
Introduction

In the last few years a wide range of empirical models

have been used to predict the distribution of tree species.

They are now considered a useful tool for the conservation

and management of forest habitats. Their use is based on the

idea that known occurrences or measures of abundance of

tree species can be related to environmental predictors using

statistically derived response curves that aim to reflect the

species’ environmental responses (Guisan and Zimmerman

2000, Guisan and Thuiller 2005, Guisan et al. 2006). The fit-

ted model is then used to project the niche into geographic

space, providing a spatial prediction of the most suitable ar-

eas for a given species. Practical examples of this approach

include the evaluation of the effect of climate change on the

abundance and distribution of tree species (Iverson and

Prasad 2002, Prasad et al. 2006, Attorre et al. 2007b, Benito

Garzòn et al. 2008), the elaboration of management strate-

gies (Hidalgo et al. 2008) and the assessment of the potential

spreading areas of invasive alien species (Rouget et al. 2004).

Many different methods are available for modelling the dis-

tribution tree species: models of environmental envelope

such as ENFA (Hirzel et al. 2002) and BIOCLIM (Beaumont

et al. 2005), classical regression models, such us generalized

linear models and generalized additive models (Guisan et al.

2002, Lehmann et al. 2002), and machine-learning tech-

niques that are able to deal with complex and non-linear re-

lationships between predictors and response (Recknagel

2001). Among these latter methods are classification and re-

gression trees (Iverson and Prasad 1998, Vayssieres et al.

2000), and its variants such as boosted regression trees (Elith

et al. 2002) or random forest (Benito Garzòn et al. 2006), ar-

tificial neural networks (Pearson et al. 2002) and genetic al-

gorithms (Peterson et al. 2001, 2002). Several studies, based

on presence-only or presence-absence data, have been car-

ried out to evaluate their performance (Elith et al. 2002, Pear-

son et al. 2002, Thuiller 2003, Segurado and Araujo 2004,

Benito Garzòn et al. 2006, Hernandez et al. 2006, Tsoar et al.

2007). Based on the results of these studies we have com-

pared the most promising methods to evaluate their effi-

ciency in modelling abundance measures of tree species

characterized, in the study area, by sparse and fragmented

populations. The best method is then used to produce maps

of the current potential distribution abundance of these spe-

cies to support conservation strategies.

Study area

The study area is Central Italy and we have chosen Ilex

aquifolium, Taxus baccata and Quercus suber. The first two
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can be found mainly in the temperate beech woods of the Ap-

ennine and are relicts of the Cenozoic flora, characterized by

warm-humid climatic conditions. They survived the glacia-

tions of the Quaternary period in refugia areas, and may have

followed Fagus sylvatica in the successive postglacial ex-

pansion. This process, possibly characterized by long-range

dispersion events, determined their current fragmented pres-

ence and reduced consistency (Magri et al. 2006).

Quercus suber is an evergreen oak which grows in Medi-

terranean schlerophyllous forests. In central Italy, it grows

only on the Tyrrhenian coast and is characterized by scat-

tered populations from sea level up to 500 m, typically on

siliceous acid soils. Quercus suber forests are linked to cork

exploitation, however, the decline of this economic activity

and the change of land use are causing their rapid decline.

Because of their high level of biodiversity, the two habi-

tats have been included in Annex I of the Habitat Directive

(“Beech forests of the Apennine with Taxus and Ilex” and

“Quercus suber forests” - Council of Europe, 1992). For this

reason, the production of reliable maps of potential spatial

distribution of these species can be a valuable tool for the

elaboration of conservation strategies.

Material and methods

Data set

Using bibliographical information and information pro-

vided by the staff of the protected areas, we identified all the

locations of beech woods containing Taxus and Ilex and

Quercus suber forests. In these areas, 65 sample plots for

Ilex, 55 for Taxus and 85 for Quercus suber were carried out

during the spring-summer period of 2007 for Taxus and Ilex

and of 2008 for Quercus suber. Each plot had a radius of 15

meters and was identified by GPS coordinates (Fig. 1). In

each plot, we measured, with a caliper, the diameter at breast

height (1.30 m) of all the trees with a diameter equal to or

over than 2.5 cm, using 5 cm diametrical classes.

As a measure of abundance the Importance Value (IV)

was calculated according to the following formula:

Importance Value (x) = Density (x) + Dominance (x)

Density (x) = 100 * NS (x) / NS (all species)

Dominance (x) = 100 * BA (x) / BA (all species)

Where: x is one of the considered species, NS is the number

of stems of a plot and BA is the basal area of the plot calcu-

lated using the diameter at breast height of each one of the

stems. In monotypic stands, the IV could reach a maximum

of 200.

For the environmental variables, we used climatic maps

in GRID format with a spatial resolution of 500 m. These

maps were obtained by interpolating precipitation and tem-

perature data recorded in 300 meteorological stations and

calculated as the average of the 1960 - 1990 period. Climatic

variables were chosen among those believed to be more

meaningful for their influence on the growth and distribution

of tree species and considered representative of others more

directly related to them, such as the number of growing de-

gree days or actual evapotranspiration (Thuiller et al. 2003).

We used:

Annual mean temperature (MeanT)

Minimum temperature of the coldest month (MinT)

Maximum temperature of the hottest month (MaxT)

Summer precipitation (PS)

Winter precipitation (PW)

Total annual precipitation (PTot)
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The Universal kriging with external drift and covariates (al-

titude, slope, aspect, distance from coast, estimated solar ra-

diation) was used as the interpolation method (Attorre et al.

2007a).

We also used slope (SLO) and geological maps, the latter

as a surrogate of pedological information that was not avail-

able for the whole study area. The lithological substratum

was measured and classified as either: sand, carbonatic, vol-

canic, arenaceous, clayey. In the statistical models, we para-

meterized the last variable using carbonatic as the baseline.

Statistical models

Various predictive models are tested in this study: Sup-

port Vector Regression (SVR), Multivariate Adaptive Re-

gression Splines MARS), Gaussian processes with radial ba-

sis kernel functions (GP), Regression Tree Analysis (RTA)

and Random Forests (RF). Data analysis was performed us-

ing the R statistical software (R Development Core Team

2008). R is a freeware that was developed by researchers who

have also contributed novel statistical techniques in the form

of packages that can be plugged into R. The predictive mod-

els tested are implemented in the following packages, avail-

able from the R website: kernlab, earth, rpart, mgcv, ran-

domForest, gbm. The geographical analysis was performed

with ArcGIS 9.2 (Environmental Systems Research Institute

2007).

We are aware of an important issue related to the specific

formulation of the models we used. In fact, the specific para-

meterization choices we made are not the only ones avail-

able. For instance, one can use lowess or spline smoothers

instead of kernels. The output obtained, within the same

model, changes as one changes the details related to these

possibly different parameterizations, yielding different out-

puts of species potential distribution (Thuiller 2003, Araújo

and Guisan 2006). The existence of variability in a model

outputs due to differences in its parameterization constitutes

a source of uncertainty that could be evaluated by a sensitiv-

ity analysis, but this was clearly beyond the scope of this pa-

per. We expect the variability between different models to be

more substantial than the variability within each model with

a different tuning. Furthermore, we have tried to set up the

models with the most common and/or most intuitive parame-

terizations, in order to mimic a real situation of analysis for

the prediction of species potential distribution.

Another issue is related to the fact that modelling tech-

niques require records of absences since the use of presence-

only data would bias the analysis and determine overoptimis-

tic predictions of the potential distribution. However, in the

case of rare tree species, absence data are difficult to obtain

accurately: a given location may be classified in the ‘‘ab-

sence’’ set because for historical reasons the species is absent

even though the habitat is suitable or because the habitat is

truly unsuitable for the species; and only the latter cause is

relevant for predictions. When no true absence data are avail-

able, one approach is to generate ‘pseudo-absences’ and to

use them in the model as absence data for the species. There

are many different methods for generating pseudo-absence

(Zaniewski et al. 2002, Engler et al. 2004, Pearce and Boyce

2006). In this case, we have chosen random sampling without

replacement, identifying a number of pseudo-absences equal

to that of presences within known altitudinal ranges for the

analysed species. The choice of the method for generating

pseudo-absences may influence the performance of the mod-

els (see for instance Chefaoui and Lobo 2008). However, in

this study simple random sampling has been chosen because

in this way pseudo-absences can be regarded as a random

sample from the background population, and the prob-

abilistic properties of this random sample are known (s,ee for

instance, Ward et al. 2009 on this issue). Further, the choice

of the method is not relevant in our context, since it is un-

likely to influence the comparative performance of the non-

linear models we have used.

Support vector regression (SVR)

SVRs are considered to be a new generation of learning

algorithms among machine-learning methods. SVR was pro-

posed by Drucker et al. (1997) as a version of the Support

Vector Machine for regression. SVR uses a functional rela-

tionship known as a kernel to map data onto a new hyper-

space in which complicated patterns can be more simply rep-

resented (Müller et al. 2001). We used a Gaussian kernel,

where with width considered as a hyperparameter and set as

the estimated median width. As with any kernel method, in

general the approach is almost insensitive to the choice of the

kernel function, while it is sensitive to the choice of the band-

width. Estimation of the width provides an easy and automat-

ic choice of an operationally good width. See Hastie et al.

(2001) for further discussion.

Vector Machines are gaining importance in modelling

spatial distribution of species (Guo et al. 2005, Drake et al.

2006) because there is no theoretical requirement for ob-

served data to be independent and they require less model

tuning and fewer parameters than other more established

methods.

Multivariate Adaptive Regression Splines (MARS)

MARS is similar to generalized additive models but it re-

lies on fitting piecewise linear basis functions rather than

smoothed functions (Leathwick et al. 2005) and includes a

recursive simplification procedure. In other words, it fits lin-

ear segments, also called piecewise linear basis functions, to

the data. It breaks the range of each predictor variable into

subsets of the full range using ‘knots’ and allows the slope of

the fitted linear segments between pairs of knots to vary

while ensuring that the full fitted function is without breaks

or sudden steps. The resulting estimate can be seen as the

maximizer of a penalized least squares objective function.

The Generalized Cross Validation (GCV) penalty per knot

was set to 2 (Friedman 1991). MARS is commonly used in

spatial ecology and in a recent comparison it performed par-

ticularly well for predicting occurrences in independent data

sets (Elith et al. 2006).
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Gaussian processes with radial basis kernel functions

(GP)

This approach produces a so-called Radial Basis Func-

tions network, whose main idea is to produce a smooth non-

parametric estimate for the relationship between the response

and the covariates (Williams and Barber 1998). GP gives

more flexibility than a (global) linear regression approach,

but not too much flexibility. At each point a different, but

very simple, model is estimated. The resulting function is en-

couraged to be close to the observed point and to the neigh-

bouring points, but it is also forced to be continuous and

smooth. At each point a weighted average is produced, with

weights being proportional to the kernel value when the ker-

nel is centred at the point. The width for the kernel is consid-

ered as a hyperparameter and set as the estimated median

width. We can expect predictions to be sensitive with respect

to this choice, while being much less sensitive with respect

to the kernel functional shape.

The GP approach is a promising tool in analyzing eco-

logical data because this data is known to have a nonlinear

structure, for example due to the presence of many zeros

(zero-inflation). As far as we know, this is the first time it has

been used in this research field.

Regression Tree Analysis (RTA)

RTA models have been widely used over the last few

years to study the potential distribution of tree species abun-

dance in the eastern United States (Iverson and Prasad 1998,

2002, Iverson et al. 1999). They are based on a recursive data

partitioning algorithm that splits the data into subsets based

on a single, best predictor variable. The algorithm proceeds

by splitting these subsets using the remaining covariate val-

ues. The output is a tree with branches and terminal nodes.

The predicted value at each terminal node is the average at

that node, which can be considered as relatively homogene-

ous. In RTA the effect of the covariates is neither linear nor

constant, producing a categorization of the (quantitative) co-

variate that best predict the observed response. Moreover, the

hierarchical structure obtained provides a simple and effec-

tive way of understanding the covariates’ impact on the ob-

served response; the corresponding role in terms of response

prediction can be based on the ordering produced by the in-

crease in the percentage of response variability which is ac-

counted for (Breiman et al. 1984). Our final RTA models

were generated after pruning the full trees.

Random Forests (RF)

RF implements the automatic combination of tree predic-

tors (Breiman 2001). In RF bootstrap samples are drawn to

construct multiple trees and each tree is grown with a ran-

domized subset of predictors. In our implementation we sam-

pled 500 trees. This feature alleviates the problem of corre-

lated variables because they may be extracted in turn, thus

contributing to the aggregated tree model. Aggregation is ob-

tained by averaging the trees. The RF algorithm also provides

a measure of variable importance in the modelling: the im-

portance is derived from the contribution of each variable ac-

cumulated along all nodes and all trees where it is used (Bre-

iman 2001).

RF is receiving much attention in forecasting the effect

of climate change on species distribution because growing a

large number of small trees limits the generalization error.

This means that it is very difficult to have over adaptation to

the data, commonly known as overfitting (Prasad et al. 2006,

Araujo and New 2007, Benito Garzòn et al. 2008).

Model validation

For all methods we carried out a k-fold cross validation,

comparing the values observed and those predicted on the

test set. We set k=10, but found no sensitivity to this choice

for k ranging from 5 to 20. The cross validation was imple-

mented as follows: first, the training data were randomly split

into ten subsets of equal size, then each subset was in turn

used for accuracy testing and the remaining nine for training.

The procedure was repeated 1000 times. Finally, the total ac-

curacy was estimated by averaging the accuracy of each test.

As suggested by Hernadez et al. (2006), in order to evalu-

ate models we used multiple evaluation metrics accompanied

with maps of suitable area predicted:

• The Mean Squared Error (MSE), which is the average

of the squared differences between observed and pre-

dicted values. The MSE is commonly used in statistical

literature to evaluate prediction performance.

• The average Goodman-Kruskal ordinal measure of as-

sociation between the observed and predicted IV di-

vided into classes according to the following breaks:

0.5, 3.5, 6.5, 10.5, 20.5, 30.5, 50.5. The Goodman-

Kruskal index, like other non-parametric measures of

association can complement MSE because it does not

include an intrinsic hypothesis of symmetric loss.

• The sensitivity, which we defined as the proportion of

presences correctly predicted among the observed pres-

ences. A predicted IV<0.5 was deemed as a predicted

absence.

Due to the lack of true absence data, we preferred not to es-

timate the true-negative rate (the specificity, namely the pro-

portion of true-negative predictions vs. the number of actual

negative sites).

We also applied the criterion of the minimal predicted

area (MPA) as defined by Engler et al. (2004) in order to

compare the potential distribution maps obtained by each

model. MPA is particularly useful when modelling the poten-

tial distribution of rare species by using presences and

pseudo-absences. In fact, a model that predicts species pres-

ence everywhere could show the best evaluation (because all

presences would then effectively be predicted as presences),

but such a map would be useless. For this reason, according

to the MPA, the best model based on presences and pseudo-
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absences should predict the smallest possible potential area,

while still covering a maximum number of the species occur-

rences. To calculate the MPA, for each species we then iden-

tified the threshold of predicted IV scores encompassing the

100% of the species occurrence (rule of parsimony) below

which predictions were set as zero.

Variable importance

Variables predicted to be important in determining the

spatial distribution of species were identified only for

MARS, RTA and RF. In fact the SVR and GP do not directly

provide such information. For RTA, the importance of a vari-

able is measured as the total reduction in MSE achieved by

all splits on that variable. In RF, the importance of a predictor

is usually evaluated by randomly permuting its values. The

RF is fitted on the original data set with the only difference

given by the permuted predictor and the MSE is evaluated.

The operation is repeated many times and variable impor-

tance is estimated as the mean difference in MSE between the

model fit using the original data and using the permuted data.

The mean difference is then normalized using the standard

error so that the final importance measures can be used for

ranking. For MARS, variable importance is calculated by re-

fitting the model after dropping all terms involving the vari-

able in question, calculating the reduction in goodness-of-fit

and normalizing the results. In order to make a comparison

between techniques, variable importance measures were all

standardized.

Results

We compared the five techniques by assessing MSE,

Goodman-Kruskal, Sensitivity and Minimal Predicted Area

on each of the three species for each model. The three vali-

dation indexes clearly show that the best model is RF, which

has the lowest MSE and the highest Goodman-Kruskal coef-

ficient and, according to the sensitivity index, is the best in

predicting the presence of the three species (Table 1). No

marked differences were found among the other methods,

even though GP was the second best six times in terms of

performance. Based on the predictions, we quantified the

MPA of the three species for the five models. According to

the parsimony criterion for the MPA, the lowest predicted
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IVs were identified for each species: 4 for Ilex, 3 for Taxus

and 6 for Quercus suber. Below these limits, predicted IVs

were not used to produce the maps of potential distribution.

Significant differences were found in the predicted suitability

areas (Table 2). In particular SVR and RTA predicted areas

noticeably smaller than the other three methods (GP, MARS

and RF). The maps of the three species (Figs 2-4) reflected

the validation measures of Table 1: SVR clearly under-pre-

dicts both the spatial distribution and IV values with respect

to the other methods; RF tends to produce a larger and

smoother predicted distribution map than RTA, while GP

showed results comparable to that of a well established

method such as MARS (Elith and Leathwick 2007). Through

the visual assessment of the potential distribution maps, it

was possible to notice that Quercus suber has its climatic op-

timum in the Mediterranean region but distant away from the

coast, confirming the status of mesomediterranean species

(Hidalgo et al. 2008). Ilex aquifolium and Taxus baccata

characterized the Temperate region of the Apennines but the

former shows a potential spatial distribution surrounding, at

lower altitude, that of Taxus with a small overlapping. The

two regression-tree methods (RTA and RF) identified pre-

cipitation variables as important for species distributions: an-

nual, summer and winter precipitations have been ranked as

the top three predictors (Table 3). MARS, instead, uses

mainly mean and maximum temperatures to predict IV val-

ues. For all models the contribution of lithological variables

has been proved to be minimal or not significant, probably

because of a too coarse spatial resolution of data.
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Discussion

Over the last few years several studies have been con-

ducted to analyze the performance of new spatial models in

predicting tree species distribution: they used presence-ab-

sence data derived from the rasterization of forest maps (Be-

nito Garzòn et al. 2006) and from forest inventories (Guisan

et al. 2007) or abundance measures derived from forest in-

ventories and averaged on GRID cells with a spatial resolu-

tion of 20 × 20 km (Prasad et al. 2006). Since many authors

have highlighted that model performances depend on the

ecological characteristics of the species, number of observa-

tions and spatial resolution of data (Drake et al. 2006, Elith

et al. 2006, Guisan et al. 2006, Hernandez et al. 2006, Tsoar

et al. 2007) we decided to compare several models in order

to verify their efficiency in a specific case involving tree spe-

cies characterized by fragmented and sparse population and

which are the object of nature conservation policies such as

the Habitat Directive. The potential distribution maps pro-

duced by the best model can then be used to support the

elaboration of conservation strategies for these forest habitats

together with other field data such as demography and inter-

actions with soil parameters and other species (Guisan and

Thuiller 2005). In spite of considerable differences in the

complexity of the modelling algorithm, the five models ex-

amined in this study showed good performances with rela-

tively small differences in predictive accuracy (Table 1).

There are three reasons for these results: 1) all the chosen

models are able to fit complex responses and select a relevant

set of variables; 2) thanks to an extensive field campaign,

conducted for all the species, it was possible to collect a

number of sample plots greater than the critical threshold of

40-50, with which models should be trained (Farber and

Kadmon 2003, Drake et al. 2006, Hernandez et al. 2006); 3)

the three analyzed species are ecologically specialized and

more easily modelled than generalist species with a wider en-

vironmental space (Segurado and Araujo 2004, Thuiller et al.

2004, Luoto et al. 2005, Elith et al. 2006, Hernandez et al.

2006).

By integrating the results obtained with the validation

measures with the MPA and the visual examination of the

output maps (Figs 2-4), it was possible to rank the methods

according to their overall performance. In fact, thanks to

bootstrap-resampling, tree averaging and randomization of

predictors RF proved to be superior with respect to the other

methods, confirming that it is one of the most promising

methods in modelling the spatial distribution of species

(Araujo and New 2007). It provides, also, a smoother re-

sponse surface with no jumping-classes effect typical of

RTA. Further, it necessitates almost no tuning. SVR, even

though comparable to the other methods in terms of valida-

tion performance, produced smaller and more fragmented

maps. GP and MARS performed similarly but the former

showed a better overall efficiency in predicting species pres-

ences and IV values (Table 1). In conclusion, the application

of spatial methods to produce maps of the potential distribu-

tion of abundance data has been confirmed to be a useful tool

to support the elaboration of conservation strategies, espe-

cially in the case of ecologically specialized species charac-

terized by fragmented and sparse populations. Obviously we

stress that modelling should be integrated with detailed col-

lection of field data, including data on species demography

and biotic interactions, if it is to be fully useful for conserva-

tion purposes (Guisan and Thuiller 2005, Scarnati et al.

2009). Moreover, we believe that, besides the development

and use of complex and suitable statistical tools, efforts

should be made to measure factors which might potentially

have a more direct influence on plant distribution and abun-

dance, such as soil parameters, site history, disturbance, dis-

persal limitation, biotic interactions and human influences.

These factors are usually ignored in distribution modelling

because they are still difficult to measure in a spatially ex-

plicit way, but their incorporation could further bridge the

gap between modellers and practitioners.
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