree (rows 1, 4 and 5) and class weights. The first model was presented in Elith and Graham 2009.
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Figure S8. Mapped distributions of the virtual species (top left) and predictions of relative suitabilities from the methods detailed in the
text, legend: white < 0.1, cream 0.1 to 0.5, blue-lightblue-green-orange-vermillon at steps of 0.1 from blue (0.5 to 0.6) to vermillon
(0.9 to 1), as in Fig. S3
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Figure S9. Predictions versus truth for all 80000 grid cells in the maps in Fig. S8, for the models from Table S2 and Fig. S7. The blue
diagonal line shows the 1:1 relationship.
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Appendix S4. Running Maxent, BRT and GLM
Maxent, boosted regression trees (BRT) and generalised linear models (GLMs) were straightforward to run and did not need extended
testing, because the modeller was familiar with the methods. Whilst it is possible that performance might have improved with some
changes in parameterisation, we were confident that the approaches used were well representative of the capacity of the methods.
Maxent (Phillips et al. 2006, Phillips and Dudik 2008) is a machine learning method, using the principles of maximum entropy
to model the species distribution. The idea is to set some constraints that enable the prediction to reflect patterns in the sample, and
then select a model that maximises entropy (a uniform or spread out distribution) given that those constraints are met (either exactly or
approximately). It considers the region (in this case, the full grid) then models the distribution of the species across that with a density
estimation approach. The approach can be thought of as modelling the probability of the covariates (the predictor variables) conditional
on species presence. Further information can be found in the papers cited above. Maxent version 3.2.1 was used, and run from the command line (specifically: -e env -s po.csv -t ge -o res -j proj -r -a -d -P). Settings for Maxent are presented in the paper, and are mostly the
recommended defaults. Because Maxent is set up to model species distributions and the settings have been tested on large data sets, the
defaults tend to perform well. The program sets feature selection and regularisation parameters (Phillips et al. 2006) in relation to the
number of presence records supplied. In this case, with 115 records, it allowed all feature types with fairly strong regularisation (control
over) the threshold features. This allows it to model flexible relationships without overfitting. The only exception to the usual defaults is
that we used the “-d” flag (see help file provided with the program), which does not add the samples to the background data. This gives
Maxent the best chance to have a well calibrated output.
The boosted regression trees were run in R (v. 2.6.1) with the gbm library and custom code written by John Leathwick and JE (Elith
et al. 2008). That paper and others by the authors (Leathwick et al. 2008) gives detailed descriptions of the method. Briefly, an ensemble
of regression trees are formed in a forward stagewise procedure (“stochastic gradient boosting”), where at each step the tree that is added is
the one that best explains the residuals from the previous tree(s). The method models binary data accurately by using a logit link function,
just as in a GLM. BRT’s need careful choice of settings, but once the principles are understood, this is not difficult. We chose settings
that would give at least 1000 trees, and that would grow trees deep enough to model interactions. The algorithm uses cross-validation to
choose how many trees to add, stopping before it is too overfit (Elith et al. 2008). The final model comprised 4250 trees with a learning
rate (shrinkage) of 0.001 and a tree complexity of 3.
The generalised linear model (GLM) was run in R version 2.6.1 using function glm. For all models we created all possible subsets of
models where the allowable fit for each variable was: (1) geology: in as a 4-level factor, or out; (2) wetness and southness: out, in as linear,
quadratic or cubic function. From all these models, we selected the model with the lowest Akaike information criterion (AIC).
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Appendix S5. Using pseudo-absences
The test with pseudo-absences is a demonstration of the effect on model structure and performance of using presence records and
pseudo-absences (Appendix S1) in what has been described as a “naïve” model (Phillips et al. in press, Ward et al. in press). In this, a
logistic model is fit to the presence (PO) and background data. If a species is rare, the background data will resemble true absences and
the naive model will be close to the true model. But with higher levels of “contamination” (presences in the background sample) the naïve
model can be biased. Both GLM and BRT are used here as logistic models. The models were fit with the same settings as described in
Appendix S4, with the pseudo-absences replacing true absences. For each set of pseudo-absence data (PO.1000 and PO.3000, Appendix
S1), we made two models from each method, in one applying weights on the data so that the sum of the weights on the presence records
is the same as the sum of the weights on the absence records (PO.1000.wt etc). This has often been done (e.g Ferrier et al. 2002) and
produces fitted values and predictions that are distributed across the possible range of the response (here, 0 to 1), rather than predicting
many very low values, as occurs if using many more pseudo-absences than presences.
The results are briefly summarised here and we suggest that they are worth pondering in some detail (Table S3; Fig. S10 to S15).
The results for the unweighted models with the sample of 1000 pseudo-absences were almost as good as those with PA data, mainly
because the number of pseudo-absence samples compared with the 115 presences is relatively close to the true prevalence of the species (i.e. there were 885 true absences in the pa data), and because the species in not common in the landscape. With a more common
species, contamination of the pseudo-absence sample would have a larger effect. Weighting the data in the models had no effect on the
discrimination of the models as long as variable selection wasn’t affected. For BRT the AUC for the unweighted / weighted pairs are very
close, whereas the GLM tended to identify the best model as one without geology when the data were weighted. Dropping geology as
a predictor negatively affected all evaluation statistics for the GLMs (Table S3). BRT models the data reasonably in all cases but models
the response to southness as much too muted in the weighted models. The GLM never models the response to southness properly at
high wetness values (see right side of 3-dimensional plots) but this doesn’t affect the evaluation statistics much because there are few data
in that part of the environmental space (see Fig. 2, Elith and Graham 2009)
We note that there are statistical solutions to modelling data such as these with more statistical rigour. They are described in Ward et
al. (in press), and software for running presence-only BRTs with these will be released soon (G. Ward pers.comm.).
Table S3. Comparison of model results with truth, as realised by the presence-absence map (columns 2, 3 and 4) and the suitability values
(column 5). For all statistics except deviance, higher is better.
Model

AUC

Remaining deviance

COR.pa

COR.si

Truth (suitabilities)
Maxent
BRT.pa
BRT.po.1000
BRT.po.1000.wt
BRT.po.3000
BRT.po.3000.wt
GLM.pa
GLM.po.1000
GLM.po.1000.wt
GLM.po.3000
GLM.po.3000.wt

0.872
0.861
0.862
0.856
0.858
0.855
0.857
0.863
0.853
0.843
0.855
0.841

0.514
0.612
0.537
0.568
0.842
0.703
0.848
0.546
0.560
0.924
0.691
0.932

0.508
0.467
0.485
0.464
0.442
0.435
0.441
0.480
0.468
0.419
0.455
0.417

1.000
0.922
0.954
0.915
0.872
0.851
0.871
0.941
0.922
0.825
0.896
0.821
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Figure S10. Fitted functions for the boosted regression tree models described in the text and presented in Table S3.
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Figure S11. Predictions versus truth for all 80000 grid cells in the maps in Fig. S12, for the models from Table S3 and Fig. S10. The blue
diagonal line shows the 1:1 relationship.

Figure S12. Mapped distributions of the virtual species (top left) and predictions of relative suitabilities from the methods detailed in
the text, legend: white < 0.1, cream 0.1 to 0.5, blue-lightblue-green-orange-vermillon at steps of 0.1 from blue (0.5 to 0.6) to vermillon
(0.9 to 1), as in Fig. S3.
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Figure S13. Fitted functions for the generalised linear models described in the text and presented in Table S3.
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Figure S14. Predictions versus truth for all 80000 grid cells in the maps in Fig. S14, for the models from Table S3 and Fig. S13. The blue
diagonal line shows the 1:1 relationship.

Figure S15. Mapped distributions of the virtual species (top left) and predictions of relative suitabilities from the methods detailed in
the text, legend: white < 0.1, cream 0.1 to 0.5, blue-lightblue-green-orange-vermillon at steps of 0.1 from blue (0.5 to 0.6) to vermillon
(0.9 to 1), as in Fig. S3. Note that the effect of dropping geology as a predictor is to lose the definition of poorer habitat towards the
west (left).
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