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Figure 7.10 Effect of modelling technique and scale of environmental data on
discrimination of presence/absence models.





Figure 7.12 Effect of interaction between modelling technique and biological
group on discrimination of presence/absence models.



Figure 7.13 Effect of interaction between biological group and scale of 
environmental data on discrimination of presence/absence models.



Figure 7.14 Effect of interaction between biological group and scale of 
environmental data on discrimination of presence/absence models.



Figure 7.15 Effect of interaction between modelling technique and species type
on discrimination of presence/absence models.
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Figure 7.19 An example of the relative performance of a generalised additive
model using fine scale environmental data (top graphs) and a decision tree model
using coarse scale environmental date (bottom graph) for the burrowing skink
Ophinscincus trancatus. For further information on the deriviation and interpreta-
tion of these graphs see figures 6.1 and 6.2.
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Figure 7.20 An example of the relative performance of a generalised additive
model using fine scale environmental data (top graphs) and a decision tree model
using coarse scale environmental date (bottom graph) for the tree fern Dicksonia
antarctica. For further information on the deriviation and interpretation of these
graphs see figures 6.1 and 6.2.



rare species tended to perform better than those for common species (within each class of
strength of environmental relationship).

Figures 7.19 and 7.20 provide examples of the relative performance of two different
modelling approaches (GAM using fine environmental data and TREE using coarse
environmental data) applied to two species, using the graphical diagnostic techniques
described in Sections 6.4.1 and 6.4.2.

7.5.2  Performance of presence-only modelling
As detailed in Section 6.4 the performance of presence-only models could be measured
only in terms of discrimination ability, not in terms of overall accuracy.  Table 7.14
presents raw results obtained using the Mann-Whitney measure of discrimination for all
evaluated combinations of modelling technique, species and scale of environmental data.  

The results from Table 7.14 were subjected to an ANOVA to test the effect of different
factors on the performance of presence-only models (Table 7.15).  The variables used in
this ANOVA were almost identical to those employed in the analysis of presence/absence
models in Section 7.5.1.  The only difference was the addition of an extra class,
BIOCLIM, to the modelling technique variable.

Table 7.15 indicates that modelling technique had a highly significant (p < 0.001) effect
on the performance of models.  The effects of biological group and species type were
also significant (p < 0.01).  In contrast to the analysis of presence/absence models, scale of
environmental data did not have a significant (p > 0.05) effect on the performance of
presence-only models.  A number of interaction terms were significant (some at the p <
0.001 level) suggesting that the effects of modelling technique, biological group and
species type were not consistent across all combinations of these variables.

The main effects are depicted graphically in Figures 7.21 and 7.22.  Models derived
using GAM and GLM performed significantly better than models derived using
BIOCLIM and TREE.  As was the case for presence/absence modelling, species with
strong environmental relationships performed better than species with weak relationships
and rare species performed better than common species.  The relative importance,
however, of these differences was not the same as for presence/absence modelling.  The
rare/common dichotomy appears to have had a greater effect on performance than the
weak/strong dichotomy.

Interaction effects significant at the p < 0.001 level are illustrated in Figures 7.23 to 7.25.

7.5.3  Comparison of presence/absence and presence-only modelling
The final analysis conducted on the modelling results compared the discriminatory
performance of presence/absence and presence-only models.  The analysis used GAM,
GLM and TREE models for all species.

The ANOVA table for the analysis is presented in Table 7.17.  Note that a new variable,
data type, was included in the ANOVA.  This variable has two classes; presence/absence
and presence-only.  The effect of data type on model performance was highly significant
(p < 0.001).  Presence/absence models performed significantly better than presence-only
models (Figure 7.28).  All other main effects (modelling technique, scale, biological
group, species type) were also significant.  These effects are depicted graphically in
Figures 7.28 and 7.29.  A large number of interaction terms were significant, but only
those involving data type are presented graphically in Figures 7.31 to 7.34.









Figure 7.22 Effect of biological group and species type on discrimination of 
presence only models.



Figure 7.23 Effect of interaction between modelling technique and biological group on
discrimination of presence only models.
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Figure 7.28 Effect of data type, modelling technique and scale of environmental data
on discrimination of models (based on combined analysis of presence/absence and 
presence-only models).



Figure 7.29 Effect of biological group and species type on discrimination of models
(based on combined analysis of presence/absence and presence-only models).



Figure 7.31 Effect of interaction between data type and modelling technique on 
discrimination of presence only models.



Figure 7.32 Effect of interaction between data type and biological group on 
discrimination of models.



Figure 7.33 Effect of interaction between data type and scale of environmental
data on discrimination of models.



Figure 7.34 Effect of interaction between data type and species type on 
discrimination of models.



7.6  Discussion
The relative performance of GAM, GLM and TREE in modelling presence/absence data
from north east NSW closely matches results obtained by Austin et al. (1995), who
evaluated these techniques using simulated ecological data.  The results presented in this
chapter indicate, however, that choice of modelling technique is only one of a number of
factors affecting the performance of presence/absence models.  These factors include the
spatial resolution of environmental predictors and characteristics of the species being
modelled.  Models based on fine scale environmental data perform better than those
based on coarse data.  Common species do not necessarily produce better performing
models than rare species.  What seems to be more important is the strength of relationship
between a species and the environmental predictors employed.  Related consultancies
performed by Austin et al. (1995) and Pearce and Ferrier (1996) provide further
information on the effects of variation in quality and quantity of environmental and
biological data on the performance of presence/absence models.

The evaluation of presence-only modelling in north east NSW produced some interesting
differences compared to presence/absence modelling.  GAM did not perform significantly
better than GLM using presence-only data, but both GAM and GLM outperformed TREE
and BIOCLIM.  A possible reason for GAM outperforming GLM when using
presence/absence data but not when using presence-only data is that the nonparametric
curve fitting procedures employed in GAM are more likely to fit spurious response
functions to poor quality (biased) data such as that contained in presence-only datasets
than to high quality data generated by presence/absence surveys.  This is consistent with
the findings of Pearce and Ferrier (1996).

The scale of environmental data used to derive presence-only models did not have a
significant effect on the performance of those models.  Presence-only models derived
from coarse environmental data (5km grid) performed as well as models derived from
fine data (200m grid).  This is probably because presence-only data derived from sources
other than systematic field surveys are likely to be less accurately georeferenced than
systematic presence/absence data.  Improving the resolution of environmental data will not
necessarily improve the performance of presence-only models if biological data are not
also georeferenced at a comparably fine resolution.

Another interesting result from the evaluation of presence-only models was that models
for rare species generally performed better than those for common species.  The most
likely explanation for this is that records in presence-only datasets are biased towards
rarer species.  There is a natural tendency for observers to record opportunistic detections
of rarer and/or more interesting species than detections of common species.  A close
inspection of Tables 7.1 and 7.2 confirms that common species were indeed under-
represented in the presence-only datasets collated for north east NSW.

It is hardly surprising that models derived from presence/absence data performed better
than those derived from pesence-only data.  Better biological survey data will obviously
produce better models.  It should be noted however that presence/absence modelling
offers far more benefits than simply an improved level of discrimination (the only
criterion employed in this evaluation).  For example, presence/absence models predict
species occurrence in terms of probability rather than an index of relative likelihood.
Presence/absence modelling also provides greater scope for estimating the uncertainty
associated with predictions (e.g. by calculation of confidence limits).  The downside is
that the benefits of presence/absence modelling can only be realised if appropriate
systematic survey data are available.  Such data are costly to collect.  Austin (1994)
provides a useful discussion of the availability and modelling potential of presence-only
and presence/absence datasets in Australia.

Caution should be exercised in generalising the results presented in this chapter to other
regions and modelling techniques, for the following reasons:




