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ABSTRACT 

There is a growing need for accurate distribution data for both common and rare plant 

species for conservation planning and ecological research purposes. A database o£more than 

8 500 observations for nine tree species with different ecological and geographical 

distributions and a range 0£ frequencies 0£ occurrence in south-eastern New South Wales 

(Australia) was used to compare the predictive performance of logistic regression models, 

generalised additive models (GAMs) and classification tree models (CTMs) using different 

data restriction regimes and several model-building strategies. Environmental variables 

(mean annual rainfall, mean summer rainfall, mean winter rainfall, mean annual temperature, 

mean maximum summer temperature, mean minimum winter temperature, mean daily 

radiation, mean daily summer radiation, mean daily June radiation, lithology and 

topography) were used to model the distribution 0£ each 0£ the plant species in the study 

area. 

Model predictive performance was measured as the area under the curve 0£ a receiver 

operating characteristic (ROC) plot. The initial predictive performance 0£ logistic regression 

models and generalised additive models (GAMs) using unrestricted, temperature restricted, 

major gradient restricted and climatic domain restricted data gave results that were contrary 

to current practice in species distribution modelling. Although climatic domain restriction 

has been used in other studies, it was found to produce models that had the lowest predictive 

performance. The performance 0£ domain restricted models was significantly (p = 0.007) 

inferior to the performance 0£ major gradient restricted models when the predictions 0£ the 

models were confmed to the climatic domain 0£ the species. Furthermore, the effect 0£ data 

restriction on model predictive performance was found to depend on the species as shown by 

a significant interaction between species and data restriction treatment (p = 0.013). As found 

in other studies however, the predictive performance 0£ GAM was significantly (p = 0.003) 

better than that of logistic regression. The superiority 0£ GAM over logistic regression was 

unaffected by different data restriction regimes and was not significantly different within 

species. 

The logistic regression models used in the initial performance comparisons were based on 

models developed using the forward selection procedure in a rigorous-fitting model-building 

framework that was designed to produce parsimonious models. The rigorous-fitting model-
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building framework involved testing for the significant reduction in model deviance (p = 

0.05) and significance 0£ the parameter estimates (p = 0.05). The size ob the parameter 

estimates and their standard errors were inspected because large estimates and/or standard 

errors are an indication 0£ model degradation from overfitting or effects such as multi

collinearity. For additional variables to be included in a model, they had to contribute 

significantly (p = 0.025) to the model predictive performance. An attempt to improve the 

performance 0£ species distribution models using logistic regression models in a rigorous

fitting model-building framework, the backward elimination procedure was employed for 

model selection, but it yielded models with reduced performance. 

A liberal-fitting model-building framework that used significant model deviance reduction at 

p = 0.05 (low significance models) and 0.00001 (high significance models) levels as the 

major criterion for variable selection was employed for the development ob logistic 

regression models using the forward selection and backward elimination procedures. Liberal 

fitting yielded models that had a significantly greater predictive performance than the 

rigorous-fitting logistic regression models (p = 0.0006). The predictive performance 0£ the 

former models was comparable to that ob GAM and classification tree models (CTMs). The 

low significance liberal-fitting models had a much larger number 0£ variables than the high 

significance liberal-fitting models, but with no significant increase in predictive 

performance. To develop liberal-fitting CTMs, the tree shrinking program in S-PLUS was 

used to produce a number obtrees ob different sizes (subtrees) by optimally reducing the size 

ob a full CTM for a given species. The 10-fold cross-validated model deviance for the 

subtrees was plotted against the size ob the subtree as a means ob selecting an appropriate 

tree size. In contrast to liberal-fitting logistic regression, liberal-fitting CTMs had poor 

predictive performance. 

Species geographical range and species prevalence within the study area were used to 

categorise the tree species into different distributional forms. These were then used to 

compare the effect obplant species rarity on the predictive performance oblogistic regression 

models, GAMs and CTMs. The distributional forms included restricted and rare (RR) 

species (Eucalyptus paliformis and Eucalyptus A~beanensis), restricted and common (RC) 

species (Eucalyptus delegatensis, Eucryphia moorei and Eucalyptus fraxinoides), 

widespread and rare (WR) species (Eucalyptus elata) and widespread and common (WC) 

species (Eucalyptus sieberi, Eucalyptus pauciflora and Eucalyptus fastigata). There were 
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significant differences (p = 0.076) in predictive performance among the distributional forms 

for the logistic regression and GAM. The predictive performance for the WR distributional 

form was signiftcantly lower than the performance for the other plant species distributional 

forms. The predictive performance for the RC and RR distributional forms was significantly 

greater than the performance for the WC distributional form. The trend in model predictive 

performance among plant species distributional forms was similar for CTMs except that the 

CTMs had poor predictive performance for the RR distributional form. 

This study shows the importance ofi data restriction to model predictive performance with 

major gradient data restriction being recommended for consistently high performance. Given 

the appropriate model selection strategy, logistic regression, GAM and CTM have similar 

predictive performance. Logistic regression requires a high significance liberal-fitting 

strategy to both maximise its predictive performance and to select a relatively small model 

that could be useful for framing future ecological hypotheses about the distribution ofi 

individual plant species. The results for the modelling ofi plant species for conservation 

purposes were encouraging since logistic regression and GAM performed well for the 

restricted and rare species, which are usually ofi greater conservation concern. 
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CHAPTER 1 

INTRODUCTION AND LITERATURE REVIEW 

1.1 INTRODUCTION 

The current levels of habitat destruction are the biggest threat to the existence of plant 

species (Myers, 1988; Begon, Harper & Townsend, 1990). For instance, more than 154 000 

krn2 of tropical forests are logged each year (Begon et al., 1990; Starr & Targgart, 2001). 

Another eminent and potentially more devastating threat is the accelerated change in the 

climate due to the greenhouse effect (Houghton, Jenkins & Ephraums, 1990; Brzeziecki, 

Kienast & Wildi, 1995; Guisan & Zimmermann, 2000). Climate change will lead to the shift 

or loss of environmentally suitable areas for plant species (Brzeziecki et al., 1995; Austin, 

1998), with those species that have lower powers of dispersal being most affected. 

Under the scenario of habitat loss and consequent species loss, attempts are being made to 

determine and set aside priority areas for conservation (Myers, 1988; Margules & Pressey, 

2000). To be able to study or protect plant species, it is imperative to know their distribution 

(Heikkinen, 1998). As the need to protect species biodiversity increases (Hawken, 1993), 

predictive modelling of the distribution of both common and rare species has become 

attractive as a cost-effective tool in ecology and conservation for theoretical and practical 

purposes (Haines-Young, 1991; Martinez-Tabemei, Ruis-Perez, Mestre & Fortenza, 1992; 

Austin, 1998). 

The requirements for modelling the environmental space, and the geographic distribution of 

a plant species include; the availability of environmentally representative survey data of 

species distribution, environmental data over the study area, appropriate ecological theory, 

robust statistical models, and a geographic information system (GIS) for the spatial 

representation of the models (Austin & Meyers, 1996; Lechrnere-Oertel & Cowling, 1999). 

Species distributions can either be modelled using a species approach, or a community 

approach (Guisan & Zimmermann, 2000). The community approach models the distribution 

of a number of species that are in a defined group based on their co-occurrence. The 

community approach has been used for vegetation prediction in general (Franklin, 1995; van 

Etten, 1998), but has also been advocated for the collective distribution modelling of rare 
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plant species because it is difficult to obtain distribution data on individual rare species. The 

main proponents o:fi community-based modelling o:fi rare species have been Hill and Keddy 

(1992). They suggest that habitats shared by rare species may imply shared life-history 

strategies, which would enable management to be enacted at a group level rather than 

integrating multiple management strategies for individual species. 

However, opposing studies have shown that co-occurring rare species have different life

history strategies (:Sradshaw & Doody, 1978) and different reasons for being rare (Fiedler & 

Ahouse, 1992; Wiser, Peet & White, 1998). The argument for community-based modelling 

of plant distributions is weakened by palaeoecological evidence that shows that plant species 

assemblages have never been stable, mostly due to past climatic variations (Webb, 1981; 

Prentice, 1986; Guisan & Zimmermann, 2000). As modem assemblages do not have long 

histories (Davis, 1983), communities are not likely to move as an entity under changing 

climatic conditions (:Sirks, 1986; Huntley & Webb, 1988). Due to these inconsistencies in 

the distribution modelling o:fi mu!tiple-species, plant distribution models based on an 

individual species will be used as recommended by Wiser et al. (1998). 

Species richness and species rarity are usually included as major criteria in determining 

priority areas for conservation (Nilsson, Grelsson, Johansson & Sperens, 1988). In small 

areas, it may be possible to carry out thorough surveys, or in well-known areas, databases are 

consulted for species richness and species rarity information before resource management or 

landuse decisions are made. However, it is often necessary to predict species distribution 

when the study area is too large for a spatially complete inventory o:fi species distributions to 

provide the required species distribution information (Nicholls, 1989). 

As reserve selection theory has developed, concepts such as the 'minimum set approach', 

complementarity and irreplaceability, have been incorporated in a variety o:fi reserve 

selection methods (Pressey & Bedward, 1991). Likewise, these enhanced reserve selection 

concepts benefit from the species distribution data that are cost-effectively generated from 

species distribution models (Margules & Redhead, 1995). 

For instance, Margules and Stein (1989) used data derived from predicted species 

distributions to compare an existing reserve network with an alternative single large reserve. 

The predicted species distributions were used to determine the species that were not 



3 

represented in the existing reserve network, and the minimum set ofi reserves needed to 

represent all species in the database. 

Predictive methods have a variety ofi other uses including the selection of suitable species or 
I' 

areas for species re-introductions (Wiser et al., 1998), for identifring probable locations for 

surveying for a target species (Prober & Austin, 1990) and for the simulation ofiplant species 

distributions due to climate change (Guisan & Zimmermann, 2000). 

Predictive modelling ofi species distribution can be made cheaper by using species input data 

types that are easier to collect in the field and therefore less demanding on resources. 

Presence-only, presence-absence and abundance data may be. used for the predictive 

modelling ofi species' distributions. Over large areas, there are not enough resources at the 

disposal ofi conservationists to carry out the time and labour intensive surveys that are 

required for the collection of species abundance data (Margules & Austin, 1991). Therefore, 

models that do not rely on expensive abundance data are more cost-effective as tools for 

wildlife conservation. 

Presence-only data are the cheapest to collect and are also widely available from herbarium 

records, but they are more limited in terms of the usefulness of their model output (Margules 

& Austin, 1991; Austin, 1998). Their major limitation is that they can only predict potential 

occurrence (Austin, 1998). Information on species presence and absence is the minimal 

amount ofi data required for in-depth statistical analyses and to make informed decisions on 

important conservation issues (Margules & Austin, 1991). Therefore, the inability of models 

derived from presence-only data to predict presence and absence for species distribution is a 

major setback. 

On the other hand, models based on presence-absence data can predict species presence and 

absence (Nicholls, 1989). Although species presence-absence data are more expensive to 

collect than presence-only data, they give enough information for robust decision-making, 

but are not as expensive as abundance data (Margules & Austin, 1991). Hence, species 

presence-absence data are often the most cost-effective option among the types 0£ data used 

for the development of species distribution models over large areas. 
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The need for spatially 'complete' species distribution information has given rise to a plethora 

of prediction methods (Franklin, 1995). However, there is a lack of studies that compare the 

predictive performance of different modelling methods (Guisan & Zimmermann, 2000) for 

plant species distribution modelling. According to a comparative study of three modelling 

methods by Franklin (1998), classification tree models (CTMs) have the higher predictive 

performance followed by generalised additive models (GAMs), with logistic regression 

modelling having the least predictive power. Pearce and Ferrier (2000) also found that the 

predictive performance of GAM was superior to that of logistic regression. However, the 

findings of these two studies can be extended by comparing the predictive performance of 

models that are based on different levels of data restriction and that are developed with 

different model-fitting strategies. 

There are few examples of systematic studies that have investigated the effect of different 

levels of data restriction, in terms of the deletion of different amounts of absence 

observations beyond the last species presence observation in a presence-absence data set, on 

the predictive performance of species distribution models. Data restriction may affect model 

predictive performance by fitting the model to variation within a species' habitat rather than 

fitting the absences beyond the habitat of the species (Franklin, 1998; Wiser et al., 1998). 

This would be more important for species that are restricted along a given environmental 

gradient. Austin and Barry (1998) was the only example that could be found of a study that 

has compared the predictive performance of models based on unrestricted and restricted data 

for the statistical modelling of the distribution of plant species using presence-absence data. 

However, Austin and Barry (1998) had equivocal results for the comparison of the 

performance of species distribution models based on restricted and unrestricted data. 

Despite the need to know the location of rare species for conservation purposes, only 

Franklin (1998) and Pearce and Ferrier (2000) have investigated the effect of species rarity 

on the predictive performance of distribution models for individual plant species. They 

found that highly predictive distribution models could be developed for rare plant species. 

These results need to be confirmed based on appropriately restricted data and with the use of 

a range of model-fitting procedures for each species modelling method. An incisive and 

wider understanding of plant species distribution modelling that is required for the effective 

use of these tools can only be achieved by knowing the effect of different data restriction 



5 

regimes, different model-fitting procedures and various degrees of species rarity on the 

predictive performance of different modelling methods. 

1.2 LITERATURE REVIEW 

1.2.1 Theory of plant species distribution modelling 

Hutchinson (1957) describes a species' fundamental niche as that hypervolume defined by 

environmental dimensions within which that species can survive and reproduce. A species 

may be excluded from parts of its fundamental niche because of competition and other biotic 

interactions (Begon et al., 1990). The reduced hypervolume is then termed the realised 

niche. 

The Galium spp. experiments by Tansley (1917) were an early demonstration of the 

reduction of the fundamental niche of plant species. The experiments showed that when 

grown alone, G. hercynicum and G. pumilum grew successfully on both the acidic soils from 

a G. herynicum site and the calcareous soil from a G. 'pumilium site. However, in 

competition with one another, the realised niche of G. hercynicum was restricted to acidic 

soils and that of G. pumilium was restricted to calcareous soils. Constituent species of 

vegetation show pattern, i.e. departure from randomness of distribution (Greig-Smith, 1979). 

Experimental demonstrations of the niche concept such as the Galium spp. study helped to 

shed some light on the reasons for vegetation distribution patterns. 

Further attempts to explain the obvious patterns in vegetation gave rise to the continuum 

concept which is one of the major theories in vegetation ecology (Greig-Smith, 1979; 

Austin, 1999). According to the continuum theory, each species will exhibit its own 

particular response to variation in any environmental factor and in combinations of 

environmental factors (Austin, Cunningham & Good, 1983; Austin & Gaywood, 1994). An 

individual species may respond in terms of reproductive behaviour, growth rate, or growth 

form (Austin et al., 1983). The continuum theory represents a major alternative to the 

approach of early ecologists who regarded ecosystems as being communities with well

defined boundaries (Austin, Cunningham & Fleming, 1984; Begon et al., 1990). 
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Gradient analysis is the study of the way in which gradients of species or community 

characteristics such as species richness change in response to environmental gradients 

(Austin et al., 1984). Gradient analysis studies supported the continuum theory as they 

showed that there is considerable overlap in the distribution of various plant species along 

environmental gradients and that there are no sharp boundaries (Whittaker, 1965) as claimed 

by the community theory of vegetation ecology (Begon et al., 1990). 

Another important concept in ecology is the principle of competitive exclusion (or Gause's 

Principle) (Whittaker, 1965). The competitive exclusion principle can be stated as follows: If 

two competing species coexist in a stable environment, then they do so as a result of niche 

differentiation, i.e. differentiation of their realised niches. If, however, there is no such 

differentiation, or if it is precluded by the habitat, then one competing species will eliminate 

or exclude the other (Begon et al., 1990). Therefore, the overlap of species' distributions 

along environmental gradients seems at odds with the principle of competitive exclusion. 

However, reciprocal competitive exclusion occurred in the Galium spp. experiment because 

neither habitat allowed niche differentiation (Begon et al., 1990). In nature, cases of 

competitive exclusion are rare in relation to the immense number of occasions where the 

distribution of competing species overlap broadly (Whittaker, 1965). Even though green 

plant species compete for light, water and nutrients, they must be partial competitors with 

small differences in requirements which allow their occurrence together in communities, 

their broad distributional overlap, and the continuity along environmental gradients of the 

communities they form (Whittaker, 1965). Furthermore, in nature there are relentless 

disturbances that help to maintain the partial competition (Harper, 1977). Using the partial 

competition argument, the niche theory is seen to support the continuum concept (Whittaker, 

1965), and hence it also supports the modelling of species distribution. The niche and 

continuum concepts provide the theoretical framework on which the realised niche of a 

species can be modelled as part of the environmental space ( combinations of the values of 

different environmental gradients) that the species can succeed in under the multi-species 

field conditions. 
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1.2.2 Assumptions of plant species distribution modelling 

Gradient analysis and niche theory have remained the major driving theories behind species 

distribution modelling (Austin, Nicholls & Margules, 1990; Franklin, 1995). The distribution 

data of a plant species are related to environmental variables using a specified model in order 

to show how the species is distributed over an environmental space (Nicholls, 1989). The 

species environmental space can then be converted into a spatial distribution by relating the 

probability of occurrence of the species under different combinations of environmental 

variables to the of environmental space of a study area. This is done with the aid of a 

geographic information system (GIS) (Leathwick, 1995). However, the species' predicted 

distribution reflects a potential distribution (Franklin, 1995) with some underlying 

assumptions. 

The major assumption is that the physical environment is the primary determinant of a plant 

species' distribution and that other secondary factors such as competition and predation are 

correlated with the physical environment (Greig-Smith, 1979; Begon et al., 1990). However, 

since large-scale studies of the relationship between plant species distribution and the 

environment are generally observational rather than experimental (James & McCulloch, 

1990; Gaston & Blackbum, 1999; Underwood, Chapman & Connell, 2000), environmental 

variables have to be considered as major correlates of species distributions instead of as 

primary determinants. 

Inferential statistics used in species distribution modelling make assumptions about the 

nature of the data being analysed and the manner in which they have been collected (Kent & 

Coker, 1992). Many of the assumptions revolve around random sampling. If the sampling is 

not random, the sample does not represent the population. Under random sampling, each 

sample measurement should be independent of any other, and on every sampling occasion 

every individual should have an equal chance of being selected, all the sample sites should 

be the same size and recording of the presence-absence (response) of each species should be 

done without error (Yee & Mitchell, 1991; Kent & Coker, 1992). 

However, due to practical difficulties involved in locating or accessing a truly random 

sample in the field (Austin & Heyligers, 1989), it is almost impossible to obtain a random 

sample of sites that is representative of the combinations of environmental variables in the 
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study area (Kent & Coker, 1992; Yee & Mitchell, 1991). To adequately sample all the 

environmental combinations in a large area, vegetation survey techniques such as stratified 

sampling are required (Kent & Coker, 1992). Stratified sampling divides the study area up 

before samples are chosen on the basis of major, and usually very obvious, variations within 

it. This means that stratified samples are not random, but random sampling can still be 

implemented within each environmental stratum (Kent & Coker, 1992). 

Spatial autocorrelation is a further difficulty that affects the independence ofi samples (Kent 

& Coker, 1992). Spatial autocorrelation is present in all spatial sampling (all vegetation 

sampling is, by definition, spatial) and is due to the inevitable relationships between points 

in space and in particular, their proximity to each other (Kent & Coker, 1992; Buckland & 

Elston, 1993; Fielding & Bell, 1997). For example, if four quadrats A-Dare thrown along a 

transect at 50 m intervals following an environmental gradient, it is impossible for those 

sampling units to be completely independent of each other. The observed species 

composition ofi quadrat B will be affected by the composition of quadrat A simply because 

of its proximity in space to quadrat A. Similar relationships and varying degrees ofi influence 

will exist between the other quadrats because of their proximity to each other. 

Some statistical methods to tackle spatial autocorrelation are in use but these increase the 

number ofi assumptions that have to be made, and some assumptions are highly demanding. 

For instance, Jongman, ter Braak & van Tongeren (1996) describe a model of spatial 

variation to tackle spatial autocorrelation. The distribution model consists of a systematic 

part, a spatial correlation part and a random error part as shown in the equation below. 

z(x) = m(x) + e(x) + e 

(Jongman et al., 1996) (Equation 1.1) 

where 

m(x) is the term describing the major 'deterministic' structural component 

e(x) is the term describing the spatially correlated, but random, variation 

e is a residual, spatially independent noise term of an assumed distribution 
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The major deterministic part is assumed to be a constant mean or a set of parameterised 

independent variables. The major problem is then one of partitioning the remaining variation 

in the best way possible. In particular, it is important to know the relative balance between 

the spatially correlated term and the uncorrelated random terms. In order to partition the 

remaining variation, it must be assumed that the statistical properties of the spatially 

correlated variation are the same within the whole of the major landscape or 'structural' unit. 

This is known as the hypothesis of statistical stationarity. There are other highly complex 

approaches that attempt to model spatial autocorrelation, but they all have similarly 

demanding assumptions. A simple alternative for determining the possible importance of 

autocorrelation is to spatially display the residuals of a given model (Leathwick, 1995). If 

there is no systematic problem with the distribution of the residuals, the influence of 

autocorrelation on the model is not of concern. 

The distribution of a plant species is said to be in equilibrium with its environment when it 

has spread into all the areas that are environmentally suitable for it (Greig-Smith, 1979). 

Species distribution modelling assumes that the species' distribution is in equilibrium with 

contemporary environmental conditions, and that there are no major anthropogenic 

disturbances that have reduced the species' environmental range in the recent past (Scott & 

Jennings, 1998). 

However, plant populations are known to be in a continual flux with some contracting and 

others expanding their range as a delayed response to critical changes in environmental 

conditions and therefore there are time lags in the establishment of an equilibrium between 

the species and its environment (Willis, 1922; Harper, 1977; Bennet, 1986). In Trinidad, 

Marshall (1939) estimated that the rate of spread of Mora excelsa was about 10 m in 50 

years, or about 200 km in a million years. Given that major climatic changes have occurred 

in the last two million years (i.e. in the Pleistocene) (Begon et al., 1990), the slow range 

expansion of Mi excelsa supports the views of Davis (1976) that interglacial intervals are too 

short for some plant species to attain equilibrium with the environment. 

There are many other examples of slow changes in the distribution ranges of plant species. 

For instance, the isolation of Phyllodoce caerulea in three localities in the Highlands of 

Scotland has been attributed to poor dispersal as the species localities do not appear to have 

any unique features compared with other sites in that region (Greig-Smith, 1979). However, 
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unless the species 1s gregarious like M excelsa, it is often difficult to recogmse the 

disequilibrium of such slow-invading species (Beard, 1946). 

The distribution of a species under stable climatic conditions can also be modified by other 

natural or unnatural disturbances. In New Zealand, Leathwick (1995) found that the slow 

dispersing Nothdfagus spp. is in disequilibrium with the current climate because of the major 

rhyolithic eruptions that removed it from climatically suitable areas in the last 2000 years. 

Human activity can result in the expansion or contraction of plant species' ranges by altering 

the habitats of species. In Victoria, E. sieberi has been observed to invade logged areas 

(Williams & Woinarski, 1997). Artificially high or low fire frequencies have helped shape 

the distribution of species in arid and semi-arid parts of the world (Begon et al., 1990) 

including Australia (Whelan, 1995). There are several examples in Harper (1977) where 

grazing by livestock and feral animals determined the distribution of plant species. If species 

are in disequilibrium with the environment this will cause problems with the models based 

only on environmental variables because the models will not have access to an important 

source of variation for the distribution of the species. Thus, to some degree, the assumptions 

of random sampling, species-environment equilibrium and habitat integrity are not fulfilled. 

Despite the inability of species distribution modelling to meet most of the modelling 

assumptions, predictive distribution modelling is still successful (Austin, 1999). For 

example, Prober and Austin (1990) discovered a number of new populations of the rare 

species E. paliformis with the aid of simple climatic envelope models. Yee and Mitchell 

(1991) and Wiser et al. (1998), successfully modelled the response of species to their 

environment using GAM in the former and a combination of GAM and logistic regression in 

the latter study. Thus, even the statistical models were robust to the violation of some core 

assumptions of species distribution modelling, such as random sampling. 

If a species is in climatic disequilibrium but is extending its range at a rate that is too small 

to be significant in the time frame for the management of the species, species-climate 

disequilibrium will not have a large impact on species distribution models and consequent 

species management programmes. However, the work by Leathwick (1995) showed that 

where possible, other factors such as disturbance must be incorporated into species 

distribution models. But on the whole, the current physical environment may be regarded as 

the major correlate of species distributions as most of the modifying factors such as 



11 

competition, species tolerance and disturbance come into play under the influence and 

boundaries 0£ the physical environment (Greig-Smith, 1979). Therefore, static species 

distribution modelling is an adequate tool for predicting the distribution otplant species. 

1.2.3 Improvements in species distribution modelling 

Predictive species distribution modelling has benefited from advances in cost-effective 

biological surveys for acquiring a representative sample ot a species' environmental range 

(Nicholls, 1991). Compared to the earlier studies in predictive plant species distribution 

modelling, it is now easier to obtain more environmental variables, othigher quality, but at a 

lower cost through technological advances in computer hardware, GIS and remote sensing 

(Austin, 1998; Hollander, Davis & Stoms, 1994). Nonetheless, the need to use 

environmental variables for which estimates are available over a large study area generally 

limits the choice to variables such as topography, lithology, soils, geology and interpolated 

climatic variables (Franklin, 1995; Austin & Meyers, 1996). In contrast, variables such as 

soil moisture are not as easy to acquire before visiting the site or are difficult to obtain over a 

large study area making them less useful for the prediction ot species in unsampled sites 

(Austin & Meyer~, 1996). 

Concurrent improvements in statistical software and modelling methods have made it easier 

to model the environmental space ot a species using multiple environmental variables, not 

~ust one or two as in the earlier studies (Franklin, 1995). Some independent variables are 

only significant in the presence ot other independent variables (Jongman et al., 1996; 

MacNally, 2000; Pearce & Ferrier, 2000). Therefore, the ability to include more variables 

makes the species distribution models less assumptuous about the major species

environmental correlations and allows models to capture the ~oint relationships among 

variables, thereby improving the species distribution models. 

The need to relate species distribution to a combination ot variables in a model instead ot 

considering only one or two gradients has been shown to be important. For instance, in New 

Zealand, the variation in temperature seasonality was implicated as a major factor separating 

out a number ot species whose optima occur at similar values 0£ mean annual temperature 

(Leathwick, 1995). Consequently, Leathwick (1995) emphasised the inadequacy 0£ 

attempting to predict species distributions with models that only included mean annual 

temperature as had been done in previous studies. 
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1.2.4 Parsimonious models 

The consideration of many independent variables for inclusion into a model poses the 

challenge of how to select the variables to fit in the model. The aim of most model-building 

procedures is to develop a parsimonious model (Breiman, 1995). A parsimonious model is 

one that does not include parameters that make an insignificant contribution (statistically or 

according to the judgement of the researcher) to the model fit or predictive performance 

(Hosmer & Lemeshow, 1989; McCullagh & Nelder, 1989; MacNally, 2000). 

A parsimonious model is more general and hence maintains high predictive power when 

used on independent data sets (Hosmer & Lemeshow, 1989; McCullagh & Nelder, 1989; 

Breiman, 1995). A parsimonious model also tends to be stable and ecologically more 

meaningful than one that has a larger number of variables (Levin, 1992). As the number of 

variables in a model increases beyond some optimum point, the model starts to fit the 

individual data points of the input data set instead of the general pattern in the sample. An 

overfitted model is meaningless and numerically unstable (Hosmer & Lemeshow, 1989). 

Although an overfitted model may have a high predictive performance when predictions are 

made on the input data set, the model generally performs poorly when an independent data 

set is used (Levin, 1992; Fielding & Bell, 1997). 

1.2. 5 Variable selection procedures 

Since there are many possible ways of choosing the combination of variables to fit in the 

model, the steps for producing a particular model must be systematic and explicit. The model 

selection procedures of fitting models with multiple variables that were popularised by 

Draper & Smith (1966) are still in wide use because they are helpful in this regard. These 

include the 'all possible regressions', backward elimination, forward selection, and stepwise 

regression procedures. 

The all possible regressions involves finding the best model (according to some criteria of 

model fit or performance), at each stage from a model containing one variable to a model 

containing k variables. Thus, if there are k independent variables, 2k equations have t~ be 

generated and examined for the inclusion of the second independent variable into the 

equation. In order to select the final model, an examination of the best models for each 

model size (number of independent variables in the model) is then undertaken to identify a 
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consistent pattern ofi variables included in the best models (Draper & Smith, 1966). The 

obvious drawback of 'all possible regressions' is the computation intensity, which is still a 

problem even with faster computers, especially with large data sets and where variable 

interactions and higher order polynomial terms are considered. 

Backward elimination involves fitting all variables into the model and then removing the 

variables that are least important according to some criteria of model fit or performance. 

Variables are removed and the model refitted without the excluded variables until the 

removal ofi a variable that causes a significant change in the criteria being used for model 

fitting. A significant change in the criteria is used as evidence that each variable left in the 

model is important and that the removal of the variable in question and of further variables 

would degrade the model. The backward elimination procedure is more computationally 

economical than the 'all possible regressions' method as it considers not all possible 

regressions, but only the best regression containing a certain number ofi variables (Draper & 

Smith, 1966). However, this selection method is prone to numerical instability that may 

occur when a large number ofi parameters are included in a model (Draper & Smith, 1966; 

Hosmer & Lemeshow, 1989). Thus, the final model derived from an unguided or thoughtless 

backward selection procedure may be highly flawed. 

The forward selection method is a procedure where each variable is entered into a submode!, 

and the variable that causes the greatest improvement in some model fit and/or performance 

criteria is added to the submodel. The first submode! is the null model. When the first 

independent variable (Xl) that is significant and causes the most model improvement is 

identified, it is added to the null model. The remaining independent variables are again 

separately added to the submode!, that now consists ofi the null component and Xl, in order 

to identify the next variable for inclusion. The process is repeated until there are no more 

significant variables to be included in the model, or the predictive performance ofi the model 

is no longer benefiting from the inclusion of more variables, or until there is evidence ofi 

some other forms ofi model degradation (Draper & Smith, 1966). The forward selection 

method is even more computationally efficient than the backward elimination procedure 

(Draper & Smith, 1966) as it avoids working with more independent variables than are 

necessary while making an improvement to the model at each stage. 
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The last of the commonly used procedures, is stepwise regression. It is an extension of: the 

forward selection procedure. The introduction of new variables by forward selection may 

make earlier variables insignificant. Stepwise regression identifies the variables that have 

become insignificant and removes them from the model. As with all the automated model 

selection processes described above, caution must be taken with the use of stepwise 

regression (Hosmer & Lemeshow, 1989). Stepwise regression is more dangerous because the 

removal of: earlier variables may remove variables that are biologically important. 

It may be wise to avoid stepwise regression altogether, because the loss of: significance of: 

variables already in the model may be a sign of: overfitting or model degradation. Thus, it 

would be advisable to stop the model-building process when variables begin to lose 

significance. Backward elimination selection is usually used under experimental conditions 

where all the independent variables are known (Austin et al., 1990). Forward selection is 

recommended for exploratory modelling where all the independent variables are not known 

such as in the predictive modelling of:plant species distribution (Austin et al., 1990). 

The modelling procedures do not guarantee that the correct model will be chosen. When 

modelling with many variables, the important predictor variables may be masked by other 

variables through multi-collinearity or artefacts of: the data (Jongman et al., 1996). Multi -

collinearity is a case where independent variables are correlated and is of: particular concern 

when the correlations are high (Kent & Coker, 1992). 

Where multi-collinearity occurs, an independent variable (Avar) that has no biologically 

meaningful relationship with the dependent variable may be included in the model instead of: 

a more meaningful variable (Bvar) (Jongman et al., 1996). The inclusion of Avar may 

entirely preclude the entry of Bvar into the model as A var takes account of: the same 

variation that should have been accounted for by Bvar. Having both A var and Bvar in the 

model may produce an insignificant model as shown in the simulated example in J ongman et 

al. (1996). Alternatively, both A var and Bvar may be included in a significant model but the 

model is still undesirable because such models are usually numerically unstable (Hosmer & 

Lemeshow, 1989). 

In some cases the presence of:multi-collinearity can be determined by calculating the linear 

correlations between each of:the independent variables and also by creating two-way scatter 
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plots of the independent variables (Austin & Barry, 1998). Independent variables that display 

high coefficients of correlation or that have a strong linear trend in a scatter plot are a source 

of multi-collinearity. Model degradation due to multi-collinearity may be indicated by large 

parameter estimates and/or large standard errors of the parameter estimates (Hosmer & 

Lemeshow, 1989). Variance inflation factors (VIFs) (National Institute of Standards and 

Technology, 2002) are another way of measuring the multi-collinearity in a regression 

design matrix (i.e., the independent variables). VIFs are more sophisticated than the pairwise 

correlation methods (linear correlations and scatter plots) because they can detect 

correlations in higher orders. Instead of only using more complex methods like VIFs for the 

testing of multi-collinearity, the monitoring of model degradation should also be 

emphasised. Thus, a combination of the simple pairwise correlation methods for detecting 

correlations and model degradation monitoring are useful as a simple but more integrated 

procedure for the detection of multi-collinearity than using VIFs in isolation. 

Given that multi-collinearity degrades the fit of models, independent variables that cause 

multi-collinearity should not be used in the same model. This is the best that can be done to 

address multi-collinearity in the model development stages. A variable (Bvar) that has been 

left out of the statistical model but appears more biologically relevant to the species than a 

correlated variable (A var) can later be considered in the interpretation, discussion and further 

development of the model. 

1.2.6 Choice of predictor variables for species distribution modelling 

There is a wide range of environmental variables that may be used to predict the distribution 

of a plant species. However, direct gradient analysis studies have shown that a limited 

number of environmental variables can account for the major variations in the distribution of 

a plant species (Austin et al., 1984). The choice of environmental gradients to investigate 

during modelling can be subjective (Begon et al., 1990), but the effect of this subjectivity on 

identifying important predictor variables is reduced by the consideration of a number of 

variables in the model-building process. 

The choice of predictor variables should be guided by the knowledge of, or hypotheses about 

the potentially important environmental gradients in the area (Nicholls, 1989). Complex 

variables like altitude and latitude only offer a basic gradient analysis (Walker, 1990; Kent & 
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Coker, 1992). The environmental gradients may be categorised as indirect gradients, direct 

gradients, and resource gradients (Austin & Smith, 1989). Direct gradients are those where 

the environmental variable, e.g. temperature, has a direct effect on plant growth but is not 

consumed (Austin, 1999). Resource gradients, e.g. nitrogen and water moisture, are 

resources that are consumed by plants (Austin, 1999). Altitude and latitude are examples of: 

indirect variables within which many other more specific environmental factors such as 

temperature, rainfall and even biotic factors are operating (Austin, 1971; Austin & Smith, 

1989; Kent & Coker, 1992). 

Austin and Meyers (1996) discourage the use of: indirect variables in distribution modelling 

because these variables are the least related to biological processes. Such models are location 

specific, are not robust and do not predict as well as models that use direct, or resource 

variables that are more process orientated (Austin, 1971; Austin & Meyers, 1996). However, 

the highly process orientated predictor variables such as available soil moisture are not 

readily available over large areas. Where such highly process orientated variables are 

available, they tend to be error laden due to the multiple steps that are taken to derive the 

predictor variables. For instance, the soil moisture stress index in Austin (1971) was 

calculated by utilising a soil moisture balance model (McAlpine, 1970) and using as inputs, 

mean monthly rainfall, mean monthly evaporation as modified by a derived radiation index, 

and the estimated available soil moisture storage. The soil moisture stress index was then 

expressed as the ratio of: the ( estimated) actual evapotranspiration to the potential 

evapotranspiration. Thus, a compromise is the use of: variables such as mean annual 

temperature and mean annual rainfall that are more process-orientated than indirect variables 

and less process-orientated, but more readily available (Austin & Meyers, 1996) and 

accurate than derived variables over larger study areas. 

As modelling of: a species distribution with broad-scale variables is an observational study, 

the relationships that are modelled are correlations and not causation (James & McCulloch, 

1990). According to Levin (1992), the key to prediction and ecological understanding lies in 

the elucidation of: mechanisms underlying observed patterns. However, Levin (1992) 

concedes that correlations do have some predictive power, although it is less than that of: 

models derived from causal factors. Levin (1992) also states that correlations are important 

in studying ecological distribution patterns as they are a strong starting point for 

investigations to determine causation. 
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Correlations are particularly useful in large-scale studies of species distribution where high

resolution data are not available, experimental manipulations are rarely possible, and 

mechanisms elusive (Gaston & Blackbum, 1999). The prediction methods provide a 

statement of the observable pattern of relationships between species and environment 

(Austin, 1999). This view of models is in keeping with the philosophy that the development 

of models does not imply that the finer detail does not exist, but that it is irrelevant for 

producing the observed patterns (Levin, 1992). 

Furthermore, a large amount of work (Wiser et al., 1998; Franklin, 1998; Guisan, Theurillat 

& Kienast, 1998; Pearce & Ferrier, 2000) has shown that a mechanistic understanding is not 

necessary for good prediction (Austin, 1999). As a result of its success the use of distribution 

models is increasing and predictive distribution modelling is emerging as a distinct field in 

ecology as further modelling research is being carried out (Guisan & Zimmermann, 2000). 

Therefore, models based on environmental correlations will play a big role in the future 

studies of species distribution ecology. 

The theory behind environmental modelling of the distribution of a species expounded thus 

far, is a pragmatic middle ground between several extreme views. As the overlap of species 

distribution determines species richness, the arguments for the controlling factors of plant 

species distribution are similar to the arguments used to explain spatial patterns in species 

richness. Simberloff (1983) asserts that the differential tolerances of species to 

environmental conditions are the prime influence on species distribution patterns. According 

to Brown (1981), the ultimate cause of all deterministic patterns of species diversity is the 

variation of the physical environment. On the other hand, historical processes manifested as 

the incomplete colonisation of environmentally suitable areas after a major disturbance have 

been proposed as the cause of species distribution patterns (Reid, 1935; Stanley, 1979). 

Competition and succession have also been used as the main explanation of plant species 

distribution (Parrish & Bazzaz, 1979;1982; Brown & Southwood, 1983). Clearly, the current 

environment, historical processes and competition all play a role in determining present and 

past species distributions (Greig-Smith, 1979). The interplay of historical processes, the 

contemporary environmental conditions and interspecific competition in determining the 

distribution of species was demonstrated by Leathwick (1995) in the study of the current 

distribution of Nothofagus spp. 
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Recognition of the usefulness ofidistribution prediction methods using presence-absence data 

has led to the use ofia plethora ofimodelling techniques (Franklin, 1995). Austin, Meyers and 

Doherty (1994 (unpub.)) group modelling techniques into heuristic, statistical and computer 

induction methods. Heuristic methods (e.g. BIOCLIM, DOMAIN and HABITAT) define the 

distributional envelopes ofi a species based on a combination of field measurements. As 

heuristic methods are overly open to expert knowledge, they tend to be subjective (Austin et 

al., 1994 (unpub.); van Etten, 1998). Statistical methods (e.g. logistic regression models and 

Generalised Additive Models) fit a model with species response functions along 

environmental gradients (Yee & Mitchell, 1991; Franklin, 1995; Wiser et al., 1998). 

Computer induction methods (decision trees, neural networks and genetic algorithms) set a 

list of rules to give the most homogenous groups of species presence-absence response under 

given environmental conditions, or more generally how to get the best predictive 

performance (Austin et al., 1994 (unpub.); Manel, Dias, Buckton & Ormerod, 1999). 

The heuristic methods suffer from being limited to predicting only potential habitats because 

they can only predict presence and not absence (Austin, 1998). Statistical and computer 

induction methods are more useful because they have the capacity to provide quantitative 

predictions, confidence limits, statistical tests on model fit and an assessment ofi the relative 

importance ofi predictor variables in a model. Statistical methods have the potential to yield 

more information than heuristic or computer induction methods because they produce a 

species functional response to a variable, whereas computer induction methods for instance, 

are limited to a list ofi rules. Species functional responses offer more insight intb the way a 

species behaves along a gradient and thus are desirable for studies based on gradient analysis 

concepts such as species distribution modelling. 

Statistical methods can be parametric ( e.g. logistic regression and linear discriminant 

analysis) or non-parametric (e.g. contingency table and GAM) (James & McCulloch; 

Franklin, 1998). Unlike non-parametric methods, parametric methods have underlying 

assumptions about the relationship between the fitted values and predictor variables (Wiser 

et al., 1998). The advantage of parametric models over non-parametric models is that a 

parametric curve is more parsimonious (Yee & Mitchell, 1991) and it is possible to 

summarise the functions in a parametric model by an equation. However, it is more difficult 
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to determine which functions to fit in a parametric model, whereas non-parametric methods 

are more useful in this regard (Hastie & Tibshirani, 1990; Yee & Mitchell, 1991). 

Logistic regression represents a parametric statistical model that is more suited to presence

absence data than other linear methods such as principal component analysis, canonical 

correlation (Austin, 1971), multiple linear regression analysis and linear discriminant 

analysis (James & McCulloch, 1990; Manel et al., 1999). Logistic regression has less 

restrictive assumptions about the variance and error distribution ofi the data (McCullagh & 

Nelder, 1989). The generalised additive model (GAM) is an example ofi a non-parametric 

model that is in increasing use in plant species distribution modelling. GAMs are being 

increasingly employed for plant species distribution modelling because they are known to be 

good in variable selection as they automatically yield the shape ofithe species response curve 

without the need ofiassuming one (Yee & Mitchell, 1991). The response curve is determined 

by the amount of smoothing as specified by the number ofi degrees of freedom for fitting the 

variable (Yee & Mitchell, 1991). Thus, GAM is data driven (Yee & Mitchell, 1991) as the 

appropriate species response shape is discovered from exploring the data for a reasonable 

amount ofismoothing. In contrast, logistic regression modelling requires the pre-specification 

ofithe range of possible functions to be considered in the fitting of the model. 

Computer induction methods such as classification tree models and neural networks are 

known for their good predictive performance (Austin et al., 1994 (unpub.); Franklin, 1998; 

Manel et al., 1999). Unfortunately, computer induction models are generally difficult to 

interpret because they are only a list ofi rules that do not give the response ofi each species 

along a predictor variable gradient. Classification tree models for instance, are useful when 

the number of rules is small but may become difficult to interpret when there are many rules 

to be considered (Austin et al., 1994 (unpub.)). However, classification tree models are 

actually simpler and more intuitive than other computer induction methods such as neural 

networks and genetic algorithms (see Caudill, 1990 and Aleksander & Morton, 1990 for 

details on neural networks, and Holland, 1975;1992 for genetic algorithms). Hence among 

computer induction methods, classification tree would be a good candidate to use in species 

distribution modelling. 

Clearly, more studies comparing the predictive performance ofi different predictive 

modelling techniques are required (Manel et al., 1999; Guisan & Zimmermann, 2000). As 
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the logistic regression, GAM and classification tree methods are different in terms of their 

design, this may result in varying capacities of each modelling technique to deal with data 

with a large number of absence observations beyond the environmental range of the species, 

or with species of different degrees of rarity. 

1.2. 7.2 Logistic regression model 
Logistic regression models belong to the group of parametric models known as generalised 

linear models (GLM) (McCullagh & Nelder, 1989). GLM's are a popular class of models 

because they do not need to assume a normal distribution of the errors and they allow the 

development of a wider range of relationships between the predictor variables and 

explanatory variables than the conventional linear models (Austin et al., 1990). In this case a 

binomial distribution was assumed for the binary data and a logit link was used for relating 

the linear predictor (LP) to the mean in the model. 

LPi = a + bx11 + c12 + ..... . 

where LP is the linear predictor, and a, b, and c are parameters or constants to be estimated 

from the observed data. 

The logistic regression function is expressed as: 

p = (eLP)/(1 + eLP) 

(Nicholls, 1989)(Equation 1.2) 

where p is the probability of obtaining a positive response and e is the natural logarithm. 

1.2. 7.3 Generalised additive models (GAMs) 
GAMs are a non-parametric extension of the generalised linear models because they remove 

the assumption of linearity between the response and the predictors (Hastie & Tibshirani, 

1990). The linear component is replaced by a smooth function that is estimated from the 

data. The smooth function to be fitted is generally specified in two ways. The first method 

chooses the degree of smoothing based on the smoothing that gives the minimum 

generalised cross validation sum of squares (Hastie & Tibshirani, 1990). The second uses the 

number of degrees of freedom to specify the degree of smoothing (Hastie & Tibshirani, 

1990). 
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1.2. 7.4 Classification tree models (CTMs) 
CTMs are another example of data driven modelling method and are under the umbrella of 

machine learning methods. CTMs develop decision rules by binary recursive partitioning 

where a learning sample is successively split into subsets according to the strength of 

relationships between each independent variable and the dependent variable (Breiman, 

Friedman, Olshen & Stone, 1984; Hollander et al., 1994). The aim of a decision rule is to 

maximise prediction of a dependent variable in the subset (Austin et al., 1994 (unpub.)) or to 

reduce model deviance (Venables & Ripley, 1994). 

1.2.8 Data restriction 

Data restriction is the truncation of data by removing 'extra' zeroes (absences) beyond the 

observed distribution of a species along a predictor variable (Austin, Nicholls, Doherty & 

Meyers, 1994). The issue of 'extra' zeroes has been discussed in several early species 

distribution studies such as Yarranton (1970) and Mead (1971). The problem of the zero 

value for the distribution of a plant species arises because a zero value may indicate an 

extreme of its distribution or a totally unsuitable habitat, negative values being impossible 

(Austin, 1971 ). It may not always be possible to distinguish between these two cases, and 

where numerous zeroes occur in the data, equations with highly significant coefficients but 

very low predictive performance may be obtained as a result (Y arranton, 1970). Similarly, 

Austin (1971) found that a linear regression model for the distribution density variation of 

Eucalyptus rossii including all sites resulted in a model with significant coefficients for 

rainfall and altitude but with very little predictive power. However, when only observations 

within appropriate rainfall and altitude limits were used the predictive performance of the 

model was drastically improved. 

Data restriction has been implemented in other studies that used logistic regression or GAM 

for plant species distribution modelling. The data were restricted in order to avoid 

overfitting, response distortion and overestimating potential habitat (Austin & Meyers, 1996; 

Franklin, 1998). However, the merits of data restriction in terms of their effect on model 

predictive performance are equivocal. For example, GAMs based on data that had been 

restricted along multiple variables had greater spatial prediction than models based on 

unrestricted data, but did not improve the statistical predictive performance of the models 

(Austin & Barry, 1998). Since no other systematic studies with different levels of data 
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restriction have been done, data restriction for species distribution modelling deserves 

further study. 
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1.2.9 Distribution modelling ob common and rare plant species 

Distribution-modelling studies have avoided working with rare species because modelling 

the distribution of rare plant species often faces problem ob small sample sizes (Wu & 

Smeins, 2000). When sample size is small compared to the· number ob predictor variables 

included in the model, there is a danger ob the modelling procedure overfitting the data 

(Wiser et al., 1998). This could result in a model that selects random environmental 

variables and has no correlation with biological processes that are at play in the distribution 

ofohe species. 

Safety nets such as having five or ten times as many observations (both for presence and 

absence observations) for every independent variable or degree ob freedom used by the 

model are advised as a precaution against using models that are overfitted (Hosmer & 

Lemeshow, 1989). More formal steps to guard against model overfits include randomisation 

tests (Wiser et al., 1998; Pearce & Ferrier, 2000), or cross-validation (Fielding & Bell, 

1997). Nonetheless, the models of species with a few occurrences are limited to having a 

small number ob predictor variables as they may be overfitted by the inclusion of one or two 

independent variables. This would make it difficult to simultaneously model three or four 

independent variables that may be important in the species' distribution. 

Furthermore, it is difficult to obtain a random sample ob a species that has uneven occurrence 

frequency in different areas especially for those species with a wider distribution range (Wu 

& Smeins, 2000). Thus, the current environmental range of the rare species may not be fully 

captured leading to a model that under-estimates the potential habitat ob a species. It must 

also be appreciated that the observed ranges in the field may not define the full breadth of a 

species' realised environmental niche as even undisturbed primary vegetation may not have 

attained stability ob floristic composition (Greig-Smith, 1979). Expansion due to slow 

invasion by inefficient dispersers can be recognised if the species is gregarious, but is more 

difficult to identify otherwise (Greig-Smith, 1979). Some species have restricted distribution 

because they are relicts but some due to poor dispersal (Begon et al., 1990). Since it is 

difficult to recognise slow range expansion ob species, it is difficult to ascertain whether the 

rarity is relictual, and thus environmentally determined, or whether it is simply a case ob 

incomplete colonisation. 
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However, this is not a weakness if the aim of species distribution modelling is to manage or 

conserve a species in its current evolutionary phase and within the bounds of natural 

processes. It might be ecologically irresponsible (Wiser et al., 1998), if not theoretically 

invalid (Westman, 1991 ), to base the current management of a plant species on the larger 

environmental niche that it might have occupied before the last climatic change i.e. when it 

might have been more widely distributed. Since plant species dynamics are long term and 

complex (Harper, 1977), trying to do too much for a given species may end harming other 

species in the ecosystem or even the rare species itself (Wiser et al., 1998). Contraction and 

expansion of species ranges is a natural phenomenon, and therefore distribution models 

based on historical data should not be used in an attempt to pre-empt or modify these natural 

changes. 

Even if the aim of species distribution modelling was to determine the effects of climate 

change on the future distribution of species, historical data may not be too helpful. This is 

because the realised niche that was available to the species in the previous climate changes 

would not necessarily be the same in future climatic changes as the contemporary suite of 

competing species may be different to the historical one (Westman, 1991; Austin et al., 

1994). 

1.2.10 Measurement of model predictive performance 

As it is costly to conduct a field survey for the collection of independent data sets (Fielding 

& Bell, 1997), it is often tempting to use the same data set to develop a model (model 

training) and for model testing as in Franklin (1998). This practice is not recommended 

because testing a model on the same data set that it was derived from leads to exaggerated or 

optimistic measures of predictive performance (Chatfield, 1995; Fielding & Bell, 1997). 

When independent data cannot be collected or acquired from other sources, data partitioning, 

where the original data set is divided into a training set and a testing set is recommended for 

the introduction of some independence in the test data (Fielding & Bell, 1997). All 

partitioning methods reduce the size of the training set resulting in overestimates of the 

actual error rates for a given modelling method or procedure (Fielding & Bell, 1997; Austin 

& Barry, 1998). Thus, predictive performance measures derived from the same data set are 

the most optimistic, whereas those derived from partitioned test data are least optimistic and 
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the actual predictive performance ofi the modelling method is somewhere in between 

(Fielding & Bell, 1997). 

A study using independent test data would help to confirm or reject the predictive 

performance comparisons for logistic regression and GAM by Franklin (1998). There is a 

range ofi data partitioning methods for the allocation ofi a given data set into a training set 

that can be used for fitting the data and a testing set for assessing the predictive performance 

of the model. Examples include 'K= 2 partitioning', k-fold partitioning, bootstrapping and 

jackknifing (Fielding & Bell, 1997). 

The 'K = 2 partitioning' method splits the data into a training set and a testing set. There is a 

conflict between the relative sizes of the training and testing data sets. A large test set is 

more representative ofithe species environmental distribution (Fielding & Bell, 1997; Austin 

& Barry, 1998). However, a bigger training set means a smaller testing set. According to the 

heuristic ofiHuberty (1994), the training set for presence-absence data should be about 75% 

of the entire data set. Austin and Barry (1998) found that a test set that was 30% of the entire 
-

data set had a better chance ofi detecting significant differences between the predictive 

performance ofi different models than one with 10% ofi the unpartitioned data set. Generally, 

the larger the test set the better the assessment of model predictive performance. 

A major drawback with the 'K=2 partitioning' method is that the evaluation ofi a model is 

based on one arbitrary splitting ofithe initial data set (Fielding & Bell, 1997; Austin & Barry, 

1998). In the case ofi plant species distribution modelling, arbitrary data partitioning may 

lead to the loss of important patterns or make it more difficult for the important patterns to 

be detected among other competing, but less robust alternatives. However, the 'K = 2 

partitioning' method has the advantage of being computationally less intensive than other 

data partitioning methods discussed here. 

In K-fold partitioning, data are split into K (K > 2) sets, with only one set being used for 

training (Fielding & Bell, 1997). The remaining k - 1 sets are pooled and used for testing 

purposes. This has the advantage ofi averaging the results from several partitions ofi the data 

and thus makes the model performance assessment less dependent on a single partition. 
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Bootstrapping and jackknifing are even more efficient as data partitioning methods (Fielding 

& Bell, 1997). A specified number of samples, each of the same size as the observed data, 

are drawn with replacement from the observed data in bootstrapping (Efron & Tibshirani, 

1993). The predictions are calculated for each o£the resampled testing data sets, yielding a 

bootstrap distribution for the predictions. The fundamental assumption of bootstrapping is 

that the observed data are representative of the underlying population (Efron & Tibshirani, 

1993). By resampling observations from the observed data, the process of sampling 

observations from the population is mimicked and thus a robust and independent measure of 

model performance is obtained. 

The jackknife is similar to bootstrapping (Fielding & Bell, 1997), but differs in the way it 

resamples the data to be used for training and testing (James & McCulloch, 1990). In 

jackkniffing, training sets are drawn by replicating the data and leaving out a single 

observation from each sample. Each training set is used to make predictions on the 

observation that was omitted. Given that the data sets could be as large as 10 587 

observations in this study, jackknifing did not seem to be plausible since the removal of a 

few observations was not likely to have an impact on the predictions 0£ the model. 

Therefore, bootstrapping was chosen as the data partitioning method for the generation 0£ 

independent model predictions to be used in the assessment o£the different models. 

However, as the resampling exercise in bootstrapping has to be repeated at least 200 times 

(James & McCulloch, 1990), the computational load can become extremely heavy i£ large 

data sets are used. Consequently, in cases where the data sets are large it may be infeasible to 

use bootstrapping due to inadequate computer m~mory depending on the available 

computing resources. 1£ the aim 0£ the measuring model performance is to compare the 

performance 0£ different models it may suffice to use the same data in the training and 

testing data sets as in Franklin (1998). 

Franklin (1998) and Pearce and Ferrier (2000) are examples 0£ the studies that have 

investigated the influence of plant species rarity on the predictive performance 0£ statistical 

models for individual species. In a study 0£ shrub species in southern California, Franklin 

(1998) used residual deviance to compare GAMs and logistic regression, and prediction 

error to compare across all the methods. Franklin (1998) found that species that were rare in 

the data set and restricted to part 0£ some environmental gradient were generally better 
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predicted than common species. According to Franklin (1998), CTMs had superior 

predictive performance to GAMs, and GAMs were better than logistic regression. 

Although Franklin (1998) used prediction error, she appreciated that it was not an 

appropriate measure of model performance as it is influenced by the prevalence 0£ presence 

or absence records (Fielding & Bell, 1997). For instance, a bad model that predicts a species 

that occupies 5 % 0£ the sample sites as being absent everywhere will have a low prediction 

error simply because the species is rare. In an assessment 0£ model performance, it is 

essential to have a measure o£how well a model predicts the presence sites (sensitivity) and 

how well it predicts the absence sites (specificity) (Fielding & Bell, 1997). 

The area under a receiver operating characteristic curve (ROC) (Hanley & McNeil, 

1982;1983; DeLong, DeLong & Clarke-Pearson, 1988), that is a curve derived from a plot 0£ 

sensitivity versus (1- specificity), is a more robust measure o£model predictive performance 

(Fielding & Bell, 1997). This measure is independent 0£ the probability threshold chosen to 

dichotomise the model probability output into present and absent and is not affected by 

observation prevalence (Fielding & Bell, 1997). 

Pearce and Ferrier (2000) used the area under the curve 0£ a ROC plot to estimate and 

compare model predictive performance. Rarity was measured as the proportion 0£ sites 

occupied by the species in a data set. They found that in general, the rarer a species was, the 

less accurate was the resulting model. However, the trend was opposite in vascular plants 

where models for the rarer species displayed a slightly higher predictive performance. It is 

not clear from the way the results were presented in Pearce and Ferrier (2000) whether the 

distributions 0£ diurnal bird species were extremely poorly predicted for rare species. Other 

bird studies such as Manel et al. (1999) have found that rarer species are poorly predicted by 

discriminant analysis, artificial neural networks and in particular, by logistic regression. 

The apparent contrast with plants may be due to the fact that plants are immobile and hence 

it is easier to sample their environmental distribution range. More questions arise from the 

studies 0£ Manel et al. (1999) and Pearce and Ferrier (2000) regarding the distribution 

modelling 0£ rare plant species. Pearce and Ferrier (2000) based their species rarity 

measurements on the prevalence 0£ the species in their data set. Species rarity is not merely 

dependent on how prevalent a species is in the data set, it also depends on how widely 
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distributed the species is (Rabinowitz, 1981 ). Thus, the rarer birds in the Man el et al. ( 1999) 

study may have been poorly predicted because they had a lower prevalence over a large and 

heterogenous geographical area of the Himalayas. Species that are rare, but occur in a 

restricted area may yield highly predictive models. To get a better understanding of the 

effects of plant species rarity on model predictive performance, it is necessary to conduct 

studies that consider not only prevalence, but also incorporate the spatial distribution 

characteristics of the species in the defnition of species rarity. 

1.2.11 Conclusion 

There is a need for more studies of plant species predictive distribution modelling using 

informative measures of prediction success and independent data for model evaluation. A 

study comparing the predictive performance of different modelling techniques using plant 

species that span the spectrum from rare to common species with restricted and unrestricted 

data sets is required to allow informed choices of modelling techniques in terms of their 

strengths and limitations under different modelling scenarios. 

1.3 THE STUDY QUESTIONS 

This study will compare the predictive performance of plant species distribution models 

derived from the logistic regression model, generalised additive model (GAM) and 

classification tree model (CTMs). The first question to be addressed is the effect of different 

levels of data restriction (i.e. the removal of absence observations beyond the observed range 

of the species) on the predictive performance of the three distribution-modelling methods. 

Logistic regression has been reported to have inferior model predictive performance to GAM 

and CTM. However, logistic regression is a more explicit model because it is parametric 

unlike GAM and CTM that are non-parametric. The second question is whether the 

predictive performance of logistic regression can be improved by increasing the capacity of 

the model to include non-linear terms in a rigorous model-fitting framework that is designed 

to produce parsimonious models. A liberal model-fitting framework that promotes the 

development of models with a larger number of independent variables will also be trialed as 

an option for improving the predictive performance of logistic regression. Finally, the study 

will determine how the predictive performance of logistic regression, GAM and CTM 

responds to the different degrees of plant species rarity in order to identify the modelling 

method that maximises the predictive performance for species of a given degree of rarity. 
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1.3 .1 Research hypotheses and thesis structure 

The overall null hypothesis 0£ the study is that there is no difference in the predictive 

performance 0£ species distribution models regardless 0£ different levels 0£ data restriction, 

different modelling methods, different model-building procedures and different degrees 0£ 

plant species rarity. The alternative hypotheses are: 

H1: There is a difference in model predictive performance among models based on different 

levels o£data restriction 

H2: There is a difference in the predictive performance 0£ different species distribution

modelling methods 

H3: There is a difference in model predictive performance among different model-building 

procedures 

H4: There is a difference in model predictive performance among plant species with different 

degrees o£rarity 

The structure 0£ the thesis and the chapters where the alternative hypotheses are addressed 

are given below. 

Chapter 2 addresses the fundamental question 0£ whether data restriction has an effect on 

model predictive performance in order to determine what levels 0£ data restriction improve 

model predictive performance (H1). Logistic regression and GAM models developed by the 

forward selection modelling procedure are used to investigate H1 as issues 0£ data restriction 

have primarily arisen from studies that have employed either logistic regression or GAM. 

Thus, a comparison o£the predictive performance o£logistic regression models and GAMs is 

conducted and used to partially address H2• Parsimonious logistic regression models are 

explicit in terms 0£ the function fitted to the data. In general, parsimonious models are 

simple in terms 0£ using a reduced number 0£ variables that make the model numerically 

stable and more manageable in terms 0£ communication and addressing further hypotheses 

on species distribution. Therefore, in Chapter 3, an attempt is made to improve the predictive 

performance 0£ parsimonious logistic regression models for plant species distribution. 

Modifications 0£ the forward selection procedure and backward elimination procedure and 

different significance levels for variable selection are used to fit logistic regression models in 

a rigorous modelling framework that develops parsimonious models. The logistic regression 

models produced by the orthodox forward selection procedure in Chapter 2 are compared 
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with the models produced in Chapter 3 to determine ifi the predictive performance ofi 

parsimonious models can be improved (H3). 

CTMs have a different statistical design to GAM and the logistic regression model. Chapter 

4 includes CTMs in the comparison ofi the predictive performance ofi different modelling 

methods and thus extends the investigation ofi H2• Chapter 4 further addresses H3 by 

extending the model-building options by using backward elimination and forward selection 

model-building procedures to develop logistic regression models in a more liberal model

fitting framework than the frameworks used in Chapters 2 and 3. In Chapter 4, H4 is 

addressed by classifying the plant species into different distributional forms based on their 

geographic range in the study area and their prevalence in the data set and testing for 

differences in model predictive performance among the species distributional forms. 

A synthesis ofi the study is given in Chapter 5. The findings ofi Chapters 2, 3 and 4 are 

integrated and the implications ofi the findings on species distribution modelling for the 

development ofi ecologically sensible models and for the use ofi distribution models for 

conservation purposes are discussed. 
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CHAPTER2 

COMPARISON OF THE PREDICTIVE PERFORMANCE OF LOGISTIC REGRESSION 

AND GENERALISED ADDITIVE MODELS UNDER DIFFERENT REGIMES OF DATA 

RESTRICTION. 

2. 1 INTRODUCTION 

Human impacts on the floral biota are no longer ofi concern only at local scales, but are now 

occurring at larger spatial extents (Scott & Jennings, 1998). In the face ofi massive human 

destruction of the biota, efforts to save the earth's plant species diversity are being made 

with meagre financial resources and a limited knowledge of species distributions and 

biodiversity (Hawken, 1993; Soberon, Llorente & Benitez, 1996). Predictive modelling 

methods are cost-effective because they provide quick and less expensive data of plant 

species distribution that are useable for research or decision making (Austin, 1998). In 

contrast, intensive surveys require more resources for the acquisition of species distribution 

information over large areas (Margules & Austin, 1991). In general, wildlife conservationists 

have had to look towards predictive species distribution modelling as a practical and cost

effective means of estimating the spatial distribution of species. 

A great number of methods for the predictive distribution modelling of plant species exists 

(Franklin, 1995). However, only a few comparative studies of the predictive performance of 

different modelling methods have been carried out (Guisan & Zimmermann, 2000). The few 

studies that have been carried out to compare the predictive performance of different species 

distribution-modelling techniques include Franklin (1998) and Pearce and Ferrier (2000). In 

a comparison of three methods, Franklin (1998) showed that classif. cation tree models 

(CTMs) were highly predictive, followed by generalised additive models (GAMs) and then 

by logistic regression. Likewise, Pearce and Ferrier (2000) concluded that GAMs had greater 

predictive performance than logistic regression. 

However, Franklin (1998) did not use an independent test set, bootstrapped or jackknifed 

predictions to measure the predictive performance ofi the models. Furthermore, Franklin 

(1998) used model residual deviance and model prediction error as the measures of model 
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performance. As a unit measure of model performance, residual deviance has the limitation 

of being rather general because it is not explicit about how well the model predicts the 

presence (sensitivity) and absence (specificity) responses (Austin & Barry, 1998). Prediction 

error, on the other hand, is affected by the relative number of species presence and absence 

observations in the data set (Fielding & Bell, 1997). More explicit and robust measures of 

model predictive performance are required. 

Franklin (1998) truncated the distribution data set for each species along climatic gradients 

in order to avoid overestimating the fit of the model. However, the restriction treatment in 

Franklin (1998) was not comparative as the models were based on a single data restriction 

regime. It would be informative for model predictive performance comparisons to include 

models based on unrestricted data as well as on a number of other specific levels of data 

restriction. Therefore, it is also necessary to re-examine the predictive performance of 

different modelling methods, with the issues of independent measures of model predictive 

performance, better measures of predictive performance and effects of data restriction on 

model performance addressed. 

2.1.1 Strategies for obtaining independent test data 

Various strategies for obtaining independent test data (K = 2 partitioning, K-fold 

partitioning, bootstrapping and jackknifing) were discussed in Chapter 1 (section 1.2.10). 

Bootstrapping was identified as the method of choice due to its ability to simulate the 

process of sampling observations from a population. 

2.1.2 An explicit and more robust measure of model predictive performance 

The choice of the measure of predictive performance employed is important as this may 

affect the conclusions about the relative performance of different modelling methods or 

modelling strategies. A model is overfitted when it is specific to the data set (Hosmer & 

Lemeshow, 1989). An overfitted model may show low residual deviance on the modelling 

data set, but yet the model predicts poorly on independent data because it fails to capture the 

general patterns that are found in other data sets (Fielding & Bell, 1997; Wiser et al., 1998). 

Some modelling methods are more prone to overfitting data than others and this will bias the 

assessment of model predictive performance in favour of the method that is more prone to 

overfitting. 
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For instance, the flexibility of GAM allows it to readily incorporate non-linear relationships 

and makes GAM prone to greater levels of overfitting than logistic regression (Pearce & 

Ferrier, 2000). Franklin (1998) used residual deviance as a predictive measure. Therefore, 

the greater predictive performance of GAM indicated by lower residual deviance in Franklin 

(1998) might have been a consequence of more overfitting in GAMs than in logistic 

regression models. 

The receiver operating characteristic (ROC) approach (Hanley & McNeil, 1982) is an 

alternative and increasingly popular way of evaluating the performance of diagnostic and 

predictive test systems (Hanley & McNeil, 1983; (Centor & Schartz, 1985; DeLong et al., 

1988). The ROC technique was developed in signal processing studies (Hanley & McNeil, 

1982). The term "receiver operating characteristic" refers to the performance (the "operating 

characteristic") of a human or mechanical observer (the "receiver") engaged in assigning 

cases into dichotomous classes (Fielding & Bell, 1997). 

Green and Swets (1966) showed that the area under the curve (AUC) of a ROC system plot 

corresponds to the probability of correctly identifying which stimuli is "noise" and which is 

"signal plus noise". The ROC plot is obtained by plotting classifier or model sensitivity 

(ability to correctly predict signal plus noise) versus (1 - specificity [ability to correctly 

predict noise]) (Swets & Pickett, 1982). The AUC of a ROC plot represents the probability 

that the prediction value for randomly selected positive cases and negative cases would be 

higher for the positive case (DeLong et al., 1988). Thus, in the context of this study, the 

probability that a presence site has a higher predicted probability of species occurrence than 

an unoccupied site, i.e. the ability of the model to discriminate between presence and 

absence sites, is summarised by the area under the curve (AUC) of a ROC plot. The AUC of 

a ROC plot is between 0.5 (no apparent predictive performance) and 1 (perfect predictive 

performance) (Hanley & McNeil, 1982). In the absence of overfitting, the higher the 

predictive performance as indicated by the AUC of the ROC plot, the better the model. 

As variables are being added to a species distribution model, the AUC of a ROC plot tends 

to stabilise before the reduction of deviance does and therefore has a greater tendency of 

avoiding model overfit. Furthermore, the ROC approach is more informative than residual 

deviance because the AUC of the ROC plot takes into account how well the model predicts 

presences versus absences (Hanley & McNeil, 1982) whereas the latter is just a measure of 
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the general fit of the model (Austin & Barry, 1998). Therefore, the AUC of a ROC plot will 

be used in this study as a measure of model predictive performance. 

2.1.3 Issues that may cause problems for model predictive performance comparisons 

Without adequate ecological and historical disturbance information for a species, it is 

difficult to label any observation as an outlier. Thus, in this study all available distribution 

data were used to provide the model with as much of the species' current "natural" (i.e. not 

planted) environmental space as possible. Where there may be true outliers in the data, their 

effect on model predictive performance is still important because it implicitly incorporates 

into the performance assessment the robustness of the different modelling methods to 

outliers. Robustness of modelling methods to outliers is an important characteristic and 

should investigated as a separate study. However, given the large size of the data sets used in 

this study the effect of outliers is likely to be dampened. 

Spatial autocorrelation arises in studies that have spatial sampling. Spatial autocorrelation is 

due to the inevitable relationships between points in space, and in particular their proximity 

to each other. It is difficult for field samples to be completely independent of each other 

because the species composition of sites in close proximity is more similar than that of sites 

further apart (Kent & Coker, 1992). This lack of sample independence reduces the effective 

number of degrees of freedom and may compromise inferential statistics because the value 

of test statistics depends on the number of degrees of freedom (Kent & Coker, 1992). 

Spatial autocorrelation can also be due to poor dispersal due to physical or biological barriers 

to dispersal. For instance, Leathwick (1995) found that spatial autocorrelation in the 

distribution models for Nothofagus spp. was due to poor dispersal after catastrophic volcanic 

eruptions. Spatial autocorrelation is currently difficult to remove from models (Kent & 

Coker, 1992; Jongman et al., 1996). However, where spatial autocorrelation has a large 

impact on the model-building process, the model would perform poorly on a test set. Hence 

this study also indirectly tests for the robustness of the modelling methods and data 

restriction regimes to spatial autocorrelation. More research is required before the impacts of 

spatial autocorrelation can be easily and effectively removed or isolated in spatial models 

(Jongman et al., 1996). 
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Multi-collinearity is another problem that plagues distribution modelling. Multi-collinearity 

occurs when independent variables are highly correlated (Kent & Coker, 1992; Jongman et 

al., 1996). Multi-collinearity causes model instability and also makes it diffcult to determine 

the variable that is more directly related to the dependent variable (Hosmer & Lemeshow, 

1989; Jongman et al., 1996). There is no easy solution unless highly correlated independent 

variables are not included in the same model. 

2.1.4 Data restriction 

Unlike Franklin (1998), other studies such as Pearce and Ferrier (2000) that used 

independent data and the AUC of a ROC plot as a predictive measure; did not consider data 

restriction in the development of their models. Data restriction is the pre-statistical modelling 

truncation of a species data set along an independent variable at the lower and/or upper 

environmental limits beyond which a species is deemed not to occur. In a data set, absence 

(zero) observations that are most likely representing sites beyond the environmental limits of 

a species according to the data, ecological theory or expert opinion, are termed 'naughty 

noughts'(Austin & McKenzie, 1988; Austin & Meyers, 1996). Thus, observations beyond 

the limits set on a given gradient are not included in the modelling stage and the species 

probability of occurrence at such sites is set at zero in the prediction stage. 

Examples of studies on the effects of data restriction on species distribution models are few, 

those that involve model comparisons for presence-absence data are less, and those that are 

systematic in terms of looking at different restriction regimes have not been found. The 

difficulties in interpreting the absence of a species around its distribution limits and the 

potential impacts of the 'naughty noughts' on model predictive performance have long been 

recognised (Yarranton, 1970; Austin, 1971). Studies on the effect of data restriction on 

model predictive performance are scarce because computer resources to tackle these data

intensive studies were not as abundant and powerful as they have recently become. 

Furthermore, improvements in computers have also allowed the development of new 

statistical methods such as GAM (Hastie & Tibshirani, 1990) that are still being assessed as 

tools for species distribution modelling. 

The paucity of restriction studies for models derived from presence-absence data is shown 

by the fact that Franklin (1998) used data restriction primarily on the basis of Austin, 
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Meyers, Belbin and Doherty (1995 (unpub.)), a study that modelled species distribution 

based on simulated species abundance data. Austin et al. (1995 (unpub.)) showed that even 

random variables are still capable of deflating model residual deviance and being included in 

the model and that their selection is more frequent in unrestricted data sets. This means that 

with unrestricted data the reduction of model deviance can be overestimated because the 

model may be simply fitting the zeros beyond the distribution of the species. 

Franklin (1998) restricted the data by excluding zero observations beyond the last positive 

observation ± 10% of the number of observations in the data set for up to three climatic 

variables in order to avoid overestimating the fit of the model. According to Franklin (1998), 

the ± 10% restriction imposed in that study may have been too limited to be effective in 

removing the effects of zeros. It was not shown explicitly if the zeros had any effect on the 

model predictive performance, as the study did not make a comparison with unrestricted 

data. 

Austin and Barry (1998) compared the predictive performance of restricted and unrestricted 

presence-absence GAMs. They found that restricted GAMs had significantly higher residual 

deviance when refitted on independent data, but that the restricted models resulted in better 

spatial predictions of the species distribution. The spatial predictions of restricted models 

may have looked superior to those of unrestricted models simply because all the areas 

beyond the species' known environmental limits were preset at zero. It is possible that the 

model derived from the unrestricted data set may have had better spatial predictive 

performance in the environmental range of the species than those of a restricted model. A 

restricted model may have an exaggerated predictive performance compared to an 

unrestricted model by virtue of the restricted model predictions being confined to the more 

relevant parts of the species' environmental space. Instead, the statistical or spatial predictive 

performance of unrestricted and restricted models should be compared on the baseline of the 

most stringent restriction regime in order to obtain a more relevant performance comparison. 

The benefits of data restriction to model predictive performance have not been 

systematically investigated using different predictive methods for presence-absence data. It 

is therefore possible that undue data restriction may harm the model-building stage and 

consequently, the predictive performance of the model. 
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2.1.5 Aims 

The aim of this chapter was to compare the predictive performance of logistic regression and 

GAM using better measures of model predictive performance in order to address Hypothesis 

2 (H2) and to investigate Hypothesis 1 (H1) by determining the effects of data restriction on 

the predictive performance of plant species distribution models. 

2.2 METHODS 

2.2.1 Study Area 

The study area has been previous described by Austin, Pausas & Nicholls (1996). The study 

area is in south-eastern New South Wales (Australia) (Fig. 2.1) and is about 56 000 km2. 

There are four broad landscape sub-regions: (1) coastal hills and valleys, (2) tablelands, (3) 

mountains, and (4) western slopes. Althoughthe vegetation in the area has been altered by 

agricultural and forestry activities, there are still substantial remnants of woodlands and 

forests. The wooded vegetation of the study area is dominated by Eucalyptus species, except 

in rainforest remnants. The study area contains an elevation range from sea level to the 

highest point in Australia, that is Mt. Kosciuszko (2228 m). 

The coastal region has a summer maximum rainfall while the mountains and western slopes 

have winter maxima. The tablelands have a summer maximum in the south and an even 

distribution in the north. High summer rainfalls occur along the coastal scarp, declining 

westwards. High winter precipitation, including heavy snowfalls on higher ranges, occurs on 

the mountains and slopes in the west of the region. Mean annual temperatures vary from 

16.5 °C in the northern part of the coastal region to 2.5 °C on Mt. Kosciuszko. 

The geology is dominated by large Devonian granite batholiths interspersed with Ordovician 

sediments and partly metamorphosed sediments with a block of Permian sandstone in the 

north-east. Other volcanics, mainly Devonian and Silurian rhyolites, tuffs, and associated 

material, may be dominant locally. Tertiary gravels occur in patches, especially along the 

coast and on the eastern slopes of the Snowy Mountains, and quaternary alluvium is found in 

most low-lying parts of the landscape. 
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Fig. 2.1: A map of the study area showing the location and boundary of the region in 

which tree species data were collected. 
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2.2.2 Biological data and predictor variables 

Access to the presence-absence tree distribution database developed by the Commonwealth 

Scientific and Industrial Research Organisation (CSIRO) has been provided by Dr M.P. 

Austin. Plot size varied from 0.04 ha to 0.25 ha, but was predominantly 0.10 ha. The 

influence 0£ plot size on plant distribution analyses was found to be small (Margules, 

Nicholls & Austin, 1987; Austin et al., 1996). 

The plant species selected for study were Eucalyptus paliformis L. Johnson & Blaxell, 

Eucalyptus ky_,beanensis Maiden and Cambage, Eucryphia moorei R. Hotchkiss., Eucalyptus 

elata Dehnh., Eucalyptus delegatensis R. T. Baker, Eucalyptus fraxinoides Deane and 

Maiden, Eucalyptus fastigata Deane and Maiden, Eucalyptus pauciflora L. Johnson & 

Blaxell and Eucalyptus sieberi L. Johnson. The species were chosen to include trees with 

different ecological and geographical distributions and a range 0£ frequencies 0£ occurrence 

in the study area in order to get generalisable results for the comparisons o£model predictive 

performance. 

The database contains information on the location (latitude and longitude) 0£ the plots. The 

database also includes environmental variables estimated for the observation sites. The 

continuous environmental variables included: mean annual rainfall (mm), mean summer 

rainfall (mm), mean winter rainfall (mm), mean annual temperature (°C), mean maximum 

summer temperature (°C), mean minimum winter temperature (°C), mean daily radiation 

(mj/m2/day), mean daily summer radiation (mj/m2/day), and mean daily June radiation 

(mj/m2/day). The rainfall and temperature variables were generated using the methods 0£ 

Hutchinson (1984) and Adomeit, Austin, Hutchinson & Stein (1987). The radiation 

measures were derived according to Fleming (1971) and Fleming and Austin (1983). In 

addition, topography, lithology and soil nutrient status were included as factor independent 

variables. Lithology and topography were taken from maps i£ they were not recorded on the 

site (Austin et al., 1994). Soil nutrient status was based on geochemical data for total 

phosphorus, a commonly limiting nutrient, from each 0£ 159 lithological categories (Austin 

et al., 1994). The ranges for each 0£ the predictor variables in the study area are shown in 

Table 2.1 and Table 2.2 below. The estimation and constraints 0£ each 0£ the predictor 

variables are shown in Appendix 1. 
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Table 2.1: The environmental space within the study area as measured by the continuous 

rainfall (mm) and temperature (°C) and radiation (mj/m2/day) climatic variables. 

Variable 

mean annual rainfall (mm) 

mean summer rainfall (mm) 

mean winter rainfall (mm) 

mean annual temperature (°C) 

mean maximum summer 

temperature (°C) 

mean minimum winter 

temperature (°C) 

mean daily radiation 

(mj/m2/day) 

mean daily summer radiation 

(mj/m2/day) 

mean daily June radiation 

(mj/m2/day) 

Variable 

abbreviation 

r 

r1 

r2 

t 

tl 

t2 

1 

11 

12 

Study area 

min. max. 

429.0 2154.7 

31.3 308.4 

26.7 245.0 

2.60 17.20 

15.83 31.70 

-7.11 8.31 

6.92 18.43 

12.56 25.85 

2.80 11.24 
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Table 2.2: Key for topography, lithology, and soil nutrient status 

Key Lithology (li) Topography (top) Nutrient status (nu) 

1 volcanics ridge/crest very low 

2 hard sediments slope (upper- and mid-slopes combined) low 

3 soft sediments lower slope medium 

4 granites gully/drainage line/open depression high 

5 other flat very high 

6 quaternary Sediments missing value 

7 missing value other( eg dune, combined gully and flat) 
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The environmental space covered in the study area was regarded as the combinations of the 

values of the predictor variables. The predictor variables were correlated, so not all the 

possible combinations of the variables were present in the study area. To avoid multi

collinearity, highly correlated environmental variables were identified using Spearman rank 

correlations (Sokal & Rohlf, 1995). Spearman rank correlations were used because the 

environmental variables were non-normal. Whether the correlation is high or low is 

subjective, but the thresholds for high correlation usually start at correlation coefficients of 

as low as 0.6 in the example given in Austin and Barry (1998). As a compromise, variables 

with a correlation coefficient greater than 0. 7 were deemed to be highly correlated and were 

not to be included in the same model. Since some of the correlations between environmental 

variables may be non-linear, a scatterplot matrix of all the environmental variables was 

produced to improve the identification of correlated variables. 

2.2.3 Analysis 

2.2.3.1 Data modifications 
If nearly all the observations have a probability of 1 of being allocated to the correct 

response group, then the data configuration may be one of quasi-complete separation 

(Silvapulle, 1981; Albert & Anderson, 1984; Stokes, Davis & Koch, 1995). The existence of 

quasi-complete separation of data points means that the models may not be valid (Stokes et 

al., 1995). Use of the entire data sets (10 587 observations) for the logistic regression models 

for E. paliformis and E. kybeanensis species led to quasi-complete separation in logistic 

regression. Therefore, the predictive modelling of E. paliformis was based on the subset of 

data collected on hard sediments (1 141 observations) because E. paliformis only occurred 

on this lithological category in the study area. Inclusion of data from other lithology 

categories would not have added any information to the model. E. kybeanensis was only 

fo~nd on nutrient levels 1 or 3. The E. kybeanensis data set (4 327 observations) was drawn 

from these soil nutrient status levels. Nutrient status was not used for the other species 

because this variable had a high number of missing values. Lithology was found to be 

sufficient in explaining most of the variation accounted for by soil nutrient status as shown 

in a preliminary modelling exercise. E. moorei was only sampled for in 8 518 sites. The size 

of the species-modified data sets were still large given that Pearce & Ferrier (2000) 

recommended that a sample size of at least 250 is required to model the regional distribution 

of species. 
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2.2.3.2 Data restriction 
Data restriction was implemented by removing the zeros beyond 100 consecutive zero 

observations after the last presence record of the species on both the lower and upper ends of 

the species distribution along the environmental variable in the study area. The choice of the 

number of zero observations after which restriction is enforced is arbitrary. The number of 

zeros was chosen to be a compromise between too many and too few zeros as both scenarios 

have implications on the shape of the species' response curve, especially at the observed 

limits of the species along the environmental gradient (Austin et al., 1994; Austin & Meyers, 

1996; Austin, 1998; Austin & Barry, 1998). The restriction threshold of 100 zero 

observation has been used in other data restriction studies such as Austin and Barry (1998) 

and Austin and Meyers (1996) and was adopted here to allow comparison with other studies. 

Data restriction was carried out on four levels including, no restriction, restriction along a 

major environmental gradient, restriction based on mean annual temperature and restriction 

of the data set to the climatic (including radiation variables) domain of the species. 

Temperature was used as a restriction gradient because mean annual temperature has been 

reported as an ecologically important environmental variable in the study area (Austin & 

Meyers, 1996), in Australia (Paton, 1980) and New Zealand (Leathwick, 1995). The major 

environmental gradient for a particular species was defined as the gradient along which the 

species was most restricted as given by the proportion of the environmental gradient that was 

occupied by the species. The proportion of each environmental variable that was occupied by 

a species was calculated by dividing the range of a species over the variable by the total 

range of the variable in the study area (Equation 2.1 ). 
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(Equation 2.1) 

Where Sp1 and Sp2 are the observed lower and upper limits OD the species along the 

environmental variable respectively, and St1 and St2 are the upper and lower limits OD the 

environmental variable in the study area. The domain OD the species was defined as the 

environmental space occupied by the species once restriction had been implemented on all 

appropriate climatic variables according to the data restriction rules. 

Apart from E. paliformis, E. kybeanensis and E. fastigata, the other species were not entirely 

absent from any OD the categories OD lithology and topography. Even when the number in a 

category was low, these observations were not removed as outliers because without adequate 

ecological and historical disturbance information for a species, it is not justified to label any 

observation as an outlier. Thus, data restriction was limited to climatic variables for all the 

plant species except for E. paliformis and E. kybeanensis where data restriction on lithology 

(confined to hard sediments) and nutrient status (nutrient levels 1 and 3) respectively was 

ecologically valid and statistical necessary to avoid quasi-complete separation in the logistic 

regression models. The variables for data restriction for each species and the size OD the data 

set after restriction are shown in Table 2.3. 
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Table 2.3: The thresholds that were used for the application of the major gradient (M), 

temperature (T) and domain (D) restriction regimes showing the number of observations in 

the unrestricted data set (unrN) and the number of observations after restriction (N). 

Species (unrN) Data restriction thresholds N 

E. delegatensis M:rl 67.0 & r1 133.2 8548 

(10 587) T: t 3.70 & t 10.61 3047 

D:r 883.9 & rl 67.0 & rl 133.2&r2 81.0 & t 3.70& 1287 

t 10.61 & t1 16.72 & t1 24.20 &t2 -4.96 & 

t2 -0.57 & 1 17.79 & 11 18.81 & 11 25.15 

E. elata M:r2 36.0 &r2 99.7 8878 

(10 587) T: t 9.20 9213 

D:r 619.6 & r 1791.1 & rl 71.8 &r2 36.0& 6497 

r2 99.7 & t 9.20 &tl 21.74 & t1 28.11 & t2 -3.31 & 

t2 6.91 &l 17.54&11 24.17 

E. fastigata M:t 7.40&t 15.80 9094 

(10 587) T:na 

D:r 683.7 & rl 60.2 &r2 42.8 &r2 213.5 & t 7.40 & 6327 

t 15.80 & t1 19.36 & t1 27.49 & t2 -3.92 & t2 5.11 & 

1 17.83 &11 24.46 

E. fraxinoides M:r2 46.1 & r2 94.2 8378 

(10 587) T: t 7.40 & t 14.31 7321 

D:r 816.1 & r 1577.1 & rl 74.6 & rl 189.1 & r2 46.1 3796 

&r2 94.2 & t 7.40 & t 14.31 & t1 19.66 & t1 27.71 & 

t2 -3.32 & t2 5.72 & 1 17.73&11 23.91 



Table 2.3: Continued 

Species (unrN) Data restriction thresholds N 

E. kybeanensis M: (nu= 1 or nu= 3) & r1 81.1 & r1 104.8 1501 

(4 327) T: (nu= 1 or nu= 3) & t 7.40 & t 9.40 443 

D: (nu= 1 or nu= 3) & r 950.6 & r 1846.9 & r1 81.1 & 128 
r1 104.8 & r2 56.2 & r2 211.2 & t 7.40 & t 9.40 & 
t1 19.37 & t1 22.55 & t2 -2.51 & t2 -1.36 & 1 16.31 
&11 17.10&11 23.27&12 7.47 

E. paliformis M: li = 2 & r1 92.1 & r1 103.8 246 

(1141) T: 1i = 2 & t 7.40 & t 9.10 125 

E. pauciflora 

(10 587) 

E. sieberi 

(10 587) 

E. moorei 

(8 518) 

Key: 

D: li = 2 & rl 92.1 & r1 103.8 & r 1105.7 & r 1191 & 46 

r2 62.2 & r2 71.7 & t 7.40 & t 9.10 & t1 19.60 & 

t1 21.93 & t2 -2.48 & t2 -1.80 & 1 16.51 & 11 22.84 

& 12 8.40 

M: r1 162.6 

T: t 16.10 

D: r1 162.6 & t 16.10 & t2 7.18 

M: r2 26.7 & r2 109.4 

T: t 8.00 & t 17.20 

10442 

10002 

9827 

9296 

9795 

D: r 517.5 & rl 52.7 & r2 26.7 & r2 109.4 & t 8.00 & 8613 

t 17.20 & t1 20.61 & t1 28.02 & t2 -3.46 & 11 24.64 

M: r2 49.4 & r2 108.4 

T: t 8.40 & t 14.45 

7309 

6269 

D: r 825.7 & r1 75.7 & r2 49.4 & r2 108.4 & t 8.40 & 2628 

t 14.45 & t1 20.93 & t1 27.21 & t2 -2.57 & t2 5.61 & 

11 23.72 

Variables; r: mean annual rainfall (mm), rl: mean summer rainfall (mm), r2: mean winter 
rainfall (mm), t: mean annual temperature ( oC), t 1: mean maximum summer temperature 
(oC), t2: mean minimum winter temr,erature (oC), 1: mean daily radiation (mj/m2/day), 11: 
mean daily summer radiation (mj/m /day), 12: mean daily June radiation (mj/m2/day), li: 
lithology, top: topography 

46 
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2.2.3.3 Comparison of model performance using the receiver operating characteristic (ROC) 
For a given species, the predictive performance o:fi each model was measured by relating the 

predicted probability o:fi occurrence at each site to the observed response (presence or 

absence) o:fi the species. The observed and predicted values were used in the ROC program 

by Atkinson and Mahoney (2001) to calculate the area under the curve (AUC) 0£ a ROC plot 

and its standard error based on DeLong et al. (1988). The program restricts the value o:fi the 

AUC o:fi a ROC plot to values greater than 0.5. To be informative, the entire ROC curve has 

to be above the diagonal o:fi the plot (DeLong et al., 1988). A critical p-value o:fi 0.001 was 

adopted for a one-sided test to determine whether the value o:fithe AUC o:fithe ROC plot was 

significantly greater than 0.5. The significance level o:fi 0.001 was used instead o:fi the 

conventional 0.05 as almost every case was significant at this latter level because o:fithe large 

number o:fiobservations. 

The predictive performance o:fi two modelling methods, x and y, were compared using the 

ROC function in the Atkinson and Mahoney (2001) program. The ROC function (rocJn) 

was used to relate the predicted probabilities, Xp and YP from models x and y respectively for 

a given species, with the observed response o:fi the species, Osp, as shown in Equation 2.2. 

The function generated a ROC object (the object that stores the information for the AUC's o:fi 

the ROC plots for model x and y for a given species), ROCobj, that was then queried for the 

statistical comparison o:fithe ROC curves for the given models. 

(Equation 2.2) 

Where Xp and YP are predicted probabilities 0£ occurrence for a given species by models x 

and y respectively, Osp is the observed species response (i.e. present or absent), roe _Jh is the 

ROC function and ROCobj is the object that stores the information for the AUC's o:fithe ROC 

plots for model x and y for a given species. 

When two or more ROC curves are constructed based on the same observations, statistical 

analysis on differences between curves must take into account the correlated nature o:fi the 

data that otherwise make the differences in model predictive performances appear smaller 

and may in tum appear insignificant (Hanley & McNeil, 1983; DeLong et al., 1988). The 

significance testing for the comparison o:fi the predictive performance 0£ the modelling 
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techniques for each species included the necessary adjustments for correlation using the 

DeLong et al. (1988) method (Atkinson & Mahoney, 2001). 

A Chi-square test with signi£.cance level 0£ 0.025 was used to determine whether the 

predictive performance 0£ one model was significantly different from that 0£ a second model. 

2.2.3.4 Training and testing data sets 
In an attempt to obtain independent test sets for testing the predictive performance 0£ 

models, the data partitioning method 0£ choice, bootstrapping, was trialed. Given the large 

size 0£ the data sets (up to 10 587 observations), the resampling technique was too 

computationally intensive for the available computer resources as the computers constantly 

ran out 0£ memory. The species distribution models had already been developed on the full 

data set in anticipation 0£ generating the model predictions with the bootstrapping method. 

Thus, model predictions had to be made on the same observations that had been used to 

develop the model. Although the data used to develop the models and to test the models was 

the same, the measures 0£ predictive performance are still useful for comparisons among 

models (Franklin, 1998). However, to reduce the levels 0£ optimistic predictions to some 

extent an a posteriori splitting 0£ the data into a minor training set and a testing set was 

implemented so that a fitted model was not predicted on exactly the same data set. 

The unpartitioned data set for each species was split into a minor training set that had two 

thirds 0£ the observations in the species data set and a testing set that had the other third. The 

training set was described as minor to indicate that it was not an independent training set. 

The data were selected using the random sampling program in S-PLUS (S-PLUS 2000, 

1999) with a random number seed 0£ 10. A random number seed was recorded so that the 

random sample could be reproduced i£ needed for future comparisons. An equal sampling 

probability was enforced so that each observation had an equal chance 0£ entering the 

random sample. Random sampling was carried out without replacement for subsetting two 

thirds 0£ the observations from the entire data set into the minor training set. The 

complement 0£ the minor training set was then identified and used as the testing set. The 

minor training set was supposed to maintain the species-environment relationship but at the 

same time have a data structure that was different from that 0£ the entire data set to some 

extent. 
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2.2.3.5 Model building 
An explicit and rigorous model-building approach was employed to develop species 

distribution models that were as free as possible from model overfitting and to exclude 

highly correlated independent variables. Furthermore, regression diagnostic techniques that 

included the examination ofi the residuals, the influence, both actual and potential, ofi 

individual observations on the fitting ofi the model and the estimation ofi the model 

parameters (Pregibon, 1981; Cook & Weisberg, 1986) were used to critically assess the 

models during model building. 

2.2.3.6 Fitting of logistic regression models 

Models were fitted on the unpartitioned data set for each species at each ofithe four data 

restriction regimes ofino restriction, major gradient restriction, temperature restriction and 

climatic domain restriction. Histograms were used in an attempt to view the possible shapes 

ofi a species response function for each variable. However, this approach required 

unavailable expert knowledge for the determination of other variables to stratifr on. The 

absence ofi stratification or stratifring species data on inappropriate variables would lead to 

misleading histograms. Thus, the terms ofithe continuous environmental variables (Table 

2.1) tested for inclusion in each plant species distribution model were the main effects, 

quadratic and cubic functions and two-way interactions. The categorical variables, lithology 

and topography, were tested for inclusion in the model as main effects and as interactions 

with other continuous and categorical variables. 

Hierarchy in model building refers to the inclusion ofi lower order terms ofi a variable before 

the inclusion ofi higher order polynomials or the inclusion ofi the main effects before the 

inclusion ofi their interactions. Hierarchy was imposed on the model-building procedure 

because, for statistical reasons, the simpler terms ofi a variable must be in the model before 

the more complex terms (Hosmer & Lemeshow, 1989; Mccullagh & Nelder, 1989). 

Forward selection (Draper & Smith, 1966), a model-building procedure where variables that 

cause the largest reduction in the model residual deviance are entered into a model, one at a 

time, starting with a null model and ending with the appropriate parsimonious model was 

employed and was carried out in SAS (version 8.2) (SAS, 1999). The forward selection 

model-building procedure was used because it is exploratory in nature and thus suits the 

observational data that were used for modelling (Nicholls, 1989). 
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For a variable to be entered into the model, it had to cause reduction in deviance that was 

significant at a p-value of 0.05. This level of significance was deemed generous enough to 

include all potentially important variables in the model, particularly with the large data sets 

(Austin & Barry, 1998; Pearce & Ferrier, 2000) used in this study. At the same time the 0.05 

significance level is conservative enough to screen out most random variables (Bendel & 

Afifi, 1977; Pearce & Ferrier, 2000). The Cp statistic (Efron & Tibshirani, 1993) was 

monitored using S-PLUS (S-PLUS 2000, 1999) to check that the predictive performance ofi 

the model was increasing relative to the parameters in the model. The more informative a 

model is, the smaller the value ofi the Cp statistic (Efron & Tibshirani, 1993). The Cp 

statistic was selected as a compromise among other prediction error measures such as 

Akaike's information criterion (AIC) (Efron & Tibshirani, 1993) and Scharwz's criterion (or 

Bayesian information criterion (BIC)) (Efron & Tibshirani, 1993). AIC is an overly liberal 

measure of prediction error, whilst BIC is too conservative (Efron & Tibshirani, 1993). 

Using AIC, almost all variables were significant and could be entered into the model, 

whereas with BIC, it was difficult to enter more than one or two variables into the model. 

The size ofi the parameter estimates for the intercept and the predictor variables were 

monitored because the parameter estimates and/or their standard errors become large as the 

fit ofi model begins to degrade due to overf1tting or the inclusion ofi collinear or random 

variables (Hosmer & Lemeshow, 1989). 

During the forward selection modelling procedure on the unpartitioned data, each submodel 

was refitted on the minor training set. The refitted model was then used to predict on the test 

set to determine whether there was a significant difference (p-value = 0.025) in the model 

predictive performance (AUC of the ROC plot) of a less complex model compared to a more 

complex model. Addition ofi predictor variables was stopped when the introduction of a new 

variable violated any ofithe above criteria. 

2.2.3. 7 Fitting ofGAMs 
The GAMs for species distribution were fit using the forward selection procedure. For each 

species at a given data restriction regime, a significant (p = 0.05) variable (with four degrees 

of freedom) that caused the largest decrease in deviance without signs ofi a bad fit in the 

partial residuals plot was entered as the first variable ofi the GAM. Four degrees ofi freedom 

were used as the initial amount ofi smoothing as suggested by Austin and Barry (1998) and 
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because most vascular plants do not need more than two degrees ofi freedom to define their 

functional response to an environmental variable (Pearce & Ferrier, 2000). The smaller the 

number ofi degrees of freedom utilised, the more parsimonious the model (Yee & Mitchell, 

1991). 

An appropriate amount of smoothing for a variable was chosen by altering the number ofi 

degrees of freedom and then inspecting the partial residuals plots (Hastie & Tibshirani, 

1990), checking for the significance (p = 0.05) ofithe smoothing, and determining whether a 

higher number ofi degrees of freedom reduced the value ofi the Cp statistic. Furthermore, for 

the model to maintain x degrees ofi freedom for a given variable, the predictive performance 

of the model with x degrees ofi freedom had to be significantly greater than one with x -1 

degrees of freedom. To increase the degrees of freedom to x + 1 for a given variable, the 

model with the extra degree ofi smoothing had to have a significantly higher predictive 

performance. 

A second variable was selected by running each of the yet unincluded variables (with four 

degrees of freedom) in the model with the first variable with the number of degrees ofi 

freedom determined from the previous stage. The second variable to result in the greatest 

reduction in model deviance in combination with the first variable, had to cause a significant 

reduction and also meet the other criteria for entering the model used in the first stage of 

model fitting. After meeting the criteria the degrees of freedom ofi both variables were 

adjusted as necessary by checking the same GAM fitting criteria used in the first stage. This 

process was repeated until either the reduction in deviance or the increase in model 

predictive performance was insignificant, or the increase in model information as indicated 

by the Cp statistic stabilised. 

Categorical variables (lithology and topography) cannot be smoothed, so they were tested for 

inclusion into the model without smoothing. When the variable main effects were in the 

model, their unsmoothed interactions were tested for inclusion into the GAM. A p

dimensional smoother was not tested for because smoothers breakdown in high dimensions 

due to "the curse ofi dimensionality" (Hastie & Tibshirani, 1990; Yee & Mitchell, 1991). 

"The curse of dimensionality" occurs when data points become isolated in p-space and the 

smoothing requires a larger neighbourhood to find enough points in order to calculate the 

variance of an estimate. Hence, the estimate could become severely biased because it is no 



52 

longer local. A p-dimensional smoother is also data intensive and therefore, demanding on 

computer resources (Yee & Mitchell, 1991). 

2.2.3.8 Anaf;ysis of model predictive performance 
Restricted models could not be used to make predictions beyond their restriction limits 

because this would have required model extrapolation. Model extrapolation is not 

statistically recommended and was not used because the restricted model would have had to 

make predictions for environmental conditions that the model had no information about. 

Thus, model predictions had to be limited to the environmental space in which the model 

was developed. 

To demonstrate the effect 0£ over-prediction in unrestricted or less restricted models, the 

models were compared without taking into account the differences in predictive performance 

due to different levels 0£ restriction. The comparisons were then made on a platform 0£ equal 

restriction, i.e. the restriction 0£ the more stringent restriction level. For instance, for the 

predictions from unrestricted models the nonzero model predictions were restricted to a 

temperature gradient, a major gradient, a combination 0£ the temperature and major gradient 

restrictions, and the domain restriction as was appropriate for the comparison. 

A balanced fixed effects analysis 0£ variance (ANOV A) (Sokal & Rohlf~ 1995) was used to 

compare the predictive performance 0£ logistic regression and GAM across models based on 

the unrestricted data and on major gradient, temperature and domain restricted data. The 

differences in model predictive performance among the different data restriction regimes 

introduced by the differences in species were taken into account by including a 

restriction:species method interaction term. Likewise, method:species and method:restriction 

interaction terms were tested for. The domain restriction 0£ predictions was used so that 

predictive performance o£models with different degrees o£restriction could be measured on 

the same scale. This way, the actual predictive abilities o£the models were compared and not 

the different degrees 0£ restriction. 

As no logistic regression model was valid for E. paliformis under domain restriction and for 

E. kybeanensis under temperature restriction and domain restriction, these species were 

excluded from the analysis. E. fastigata was also excluded from the analysis because mean 

annual temperature represented the species' major gradient so no comparison could be made 
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for the temperature restriction and major gradient restriction regimes for this species. A 

GAM without any smoothing is a logistic regression model (Hastie & Tibshirani, 1990; Yee 

& Mitchell, 1991 ). Therefore, where smoothed variables could not be entered into the GAM, 

the logistic regression model for the species was accepted as the best model that could be 

made with linear terms. Where this was necessary, the logistic regression models did not 

have curvilinear terms i.e. polynomials, showing that smoothing was not necessary or that 

there was too much noise in the data (Yee & Mitchell, 1991 ). 

Domain restriction was severe for some species e.g. as E. delegatensis was left with an 

unpartitioned data set with about 12% 0£ the observations in the unrestricted data set {Table 

2.3). 1£ predictions are domain restricted this automatically sets all sites beyond the 

restriction thresholds to zero. Thus, domain restriction may have influenced the model 

predictive performance comparison due to the inflation 0£ a model's ability to predict 

absence sites. As a check, a complementary ANOV A based on the model predictive 

performance values from a less intense data restriction regime (a combination o£temperature 

and major gradient restrictions) was used to compare unrestricted models, temperature 

restricted_ models and major gradient restricted models. The model predictive performance 

comparisons from a domain restriction baseline and from the less severe restriction baseline 

were similar. Therefore, the analysis was continued on the domain baseline. 

Although the data used did not meet all the ANOV A assumptions, the use 0£ ANOV A in 

comparing model predictive performance is common (Austin & Barry, 1998; Pearce & 

Ferrier, 2000) because the ANOV A is deemed to be robust to the violation ofi the 

assumptions. As the ANOVA model diagnostic plots did not show any major reasons for 

concern, this was taken as evidence that ANOV A could handle the data. However, as some 

0£ the ANOVA assumptions were not met, as in Austin & Barry, (1998), the results 0£ the 

ANOV A were taken to be indicative 0£ the differences between the predictive performance 

for given treatments, The Tukey method (Sokal & Rohlf1 1995) for multiple mean 

comparisons was used to identify the restriction regimes that were significantly different. 
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2.3 RESULTS 

2.3.1 Correlation between independent variables 

The Spearman rank correlations for the continuous environmental variables (Table 2.4) show 

that generally, the variables were not highly correlated, with mean annual temperature (t) 

and mean minimum winter temperature (t2), and mean daily radiation and mean daily June 

radiation (12), and mean summer rainfall (rl) and mean summer daily radiation (11) showing 

the highest correlations of 0.95. 0.86, and - 0.74 respectively. The scatterplot matrix of the 

environmental variables over the study area (Fig. 2.) shows that t and t2, and 1 and 12, are 

indeed correlated and would introduce multi-collinearity to a model. However, r1 and 11 are 

not highly correlated as shown by the scatter of observations in their two-way plot (note they 

have a correlation coefficient of - 0.7 and the threshold for highly correlated variables was 

0.7). 
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Table 2.4: Spearman correlation matrix for environmental variables over the entire 

environmental space of: the study area. The highly correlated variables are indicated by an 

asterisk. 

Variables r r1 r2 t t1 t2 1 11 

rl 0.64 

r2 0.64 -0.02 

t -0.17 0.29 -0.4 

t1 -0.23 0.03 -0.3 0.61 

t2 -0.09 0.31 -0.29 0.95* 0.5 

1 -0.27 -0.23 -0.14 0.05 0.19 -0.03 

11 -0.37 -0.74* 0.18 -0.35 -0.07 -0.34 0.49 

12 0.02 0.09 -0.07 0.14 0.18 0.06 0.86* 0.15 

Key: 

Variables; r: mean annual rainfall (mm), r 1: mean summer rainfall (mm), r2: mean winter 
rainfall (mm), t: mean annual temperature ( oC), t1: mean maximum summer temperature 
(oC), t2: mean minimum winter temr,erature (oC), 1: mean daily radiation (mj/m2/day), 11: 
mean daily summer radiation (mj/m /day), 12: mean daily June radiation (mj/m2/day), li: 
lithology, top: topography 
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•► ......... ~ 11 ""' 0 0 0 0 0 00 0 

Fig. 2.2: Scattetplot matrix showing the pairwise relationships of the independent variables 

over the study area. 

Key: 

Variables; r: mean annual rainfall (mm), rl: mean summer rainfall (mm), r2: mean winter 
rainfall (mm), t: mean annual temperature (oC), tl: mean maximum summer temperature 
(oC), t2: mean minimum winter temr,erature (oC), 1: mean daily radiation (mj/m2/day), 11: 
mean daily summer radiation (mj/m /day), 12: mean daily June radiation (mj/m2/day), Ii: 
lithology, top: topography 
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2.3 .2 Species distribution models 

The variables chosen for the logistic regression models and generalised additive models for 

E. sieberi, E. paucijlora, E. fastigata, E. elata, Eucryphia moorei, E. delegatensis, E. 

fraxinoides, E. paliformis, and E. k)l,beanensis under the unrestricted, major gradient, 

temperature and domain restriction regimes are shown in Table 2.5a and 2.5b respectively. 
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Table 2.5a) The variables chosen for the logistic regression models for E. sieberi, E. 

pauciflora, E. fastigata, E. elata, Eucryphia moorei, E. delegatensis, E. fraxinoides, E. 

paliformis, and E. kybeanensis under the unrestricted, major gradient, temperature and 

domain restriction regimes. 

Species Model Variables selected 

E. delegatensis glm_unr r2, r2*r2, r2*r2*r2 

glm t r2 + r2*r2 + t2 + t2*t2 + 1 

glm_m r2 + r2*r2 + 1 

glm_dom 12 

E. elata glm unr r2 + li + r1 

glm t r2 + li + 11 

glm m r2 + li + 11 

glm_dom r2 

E. fastigata glm_unr t2 + r2 + r + r*r 

glm_t na 

glm_m t2+ r1 + r1 *rl + r2 

glm_dom t2+r2+r 

E. fraxinoides glm_unr t + 11 + r2 + r + r*r 

glm t t + 11 + r2 + r + r*r 

glm m t+ll+r 

glm_dom t 

E. kybeanensis glm unr tl + li 

glm t na 

glm_m li + tl 

glm_dom na 

E. paliformis glm_unr tl 

glm t 11 

glm_m tl 

glm_dom na 

E. pauciflora glm_unr t+rl+r2 

glm t t+rl+r2 

glm m t + r1 + r2 

glm_dom t+rl+r2 



Table 2.Sa): Continued. 

Species 

E. sieberi 

E. moorei 

Key: 

Model 

glm_unr 

glm_t 

glm_m 

glm_dom 

glm_unr 

Variables selected 

top+ r2 + 1i + t2 + t2*t2 + t1 + tl:t2 +r +r*r 

top+ Ii+ t2 + t2*t2 + t1 

top+ Ii+ t2 + t2*t2 + t1 + tl:t2 +r +r*r 

top+ 1i + t2 + t2*t2 + tl 

11 

glm_t 11 

glm_m 11 

glm_dom 11 

Logistic regression models; glm_unr: predictive performance o:fiunrestricted model. 
glm_t: predictive performance o:fitemperature restricted model. 
glm_m: predictive performance o:fimajor gradient restricted model. 
glm _ dom: predictive performance of climatic domain restricted model. 
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resglm_t: predictive performance o:fimodel based on unrestricted data but with. temperature 
restricted predictions. 
resglm _m: predictive performance o:fi model based on unrestricted data but with major 
gradient restricted predictions. 
resglm _ dom: predictive performance o:fi model based on unrestricted data but with domain 
restricted predictions. 

· glm_t(dom): predictive performance o:fi temperature restricted model but with domain 
restricted predictions. 
glm_m(dom): predictive performance o:fi major gradient restricted model but with domain 
restricted predictions. 
glm_t(m): predictive performance o:fi temperature restricted model but with predictions 
confined to the major gradient data restriction as well. 
glm_m(t): predictive performance o:fi major gradient restricted model but with predictions 
confined to the temperature data restriction as well. 
na: model not feasible 

Variables; r: mean annual rainfall (mm), rl: mean summer rainfall (mm), r2: mean winter 
rainfall (mm), t: mean annual temperature ( oC), t1: mean maximum summer temperature 
(oC), t2: mean minimum winter tem~erature (oC), 1: mean daily radiation (mj/m2/day), 11: 
mean daily summer radiation (mj/m /day), 12: mean daily June radiation (mj/m2/day), Ii: 
lithology, top: topography 
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Table 2.5b) The variables chosen for the generalised additive models for E. sieberi, E. 

pauciflora, E. fastigata, E. elata, Eucryphia moorei, E. delegatensis, E. fraxinoides, E. 

paliformis, and E. kybeanensis under the unrestricted, major gradient, temperature and 

domain restriction regimes. 

Species Model Variables selected 

E. delegatensis gam_unr s{tl, df= 2) + s(r2, df = 3) 

gam_t s(r2, df = 2) + s(tl, df = 2) + 12 

gam_m s(r2, df= 2) + s(tl, df= 2) 

gam_dom s(tl, df= 2) + 12 + s(r2, df = 2) 

E. elata gam_unr s(r, df = 3) + r2 

gam_t s{rl, df = 3) + s(r2, df = 4) 

gam_m s(rl, df = 3) + s(t, df= 2) +top+ top:t 

gam_dom r2 

E. fastigata gam_unr s(t, df = 3) + s(rl, df= 2) + s(r2, df = 2) 

gam_t na 

gam_m s(t, df= 3) + r1 + s(r, df= 4) 

gam_dom s(t, df= 3) + s(rl, df= 2) + r2 

E. fraxinoides . gam_unr s(t, df= 3) + s(ll, df= 2) 

gam_t s(ll, df= 2) 

gam m s(t, df = 2) + s(ll, df= 2) 

gam_dom t 

E. kybeanensis gam_unr s(t, df= 2) 

gam_t s(ll, df= 2) 

gam_m s(t, df= 2) 

gam_dom na 

E. paliformis gam_unr t1 

gam t s(r2, df= 2) 

gam_m t1 

gam_dom na 

E. pauciflora gam unr t+rl +r2 

gam_t t + r1 + r2 

gam_m t + rl + r2 

gam_dom t+rl +r2 



Table 2.5b ): Continued. 

Species 

E. sieberi 

E. moorei 

Key: 

Model 

gam_unr 

gam_t 

gam_m 

gam_dom 

gam_unr 

gam_t 

gam_m 

gam_dom 

Variables selected 

s(t, df = 4) + s(tl, df = 4) + s(rl, df=4) + top 

s(t2, af = 5) + s(tl, df= 3) +top+ s(r2, df= 4) 

s(t2, df = 4) + s(tl, df = 3) +top+ s(r, df = 2) 

s(t2, df= 2) + s(tl, df= 2) + top 

s(rl, df= 2) 

rl + s(r2, df= 2) 

r + s(r2, df = 2) 

11 

Generalised additive models; gam_unr: predictive performance of unrestricted model. 
gam_t: predictive performance of temperature restricted model. 
gam _ m: predictive performance of major gradient restricted model. 
gam _ dom: predictive performance of climatic domain restricted model. 
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resgam_t: predictive performance of model based on umestricted data but with. temperature 
restricted predictions. 
resgam_m: predictive performance of model based on unrestricted data but with major 
gradient restricted predictions. 
resgam_dom: predictive performance of model based on umestricted data but with domain 
restricted predictions. 
gam_t(dom): predictive performance of temperature restricted model but with domain 
restricted predictions. 
gam_m(dom): predictive performance of major gradient restricted model but with domain 
restricted predictions. 
gam_t(m): predictive performance of temperature restricted model but with predictions 
confined to the major gradient data restriction as well. 
gam _ m(t): predictive performance of major gradient restricted model but with predictions 
confined to the temperature data restriction as well. 
na: model not feasible 

Variables; r: mean annual rainfall (mm), rl: mean summer rainfall (mm), r2: mean winter 
rainfall (mm), t: mean annual temperature (oC), tl: mean maximum summer temperature 
(oC), t2: mean minimum winter tem~erature (oC), 1: mean daily radiation (mj/m2/day), 11: 
mean daily summer radiation (mj/m /day), 12: mean daily June radiation (mj/m2/day), Ii: 
lithology, top: topography 

s(x, df= n): smoothing for variable x with n degrees of freedom 
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The comparisons 0£ the predictive performance (AUC 0£ ROC plot) 0£ logistic regression 

species distribution models based on data with different levels 0£ restriction for E. 

delegatensis, E. elata, E. paucijlora, and E. sieberi are shown in Table 2.6. With E. 

delegatensis for instance, more restricted models appeared to have higher predictive capacity 

than the less restricted models. However, once the differences in restriction were taken into 

account by restricting all predictions to the climatic domain 0£ the species, the less restricted 

models were no longer generally inferior to the more severely restricted models (Table 2.6). 

Similar distortions 0£ the model performance comparisons were found for the other species 

for logistic regression models and in the GAM species distribution models as well 

(Appendix 2 and Appendix 3 respectively). In some species, such as E. sieberi, the 

unrestricted models had significantly greater predictive performance than the domain

restricted models despite the differences in the different levels 0£ restriction on the model 

predictions (Table 2.6). 
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Table 2.6: Shows that the comparison of the predictive performance (AUC of a ROC plot) of 

logistic regression models based on different levels of data restriction and the p-value for 

each comparison (shown in brackets). The results of the comparisons varied depending on 

whether or not differences in data restriction were taken into account by restricting the 

predictions of the models to the climatic domain of the species, and also showed that the 

models with less severe data restriction generally had significantly higher predictive 

performance than the domain restricted models, that were more severely restricted. 

s2ecies Data treatment glm unr glm t glm m glm dom glm m(t) 
E. delegatensis 0.9437 0.9753 0.9471 0.9674 0.9569 

resglm_t 0.9583 0.9583 
(0) (0) 

resglm_m 0.9478 0.9478 
(0) (0.8504) 

resglm_dom 0.9654 0.9654 
(0) (0.6498) 

glm_m 0.9471 
(0) 

glm_dom 0.9674 0.9674 
(0.048) (0) 

glm_t(dom) 0.9768 
(0.015) 

glm_m(dom) 0.9638 
(0.3102) 

glm_t(m) 0.9753 
(0) 

E. elata 0.73 0.7394 0.738 0.7598 0.7463 
resglm_t 0.7372 0.7372 

(0) (0.8044) 
resglm_m 0.7404 0.7404 

(0) (0.7752) 
resglm_dom 0.7735 0.7735 

(0) (0.316) 
glm_m 0.738 

(0.6745) 
glm_dom 0.7598 0.7598 

(0.2308) (0.1649) 
glm_t(dom) 0.7782 

(0.2223) 
glm_m(dom) 0.7809 

(0.1165) 
glm_t(m) 0.7488 

(0.3702) 
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Table 2.6: Continued. 

SQecies Data treatment glm unr glm t glm m glm dom glm m(t} 
E. pauciflora 0.8545 0.8547 0.8545 0.8549 0.8546 

resglm_t 0.8546 0.8546 
(0.2422) (0.0638) 

resglm_m 0.8545 0.8545 
(0.2315) (0.6186) 

resglm_dom 0.8546 0.8546 
(0.0713) (0.0597) 

glm_m 0.8545 
(0.0237) 

glm_dom 0.8549 0.8549 
(0.0111) (0.0074) 

glm_t(dom) 0.8548 
(0.1061) 

glm_m(dom) 0.8547 
(0.0496) 

glm_t(m) 0.8548 
(0.0471 

E. sieberi 0.8582 0.8071 0.8513 0.8287 0.8515 

resglm_t 0.8583 0.8583 
(0.0129) (0) 

resglm_m 0.8611 0.8611 
(0) (0) 

resg)m_dom 0.8621 0.8621 
(0) (0) 

glm_m 0.&513 0.8220 
(0) (0) 

glm_dom 0.8287 0.8287 
(0) (0) 

glm_t(dom) 0.8268 
(0.0681) 

glm_m(dom) 0.8549 
(0) 

glm_t(m) 0.822 
(0) 

Key: 

Logistic regression models; glm_unr: predictive performance o£unrestricted model. 
glm _t: predictive performance 0£ temperature restricted model. 
glm_m: predictive performance o£major gradient restricted model. 
glm_dom: predictive performance o£climatic domain restricted model. 
resglm _t: predictive performance 0£ model based on umestricted data but with. temperature 
restricted predictions. 
resglm_m: predictive performance 0£ model based on umestricted data but with major 
gradient restricted predictions. 
resglm _ dom: predictive performance 0£ model based on umestricted data but with domain 
restricted predictions. 
glm_t(dom): predictive performance 0£ temperature restricted model but with domain 
restricted predictions. 
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glm_m(dom): predictive performance of major gradient restricted model but with domain 
restricted predictions. 
glm _t(m): predictive performance of temperature restricted model but with predictions 
confined to the major gradient data restriction as well. 
glm _ m(t): predictive performance of major gradient restricted model but with predictions 
confined to the temperature data restriction as well. 
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Data restriction had a significant (p = 0.007) effect on the predictive performance ob 

distribution models as shown by the ANOV A (Table 2. 7) ob the effect of data restriction and 

modelling method on model predictive performance taking into account the effect of 

different species. The predictive performance ob major gradient restriction models was 

significantly higher than that ob domain restricted models as shown by the plot ob the 

simultaneous 95% confidence intervals from the Tukey method (Fig. 2.3). The effect of data 

restriction regimes on model predictive performance was to some extent species specific, as 

shown by the significant (p = 0.013) interaction term between species and restriction method 

(restriction:species) and as illustrated in Fig. 2.4. The predictive performance of GAM was 

significantly superior to that of logistic regression (p-value = 0.003) regardless of data 

restriction method or species as shown by the insignificant method:restriction and 

method:species interaction terms in Table 2. 7. 
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Table 2.7: ANOV A showing the effects of species, modelling methods, and data restriction 

on the predictive performance in tree species distribution modelling. 

Source of variation Df 

species 5 

method 1 

restriction 3 

restriction:species 15 

restriction:method 3 

method:species 5 

residuals 15 

Df: degrees of freedom 

SS: sums of squares 

MS: mean squares 

ss 
0.2411 

0.0006 

0.0009 

0.0025 

0.0002 

0.00067 

0.0008 

MS F-Value Pr(F) 

0.0482 945.3853 0 

0.0006 12.2530 0.0032 

0.0003 5.9602 0.0070 

0.0002 3.3096 0.0133 

0.0001 1.1541 0.3600 

0.0001 2.6074 0.0688 

0.0001 



dom-resmdom 
resdom-resmdom 
restdom-resmdom 

-0.020 -0.016 -0.012 -0.008 -0.004 0.0 
simultaneous 95 % confidence limits, Tukey method 

response variable: domrocs 
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0.004 

Fig. 2.3: The Tukey simultaneous 95% confidence intervals showing that the predictive 

performance (AUC of ROC plot = domrocs) of major gradient restriction models was 

significantly higher than that of domain restricted models ( dom-resmdom) and also shows 

the differences between the mean predictive performance of umestricted versus major 

restriction models (resdom-resmdom), and temperature restricted versus major gradient 

restricted models (restdom-resmdom). 
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Fig. 2.4: The effect 0£ no restriction (resdom), temperature restriction (restdom), maJor 

gradient restriction (resmdom) and climatic domain restriction ( <lorn) data restriction regimes 

on the predictive performance (AUC 0£ ROC plot) 0£ distribution models for different tree 

species (del: E. delegatensis, ela: E. elata, fra: E. fraxinoides, moo: E. moorei, pau: E. 

pauciflora and sie: E. sieberi). Each restriction level (see legend) has three points 

representing the 95% con£.dence limits on either side o£the mean. 
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2.4 DISCUSSION 

Direct comparisons ofimodels with different degrees ofirestriction, or restrictions in different 

parts ofi the study area's environmental space, were generally not informative about 

differences in model predictive performance (Table 2.6). They were more a measure ofi the 

differences in the preset prediction restrictions. Therefore, for further analysis models were 

compared on the same data restriction baseline in order to draw conclusions with more 

insight about how well the models performed when predicting over the same environmental 

space. 

Whilst data restriction had no effect on the complexity ofi the models selected (Table 2.Sa) or 

the predictive performance ofi models for a species like E. pauciflora (Table 2.6), the results 

also show that data restriction was detrimental to the model predictive performance for some 

species such as E. sieberi (Table 2.6; Fig. 2.4). Temperature restriction and extreme data 

truncation under the climatic domain restriction regime caused a reduction in model 

predictive performance for E. sieberi. In the unrestricted models for E. sieberi, the strong 

and complex relationship between the distribution ofi this species and temperature variables 

was evident (Table 2.Sa and 2.Sb ). In contrast, the models for temperature and domain 

restricted models for E. sieberi were simple. Thus, for E. sieberi, temperature and domain 

data restriction regimes caused decreased model predictive performance because some ofi the 

zeros that were removed contained information that allowed the species' complex 

relationship with the environment to be detected. 

Unlike E. sieberi, E. elata models had low predictive performance for umestricted models, 

but like E. sieberi, E. elata models had the worst performance with domain restricted data 

(Fig. 2.4). For E. elata, model performance benefited significantly from the intermediate 

levels ofi data restriction imposed by temperature and major gradient restrictions. The fact 

that the predictive performance was worst for umestricted and domain restricted models has 

some interesting implications for the effects ofi data restriction on model predictive 

performance. This implies that in the umestricted data set, there were too many zeros 

masking the species-environment relationship and thus making it difficult to detect the 

influence ofi important environmental variables. On the other hand, domain restricted models 
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were based on data that did not have enough information on the species' absences to build a 

good distribution model. 

Although, the major gradient restricted models were significantly better overall than domain 

restricted models, they were not significantly better than the umestricted and temperature 

restricted models. However, major gradient restricted models had consistently high 

predictive performance (see major gradient predictions restricted to the species' climatic 

domain in Table 2.6). Thus, major gradient restriction 0£ data would be recommended for 

plant species distribution modelling where there are constraints in terms 0£ time and other 

resources that are required for the modelling exercise. However, this study showed that the 

model predictive performance for different plant species is different for a given data 

restriction strategy. Therefore, it is necessary to investigate models that are developed under 

the different data restriction regimes in order to obtain the distribution model with the best 

predictive performance for the given species. 

Noticeably, for some species, the major gradient caused smaller data restrictions in terms 0£ 

the number 0£ observations removed compared to temperature data restriction (Table 2.3). 

For instance, the major gradient restricted data set for E. delegatensis had 8 548 observations 

whilst the temperature restricted data set had 3 047 observations. This was because the 

definition 0£ the major gradient focused on the proportion 0£ the gradient that was occupied 

by the species and was not a measure 0£ the number 0£ observations removed. The definition 

and formula (Equation 2.1) for calculating the major gradient used in this study selected 

variables that were related to rainfall seasonality, i.e either winter rainfall or summer rainfall 

{Table 2.3). Other distribution-modelling studies, such as Austin and Barry (1998), have 

used rainfall seasonality as predictor variable. A report on the pre-17 50 vegetation mapping 

for the south-coast forests area also found rainfall seasonality to be an important predictor 

variable 0£ species distributions {Austin, 1996 (unpub.)). The superior predictive 

performance 0£ major gradient restricted models was probably because the restriction was 

ecologically sensible as it accounted for the effects 0£ rainfall seasonality on species 

distribution. 

Franklin (1998) based her models on domain restricted data. Therefore, the predictive 

performance 0£ the logistic regression models and GAMs may have been underestimated to 

some extent in Franklin (1998). Austin and Barry (1998) concluded that data restriction was 
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harmful to model predictive performance as given by a statistical measure 0£ performance. 

However, Austin and Barry (1998) only used the domain data restriction regime. Hence, the 

findings o£Austin and Barry (1998) are in agreement with this study, i.e. domain restriction 

is generally harmful to model predictive performance. But as shown in this study, 

unrestricted models may also reduce model predictive performance, but intermediate data 

restriction, particularly along a major gradient, generally improves predictive performance. 

Although Austin and Barry (1998) found that the predictive performance 0£ domain 

restricted models was reduced, they concluded that the spatial predictions derived from 

domain restricted models were better than those derived from unrestricted models. However, 

comparisons 0£ statistical predictive performance were misleading in favour 0£ the model 

that was restricted to the more relevant part o£the species' environmental space, as shown in 

Table 2.6. Similarly, it is suspected that the restricted spatial predictions in Austin and Barry 

(1998) were better than the umestricted predictions simply because the predictions 0£ 

restricted models were made over a more relevant environmental space for the species. 

When designing the study, it was envisaged that data restriction would improve the 

predictive performance 0£ logistic regression by producing models that selected the 

important environmental variables and assumed more appropriate species functional 

responses in the absence 0£ zeros that might mask the species-environment relationships. As 

in other studies (Franklin, 1998; Pearce & Ferrier, 2000), GAMs were found to be superior 

to logistic regression in terms 0£ predictive performance. The supremacy 0£ the predictive 

performance 0£ GAM was maintained even when different data restriction regimes were 

used. 

GAMs may have been superior to logistic regression because GAMs are data driven (Yee & 

Mitchell, 1991) and hence can capture the most appropriate functions 0£ the species' 

response to environmental gradients. Conversely, exact functions have to be pre-specified to 

be considered for inclusion in a logistic regression model. There are mathematical and 

practical difficulties in obtaining a function that describes exactly the functional response 0£ 

a species as given by the data. Therefore, it is hard to include the appropriate variable term 

for consideration in the logistic regression modelling exercise. 
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Another factor that may have contributed to the inferior performance of logistic regression is 

the way in which the models were developed. The hierarchical forward selection procedure 

used may have been responsible for the inability of logistic regression to capture the 

appropriate species functional responses and hence its poorer predictive performance. Even 

when the species functional response can be described by polynomials, it is still difficult to 

capture the appropriate species response to an important variable using hierarchical forward 

selection (Hosmer & Lemeshow, 1989). An important variable may have a large influence 

on the species as an interaction or as a higher order polynomial. But if the linear or less 

complex form does not reduce model residual deviance as much as the simpler terms of 

other less important variables the complex form of the important variable does not have the 

opportunity to enter the model. Thus, it may be possible to improve the predictive 

performance of logistic regression by using an alternative model-building procedure such as 

the backward elimination procedure (Draper & Smith, 1966) that starts with a full model that 

is then reduced to a more parsimonious model. 

It is also possible that logistic regression may have greater predictive powers than GAM for 

species of a given distribution pattern. The effect of species on the performance of different 

modelling methods was investigated in the ANOV A but unlike the restriction:species 

interaction, the method:species interaction was not significant (Table 2. 7). Thus, a 

generalisation of the effect of species distribution pattern on the predictive performance of 

different modelling methods could not be made. If the effect of species distribution pattern 

on the predictive performance of logistic regression and GAM could be determined it would 

be easier to choose the appropriate modelling method for a given plant species. 

2.5 CONCLUSION 

The results of this chapter showed that the level of data restriction does have an impact on 

model predictive performance. Hypothesis 1 (H1) was therefore accepted. It was also shown 

that GAMs had a higher predictive performance than logistic regression, regardless of the 

data restriction method, as shown by the insignificance of the method:species interaction 

term (Table 2.7).Thus, Hypothesis 2 (H2), that different modelling methods have different 

levels of predictive performance was accepted. 
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However, given an appropriate data restriction regime such as major gradient restriction, and 

an alternative model selection procedure to the forward selection procedure, it might be 

possible to improve the predictive performance ofilogistic regression models. The possibility 

ofi improving the predictive performance ofi logistic regression models using the backward 

elimination procedure and modifications ofi the forward selection procedure will be 

investigated in Chapter 3 and will help to address Hypothesis 3 (H3). 

Furthermore, there is a need to have an explicit description ofi plant species distribution 

patterns so that like-patterns can be grouped to give plant species distributional forms. In 

various plant species distribution-modelling exercises, it would be useful to know whether 

the predictive performance ofi logistic regression models and GAMs are affected in different 

ways by a given plant distributional form. The differences in model predictive performance 

among plant species with different degrees ofi rarity _is considered in Chapter 4 and will 

answer Hypothesis 4 (H4). 
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CHAPTER3 

COMPARISON OF THE PREDICTIVE PERFORMANCE OF FORWARD SELECTION 

AND BACKWARD ELIMINATION LOGISTIC REGRESSION FOR PLANT SPECIES 

DISTRIBUTION MODELLING 

3.1 INTRODUCTION 

Despite the reported predictive superiority oD methods such as generalised additive models 

(GAMs) (Franklin, 1998; Pearce & Ferrier, 2000), and classification tree models (Franklin, 

1998), logistic regression (McCullagh & Nelder, 1989) is still widely used in ecology for the 

modelling oilspecies distributions (Wiser et al., 1998; MacNally, 2000). 

Logistic regression is a parametric technique that can be used to predict the distribution OD a 

plant species by relating a sample of the species' distribution (typically, presence-absence 

data) to environmental variables in the sample sites (Nicholls, 1989; Wiser et al., 1998). 

Polynomials or other transformations OD the independent variables are used to allow for 

responses that are non-linear (Austin et al., 1994; Berk & Booth, 1995; Jongman et al., 

1996; Wiser et al., 1998). Logistic regression remains popular, and is recommended because 

its equations are explicit in terms OD being able to define an actual functional term for the 

predictor variables whereas non-parametric methods like GAM are not as specific (Yee & 

Mitchell, 1991; Wiser et al., 1998). Furthermore, logistic regression equations have useful 

parametric properties ~hat make it easier to define species optima and tolerance ranges (Yee 

& Mitchell, 1991; Wiser et al., 1998). 

3 .1.1 Model. selection procedures 

Model selection strategies are used to derive a parsimonious model (Draper & Smith, 1966; 

Hosmer & Lemeshow, 1989; Mccullagh & Nelder, 1989). A parsimonious model is one that 

excludes parameters that make an insignificant contribution (statistically or according to the 

judgement OD the researcher) to the model fit or predictive performance (Hosmer & 

Lemeshow, 1989; Mccullagh & Nelder, 1989; MacNally, 2000). The greater the number of 

independent variables in a logistic regression model, the greater the estimated standard errors 

become, and the more the parameter estimates become dependent on the observed data set 

(Hosmer & Lemeshow, 1989; Breiman, 1995). In contrast, parsimonious models tend to be 
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more numerically stable, and are more easily generalised to different data sets (Hosmer & 

Lemeshow, 1989). 

Parsimony has other advantages such as model simplicity that allows for ease of 

understanding the model and communication of the summary of a complex data set 

(McCullagh & Nelder, 1989). In addition, parsimonious models have a reduced 

computational load for making predictions and fewer variables to monitor (Draper & Smith, 

1966; MacNally, 2000) if the models are used for ecological management purposes. 

However, models that have too few variables tend to be biased (Breiman, 1995). The scope 

of a model, i.e. the range of conditions over which it gives good prediction, is related to 

model parsimony to some extent (McCullagh & Nelder, 1989). Thus, where distribution 

models are derived for species over a large geographical area, it is most likely that the 

correlation of an environmental variable with the distribution of a species varies across the 

geographical subregions (Austin & Barry, 1998). Consequently, a number of environmental 

variables (Austin & Barry, 1998) or additional variables (Franklin, 1998) are required to 

adequately predict the distribution of the species throughout the study area. Therefore, model 

selection procedures that derive species distribution models that have too few variables may 

be counter productive because they produce biased models. 

Draper and Smith (1966) cover some of the major model-building techniques. These include 

forward selection, 'all possible regressions', backward elimination, and stepwise regression. 

Forward selection starts with a null model. At each stage of the model building, an 

unselected variable that satisfies the selection criteria more than other unselected variables is 

added to the model (Draper & Smith, 1966; McCullagh & Nelder, 1989). This process is 

repeated until no other variables meet the selection criteria. The backward elimination 

procedure begins with the full set of independent variables and eliminates the worst variables 

one at a time until all remaining variables are necessary according to some criteria 

(McCullagh & Nelder, 1989). Stepwise regression combines forward selection and backward 

elimination, by following each forward selection stage with a backward elimination step if 

necessary, depending on the model-building criteria (Draper & Smith, 1966; Rencher & Pun, 

1980). 

With the 'all possible regressions' procedure, a number of models that represent the best 

models for a given number of predictor variables in a model ( e.g. one, two, three and so on), 
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are produced (Hosmer & Lemeshow, 1989). It is then up to the modeller to choose the most 

appropriate model by observing trends (if any) in the importance of variables in the models 

yielded for consideration (Draper & Smith, 1966). The 'all possible regressions' procedure 

merely testifies to the fact that many different models are possible (Draper & Smith, 1966; 

Hosmer & Lemeshow, 1989; McCullagh & Nelder, 1989). However, the 'all possible 

regressions' model selection procedure does not really make it any easier to objectively 

choose the final model (Draper & Smith, 1966). If the modelling involves a large number of 

observations and independent variables, the "all possible regressions" procedure is 

demanding in terms of the heavy computational load, even when a relatively fast computer is 

used. Furthermore, the subsequent model inspection of a large number of models suggested 

by the "all possible regression" procedure would be extremely time-consuming for the 

researcher (Draper & Smith, 1966). Therefore, the 'all possible regressions' method is 

seldom used in species distribution studies in ecology (Nicholls, 1989). 

The stepwise regre~sion is a dynamic method in terms of variables being able to enter and 

leave the model during the model-building process (MacNally, 2000; Pearce & Ferrier, 

2000). As a result of its flexibility and speed of variable selection, the stepwise regression 

procedure is still in wide use in regional-scale projects (Pearce & Ferrier, 2000) where large 

data sets with many independent variables are used in the modelling exercises for a large 

number of species. However, the flexibility of stepwise regression makes it more prone to 

producing spurious models than the other model selection methods (Draper & Smith, 1966). 

Ecologists appear to have recognised this danger as shown by the absence of the stepwise 

regression model-building procedure in most plant species distribution-modelling research. 

On the other hand, backward elimination is commonly used in plant distribution models (e.g. 

in (Austin, 1971; Austin et al., 1995 (unpub.); Franklin, 1998) because it gives the modeller 

the opportunity to see all the variables in the equation in order not to miss anything (Draper 

& Smith, 1966). The forward selection procedure is intuitive and is also not computationally 

demanding (Draper & Smith, 1966). Consequently, both backward elimination and forward 

selection model-building methods are in common use in plant species distribution-modelling 

studies. 

· Although either the backward elimination or forward selection model-building procedures 

are commonly used in plant species distribution modelling, there is usually no reason given 
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for electing one and not the other. For instance, Leathwick (1995) and Franklin (1998) used 

backward elimination and Austin et al. (1990) and Wiser et al. (1998) used forward selection 

for their species distribution modelling with either logistic regression or generalised additive 

models. This situation is a result of the shortage of plant species distribution studies that 

have compared the two model selection methods in plant species distribution-modelling 

studies. Austin and Barry (1998) did not find a significant difference in the predictive 

performance of GAMs developed using the backward elimination and forward selection 

procedures. 

The predictive performance of logistic regression was found to be significantly lower than 

that of GAM in this study (Chapter 2) and other studies (Franklin, 1998; Pearce & Ferrier, 

2000). As logistic regression models are commonly used in species distribution modelling, 

attempts should be made to improve the predictive performance of the method. The 

restriction of a species data set based on its major environmental gradient (see Chapter 2) 

was found to improve model predictive performance in this study. A comparison of the 

predictive performance of the backward elimination and forward selection models using 

major gradient restricted data is required to verify the results of Pearce and Ferrier (2000). 

3 .1.2 Criticisms of model selection procedures 

The aforementioned procedures have been labelled as automated model selection 

procedures. There have been many studies critical of automated model selection procedures. 

However, most of the references to the inadequacies of the automated model selection 

procedures have come from work based on a very small number of observations with a large 

number of independent variables. For instance, Flack and Chang (1987) is one of the papers 

commonly cited as proof that automated selection procedures select random variables. In 

that study forward selection linear regression was used to develop models from a factorial 

arrangement consisting of sample sizes of 10, 20 and 40 with 10, 20 and 40 candidate 

variables. Thus, the major conclusion of Flack and Chang (1987) was that automated 

selection methods fail to screen random variables when the data sets are inappropriate as 

when the number of candidate variables is large relative to the number of observations. 

Austin et al. (1995 (unpub.)) used a simulated plant species community data set to model the 

abundance of plant species with the aid of the backward elimination procedure. This is one 
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oil the few ecological studies that has demonstrated the inclusion of random variables in 

models developed using an automated model selection procedure when a reasonably large 

data set (2 079 observations) has been used. However, the incidence oil random variable 

inclusion in Austin et al., 1995 (unpub.) was reduced by restricting the data to an 

environmental space that was relevant to the species' distribution. 

Furthermore, most o:bthe studies, such as Flack and Chang (1987), that are used to criticise 

automated selection procedures have employed unreliable model-fitting criteria such as 

basing the whole model-building process on the increase in the coefficient oil determination 

(R2
). Earlier studies (Rencher & Pun, 1980; Freedman, 1983) had already shown that when 

subset selection oil random variables is used in regression, the value of R2 is substantially 

inflated, especially when the ratio of data points to parameters is low. Therefore, automated 

selection procedures have been labelled as inefficient based on poor variable selection 

criteria such as R2
• There are more suitable model-fitting criteria such as model residual 

deviance (Hosmer & Lemeshow, 1989; McCullagh & Nelder, 1989), or prediction error 

measures like Akaike's information criterion (AIC), the Cp statistic, and Scharwz's criterion 

(BIC) (Efron & Tibshirani, 1993) or cross-validation (Efron & Tibshirani, 1993; Hastie & 

Tibshirani, 1990). 

Studies showing that automated model selection procedures include random variables have 

tended to use unconventionally low significance levels such as no compulsory significance 

oilvariables in Rencher and Pun (1980), 0.15 in Flack and Chang (1987), and 1 and 0.25 in 

Freedman (1983) instead oil the more traditional 0.05 significance level that is usually used 

in biological statistics (Sokal & Rohl:ij 1995). However, Freedman (1983) found that 14 out 

of 15 parameter coefficients for random variables were significant at the 0.25 significance 

level and that only 6 out oil the 15 were significant at the 0.05 level in a model selected by an 

automated variable selection procedure. Similarly, Pearce and Ferrier (2000) showed that the 

use oil a conservative significance levels of 0.05 for stepwise regression resulted in greater 

model predictive performance than the use oil the more liberal 0.1 variable entry and 0.2 

variable expulsion significance levels. The less stringent models included more variables and 

this resulted in overfitted models (Pearce & Ferrier, 2000). 

Clearly, not all the blame for poor variable selection lies with automated model selection 

procedures (Hosmer & Lemeshow, 1989). Instead, the automated selection procedures are 
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abused by forcing them on inappropriate data sets, not employing stringent variable selection 

criteria, not using regression diagnostics (Nicholls, 1989) and by uncritical model fitting 

(Draper & Smith, 1966; Freedman, 1983; Hosmer & Lemeshow, 1989). Model selection 

procedures should not be viewed as automatic model generators, but should be taken as 

helpful tools that must be used thoughtfully in the model development process. 

As automated model selection procedures are used to select a subset ot variables from a 

multitude of variables, multiple significance tests are performed at each stage otthe selection 

procedure (Pearce & Ferrier, 2000). It is well recognised that, when multiple hypotheses are 

tested, the individual p-values may not be an appropriate guide to statistical significance 

(Pearce & Ferrier, 2000). For instance, it a 0.05 significance level is being used to develop a 

multiple variable model based on a random data set, then 5% ot the variables can be 

expected to yield a significant p-value through chance alone, even though they are not 

related to the presence ot the species (Pearce & Ferrier, 2000). There are many methods ot 

adjusting the p-values to control for multiple testing such as the step-down methods 

(Westfall & Young, 1993) and the Bonferroni method used in Pearce and Ferrier (2000). 

Correction for multiple testing using the most commonly applied Bonferroni method did not 

improve the predictive performance of species distribution models in Pearce and Ferrier 

(2000) and thus p-value adjustments will not be employed in this study. 

Automated selection methods have also been criticised because different model selection 

procedures produce models with a different subset ot predictor variables even if the same 

data set is used (Hosmer & Lemeshow, 1989; James & McCulloch, 1990; Hauck & Miike, 

1991). However, this merely shows that different model selection methods have different 

ways of capturing the relationship between the plant species and the environment. It must be 

remembered that predictive distribution modelling is based on correlation and not causation. 

Therefore, a direct interpretation ot the model in terms ot causal factors or biological 

processes must not be expected (James & McCulloch, 1990; Levin, 1992; Austin, 1999; 

Underwood et al., 2000) and neither should the models be the same. 

Despite their inability to determine causation, species distribution models do provide an 

observable statement ot the relationships between a species and the environment (Austin, 

1999). Therefore, it is still important to find an explicit way ot developing models that yields 

models that have a high and consistent level of predictive performance. More research is 
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required to link distribution models to ecological processes (Guisan & Zimmermann, 2000). 

But surely, such research would benefit from model selection procedures that are the best at 

producing well-fitted models (low model residual deviance) that predict well on independent 

data sets. Therefore, the predictive performance ofi forward selection and backward 

elimination procedures for developing logistic regression models for plant species 

distribution will be compared in this study. 

3.1.3 Forward selection versus backward elimination 

Forward selection and backward elimination procedures have the same objective, that is to 

develop a parsimonious model. However, because they have opposite routes to achieve the 

same objective, the resultant parsimonious models produced by the two model selection 

procedures may have different capacities for capturing the various aspects of a species 

distribution pattern. Consequently, forward selection and backward elimination procedures 

could produce species distribution models that have different predictive performance. No 

examples were found ofi plant species distribution-modelling studies that have compared the 

predictive performance of forward selection versus backward elimination logistic regression. 

With the need for main effects to accompany their interactions and polynomials in a model 

(Hosmer & Lemeshow, 1989; McCullagh & Nelder, 1989), model-building hierarchy has to 

be enforced on the model selection procedures. It is possible for a linear term to be 

insignificant ifinot considered in conjunction with another variable or together with its more 

complex term such as an interaction or polynomial (Austin, 1971; Hosmer & Lemeshow, 

1989; Pearce & Ferrier, 2000). Therefore, it may be impossible for important complex 

variables to be entered into the model where hierarchical forward selection is part ofi the 

model selection procedure as found in Austin (1971). Ecological theory and studies suggest 

that curvilinear species response forms are common (Austin et al., 1994; Austin, 1999), 

therefore, the predictive performance ofi forward selection logistic regression models may 

suffer due to an inability to produce ecologically sensible models. 

Since hierarchical backward elimination starts with all the specified variable terms in the 

model, it may not suffer as much from the unintentional screening of more complex variable 

terms as is the case in hierarchical forward selection. Ifi backward elimination can capture 

more appropriate variable functional terms in parsimonious models, this may produce 
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logistic regression models with greater predictive performance than models developed by the 

forward selection procedure in Chapter 2. GAM is known to be better than logistic 

regression at capturing appropriate species functional responses (Yee & Mitchell, 1991). 

This capacity to estimate species response curves (Yee & Mitchell, 1991) may have resulted 

in the lack of significant difference between forward selection and backward elimination 

procedures in the GAM study by Austin and Barry (1998). Therefore, backward elimination 

may not benefit GAM, but may improve the predictive performance oflogistic regression. 

There are concerns however with the use of backward elimination. The typical backward 

elimination procedure begins with a full model (Draper & Smith, 1966). When dealing with 

a large number of independent variables, fitting all the variables can produce a full model 

that is numerically unstable (Hosmer & Lemeshow, 1989). One of the concerns is that quasi

complete separation of the data has a greater chance of occurring when a model has a large 

number of predictor variables (Hosmer & Lemeshow, 1989). Quasi- complete separation 

occurs when the predictor variables in a model almost perfectly separate presence and 

absence cases (Stokes et al., 1995). Where there is little or no overlap in the distribution of 

the predictor variables between the two outcome groups, i.e. presence-absence, the data have 

the property of monotone likelihood (Hosmer & Lemeshow, 1989). When this happens the 

likelihood estimates, that are required to derive the parameter estimates of the model, may 

not exist (Silvapulle, 1981; Albert & Anderson, 1984; Stokes et al., 1995). In order to have 

finite maximum likelihood estimates there must be some overlap in the distribution of the 

predictor variables in the model (Hosmer & Lemeshow, 1989). As backward elimination 

models may experience quasi-complete separation of data in their initial stages of 

development this may reduce the predictive performance of backward elimination models 

compared to forward selection models. 

The unstable nature of the full model may affect the variable selection process (Hosmer & 

Lemeshow, 1989) and lead to the elimination of important predictor variables resulting in 

models with reduced predictive performance. Hosmer and Lemeshow (1989) recommend the 

selection of a subset of potential predictor variables instead of fitting a full model if an initial 

multivariate model is required for further variable selection. 

Another concern with the use of backward elimination is that models selected using this 

procedure are prone to including correlated variables because all the variables are initially in 
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the model. Thus, use of backward elimination requires that correlated variables be removed 

prior to model fitting in order to avoid multi-collinearity that may lead to model instability. 

In contrast, once a correlated independent variable is in the model when using the forward 

selection procedure, it makes it harder for other correlated variables to enter the model 

because the variation they can explain has already been accounted for. Furthermore, 

correlated variables can be kept out when using forward selection by employing rigorous 

criteria for model fitting as shown in Chapter 2. Thus, using backward elimination is not as 

flexible as forward selection in variable selection in this respect. 

3 .1.4 Other possible ways ofomproving predictive performance o£1ogistic regression models 

Although Pearce and Ferrier (2000) showed that use 0£ 0.05 significance levels gave models 

with greater predictive performance, the prospect of using less conservative significance 

levels with data restriction (Austin et al., 1995 (unpub.)) and rigorous model fitting may be 

fiuitful (Hosmer & Lemeshow, 1989). Work on linear regression by Bendel and Afifi (1977). 

showed that using the traditional 0.05 significance level, forward selection often fails to 

include important variables. They recommended p-values as high as 0.15 and 0.35 

depending on the stopping rule and emphasised that principally, the choice of the 

significance level depends on the number 0£ degrees 0£ freedom. Kennedy and Bancroft 

(1971) recommended significance levels 0£0.25 and 0.1 for the forward selection procedure 

and backward elimination procedure respectively. 

Another modification 0£ the use of model-building strategies that may influence predictive 

performance is the number o£variables entered or removed from a inodel at each step in the 

model development. The models in the plant species predictive distribution studies reviewed 

thus far were developed by entering or removing one variable at a time. 1£ more than one 

variable could be included in hierarchical forward selection, for instance, this may make it 

easier to include more complex variable terms in species distribution models. Likewise, in 

hierarchical backward elimination, the removal 0£ a group 0£ terms of a given variable may 

produce models that retain complex terms instead ofaetaining mostly main effects. 

3.1.5 Aims of the chapter 

This chapter addresses Hypothesis 3 (H3), that there is a difference in model predictive 

performance among model-building procedures. The aim o£this chapter was to compare the 



84 

predictive performance o:filogistic regression for plant species distribution models developed 

from the forward selection and backward elimination procedures using different significance 

levels and allowing the entry or expulsion o:fimore than one independent variable at a time. 

3.2 METHODS 

3.2.1 Data 

The study area and the data used for species distribution modelling are described in Chapter 

2, section 2.2. 

3.2.2 Species distribution modelling 

Major gradient data restriction was found to produce models with a generally higher level o:fi 

predictive performance than the performance o:fi models based upon umestricted data, 

temperature restricted and domain restricted data (see Chapter 2). Therefore, all modelling 

was based on the thresholds o:fi the major gradient data restriction described in Chapter 2 

(Table 2.3). It was necessary to remove correlated variables in order to use backward 

elimination because backward elimination is prone to multi-collinearity, unlike forward 

selection as implemented in Chapter 2. According to Chapter 2, mean annual temperature (t) 

and mean minimum winter temperature (t2), and mean daily radiation (1) and mean daily 

June radiation (12) were highly correlated. From the correlated variable pairs, variables t2 

and 12 were removed from the set o:fi independent variables. The winter variables were 

removed because their contribution could be captured by the annual variables with which 

they were correlated with and/or the summer variables. 

3.2.3 Rigorous modelling framework 

To derive backward elimination models that were as parsimonious as possible, all the models 

described below were developed by implementing a two-step rigorous model-fitting process. 

The first step was based on unpartitioned data and involved listing the variables in the order 

that they would be removed from the model at a significance level o:fi p = 0.0000001 for 

staying in the model (using SAS). This significance level was used because the variables 

were highly significant and it was otherwise not possible to obtain the whole sequence in 

which independent variables would be removed by backward elimination in a way that 

minimised model deviance at each stage. The backward elimination sequence was then used 



85 

to identify a more parsimonious working model by removing excess variables upon 

checking; 

• for variable significance at the required level, 

• that the size of the parameter estimates and their standard errors were not unrealistically 

large ( especially large compared to the size of the parameter estimates of the model in 

simpler submodels ), 

• the deviance versus predictor variable plots and the partial residuals plots for each 

independent variable (in S-PLUS) so that discrepancies in model fit could be identified 

graphically. 

Once a working model had been found for each species, it was further refined in the second 

step of the model-fitting process by refitting it on a minor training set resampled from the 

unpartitioned data as described in Chapter 2. Major gradient restriction was imposed on the 

minor training set as well. The refitted model was then used to predict on a complementary 

minor test set that was also restricted according to the major gradient of the species. This 

cross-validation method was employed to further remove variables that did not significantly 

reduce the predictive performance of the model as measured by the area under the curve 

(AUC) of a receiver operator characteristic (ROC) (Hanley & McNeil, 1982; Hanley, 1983; 

DeLong et al., 1988). The AUC of the ROC plot was calculated using the ROC functions 

program by Atkinson and Mahoney (2001) in S-PLUS. The process of eliminating variables 

that did not demonstrate predictive significance was started with the last variable of the 

working model and continued until the removal of a variable resulted in a significant 

decrease in model predictive performance. 

3.2.4 Forward selection and backward elimination species distribution models 

The major gradient restricted logistic regression models for plant species distribution 

developed by the forward selection procedure in Chapter 2 were used as the forward 

selection models (p = 0.05) (fwd) for this study. Use of the 0.25 significance level gave the 

same models as those developed with the 0.05 significance level. 

Attempts were made to develop forward selection models employing multiple variable 

inclusion for forward selection where a complex variable (interaction or polynomial) could 

be entered into the model in one stage together with its main effects. Initially, a significance 
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level of 0.05 was used. The models were expected to capture more complex species 

functional responses· that would fit the data better. The procedure was not successful in 

producing well-fitted parsimonious models. The models suffered from insignificant 

individual variable terms and overfitting as indicated by large parameter estimates and/or 

their large standard errors (Hosmer & Lemeshow, 1989). These modelling problems 

occurred even when the significance level for the entry of a group of variables (main effects 

and their interaction or polynomial) was made highly conservative (p = 0.00001). 

Attempts were made to develop logistic regression distribution models for each of the plant 

species using variations of the backward elimination model selection procedure. To 

determine the differences in predictive performance of a backward elimination model that 

starts with a full model and one based on a predefined set of possible predictor variables, full 

backward elimination and constrained backward elimination models were developed for 

each species. Full backward elimination models were selected from all the independent 

variables, up to their third order terms and including their two-way interactions using 

significance levels of 0.05 and 0.25. The models selected using the different significance 

levels were the same and the model selection procedure was termed fbe (full backward 

elimination). 

Two subsets of variables for constrained backward elimination models were defined using 

liberal forward selection procedures. As many independent variables as possible were 

subsetted by determining the variables included in a forward selection logistic regression 

model developed using 0.05 and 0.25 significance levels or the demonstration of quasi

complete separation of data as stopping criteria. The subsets derived using the 0.05 and 0.25 

significance levels were the same. The subset of independent variables for each species was 

then used in a backward elimination model selection procedure to develop a constrained 

backward elimination model (p-value = 0.05) (cbe) for each species. 

Multiple variable exclusion (p = 0.05) was trialed for both full backward elimination and 

constrained backward elimination. It was not necessary to further consider the backward 

elimination models (both full and constrained models) derived from the multiple variable 

exclusion backward elimination procedures because they produced the same models as the 

single variable exclusion backward elimination procedures. 
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Another pair of variable subsets for constrained backward elimination was defined using 

multiple variable entry forward selection with 0.00001, 0.05 and 0.25 significance levels or 

the demonstration of quasi-complete separation of data as stopping criteria. Again, the 

subsets chosen at the different significance levels were the same. Backward elimination 

based on these subsetted variables was used to develop constrained backward elimination 

models using single variable and multiple variable exclusion. When valid, in terms of the 

imposed model-fitting criteria, the models derived from the former procedure were not 

different from the aforementioned constrained backward elimination models based on the 

single variable inclusion logistic regression variable subset. The latter model-building 

procedure did not introduce different models either. Therefore, the comparison of the 

predictive performance of backward elimination models derived from a subset of variables 

defined by the multiple variable inclusion forward logistic regression was discontinued. 

3.2.5 Model predictive performance comparisons 

Predictive performance assessments based on the AUC of a ROC plot were carried out to 

compare the performance of models developed using the forward selection procedure (p = 

0.05) (fwd), full backward elimination (p = 0.05) (foe), and the constrained backward 

elimination procedure (p = 0.05) (cbe). The predictive performance analysis was based on 

predictions made over the c!imatic domain of the species so that the model performances in 

this chapter could be comparable with the results in chapter 2. Fixed effects analysis of 

variance (ANOVA) (Sokal & Rohlf, 1995) was used to test for significant differences in 

model predictive performance among the model selection procedures. The experimental 

design did not have a sufficient number of degrees of freedom to test for an interaction 

between species and model selection strategy. Therefore, further analyses had to be carried 

out on a species by species basis to test for the differences in predictive performance in the 

models produced by the model selection procedures. The predictive performance 

comparisons for each species were carried out using the ROC functions program by 

Atkinson and Mahoney (2001) (details in Chapter 2). 
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3.3 RESULTS 

The variables in the logistic regression distribution models for E. sieberi, E. pauciflora, E. 

fastigata, E. elata, Eucryphia moorei, E. delegatensis, E. fraxinoides, E. paliformis, and E. 

fybeanensis developed by the forward selection procedure (p = 0.05) (fwd), full backward 

elimination (p= 0.05) (fbe) and constrained backward elimination (p = 0.05) (cbe) are shown 

in Table 3.1. A comparison OD these models shows that the forward selection models 

generally had more variables than the backward elimination models (Table 3.1). There was 

not much difference in the number oD complex variable terms in the models derived by the 

different modelling strategies as shown in Table 3.1. 

A comparison OD the predictive performance OD the forward selection, full and constrained 

backward elimination models using fixed effects ANOVA is shown in Table 3.2. There were 

no significant differences among the three model-building strategies according to the 

ANOV A. However, when the predictive performance ofi the model-building strategies were 

tested within species using the program by Atkinson and Mahoney (2001), forward selection 

models (fwd) generally had significantly greater predictive performance than the backward 

elimination methods (Table 3.3). For instance, the predictive performance OD forward 

selection (fwd) was significantly (p = 0.025) greater than that OD the constrained backward 

elimination models ( cbe) for E. delegatensis, E. fastigata, E. fraxinoides and E. sieberi. On 

the other hand, the predictive performance OD constrained backward elimination models was 

significantly greater than that ofi forward selection models for E. pauciflora and equal or not 

significantly different for the other species. Even though the predictive performance OD 

forward selection was not always greater than that OD the backward selection methods it was 

consistently high as shown in Table 3.3. 
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Table 3.1: Variables included in the logistic regression models for plant species distribution 

models developed using forward selection (p = 0.05) (fwd), full backward elimination (p = 

0.05) (fbe) and constrained backward elimination (p = 0.05) (cbe) model selection 

procedures. The fwd models had more variables than the fbe and cbe models and there was 

little difference in the number of: complex variables selected among the model-building 

strategies. 

Species Variables included in the different model selection procedures 

fwd fbe cbe 

E. delegatensis r2, r2 , 1 tl tl 

E. elata r2, li, 11 r2, Ii, 11 r2, li, 11 

E. fastigata t2, rl, r1
2

, r2 rl, ri2, t 2 3 r, r, r, t 

E. fraxinoides t, 11, r r1,r12 2 t, r2, r, r 

E. kybeanensis li, tl r li, tl 

E. paliformis tl 11 11 

E. paucijlora t, rl, r2 r, r2, t r, r2, t 

E. sieberi top, li, t2, t22
, tl, tl :t2, r, r2 11, t t t2 

' 
E. moorei 11 11, r 11, r 

Key: 
Variables; r: mean annual rainfall (mm), r 1: mean summer rainfall (mm), r2: mean winter 
rainfall (mm), t: mean annual temperature ( oC), tl: mean maximum summer temperature 
(oC), 1: mean daily radiation (mj/m2/day), 11: mean daily summer radiation (mj/m2/day), li: 
lithology, top: topography 
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Table 3.2: ANOVA showing the effects of species and model selection procedures on the 

predictive performance oflogistic regression species distribution models. 

Sources of variation 

species 

model selection procedure 

residuals 

Df: degrees of freedom 

SS: Sums of squares 

MS: Mean squares 

Df SS 

8 0.1885 

2 0.0044 

16 0.0215 

MS 

0.0236 

0.0022 

0.0013 

F-Value 

17.527 

1.62892 

Pr(F) 

0.000002 

0.2270 
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Table 3.3: The comparison oflogistic regression model predictive performance for different 

species using forward selection (p = 0.05) (fwd), full backward elimination (p = 0.05) (fbe) 

and constrained backward elimination (p = 0.05) (cbe) model selection procedures. The p

values for the chi-square test for the equality of the predictive performance of the model 

selection procedures are given in brackets (critical p = 0.025) for each species. 

Species Model selection methods cbe fbe 

E. delegatensis 0.9492 0.9492 

fbe 0.9492 

(na) 

fwd 0.9638 (0) 

(0) 

E. elata 0.7809 0.7809 

fbe 0.7809 (na) 

(na) 

fwd 0.7809 (na) 

(na) 

E. fastigata 0.8674 0.8501 

fbe 0.8501 

(0.0075) 

fwd 0.8986 (0) 

(0) 

E. fraxinoides 0.9052 0.9693 

fbe 0.9693 

(0) 

fwd 0.9656 (0.1823) 

(0) 
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Table 3.3: continued 

Species Model selection methods cbe fbe 

E. kybeanensis 0.9926 0.9823 

fbe 0.9823 

(0.2065) 

fwd 0.9823 (na) 

(0.2065) 

E. paliformis 0.9963 0.9963 

foe 0.9963 

(na) 

fwd 0.9928 (0.3877) 

(0.3877) 

E. pauciflora 0.8631 0.8631 

fbe 0.8631 

(na) 

fwd 0.8547 (0.0169) 

(0.0169) 

E. sieberi 0.6464 0.7503 

fbe 0.7503 

(0) 

fwd 0.8549 (0) 

(0) 

E. moorei 0.9535 0.9535 

fbe 0.9535 

(na) 

fwd 0.9418 (0.032) 

(0.032) 
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3.4 DISCUSSION 

The full and constrained backward elimination models were characterised by a smaller 

number 0£ predictor variables compared to the forward selection models (Table 3.1). This 

resulted because the last few variables in the variable removal sequence in backward 

elimination models were generally complex terms that caused model instability. The 

variables that degraded the model had to be removed according to recommended modelling 

practice (Hosmer & Lemeshow, 1989), leaving the backward elimination models with only a 

few predictor variables. 

Likewise, there was no increase in model complexity as was expected from the account 0£ 

the use 0£ backward elimination in Austin (1971). The model complexity offered by these 

procedures generally led to model instability. Neither forward selection nor backward 

elimination procedures for logistic regression could regularly detect the complex species 

functional responses for most 0£ the variables as expected by ecologists (Yee & Mitchell, 

1991; Austin et al., 1994; Bio, Alkemande & Barendregt, 1998). Other means 0£ 'seeing a 

curve in multiple regression' are required (Berk & Booth, 1995). Berk and Booth (1995) 

suggested a number 0£ diagnostic plots along with the now recognised use 0£ GAM plots to 

suggest possible parametric terms to estimate the species functional response curve 

suggested by the GAM plots (Yee & Mitchell, 1991; Wiser et al., 1998). Where there are 

many independent variables to consider and many species to model, use o£these plots is time 

consuming, but necessary i£ the appropriate functional responses that lead to robust models 

(Austin & Meyers, 1996) are to be included in logistic regression species distribution 

models. 

Use o£multiple variable inclusion forward selection (p = 0.05 and p = 0.00001) led to poor 

fitting models. When the main effects and their more complex variable terms (interaction or 

polynomial) were added to the model, the main effects were generally insignificant and the 

complex term led to models that had large parameter estimates and/or large standard errors 

implying overfitting 0£ the model. These signs 0£ model degradation were not acceptable 

under the rigorous model-fitting framework that was employed in this chapter. Use 0£ 

multiple variable exclusion backward elimination did not improve model predictive 

performance because it led to the same models as the single variable exclusion models. 
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Similarly, use of the less conservative 0.25 significance level in the forward selection 

procedure gave the same models as the 0.05 significance level criterion. The models did not 

change because the high number of degrees of freedom available from the large data set used 

in this study made most of the variables highly significant. Therefore, to maintain model 

parsimony, instead of using lower significance levels, more stringent significance levels 

should be administered in species distribution modelling with the larger data sets that are 

increasingly available. This recommendation is in agreement with Pearce and Ferrier (2000) 

who found that the stringent 0.05 significance level yielded models with greater predictive 

capacity. In Pearce and Ferrier (2000), less conservative significance levels included too 

many variables leading to overfitting and hence poor model predictive performance. 

According to the ANOV A, there were no significant differences in the predictive 

performance of models developed by the forward selection (fwd), full backward elimination 

(tbe) and constrained backward elimination (cbe) procedures. The apparent lack of 

significant differences was because the interaction term between modelling procedure and 

species was not included in the ANOV A as there were not enough degrees of freedom for 

that analysis. 

The masking effect of the species-specific variation in model predictive performance was 

revealed when the ROC functions developed by Atkinson and Mahoney (2001) were used to 

test for differences in the predictive performance of model selection procedures for each 

species separately. The predictive performance of forward selection was found to be 

generally significantly greater than that of the backward elimination procedures (Table 3.3). 

The masking effect on model performance differences is related to the fact that it is hard to 

detect significant differences between the AUC of two ROC plots if the same observations 

are being used by the different model-building procedures (Hanley & McNeil, 1983; 

DeLong et al., 1988). The significance testing for the comparison of the predictive 

performance of the modelling techniques for each species had to make adjustments for the 

correlation between the AU C's of the ROC plots for each modelling method due to the use 

of the same species observations for constructing the ROC curves. The statistical 

adjustments were included in the comparisons of model performance using the DeLong et al. 

(1988) method (Atkinson & Mahoney, 2001) and thus made the significant differences in the 

predictive performance of the model-building techniques detectable. 
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The question 0£ whether a model is large or small depends on the number 0£ observations 

and the extento£the study (Austin & Barry, 1998). Austin and Barry (1998) found that full 

GAMs had greater predictive performance than models chosen by forward selection and 

backward elimination procedures. This was partly because in a large and environmentally 

diverse study area, the plant species are subjected to many processes that have differing 

degrees 0£ importance across the range 0£ the species' distribution (Austin & Barry, 1998). 

For instance, a particular species' distribution might be strongly predicted by temperature in 

one location and moisture in another (Austin & Barry, 1998). 

The models for the forward selection method in this study had more variables than the 

backward elimination models. However, these forward selection models can still be 

described as small and parsimonious given the spatial extent 0£ the data (more than 56 000 

km2
) and the geographical variation within the study area (see description in Chapter 2). In 

fact, i£models have too few variables, they are less robust because they fail to correlate with 

a larger proportion 0£ the important biological processes that determine the species 

distribution across the study area (Austin & Barry, 1998) and consequently give biased 

predictions (Breiman, 1995). Therefore, the models derived from forward selection were 

preferable because they were parsimonious and yet contained more variables than the 

backward elimination models. 

Model performance increases with model complexity up to a certain point beyond which 

further model complexity reduces model performance (Levin, 1992). The forward selection 

models had more variables and yet their predictive performance was generally greater than 

that 0£ the backward elimination methods with fewer variables (see E. delegatensis and E. 

sieberi in Table 3.1). Therefore, because o£its reduced model bias and its consistently high 

predictive performance for different species, the forward selection modelling procedure is 

recommended over the backward elimination procedure as a tool for building parsimonious 

models. 

Contrary to the orthodox views that claim that small compact models (such as the logistic 

regression models developed in this chapter and Chapter 2) provide greater predictive 

performance, Austin and Barry (1998) found that full models for GAM have high predictive 

performance, even when the predictions were based on an independent data set. Thus, the 

option 0£ less parsimonious models deserves further exploration in the bid to improve the 
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predictive performance of logistic regression models. Furthermore, some species like E. 

elata were poorly predicted by GAM in Chapter 2 and by logistic regression models in both 

Chapter 2 and in this chapter. Other modelling methods with an entirely different design 

should be considered to see if the prediction of these species can be improved and also to 

determine how the distribution pattern of a species may affect the predictive performance of 

different modelling methods. To address these issues, Chapter 4 will use a liberal-fitting 

model-building framework for logistic regression and introduce classification tree models 

(CTMs) to this study as an alternative to logistic regression and GAM. 

3.5 CONCLUSION 

Single variable entry forward selection procedure (p = 0.05) yielded plant species 

distribution models with a higher predictive performance than models produced by the 

backward elimination procedure in a stringent modelling framework designed to develop 

parsimonious models. Therefore, Hypothesis 3 (H3), that there is a difference in predictive 

performance among different model-building methods, was accepted. 

However, as a consequence of the large data set that provides a large number of degrees of 

freedom and the large spatial extent of the study area, models with a larger number of 

variables have shown promising signs of higher predictive performance. Hence, it is 

necessary to determine if more liberal model-fitting frameworks that allow the selection of a 

larger number of variables can improve model predictive performance. Therefore, Chapter 4 

will continue to investigate Hypothesis 3 (H3) to determine whether predictive performance 

oflogistic regression models can be improved using liberal model-fitting frameworks instead 

of the rigorous model-fitting frameworks used in this chapter and in Chapter 2. 

Chapter 4 will also further address Hypothesis 2 (H2), that there is a significant difference in 

the predictive performance of different modelling methods, by comparing the performance 

of CTM with that of logistic regression models and GAM. Since the effect of data restriction 

on the predictive performance of CTMs has not been determined, umestricted and restricted 

data are used for the development of CTMs for plant species distribution as an extension of 

the investigation of Hypothesis 1 (H1). Using data from the models developed to answer H1, 

H2 and H3 in Chapter 4, Hypothesis 4 (Hi) can be investigated. A formal investigation of the 

effects of modelling method and model-building procedure on the model predictive 
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performance for plant species with different degrees o:fi rarity (H4) will be conducted as a 

major question in Chapter 4. 
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CHAPTER4 

EFFECT OF PLANT SPECIES RARITY ON THE PREDICTIVE PERFORMANCE OF 

DIFFERENT MODELLING METHODS 

4.1 INTRODUCTION 

Species distribution models have many uses in conservation biology. These include; 

narrowing the search for a species 0£ interest in the field by focusing on sites with high 

probability of having the species as predicted by distribution models (Prober & Austin, 

1990; Wiser et al., 1998), providing baseline distribution information for reserve selection 

(Margules & Stein, 1989) providing a framework for future work on species-specific 

physiological requirements and identifying suitable species for a given area for use in 

revegetation programmes or identifying suitable areas for species reintroductions in 

conservation efforts (Wiser et al., 1998). 

Those species 0£ greater conservation interest are often rare (Gaston, 1994; Manel et al., 

1999). One 0£ the major obstacles to protecting rare species is finding them (Heikkinen, 

1998). Predictive species distribution models would be helpful in this regard. However, rare 

species have been neglected in modelling studies because 0£ the difficulties in obtaining 

sufficient distribution data, and the associated statistical difficulties of dealing with small 

sample sizes (Wiser et al., 1998; Wu & Smeins, 2000). 

Studies that have investigated the effect 0£ species rarity on model predictive performance 

have employed a one-dimensional definition of species rarity, i.e. that of numerical 

abundance, at the expense 0£ the spatial component 0£ species rarity. To obtain useful 

insights into the effects of species rarity on the predictive performance of plant species 

distributional models, a more intrusive definition 0£ species rarity that encompasses more 

than one aspect of biological rarity is required. 

4.1.1 Definitions of species rarity 

Species rarity is difficult to define. Since rarity can be described in relation to variability in 

the distribution and abundance of both sites and individuals, no absolute and universally 

applicable definition 0£ rarity can be expected (Miller, 1986). As an assemblage of co-



99 

occurring species will generally comprise species with a spectrum of different abundances 

and spatial distribution, species rarity may be viewed as continuous, with some entities being 

rarer than others (Gaston, 1994). Thus, attempts to categorise species rarity are prone to 

subjectivity (Gaston, 1994) in terms of defining the thresholds for rarity. However, for 

practical, legal and communication purposes (Rabinowitz, 1981 ), it is necessary to categorise 

the degree of rarity. 

There are several definitions for rarity categories. Examples in Gaston (1994) include 

definitions of rare species as: (i) the x % of species with the lowest abundances or smallest 

range in the assemblage, 

(ii) species with abundances less than x % of the summed abundances of all species in the 

assemblage, or as those with a range size less than x % of the largest range size possible in 

the study area, and 

(iii) species with abundances or range size less than x % of those that have the highest 

abundance and the largest range in the assemblage. 

Except for the second part of (ii), these methods define rarity in relation to the assemblage, 

hence data for other species within the assemblage are required. This means that the rarity 

status of a species may also shift, solely due to changes in the distribution or abundance of 

other species within the assemblage (Gaston, 1994). Therefore, since relating the rarity of a 

species to its range size in the study area is more stable and less data demanding than the 

other above mentioned criteria, this approach was incorporated into the definition of species 

rarity in this study. The approach also accommodates the fact that species rarity changes 

with spatial extent of interest because it is explicit about the size of the study area. 

Furthermore, the rarity for the target species can be easily reclassified at the required spatial 

extent without needing data on other species in the different parts of the target species' 

range. 

The species' geographical range is only one of the rarity criteria suggested by Rabinowitz 

(1981) in an attempt to develop a simple rarity typology (Table 4.1) that was biologically 

informative and explicit. Rabinowitz (1981) categorised species into seven forms of rarity 

defined by the species geographic range, habitat specificity, and local population size. The 

other two criteria in the species rarity typology of Rabinowitz (1981) are data demanding as 

they require detailed data on local population sizes and either expert opinion or intensive 
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studies to determine the habitat specificity of a species. Therefore, habitat specificity was 

dropped as a rarity criterion as it would be a contentious parameter, especially when working 

with distal or broad-scale predictor variables. Local population size was not used in the rarity 

classification framework because it is incompatible with presence-absence data being used in 

this study. 

Instead, a similar measure of abundance that was termed prevalence, was used for the 

presence-absence data set. Prevalence is defined as the sum of occurrences of the given 

species in the data set. Various versions of prevalence have been used as a species rarity 

measure, per se, in Pearce and Ferrier (2000) and many other ecological papers such as Faith 

and Norris (1989) and Tonn, Magnuson, Rask & Toivonen (1990). 

Table 4.1: A typology of rare species based on three characteristics; geographic range, 

habitat specificity, and local population size (Rabinowitz, 1981 ). 

GEOGRAPIIlC RANGE 

HABITAT SPECIFITY Wide 

LOCAL POPULATION 

Large 

Narrow 

SIZE 

Large, Common Predictable 

dominant Locally Locally 

somewhere abundant over abundant over a 

a large range large range in a 

in several specific habitat 

habitats 

Small, non- fu)arse Predictable 

dominant Constantly Constantly 

sparse over a sparse in a 

large range specific habitat 

and in several but over a large 

habitats range 

Small 

Wide Narrow 

Unlikely Endemics 

Locally Locally 

abundant in abundant in a 

several habitats specific habitat 

but restricted but restricted 

geographically geographically 

Unlikelv Endemics 

Constantly Constantly 

sparse and sparse and 

geographically geographically 

restricted in restricted in a 

several habitats specific habitat 
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4.1.2 Distribution modelling of plant species across different distributional forms 

Predictive distribution models are powerful tools for locating unknown occurrences of plant 

species as shown by Prober and Austin (1990) who discovered a number of new populations 

of the rare species, E. paliformis, with the aid of climatic envelope models. Climatic 

envelopes can only predict occurrences and not absences (Austin, 1998). Similarly, many 

other studies of rare species distribution models (Prince & Hare, 1981; Demauro, 1994; 

Pavlovic, 1994) describe the habitat where a species is found but not where it is absent from. 

It would be more beneficial for conservation work with rare species in particular, to use 

models like logistic regression and generalised additive models (GAMs) that can predict not 

only species presence but absence as well. 

Wiser et al. (1998) used a combination of logistic regression and generalised additive 

modelling to predict the small-scale distribution of rare species. Like Prober and Austin 

(1990), they also found that predictive distribution models for rare species could be 

successfully produced. Both Prober and Austin (1990) and Wiser et al. (1998) were not 

comparative in terms of determining the effects of different modelling methods and model

building procedures on the predictive performance1 of distribution models for plant species 

with different degrees of rarity. Furthermore, logistic regression and GAM are commonly 

used methods in species distribution modelling (Yee & Mitchell, 1991). However, these 

methods are both from the generalised additive model family (Hastie & Tibshirani, i990). 

Species of various distributional forms could have different statistical demands for the 

successful summarisation of their environmental distribution. It would be useful to include 

models that have a different statistical design to determine the effect of species distributional 

form on the predictive performance of other types of models. 

Classif.cation tree models (CTMs) (Breiman et al., 1984; Venables & Ripley, 1994) have a 

different statistical design to logistic regression and GAM. CTMs explain variation in a 

response variable by repeatedly splitting the data into more homogeneous groups, using 

combinations of independent variables that may be continuous or categorical (De'ath & 

Fabricius, 2000). Each group (node) is characterised by a typical value of the response 

variable, the number of observations in the group, and the values of the explanatory variables 

that define it. 



102 

Since the size of the CTM i.e the number of nodes, is not limited in the construction of the 

tree, it is necessary to check that the tree size is justified by monitoring the reduction in 

model deviance with increasing tree size (Breiman et al., 1984). Tree pruning (Breiman et 

al., 1984) and tree shrinking (S-PLUS 2000, 1999) are used to develop parsimonious CTMs 

in a way that is analogous to variable selection in multiple regression (Venables & Ripley, 

1994). For a tree of a given size (T), pruning successively snips off the least important splits 

to give an 'optimal' subtree with a smaller number of nodes (t): The importance of a subtree 

is assessed by a cost-complexity measure (Equation 4.1) (Venables & Ripley, 1994). 

Ra=R+axSize 
(Venables & Ripley, 1994) (Equation 4.1) 

Where Ra is the deviance at the nodes of the subtree, R is the deviance of the whole 

Subtree, a is the cost-complexity parameter and Size is the number of nodes in the subtree. 

Cost-complexity pruning determines the subtree that minimises Ra over all the subtrees. The 

cost-complexity parameter can be pre-specified to yield an 'optimal' model. The larger the a, 
the fewer the nodes. A cross-validated measure of model deviance for each subtree gives a 

more robust value of the model deviance (Venables & Ripley, 1994). A plot of the cross

validated deviance for subtrees of different sizes versus a is used to determine an appropriate 

tree size. A tree size is nominated at the point with minimal model deviance, or at a point 

where there is a rapid decline of deviance before the reduction in deviance tails off, if there 

is no minimum (Venables & Ripley, 1994). 

Another method for reducing the number of nodes in a given CTM by shrinking the tree is 

available in S-PLUS. Shrinking reduces the number of effective nodes by shrinking the fitted 

value for each node towards its parent node (S-PLUS 2000, 1999). Shrunken fitted values, 

for a shrinking parameter a, are computed according to the recursion: 

Ys = Yn + (1-a)xynp 

(S-PLUS 2000, 1999) (Equation 4.2) 

Where Ys is the shrunken fitted value for a shrinking parameter (a), Yn is the usual fitted 

value for a node and Ynp is the shrunken fitted value for the node's parent. 
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Likewise, the shrinking method also requires the use of cross-validated model deviance 

versus tree size to identify the tree size that is required to adequately explain the variation in 

the response data. 

Classification tree models rate highly as a powerful and yet simple modelling method for 

analysing ecological data (De'ath & Fabricius, 2000). CTMs can handle presence-absence 

data and can deal with non-linear relationships and high order interactions (Venables & 

Ripley, 1994; Franklin, 1995; De'ath & Fabricius, 2000). Therefore, CTMs will be included 

in this study as an alternative to GAMs and logistic regression models. 

4.1.3 Current studies on the statistical modelling of rare plant species 

Examples of the few studies that have investigated the influence of different degrees of plant 

species rarity on the predictive performance of statistical distribution models for individual 

plant species include Franklin (1998) and Pearce and Ferrier (2000). In a study of shrub 

species in southern California (Franklin, 1998), CTMs performed better than GAMs, and 

GAMs better than logistic regression. In addition, Franklin (1998) found that plant species 

that were rare in the data set and restricted to part of an environmental gradient were 

generally better predicted than common species in terms of the area under the curve of a 

ROC plot. 

Pearce and Ferrier (2000) found that over various biological groups e.g. birds, reptiles and 

plants, in general the rarer a species was the less accurate was the resulting model. In a 

contrasting trend, Pearce and Ferrier (2000) found that models for the rarer plant species 

displayed a slightly higher predictive performance than models for common plant species. 

However, the results of Franklin (1998) and Pearce and Ferrier (2000) need to be confirmed 

by research that has a more in-depth definition and an explicit application of species rarity as 

will be attempted in this study. 

Furthermore, the findings of Franklin (1998), in particular, can be improved upon by 

exploring the effects of different logistic regression model selection approaches on the 

predictive performance of models for plant species of a given distributional form. In this 

study (see Chapter 2), the predictive performance oflogistic regression was also shown to be 



104 

significantly inferior to that 0£ GAM. Attempts to improve the predictive performance 0£ 

logistic regression for species distribution models using full backward elimination ( fbe) and 

constrained backward elimination (cbe) model selection procedures were not fruitful as these 

methods generally showed reduced predictive performance compared to forward selection 

models (Chapter 3). Other model-building variations such as reducing the significance level 

from the traditional 0.05 to the less conservative 0.25 for variable entry (in forward 

selection) or for keeping a variable in the model (backward elimination) did not improve 

model performance either. Neither did the multiple inclusion 0£ variables in forward 

selection models and the multiple exclusion 0£ variables in backward elimination models 

improve the model predictive performance. 

4.1.4 Larger logistic regression models 

The aim 0£ Chapter 3 was to improve the predictive performance 0£ logistic regression 

models within a rigorous model-fitting framework in order to produce parsimonious models. 

This attempt was not successful as mentioned above. However, in Austin and Barry (1998), 

the predictive performance 0£ GAMs was improved by using full models instead 0£ models 

with a smaller set o£predictor variables. This is against the modelling principles described in 

literature that assert that full models are usually overfitted, and are therefore expected to 

have lower predictive performance on independent data than parsimonious models (Hosmer 

& Lemeshow, 1989; Breiman, 1995). 1£ this assumption does not hold for species 

distribution modelling in general, it may be possible to improve the predictive performance 

o£logistic regression models by developing models that include a larger number o£variables. 

The description 0£ a model as large or small depends on the scope 0£ the data (i.e. the range 

geographically and environmentally over which the data are collected) and the number 0£ 

observations in the data set (Austin & Barry, 1998). Therefore, a full model may be 

acceptable (Hosmer & Lemeshow, 1989; Mccullagh & Nelder, 1989) and indeed have 

greater predictive performance than smaller models i£the observations are abundant in terms 

o£being appreciably greater than the number o£the independent variables. There are rules 0£ 

thumb such as the requirement 0£ five or even ten observations 0£ each response level per 

parameter or degree 0£ freedom used in a model (Hosmer & Lemeshow, 1989). This 

criterion is easily met by the more common species used in Austin and Barry (1998) but will 

not be satisfied by the rarer species in this study i£ full models are used. Therefore, in 
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contrast to common species, full models may result in poor predictive performance for rare 

species because of overfitting. 

It is important to note that as models cannot be and are not intended to be perfect 

(McCullagh & Nelder, 1989; Levin, 1992), the term full model is rather redundant. In the 

sense of Levin (1992), a model should not attempt to reproduce the data set; the data set 

itself suffices for that purpose. Rather, a model should aim to determine what subset of 

variables are required to produce a model that does not contradict the observations in the 

data set to an undesirable extent for the purpose of the model. Thus, the fitting 0£ a so called 

full model without any model-building criteria is futile and cannot be really called a model 

because there has been no data reduction in the modelling process. 

Furthermore, in most studies that fit full models, only the main effects are generally 

considered (Austin & Barry, 1998) as the fitting of the full model is not practical where 

interactions and higher order polynomial terms are being tested for as in this study. 

Therefore, in this study, the option 0£ a middle ground between rigorously parsimonious 

models and models that include all the independent variables will be used. Intermediate 

models between these extremes will be explored in order to determine whether larger logistic 

regression models can improve model predictive performance compared to rigorous 

parsimonious models and whether the predictive improvements are across plant 

distributional forms. 

The liberal fitting 0£ logistic regression models will employ model fitting with less stringent 

criteria in the attempt to develop larger species distribution models that do not necessarily 

contain all the independent variables. Similarly, CTMs will be developed with both a 

rigorous regime to produce parsimonious models and a more liberal process that allows a 

greater number 0£ splits in the species distribution models. The more liberal models are not 

only attractive because of the prospect 0£ improved predictive performance but also because 

they require little effort to develop compared to the painstaking examination of many 

potential models involved in the rigorous fitting of parsimonious models. 
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4.1.5 Assessing model predictive performance on independent data 

The use ofithe same data for model building and model testing as in Chapters 2 and 3 is good 

enough for model predictive performance comparisons (Franklin, 1998) and for the 

identiftcation ofia minimum set ofiecologically important correlations. However, this is not a 

realistic luxury when it comes to applying the models in the fteld where predictions have to 

be made on unsampled sites. Therefore, to get a better assessment ofi the predictive 

performance ofi the models in unsampled areas it is necessary to compare model predictive 

performance using data that are not at all involved in the model-building process. The 

ultimate testing ofi the model would be to collect a new random and representative data set 

for each species, which is not feasible over large study areas (Fielding & Bell, 1997; Austin 

& Barry, 1998). It is thus common practice to split the data into a training set for fitting the 

model and into a testing set for measuring the model predictive performance (Fielding & 

Bell, 1997; Austin & Barry, 1998). To increase the independence o:fithe test set, test set data 

are not at all involved in the model-building stage. Splitting data into a training and testing 

set may lead to spurious species-environment relationships due to the arbitrary partitioning 

ofithe data. However, where random sampling is used, the possibility ofigenerating spurious 

relationships should be minimal in cases where there are large number o:fiobservations. 

4.1.6 Aims 

This chapter aims to determine the effect ofi plant species distributional forms on the 

predictive performance ofi species distribution models (Hypothesis 4 (H4)) using logistic 

regression models, GAMs and classification tree models (CTMs). Hypothesis 2 (H2), that 

there is a difference in predictive performance among modelling methods, will be further 

addressed with the CTMs being incorporated into the investigation ofi H2. The opportunities 

ofi improving model predictive performance using liberal model-fitting procedures will be 

explored for logistic regression (Hypothesis 3 (H3)) that is known to have a significantly 

lower predictive performance than GAM. Since GAM performed well with the rigorous 

fttting framework using the forward selection procedure in Chapter 2, it will not be 

necessary to explore other model-building strategies for GAM, but it is necessary to reassess 

its predictive performance on a more independent test set. 

In addition, the effect ofi data restriction on model predictive performance (Hypothesis 1 

(Ht)) has not been determined for classiftcation tree models. Thus, CTMs for plant species 
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distribution will be based on both unrestricted and maJor gradient restricted data to 

determine the effect ofi data restriction on CTM performance. GAMs and logistic regression 

models will be based on major gradient restricted data only since this was found to improve 

model predictive performance in Chapter 2. 
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4.2 METHODS 

4.2.1 Classification of tree species into distributional forms 

Species geographical range and species prevalence as explained below, were used as criteria 

for the definition of plant distributional forms to describe species rarity. The distribution of a 

species in the study area was determined from the Commonwealth Scientific and Industrial 

Organisation (CSIRO) South East Coast data set (Austin et al., 1996) that included latitude 

and longitude coordinates for each sample site. Using the ArcView (version 3.2) geographic 

information system (GIS) the geographical range was measured as the species' extent of 

occurrence (EOO) (Gaston, 1994; Walter & Gillettt, 1997; Oldfield, Lusty & MacKinven, 

1998) in the study area. The extent of occurrence is the boundary around the sites where the 

species has been recorded as shown in Fig. 4.1. The size of the species' geographic range 

can change due to the presence of a few, current or future, distant occurrences. Therefore, for 

inclusion into the determination of the extent of occurrence, each group of disjunct 

occurrences (more than 50 km away from the nearest substantial group of presence records) 

must have had at least 5% of the total occurrences for a given species. 

A cut-off of 15% of the total possible range, that is, the range of the study area, was 

employed to dichotomise the plant species into widespread and restricted species distribution 

classes. This threshold was chosen as a compromise between a wide range of suggested cut

offs in the literature (Gaston, 1994). Some studies have a threshold ofless than 2% (Verkaar, 

1990) or 3% (Heikkinen, 1998), 14 % (Perring & Walters, 1962) up to 25% (Gaston, 1994) 

of the species range as a percentage of the study area to define a species as i-are. However, 

Gaston (1994) recommends the 25% cut-off as a general threshold to accommodate species 
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20 0 20 Kilometers -
Fig. 4.1: The extent of occurrence (EOO) of E. sieberi in the study area showing its 

high occurrence among the sites sampled in its range within the study area. 
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rarity criteria that compare the distribution attributes of species. With poor sampling, many 

species maybe recorded as having low abundance or small range sizes of the same 

magnitude, making it difficult to determine those species comprising smaller proportions 

(Gaston, 1994). Therefore, Gaston (1994) recommended a low threshold to make it easier to 

identify the species with smaller proportions of a given distribution attribute. Since the study 

area was well sampled for the distribution of the species and the species geographic range 

was being compared to the study area, there was no need to have a threshold for species 

rarity as low as 25% of a distributional attribute. However, 3% was too conservative but 

might be justified in European countries where the floristics are well known. 

Prevalence was defined as the sum of occurrences of the given species in the data set. The 

prevalence criterion was intended to measure the frequency of the species within its 

geographic range class. Species that occur in a small geographic range can be common in 

their subregion even though they are not common on a regional or study area scale. 

Therefore, species in the widespread geographic range class were subjected to a lower 

threshold for defining the species prevalence as rare so that it was easier to identify a species 

that was sparsely distributed within its geographic range. Species classified as widespread 

were categorised as common if they had 500 or more presence observations in the data set, 

otherwise they were defined as rare in their spatial extent category. As species that have a 

small geographic range do not need many occurrences to be well represented in their 

subregion, the threshold for defining a species as rare was increased to less than 50 presence 

observations in the data set. This practice of reducing the threshold for species rarity was 

comparable to a study in Zurich by Landolt (1991) where the threshold for plant species 

rarity was 200 individuals unless the distribution of the species was localised. 

The combination of the geographical range and the prevalence was then used to assign each 

species with either one of the following distributional forms; widespread and common (WC), 

widespread and rare (WR), restricted and common (RC), and restricted and rare (RR). 
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4.2.2 Generation ofitraining and testing sets 

The training data were selected using the random sampling program in S-PLUS (S-PLUS 

2000, 1999) with a random number seed ofi 10 and an equal sampling probability. Random 

sampling was carried out without replacement for subsetting two thirds ofi the observations 

from the entire data set into a major training set. The training set was described as 'major' to 

emphasise that the observations from this data set were not in the data set used for the final 

evaluation ofi the model predictive performance. The complement ofi the major training set 

was then identified and used as the major testing set. As model predictive performance was 

going to be assessed as part ofithe rigorous model-fitting criteria, the major training data set 

was further subsetted in the manner described above. This second subsetting produced for 

each species, a minor 'training' data set for refitting the model suggested by the major 

training data set and a minor 'test' data set for the internal cross validation ofi the suggested 

models. 

4.2.3 Species distribution modelling 

Logistic regression models, GAMs and CTMs were developed using the data and plant 

species described in Chapter 2, section 2.2. Initial variable selection for logistic regression 

models for the plant species distribution models was carried out using the logistic regression 

procedure in SAS (version 8.2) (SAS, 1999). A set ofi logistic regression models was 

developed on major gradient restricted data sets for each species {Table 2.3) using the 

rigorous forward selection model-building procedure (r:f). This procedure involved fitting 

logistic regression models using a 0.05 significance level, checking the model for overfitting 

and degradation as shown by large parameter estimates and/or large standard errors (Hosmer 

& Lemeshow, 1989) or the warning ofi quasi-complete separation ofi data (Silvapulle, 1981; 

Albert & Anderson, 1984) in SAS (Stokes et al., 1995). 

Ifi the parameter estimates for the predictor variables were insignificant at the 0.05 

significance level, the modelling procedure was stopped. In addition, the partial residual 

plots for the fitted independent variables and the deviance versus independent variable 

diagnostic plots were generated in S-PLUS and inspected to monitor the changes in model fit 

with increasing model complexity. The variables that passed these checks were then tested to 

see ifitheir addition to a submodel significantly increased model predictive performance. 
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The predictive performance was assessed by sequentially adding an independent variable to 

a growing submode! in the order the variables had been chosen in the forward selection 

modelling procedure. At each step the new submode! was fitted onto the minor training data 

set and this fitted model was used to make predictions on the minor test data set. The 

predictive performance was measured as the area under the curve (AUC) of a receiver 

operating characteristic (ROC) plot (Hanley & McNeil, 1982;1983) using the Atkinson and 

Mahoney (2001) ROC functions program in the S-PLUS 2000 environment. When the 

addition of a variable failed to improve model predictive performance the model-building 

process was halted. 

The liberal forward selection procedure with low significance level for variable entry (lfls) 

involved fitting logistic regression models with a significance level of 0.05 and checking for 

quasi-complete separation of data. The liberal forward selection procedure with high 

significance level for variable entry (lfhs) used a significance level of 0.00001 and quasi

complete separation of data as stopping criteria. The backward elimination procedure with 

low significance level for variable retention (Ibis) used a significance level of 0.05 to select 

variables for the species distribution models. A liberal backward elimination procedure with 

high significance level for variable retention (lbhs) retained independent variables that were 

significant at the 0.00001 level. For the liberal-fitting logistic regression models, the 

parameter estimates in the final model did not have to be significant. 

GAMs were fit using a rigorous-fitting procedure similar to that used for the rf logistic 

regression models. Besides the reduction in model residual deviance, the entry of 

independent variables and the degrees of freedom used had to be ~ustified by an 

improvement in the predictive performance of the model and by the appropriateness of the fit 

as shown by the regression diagnostic plots. 

Rigorous and liberal CTMs were fitted with and without major gradient data restriction as 

the effect of data restriction had not been assessed for CTMs. The aim of a CTM is to split 

the data into terminal groups (nodes) in a way that maximises prediction of a dependent 

variable in the subset or minimises the model deviance (S-PLUS 2000, 1999). A CTM that 

minimises misclassification is usually used as a classification tree and each of its terminal 

nodes gives a factor (Venables & Ripley, 1994). A CTM that minimises deviance is a 

regression tree and each terminal node gives a predicted value (Venables & Ripley, 1994). A 
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model that reduces residual deviance should have more robust predictions than one that 

merely classifies the input data. Therefore, in this study the CTMs were developed to 

maximise the reduction in model deviance instead of minimising the misclassification rate. 

In the construction of a CTM, for a split to be allowed, it had to result in a minimum number 

of observations in each group; in this case 5. The initial split cut the data into two groups that 

were successively split until they terminated in nodes that could not be split any further 

depending on stopping criteria. The construction ofi a tree was stopped when the number of 

observations in the node was too small to split (n = 10), or when the minimum level ofi 

percentage deviance in the node had been met (minimum node deviance= 0.001). 

Rigorous building ofi CTMs was performed by checking for a stabilisation of deviance 

reduction and ofi the decrease in the misclassification rates as nodes were added onto a 

species' CTM. At the tree size where deviance and misclassification seemed to have 

stabilised, a 10-fold cross-validation (i.e. K-fold cross-validation), was performed using the 

cv.tree program in S-PLUS (S-PLUS 2000, 1999). The cv.tree program uses an in-built and 

optimised K-fold cross-validation algorithm to efficiently perform the cross-validation with a 

large number of observations. The cv.tree program was used to prune the suggested 

classification tree and to plot the model deviance versus tree size in the neighbourhood of the 

candidate tree size in order to show the consequences of increasing or decreasing tree size 

close to the tree size of interest. The number of nodes was chosen either at the tree size that 

had minimum deviance, or at the tree size where the rate ofi decrease in deviance began to 

level off ifithere was no minimum in the plot. 

The liberal CTMs were fit using the shrink.tree program in S-PLUS (S-PLUS 2000, 1999) to 

perform optimal recursive shrinking of a full classification tree sequence. The classification 

tree model for each species was built on the species' major training data set. The 

classification tree model derived from the major training data set was used to predict on the 

minor test set in order to examine the change in deviance versus tree size when the 

classification model was predicted on a data set with a slightly different structure. A plot of 

the change in deviance versus tree size was used to choose an appropriate tree size. Unlike 

the GAMs and logistic regression models the CTMs were not refit on the minor training set 

to cross-validate on the minor testing set. Refitting the CTM from the major training data set 

onto the minor training data set by stating the number of nodes to fit would have resulted in 
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a classification tree model with the same number ofi nodes but with different splits and 

therefore, the testing ofi a different model. 

4.2.4 Model predictive performance analysis 

The predictive performance ofi the species distribution models (rigorous-fitting GAMs 

(gam), low significance (0.05) liberal-fitting backward elimination logistic regression (Ibis), 

high significance (0.00001) liberal-fitting backward elimination logistic regression (lbhs), 

low significance (0.05) liberal-fitting forward selection logistic regression (lfls), high 

significance (0.00001) liberal-fitting forward selection logistic regression (lths), rigorous

fitting forward selection (0.05) logistic regression (rt) and umestricted rigorous-fitting CTM 

(ct), umestricted liberal-fitting CTM (shct), the major gradient restricted rigorous-fitting 

CTM (met) and the liberal-fitting major gradient restricted CTMs (shmct)) was assessed by 

using the model developed on the major training data set to predict onto the major testing 

data set. The major testing data set had to be restricted to the climatic domain of the species 

so that umestricted and major gradient restricted models could be compared on the same 

environmental space. Furthermore, over such a large study area, domain restriction ofi the 

predictions would give a better assessment ofi model predictive performance because the 

predictions would be made in an environmental space that is more relevant to the species 

distribution. 

The AUC ofi a ROC plot was used as the measure ofi model predictive performance. A fixed 

effects ANOVA (Sokal & Rohlf1 1995) was used to determine the effect ofi species and 

model-building procedures on the predictive performance ofi species distribution models 

focusing on two modelling procedures at a time. These two-way ANOVA analyses ofimodel 

predictive performance between modelling procedures showed the pairs ofi modelling 

procedures that were significantly different. However, when the analysis was run on the 

whole data set, the significant differences that were apparent in the two-way analyses were 

not detected in the multiple means comparisons tests even when the test with the smallest 

minimum significant differences was used as recommended by Sokal and Rohlf (1995). 

Examination of the predictive performance ofi the GAM and logistic regression model data 

separate from the CTM data revealed the differences in the means ofi the modelling 

procedures that were evident in the two-way analyses. An analysis of the CTMs did not 

reveal any significant differences due to a high variation in its predictive performance 
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leading to a high error mean square (MS error). An ANOV A of the whole data set had an 

MS error of 0.0036 whilst the GAM and logistic regression subset had 0.0001 but the CTM 

subset had 0.00541. The large MS error of CTM model was responsible for the inability of 

the multiple means comparisons tests (that are designed to be conservative (Sokal & Rohlf, 

1995)) to separate the means when CTMs were included in the analyses. ANOVA is robust 

to the violation of its assumptions to some extent (Austin & Barry, 1998). However, one of 

ANOVA's key assumptions is the homogeneity of sample variance (Sokal & Rohlf, 1995). 

This assumption was severely violated in this case so the separation of data for separate 

analyses was justified. Therefore, the comparison of the means of the other modelling 

procedures with the mean of the different CTM procedures was limited to the initial two-way 

analyses where the sample variance was more homogeneous. 

An unbalanced fixed effects ANOV A (Sokal & Rohlf, 1995) was used to compare the 

effects of the widespread and common (WC), widespread and rare (WR), restricted and 

common (RC) and restricted and rare (RR) plant species distributional forms on the 

predictive performance of the various model-fitting procedures. An unbalanced ANOVA 

using Type III sums of squares was used for the analysis because there was an uneven 

number of species in each of the plant species distributional forms. However, the results 

were the same as the Type I analysis and the significance of the treatments were the same 

regardless of the order of the treatments. Thus, the design was actually balanced. The 

interaction term for the model-fitting procedures and species distributional forms was 

included to test whether there were species distributional form specific differences in the 

predictive performance of the model-fitting procedures. The method with the smallest 

minimum significant difference (Sokal & Rohlf, 1995) was used to identify the significant 

differences in model-fitting procedures and among species distributional forms. Two-way 

analyses were conducted to ensure that all the significant differences in model predictive 

performance among species distributional forms and among modelling procedures were 

revealed. 
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4.3 RESULTS 

The plant species that were used in the distribution modelling had distinctive geographic 

range sizes within the study area and prevalence within the data set as shown in Table 4.2. 

The distributional form of Eucalyptus sieberi, Eucalyptus pauciflora and Eucalyptus 

fastigata was defined as widespread and common (WC), Eucalyptus elata was widespread 

and rare (WR), Eucalyptus fraxinoides, Eucalyptus delegatensis and Eucryphia moorei were 

restricted and common (RC), and Eucalyptus paliformis and Eucalyptus kybeanensis were 

described as restricted and rare (RR) in the study area using a combination of each species' 

geographical range and the prevalence as shown in Table 4.3. 
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Table 4.2: Shows the variety in the size of species geographic ranges (kni2) and species 

prevalence for the plant species that had their presence-absence distribution sampled over the 

study area of 56 160.61 km2 and used in this predictive distribution-modelling study. 

Species Geographic range Number of occurrences 

Eucalyptus sieberi 21973 2134 

Eucalyptus fastigata 8547 944 

Eucalyptus pauciflora 39283 1146 

Eucalyptus elata 9939 398 

Eucryphia moorei 8291 83 

Eucalyptus delegatensis 4725 259 

Eucalyptus fraxinoides 4832 228 

Eucalyptus ~beanensis 931 27 

Eucalyptus paliformis 3 19 
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Table 4.3: A framework for defining distributional forms based on a species' geographic 

range as measured by the species extent 0£ occurrence (EOO) and species' prevalence within 

the study area (56 160.61 km2
). 

Wide Restricted 

(EOO ~15% o£study area) (EOO < 15% o£study area) 

Prevalence Abundant Rare Abundant Rare 

(P ~ 500) (P < 500) (P ~ 50) (P < 50) 

Distributional Widespread and Widespread and Restricted and Restricted and 

form Common(WC) Rare (WR) Common (RC) Rare (RR) 

species Eucalyptus Eucalyptus elata Eucalyptus Eucalyptus 

sieberi, delegatensis, paliformis, 

Eucalyptus Eucalyptus Eucalyptus 

pauciflora, fraxinoides, fybeanensis 

Eucalyptus Eucryphia moorei 

fastigata 
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The liberal-fitting models had a greater number of variables than the rigorous-fitting models 

(rf) for the logistic regression method for plant species distribution models (Table 4.4). The 

liberal models with lower significance levels for variable entry (lfls) or variable elimination 

(Ibis) had a greater number of predictor variables than liberal models with higher 

significance level for variable entry (lfhs) or variable elimination (lbhs). The lbhs models 

had a greater number of predictor variables than the lfhs models. For the logistic regression 

method, models with a larger number of variables had higher predictive performance (Table 

4.4). 

Rigorous-fitting forward selection GAMs (gam) used a much lower number of predictive 

variables compared to the liberal-fitting logistic regression models (Table 4.4). GAMs and rf 

logistic regression models included a similar number of predictor variables. The GAMs were 

more complex than the rf models as the GAMs generally used a higher number of degrees of 

freedom compared to the number of parameter estimates in the rf models. However, the 

GAMS were a lot less complex than the liberal-fitting logistic regression models that had 

large number of parameter estimates. The variables included in the GAM and logistic 

regression species distributions models are shown in Appendix 4. 

The rigorous-fitting CTMs based on umestricted data (ct) and on major gradient restricted 

data (met) used a small number of nodes whilst liberal-fitting classification trees based on 

umestricted (shct) and major gradient restricted data (shmct) produced large CTMs as shown 

in Table 4.4. 
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Table 4.4: The number ofi variables used in logistic regression models (Ibis, lbhs, lfls, lfhs 

and rf), GAMs (gam) and the different groups of classification tree models ( ct, met, shct, and 

shmct). The number of parameters estimated for logistic regression models, the number ofi 

degrees of freedom for GAM and the number of nodes is shown in ( ). The model predictive 

performance measured by the AUC ofia ROC plot is shown in [ ]. 

Species Ibis lbhs lfls lfhs rf gam ct met shct shmct 

E. paucijlora 36 3 7 4 2 2 2 2 11 11 
(WC) 

(94J (3) (12) (4) (2) (2) (3) (3) (150J (140) 

[0.85] [0.85] [0.86] [0.86] [0.85] [0.85] [0.82] [0.82] [0.82] [0.83] 

E. sieberi 51 14 18 12 7 3 6 5 11 11 
(WC) 

(109) (25) (40) (23) (12) (12) (8) (8) (115) (115) 

[0.89] [0.88] [0.87] [0.84] [0.85] [0.86] [0.84] [0.83] [0.87] [0.88] 

E. fastigata 42 14 4 4 2 3 3 6 11 11 
(WC) 

(92) (24) (4) (4) (2) (8) (4) (7) (60) (52) 

[0.93] [0.92] [0.90] [0.90] [0.89] [0.92] [0.87] [0.90] [0.90] [0.90] 

E. elata 26 10 4 3 1 3 2 2 11 11 
(WR) 

(72) (10) (14) (8) (1) (10) (4) (3) (110) (95) 

[0.82] [0.78] [0.80] [0.78] [0.76] [0.78] [0.75] [0.74] [0.71] [0.74] 

E. delegatensis 25 6 10 2 2 2 4 4 11 10 
(RC) 

(41) (6) (10) (2) (2) (5) (6) (5) (46) (41) 

[0.98] [0.98] [0.97] [0.96] [0.96] [0.97] [0.97] [0.98] [0.85] [0.94] 
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Table 4.4: continued 

Species Ibis lbhs lfls lfhs rf gam ct met shct shmct 

E. moorei 13 4 2 2 1 2 3 3 11 11 
(RC) 

(18) (9) (2) (2) (1) (3) (4) (4) (28) (27) 

[0.95] [0.95] [0.93] [0.93] [0.94] [0.95] [0.95] [0.95] [0.83] [0.83] 

E. fraxinoides 24 5 4 3 2 2 3 5 11 11 
(RC) 

(35) (5) (4) (3) (2) (3) (4) (6) (70) (54) 

[0.97] [0.97] [0.97] [0.96] [0.96] [0.96] [0.95] [0.96] [0.81] [0.87] 

E. kybeanensis 4 1 1 1 1 2 3 4 6 4 
(RR) 

(4) (1) (1) (1) (1) (2) (4) (5) (8) (7) 

[0.98] [0.99] [0.98] [0.98] [0.98] [0.98] [0.62] [0.62] [0.62] [0.98] 

E. paliformis 3 1 3 1 1 1 2 2 5 5 
(RR) 

(3) (1) (3) (1) (1) (1) (3) (3) (7) (5) 

[0.99] [1] [1.00] [0.99] [0.99] [0.99] [0.99] [0.94] [0.94] [0.89] 

Key: 
Ibis: low significance (0.05) liberal-fitting backward elimination logistic regression 
lbhs: high significance (0.00001) liberal-fitting backward elimination logistic regression 
lfls: low significance (0.05) liberal-fitting forward selection logistic regression 
lfhs: high significance (0.00001) liberal-fitting forward selection logistic regression 
rfi rigorous-fitting forward selection (0.05) logistic regression 
gam: rigorous-fitting GAMs (0.05) 
ct: umestricted rigorous-fitting CTM 
shct: umestricted liberal-fitting CTM 
met; rigorous-fitting CTM based on major gradient restricted data 
shmct: the liberal-fitting CTMs based on major gradient restricted data 
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There were significant differences in model predictive performance among species and 

among the various model-fitting procedures for logistic regression, GAM and CTMs as 

shown by the ANOV A for the effect 0£ these treatments on the model predictive 

performance 0£ species distribution models (Table 4.5). The Dunnett multiple means 

comparison test (Dunnett, 1964) following the ANOVA for the GAMs and logistic 

regression models subset (see Table 4.6) showed that di models had a significantly lower 

predictive performance compared to Ibis and lbhs models (Fig. 4.2). 
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Table 4.5: ANOVA showing the significant effects of species and various model-fitting 

procedures for logistic regression, GAM and CTMs, on the predictive performance of tree 

species distribution models. 

Source of variation Df 

species 8 

model fitting 9 

residuals 72 

ss 
0.3312 

0.1137966 

0.2569863 

MS 

0.04140 

0.0126 

0.0036 

F-Value 

11.5983 

3.5425 

Pr(F) 

0 

0.001 

Table 4.6: ANOV A showing the significant effects of species and various model-fitting 

procedures for logistic regression and GAMs on the predictive performance of tree species 

distribution models. 

Source of variation Df 

species 8 

model fitting 5 

residuals 40 

Df: degrees of freedom 

SS: Sums of squares 

MS: Mean squares 

ss 
0.2381 

0.0029 

0.0042 

MS 

0.0298 

0.0006 

0.0001 

F-Value 

279.4571 

5.4771 

Pr(F) 

0 

0.0006 



~-----------------~ 
~----------.--------~ 
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gam-rf 
lbhs-rf 
Ibis-rt 
lfhs-rf 
lfls-rf 

~----------.--------' 
~----------.--------~ 

~------------------~ 
I I I I I I I 

-0.010 0.0 0.005 0.015 0.025 
simultaneous 95 % confidence limits, Dunnett method 

response variable: ptroc 

0.035 

Fig. 4.2: Plot 0£ the Dunnett simultaneous 95% confidence limits for the predictive 

performance (AUC 0£ a ROC plot = ptroc) 0£ species distribution models showing the 

relative performance 0£ the various model-fitting procedures and the significant difference 

between the liberal-fitting backward elimination models (Ibis and lbhs) and the rigorous

fitting forward selection logistic regression models (rt). 

Key: 
Ibis: low significance (0.05) liberal-fitting backward elimination logistic regression 
lbhs: high significance (0.00001) liberal-fitting backward elimination logistic regression 
ltls: low significance (0.05) liberal-fitting forward selection logistic regression 
lths: high significance (0.00001) liberal-fitting forward selection logistic regression 
rfc rigorous-fitting forward selection (0.05) logistic regression 
gam: rigorous-fitting GAMs (0.05) 
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A Fisher's least significant difference test (Sokal & Rohlf1 1995) after the two-way 

ANOVAs for all the modelling procedures revealed other significant differences in model 

predictive performance. The GAM modelling procedure and all the logistic regression 

models, except for r£ and lfhs, had significantly higher model predictive performance than 

the liberal-fitting classification tree models based on unrestricted data (shct) and on major 

gradient restricted data (shmct) (Table 4.7). The predictive performance 0£ r£ and lfhs 

models was only significantly greater than that 0£ shct models but not significantly greater 

than the predictive performance 0£ shmct models. There were no significant differences 

among the CTMs developed using the different modelling procedures. 
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Table 4.7: The means and p-values for the significant two-way ANOVA comparisons of the 

predictive performance of logistic regression and GAM models (Ibis, lbhs, lfls, lfhs, rf and 

gam) with CTMs (shmct and shct) for plant species distribution. 

Model comparison shmct shct 

0.8744 0.8167 

rf insignificant 0.9089 

(0.0450) 

Lfls 0.9195 0.91953 

(0.0207) (0.0232) 

Uhs insignificant 0.9127 

(0.0350) 

Lbhs 0.9254 0.92544 

(0.0117) (0.0190328) 

Lbls 0.9309 0.93089 

(0.0060) (0.0119045) 

gam 0.9192 0.9192 

(0.0289) (0.0248) 

Key: 
Ibis: low significance (0.05) liberal-fitting backward elimination logistic regression 
lbhs: high significance (0.00001) liberal-fitting backward elimination logistic regression 
lfls: low significance (0.05) liberal-fitting forward selection logistic regression 
lfhs: high significance (0.00001) liberal-fitting forward selection logistic regression 
rf: rigorous-fitting forward selection (0.05) logistic regression 
gam: rigorous-fitting GAMs (0.05) 
shct: umestricted liberal-fitting CTM 
shmct: the liberal-fitting CTMs based on major gradient restricted data 
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Model predictive performance for WR species was significantly less than that for other 

species distributional forms as shown by the Tukey multiple means comparison method 

(Sokal & Rohlf, 1995) (Fig. 4.3) that followed the ANOVA for the effect o£species 

distributional form and modelling method on model predictive performance (Table 4.8). The 

model predictive performance for the RC and RR distributional forms was significantly 

greater than that for WC species. This trend was maintained where differences in model 

predictive performance for two distributional forms at a time were tested for (using 

ANOV A) in the GAM and logistic regression subset data but not in the CTM subset data. 

The predictive performance for WC and RC species was still significantly higher than that 

for WR species. However, there was no significant difference between model performance 

for the RR species distributional form and the other distributional forms in CTM subset data 

as shown in Table 4.9. 
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Table 4.8: AN OVA showing the signif.cant effects of species distributional form (SDF) and 

various model-fitting procedures for logistic regression, GAM and CTMs, on the predictive 

performance of tree species distribution models. 

Source of variation Df 

SDF 3 

model fitting 9 

model fitting:sdf 27 

residuals 50 

Df: degrees of freedom 

SS: Sums and squares 

MS: Mean squares 

ss 
0.2586 

0.1093 

0.1206 

0.2090 

MS 

0.0862 

0.0121 

0.0045 

0.0042 

F-Value 

20.6272 

2.9057 

1.0687 

Pr(F) 

0 

0.0076 

0.4091 



RC-WC 
RR-WC 

WR-WC 

(----------) 
E-------------) 

-----•------) 

-0.16 -0.12 -0.08 -0.04 0.0 0.04 0.08 
simultaneous 95 % confidence limits, Tukey method 

response variable: ptroc 
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0.12 

Fig. 4.3: Plot ofithe Tukey's simultaneous 95% confidence limits showing that the predictive 

performance (AUC ofi a ROC plot = ptroc) for WR species was significantly less than that 

for the other three species distributional forms, whilst both RR and RC species had models 

with a significantly greater predictive performance than that ofi the models ofi the plant 

species that are widespread and common (WC). 
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Table 4.9: The means and p-values (in brackets) for the two-way ANOVA comparisons ofi 

the predictive performance ofi CTMs for plant species with different distributional forms 

showing that CTMs for WR species had significantly lower predictive performance than 

CTMs for RC and WC species and that RC species had models with significantly higher 

predictive performance (AUC ofi a ROC plot) than WC species but the model performance 

for RR species was not significantly different from the other distributional forms. 

Species distributional form WR 

WC 

RC 

RR 

WC: widespread and common 
WR: widespread and rare 

RC: restricted and common 
RR: restricted and rare 

0.7357 

0.8580 

(0.000060) 

0.9076 

(0.000003) 

0.8252 

insignificant 

WC RC 

0.8580 0.9076 

(0.01925) 

insignificant insignificant 
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4.4 DISCUSSION 

The rf logistic regression models included the smallest number ofipredictor variables among 

the logistic regression models (Table 4.4) due to the rigorous model-fitting regime employed 

for the models. The more liberal logistic regression modelling procedures included more 

variables with the backward elimination models having a higher number ofi variables than 

forward selection models in both the low significance (Ibis and lfls) and high significance 

level (lbhs and lfhs) procedures. Backward elimination models had more variables than 

forward selection models ofi the same significance level because the model fitting for the 

forward selection models was halted when the models demonstrated quasi-complete 

separation ofi data. The backward selection models demonstrated quasi-complete separation 

o:fi data for most species in the initial full model required for the procedure. Thus, the quasi

complete separation ofi data criterion was not enforceable for the backward elimination 

models otherwise the models could not have been fitted for most species. Therefore, there 

was slightly more flexibility in fitting the backward elimination models that resulted in more 

variables and/or more complex terms in the backward elimination models than the forward 

selection models. 

Among logistic regression models, modelling procedures that included a greater number ofi 

predictor variables had a higher predictive performance for the species distribution models as 

shown by the combination ofi Table 4.4 and Fig. 4.2. This is in agreement with Austin and 

Barry (1998) who found that the predictive performance ofi full GAMs for plant species 

distribution models was superior to that o:fi GAMs with fewer variables. Austin and Barry 

(1998) found this result even when the assessment ofi model performance was based on 

predictions on data that had not been used in model building. The greater predictive 

performance ofi the larger logistic regression models was unexpected according to the 

general principles o:fi model fitting. Models that are overly-fitted, as the low significance 

backward selection models in this study clearly were, are not numerically stable. Such 

overly-fitted models are expected to lack the generality that is required for the models to 

perform well on data not used in the model fitting (Hosmer & Lemeshow, 1989; Levin, 

1992; Breiman, 1995). 

The numerical instability ofi the backward selection methods was evident from the quasi

complete separation ofi data in backward elimination methods or from the large parameter 
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estimates and/or large standard errors in most ofahe liberal-fitting logistic regression models. 

Despite these undesirable model characteristics, the predictive performance ofHiberal-fitting 

logistic regression models was not significantly different or was significantly higher (i.e. lbls 

and lbhs) than the predictive performance ofi the rigorous-fitting logistic regression model 

(rfj. 

Models with a greater number ofi variables have a larger scope than models with too few 

variables (Mccullagh & Nelder, 1989). Models with more variables probably benefit from a 

compensatory fitting effect among the predictor variables (Austin & Barry, 1998). Where 

one variable is important in a given area, that variable is represented in the model and can 

therefore contribute to better model predictions. This compensatory phenomenon is not as 

strong in models with fewer predictor variables. Therefore, the higher number ofi variables 

may have led to greater predictive performance because they have reduce bias. Models with 

fewer variables may predict well in areas where their predictor variables are important, but 

suffer in those areas where their predictor variables are weakly correlated to the species 

distribution. However, it is likely that the compensatory fitting effects that enhance the 

model predictive performance ofHarger GAM and logistic regression models only work with 

models that are based on large data sets as in Austin and Barry (1998) and this study. 

Besides having the greater predictive power, models with more predictor variables were 

easier to generate because less effort was needed in examining the impact on model fit and 

model predictive performance ofi each variable that was used in the model. Therefore, where 

the use ofi the model is for prediction alone, either liberal-fitting forward selection (ideally, 

without using quasi-complete separation ofithe data as part ofithe stopping criteria, but only 

considering the 0.05 significance level to maximise the predictive performance by including 

more variables) or backward elimination model selection procedures can be used as there 

was no significant difference between these two model selection procedures. 

Although the liberal-fitting models were easy to develop and had greater predictive 

performance than the rigorous-fitting logistic regression models, the fact that they included a 

large number ofi variables makes them harder to communicate than the more parsimonious 

model derived with rigorous model-fitting regime. Furthermore, although the larger models 

were more successful in predicting the distribution ofi species in the study area, the 

parsimonious models are expected to have more robust predictive performance ifi data from 
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outside the study area with a new set of biases are used (Austin & Barry, 1998). 

Consequently, it is thought that with further modelling research in conjunction with 

controlled experiments, parsimonious models, rather than models with a larger number of 

variables, may eventually be linked to more causal factors of species distribution (Levin, 

1992; Guisan & Zimmermann, 2000) and to plant species physiological processes (Wiser et 

al., 1998). 

Once more, the predictive performance of GAM was shown to be high as the performance of 

the rigorous-fitting GAMs was comparable to that of the liberal-fitting logistic regression 

models that had a large number of variables. GAMs can compensate for the use of fewer 

variables by using a large number of degrees of freedom for each of the predictor variables. 

However, the number of degrees of freedom was still small compared to the parameter 

estimates ( equivalent to degrees of freedom) of the liberal logistic regression models like lbls 

as shown in Table 4.4. This emphasises the flexibility and importance of GAM being able to 

capture the more appropriate species functional responses. Because GAM can capture the 

appropriate species functional responses, it does not need many variables to yield species 

distribution models with high predictive performance, as was the case with logistic 

regression models. This means that GAMs are useful for both their high predictive 

performance and their parsimonious models, in terms of the number of predictor variables 

utilised. 

Likewise, small CTMs had good predictive performance and their small size made it easier 

to understand and communicate the models. For instance, the major gradient restricted model 

for E. delegatensis (Appendix 6) had a predictive performance of 0.98 with just fve nodes. 

According to the CTM, E. delegatensis had a high probability of occurrence in areas with 

high winter rainfall, summer temperature below 23 .5 °C, winter temperature above 3 °C and 

low winter radiation. The environmental description of the species distribution given by the 

CTM concurred with the conditions typical of the high altitude (900-1520 m) montane 

forests and deep valleys where the species is found on the protected southeast aspects 

(Costermans, 1981; Florence, 1996). If E. delegatensis behaves like E. pauciflora, the model 

also concurs with the physiological experiments by Ball, Hodges and Laughlin (1991) who 

found that in cold areas, the distribution of E. pauciflora seedlings was related to the 

reduction of cold-induced photoinhibition at light intensities below 30% of natural light. 
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Unlike logistic regression models, the use 0£ larger classification tree models had an adverse 

effect on predictive performance. The more rigorous methods on either unrestricted data or 

major gradient restricted data yielded small classification tree models that had comparable 

predictive performance to the GAMs and logistic regression models for species distribution. 

On the other hand, the liberal-fitting classification tree models were larger than the rigorous

fitting classification tree models but their predictive performance was significantly lower 

than that 0£ logistic regression models and GAMs. The only exception was the rigorous

fitting logistic regression models (rf) and rigorous-fitting GAMs that did not have a 

significantly greater predictive performance than major gradient restricted liberal-fitting 

classification tree models (shmct). 

The fact that the predictive performance 0£ shmct models was comparable to the predictive 

performance 0£ GAM and logistic regression models demonstrated that data restriction leads 

to improved model predictive performance for classification tree models where liberal fitting 

is used. It had been postulated that data restriction would not benefit classification tree 

models because their operation is similar to data restriction. However, the superior predictive 

performance 0£ the classification trees based on restricted data suggests that data restriction 

may help the classification tree model algorithm to make more useful splits that improve 

model predictive performance. 

When the effect 0£ species distributional form on model predictive performance was 

analysed over all the modelling methods, the predictive performance for WR species was 

significantly less than that 0£ the other three distributional forms. This result showed the 

importance 0£ using explicit distributional forms to describe the degree 0£ species rarity. In 

Pearce and Ferrier (2000), the descriptions ofispecies rarity were limited to the prevalence 0£ 

the species in the data set. They concluded that rarer plant species have models with greater 

predictive performance than common species. This study confirms their findings for species 

that are restricted and rare (RR), but fails to support their findings for species that are 

widespread and rare (WR). Species that are rare and restricted do have models with high 

predictive performance, but species that are widespread and rare do not have distribution 

models with high predictive performance. 

Similarly, common species that are widespread (WC), have models with significantly lower 

predictive performance compared to restricted and common species (RC). Widespread 
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species have models with lower predictive performance than restricted species because there 

is more opportunity for the processes that are controlling the distribution ofi the species to 

vary from place to place across the study area i£ the species has a large geographic range. 

Therefore, it must be more difficult to develop species distribution models that include 

environmental correlations that adequately vary with these changing ecological processes 

that determine the distribution ofi a widespread and common species (WC) over a large study 

area. It is apparently more difficult to do for widespread and rare species (WR) as shown by 

the poor model predictive performance for this distributional form compared to the other 

distributional forms (Table 4.4). In contrast, it is easier to derive environmental variable 

models that are well correlated with the processes that determine species distribution for 

restricted and common species (RC) and even easier for restricted and rare species (RR). 

This is shown by the fact that the model predictive performance for the RC and RR species 

distributional forms was significantly greater than that ofiwidespread species (Fig. 4.3). 

The trend in model predictive performance was altered when comparisons were made with 

classification tree models only. With classification tree models, RR species can be well 

predicted or very poorly predicted. Because ofi this erratic performance there was no 

significant difference for the predictive performance for RR species and any ofi the other 

distributional forms. On the whole, classification tree models did not perform as well as was 

expected from the reported high predictive performance ofi classification tree models in 

Franklin (1998). The model fit ofi a CTM can be over-inflated i£ the same data for model 

building are used for model testing (Venables & Ripley, 1994). Thus, the high performance 

ofi classification tree models in Franklin (1998) was probably exaggerated. Therefore, large 

classification tree models predict well on their training set giving optimistic assessments ofi 

their predictive performance as was found in preliminary analyses, but falter on independent 

data as shown in this study. 

The erratic predictive performance ofi the large classification tree models with the RR 

species highlights two points. Firstly, that the CTMs do not predict well for RR species 

compared to GAM and logistic regression methods as shown in Table 4.4. CTMs do not 

perform well with RR species as it is difficult to create homogenous groups for the 

distribution ofi a species that is restricted and rare because there are many sites that meet the 

conditions ofi the decision rule ofi the CTM, but are unoccupied by the species. When the 

CTM is made more complex to increase the discrimination between occupied and 
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unoccupied sites in the training set, this might not improve prediction on an independent data 

set, or it may actually reduce predictive performance as shown for E. paliformis in Table 4.4. 

Secondly, the predictive performance 0£ CTMs was lower for E. kybeanensis than for E. 

paliformis (Table 4.4). The fact that the predictive performance o£CTMs was more affected 

by E. kybeanensis than by E. paliformis suggests that another species rarity criterion was 

required in addition to species' geographic range and prevalence. E. kybeanensis has two 

major subpopulations. One has more than 10% 0£ the prevalence (i.e. 2 out 0£ 19 presence 

occurrences in the data set) and the two subpopulations are more than 110 km apart. The 

third criterion would need to account for the fact that some species like E. kybeanensis have 

a significant proportion 0£ their distribution in disjunct subpopulations. 

In a less extreme, but similar example, species like E. pauciflora are common throughout 

their range but their distribution tends to be scattered (Appendix 7). E. sieberi, is a 

widespread and common (WC) species like E. pauciflora. Because E. sieberi was more 

densely and more homogeneously distributed in its geographic range (Fig. 4.1 ), its 

distribution models had consistently higher predictive performance than the models for E. 

pauciflora (see Table 4.4). 

4.5 CONCLUSION 

The predictive performance 0£ rigorous-fitting CTMs did not exceed that 0£ GAM and 

logistic regression models. The high predictive performance 0£ rigorous-fitting GAM was 

maintained in a model predictive performance assessment based on partitioned data that 

were independent 0£ the training data. However, unlike in Chapter 2, the predictive 

performance 0£ GAM was not significantly greater than that 0£ logistic regression models, 

particularly those developed by the liberal-fitting model-building framework. This chapter 

has shown that model-building procedures that allow logistic regression models to include a 

larger number 0£ predictor variables, yield models that have greater predictive performance 

than logistic regression models with fewer variables such as the models that are produced 

using a rigorous-fitting model-building framework. In contrast to logistic regression models, 

the liberal fitting 0£ CTMs reduced model predictive performance. Therefore, it was correct 

to accept Hypothesis 2 (H2) in Chapter 2 where the predictive performance 0£ GAM was 

greater than the performance 0£ rigorous-fitting logistic regression models developed using 
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the forward selection procedure. However, by further addressing Hypothesis 3 (H3) in this 

chapter, it has been shown that the difference in predictive performance for GAM and 

logistic regression, and between CTM and the former methods depends on the model

building procedure. 

For the purposes ofi producing plant species distribution models with high predictive 

performance using logistic regression models, it is recommended that liberal fitting with 

either the backward elimination or forward selection model selection procedures is 

employed. The high significance liberal-fitting models (p = 0.00001) had practically the 

same predictive performance as the liberal models that used the lower traditional 

significance level (p = 0.05). Therefore, to develop logistic regression models that are more 

manageable in terms ofi understanding them and communicating them, the use ofi higher 

significance levels, rather than the traditional 0.05 level, is recommended for liberal model

fitting. On the other hand, rigorous fitting ofi CTMs is better for the development ofi plant 

species distribution models with good predictive performance and with the use ofi a small 

number ofinodes that makes the model easier to communicate. 

Hypothesis 4 (Hi), that there is a difference in model predictive performance among plant 

species with different distributional forms, was accepted. Model predictive performance was 

worst for widespread and rare (WR) species, followed by widespread and common (WC) 

species, restricted and common (RC) species and with rare and restricted (RR) species 

having the best predictive performance. However, CTMs generally had poor predictive 

performance for RR species compared to the other distribution-modelling methods and thus 

are not recommended as a tool for modelling the distribution ofiRR species. Further support 

was given to Hypothesis 1 (H1), that data restriction influences model predictive 

performance, as the liberal-fitting CTMs based on major gradient restricted data had better 

predictive performance than liberal-fitting CTMs based on umestricted data. 
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CHAPTERS 

SYNTHESIS 

Various authors have developed species distribution models based on a range of data 

restrictions from umestricted to severely restricted data. One of the aims ofithis study was to 

determine the effects of different levels ofi data restriction on the predictive performance of 

plant species presence-absence distribution models as there has been no systematic analysis 

of this issue. Another aim was to compare the predictive performance of various predictive 

distribution models. 

For generalised additive models (GAMs) and logistic regression models, it was found that 

intermediate levels of data restriction, particularly truncation along the species' most 

restrictive environmental gradient, termed major gradient restriction in this study, improved 

the predictive performance ofi parsimonious models (see Table 2.6 for subset ofi species 

presented in the results, see Appendix 2 for all the logistic regression models and Appendix 

3 for the GAMs). Wiser et al. (1998) concluded that models based on 1 m2 plots restricted to 

the 100 m2 plots where the species occurred were more relevant to the species relationship 

with the environment than models based on all the sampled 100 m2 plots because the source 

of variation that predicted occurrence in the larger plots was removed when the models were 

based on data from more relevant habitat. Likewise, in this study, the restriction ofi data to 

the relevant environmental space ofi a species allowed the model to be more definitive about 

species-environment correlations as extraneous sources of variation that arose from beyond 

the species' distribution range were removed. Hence, the effect ofi appropriate data 

restriction is beneficial both at higher resolution and lower resolution studies. 

On the other hand, severely restricted data significantly reduced the predictive performance 

ofi species distribution models compared to major gradient restricted models. This was a 

result of the removal of absence observations that were actually important to the 

determination of the variables that were correlated to the distribution of the species in its 

geographic range. For instance, the severe truncation (domain restriction) ofi the E. sieberi 

data removed the absence observations that were required to detect the complex correlations 

between the distribution of this species and winter and summer temperatures. 
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In contrast, the relationship 0£ E. sieberi with the temperature variables was detected by 

models based on major gradient restricted data. Parsimonious models predict well by 

capturing the important environmental correlations to the distribution 0£ the species. Thus, 

parsimonious models that have good predictive value, like the major gradient restricted 

models, are likely to be 0£ more ecological value than models based on umestricted data or 

severely restricted data. In addition to having good predictive performance, intermediate data 

restriction models are based on data that are more relevant to the environmental space 0£ the 

species. Therefore, intermediate data restriction is useful in plant species distribution 

modelling and major gradient data restriction is recommended in particular. 

GAMs were found to have significantly higher predictive performance than logistic 

regression models as shown by the ANOVA analysis (Table 2.7). Both GAM and logistic 

regression models had been developed using a rigorous-fitting forward selection modelling 

procedure with a significance level 0£ 0.05. Since logistic regression is a parametric method 

it has advantages over the non-parametric GAM method (Yee & Mitchell, 1991; Wiser et al., 

1998). Thus, attempts were made to improve the predictive performance 0£ parsimonious 

logistic regression models in a rigorous model-building framework by employing rigorous 

model fitting with the backward elimination procedure. 

In Chapter 3, the full and constrained backward elimination models had a smaller number 0£ 

predictor variables compared to the forward selection models (Table 3.1). This was because 

the last few variables in the variable removal sequence in backward elimination models were 

generally complex terms and led to model instability. The variables that degraded the model 

were removed in order to develop parsimonious models that were numerically stable 

(Hosmer & Lemeshow, 1989). Consequently, backward elimination logistic regression 

models were restricted to a small number 0£ predictor variables. The rigorous-fitting 

backward elimination logistic regression models failed to regularly include polynomial terms 

to reveal the more complex species response curves that are expected by ecologists (Yee & 

Mitchell, 1991; Austin et al., 1994; Bio et al., 1998). As the backward elimination models 

included too few variables and did not consistently include ecologically sensible variables, 

they failed to produce models with higher predictive performance than the rigorous-fitting 

logistic regression models developed by the forward selection procedure in Chapter 2. 
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In contrast to the models in Chapter 3, the liberal-fitting backward elimination models in 

Chapter 4 had a larger number 0£ variables (Table 4.4). The inclusion 0£ more variables 

improved model predictive performance contrary to expectations (Austin & Barry, 1998). In 

addition, more complex variable terms were included in the liberal-fitting backward 

elimination models. The liberal-fitting backward and forward selection methods with high 

significance levels (p = 0.00001) consistently produced models with a much smaller number 

0£ variables than the models developed from the liberal-fitting procedures with low 

significance level (p = 0.05), but also maintained polynomial terms in the models. Therefore, 

the liberal-fitting methods with high significance levels are recommended for species 

distribution modelling, not only for their high model predictive performance, but also 

because these methods included a manageable number 0£ variables and among these 

variables included ecologically sensible non-linear terms (Appendix 4). Such models should 

be further investigated for their ecological sensibility. 

To get a more incisive and wider understanding 0£ the predictive performance 0£ presence

absence plant species distribution models, the classification tree model (CTM) method that 

has a different statistical design to logistic regression and GAM was involved in the 

assessment 0£ model performance. In addition, liberal model selection methods were 

employed to determine whether larger models increased the predictive performance 0£ the 

logistic regression and CTM methods. Insight into the effect 0£ species rarity on model 

performance was sought by comparing the model predictive performance for species that 

were classified into species distributional forms based on their geographic range and 

prevalence in the study area. The species were classified as either widespread and common 

(WC), widespread and rare (WR), restricted and common (RC) or restricted and rare (RR) 

(Table 4.3). To reduce the chances 0£ the observed model performance being due to 

statistical artefacts, a more rigorous model assessment method that used data that were not 

involved in the model-building process was employed in Chapter 4. 

In Chapter 4, the high predictive performance 0£ rigorous-fitting GAMs developed by 

· forward selection, suggested in Chapter 2 and other studies (Franklin, 1998; Pearce & 

Ferrier, 2000), was confirmed with use 0£ independent test data sets. The predictive 

performance 0£ GAM was comparable to the performance 0£ liberal-fitting logistic 

regression models that included more variables than the GAMs and rigorous-fitting models. 

However, the liberal-fitting backward elimination logistic regression models had predictive 
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performance that was significantly higher than that 0£ rigorous-fitting forward selection 

logistic regression models that included a smaller number 0£ variables than the models based 

on the liberal model-fitting procedures. 

The usefulness 0£ data restriction was reinforced by the better predictive performance 0£ 

major gradient restricted classification tree models (CTMs) compared to CTMs based on 

umestricted data when liberal fitting 0£ CTMs was employed. However, the predictive 

performance 0£ CTM was not as high as anticipated from the findings 0£ studies like 

Franklin (1998). The predictive performance 0£ rigorous-fitting CTMs was comparable to 

that 0£ logistic regression and GAM. Unlike logistic regression modelling where larger 

models resulted in improved predictive performance, larger CTMs from less stringent 

model-building criteria had reduced performance that was significantly lower than that 0£ 

GAM and most o£the liberal-fitting logistic regression models (Table 4.4). 

Over all the modelling methods the trend for predictive performance for the distributional 

forms was WR <WC<RC RR. This trend was maintained by the logistic regression model 

and GAM data subset but not by the CTM data subset. The performance 0£ CTMs for the RR 

distributional form was not significantly different from the other distributional forms 

because the performance 0£ CTMs was so erratic for RR species. However, for the other 

distributional forms rigorous-fitting CTMs had good predictive performance and showed the 

same trend as logistic regression models and GAMs. In addition, the rigorous-fitting CTMs 

were small and easy to communicate. 

This study confirms the findings by Franklin (1998), Wiser et al. (1998) and Pearce and 

Ferrier (2000) that besides the anticipated statistical problems associated with small sample 

sizes, distribution models for rare and restricted species (RR) have high predictive 

performance. However, Franklin (1998) did not report the reduced CTM predictive 

performance for RR species as demonstrated in this study. The superiority 0£ CTM 

performance over GAM and logistic regression found in Franklin (1998) and the failure to 

detect the poor performance 0£ CTMs for RR species may have been due to the 

shortcomings in the measurement 0£ model performance. CTMs are notorious for overfitting 

their training data sets (Venables & Ripley, 1994). In Franklin (1998), the predictive 

performance measures for the different modelling procedures were derived from the same 
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data set that was used to build the model. This may have skewed the measure of model 

predictive performance in favour of CTMs. 

Widespread species had models with lower predictive performance than restricted species 

because there is more opportunity for the processes that are controlling the distribution of the 

species to vary from place to place across the study area if the species has a large geographic 

range. A species that is widespread and common (WC) but with patchy distribution like E. 

pauciflora, occurs in a large range 0£ environmental conditions. This increases the chances 

0£ local genetic adaptation 0£ species to environmental conditions in different parts 0£ its 

range (Williams & Woinarski, 1997). The different response of various subpopulations, 

representing various subspecies (Costermans, 1981), to the environmental variables might 

have made it difficult to model the distribution 0£ this species, as shown by the poor 

performance of E. pauciflora models compared to other more homogenously distributed 

species in the WC distributional form (Table 4.4). 

The WR distributional form had the worst predictive performance over all the methods. The 

representative 0£ this distributional form was E. elata. E. elata was like E. pauciflora in 

terms o£being widespread, but was scattered to a greater degree. This distributional form led 

to the poor predictive performance demonstrated by the distribution models for E. elata 

compared to other species with different distributional forms. 

The poor predictive performance found for WR plant species was also found for bird species 

that could be described as widespread and rare. Over a large and heterogenous area 0£ the 

Himalayas Manel et al. (1999) found that bird species that were rare in the data set were 

poorly predicted by discriminant analysis, artificial neural networks and in particular, by 

logistic regression models. The scattered nature 0£ the E. elata distribution made it difficult 

to detect complex correlations between the distribution of E. elata and the environment in a 

rigorous model-fitting framework because the inclusion 0£ many variables or complex 

variable terms lead to large standard errors. The prediction 0£ this species was still however 

improved by increasing the number 0£ variables in the more liberal logistic regression 

models. 

Species such as E. elata may require historical disturbance data in addition to the 

environmental correlations used here. Leathwick (1995) attributed the high deviance in the 
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distribution models for Nothofagus spp. in New Zealand to the discontinuities in the 

distribution 0£ this species as a result 0£ several large-scale rhyolitic eruptions in the given 

region in the last 2000 years. Similarly, the distribution o£E. elata is disturbed. In the case 0£ 

E. elata, agricultural activities on the lower slopes have removed the species from where the 

species is usually found (Austin, pers. comms.). On the other hand, clearing on the upper 

slopes has allowed E. elata to invade uncharacteristic topographic positions (Austin, pers. 

comms.). Incorporation 0£ such disturbance information into the E. elata distribution model 

would improve the predictive performance for this species. Use 0£ disturbance data in 

distribution modelling should improve the model predictive performance for the WR 

distributional form in general. 

The findings 0£ this study are encouraging for the use 0£ plant species distribution models in 

conservation biology. The plant species that are generally 0£ most conservation concern are 

in the RR distributional form. Because 0£ their distributional form, these species are 

vulnerable to extinction from chance disasters like disease, storms and irresponsible land 

clearings (Begon et al., 1990). Therefore, it is important to know and protect as many 

locations 0£ these species as possible. Furthermore, finding new locations for these species 

helps in the collection 0£ genetic material that might be used for species reintroduction 

programmes that will inevitably be necessary in the future (Wiser et al., 1998). The 

knowledge o£potential habitat for these species that is derived from distribution models will, 

likewise, aid the species reintroduction efforts by identif¥i.ng locations that are most suitable 

for the species (Wiser et al., 1998). 

The poor performance 0£ parsimonious models for WR species is not an immediate concern 

because their widespread distributional form buffers such species from chance extinctions. 

Furthermore, the liberal-fitting logistic regression models that had higher predictive 

performance can be used to locate species in the WR distributional form. 
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5.1 CONCLUSION 

This study found that the level ofi data restriction has an effect on the predictive performance 

ofi plant species distribution models (H1) developed using logistic regression, GAM and 

CTM. Models based on major gradient data restriction had consistently high predictive 

performance and models based on the more severe climatic domain data restriction, had 

lower predictive performance. 

The predictive performance ofi logistic regression was lower for models developed in a 

rigorous-fitting model-building framework but higher in the models produced using a 

liberal-fitting model-building procedure. I£ the rigorous model-fitting procedure is used for 

logistic regression, GAM has a significantly higher predictive performance, and in this case 

H2, that modelling methods have different predictive performance, is accepted. However, 

since model-building procedure does have an impact on predictive performance (H3), the 

performance ofiGAM is not greater than that ofilogistic regression models based on a liberal

fitting model-building framework. 

Hypothesis 4 (H4) was accepted because differences were found in the predictive 

performance ofi models for different plant species distributional forms. Models for 

widespread and rare (WR) species had the lowest predictive performance, the widespread 

and common (WC) species had intermediate performance and the restricted and common 

(RC) and the restricted and rare (RR) species had higher predictive performance. 
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APPENDICES 

Appendix 1: Description ofi environmental variable estimates used as candidate predictor 

.variables for the modelling ofiplant species distributions. 

Mean annual rainfall 

Description: Summer rainfall. Average ofimean monthly rainfall for January, February and 

March(mm). 

Source: Derived from data estimated from the ESOCLIM climate surfaces using the 

ESOCLIM software and an input file generated from the 200m DEM that was provided by 

NPWS. 

Resolution: 100m (resampled from 200m). 

Constraints: Resampled rather than recomputed at 100m. 

Mean summer rainfall 

Description: Summer rainfall. Average ofi mean monthly rainfall for January, February and 

March(mm). 

Source: Derived from data estimated from the ESOCLIM climate surfaces using the 

ESOCLIM software and an input file generated from the 200m DEM that was provided by 

NPWS. 

Resolution: 100m (resampled from 200m). 

Constraints: Resampled rather than recomputed at 100m. 

Mean winter rainfall 

Description: Winter rainfall. Average ofi mean monthly rainfall for July, August and 

September (mm). 

Source: Derived from data estimated from the ESOCLIM climate surfaces using the 

ESOCLIM software and an input file generated from the 200m DEM that was provided by 

NPWS. 

Resolution: 1 00m (resampled from 200m). 

Constraints: Resampled rather than recomputed at 100m. 
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Appendix 1: Continued 

Mean annual temperature 

Description: Mean annual temperature (°C). 

Source: Derived from data estimated from the ESOCLIM climate surfaces using the 

ESOCLIM software and an input file generated from the 200m DEM that was provided by 

NPWS. 

Resolution: 1 00m (resampled from 200m). 

Constraints: Resampled rather than recomputed at 1 00m. 

Mean maximum summer temperature 

Description: Maximum temperature hottest month (°C). 

Source: Derived from data estimated from the ESOCLIM climate surfaces using the 

ESOCLIM software and an input file generated from the 200m DEM that was provided by 

NPWS. 

Resolution: 1 00m (resampled from 200m). 

Constraints: Resampled rather than recomputed at 1 00m. 

Mean minimum winter temperature 

Description: Winter minimum temperature, expressed as an index. This is calculated by 

subtracting the mean annual temperature from the mean July minima after both have been 

converted to standard deviation units: 

tempjul-mean(tempjul)/standard deviation(temp.ju})) 

- (temp-mean(temp)lstandard deviation(temp)) 

where tempjul = minimum temperature for July and 

temp = mean annual temperature. 

Source: Derived from data estimated from the ESOCLIM climate surfaces using the 

ESOCLIM so:fi:ware and an input file generated from the 200m DEM that was provided by 

NPWS. 

Resolution: 1 00m (resampled from 200m). 

Constraints: Resampled rather than recomputed at 1 00m. 
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Appendix 1: Continued 

Mean daily summer radiation 

Description: Summer radiation. Average ofimean daily radiation for December, January and 

February (mj/m2/day). 

Source: Derived from data estimated from the ESOCLIM climate surfaces using the 

ESOCLIM software and an input file generated from the 1 00m DEM that was provided by 

NPWS. 

Resolution: l 00m. 

Constraints: None. 

Mean daily June radiation 

Description: Winter radiation. Average ofimean daily radiation for June (mj/m2/day). 

Source: Derived from data estimated from the ESOCLIM climate surfaces using the 

ESOCLIM software and an input file generated from the 1 00m DEM that was provided by 

NPWS. 

Resolution: l 00m. 

Constraints: None. 

Nutrient status 

Description: Nutrient index (5 levels from very low to very high) Values were estimated 

from geochemical analysis ofirock. 

Source: A lithology layer for the study area was constructed by combining the existing llan 

lithology layer, currently owned by CSIRO, with the 1 :250,000 Goulbum and Wollongong 

map sheets. These two separate datasets were combined in the Arc/Info GIS and from this, a 

5 class nutrient layer was derived from geochemical analysis ofirock bore-hole data. 

Resolution: lO0m (resampled from original data resolution ofi 1000m, except for the 

Goulbum and Woollongong Map Sheets which were grided from a more recent polygon 

dataset captured at 1 00m resolution). 

Constraints: Coarse resolution-derived from 1km data. 
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Appendix 1: Continued 

Topography 

Description: Topography (6 classes; ridge, slope, lower slope, gully, flat, other) 

Source: Computed using methodology outlined in CSIRO Wildlife and Ecology (1996) 

from l00mDEM data. 

Resolution: 1 00m. 

Constraints: None. 

Lithology 

Description: Lithology (5 classes; volcanics and rhyolite, hard sediments, soft sediments, 

granite, other) plus a Quaternary sediments class. 

Source: A lithology layer for the study area was constructed by combining the existing 11cm 

lithology layer, currently owned by CSIRO, with the 1 :250,000 Goulbum and Wollongong 

map sheets. 6 Classes ofi lithology were defined using expert opinion. 

Resolution: 1 00m (resampled from original data resolution ofi 1000m, except for the 

Goulbum and Woollongong Map Sheets which were grided from a more recent polygon 

dataset captured at 1 00m resolution). 

Constraints: Coarse resolution - derived from 11cm data. 
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Appendix 2: The comparison 0£ model predictive performance (AUC 0£ ROC plot) for 

different plant species using logistic regression under different data restriction regimes. 

SQecies Data treatment glm unr glm t glm m glm dom glm m(t) 
E. delegatensis 0.9437 0.9753 0.9471 0.9674 0.9569 

resglm_t 0.9583 0.9583 
(0) (0) 

resglm_m 0.9478 0.9478 
(0) (0.8504) 

resglm_dom 0.9654 0.9654 
(0) (0.6498) 

glm_m 0.9471 
(0) 

glm_dom 0.9674 0.9674 
(0.048) (0) 

glm_t(dom) 0.9768 
(0.015) 

glm_m(dom) 0.9638 
(0.3102) 

glm_t(m) 0.9753 
(0) 

E. elata 0.73 0.7394 0.738 0.7598 0.7463 
resglm_t 0.7372 0.7372 

(0) (0.8044) 
resglm_m 0.7404 0.7404 

(0) (0.7752) 
resglm_dom 0.7735 0.7735 

(0) (0.316) 
glm_m 0.738 

(0.6745) 
glm_dom 0.7598 0.7598 

(0.2308) (0.1649) 
glm_t(dom) 0.7782 

(0.2223) 
glm_m(dom) 0.7809 

(0.1165) 
glm_t(m) 0.7488 

(0.3702) 
E. fastigata 0.8955 na 0.8893 0.9063 na 

resglm_t na 
resglm_m 0.8992 0.8992 

(0) (0.0019) 
resglm_dom 0.9044 0.9044 

(0) (0.5234) 
glm_dom 0.9063 

(0) 
glm_m(dom) 0.8986 

(0.0189) 



161 

Appendix 2: Continued 

Species Data treatment glm unr glm t glm m glm dom glm m(t) 
E. fraxinoides 0.9622 0.9575 0.9597 0.9592 

resglm_t 0.9615 0.9615 
(0.1916) (0.1553) 

resglm_m 0.9607 0.9607 
(0.1211) (0.3998) 

resglm_dom 0.9673 0.9673 
(0.0816) (0.0494) 

glm_m 0.9575 
(0.1595) 

glm_dom 0.9597 0.9597 
(0.6099) (0.6211) 

glm_t(dom) 0.9680 
(0.0259) 

glm_m(dom) 0.9656 
(0.0647) 

gim_t(m) 0.9644 
(0.1101) 

E. kybeanensis 0.811 na 0.8936 na na 
resglm_t 0.9528 

(0.0031) 
resglm_m 0.8936 0.8936 

(0.0034) (na) 
resglm_dom 0.9823 0.9823 

(0.003) (na) 
E. paliformis 0.9331 0.9894 0.9841 na 0.9841 

resglm_t 0.9894 0.9894) 
(0) (na) 

resglm_m 0.9841 0.9841 
(0) (na) 

resglm_dom 0.9928 
(0) 

glm_m 0.9841 
(0.4651) 

glm_t(m) 0.9948 
(0.0686) 
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Appendix 2: Continued 

Species Data treatment glm unr glm t glm m glm dom glm m(t) 
E. pauciflora 0.8545 0.8547 0.8545 0.8549 0.8546 

resglm_t 0.8546 0.8546 
(0.2422) (0.0638) 

resglm_m 0.8545 0.8545 
(0.2315) (0.6186) 

resglm_dom 0.8546 0.8546 
(0.0713) (0.0597) 

glm_m 0.8545 
(0.0237) 

glm_dom 0.8549 0.8549 
(0.0111) (0.0074) 

glm_t(dom) 0.8548 
(0.1061) 

glm_m(dom) 0.8547 
(0.0496) 

glm_t(m) 0.8548 
(0.0471) 

E. sieberi 0.8582 0.8071 0.8513 0.8287 0.8515 

resglm_t 0.8583 0.8583 
(0.0129) (0) 

resglm_m 0.8611 0.8611 
(0) (0) 

resglm_dom 0.8621 0.8621 
(0) (0) 

glm_m 0.8513 0.8220 
(0) (0) 

glm_dom 0.8287 0.8287 
(0) (0) 

glm_t(dom) 0.8268 
(0.0681) 

glm_m(dom) 0.8549 
(0) 

glm_t(m) 0.822 
(0) 



Appendix 2: Continued 

Species Data glm_unr glm_t glm_m glm_do 
treatment m 

E. moorei 0.8515 0.917 0.8765 0.9418 
resglm_t 0.9170 0.9170 

(0.0001) (na) 
resglm_m 0.8765 0.8765 

(0.0002) (na) 
resglm_dom 0.9418 0.9418 

(0) (na) 
glm m 0.8765 

(0.0001) 
glm_dom 0.9418 0.9418 

(0.0001) (0) 
glm_t(dom) 
glm_m(dom) 0.9418 

(na) 
glm_t(m) 

Key: 

glm_unr: predictive performance ofumestricted model. 
glm_t: predictive performance o£temperature restricted model. 
glm _ m: predictive performance of major gradient restricted model. 
glm _ <lorn: predictive performance of climatic domain restricted model. 
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glm_m(t) 

0.9305 

0.9305 
(na) 

resglm_t: predictive performance of model based on umestricted data but with. temperature 
restricted predictions. 
resglm _ m: predictive performance of model based on umestricted data but with major 
gradient restricted predictions. 
resglm_dom: predictive performance 0£ model based on umestricted data but with domain 
restricted predictions. · 
glm_t(dom): predictive performance of temperature restricted model but with domain 
restricted predictions. 
glm_m(dom): predictive performance of major gradient restricted model but with domain 
restricted predictions. 
glm_t(m): predictive performance of temperature restricted model but with predictions 
confined to the major gradient data restriction as well. 
glm _ m(t): predictive performance of major gradient restricted model but with predictions 
confined to the temperature data restriction as well. 
na: model not feasible 
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Appendix 3: The comparison 0£ model predictive performance (AUC 0£ ROC) for different 

species using GAM under different data restriction regimes. 

SQecies Data treatment gam unr gam t gam m gam dom gam m(t) 
E. delegatensis 0.9734 0.978 0.9716 0.9796 0.9722 

resgam_t 0.9741 0.9741 
(0.0296) (0.0607) 

resgam_m 0.9734 0.9716 
(0.1809) (0.0847) 

resgam_dom 0.9746 0.9796 
(0.0069) (0.0311) 

gam_m 0.9716 
(0.0016) 

gam_dom 0.9796 0.9796 
(0.0698) (0.0017) 

gam_t(dom) 0.9787 
( 0.2884) 

gam_m(dom) 0.9725 
(0.0037) 

gam_t(m) 0.9780 
(0.0032) 

E. elata 0.7453 0.7756 0.8057 na 0.8096 
resgam_t 0.7538 0.7538 

(0) (0.0224) 
resgam_m 0.7456 0.7456 

(0.3088) (0.011) 
resgam_dom 0.767 

(0) 
gam_m 0.8057 

(0.0757) 
gam_t(m) 0.776 

(0.043) 
E. fastigata 0.9148 na 0.9146 0.9207 na 

resgam_m 0.9151 0.9151 
(0.0206) (0.8104) 

resgam_dom 0.9207 0.9207 
(0) (0.983) 

gam_dom 0.9207 
(0.0117) 

gam_m(dom) 0.9167 
(0.0783) 



165 

Appendix 3: Continued 

S~ecies Data treatment gam unr gam t gam m gam <lorn gam m(t) 
E. fraxinoides 0.9361 na 0.9568 na na 

resgam_t 0.9389 
(0.0799) 

resgam_m 0.9568 0.9568 
(0) (0.9631) 

resgam_dom 0.9633 
(0.0002) 

E. kybeanensis 0.9752 0.982 0.9808 na 0.9808 
resgam_t 0.9755 0.9755 

(0.3865) (0.5715) 
resgam_m 0.9773 0.9773 

(0.1363) (0.642) 
resgam_dom 0.9931 

(0.0329) 
gam_m 0.9808 

(0.8447) 
gam_t(m) 0.9842 

(0.5542) 
E. p_aliformis na 0.9918 na na na 
E. sieberi 0.8692 0.8657 0.8683 0.8444 0.8683 

resgam_t 0.8692 0.8692 
(0.1502) (0.44) 

resgam_m 0.876 0.876 
(0) (0.0715) 

resgam_dom 0.8772 0.8772 
(0) (0) 

gam_m 0.8683 
(0.2268) 

gam_dom 0.8444 0.8444 
(0) (0) 

gam_t(dom) 0.8661 
(0) 

gam_m(dom) 0.8687 
(0) 

gam_t(m) 0.8658 
(0.2228) 



Appendix 3: Continued 

S~ecies Data treatment gam unr gam t gam m 
E. moorei 0.8628 0.9254 0.9063 

resgam_t 0.9245 0.9245 
(0.0002) (0.8106) 

resgam_m 0.8824 0.8824 
(0.0174) (0.0016) 

resgam_dom 0.9432 
(0.0012) 

gam_m 0.9063 
(0.0468) 

gam_t(m) 

Key: 
gam_unr: predictive performance of unrestricted model. 
gam _t: predictive performance of temperature restricted model. 
gam _ m: predictive performance of major gradient restricted model. 
gam _ <lorn: predictive performance of climatic domain restricted model. 
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gam <lorn gam m(t} 
na 0.9422 

0.9314 
(0.0261) 

resgam_t: predictive performance of model based on unrestricted data but with. temperature 
restricted predictions. 
resgam_m: predictive performance of model based on unrestricted data but with major gradient 
restricted predictions. 
resgam _ <lorn: predictive performance of model based on unrestricted data but with domain restricted 
predictions. 
gam_t(dom): predictive performance of temperature restricted model but with domain restricted 
predictions. 
gam _ m( <lorn): predictive performance of major gradient restricted model but with domain restricted 
predictions. 
gam _t(m): predictive performance of temperature restricted model but with predictions confined to 
the major gradient data restriction as well. 
gam _ m(t): predictive performance of major gradient restricted model but with predictions confined to 
the temperature data restriction as well. 
na: model not feasible 
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Appendix 4: The variables selected by GAM and the various model selection procedures for 

logistic regression models for the given plant species from each distributional form ( ). 

Species Model 
E. pauciflora lbls 
(WC: widespread and 
common) 

lbhs 

lfi.s 

lfhs 

rf 

gam 

E. sieberi lbls 
(WC: widespread and 
common) 

lbhs 
lfls 

lfhs 
rf 
gam 

E. fastigata lbls 
(WC: widespread and 
common) 

lbhs 
lfls 
lfhs 
rf 
gam 

E. elata lbls 
(WR: widespread and · 
rare) 

lbhs 
lfls 
lfhs 
rf 
gam 

Variables in model 
r, rl, r2, t, tl, t2, I, 11, 12, top, li, r*rl, r*r2, r*tl, rl *t, 
rl *t2, r2*tl, t*tl, t*t2, t1 *t2, t2*1, 1*12, rl *top, t1 *top, 
t2*top, 12*top, t1 *li, l*li, 11 *li, 12*li, t1 *l, t1 *11, t1 *12, 
t2*t2, l*l, 11 *11 
r, r2, t2 

r, rl, r2, t, t2, Ii, rl *t2 

r, rl, r2, t 

t, rl 

t, rl 

r, rl, r2, t, tl, t2, I, 11, 12, top, li, r*rl, r*r2, r*t, r*l, r*ll, 
r*l2, rl *r2, rl *t, rl *I, rl *11, rl *12, r2*t, r2*tl, r2*12, 
t*tl, t*t2, t*l, t*ll, t*l2, t1 *t2, t2*1, t2*12, 1*11, 1*12, 
11 *12, t*top, t1 *top, t2*top, r*li, r1 *li, r2*li, t*li, t2*1i, 
t1 *11, r*r, r1 *rl, r2*r2, l*l, 11 *11, 12*12 
r, r2, t, tl, t2, top, li, r*r2, r*t, t*tl, t*t2, r2*1i, r*r, r2*r2 
r, r2, t1, t2, top, li, r*r2, r*tl, r*t2, r2*tl, r2*t2, t1 *t2, 
r2*1i, t2*1i, r*r, r2*r2, t1 *tl, t2*t2 
r, r2, tl, t2, top, li, r*tl, t1 *t2, r2*1i, r*r, t1 *tl, t2*t2 
top, li, t2, t1, t1 :t2, r 
s(t2, df= 3), s(tl, df = 3), top 
r, r1, r2, t, t1, t2, I, 11, 12, top, li, r*rl, r*r2, r*t, r*tl, r*t2, 
r*ll , r 1 *t, r 1 *tl , r1 *t2, r2 *t, r2 *tl , r2 *t2, r2 *1, r2 *11, 
r2*12, 1*11, 1*12, 11 *12, rl *top, r2*top, 11 *top, r*li, rl *li, 
t1 *li, 11 *li, r*r, r2*r2, t2*t2, l*l, 11 *11, 12*12 
r, r2, t, t2, I, 11, 12, top, Ii, r*r2, r*t, r*r, r2*r2, t2*t2 
rl, r2, t2, r1 *rl 
rl, r2, t2, r1 *rl 
t2, rl 
s(t, df = 3), s(rl, df= 4), r2 
rl, r2, t, t2, I, 11, 12, top, li, rl *1, rl *11, r2*t2, t*t2, t2*1, 
t2*11, t2*12, t*top, r2*li, t*li, t2*1i, l*li, 12*1i, rl*rl, t*t, 
t2 *t2, 12 *12 
r2, t, t2, I, 11, t*t2, t2 *1, t2 *11, t*t, t2 *t2 
r2, 11, top, 1i 
r2, 11, 1i 
r2 
s(rl, df= 2), s(r, df= 2), 1i 
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Species 
E. delegatensis 
{RC: restricted and 
common) 

E. moorei 
(RC: restricted and 
common) 

E. fraxinoides 
(RC: restricted and 
common) 

E. kybeanensis 
(RR: restricted and 
rare) 

E. paliformis 
(RR: restricted and 
rare) 

Variables; 

Model Variables in model 
lbls r, rl, r2, t, tl, t2, l, 11, 12, top, li, r*rl, r*ll, rl *r2, rl *t, 

rl *l, rl *12, r2 *11, t*t2, l *12, tl *top, tl *l, r2 *r2, tl *t l, 
12*12 

lbhs 
lfls 
lfhs 
rf 
gam 
lbls 
lbhs 
lfls 
lfhs 
rf 
gam 
lbls 

lbhs 
lfls 
lfhs 
rfi 
gam 
lbls 
lbhs 
lfls 
lfhs 
rf 
gam 
lbls 
lbhs 
lfls 
lfhs 
rf 
gam 

rl, r2, t, t2, t*t2, r2*r2 
r, r2, l, 11, 12, r*r2, r2*1, r2*12, r*r, r2*r2 
r2, r2*r2 
r2, r2*r2 
s(r2, dfi=3), s(tl, dfi=2) 
r, r2, t, tl, t2, l, 12, li, r2*t, t*l, t*l2, t2*1, t2*12 
r, r2, t, li 
rl, l 
rl, l 
rl 
r, s{r2, df = 2) 
r, rl, r2, tl, t2, l, 11, 12, top, r*l, r*ll, r*l2, rl *r2, rl *tl, 
rl *l, rl *11, rl *12, r2 *l, r2 *top, tl *l, t l *11, t l *12, rl *rl, 
l*l 
r, rl, r2, tl, t2 
t, t2, 11, 11 *11 
t, 11, 11 *11 
t, 11 
t, s(rl, df= 2) 
t, l, 11, 12 
t 
li 
li 
li 
t2, li 
r, t, 11 
11 
r2, tl, 11 
tl 
tl 
t 

168 

r: mean annual rainfall (mm), rl: mean summer rainfall (mm), r2: mean winter rainfall (mm), t: mean 
annual temperature (oC), tl: mean maximum summer temperature (oC), t2: mean minimum winter 
temperature ( oC), l: mean daily radiation (mj/m2/day), 11: mean daily summer radiation (mj/m2/day), 
12: mean daily June radiation (mj/m2/day), li: lithology, top: topography 

Models-
lbls: low significance (0.05) liberal-fitting backward elimination logistic regression 
lbhs: high significance (0.00001) liberal-fitting backward elimination logistic regression 
lfls: low significance (0.05) liberal-fitting forward selection logistic regression 
lfhs: high significance (0.00001) liberal-fitting forward selection logistic regression 
rft rigorous-fitting forward selection (0.05) logistic regression 
gam: rigorous-fitting GAMs (0.05) 

s(x, df = n) smoothing of variable x, with n degrees ofifreedom 



169 

Appendix 5: A poor model from the low significance level (0.05) liberal-fitting backward 

elimination model (lbls) for Eucalyptus fraxinoides that had a high predictive performance 

(AUC 0£ ROC plot = 0.97) despite showing the undesirable model characteristics 0£ 

outrageously high parameter estimates and standard errors for some its predictor variables 

(DF = degrees 0£ freedom). 

Parameter DF Parameter Estimate Standard Error Chi-Square Pr> ChiSq 

Intercept 1 -11.3182 224.6 0.0025 0.9598 
r 1 -0.05 0.0442 1.2781 0.2583 
rl 1 0.2108 0.4074 0.2677 0.6049 
r2 1 0.0557 2.7116 0.0004 0.9836 
t1 1 -3.1456 2.5548 1.516 0.2182 
t2 1 -1.2104 0.2346 26.627 <.0001 
1 1 100.3 23.9825 17.4952 <.0001 
11 1 -43.0949 11.8109 13.3133 0.0003 
12 1 -68.6916 17.1036 16.1299 <.0001 
top 1 1 8.9063 216.4 0.0017 0.9672 
top 2 1 7.902 216.4 0.0013 0.9709 
top 3 1 15.9532 216.4 0.0054 0.9412 
top 4 1 3.5707 216.4 0.0003 0.9868 
top 5 1 31.7501 216.5 0.0215 0.8834 
top 6 1 4.9569 216.4 0.0005 0.9817 
r*l 1 -0.0764 0.0162 22.1764 <.0001 
r*ll 1 0.0391 0.00859 20.7173 <.0001 
r*12 1 0.0565 0.0119 22.734 <.0001 
rl*r2 1 0.00797 0.00189 17.7737 <.0001 
rl *tl 1 0.033 0.0104 10.164 0.0014 
rl *l 1 0.8161 0.1573 26.917 <.0001 
r1 *11 1 -0.4048 0.0832 23.6984 <.0001 
rl *12 1 -0.602 0.1139 27.9258 <.0001 
r2*1 1 -0.0693 0.0196 12.5585 0.0004 
r2*top 1 1 -0.0845 2.6925 0.001 0.975 
r2*top 2 1 -0.0649 2.6925 0.0006 0.9808 
r2*top 3 1 -0.2109 2.6931 0.0061 0.9376 
r2*top 4 1 -0.0302 2.6937 0.0001 0.9911 
r2*top 5 1 -0.4895 2.6945 0.033 0.8558 
r2*top 6 1 -0.0138 2.6934 0 0.9959 
t1 *l 1 -4.1314 0.9219 20.0811 <.0001 
tl *11 1 1.8922 0.4708 16.1535 <.0001 
tl *12 1 3.1035 0.6658 21.7312 <.0001 
rl *rl 1 -0.00503 0.000878 32.8315 <.0001 
1*1 1 -0.1674 0.07 5.7217 0.0168 

Variables; 
r: mean annual rainfall (mm), rl: mean summer rainfall (mm), r2: mean winter rainfall (mm), t: mean 
annual temperature (oC), tl: mean maximum summer temperature (oC), t2: mean minimum winter 
temperature (oC), 1: mean daily radiation (mj/m2/day), 11: mean daily summer radiation (mj/m2/day), 
12: mean daily June radiation (mj/m2/day), li: lithology, top: topography 
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Appendix 6: Major gradient restricted classification tree model for E. delegatensis that had a 

few nodes but showed high predictive performance (AUC ofROC plot= 0.98). The number 

of observations in each of the environmental groups created by the classification tree model 

is shown at the node and the probability of the occurrence of the species in a given group is 

shown in brackets. 

4620 
(0.0006494) 

272 
(0. 007 3530) 

240 
(0.0208300) 

187 333 
(0.5294000) (0.1862000) 

Variables; 
r2: mean winter rainfall (mm), t1: mean maximum summer temperature (oC), t2: mean minimum 
winter temperature (oC), 12: mean daily June radiation (mj/m2/day) 
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Appendix 7: The extent of occurrence (EOO) of E. pauciflora in the study area 

showing the patchy distribution of this common species among the sites sampled in it 

its range within the study area 




