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CHAPTER 1:   Introduction 

 

Scientists have long realized that environmental factors influence the geographical distribution of 

vegetation, that certain features of climate are strongly correlated to plant type, and that, 

consequently, mechanisms exist which connect climate to vegetation.  Probably the first 

extensive study on the relationships between climate and vegetation was conducted by 

Theophrastus (370 BC to 285 BC).  Theophrastus developed an understanding of the importance 

of climate to plant distribution through both observation and experiment.  Woodward (1987) 

quotes Theophrastus’ assertion that “each tree seeks an appropriate position and climate is plain 

from the fact that some districts bear some trees but not others”. Studies by Willdenow (1792) 

and von Humboldt (1807) were the first to use fossil remains to show that both climate and 

vegetation have changed throughout time and that this congruent change was the best evidence 

for a cause and effect relationship between climate and vegetation. In fact, early global climate 

maps were drawn according to the boundaries of existing global vegetation maps. Cramer and 

Leemans (1993) remarked: “Perception that vegetation … represents a good summary for 

regional gradients in climate has been used indirectly for the compilation of large-scale global 

climate maps … [thus] vegetation became a main source of information for global climate 

classifications … [such as] Koeppen (1884) and (1936), Holdridge (1947), Thornwaite (1948), 

and Troll and Paffen (1964)”. These early pursuits of relating climate to vegetation were 

extended by de Candolle (1855) who described what would later become the philosophy of 

modern plant geography. He stated that the principal aim of plant geography was “… to show 

what, in the present distribution of plants, may be explained by present climatic conditions” 

(Woodward, 1987). Since de Candolle’s (1855) description of plant geography, many scientists 

have explored, identified, and quantified the relationships that exist between climate and 

vegetation. Each scientist employed a particular approach, modeling methodology, and set of 

environmental variables to predict the geographic distribution of vegetation in various regions 

and at different scales of the world. 

 

Throughout twentieth century, climatic variables were considered potentially helpful indicators 

of certain biotic abundance (Hutchinson and Bischof 1983; Huntley et al. 1989). Clements' 

theory of successional dynamics was influenced by early biogeography and explained that 

certain vegetation related processes were determined by regional macroclimatic patterns 

(Clements 1936). While Clements stressed temporal importance, Gleason (1926) suggested that 

heterogeneous spatial patterns were also important and emphasized a reductionistic approach to 

ecology. His ideas suggested that patterns could be interpreted as individualistic responses to 

environmental gradients. One goal of early biogeography was to provide a geographically based 

representation of the range for a given species or community. Impetus for creating range maps 

was motivated by natural history (or the simple empirically and often subjectively based 

description of an organism's life history). 
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The latter part of the twentieth century witnessed a shift from natural history based description to 

scientific description operating under a driving ambition to identify and explain ecological 

dynamics. Gradient analysis developed under the assumption that the distribution of species co-

varied with environmental gradients (Whittaker 1956, Curtis 1959). Abrupt changes in floristic 

patterns were believed to have been correlated with discontinuities in the physical environment 

(Whittaker 1975), and scientific methodology rapidly developed to allow quantitative analysis of 

such relationships (e.g., White 1979; Paine and Levin 1981; Allen and Starr 1982; Mooney and 

Godron 1983; Pickett and White 1985). Thus various approaches for modelling species 

distributions are rooted in the quantification of the species-environment relationship, where 

bioclimatic variables are used to explain the distribution of species and communities. 

 

Recent developments in remote sensing, geographic information system and new statistical 

techniques through two last decades have produced powerful alternatives for predictive 

vegetation mapping beyond the traditional realm of field survey and image interpretation. Guisan 

and Zimmermann (2000) provided an informative paper to review the various steps of predictive 

modeling, from the conceptual model formulation to prediction and application. They discussed 

the importance of differentiating between model formulation, model calibration, and model 

evaluation. Additionally, they provided an overview of specific analytical, statistical methods 

currently in use. 

 

Fig. 1 shows the principle steps required to build and valid a correlative distribution model: Two 

types of model input data are needed: 1) known species’ occurrence records; and 2) a suite of 

environmental variables. Then their relation is investigated by some modeling algorithms such as 

GLM, GAM or more advanced techniques. Depending on the method used, various decisions 

and tests are needed to be made at this stage to ensure that the algorithm gives optimal results. 

The relative importance of alternative environmental predictor variables may also be assessed at 

this stage to select which variables (and how many) are used in the final model. Having run the 

modeling algorithm, a map can be drawn showing the predicted species’ distribution. The ability 

of the model to predict the known species’ distribution should be tested at this stage. Once these 

steps have been completed, and if model validation is successful, the model can be used to 

predict species’ occurrence in areas where the distribution is unknown. Thus, a set of 

environmental variables for the area of interest is input into the model and the suitability of 

conditions at a given locality is predicted. In many cases the model is used to ‘fill the gaps’ 

around known occurrences (e.g., Anderson et al., 2002a; Ferrier et al., 2002). In other cases, the 

model may be used to predict species’ distributions in new regions (Peterson 2003) or for a 

different time period (e.g. climate change scenario, Pearson and Dawson, 2003). 

 

This modeling has been variously termed as “species distribution model”, “ecological niche 

model”, “environmental niche”, “habitat suitability modeling”, “bioclimate envelope”, 

“predictive distribution modeling” or “predictive range mapping”. 
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Fig. 1:  Flow diagram showing the main steps required for building and validating a correlative species distribution 

model. 

 

Objectives and Aims 

The overall aim of this study is to compare the power of different modelling algorithms both on 

local and on large scale distributions. Two model approaches, namely profile model and group 

discrimination models, each represented by three algorithms, are employed and their 

performance is compared. The spatial distribution of the dry grassland community Teucrio-

Seslerietum serves as example on a local scale, while the species Astragalus gossypinus is used 

on a much larger scale. Whereas the first example is also used to investigate the consequences of 

different sampling design for the collection of input data, in the latter example two of the above 

tested modeling algorithms are applied to the problem of distributional change under a given 

climate change scenario? 

 

Research questions 

 

The objectives are mainly phrased as the following questions: 
 

(a) Can profile models, based on presence-only data, be used for predictive vegetation models as 

well as group discrimination models, based on presence-absence data, if applied on a local scale? 

Are there substantial differences in their performance? 
 

(b) Which of the novel group discrimination techniques, such as MARS, NPMR and LRT, have 

better ability in predictive vegetation modeling? What are their differences with respect to the 

derivation of species (or community) response curves? 
 

(c) Which influence has the sampling design applied to the collection of species’ input data, 

which design gives the best model? What is the effect of biased input data on the model? 
 

(d) Are novel modelling algorithms, especially NPMR and LRT, able to create a proper model in 

the field of climate change scenario? 
 

(e) Which are the most important environmental variables which determine the distribution of 

the target community (Teucrio-Seslerietum) or species (Astragalus gossypinus) in our examples? 
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Organization of dissertation 

 

In Chapter 2 the general framework of predictive vegetation modeling (PVM) and the applied 

algorithms are briefly reviewed. Firstly, an introduction to some basic concepts of PVM and the 

ecological theories that support it is given. A minimum of necessary explanations to each of the 

six statistical techniques that are used in the following chapters (3, 4 and 5) through case studies 

is added. Finally, various approaches of assessing model performance in the evaluation process 

are sketched. The chapter is written as a review and should allow a comparison of the differences 

between the model approaches used, both with respect to assumptions, and technical procedures. 

 

Chapters 3-5 are written in the form of publishable manuscripts, but with a rather compact 

“Material and Methods” section. Therefore, details of statistical methods required for a less 

specialized reader should first be taken from chapter 2. 

 

In Chapter 3 six statistical techniques of predictive vegetation mapping are applied as model 

algorithms on a local scale. Three profile models, BIOCLIM, GARP, and MAXENT, and three 

group discrimination models, MARS, LRT, NPMR, are applied with presence/absence of the 

plant community Teucrio-Seslerietum in Central Germany as a case study. The last two 

statistical techniques, NPMR and LRT, are novel statistical techniques that have not used in 

previous comparative studies. 

 

The effect of sampling design of the biotic input data on the accuracy of predictive vegetation 

mapping and on the response curves of the target community is investigated in Chapter 4. 

Different approaches of model evaluation will also be discussed in this chapter. 

 

Chapter 5 focuses on predictive vegetation mapping as a tool to examine the effect of climate 

change on the species distribution on a large scale. Two novel techniques, NPMR and LRT, are 

applied to estimate the shift of the potential distribution of the species Astragylus gossypinus in 

Central Iran. 

 

Finally, in Chapter 6, the results from the models developed in chapters 3 to 5 are compared and 

their strengths and weaknesses are discussed. General conclusions and recommendations drawn 

from this work are given together with some suggests problems of future research. 
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CHAPTER 2:   A review of techniques in predictive vegetation modelling 

 

1. Predictive vegetation modelling 

 

Models are simplifications of reality and are widely used to help us understand complex systems. 

They are any formal representation of the real world. A model may be conceptual, diagrammatic, 

mathematical, or computational. Models can be used to test our ideas and generate new hypo-

theses by performing 'experiments' that would not normally be possible in the field. Over the last 

two decades, models of environmental systems have grown in importance for theoretical and 

applied research. Ecological models are able to provide useful insights of organism responses to 

varying management schemes and environmental factors. Various models are available, each 

having specific data requirements, as well as different potentials, limitations and applications. 

 

The most accurate portrayal of vegetation communities and the information related to them can 

be obtained by mapping. The field of vegetation mapping has resulted as “a fruit from the union 

of botany and geography” (Küchler and Zonneveld, 1988). The procedure initially involves the 

determination of the vegetation units using a classification scheme and then mapping the spatial 

extent of these units over the study area. Vegetation patterns are determined by environmental 

factors that exhibit heterogeneity over space and time, such as climate, topography, soil, as well 

as human disturbance (Alexander and Millington 2000). The need to map these patterns over 

large areas for resource conservation planning and to predict the effects of environmental change 

on vegetation distributions has led to the rapid development of predictive vegetation modelling. 

 

Predictive vegetation modelling can be defined as predicting the geographic distribution of the 

vegetation composition across a landscape from mapped environmental variables (Franklin and 

et al 1995). Such models have a wide range of applications in the different fields. Obviously, 

they are especially relevant to many kinds of fundamental research in ecology, especially to 

describe the complex interrelationships between vegetation communities or species and the 

physical and chemical factors of their environment. Modelling and the prediction of vegetation 

change are essential in the assessment of environmental impacts and management decisions. 

 

2. Ecological concepts  

 

Guisan and Zimmermann (2000) described three main steps for vegetation modeling. First a 

conceptual model is formulated based on an ecological concept. Secondly, the model is 

formulated in a statistical way and then the model passes through the calibration-validation 

process, which tests the model in order to define its range of application. Predictive vegetation 

mapping is founded in ecological niche theory, gradient analysis and phytosociological concepts. 

The term of ecological niche is often used loosely to describe the sort of place in which an 

organism lives. However, where an organism lives is its habitat. A niche is not a place but an 
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idea; a summary of the organism’s tolerances and requirements, each habitat provides many 

different niches (Begon et al.2005). The word niche began to gain its present scientific meaning 

when Elton wrote in 1933 that the niche of an organism is its mode of life in the sense that we 

speak of trades or jobs or professions in a human ecology (Begon et al.2005). The modern 

concept of the niche was proposed by Hutchinson (1957). He defined niche as the sum of all 

environmental factors influencing an organism. In an n-dimensional coordinate system where 

each axis represents an environmental factor, a virtual habitat may be defined in which an 

organism is able to exist and function in relation to its requirements. This ecological niche offers 

the required abiotic and biotic factors. It is important to differentiate between fundamental niche 

(physiological niche, potential niche) and realized niche (attained niche, actual niche). 

Fundamental niche characterises a niche where an organism has unrestricted access to all 

available resources which are used to achieve particular functions. The realized niche is the area 

actually occupied by the organisms, with sharing of resource and achieving certain functions in 

supplementing ways. 

 

Species-environmental relationships: The concept of vegetation composition changing along 

environmental gradients derived from community-unity theory, which stated that plant 

communities are natural units of coevolved species populations forming homogeneous, discrete 

and recognizable units (Austin 1985). The distribution of plants is affected by a wide variety of 

environmental and biotic factors; however the ultimate deterministic pattern of vegetation 

distributions according to Brown (1994) is the variation in the physical environment. Austin 

(1980) and Austin and Cunningham (1981) divided environmental gradients into three types, 

namely indirect, direct and resource gradients.  

1) Direct gradients are those in which the environmental variable has a direct physiology 

effect on plant growth but is not consumed (e.g. air temperature) 

2)  Indirect gradients are those in which the environmental variable has an indirect 

physiological effect on growth, usually as a result of a correlation with a direct gradient 

that is location-specific (e.g. elevation correlated with temperature). 

3) Resource gradients are those in which the environmental variable is actually consumed 

during plant growth (e.g. water). 

Indirect gradients can be problematic when used to quantitatively describe environment-

vegetation relationships. The resulting relationships are location- and gradient-specific, and 

should be used only to interpolate within the environment in which they were calculated (Austin 

et al, 1944; Franklin, 1995). However, these environmental gradients interact and determine the 

availability of resources for plants. It is these interactions which cause species, populations and 

community characteristics to change along environmental gradients (Whittaker 1975). The study 

of such changes, the measurement and interpretation of vegetation response to spatial variation 

of an environmental factor such as elevation, moisture or exposure, is termed gradient analysis.  

One important assumption in gradient analysis concern the Gaussian or bell shape of species 

response curves with respect to environmental gradients that is associated with continuum 
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concept. Along an environmental gradient, some measure of species importance will reach a 

nonzero minimum beyond which it is absent, and an optimum (or mode) where it occurs most 

densely. The shape of these response curve results from the gradual change in availability of 

resources or physiological tolerance of the species (Shelford´s law of tolerance) and the 

associated change in species abundance (Fig. 1). 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1: Shelford´s law and unimodal response curve. Modified after 

http://instruct1.cit.cornell.edu/courses/biog105/pages/demos/106/unit08/3a.lawofminimum.html.  

 

This Gaussian response curve has been widely accepted as a theoretical characterization of the 

species environment relationship, but empirical evidence to the contrary (Austin 1976; 1980; 

1987; Austin and Smith, 1989; Austin et al, 1994) obviates its universal applications. In this 

series of papers, Austin suggested that Gaussian response curves are unrealistic and not robust 

enough to be supported by actual data, and that response shapes should differ among gradient 

types. Additionally, a species (realized) optimum response may be different from its (theoretical) 

physiological optimum due to competition and other previously mentioned biological constraints. 

McCune 2006 showed several species response to single gradient (Fig. 2) and suggested that 

species’ response can take any form.  

 

3. Application of ecological concepts in predictive vegetation modelling 

 

Investigation of a species’ distribution in both geographical and environmental space helps us to 

realize some basic concepts that are crucial for species distribution modeling (Fig. 3). The 

observed localities constitute all that is known about the species actual distribution (realized 

niche), the species is likely to occur in other areas in which it has not yet been detected (e.g., Fig. 

3, area A). If the actual distribution is plotted in environmental space then we identify that part of 

environmental space that is occupied by the species, which we can define as the occupied niche. 

If the environmental conditions encapsulated within the fundamental niche are plotted in geo-

graphical space then we have the potential distribution. Some regions of the potential distribution 
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Fig. 2: Species response to single environmental gradient (After McCune 2004) 

 

may not be inhabited by the species (Fig.3, areas B and C), either because the species is excluded 

from the area by biotic interactions (e.g., presence of a competitor or absence of a food source), 

because the species has not dispersed into the area (e.g., there is a geographic barrier to dispersal, 

such as a mountain range, or there has been insufficient time for dispersal), or because the 

species has been eradicated from the area (e.g. due to human modification of the landscape). 

 

It is unlikely to define all possible dimensions of environmental space in a distribution model. 

Hutchinson originally proposed that all variables, “both physical and biological” (1957), are 

required to define the fundamental niche. However, the variables available for modeling are 

likely to represent only a subset of possible environmental factors that influence the distribution 

of the species. Variables used in modeling most commonly describe the physical environment 

(e.g. temperature, precipitation, soil type), though aspects of the biological environment are 
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sometimes incorporated (e.g. Araújo and Luoto 2007, Heikkinen et al. 2007).  
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Fig. 3: Actual and potential distribution of species in geographical and environmental space 

 

Some studies explicitly aim to only investigate one part of the fundamental niche, by using a 

limited set of predictor variables. For example, when investigating the potential impacts of future 

climate change to focus only on how climate variables impact species’ distributions. A species’ 

niche defined only in terms of climate variables may be termed the climatic niche (Pearson and 

Dawson, 2003), which represents the climatic conditions that are suitable for species existence. 

An approximation of the climatic niche may then be mapped in geographical space, giving what 

is commonly termed the bioclimate envelope (Huntley et al., 1995; Pearson and Dawson, 2003). 

 

Combining Hutchinson’s niche and Shelford´s law can help us to understand predictive 

distribution modelling. Assume that the distribution of a particular species is only specified by 

two environmental factors (for example, temperature and humidity) and that the species shows a 

unimodal response in relation to them. According to Hutchinson´s opinion, we can define a 

rectangular area as ecological niche (two dimensions) and state that given species can survive (= 

presence) in this area and will die (= absence) outside (Fig. 4). The “Bioclim” model is based on 

this concept. On the other hand, Shelford´s law states that the species in question is most 

abundant or has highest probability of occurrence where the environmental variable is within the 

optimum range for that species, rare abundance where it experiences physiological stress because 

the environmental variable has either very high or very low value, and does not occur at all in 

areas beyond its upper and lower limits of tolerance. A variety of interpolation methods has been 

developed, such as generalized linear models (GLM), generalized additive models (GAM), 

canonical correspondence analysis (CCA), Bayes regression and others (see Fig. 4). Some 

statistical models will be explained in more details later. 
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Pre-hypothesis concerning predictive vegetation modelling 

 

Two following pre-hypothesis are basic ones when considering the degree to which observed 

species occurrence records can be used to estimate the niche and distribution of a species:  

(1)  Species or vegetation communities are at ‘equilibrium’ with current environmental 

conditions. A species is said to be at equilibrium with the physical environment if it occurs in all 

suitable areas, while being absent from all unsuitable areas. The degree of equilibrium depends 

both on biotic interactions (for example, competitive exclusion from an area) and dispersal 

ability (organisms with higher dispersal ability are expected to be closer to equilibrium than 

organisms with lower dispersal ability; Araújo and Pearson, 2005). When using the concept of 

‘equilibrium’ we should remember that species distributions change over time, so the term 

should not be used to imply stasis. However, the concept is useful for us to help understand that 

some species are more likely than others to occupy areas that are abiotically suitable. 

 

(2)  The extent to which observed occurrence records provide a representative sample of the 

environmental space occupied by the species. In cases where very few occurrence records are 

available, due to limited survey effort (Anderson and Martinez-Meyer, 2004) or low probability 

of detection (Pearson et al., 2007), the available records are unlikely to provide a sufficient 

sample to enable the full range of environmental conditions occupied by the species to be 

identified. In other cases, surveys may provide extensive occurrence records that provide an 

accurate picture as to the environments inhabited by a species in a particular region. It should be 

noted that there is not necessarily a direct relationship between sampling in geographical space 

and in environmental space. It is quite possible that poor sampling in geographical space (e.g. 

record points close to each other) could still result in good sampling in environmental space due 

to consider all environmental combinations (e.g. stratified sampling).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4: Two-dimensional species-environment relationship expressed as probability of survival (left) and examples           

of statistical techniques which capture this concept to predict species occurrence (right panel). Modified after Guisan 

and Zimmermann (2000). 
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In reality, species are unlikely to be at equilibrium (as illustrated by area B in Fig. 3, which is 

environmentally suitable but is not part of the actual distribution) and occurrence records will not 

completely reflect the range of environments occupied by the species (illustrated by that part of 

the occupied niche that has not been sampled around label D in Fig. 3). Fig. 5 illustrates how a 

species’ distribution model may be fit under these circumstances. Notice that the model is 

calibrated in environmental space and then projected into geographical space. In environmental 

space, the model identifies neither the occupied niche nor the fundamental niche; instead, the 

model fits only to that portion of the niche that is represented by the observed records. Similarly, 

the model identifies only some parts of the actual and potential distributions when projected back 

into geographical space. Therefore, it should not be expected that species’ distribution models 

are able to predict the full extent of either the actual distribution or the potential distribution. 

However, we can identify three types of model prediction that yield important biogeographical 

information: species’ distribution models may identify 1) the area around the observed 

occurrence records that is expected to be occupied (Fig. 5, area 1); 2) a part of the actual 

distribution that is currently unknown (Fig. 5, area 2); 3) part of the potential distribution that is 

not occupied (Fig. 7, area 3). Prediction types 2 and 3 can prove very useful in a range of 

applications for example in conservation plannings. 
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Fig. 5: Actual/potential/fitted distribution of species in geographical space and niche in environmental space 
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4. Computational methods for predictive vegetation modelling (statistical models) 

 

Many statistical methods are used in ecology in order to characterize habitat-species 

relationships such as regression techniques (parametric and nonparametric), direct and indirect 

gradient (ordination), and classification (cluster) families of multivariate statistics. Fig. 6 shows a 

schematic classification of species distribution models. They have been classified as either 

mechanistic or correlative models (Beerling et al. 1995).  

 

Fig. 6: Classification of species distribution models 

 

Mechanistic models attempt to simulate the mechanisms considered to underlie the observed 

correlations with environmental attributes (Beerling et al. 1995) by using a detailed knowledge 

of the target species’ physiological responses to environmental variables and life history 

attributes (Stephenson 1998). Such models have also been referred to as ecophysiological models 

(Stephenson 1998) and process orientated models (Carpenter et al. 1993). Correlative models 

rely on strong, often indirect links between species distribution records (presence/absence, 

abundance) and environmental predictor variables (Beerling et al. 1995). These models are 

divided into two groups, profile models and group discrimination techniques. 

 

Profile techniques use only presence locality records; e.g. BIOCLIM (Nix 1986, Parra et al 

2004), Gower similarity or DOMAIN (Carpenter et al 19993, Segurado and Araujo 2004), 

GARP (Peterson 2001, Anderson 2003), Ecological niche factor analysis or BIOMAPPER 

( Hirzel et al 2002) and MAXENT (Phillips et al 2004). Group discrimination techniques use 

both presence and absence locality records; they can again be divided into two groups; global 

models and local models. Global model means that a single model form (straight line or plane) is 

assumed to fit the relationship between the response and explanatory variables throughout the 

range of the data, e.g. Multiple Logistic Regression (Chan, et al 2004), or Generalized Linear 

Models (Guisan et al 2002). They are also called parametric models, because the output is a 

mathematical function that is used in the whole sample space. On the opposite side, a local 

model (nonparametric) is fit to a particular region of the space, but the model can differ in 

various regions of the sample space, e.g. Multiple Adaptive Regression Spline (Munoz and 
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Felicisimo 2004), Classification And Regression Technique (Segurado and Araujo 2004, Miller 

2002), Generalized Additive Model (Lehmann et al 2002), NonParametric Multiplicative 

Regression (McCune 2006). These don’t specify mathematical function for the whole sample 

space (unlike global models) and usually output is a graph or table. We explain three profile 

methods (BIOCLIM, GARP, MAXENT) and three local models (Logistic Regression Tree, 

Multiple Adaptive Regression Spline, Nonparametric Multiplicative Regression) in more details 

that are used at our case studies. 

 

4.1. Profile models 

 

(1)  BIOCLIM 

BIOCLIM is a range-based model that describes a species climatic envelope as a rectilinear 

volume (Fig. 7), that is, it suggests that a species can tolerate locations where values of all 

climatic parameters fit within the extreme values determined by the set of known locations 

(Carpenter et al., 1993). In fact, the algorithm develops a model though enclosing the range of 

the environmental values of the data points where a species occurs in a statistically defined 

envelope, typically the 95 percentile range. The environmental envelope defined by this range 

encloses 95% of the data points where the species occurs (Fig. 7). Presence of the species is 

predicted at those points that fall within that environmental envelope, and absence is predicted 

outside those points. One can be more or less restrictive by selecting smaller or larger percentile 

limits to define the environmental conditions where the element is predicted to occur. BIOCLIM 

can be used for three tasks: (a) to describe the environment in which the species has been 

recorded, (b) to identify other locations where the species may currently reside, and (c) to 

identify where the species may occur under alternate climate scenarios. 
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Fig. 7: Diagrammatic representation of a hypothetical two dimensional bioclimatic envelope. Crosses represent 

values of environmental variables e1 and e2 at each known location of a hypothetical species. BIOCLIM would 

classify all locations with values within the extremes of the species envelope (broken line) as suitable. Inside the 

solid box, the 5 to 95th percentiles range of environmental variables of the species envelope, presence is predicted.  
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(2)  Maximum Entropy (Maxent) 

Maxent is a general-purpose method for characterizing probability distributions from incomplete 

information in machine learning technique. In estimating the probability distribution defining a 

species’ distribution across a study area, Maxent formalizes the principle that the estimated 

distribution must agree with everything that is known (or inferred from the environmental 

conditions where the species has been observed) but should avoid making any assumptions that 

are not supported by the data. The approach is thus to find the probability distribution of 

maximum entropy (the distribution that is most spread-out, or closest to uniform) subject to 

constraints imposed by the information available regarding the observed distribution of the 

species and environmental conditions across the study area. The Maxent method does not require 

absence data for the species being modeled; instead it uses background environmental data for 

the entire study area. The method can utilize both continuous and categorical variables and the 

output is a continuous prediction (either a raw probability or, more commonly, a cumulative 

probability ranging from 0 to 100 that indicates relative suitability). Maxent has been shown to 

perform well in comparison with alternative methods (Elith et al., 2006; Pearson et al., 2007; 

Phillips et al., 2006). 

 

For a concise mathematic definition of Maxent and for more detailed discussion of its 

application to species distribution modeling see Phillips et al. (2004, 2006, and 2008). These 

authors have developed software with a user-friendly interface to implement the Maxent method 

for modeling species distributions. The software also calculates a number of alternative 

thresholds, computes model validation statistics, and enables the user to run a jackknife 

procedure to determine which environmental variables contribute most to the model prediction. 

 

(3)  Genetic Algorithm for Rule Set Prediction (GARP) 
The software package of Desktop GARP (Stockwell and Peters 1999) uses the concept of genetic 

Algorithm (GA) to construct a habitat model. Desktop GARP was implemented in the modeling 

effort for the pine warbler. The GARP modeling system works through a set of eight subroutines: 

Rasterize, Presample, Initial, Explain, Verify, Predict, Image, and Translate. 

 

The first two steps, Rasterize and Presample, prepare the input data for use in GARP. Rasterize 

converts species point data into contiguous raster layers. This step compresses information by 

clearing the data of duplicates caused by localized intensive sampling. Presample takes the 

newly created raster layers and creates training and testing data sets by randomly sampling the 

data set prepared in Rasterize. The training set is necessary to construct a model while the testing 

set allows for the assessment of the model’s accuracy. Presample outputs a set of 2500 points, 

1250 of which are re-sampled from actual location points to create a large amount of data 

representing presence. The other 1250 are re-sampled from the total geographic space to 

replicate absence data, termed background. After the training set is generated, it is input into the 

next program Initial. This creates an Initial model which is the starting point for the GARP 
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algorithm. The Initial model is a set of rules that influence the development of the subsequent 

models. The fourth module Explain applies the genetic algorithm to improve the primary models 

and then outputs the best of these models. The GARP genetic algorithm behaves differently than 

other genetic algorithms because it creates a rule archive and does not converge on a single rule. 

This allows GARP to utilize different rules and select the best to create each model output. After 

the best rules are placed within the archive, the program checks the archive for any considerable 

changes. If the archive has not changed, the program terminates. If the rule archive has changed 

significantly, the program will continue to create a new population by modifying archived rules 

with genetic recombination, known as heuristic operators. Three heuristic operators may be 

utilized in the Explain module: join, crossover, and mutate. Join is simply the joining of two 

rules to produce a longer rule. The crossover operation occurs when two rules exchange a part of 

their binary code. In this way, two new rules are created. The mutation operator can change a 

rule by randomly changing a single value. After new rules are made by genetic recombination, 

GARP measures the fitness of the new rules and the more successful an operator is, the more it 

will be used in future generations. The fifth module in GARP is Verify. This program tests the 

predictive accuracy of the training set on the test data set that was created in Presample. In this 

way, accuracy is independent of the data used to formulate the rules and thus a more reliable 

estimate of how well the rules worked. The next module Predict takes the newly created model 

and forms a prediction for each cell within the raster data set. A probability prediction exists for 

each rule whose precondition pertains to a particular cell. Types of output from Predict include 

predictions and uncertainty, areas where rules conflict, and the probability of occurrence. The 

seventh module Image takes the calculations produced in Predict and converts them into image 

formats for visualization. Finally, the Translate function screens the rule sets and eliminates rules 

which were not used to make predictions. 

 

Process of construction PVM using a Genetic Algorithm 

1. [Start] We assume that each environmental variable threshold is representative of a gene, and 

each species occurrence and its environmental envelope are representative of a chromosome and 

all observations construct a research space (Fig. 8). Encoding of chromosomes is the first 

question to ask when starting to solve a problem. GARP uses a set of encodings, such as value 

encoding for continuum variables and binary encoding for species occurrence (presence/absence). 

2. [Fitness] After construction of search space and encoding, the problem is how to select 

parents for next generations. As above mentioned, solutions which are then selected to form new 

solutions (offspring) are selected according to their fitness. GARP uses four rules; range rules, 

atomic rules, logistic regression and negated range. Fitness f (ri 
) of a rule ri is defined as the 

percentage of points that are predicted correctly by the rule. 

3. [New population] New populations are created by crossover or by mutations. Exchange of 

segments between two chromosomes is called crossover. It operates on selected genes from 

parent chromosomes and creates new offspring. Alternatively, a mutation occurs if one gene 

randomly selected and changed. Fig. 10 shows a mutation operation on the chromosome. 



Chapter 2:  A Review of Techniques in Predictive Vegetation Modelling                 18 
___________________________________________________________________________________________________________________________________________________________ 

4. [Replace] The new population generated is used for a further run of the algorithm (this is 

controllable by number of iteration in GARP). 

5. [Test] If the end conditions are satisfied, the process is stopped and the best rule set in current 

population is selected, otherwise 

6. [Loop] Go to step 2 and repeat evolution. Steps 5 and 6 can be controlled in GARP. 

At the final, the best rule set is selected based on maximum fitness value and translated into 

geographic space to demonstrate the distribution of a species or plant community. 

 

X
X

X

Point occurrence data

Environmental

Layers

Chromosome Research space

Precioitation

Temprature

Geology

Soil depth

.

IF slope in [25, 45] AND aspect in [105, 280] AND geology = “muschelkalk”

THEN Dry grassland is present � “fitness” (accuracy) = 72%

IF slope in [25, 45] AND aspect in [112, 280] AND geology = “muschelkalk”

THEN Dry grasland is present � “fitness” (accuracy) = 78%

IF slope in [25, 45] AND aspect in [105, 280] AND geology = “muschelkalk”

THEN Dry grassland is present � “fitness” (accuracy) = 72%

Example:

IF slope in [25, 45] AND aspect in [112, 280] AND geology = “muschelkalk”

THEN Dry grasland is present � “fitness” (accuracy) = 78%

after mutation

X
X

X

X
X

X

Point occurrence data

Predicted Distribution

Environmental

Layers

Chromosome Research space

Precioitation

Temprature

Geology

Soil depth

Precioitation

Temprature

Geology

Soil depth

.

Genetic Algorithms
Gene= Particular environmental variable

Chromosome= Species and its environmental

envelope

Research space = All observation

Genetic Algorithms
Gene= Particular environmental variable

Chromosome= Species and its environmental

envelope

Research space = All observation

Rule set- Production

atomic rule, range rule,…

New generation:

Select best rule and translate to georaphic space

X
X

X

X
X

X

Point occurrence data

Environmental

Layers

Chromosome Research space

Precioitation

Temprature

Geology

Soil depth

Precioitation

Temprature

Geology

Soil depth

.

IF slope in [25, 45] AND aspect in [105, 280] AND geology = “muschelkalk”

THEN Dry grassland is present � “fitness” (accuracy) = 72%

IF slope in [25, 45] AND aspect in [112, 280] AND geology = “muschelkalk”

THEN Dry grasland is present � “fitness” (accuracy) = 78%

IF slope in [25, 45] AND aspect in [105, 280] AND geology = “muschelkalk”

THEN Dry grassland is present � “fitness” (accuracy) = 72%

Example:

IF slope in [25, 45] AND aspect in [112, 280] AND geology = “muschelkalk”

THEN Dry grasland is present � “fitness” (accuracy) = 78%

after mutation

X
X

X

X
X

X

Point occurrence data

Predicted Distribution

Environmental

Layers

Chromosome Research space

Precioitation

Temprature

Geology

Soil depth

Precioitation

Temprature

Geology

Soil depth

.

Genetic Algorithms
Gene= Particular environmental variable

Chromosome= Species and its environmental

envelope

Research space = All observation

Genetic Algorithms
Gene= Particular environmental variable

Chromosome= Species and its environmental

envelope

Research space = All observation

Genetic Algorithms
Gene= Particular environmental variable

Chromosome= Species and its environmental

envelope

Research space = All observation

Genetic Algorithms
Gene= Particular environmental variable

Chromosome= Species and its environmental

envelope

Research space = All observation

Rule set- Production

atomic rule, range rule,…

New generation:

Select best rule and translate to georaphic space
 

 

Fig.  8: Schematic procedure of genetic algorithm in predictive vegetation mapping 

 

 

4.2. Group discrimination models 

 

(4)  Logistic Regression Tree (LRT) 

Logistic regression is a well-known statistical technique for modeling binary response data. In a 

binary regression setting, we have a sample of observations with a 0/1 valued response variable 

Y and a vector of K predictor variables X = (X1, . . . , XK). The linear logistic regression model 

relates the “success” probability p = P(Y = 1) to X via a linear predictor 
 

η = β0 + β1X1 + β2X2 + . . . + βKXK 

 

and the logit link function η = logit(p) = log{p/(1 − p)}. The unknown regression parameters β0, 
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β1, . . . , βK are usually estimated by maximum likelihood. Although the model can provide 

accurate estimates of p, it has two serious weaknesses: (1) it is hard to determine when a 

satisfactory model is found, because there are few diagnostic procedures to guide the selection of 

variable transformations and no true lack-of-fit test, and (2) it is difficult to interpret the 

coefficients of the fitted model, except in very simple situations. The reasons for these 

difficulties in interpretation are well-known. They are nonlinearity, collinearity, and interactions 

among the variables and bias in the coefficients due to selective fitting. The latter makes it risky 

to judge the significance of a variable by its t-statistic. 

One way to avoid these problems without sacrificing estimation accuracy is to partition the 

sample space and fit a logistic regression model containing only one or two untransformed 

variables in each partition. This is called a logistic regression tree (Fig. 9). It is called “tree” 

classifiers because its result is a dichotomous key that resembles a tree. 
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Fig. 9: Summary of Logistic Regression Tree method:  a) Tree structure, including four terminal nodes (right); 

              b) Application of logistic regression in each terminal node (upper left panel) 

 

Chan & Loh (2004) developed the LOTUS algorithm (also known as hybrid trees or model trees 

in the machine learning literature) to fit logistic models in each node of tree structure, where the 

sample size is never large. LOTUS has five properties that make it desirable for analysis and 

interpretation of large datasets: (1) negligible bias in split variable selection, (2) relatively fast 

training speed, (3) applicability to quantitative and categorical variables, (4) choice of multiple 

or simple linear logistic node models, and (5) suitability for datasets with missing values. 

 

LOTUS can use categorical as well as quantitative variables. Categorical variables may be 

ordinal (called o-variables) or nominal (called c-variables). The traditional method of dealing 

with nominal variables is to convert them into vectors of indicator variables (dummy variables) 
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and then use the latter as predictors in a logistic regression model. Since this can greatly increase 

the number of parameters in the node models, LOTUS only allows categorical variables to 

participate in split selection; they are not used as regressors in the logistic regression models. 

LOTUS allows the user to choose one of three roles for each quantitative predictor variable. The 

variable can be restricted to act as a regressor in the fitting of the logistic models (called an f-

variable), or be restricted to compete for split selection (called an s-variable), or be allowed to 

serve both functions (called an n-variable). Thus an n-variable can participate in split selection 

during tree construction and serve as a regressor in the logistic node models. LOTUS can fit a 

multiple linear logistic regression model to every node or a best simple linear regression model 

to every node. In the first option, which we call LOTUS(M), all f and n-variables are used as 

linear predictors. In the second, which we call LOTUS(S), each model contains only one linear 

predictor, the one among the f and n-variables that yields the smallest model deviance per degree 

of freedom. 

 

Tree classifiers such as LRT tend to over-fit their model extremely. To overcome this problem, 

LOTUS uses 10-fold cross-validation approach, where 10% of the data are hold out, a tree is fit 

to the other 90% of the data, and the hold out data are dropped through tree. Then it holds out a 

different 10% and repeat. While doing so, it notes at what level the tree gives the best results. 

Fig.10 shows a jagged line where the minimum deviance occurred with the cross- validated tree. 

In this case, the best tree would be 2-6 terminal nodes. This procedure is automated in LOTUS. 

Then pruning measure is used to control the length of the tree by removing splits which do not 

significantly add to model accuracy, as measured by cross validation procedure. 

 

 

   

 

 

 

 

 

      

 

 

                   Fig. 12: Cross-validation results for virtual data, the optimal tree size is between two and six. 

 

(5)  Multivariate adaptive regression spline (MARS) 

MARS, as proposed by Freidman (1991), is a non-parametric regression technique which models 

complex relationships based on a divide-and-conquer strategy, partitioning the training data sets 

into separate regions, each of which gets its own regression equation. This makes MARS 

particularly suitable for problems with high input dimensions. Fig. 11 shows a simple example of 

how MARS would use piece-wise linear regression splines to attempt to fit data, in a two 

dimension space (where Y is the dependent, X the independent variable). A key concept is the 
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notion of knots, which are the points that mark the end of a region of data where a distinct 

regression equation is run, i.e. where the behavior of the modeled function changes (Fig. 11) 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 11: Multivariate adaptive regression spline with two knot points 

 

MARS makes no assumption about the underlying functional relationship between the dependent 

and independent variables. It builds flexible regression models by fitting separate splines (or 

basis functions) to distinct intervals of the independent variables. Both the variables to be used 

and the end points of the intervals for each variable (i.e. knots) are found through a fast but 

intensive search procedure. In addition to searching variables one by one, MARS also searches 

for interactions between independent variables, allowing any degree of interaction to be 

considered as long as the model that is built can better fit the data. The general MARS model can 

be represented using the following equation: 
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the truncated power basis function with v(k,m) being the index of the independent variable used 

in the mth term of the kth product, and Km is a parameter that limits the order of interactions (the 

resulting model will be an additive for Km = 1, and pairwise interactions are allowed for Km = 2). 
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for m an odd integer, where tkm, one of the unique values of xv(k,m), is known as the knot of the 

spline, q ≥ 0 is the power to which the splines are raised in order to manipulate the degree of 

smoothness of the resultant regression models. When q = 1, simple linear splines are applied. 

The optimal MARS model is built in two stages: a forward stepwise selection process followed 

by a backward “pruning” process. The forward stepwise selection of the basis function starts 

with a constant. At each step, from all the possible splits in each basis function, the process 
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chooses the split that minimized some “lack of fit” criterion. This search continues until the 

model reaches some predetermined maximum number of basis functions. In the backward 

pruning process, the lack of fit criterion is used to evaluate the contribution of each basis 

function to the descriptive abilities of the model. The base functions contributing the least to the 

model are eliminated stepwise. Then the optimal model is selected. Here, the lack of fit measure 

used is based on the generalized cross-validation criterion (GCV), defined as 

GCV(M) = 
2 2

1

1
1

n

i
i

C( M )
ˆ( y y ) /( )

n n=

− −∑   , 

Where n is the number of observations in the data set, M the number of non-constant terms in the 

model, and C(M) is a complexity penalty function. The purpose of C(M) is to penalize model 

complexity, to avoid overfitting, and to promote the parsimony of models. It is usually defined as 

C(M)=M+cd , where c is an user-defined cost penalty factor for each base function optimization, 

and d is the effective degrees of freedom, which is equal to the number of independent basis 

functions in the model. The higher the factor c is, the more basis functions will be excluded. In 

practice, c is increased during the pruning step in order to obtain smaller models. Once the model 

is built, it is possible to estimate, on a scale between 0 and 100, the relative importance of a 

variable in terms of its contribution to the fit of the model. To calculate the relative importance 

of a variable, we delete all terms containing the variable in question, refit the model, and then 

calculate the reduction in fit. The most important (and highest scoring) variable is the one that, 

when deleted, most reduces the fit of the model. Less important variables receive lower scores. 

These scores correspond to the ratio of the reduction in fit produced by these variables to that of 

the most important variable. 

 

(6)  Nonparametric multiplicative regression (NPMR) 

NPMR estimates the probability of occurrence by parsimoniously modelling a species response 

to the complex interactions among several ecological factors multiplicatively, without assuming 

a global response throughout the ecological sample space. NPMR utilizes a local model with 

predictor variables chosen through a cross validation process. With a local model the relationship 

between every data point and a target point is fit by weighting non-target points according to 

their ecological distance from the target point. The ecological distance can be thought of as the 

set of measured niche dimensions - the predictor variables - that allow the persistence of the 

species of interest. The target point is a sample unit for which an estimate is produced by the 

developing model and non-target points are the remaining set of sample units. The weighting 

function, also known as the kernel, specifies the manner in which weights vary with ecological 

distance from the target point. In our case studies a Gaussian probability density function centred 

around each target point was used. The optimal standard deviation of the smoothing function for 

each variable is determined during the calibration phase of NPMR, which uses empirical data on 

species occurrence (y ∈  {0, 1}) to evaluate the model’s ability to estimate the probability of 

occurrence ( p̂ ) from the set of predictor variables. The calibration phase is used to (1) select the 
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best subset of predictor variables, (2) choose a value for the standard deviation (also referred to 

as “tolerance”) for continuous variables and, (3) evaluate model performance or confidence. 

Tolerances for categorical variables are zero because a sample plot can be assigned to only one 

category. Probability estimates within any particular subcategory within a categorical variable 

are simply the relative frequency of occurrence or the number of occurrences divided by the total 

number of sample plots belonging to a subcategory.  

 

In the application phase of NPMR, probability estimates ( p̂ ) from the set of selected variables 

and their tolerances can be made for sites where occurrence is unknown but values for predictor 

variables are known. These estimates are calculated with the same data used in the calibration 

phase. Success of the application phase depends on the availability of values for the predictor 

variables for sites where species occurrence is unknown. Direct and indirect gradients derived 

from GIS data are well suited for providing these predictor variables. The ecological modelling 

procedure of NPMR is completely specified by (1) the species and ecological data sets used in 

the calibration phase, (2) a list of one or more predictor variables, (3) specification of predictor 

variables as either continuous or categorical, and (4) a tolerance range for each continuous 

variable. Figure 12 shows the schematic algorithm of NPMR. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 12: Schematic process of Nonparametric Multiplicative Regression (NPMR) of presence/absence data. with 

respect to a single predictor variable x: (a) Focal point x0 , its neighbors and window width (tolerance), (b) unimodal 

kernel weights for observations close to o x0 , (c) locally weighted linear regression in the neighborhood of x0  , the 

solid dot is the fitted value above x0. and (d) complete smoothing, connecting fitted values across the range of x0 . 
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Probability of occurrence for each sample unit was calculated using the equation 

∑ ∏

∑ ∏
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= =
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where vŷ  is the estimate of probability of occurrence for a target sample unit, yi  the observed 

value (0 or 1) at each of the n - 1 non-target sample units, ∗

ijw the univariate weight for a single 

predictor variable j at sample unit i, and m is the number of predictor variables. The univariate 

weights ∗

ijw  are calculated as 

2]/)[(2/1
exp jijij svx

ijw
−−∗

=  

Where xij is the value of a predictor variable j at sample unit i, vij the value of the predictor 

variable j at the target sample unit, and sj is the value of the standard deviation for predictor 

variable j. 

 

The summation in Eq. (1) includes n - 1 observations because the process of estimating  
öy  

excludes target point observation values. Exclusion of species occurrence at the target sample 

unit i for estimation of 
 
pi  is known as a leave-one-out (LOO) strategy similar to jacknife 

estimation (Fielding and Bell, 1997). Excluding the target point observation sacrifices 

information to obtain an estimate of model quality, avoids overfitting the model, and provides an 

error of estimation comparable to the application phase of the selected model. Model quality was 

evaluated using log likelihood ratios (= log(B)) for two competing models similar to a Bayes 

factor. Log(B) is calculated as the log10 of the ratio between the developing NPMR model, or 

posterior model (M1), and the naive or prior model (M2). This prior model is simply the average 

frequency of the species in the full data set and therefore “naive” to covariate information. 

 

The log(B) is a descriptive statistics that increases as the weight of evidence increases. It does 

not have an upper or lower limit, it is sensitive to sample size and can, therefore, become large 

with a large dataset. The average contribution of a sample unit to log(B), equal to 10
(log(B))/n

, can 

be used to describe the strength of relationship, independent of sample size (McCune, 2006). The 

likelihood of the observed value (y = y1, y2, . . ., yn) under the posterior model (M1) to the 

likelihood of the result under the naive model (M2) is given by  

)/(

)/(
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1

1
)ˆ1(ˆ)(  and ip̂  are the fitted values for probability of occurrence 

under each model Mj, J = 1,2. Jeffreys (1961) suggested interpreting B12 in half-units on the 

log10 scale as described in Table 1. The log(B) operates on the premise that a good model 

produces probability estimates higher than the average frequency (naive) for plots with the 

species present and lower than the naive estimate for plots in which the species does not occur. 
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When modelled relationships are better than what the naive estimate can produce the log(B) can 

increase with sample size. The minimum sample size necessary to produce a logB value that is 

greater than two (Table 1) depends primarily on two features (1) the strength of relationship 

between response and predictors, and (2) the ratio of occurrence plots to non-occurrence plots. 

 

                                       Table 1: Guidelines for interpreting log(B) in NPMR modelling 

Log10(B12) B12 Evidence against naïve model 

0-0.5 1-3.2 Not worth to mention 

0.5-1 3.2-10 Substantial 

1-2 10-100 Strong 

>2 >100 Decisive 
 

 

5. Assessing predictive performance of a model 

 

Assessing the accuracy of a model’s predictions is commonly termed ‘validation’ or ‘evaluation’, 

and is a vital step in model development. Application of the model will have little merit if we 

have not assessed the accuracy of its predictions. Validation thus enables us to determine the 

suitability of a model for a specific application and to compare different modelling methods 

(Pearce and Ferrier, 2000). This section discusses different approaches for assessing predictive 

performance, including strategies for obtaining data against which the predictions can be 

compared, methods for selecting thresholds of occurrence, and various test statistics.  

 

Strategies for obtaining test data 

In order to test predictive performance it is necessary to have data against which the model 

predictions can be compared. We can refer to these as test data (sometimes called evaluation 

data) to distinguish them from the training data (sometimes called calibration data) that are 

used to build the model. It is fairly common for studies to assess predictive performance by 

simply testing the ability of the model to predict the calibration data (i.e. calibration and test 

datasets are identical = resubstitution approach). However, it is preferable to use test data that are 

different from the calibration data. Ideally, test data would be collected independently from the 

data used to calibrate the model. Some researchers have undertaken validation using independent 

data from different regions (e.g. Beerling et al., 1995; Peterson, 2003), data at different spatial 

resolution (e.g., Araújo et al., 2005b; Pearson et al., 2004), data from different time periods (e.g., 

Araújo et al., 2005a), and data from surveys conducted by other researchers (Elith et al., 2006).  

However, in practice it may not be possible to obtain independent test data. It is, therefore, 

common to partition the available data into calibration and test data parts. Several strategies are 

available for partitioning data, the simplest being a one-time split in which the available data are 

assigned to calibration and test datasets either randomly (e.g., Pearson et al., 2002) or by 

dividing the data spatially (e.g., Peterson and Shaw, 2003). The relative proportions of data 

included in each data set are somewhat arbitrary, and depend on the total number of points 
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available (though using 70% for calibration and 30% for testing is common, Huberty (1994)). 

The following sub-sections describe validation statistics that can be calculated after test data 

have been obtained using one of the above approaches. 

 

Presence/Absence confusion matrix  

If a model is used to predict a set of test data, predictive performance can be summarized in a 

confusion matrix. Note that binary model predictions (i.e. predictions of suitable and unsuitable, 

rather than probabilities) are required in order to complete the confusion matrix. The confusion 

matrix is alternatively termed an ‘error matrix’ or a ‘contingency table’. The confusion matrix 

records the frequencies of each of the four possible types of prediction from analysis of test data: 

(a) true positive (the model predicts that the species is present and test data confirms this to be 

true), (b) false positive (the model predicts presence, but test data show absence), (c) false 

negative (the model predicts absence, but test data show presence), (d) true negative (the model 

predicts and the test data show absence). Frequencies are commonly recorded in a confusion 

matrix in the following form:  

 

Table 2: Confusion matrix and its elements 
 

 Recorded present Recorded absent 

Predicted present a = # true positive b = # false positive 

Predicted absent c = # false negative d = # true negative 
 

 

Each element of the confusion matrix can be visualized in geographical space as illustrated in 

Fig.13 In the example depicted, 24 test localities have been sampled and presence or absence (0, 

1) of the species recorded in each site and compared with fitted model. The frequencies in the 

confusion matrix form the basis for a variety of different statistical tests that can be used to 

assess model performance. Most of the commonly used tests are described in Table 3. 

Terminology related to model performance often varies from study to study and is sometimes not 

intuitive. In particular, false negative predictions are commonly termed errors of ‘omission’, 

whilst false positive predictions are termed errors of ‘commission’.  

 

Test statistics derived from the confusion matrix  

A variety of error or accuracy measures can be calculated from a confusion matrix (Table 3). All 

of the measures described in the following table assume that data are counts and not percentages 

and their value depend on default threshold. Three measures (odds-ratio, kappa, Differential 

positive rate or true statistical skill and Cohen’s kappa) make full use of the information 

contained in the confusion matrix.  
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a) 

 

 

b) 

 

Fig. 13: a) Diagram illustrating the four types of outcomes that are possible when assessing the predictive 

performance of a species distribution model: true positive, false positive, false negative and true negative. b) Each 

instance of a symbol on the map depicts a site that has been surveyed and presence or absence of the species 

recorded (it is assumed here that if a site falls within the actual distribution then the species will be detected). These 

survey records constitute the test data. Frequencies of each type of outcome are commonly entered into a confusion 

matrix. 
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Table 3: Characteristic indices derived from confusion matrix 
 

Measure Formula 

Prevalence nca /)( +  

Overall diagnostic power ndb /)( +  

False positive rate )/( dbb +  

False negative rate )/( cac +  

Positive predictive power )/( baa +  

Negative predictive power )/( dcd +  

Misclassification rate ncb /)( +  

Odds ratio )/()( cbad  

Overall accuracy 
n

da +
 

Sensitivity 
ca

a

+
 

Specificity 
db

d

+
 

Differential positive rate 
ca

a

+
 + 

db

d

+
 - 1 

Cohen’s Kappa 

2

2

)))())((
1

))(())((

n

bddccaba

n

bddccaba

n

da

+++++
−

+++++
−






 +

 

 

 

Selecting thresholds of occurrence  

Binary predictions of ‘present’ or ‘absent’ are necessary to test model performance using 

statistics derived from the confusion matrix. It is therefore often useful to convert continuous 

model output into binary predictions by setting a threshold probability value above which the 

species is predicted to be present. Furthermore, it is essential to learn the techniques described in 

this subsection to understand how the AUC test operates in next subsection. 

 

A number of different methods have been employed for selecting thresholds of occurrence 

(Table 4). Perhaps the simplest approach is to use an arbitrary value, but this method is 

subjective and lacks ecological reasoning (Liu et al., 2005). Other methods use criteria that are 

based on the data used to calibrate the model. One approach is to use the lowest predicted value 

of environmental suitability, or probability of presence, across the set of sites at which a species 

has been detected. This method assumes that species presence is restricted to locations equally or 

more suitable than those at which the species has been observed. The approach therefore 

identifies the minimum area in which the species occurs whilst ensuring that no localities at 
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which the species has been observed are omitted (i.e. omission rate = 0, and sensitivity = 1). An 

alternative approach is to set the threshold to allow a certain amount of omission (e.g. 5%), 

which is analogous to setting a fixed sensitivity (e.g. 0.95). This method is less sensitive than the 

lowest predicted value method to ‘outliers’ (i.e. locations in which the species is detected despite 

a low predicted probability of occurrence or suitability), but errors of omission are imposed (i.e. 

some observed localities will be omitted from the prediction).  

 

          Table 4 Some popular methods for setting threshold of occurrence (based in part on Liu, 2005) 
 

Method Definition Species data type 

Fixed value 
An arbitary fixed value (e.g. 

probability = 0.5) 
Presence-only 

Lowest predicted value 

The lowest predicted value 

corresponding with an observed 

occurrence record 

Presence-only 

Fixed sensitivity 
The threshold at which an arbitrary 

fixed sensitivity is reached 
Presence-only 

Sensitivity-specificity equality 
The threshold at which sensitivity 

and specificity are equal 
Presence and absence 

Maximum differential positive 

rate 

The sum of sensitivity and 

specificity is maximized 
Presence and absence 

Maximum kappa 
The threshold at which Cohen’s 

kappa statistic is maximized 
Presence and absence 

 

 

Many methods for setting thresholds can be implemented by calculating statistics derived from 

the confusion matrix across the range of possible thresholds. For example, sensitivity and 

specificity may be calculated at thresholds increasing in increments of 0.01 from 0 to 1 (i.e. 0, 

0.01, 0.02, 0.03…0.99, 1). As the threshold increases, the proportion of the study area predicted 

to be suitable for the species, or in which the species is predicted to be ‘present,’ will decrease. 

Consequently, the proportion of observed presences that are correctly predicted decreases (i.e. 

decreasing sensitivity) and the proportion of observed absences that are correctly predicted 

increases (i.e. increasing specificity) (Figure 14, left panel). From these data we can select the 

threshold at which sensitivity and specificity are equal (labelled a in Figure 14) or at which their 

sum is maximized. Similarly, it is common to calculate Kappa across the range of possible 

thresholds and to select the threshold at which the statistic is maximized (Figure 14, right panel).  

Liu et al. (2005) tested twelve methods for setting thresholds using presence and absence data for 

two European plant species. Based on four assessments of predictive performance (sensitivity, 

specificity, accuracy and Kappa), they concluded that the best methods for setting thresholds 

included both maximizing the sum of sensitivity and specificity and finding equal prevalence 

between the calibration data and the prediction, respectively. Maximizing Kappa did not perform 

very well, and use of an arbitrary fixed value performed worst. 
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Fig. 14: Plots showing changes in test statistics as the threshold of occurrence is adjusted. Left panel: Decrease in 

sensitivity and increase in specificity as the threshold is increased. The threshold labelled a corresponds to the 

specificity-sensitivity equality threshold. Right panel: Changes in the Kappa statistics as the threshold is adjusted. 

The threshold labelled b corresponds to that threshold at which Kappa is maximized.  

 

Threshold-independent assessment  

When model output is continuous, assessment of predictive performance using statistics derived 

from the confusion matrix will be sensitive to the method used to select a threshold for creating a 

binary prediction. Furthermore, if predictions are binary, the assessment of performance does not 

take into account all of the information provided by the model (Fielding and Bell, 1997). 

Therefore, it is often useful to derive a test statistics that provides a single measure of predictive 

performance across the full range of possible thresholds. This can be achieved by using statistics 

known as Area Under the Receiver Operating Characteristic Curve (AUC), True Statistical Skill 

(TSS), and Brier Index. 

 

The AUC test is derived from the Receiver Operating Characteristic (ROC) Curve. The ROC 

curve is defined by plotting sensitivity against ‘1 minus specificity’ across the range of possible 

thresholds (Fig. 15a). Sensitivity and specificity are used because these two measures take into 

account all four elements of the confusion matrix (true and false presences and absences). It is 

conventional to subtract specificity from 1 (i.e. 1 – specificity) so that both sensitivity and 

specificity vary in the same direction when the decision threshold is adjusted (Pearce and Ferrier, 

2000). The ROC curve thus describes the relationship between the proportion of observed 

presences correctly predicted (sensitivity) and the proportion of observed absences incorrectly 

predicted (1 – specificity). Therefore, a model that predicts perfectly will generate an ROC curve 

that follows the left axis and top of the plot, whilst a model with predictions that are no better 

than random (i.e. is unable to classify accurately sites at which the species is present and absent) 

will generate a ROC curve that follows the 1:1 line (Figure 15b). 

 

In order to summarize predictive performance across the full range of thresholds we can measure 

the area under the ROC curve (the AUC), expressed as a proportion of the total area of the 

square defined by the axes (Swets, 1988). The AUC thus ranges from 0.5 for models that are no 

better than random to 1.0 for models with perfect predictive ability. We can think of AUC in 

terms of the frequency distributions of probabilities predicted for locations at which we have 
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empirical data on presence and absence (Figure 15, B and C). A high AUC score reflects that the 

model can discriminate accurately between locations at which the species is present or absent. In 

fact, AUC can be interpreted as the probability that a model will correctly distinguish between a 

presence record and an absence record if each record is selected randomly from the set of 

presences and absences. 

 

 

Fig. 15: Example Receiver Operating Characteristic (ROC) Curves and illustrative frequency distributions. a) ROC 

curves formed by plotting sensitivity against ‘1 – specificity’. Two ROC curves are shown, the upper curve (red) 

signifying superior predictive ability. The dashed 1:1 line signifies random predictive ability, whereby there is no 

ability to distinguish occupied and unoccupied sites. Graphs b) and c) show example frequency distributions of 

probabilities predicted by a model for observed ‘presences’ and ‘absences’. The results shown in b) reveal good 

ability to distinguish presence from absence, whilst results in c) show more overlap between the frequency 

distributions thus revealing poorer classification ability. The case shown in b) would produce an ROC curve similar 

to the upper (red) curve in a. The case shown in c) would give an ROC curve more like the lower (blue) curve in a). 
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CHAPTER 3:   Comparison of six correlative models in predictive vegetation  

         mapping on a local scale 

 

Abstract 

 

A variety of statistical techniques has been used in predictive vegetation modelling (PVM) that 

attempt to predict occurrence of a given community or species in respect to environmental 

conditions. We compared the performance of three profile models, BIOCLIM, GARP and 

MAXENT with three nonparametric models of group discrimination techniques, MARS, NPMR 

and LRT. The two latter models are relatively new statistical techniques that have just entered 

the field of PVM. We ran all models on a local scale for a given grassland community (Teucrio-

Seslerietum) using the same input data to examine their performance. Model accuracy was 

evaluated both by Cohen’s kappa statistics (κ) and by area under receiver operating 

characteristics curve (AUC) based both on resubstitution of training data and on an independent 

test data set. MAXENT of profile models and MARS of group discrimination techniques 

achieved the best prediction.  

 

Keywords: predictive vegetation mapping, BIOCLIM, GARP, MAXENT, MARS, NPMR, LRT, 

Teucrio-Seslerietum, local scale 

 

Abbreviations: Predictive vegetation mapping (PVM), Genetic algorithm rule-set prediction 

(GARP), Maximum entropy (MAXENT), multivariate adaptive regression spline (MARS), 

Nonparametric multiplicative regression (NPMR), Logistic regression tree (LRT). 

 

1. Introduction 

 

Predictive vegetation mapping (PVM) can be defined as predicting the geographic distribution of 

the vegetation composition across a landscape from mapped environmental variables (Franklin et 

al., 1995). A well developed PVM model with high predictive accuracy that has been quantified 

through rigorous evaluation can be used for a variety of purposes: guiding field surveys, 

informing resource management decisions, framing and testing hypotheses on patterns of 

biological diversity, predicting changes under alternate future scenarios, and so on.  Austin 

(2002) described three components of statistical modelling in ecology, the ecological model, the 

data model, and the statistical model. The “ecological model” consists of the ecological 

knowledge and theory to be used or tested in the study. PVM is based on ecological niche theory, 

gradient analysis and basic phytosociological concepts. The “data model” consists of the 

decisions regarding how the data are collected (sampling design) and how the data can be 

measured or estimated. The “statistical model” involves the choice of a statistical method to fit 

the model as well as the selection of error functions and significance tests to construct model. At 
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this chapter, we will focus on some statistical models that used as correlative models in PVM. 

Those rely on strong, often indirect, links between species distribution records and 

environmental predictor variables to make predictions (Beerling et al., 1995, Roberstson et al., 

2003). 

 

Correlative models are classified as either profile techniques or group discrimination techniques. 

Profile techniques use only presence locality records; e.g. BIOCLIM (Nix 1986, Parra et al 

2004), Gower similarity or DOMAIN (Carpenter et al 19993, Segurado and Araujo 2004), 

GARP (Peterson 2001, Anderson 2003), Ecological niche factor analysis or BIOMAPPER ( 

Hirzel et al 2002) and MAXENT (Phillips et al 2004). Those methods are appropriate when 

absence data are not available or are unreliable. Group discrimination techniques use both 

presence and absence locality records; those can be divided into two groups, global models and 

local models. “Global” model means that a single model form (straight line or nonlinear 

function) is assumed to fit the relationship between the response and explanatory variables 

throughout the range of the data, as e.g. GLM (Guisan et al 2002). On the opposite side, a “local” 

model is fitted to only a particular region of the space, but the model form can differ in different 

regions of the sample space, as e.g. MARS (Munoz and Felicisimo 2004), classification 

techniques, CART (Segurado and Araujo 2004, Miller 2002), GAM (Lehmann et al 2002). These 

models are also called “nonparametric” ones because there is no need to specify the form of the 

response function for each predictor and their interactions (unlike global models).At this chapter, 

we compare on a local scale the performance of three profile models, namely BIOCLIM, GARP 

and MAXENT, with three nonparametric models, MARS, NPMR, and LRT. The two latter, 

NPMR and LRT are rather novel statistical models that are now used in the field of PVM. 

 

2. Material and methods 

 

Study area and data preparation 

Study area has been located in the middle Saale valley (Jena region) of Thuringia, Central 

Germany (N 50o46’47” - 51o01’16”, E 11o26’40” - 11o48’05”), and covers 673.7 km² (Fig. 1). 

The vegetation type under study is calcareous grassland which depends on permanent 

management (regular mowing). Biological data (= response variable) have been collected during 

previous years of phytosociological studies in open areas for 566 sample sites including 286 sites 

of presence of dry grassland, alliance “Teucrio-Seslerietum”  sensu Ellenberg (1988), and 280 

absence sites where semi-dry grassland was found. Available environmental data (predictor 

variables) included elevation, geology and soil in digital format, secondary environmental maps, 

such as slope, aspect and monthly solar radiations, were calculated by Spatial and Solar Analyst 

Extensions in Arcview 3.2 (Table 1). The sampled sites were plotted into a grid map of 25m 

mesh size using projection of Gauss Krueger Germany. All GIS grids were converted into ASCII 

grid format with same columns and rows. Environmental values for each sampled site were 

extracted by Query operation in Geographic Information System (GIS).  
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                                     a)                                                                     b) 

Fig. 1: (a) Location of study site in Central Germany (b) topographic structure of study area (valleys white,                

plateau black). The dotted rectangle is enlarged in Fig. 2. 

 

 

                                     Table 1: Geophysical characteristics of study area 

Study area 
Predictor variables Unit 

Min. Max. 

Slope degrees 0    61 

Aspect degrees 0 360 

Soil 26 classes 

Geology 34 classes 

Monthly solar radiation 

January Wh/m² 0 7 604 

February Wh/m² 0 20 934 

March Wh/m² 0 60 071 

April Wh/m² 0 95 878 

May Wh/m² 157 126 834 

June Wh/m² 4 875 134 129 

July Wh/m² 1 335 132 449 

August Wh/m² 0 108 886 

September Wh/m² 0 71 359 

October Wh/m² 0 32 659 

November Wh/m² 0 11 249 

December Wh/m² 0 3 995 

 

 

GERMANY 

Frankfurt 

Munich 

Berlin 

Study site 
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Modelling techniques 

Each modeling technique was implemented using the same matrix of input data (predictor 

variables and response). We ignored elevation as a predictor variable because its influence was 

only indirect through geology and slope. In the following, we briefly introduce each method 

which has been used in this research. 

 

Profile methods 

 

BIOCLIM 

The BIOCLIM approach is a profile matching one that uses species presence records without 

reference to the background or to any form of absence (model is based on presence data only). 

The species profile summarizes how the known presences are distributed with respect to the 

environmental variables. With several environmental variables, the aggregated profile forms a 

multidimensional space (a hyper-rectangle or “environmental envelope”) that defines the 

environmental domain of presence of the species or community. This envelope specifies the 

model in terms of percentiles or upper and lower tolerances, and does not allow for regions of 

absence (i.e. “holes”) within the envelope. The concept is one of core and extremes. A habitat 

map can be produced from the model by ranking each location according to its position in the 

species’ environmental profile. Commonly these maps are grid-based and classify each cell into 

one of several ranked classes of environmental suitability for the species (Elith 2006). 

 

GARP 

The implementation of GARP is a desktop program that uses a genetic algorithm to create an 

ecological niche model for a species. GARP uses as input a set of point localities where the 

species is known to occur and a set of GIS layers representing the environmental variables that 

might limit the species’ ability to persist at a location (Stockwell and Peters 1999). GARP 

searches for non-random associations between environmental characteristics of localities of 

known occurrence versus those of the overall study region. The program works in an iterative 

process of rule selection, evaluation, testing, and incorporation or rejection to produce a 

heterogeneous rule-set characterizing the species’ ecological requirements (Anderson et al. 

2003). First, a method is chosen from a set of possibilities (e.g. logistic regression, bioclimatic 

envelope, atomic rules), then the method is applied to the data and rules are developed. 

Predictive accuracy is then evaluated based on 1250 points re-sampled randomly with 

replacement from the test data and 1250 points re-sampled from the analysis area as a whole 

(representing ‘pseudo-absence’). Change in predictive accuracy from one iteration to the next is 

used to evaluate whether a particular rule should be incorporated into the model. The algorithm 

runs either 1000 iterations or until convergence (Anderson et al. 2002). The output model 

represents the environmental conditions where focal species should be able to maintain 

populations (Stockwell and Peters 1999, Anderson et al. 2003). For each run (model), GARP 

produces a binary ESRI grid file for the analysis area, with 0 representing a predicted absence 
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and 1 a predicted presence, in each cell in the grid. Since, due to the randomness of mutational 

changes, each run gave a different output, we created 100 runs (models) with 0.01 convergence 

limit and finally summed all random output maps to produce a deterministic map where the 

value in each cell, if divided by 100, can be interpreted as the probability of presence at that 

point. 

 

MAXENT 

As a general-purpose method for characterizing probability distributions from incomplete 

information, MAXENT was borrowed from physics and has recently been applied to modelling 

species distributions (Phillips et al., 2006). In estimating the unknown probability distribution 

defining a species’ distribution across a study area, MAXENT formalizes the principle that the 

estimated distribution must agree with everything that is known (or inferred from the 

environmental conditions at the occurrence localities) but should avoid placing any unfounded 

constraints. The approach is thus to find the probability distribution of maximum entropy – that 

which is closest to uniform – subject to constraints imposed by the information available 

regarding the observed distribution of the species and environmental conditions across the study 

area. MAXENT computes a probability distribution based on environmental variables spread 

over the entire study area, an approach to dealing with lack of absence data most similar to that 

of Hirzel et al. (2002). We implemented MAXENT using version 1.8.2 of the software 

developed by S. Phillips and colleagues (2004). Recommended default values were used both for 

the convergence threshold (10-5) and maximum number of iterations (500). Suitable 

regularization values, included to reduce overfitting, were selected automatically by the program. 

Selection of “features” (= environmental variables or functions thereof) was also carried out 

automatically, following default rules dependent on the number of presence records. MAXENT 

assigns to each cell a probability of occurrence in terms of a distribution over the whole 

geographical study area. Because these probabilities must sum up to 1 over space, each cell’s 

probability is usually extremely small, making model output difficult to interpret. To overcome 

this problem, model predictions are usually made as as cumulative probabilities, wherein the 

value of a given grid cell is the sum of that cell and all other cells with equal or lower probability 

(multiplied by 100 to give a percentage, see Phillips et al (2006)). Thus, the output of MAXENT 

is thus a continuous variable ranging from 0 to 100. 

 

Group discrimination methods 

 

MARS 

With MARS a flexible, nonparametric regression modelling tool is available, that automatically 

finds the complex relationships between a response variable and a set of continuous and discrete 

predictors. MARS builds models by fitting numerous piecewise linear regressions, and 

approximates nonlinearity by allowing the slope of the regression lines to change over different 

intervals of the predictor space. These intervals are defined by basis functions, which are the 
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building “blocks” of a MARS model. MARS starts by building a large and overly complex 

model with many basis functions. A better and then, finally, optimal model is found by deleting 

basis functions in order of least contribution to model performance. This prevents over-fitting 

and ensures that the mode will stand up to new data for prediction applications such as mapping. 

We ran the models with a maximum of 100 basis functions, specified 10 fold cross-validations to 

select model degrees of freedom and prevent over-fitting, and allowed second-order interactions 

between predictor variables.  

 

NPMR 

The NPMR model approach was applied by using the statistical software package HyperNiche 

version 1.19 (McCune 2006). In essence, this method analyzes environmental data from sites 

where the target species occurs to build a habitat model. The models is built in such a way that 

the estimation of species occurrence for new sites is based upon the proportion of occurrences at 

known sites with same (or similar) environmental conditions. Model building is an iterative 

process in which NPMR searches through all possible multiplicative combinations of 

environmental variables to determine which predictors are the best ones for a target species or 

community occurrence. At this case study we used for the smoothing of the data a moving 

window with a Gaussian weighting function and a local mean calculation (LM-NPMR) with a 

minimum average neighborhood size of 5% of the number of samples. Since a Gaussian kernel 

function with weights between 0 and 1 was assigned to all data points, not all known sites 

contributed equally to the estimate for a given target point. Instead, the more similar the 

environmental conditions of the known sites are to the new site, the higher it is weight in the 

model for that new site. The form of the Gaussian function used for weighting is based upon the 

standard deviation (called “tolerance”) of each environmental variable. Model quality was 

appraised with leave-one-out cross validation: (1) one data point was removed from the dataset, 

(2) the dataset (minus the removed site) was used to estimate the response for that point, using 

various combinations of environmental variables and tolerances, (3) model accuracy was 

determined by comparing estimates of species occurrence for the removed site to actual species 

occurrence at that site, (4) this process was repeated for all plots in the dataset, (5) a Bayesian 

statistics, log(B), was used to compare the accuracy (performance) of each model to that of a 

naïve model, and (6) finally, the best model was selected and translated into geographical space. 

 

LRT 

Standard Logistic Regression is a powerful technique for fitting models to data with a binary 

response variable, but the models are difficult to interpret if collinearity, nonlinearity, or 

interactions are present. Besides, it is hard to judge model adequacy since there are few 

diagnostics for choosing variable transformations and no true goodness-of-fit test. To overcome 

these problems, it has been proposed to used a piecewise (multiple or simple) linear logistic 

regression model by recursively partitioning the data and fitting a different logistic regression in 

each partition (Chan et al., 2004). This allows nonlinear features of the data to be modelled 
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without requiring variable transformations. The binary tree that results from the partitioning 

process is pruned to minimize a cross-validation estimate of the predicted deviance. This 

obviates the need for a formal goodness-of-fit test. The resulting model is especially easy to 

interpret if a simple linear logistic regression is fitted to each partition, because the tree structure 

and the set of graphs of the fitted functions in the partitions comprise a complete visual 

description of the model. Trend-adjusted Chi-square tests are used to control bias in variable 

selection at the intermediate nodes. This protects the integrity of inferences drawn from the tree 

structure. We fitted a Logistic Regression Tree model in stepwise selection form, along with a 

minimum node size of 45, P-value 0.005 and number of fold 10 by computer program Lotus 

(Chan et al., 2004). 

 

Model evaluation 

There are many different ways to evaluate a model. Each evaluation method has its own 

strengths and weaknesses. The one to use for a given model (or set of models) must therefore be 

selected with the goals of the project in mind. Models can be evaluated in two basic ways. The 

first is biologist review, i.e. an interpretation of the results based on scientific experience, which 

can sometimes detect weaknesses better than quantitative analysis. The second, and most 

prevalent, evaluation technique applies the model developed so far to classify independent 

occurrence data and to calculate various quantitative indicators of model predictive accuracy 

(Fielding and Bell 1997). The classic way to evaluate the accuracy of an element distribution is 

the use of a “confusion matrix” (Fielding and Bell 1997). Such a matrix uses a crossing-table 

operation and counts the observed and predicted presence/absence events (Table 2a). Four 

elements are present in a confusion matrix: The entry a represents the number of known 

distributional areas correctly predicted as present. Likewise, d recounts points where the species 

has not been found and that were classified by the model as absent. Element c indicates pixels of 

known distribution predicted absent by the model, and, conversely, entry b reflects pixels from 

which the species is not known but that are predicted present. Two types of error are possible in 

predictive models of species’ distributions: false negatives (omission error or underprediction; 

element c) and false positives (commission error or overprediction; element b). Morrison et al. 

(1992) refer to false positive errors as type I and false negative errors as type II. A variety of 

accuracy measures can be calculated from a confusion matrix (Table 2b). All of the measures 

described in this table assume that data are counts and not percentages. Cohen’s Kappa statistics 

κ can be used to objectively assess the level of agreement between observed and predicted data. 

The particular threshold which maximizes k (or, sometimes, alternative indices) is the chosen to 

a translate probabilities into a 0-1 output. Another alternative for model evaluation is receiver 

operating characteristic (ROC) plot methodology. It was developed to provide a threshold 

independent measure of accuracy and results in a plot of the relative proportions of correctly 

classified sites over the whole range of threshold levels. The ROC plot is obtained by plotting the 

sensitivity of the model against the false positive fraction over aall thresholds. The area under the 

resulting curve (AUC) then indicates the probability that the model will distinguish correctly 
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between two observations. For a model with no discrimination capacity the area under the ROC 

curve will be 0.5, while for a model with perfect discrimination capacity the area will be 1. We 

developed a small computer program MEP (“Model Evaluation Program”, available from the 

authors) in Delphi to calculate these and other indices mentioned in Table 3 for any threshold. 

Finally, we evaluated the stability of our models by comparing maximum value of κ and area 

under curve for each model in two situations, first as derived when fitting the model to the 

calibration data set (resubstitution method), and second when used to generate predictions based 

on the evaluation data set (independent data). The stability values of AUC were calculated using 

proposed formula by Heikkinen (2007). We produced extra independent data sets by additional 

random sampling in the same region, including in total 470 samples sites with prevalence 0.54 

(254 presence, 216 absence points). 

 

                                   Table 2:  (a) Confusion matrix and (b) derived performance indices 
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3. Results 

 

The spatial distribution of dry grassland Teucrio-Seslerietum as predicted by the different 

statistical techniques is displayed in Fig. 2 as grey scale of probabilities. The BIOCLIM model 

inherently indicated only presence (1) and absence (0), while the other models produced a 

continuum predictive range from zero to one. A visual inspection already shows that BIOCLIM, 

GARP and (to a certain degree) LRT produced rather high probabilities compared with the other 

ones and the ground control (Fig. 2a). A more detailed comparison between observation and 

prediction can be seen from the enlarged portion in Fig. 2b. 

 

For each model we used the threshold which maximised kappa as the optimal one to truncate 

calculated probabilities into presence-absence prediction for each grid cell. The degree of 

agreement between observed and predicted values is given in Table 3, both for the resubstituted 

training data set and for an independent test data set. AUC and their intervals calculated by 

bootstrapping are given in Table 4 for both test data sets. A comparison of AUC values suggests 

differences among models. The best model performance for the calibration data was achieved by 

NPMR with average AUC = 0.928, but when the models were fitted to the evaluation dataset, 

NPMR was the fourth robust method and showed poorer performance than the other group 

discrimination models. Model performance also varied in relation to threshold selection (Fig. 3). 

Both calibration and test data sets showed that MAXENT was most robust model at lower 

thresholds (th < 0.35), while NPMR and MARS produced better performance at intermediate 

thresholds (0.35 < th <0.75) for calibration and test data sets, respectively, and LRT was the best 

model at high thresholds for both data sets (th > 0.75). 

 

In general, the profile models BIOCLIM, GARP and MAXENT were relatively straightforward 

to apply and directly produced geographic prediction maps, but proved minimal summaries of 

the fitted relationships on which these predictions were based. The group discrimination 

techniques MARS, NPMR and LRT were more informative and the estimated relationships 

between given community and its environmental predictors were relatively transparent. 
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Fig. 2: Comparison of predicted maps derived from different statistical methods: (a) whole study area (see Fig. 1), 

(b) enlarged map of a smaller area (red: actual distribution, black: predicted presence). 
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Table 3: Model evaluation based on confusion matrix and derived indices, calculated for the optimal threshold (opt. 

th.) maximizing kappa (max. k). The entries of the confusion matrix, Sensitivity (Ss), Specificity (Sp), correct 

classification rate (CCR), differential positive rate (DPR), and information retrieval index (F) are given. 

Profile Models Group Discrimination Models 

Resubstitution Independent data Resubstitution Independent data 

 

BIO 

CLIM 

GARP MAX 

ENT 

BIO 

CLIM 

GARP MAX 

ENT 

MARS NPMR LRT MARS NPMR LRT 

max κ 0.24 0.35 0.63 0.15 0.25 0.65 0.60 0.68 0.61 0.71 0.57 0.64 

opt. th. 0.50 0.99 0.25 0.50 0.99 0.26 0.50 0.54 0.56 0.59 0.51 0.45 

a 176 279 246 159 229 212 234 235 214 212 218 214 

b 106 176 64 100 138 37 62 38 38 22 60 40 

c 110 7 40 98 28 45 52 51 72 45 39 43 

d 174 104 216 113 75 176 218 242 242 191 153 173 

Ss 0.61 0.97 0.86 0.62 0.89 0.82 0.82 0.82 0.75 0.82 0.84 0.83 

Sp 0.62 0.37 0.77 0.53 0.35 0.83 0.78 0.87 0.86 0.90 0.73 0.81 

CCR 0.62 0.68 0.82 0.58 0.65 0.82 0.80 0.84 0.80 0.86 0.79 0.82 

DPR 0.23 0.34 0.63 0.15 0.24 0.65 0.60 0.68 0.61 0.72 0.57 0.64 

F 0.62 0.75 0.82 0.62 0.73 0.84 0.80 0.84 0.79 0.86 0.81 0.83 

 

 

Table 4: Model evaluation based on Area Under Curve (AUC) with 95% confidence intervals. 

AUC  

Resubstitution Independent data Stability 

BIOCLIM 0.618 (0.578-0.658) 0.574 (0.527-0.621) 0.928 

GARP 0.684 (0.654-0.715) 0.635 (0.596-0.673) 0.932 
Profile 

models 
MAXENT 0.902 (0.879-0.925) 0.916 (0.893-0.939) 1.015 

MARS 0.878 (0.851-0.905) 0.926 (0.904-0.948) 1.054 

NPMR 0.928 (0.908-0.947) 0.868 (0.837-0.900) 0.935 

Group 

discrimination 

models LRT 0.888 (0.862-0.913) 0.893 (0.864-0.921) 1.005 

 

 

 

 

 

 

 

 

 

 

         

                                      a) b) 

Fig. 3: Kappa statistics (κ) as a function of the applied threshold for different models and test data sets:  

(a) resubstituted data, (b) independent test data. 
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MARS approximated the underlying function through a set of adaptive piecewise linear 

regressions termed basis functions (BF). The resulting final model function for the probability Y 

of occurrence of Teucrio-Seslerietum has the following structure: 

 

 BF1 = max (0, SLOPE) , 

 BF2 = (GEO=8 or GEO=16) , 

 BF5 = max (0, 203.4 – ASPECT) , 

 BF6 = (SOIL=11) , 

 BF10 = max (0, ASPECT – 341.6) , 

 Y = -0.02 + 0.02 * BF1 + 0.356 * BF2 - 0.002 * BF5 - 0.183 * BF6 - 0.031 * BF10 .  

 

According to generalized cross validation (GCV), slope, aspect, geology formation and soil type 

were the most important variables in MARS model. Changes in functional relationships of the 

above given basis functions with respect to aspect occurred at points called knots (with values 

203.4 and 341.6 degrees in our case). 

 

HyperNiche produced more than 7500 NPMR models with a variety of number and 

combinations of predictor variables and different tolerances. We selected the best model on the 

basis of parsimony (keeping the number of variables as low as possible) and the Bayes factor 

log(B) as a goodness-of-fit measure (McCune 2006). Model building was stopped when any 

additional variable improved log(B) only less than 1%. Table 5 shows the best model(s) for 

increasing number of predictor variables together with their tolerances. The best model (log(B) = 

64.1) is explained by five predictor variables including slope, aspect, geology, solar radiation 

(December, November). Typical tolerances were about 5-15 percent of data range of 

observations. The NPMR model as a nonparametric approach did not produce any equation, 

instead the response function (or surface) is given as a numerical table or displayed graphically 

(cf. Figure 5b). 

LRT divided the environmental space into five partitions based on geology and monthly solar 

radiation (May, December). Each partition ended in a terminal node (Fig 4), where a particular 

multiple logistic regressions was fitted (Table 6). 

 

Table 5: Characterization of the best single model (with respect to log(B) and parsimony) calculated by NPMR. 

(Var = variable used, Tol = tolerance of smoothing function in percent of range, Slp = slope, Asp = aspect, Geo = 

geology, Nov/Dec = solar radiation in November/December). 

No. 

model 
Log(B) 

No. 

variables 
Var 1 Tol 1 Var 2 Tol 2 Var 3 Tol 3 Var 4 Tol 4 Var5 Tol5 

209 36.8 1 Slp 5         

301 48.9 2 Geo 0 Slp 5       

651 59.2 3 Asp 15 Geo 0 Slp 5     

2702 62.8 4 Asp 15 Dec 10 Geo 0 Slp 4.6   

4966 64.1 5 Asp 15 Dec 10 Geo 0 Nov 15 Slp 15 
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Parameters of 

Logistic Regression Tree 
Terminal 

Node 
Variable Coefficient 

Node 2 

Intercept 

Aspect 

Slope 

-5.129 

0.0062 

0.19 

Node 6 

Intercept 

February 

October 

Slope 

3.796 

0.0055 

-0.0037 

0.288 

Node 14 

 

 

Intercept 

Aspect 

November 

Slope 

-7.55 

0.0098 

0.00059 

0.21 

Node 15 

Intercept 

Aspect 

December 

0.512 

0.0163 

-0.0012 

Table 6: Characteristic variables and coefficients of logistic 

regression in each terminal node of the LRT model. 

 

Fig.  4: Node structure of LRT applied to the 

training data set 

 

Figure 5: Shape of response surface (for 

predictors slope and aspect) derived from 

three different methods 
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4. Discussion 

 

Interpretation of model predictions 

According to Robertson´s suggestion (2001), the predictions produced by each model may offer 

different insights into the potential distribution and biology of the target organism. The 

probabilities displayed in the maps generated from the MARS, NPMR and LRT models are 

interpreted as the probability of occurrence of the target community (Teucrio-Seslerietum). In 

contrast the probabilities in the maps generated from the BIOCLIM, GARP and MAXENT 

model are interpreted as environmental suitability values. Guisan and Zimmermann (2000) 

suggested that correlative models such as those presented at this paper should draw the realised 

niche of organism (Malanson et al., 1992). Austin (2002) suggested that statistical models may 

not represent the realised niche but rather an amalgam of realised niche and sink areas. 

 

Models performance 

There are two main aims of predictive vegetation mapping, namely to know where a species or a 

specific community occurs (the “prediction”) and to find the reasons for its distribution (the 

“explanation”). 

 

Prediction 

Current methods for assessing predictive success are AUC and Kappa statistics (Fielding and 

Bell 1997, Allouche et al., 2006). There is fairly good agreement between real observations 

(calibration and test data) and some predicted models (Table 3, 4). Using the scale of agreement 

proposed by Monserud and Leemans (1992), the Kappa statistics indicated “good” agreement for 

the MARS, NPMR, LRT, MAXENT and “poor” agreement for the BIOCLIM and GARP 

models. It is apparent that models with nearly similar AUC value can have quite different 

predicted patterns of distribution (Fig 2a). For example, MARS overestimated the occurrence of 

Teucrio-Seslerietum at southern and eastern parts of study area, while LRT overestimated 

presence in north and north-western parts, if compared with ground control map. Part of the 

problem is caused by the way how different models can cope with categorical predictor 

variables. In our case it was essential to find out that presence of calcareous grassland was 

mainly found on limestone, while almost no such community existed on sandstone. Hence, we 

follow Termansen (2006) and Austin (2007) and suggest that AUC and other model success 

indices need to be re-examined. As an interesting case, GARP predicted a spatial area that is 

broader than the actual distribution map, thereby increasing its chance of correctly classifying 

positive occurrences (acal. = 277) and decreasing omission error (ccal.=9) but as a result most 

likely increased its commission error (bcal.=169) as well (Table 3). In general, commission error 

is assumed to not be a hard error. It is caused by different factors such as that the area is suitable 

for the species, but no sampling effort has been made or historical (barriers, dispersal capability) 

and biotic factors (competition, predation) have impeded species occurrence or went extinct or, 

finally, the area is really unsuitable (true commission errors). In contrast, omission errors can be 
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considered a hard error. They happen under some circumstances, such as wrong identification of 

the taxon or wrong georeferencing of the locality, a record represents an individual outside its 

ecological niche, e.g. sink (rather than source) population, or individuals are in transit or vagrant, 

etc. However, in our case the situation may also interpreted in a different way: Commission error 

means that existence of dry grassland is predicted, but an expensive clearcutting of woody 

vegetation remains unsuccessful, while ommission error means that a potential grassland site is 

kept on to be used as woodland. 

 

We also considered model performance based on objective intrinsic criteria (Anderson 2003). In 

Fig. 6 we plotted intrinsic omission error c/(a+c) versus intrinsic commission index b/(b+d). 

Models with high omission error are definitively weak (like BIOCLIM), models with high 

commission index produce an overprediction of presence area (GARP), while models with 

minimum commission and omission error (close to zero) often indicate an overfitting problem 

and might be waeker if applied to other areas. Thus, a good model should be located at low level 

omission error and moderate commission value (Anderson et al, 2003). The points in Fig. 6 and 

the stability values in Table 3 indicate a slight overfitting problem for NPMR, while MAXENT 

and MARS seem to produce better models. However, the results of predictive model tests should 

always be interpreted in the context of how the model will be applied. Some applications may be 

able to tolerate less accuracy or precision, e.g. climate change in large scale. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6: Intrinsic and extrinsic plot of omission error vs. commission index  

 

Explanation 

Predictive vegetation modelling can tell us a lot about a species (or community) habitat and 

environmental niche and the reasons for its distribution in terms of its interactions with the 
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environment around it. Response curves are an integral part of predictive vegetation mapping. In 

essence, a response curve is a plot of species or community presence data (e.g. proportion of 

presence or abundance, if available) in relation to changing environmental variables. 

 

Nonparametric methods indicated the importance of predictor variables in modelling process 

through sensitivity analysis (MARS, NPMR) and stepwise selection (LRT). In our case, three 

predictor variables, slope, aspect and geology, were the most important ones for explanation of 

community presence while others only slightly increased accuracy. Although statistical models 

are based on correlations and do not necessarily reflect causal relations, their purpose is often 

prediction, such that a description of functional relationships can be achieved (Austin 2002). 

Nonparametric methods fitted relationships between occurrence of the target community and its 

environment which were relatively transparent. From ecological experience it is known that 

geology along with slope and aspect play a key role in controlling the distribution of grassland 

Teucrio-Seslerietum. Calcareouos grasslands are tightly bound to the geology unit “limestone” 

and occur in Central Germany at south-eastern, southern to western slopes with an inclination 

higher than 20 degrees, because temperatures can there be rather high and soil moisture will be 

low most of the time. NPMR and MARS indicated properly to this point by its response curves 

(Fig 4a, b), but LRT draw this response curve only for one of the four final nodes (e.g. Fig 4c, 

node 2). This is mainly caused by the fact, that aspect is a circular variable where logistic 

regression might not be appropriate. However, we have to take into account that also NPMR and 

MARS had problems to incorporate this problem properly. 

 

All profile models that we tested created just a prediction map without any explanation or 

identification of variable importance in modelling process (like black box), therefore, they need 

complementary analysis such as Jackknife to identify importance of variables (Levine et al 

2004), using multivariate data analysis like PCA, for the explanation of spatial distribution 

(backward insight) or we have to follow Elith et al. (2005) for presenting response curves 

graphically. With respect to the latter, we used a modified method of “evaluation strip” for 

visualizing the responses implicitly defined by the model. We used the average probability 

obtained for each value of a selected predictor variable (or each combination of the values of two 

predictors) over the whole map instead of a strip into spatial data layers. The response obtained 

for the variable “slope” is presented for each of the six modelling methods in Fig. 7. In general, 

there are only slight differences of the modelled responses between all three nonparametric 

models (NPMR, MARS, LRT). The BIOCLIM prediction can be used as a guide to the 

frequency of the species along environmental gradients; a score of zero means that no presence 

records occur at those slope values, a score of 0.3 means that the 30% of the presence records 

fall within the plotted slope values. This model shows that given community don’t occur at slope 

less than 7 degree and more than 37 degree. GARP highly overestimated the probability of 

presence with a shape of response function that is not easy to explain. MAXENT showed a 

similar sigmoid response as the nonparametric models, but with lower numerical values. 
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Fig. 7: Comparison of response to slope for six modelling methods. 

 

Conclusion 

The possible choice between profile and group discrimination techniques for predicting species 

distributions caused a considerable debate in predictive vegetation modelling. Profile models are 

likely to be appropriate when absence data are not available or are unreliable. In this study, we 

found that, on a local scale, performance of a profile technique, MAXENT (AUC = 0.902) was 

better or equal than group discrimination techniques LRT, NPMR, MARS. Profile models also 

were easier and less time-consuming to build. Group discrimination techniques were better able 

to produce response functions which are necessary for ecological understanding. Among group 

discrimination techniques, MARS was the best model concerning the two approaches prediction 

and explanation. In summary, when reliable both presence and absence data are available then 

group discrimination techniques are likely to perform best especially when aims of modelling is 

prediction along with explanation. 
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CHAPTER 4:   Effect of sampling design on predictive vegetation mapping  

         and community-response curve 

 

Abstract 

 

One of the key points to understand is that a deliberate sampling plan is needed in order to obtain 

useful data. Field data picked with no plan ahead of time may causes biases and will lead to poor 

or worthless data. In the field of predictive vegetation mapping (PVM), good field collection of 

training data is extremely important to create a powerful model. Not much effort has been spent 

until now to investigate how sampling design can affect the PVM process. To meet this need, we 

applied three sampling designs, random, systematic and proportional stratified sampling, on a 

local scale to a grassland community (Teucrio-Seslerietum). Presence-absence data of the 

community were collected by geographic information system (GIS) from a complete map of 

vegetation types and compared with an existing data set based on earlier vegetation relevés. We 

used nonparametric multiplicative regression method (NPMR) to fit the models derived from 

three data sets with different prevalence. The best single models and a top ten models group of 

each sampling method were selected based on log(B) as a likelihood measure of model accuracy. 

Model evaluation was done in each case both for resubstituted and for independent data. 

Kruskal-Wallis test along with post-hoc Nemenyi test for log(B) as well as threshold-dependent 

performance measures were applied to find differences among the various sampling methods. 

We found evidence, that any sampling design could produce better predictive models than those 

based on no sampling design. Among sampling designs, proportional stratified sampling 

produced better results than random and systematic sampling, especially for higher thresholds. 

We also showed that an incomplete sampling affected the shape of the community-response 

curves and, subsequently, led to bias in the predictive vegetation map. 

 

Key words: predictive vegetation mapping, sampling design, NPMR, community-response curve 

 

1. Introduction 

 

One of the key points most scientists agree is that a deliberate sampling plan is needed in order 

to obtain useful data. If the sites in the field were selected by subjective preference and with no 

special plan ahead of time, then biases and other problems could lead to poor or worthless data. 

Therefore, in predictive vegetation modelling (PVM), a purposeful field collection of training 

data is necessary to create a valuable model. In other word, the common phrase “garbage in, 

garbage out” applies very well in this field. Austin (2002) described three components of 

statistical modelling in ecology: ecological model, data model, and statistical model. The 

“ecological model” part consists of the knowledge and theory to be used or tested in the study. 

PVM is based on ecological niche theory, gradient analysis and a few other concepts of 
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community analysis. The “data model” part covers the decisions regarding how the data are 

collected (sampling design) and how the data will be measured or estimated. Finally, the 

“statistical model” part involves the choice of statistical methods, error functions and 

significance tests to construct and evaluate the model. Not many researchers dealt with the 

question, how the structure of the data model should be related to the statistical model used in 

later stages. This chapter intends to cover an important part of the data model, namely how the 

data sampling design will influence the quality of the predictive vegetation mapping process. 

 

The best sampling method would be the census, e.g. a complete sampling of the entire 

population or community, but this is only possible for small and limited populations. In practice, 

we normally encounter large populations and prefer to use sampling instead of census due to 

limitations in money and time. A sample will typically be a tiny fraction of the whole population, 

but has to be collected as representative as possible. Popular sampling designs are “systematic 

sampling”, “random sampling” and “stratified sampling”. In systematic (or regular) sampling, 

for instance, a unit from the first k elements of the frame is chosen randomly, then every k-th unit 

thereafter is taken. This procedure is called a one-in-k systematic sample. Random sampling is 

the design where each subset of n units selected from the population of size N has the same 

chance (i.e. probability) of being selected. Stratified sampling is a certain compromise, where the 

study area is first subdivided into environmental strata (e.g. using a Geographic Information 

System) and then either an equal number of plots is randomly chosen in each stratum (equal 

random stratified sampling) or the number of plots randomly chosen in each stratum is 

proportional to its coverage in the study area (proportional random stratified sampling). 

 

Le Duc et al. (1992) and Guisan et al. (1998) are examples of studies using a regular grid 

sampling, Wessels et al. (1998) is an example where equal random-stratified sampling was 

applied. Cases of proportional random-stratified sampling are given in Goedickemeier et al. 

(1997) and Guisan et al. (1999). Many modelling studies exist which are based on heterogeneous 

data (mostly stored in biological data banks or herbarium data), where no design could be set up 

prior to the sampling (e.g. Feria et al 2002, Peterson et al 2002). However, there are only a few 

papers dealing with the comparison of sampling designs. Austin and Adomeit (1993) used 

simulations to test different sampling approaches in a multispecies design with the specific aim 

of evaluating the respective cost of each approach for sampling an optimal number of species (i.e. 

diversity). Goedickemeier et al (1997) and Wessels et al. (1998) discussed various sampling 

designs, but their statistical analyses and discussion did concentrate on the context of 

biodiversity modelling and assessment, and they do not have recourse to simulated data. Hirzel 

and Guisan (2002) applied all four strategies, random, regular, proportional-stratified and equal-

stratified sampling, using a virtual species in a real landscape to compare how these designs 

affect prediction accuracy and how sensitive they are to sample size. Their results showed that 

regular and equal-stratified sampling strategies were the most accurate and most robust ones. 

Vaughan and Ormerod (2003) suggested some issues about field collection of training data for 
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improving the quality of distribution models. 

 

Since only very few papers in the literature discussed the above-mentioned topic, a deeper 

analysis is needed. Therefore, the aim of this chapter is to test the effect of three sampling 

strategies together with a “no sampling design” data set (from existing observations) on the 

success of predictive vegetation modelling. We used data from a grassland community on a local 

scale in a real landscape as case study. The main question to be answered was: What is the 

optimal field sampling strategy for building accurate predictive vegetation mapping on a local 

scale?  

 

2. Material and Methods 

 

Study site 

The middle Saale valley (Jena region) in Thuringia, Central Germany, inhabits a remarkable 

variety of sub-Mediterranean semi-natural calcareous grasslands. Triassic limestone as the 

dominant geological upper layer provides steep slopes, covering the lower and less steep layer of 

sandstone. The climate is characterized by mild winters with few periods of frost; from 1961 to 

2006, average annual temperature and rainfall were 9.5 °C and 593 mm, respectively. The 

rectangular study area (N 50o46’47’’ - 51o01’16’’, E 11o26’40’’ - 11o48’05’’) covered 673.7 

km² (Fig. 1) with elevations ranging from 130 m to 460 m a.s.l. and slopes between 0 and 48 

degrees (however, 68% of whole area has a slope of less than 7 degrees). Geophysical 

characteristics of the study area are summarized in Table 1. 

 

Environmental data 

Elevation data (from a digital terrain model), geology and soil type were available as primary 

environmental predictor variables in digital format with a spatial resolution of 25 m. Secondary 

environmental maps, such as slope, aspect and monthly solar radiations, were created by Spatial 

and Solar Analyst extensions in Arcview 3.2. All environmental maps were projected into 

German Gauss Krueger coordinates and then converted to ASCII grid format with the same 

number of columns and rows. In later modelling process, we ignored elevation as a predictor, 

because its influence was only indirect through geology and slope. 
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Fig. 1: Location in Central Germany (a) and topographic structure (b) of study area (valleys white, plateau black). 

 

 
                                                    Table 1: Geophysical characteristics of study area 
 

Study area 
Predictor variables Unit 

Min. Max. 

Slope degrees 0    61 

Aspect degrees 0 360 

Soil 26 classes 

Geology 34 classes 

Monthly solar radiation 

January Wh/m² 0 7604 

February Wh/m² 0 20934 

March Wh/m² 0 60071 

April Wh/m² 0 95878 

May Wh/m² 157 126834 

June Wh/m² 4875 134129 

July Wh/m² 1335 132449 

August Wh/m² 0 108886 

September Wh/m² 0 71359 

October Wh/m² 0 32659 

November Wh/m² 0 11249 

December Wh/m² 0 3995 

 

 

 

 

GERMANY 

Frankfurt 

Munich 

Berlin 

Study site 
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Vegetation data 

The occurrence of different types of dry to semi-dry calcareous grasslands had been recorded in 

the study area in the past, mainly for phytosociology (Braun-Blanquet relevés) and nature 

conservation purposes (map of biotope types). Three samplings methods, “random”, 

“systematic” and “proportional stratified”, were applied to the particular vegetation alliance 

“Teucrio-Seslerietum” (Ellenberg 1988). Since a complete digital map of all biotope types in the 

region was available, several computer-based samples of presence or absence data of this 

alliance could be obtained by GIS according to prescribed schemes. However, since grassland in 

Central Europe strongly depends on a particular management (e.g. mowing), sampling was only 

done in open areas allowing grassland, hence presence of semi-dry grassland was equivalent to 

absence of dry grassland. In order to design stratified sampling, we identified regional 

environmental variables mostly influencing the distribution of given community using a 

preliminary exploratory analysis; those were slope, aspect and geology. The study area was 

stratified by classifying and combining them to theoretically 9 x 9 x 34 = 2754 environmental 

strata (Table 2), but only 495 strata were realized in the study area. In proportional stratified 

design, samples were picked proportional to the area of each stratum with 

    

  

Ni = Round ( S ⋅
Ai

Akk∑
)  

as the sample size for stratum i , S as total sample size, and Ai as area of stratum type i. 

 

By each sampling method, we picked two data sets (A and B) with different prevalence: Data 

sets Astrat , Arand , Asyst included 602 sample points each (142 presences, 460 absences; 

prevalence 0.23), data sets Bstrat , Brand , Bsyst included 566 sample points each (286 presences, 

280 absences; prevalence 0.51). The latter number was used because we also had a 

phytosociologal data set collected in previous years without any design for modelling, but 

declared to be representative for the region. This data set C also included 566 samples (286 

presences, 280 absences; prevalence 0.51). The environmental values for each sample site were 

extracted by Query operation in GIS. Each of the seven data sets was used to build a predictive 

model. 

 

 

                               Table 2: Definitions of strata classes based on slope, aspect and geology 
 

Variable No. of strata Strata classes 

Slope 9 0-5, 5-10, 10-15, 15-20, 20-25, 25-30, 30-35, 35-40,  > 40 

Aspect 9 N, NE, E, SE, S, SW, W, NW, flat 

Geology 34 34 units of geology formation 
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Model fitting and sampling assessment 

We fitted a nonparametric multiplicative regression (NPMR) model using the software 

Hyperniche version 1.30 (McCune 2006). NPMR uses a local multiplicative smoothing function 

with leave-one-out cross-validation to estimate the response variable. We used a Gaussian 

weighting function and a local mean model (LM-NPMR) along with a minimum average 

neighbourhood size of 5% of the number of samples to fit models for each data set. Different 

combinations of environmental variables and tolerances produced an enormous amount of 

models. Finally, for each data set we selected the best single model and a group of top 10 models 

based on log(B) and the number of predictor variables. The Bayes factor log(B) is a logarithmic 

goodness-of-fit measure of the likelihood ratios to express model improvement over a “naïve 

model” (McCune 2006). Kruskal-Wallis test along with a post-hoc Nemenyi test was used to 

find possible differences among sampling methods and to identify the best sampling method. 

Differences between sampling methods were significant, if the inequality 

   

  

Rx

nx

−
Ry

ny

> χ2
k−1,α ⋅

N ⋅ ( N + 1)

12
⋅
nx + ny

nx ⋅ ny

 

was true (Sachs 1984), where Rz denotes the average rank within the subset indexed z, nz is the 

number of observations for each sampling method, N is the total number of observations and χ2 

is extracted from a Chi square table with k-1 degrees of freedom and significance level α. 

 

For model evaluation we used both resubstitution approach (e.g. test data equal to training data) 

and, following Elith et al (2006), independent data sets obtained by additional sampling in the 

same region. We produced two such data sets with prevalence 0.50 by random sampling (598 

points). Since each of the models lacked prediction for a few test data points, we kept only those 

points which were predicted by all three models of type A or B, leaving us with data set  TA for 

testing models Astrat , Arand , Asyst , data set TB for testing models Bstrat , Brand , Bsyst and data 

set TC to test the model derived from training data C (sample sizes and prevalences together 

with results are given in Table 7). Finally, the complete set of approx. 14000 pixel of grassland 

in the study area was used as a test data set, since for each pixel (of 25m grid size) presence or 

absence was known. 

 

As a goodness-of-fit measure of overall performance we calculated a “normalized” Brier index 

  
  
b := Br / Brmax   with 

  

Br :=
1

n
⋅ ( pi − fi )

2

i=1

n

∑  

as the average quadratic deviation between observations fi and predicted probabilities pi 

(Winkler & Murphy 1968). However, while Br can theoretically vary between 0 (ideal prediction) 

and 1, we used 
  
Brmax := pr ⋅(1 − pr )  , pr := n1/n , as maximum value of Br, which occurs in the 

case of purely random prediction of 0 and 1 with same prevalence pr as observed. From the 

threshold-dependent confusion matrix (Fielding & Bell 1997) 
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displaying actual rows by predicted columns (n1 := a + b observed presences, n0 := c + d 

observed absences, n := n1 + n0 sample size) we calculated several performance indices as a 

function of the applied threshold θ, especially correct classification rate CCR := (a+d)/n , 

differential positive rate DPR := Se + Sp - 1 with sensitivity Se := a/(a+c) and specifity Sp := 

d/(b+d), Cohen’s Kappa coefficient κ  and information retrieval index F := a/(a+b+c) (c.f. Liu et 

al 2005). DPR as the difference between the true positive and the true negative ratio was 

introduced by Ward (1986), but it is already known as Youden’s performance index J (Youden, 

1950) and was recently re-introduced as True Skill Statistics TSS by Allouche et al (2006). 

According to Youden (1950), the standard error of DPR is given by 
 

   
2 2 2 2

1 1DPR Se Sp Se Sp, Se ( Se ) /( b d ) , Sp ( Sp ) /( a c )σ σ σ σ σ= + = ⋅ − + = ⋅ − +   . 

 

The errors of CCR, κ and F are of the same order. The index F is the harmonic mean of 

sensitivity Se and precision P := a/(a+b) (Schapire et al 1998, Nahm & Mooney 2000), where we 

used the special case of equal relative costs for false positive (b) and false negative (c) errors in 

prediction. All threshold-dependent values were calculated by our own program MEP written in 

Delphi (Tarkesh 2007). Area Under Curve AUC of Receiver Operating Characteristic plot 

(Fielding & Bell 1997) was calculated as an overall performance measure. Confidence intervals 

for AUC were obtained by a bootstrapping simulation (Schröder 2006). 

 

3. Results 

 

Evaluation of the best single models based on log(B) 

The best single models were selected on the basis of maximal log(B) and parsimony, e.g. an 

additional variable was only included, if log(B) could be improved by more than 1%. In most 

cases three variables were sufficient to produce high quality predictions. Table 3 shows some 

characteristic properties of these “best models” calculated by nonparametric multiplicative 

regression for the seven data sets Arand/syst/strat , Brand/syst/strat and C, which were derived from 

different sampling methods. For every grid cell of the study area the probability of occurrence of 

dry grassland was calculated for each sampling strategy. The maps of predicted distributions (in 

classes of 10% width) together with a ground truth map are given in Fig. 2. A comparison based 

on log(B) for all models showed that models derived from proportional stratified sampling were 

much better than the other two sampling methods (see Table 3). While geology (or, alternatively, 

soil type) was the main filter among categorical variables, a sensitivity analysis within NPMR 

showed that slope turned out to be the most important metrical predictor variable with (usually) a 
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tolerance between 5 and 10 percent of data range. It was also a common predictor variable that 

had been selected in all models. 

 

Table 3: Characterisation of the best single model (with respect to log(B) and parsimony) calculated by NPMR for 

three different sampling methods (No. mod. = number of models produce, No. pred. = number of predictors 

included, Var = Variable used, Tol = tolerance of smoothing function in percent of range). 
 

Data 

set 
n 

Sampling 

method 

No. 

mod. 

No. 

pred. 
Log(B) Var1 Tol1 Var2 Tol2 Var3 Tol3 Var4 Tol4 Var5 Tol5 

Arand 602 Random 1663 3 93 Geo 0 Sept 20 Slope 10     

Asyst 602 Systematic 1850 3 91 Geo 0 Mar. 10 Slope 10     

Astrat 602 Prop. stratif. 1674 2 114 Dec. 20 Slope 5       

Brand 566 Random 4237 3 100 Soil 0 Jan. 20 Slope 5     

Bsyst 566 Systematic 4380 3 109 Soil 0 Dec 20 Slope 10     

Bstrat 566 Prop. stratif. 5627 4 129 Geo 0 Jan 30 Soil 0 Slope 10   

C 566 No design 7575 5 64 Geo 0 Dec 10 Nov 15 Slope 15 Aspect 15 

 

 

In order to eliminate effect of a different choice predictor variables on the numerical value of 

log(B), we also arranged the top models based on the same predictor variables and corresponding 

tolerances (Table 4). Geology was the expected discrete filter, while slope and solar radiation in 

September were used as the most important continuous predictor variables. A comparison of the 

different sampling methods within data sets of type A and B (due to different sample sizes) again 

supported the assertion that proportional stratified sampling gives much better results than other 

sampling designs or just empirical sampling. The value of log(B)/n was better for data sets of 

type B with prevalence close to 0.5. 

 

Table 4: Characteristics of best models developed on different sampling methods under the same conditions 

(predictor variables and tolerances). 
 

Data 

set 

Sampling 

method 

No. variables 

of best model 
Log(B) Var1 Tol1 Var2 Tol2 Var3 Tol3 

3 93.4 Geo 0 Sept. 20 Slope 10 

2 91.1 Geo 0 Slope 10   Arand Random 

1 85.9 Slope 5     

3 91.2 Geo 0 Sept. 20 Slope 10 

2 89.4 Geo 0 Slope 10   Asyst Systematic 

1 86.4 Slope 5     

2 114.6 Geo 0 Slope 10   
Astrat 

Proportional 

stratified 1 112.5 Slope 5     

3 98.9 Geo 0 Sept. 20 Slope 10 

2 97.5 Geo 0 Slope 10   Brand Random 

1 97.0 Slope 5     

3 107.2 Geo 0 Sept. 20 Slope 15 

2 105.5 Geo 0 Slope 10   Bsyst Systematic 

1 101.2 Slope 5     

2 122.5 Geo 0 Slope 10   Bstrat 
Proportional 

stratified 1 116.7 Slope 5     

3 54.3 Slope 5 Geo 0 Sept. 10 

2 49.0 Slope 5 Geo 0   C 
No sampling 

design 
1 36.8 Slope 5     
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Fig. 2:  Maps produced for the different sampling designs, applied to two types of data sets (A, B) and existing data 

(C). Darker grey levels correspond to increasing probabilities of occurrence, while the ground control map displays 

presence only. 
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Evaluation based on the group of top ten models 

 

To evaluate the robustness of statements given above, originating from one particular model, the 

top ten models with respect to the log(B) value had been selected for each data set, each 

sampling method and each number of predictor variables (up to the maximum number of 

variables required by the best model at all). The resulting variability in log(B) values is displayed 

as a box plot in Fig 3. Since log(B) depends on sample size, absolute comparisons are only 

allowed within the same type of data sets (Astrat , Arand and Asyst or Bstrat , Brand , Bsyst and C). 

A Kruskal-Wallis test proved significant differences between the medians for the three sampling 

methods for both data sets (see Table 5). A post hoc Nemenyi test indicated that both within A 

and within B the median of log(B) for proportional stratified sampling was always much higher 

than for the other methods (P < 0.01), while random and systematic sampling did not much 

differ in their median values (Table 5). When we included C as a “no design” data set with the 

same sample size and prevalence as the B sets, Kruskal-Wallis test and post hoc Nemenyi test 

showed that there was a significant difference (P < 0.01) between any sampling method and “no 

sampling design” (Table 6). Hence, any of these sampling strategies was better than just data 

taken subjectively chosen to be representative. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3: Boxplots of log (B) for the top models group, compared for different sampling designs in data sets A and B. 
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Table 5: Pairwise comparison of sampling designs for data sets A and B with Kruskal-Wallis test (a) and post hoc 

Nemenyi test (b) 
 

 (a) 

Data set Sampling method N Median Av. Rank Z P value 

Astrat Proportional stratified 20 114.3 70.5 6.67 

Arand Random 30 93.0 36.0 -1.35 

Asyst Systematic 30 91.1 25.0 -4.61 

< 0.001 

Sample size A  80     

       

Bprop Proportional stratified 40 128.2 80.5 8.44 

Brand Random 30 100.5 15.5 -7.9 

Bsyst Systematic 30 109.2 45.5 -1.13 

< 0.001 

Sample size B  100     
  

            (b) 

Data set Comparison y
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n
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Conclusion 

Prop. vs. Rand. 34.5 20.35 Reject Ho 

Prop. vs Syst. 45.5 20.35 Reject Ho A 

Rand. vs Syst. 11.0 18.20 Accept Ho 

Prop. vs Rand. 65.0 21.26 Reject Ho 

Prop. vs Syst. 35.0 21.26 Reject Ho B 

 
Rand. vs Syst. 30.0 22.73 Accept Ho 

 
 

Table 6: Pairwise comparison of sampling designs and “no sampling” for data sets B and C with Kruskal-Wallis test 

(a) and post hoc Nemenyi test (b). 
 

 (a) 
Data set Sampling method N Median Av. Rank Z P value 

Bprop Prop. stratified 40 128.2 120.5 9.23 

Brand Random 30 100.5 55.5 -2.29 

Bsyst Systematic 30 109.2 85.5 2.29 

< 0.001 

C No sampling 40 60.2 20.5 -9.23 < 0.001 

Overall  140  70.5   
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Conclusion 

Prop. vs. No design. 100 30.50 Reject Ho 

Syst. vs. No design 60 32.98 Reject Ho 

Rand. vs. No design 35.5 32.98 Reject Ho 

 

 

Evaluation based on test data sets 

To seek for threshold-dependence performance, all measures were displayed as a function of the 

threshold applied. The characteristic functional dependency between differential positive rate 

DPR and threshold θ are shown in Fig. 4 . CCR, κ and F showed a similar behaviour with a 

strong hairpin-like relationship (sometimes nearly linear). DPR reached its maximum value at 

lower thresholds than κ and F, but in some cases the differences between κ and DPR were 

extremely small. 
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For the resubstitution method DPR was over the whole range of thresholds highest for those 

models based on proportional stratified sampling training data (with maximum DPR around 0.9, 

see Fig. 4a,b). For models based on data sets of type A (with prevalence 0.23) and independent 

test data also those derived from stratified sampling training data performed best, but differences 

between models were very small in the region of maximum DPR (Fig. 4c). The performance of 

models built from training data sets B (with prevalence 0.51) depended on threshold: the model 

based on stratified training data was the best only for thresholds above 0.5, while at lower 

thresholds the other models were better (Fig. 4d). Maximum values of DPR were always highest 

for stratified sampling based model. 

 

The normalized Brier index b as an overall performance measure was always significantly lower 

for models based on stratified sampling (training data Astrat, Bstrat), both for resubstituted test 

data and for independent ones; it was highest for “no design” model C (Table 7). Most 

differences between models in AUC were not significant, apart from resubstitution method for 

data sets A where stratified sampling performed best. A comparison of the maximum values of 

Cohen’s Kappa showed that κ was significantly higher for models based on stratified sampling, 

both for resubstituted data and independent random test data (P < 0.01), but not for stratified test 

data (Table 7). 

 

Taking the whole map as “test” data, the calculated performance indices did not significantly 

change compared with test data sets of several hundred points. Maximum values of CCR, DPR, 

Kappa and F were only slightly lower for the much larger data set (see Table 8). As an example, 

the differential positive rate DPR is displayed as a function of the threshold in Figs. 7e and 7f. 

 

Response Curves 

 

One advantage of the NPMR approach (via HyperNiche software) is that response curves or 

response surfaces with respect to selected environmental variables can be displayed. We suggest 

using this term in a strict ecological way as a generalization of the niche concept: The “response” 

of a target species (or community) is the probability that this species will be found under given 

environmental conditions. This allows an ecological interpretation and can be an important tool 

to adjust optimal smoothing and to avoid overfitting. As an example the response of dry 

grassland with respect to solar radiation in December is given in Fig.5. 
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Table 7: Model evaluation based on normalized Brier index b, Area Under Curve AUC, maximum value of Cohen’s 

kappa and corresponding optimal threshold (mean values ± standard error given). The first two columns specify the 

seven training data sets, the last two columns specify the six independent training data sets TArand , TBrand , 

TCrand and TAstrat , TBstrat , TCstrat , respectively. 
 

Training Data / Sampling Method  Test Data / Sampling Method  

 n / prevalence 
Performance 

measure 
Resubstituted 

Independent/Random 

(n = 569, pr = 0.50) 

b 0.180 0.301 

AUC 0.990±0.003 0.957±0.008 

max. kappa 0.895±0.022 0.838±0.023 
A_Stratified 

n = 602 

pr = 0.23 

opt. threshold 0.43 0.16 

b 0.318 0.357 

AUC 0.960±0.010 0.964±0.007 

max. kappa 0.787±0.031 0.813±0.024 
A_Random 

n = 602 

pr = 0.23 

opt. threshold 0.41 0.32 

b 0.333 0.359 

AUC 0.944±0.014 0.965±0.006 

max. kappa 0.790±0.036 0.824±0.024 
A_Systematic  

n = 602 

pr = 0.23 

opt. threshold 0.55 0.24 

   Resubstituted 
Independent/Random 

(n = 528, pr = 0.49) 

b 0.203 0.277 

AUC 0.967±0.008 0.966±0.007 

max. kappa 0.883±0.020 0.848±0.023 
B_Stratified  

n = 566 

pr = 0.51 

opt. threshold 0.55 0.62 

b 0.349 0.292 

AUC 0.948±0.009 0.964±0.007 

max. kappa 0.780±0.026 0.833±0.024 
B_Random  

n = 566 

pr = 0.51 

opt. threshold 0.46 0.28 

b 0.281 0.387 

AUC 0.965±0.007 0.959±0.008 

max. kappa 0.819±0.024 0.833±0.024 
B_Systematic  

n = 566 

pr = 0.51 

opt. threshold 0.53 0.12 

   Resubstituted 
Independent/Random 

(n = 214, pr = 0.72) 

b 0.461 0.595 

AUC 0.928±0.009 0.887±0.020 

max. kappa 0.685±0.031 0.577±0.024 
C_No design 

n = 566 

pr = 0.51 

opt. threshold 0.55 0.52 

 

 

 
Table 8: Model evaluation based on maximum value of  Cohen’s kappa for different models and the whole study 

area as test data set. For each model the number of pixels with available model predictions, maximum kappa, the 

entries of the confusion matrix, sensitivity Se, specifity Sp as well as CCR, DPR and F are given. The complete map 

provided 14429 pixels with 3128 presence points (prevalence 0.22). 

 

Sampling 

methods 
N Max.K Th a b c d Se Sp CCR DPR F 

A_Stratified 14216 0.778 0.43 2543 478 593 10606 0.811 0.957 0.925 0.768 0.704 

A_Random 14203 0.765 0.33 2692 374 814 10323 0.767 0.965 0.916 0.732 0.694 

A_Systematic 14284 0.763 0.25 2773 330 897 10284 0.755 0.969 0.914 0.724 0.693 

B_Stratified 13360 0.754 0.54 2716 244 987 9413 0.733 0.974 0.907 0.708 0.688 

B_Random 14013 0.729 0.23 2741 268 1146 9858 0.705 0.973 0.899 0.678 0.660 

B_Systematic 13846 0.670 0.07 2614 265 1469 9507 0.640 0.972 0.875 0.613 0.601 

C_No design 5596 0.350 0.55 1502 1438 620 3036 0.707 0.678 0.811 0.386 0.422 
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 a)       b)  

Model Performance A (Independent Test Data)
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   e)       f) 

 
Fig. 4: Differential positive rate DPR as a function of the applied threshold for different models and test data sets: (a) 

resubstituted data for models A, (b) resubstituted data for models B and C, (c) random independent test data for 

models A, (d) random independent test data for models B, (e) whole map data for models A and (f) whole map data 

for models B. Vertical bars denote standard error. 
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Fig. 5:  Response curves (NPMR, tolerance 15% of data range) of dry grassland with respect to total solar radiation 

of December (a) derived from data set Bstrat, proportional stratified design, and (b) derived from data set C, no 

sampling design. 

 

4. Discussion 
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observed values based on evaluation data. Some indices like the coefficient of determination (R²), 

Akaike information criterion (AIC) and Schwartz criterion (SC) are commonly used in this 

approach. While these measures are more or less based on a goodness-of-fit of the response 

function, we preferred to use log(B) as a relatively new likelihood measure to compare predicted 

probabilities with those of a naïve model. Hence, we were able to select the best model(s) out of 

a huge number of nested ones calculated by NPMR and, thus, to compare the effect of different 

sampling methods. All our comparisons showed that proportional stratified sampling more or 

less always produced the best model predictions. This was underlined by a strong difference in 

the normalized Brier index b, which we would recommend for further studies, because it is 

directly based on calculated probabilities. While NPMR proved to be a powerful modelling tool, 

one difference to other methods, like GLM or logistic regression is, that the response function 

obtained by smoothing is effectively not extrapolated in HyperNiche. Hence, depending on the 

training data, there might be areas in environmental space where the model does not give 

predictions. This underlines that a good sampling schme is needed to fit the model to the whole 

range needed. 

 

Our second approach was to use an appropriate discrete measure of association between 

predicted and observed values. For binary (or categorical) data, most authors truncate 

probabilities at a given optimal threshold that provides the best agreement between predicted and 

observed values of the calibration data set. This optimized threshold is then used to transform 

calculated probabilities into presence-absence prediction for each observation or each grid cell of 

a map. Some practical application of species distribution models in conservation planning, such 

as the identification of biodiversity hotspots and the selection of representative conservation sites, 

often require maps of species distribution, and thus a selection of a threshold for transforming 

ordinal scores into presence-absence predictions. In such cases, predictive overall accuracy 

should be evaluated on the basis of the selected optimal threshold based on Cohen’s κ. While the 

differences were much larger for resubstituted test data, even for random independent test data κ 

showed that models based on stratified training data performed better. However, several studies 

(Cicchetti & Feinstein 1990; Byrt et al 1993; Lantz & Nebenzahl 1996, Allouche et al 2006) 

have criticized the kappa statistics for being inherently dependent on prevalence and claimed that 

this dependency introduces bias and statistical artefacts to estimates of accuracy. In contrast, 

threshold-independent measures, such as the receiver operating characteristic (ROC) plot, were 

recommended to assess model quality. AUC of ROC is independent of prevalence and is 

considered as a highly effective measure for the performance of ordinal score models. In our 

study, however, AUC did not show a significant general pattern to discriminate between models 

while kappa did. Quite recently Lobo et al (2008) criticized AUC as a misleading measure, 

because, among other reasons, it ignores the predicted probability values and the goodness-of-fit 

of the model and it summarizes the test performance over regions in ROC space in which one 

would rarely operate. Model performance displayed explicitly as function of the threshold, as we 

did, avoids this problem and provides better information which threshold should be applied. The 
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formulas of standard error for sensitivity, specifity and DPR  allows also an estimation of the 

required sample size: since the denominators have a maximum value of 0.25 (reached if 

sensitivity or specifity are equal to 0.5), the number of presence and/or absence cases must be 

around 1000 to keep the standard error of DPR below 0.02. Moreover, a sample size of this order 

should be sufficient to discriminate between models and to find the best threshold if binary 

output is needed. 

 

Our study revealed that any particular sampling design could produce predictive models better 

than obtained without sampling design. Among sampling designs the ‘proportional stratified 

sampling’ produced better results than ‘random’ and ‘systematic’ sampling. This seems to be 

logical, because by stratified sampling nearly all possible combinations of environmental 

conditions within the study region are covered. An incomplete sampling can affect the species-

response curves and, subsequently, the predicted plant distribution map. This point has been 

clearly exhibited in our study. The response curves of our dry grassland with respect to monthly 

solar radiation of December have been calculated under the same conditions (both sample size 

and prevalence) for data sets B and C. While the response curve derived from data set C (no 

sampling design) indicated an unexpected unimodal form, the response derived from data set B 

led to a monotonously increasing curve, being similar for all three sampling designs (Fig 4). The 

erroneous prediction from data set C occurred due to very low sample size of observations in the 

upper range (between 3000 to 4000 Wh/m²) and, moreover, a decline of prevalence in this range. 

Therefore, such incomplete observations could produce commission error in the final predictive 

vegetation map. It should be emphasized that we use the term “response function” as the 

probability of occurrence of a species or community as a function of selected predictors, 

averaged over all possible realization of the remaining environmental variables. This is different 

from the view of Elith et al (2005) who proposed an algorithm to calculate the response as a 

“cut” at some fixed (average or “typical”) values of the remaining variables. Calculating 

numerically the response from all realised combinations of predictors (keeping the selected 

target variables gridwise constant) would even take into account the correlations between 

predictors in the averaging procedure. 

 

Vaughan and et al. (2003) mentioned that the prevalence of a species (or community) within a 

data set has two important effects on the data analysis. The first concerns analytical power and 

the second implication is the potential for bias if the prevalence observed in the training data is 

atypically high or low. We used a moderate prevalence of 0.5 (data set C), and found an error in 

the tail of response curve. Therefore, we suggest that not only the size of prevalence can play a 

key role in the modelling process, but its distribution among strata is also important. Many 

presence-absence modelling algorithms are biased toward the larger outcome group (presence or 

absence) during their calibration. This problem can be even more serious, when the modeller 

uses nonparametric methods (e.g. local models) like NPMR and GAM (Generalized Additive 

Models). Proportional stratified sampling can reduce the effect of bias in sampling toward 
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smaller or more rare strata and increase the of model accuracy. While ‘regular’ and ‘random’ 

sampling strategies are pure spatial techniques and do not need extra information, stratified 

sampling needs prior information about the dominant environmental factors that control species 

or community occurrence. This information can be achieved either by autecological studies or by 

a preliminary model approach. Heterogeneous data sets are, however, commonly used in PVM 

and habitat modelling. To remove bias effect, these data sets need to be filtered or supplemented 

with new survey designs before model fitting. This has to be augmented by a more detailed 

investigation of the role of grain (e.g. pixel size) of collected field attributes for the choice of 

strata size and the subsequent modelling process. 
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CHAPTER 5:   Investigation of current and future potential distribution 

       of Astragalus gossypinus in Central Iran 

 

Abstract 

 

The potential impact of climate change on Astragalus gossypinus in central Iran based on grid 

map 2.5 arc minutes was analysed. A stratified sampling was applied through Geographic 

Information System to pick up 587 sample sites (prevalence 0.39). For each sampling site, 

presence or absence of given species together with environmental variables was recorded. Two 

novel statistical techniques, Logistic Regression Tree (LRT) and NonParametric Multiplicative 

Regression (NPMR), were used to examine environmental variables related to the current species 

distribution. Using these models, maps of current potential distribution and potential distribution 

for a climatic scenario (2 CO2) were generated. Both statistical techniques produced strong and 

useful models, but NPMR identified a much smaller subset of relevant predictor variables. The 

model demonstrated that the occurrence of A. gossypinus is highly probable when the 

precipitation of the wettest month is between 30 mm and 50 mm and the mean temperature of the 

wettest quarter is between -2 °C and +4 °C, but much lower outside this range. Under double 

CO2 climatic scenario, predicting a moister and slightly warmer climate in central Iran, A. 

gossypinus is expected to move north-eastwards with a decreasing area of distribution. 

  

Key words: Astragalus gossypinus, NonParametric Multiplicative Regression (NPMR), Logistic 

Regression Tree (LRT), Climate change scenario, Central Iran 

 

1. Introduction 

 

Tragacanth is one of the secondary products in rangelands of Iran aobtained from the root of 

some species of genus Astragalus, such as A. gossypinus, A. soficus, A. parrowianus and A. 

keyserlingii. Tragacanth has a wide application in pharmaceuticals, cosmetics, industrial textile 

sizing, as thickening agent in foods, syrups, dressing, sauces and for controlling cancer cells 

(Mayhew and Rose, 1964). For these reasons, it has a high price in the world markets and plays a 

key role in income of local people in this region. 

 

A. gossypinus produces one of the best grades, namely white traganth. The species occurs at 

elevations between 1500 m to 3000 m with mean annual precipitation above 100 mm, average 

annual minimum temperature 4 oC and average annual maximum temperature 16 oC. It grows 

on sediment (Qum formation), volcanic and igneous rocks (Mesozoic and Cenozonic Era) and 

metamorphic rocks (Bagherzadeh 2000). However, abundance of this species has a decreasing 

trend due to overutilization and cutting for fuel by local people. In addition, climate change 

could negatively influence the survival of this species. Global warming is a serious threat for 
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biodiversity hotspots, because it may exacerbate the vulnerability of restricted-range endemic 

species (Midgley et al., 2002; Thomas et al., 2004; Malcolm et al., 2006; Thuiller et al., 2006). 

 

Several approaches have been used to study the effects of climate change on vegetation 

distribution, such as paleoecological insights, mechanistic considerations and statistical (e.g. 

correlative) models. Paleoecology basically assumes that species distributions in the past have 

varied as a function of climate change, and at present we can expect that plant species continue 

to shift in range and abundance in the same way (Woodward 1987). Mechanistic models attempt 

to simulate the mechanisms considered to drive the observed relations of occurrence with 

environmental attributes (Beerling et al., 1995) by using a detailed knowledge of the target 

species’ physiological responses as well as life-history attributes (Stephenson, 1998). Such 

models have been referred to as ecophysiological models or process orientated models 

(Carpenter et al., 1993). The predictor variables used in mechanistic models tend to be direct 

ones, like resources or local causal variables, rather than indirect gradients, as topography, 

climate or geology. Statistical models in general use empirical data to define relationships 

between current species distributions and environmental factors, f.e. climate. If climate 

“changes” due to a particular scenario, these statistical relationships are kept fixed to derive 

changes in species distributions. When incorporated into a geographic information system (GIS), 

potential future distributions can be mapped in this manner. Some common statistical approaches 

used at this field are generalized linear models (Guisan etal. 1998), generalized additive models 

(Yee and Mitchell 1991), regression tree (Moore etal.1991, Iverson and Prasad 1998) and 

multivariate adaptive regression splines (Leathwick etal. 2005). Mechanistic models seem to 

yield superior results, particularly under climate change scenarios, but they are more difficult to 

build, often extremely time-consuming and rely on a greater knowledge of the biology of the 

target organism (Robertson etal. 2003). 

 

In this chapter, we applied two novel statistical techniques; NonParametric Multiplicative 

Regression (NPMR) and Logistic Regression Tree (LRT) to investigate the current distribution 

of A. gossypinus and its response to environmental factors in Central Iran (Esfahan province) and 

then extrapolate our models using new climate condition (2 CO2 ) to inspect future distribution. 

 

2. Material and Methods 

 

Study area 

The study area has been chosen in Central Iran (Esfahan province, 31º26´ – 34º30´ N, 49 30´ – 

55º50´ E) and covers 107 027 km² (Fig. 1). From east to west, altitude (ranging from less than 

500 m to more than 4000 m) and precipitation (60 mm - 1300 mm) increase, while average 

temperature decreases (22 oC to 4 oC). According to Gaussen´s xerothermal index (Gaussen 

1952), there are several bioclimatic zones covered in the study area, including cold xeric and 

cold steppe in the west and south west and semi arid and arid in the northern and eastern area 
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(Bagherzadeh 2000). A map of the actual distribution A. gossypinus was available and digitized 

together with soil and geology maps. 

 

 

 

 

 

 

 

 

 

 

Fig. 1:  Location of study area (province Esfahan) in Iran 

 

Environmental variables 

The climate data used in the analysis is a comprehensive set of bioclimatic variables, available 

from the climatic research organization “Worldclim” for the whole world in a grid format, in our 

case 2.5 arc minutes (http://www.worldclim.org; for explanation see Table 1). After preliminary 

investigations using correlation matrix, point-biserial correlation (rpb) and correlation ratio 

analysis (Eta), we selected elevation and 13 bioclimatic variables which could control the 

distribution of given species (Table 2). Bio2, Bio7, Bio14 and Bio15 were removed because both 

rpb and Eta indicated low correlation to presence/absence data, while Bio9 and Bio1 were 

ignored due to their high correlation with Bio10. We also used two nominal variables, soil (13 

classes) and geology (21 classes), in the modelling process, because a Chi square test derived 

from contingency table showed a significant relation (P < 0.001) between these nominal 

variables and occurrence of given species (χ2 = 200.57, df = 12 and χ2 = 113.19, df = 20, for soil 

and geology, respectively). 

 

Sampling  

We applied proportional stratified sampling (Hirzel and Guisan 2002) through GIS to the study 

area, but with the modification that at least one sample for each stratum had to be included. In 

order to design stratified sampling, we classified and combined four environmental variables, 

elevation, slope, aspect and soil (Table 3). All environmental combinations defined 2975 strata, 

but the actual number was only 359 strata, because some of those were not represented in study 

area. The stratified map was superimposed on the existing species distribution map (scale: 

1:250000, Bagherzadeh 2000) and 587 sampling points (prevalence 0.39) were picked out. 

(Since at least one point was taken for each stratum, the sampling scheme was actually a merge 

of equal and proportional stratified sampling.) For each sampling point, presence or absence of 

the target species together with all environmental values was recorded. 

IRAN 

Study area 
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                                     Table1: Description of primary climate variables in Worldclim 
 

 

Bio1 Annual mean temperature 

Bio2 Mean diurnal range (mean of monthly (max temp. – min temp.)) 

Bio3 Isothermality (Bio2/Bio7)(*100) 

Bio4 Temperature seasonality (Standard deviation*100) 

Bio5 Max temperature of Warmest month 

Bio6 Min temperature of coldest month 

Bio7 Temperature annual range (Bio5 - Bio6) 

Bio8 Mean temperature of wettest quarter 

Bio9 Mean temperature of driest quarter 

Bio10 Mean temperature of warmest quarter 

Bio11 Mean temperature of coldest quarter 

Bio12 Annual precipitation 

Bio13 Precipitation of wettest month 

Bio14 Precipitation of driest month 

Bio15 Precipitation seasonality (coefficient of variation) 

Bio16 Precipitation of wettest quarter 

Bio17 Precipitation of driest quarter 

Bio18 Precipitation of warmest quarter 

Bio19 Precipitation of coldest quarter 

 

 

Table 2: Pearson’s correlation (= point-biserial) coefficient rpb and correlation ratio Eta as measures of linear and 

nonlinear association between observations and predictor variables. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 rpb Eta BIOx variable used 

Observ * Bio1 -0.490 0.574 no 

Observ * Bio2 0.068 0.156 no 

Observ * Bio3 0.233 0.604 yes 

Observ * Bio4 -0.436 0.742 yes 

Observ * Bio5 -0.518 0.569 yes 

Observ * Bio6 -0.437 0.541 yes 

Observ * Bio7 -0.162 0.282 no 

Observ * Bio8 -0.545 0.618 yes 

Observ * Bio9 -0.439 0.575 no 

Observ * Bio10 -0.509 0.575 yes 

Observ * Bio11 -0.479 0.571 yes 

Observ * Bio12 0.384 0.858 yes 

Observ * Bio13 0.380 0.805 yes 

Observ * Bio14 0.141 0.141 no 

Observ * Bio15 0.030 0.268 no 

Observ * Bio16 0.371 0.828 yes 

Observ * Bio17 0.346 0.573 yes 

Observ * Bio18 0.262 0.536 yes 

Observ * Bio19 0.374 0.838 yes 

Observ * Slope 0.057 0.778 yes 

Observ * Elevation 0.398 0.946 yes 
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             Table 3: Definitions of strata classes based on elevation, slope, aspect and soil 
 

 

Variable No. of strata Strata classes 

elevation (m) 7 
0-500, 500-1000, 1000-1500, 1500-2000, 

2000-2500, 2500-3000, >3000 

slope (degrees) 5 0-2.5, 2.5-5, 5-7.5, 7.5-10. >10 

aspect 5 north, east, west, south; flat 

soil 17 soil classes 

 

 

Statistical model 

 

Two novel statistical models, Logistic Regression Tree (LRT) and NonParametric Multiplicative 

Regression (NPMR) have been used to predict species response and distribution maps in the 

study area. Both are basically from a nonparametric regression family and use a “let the data 

speak” approach (Zurr 2007), compared against model-driven or parametric models, e.g. with a 

pre-specified model form to fit the data. 

 

LRT is based on standard logistic regression as a powerful technique for fitting models to data 

with a binary response variable, but sometimes these models are difficult to interpret if 

collinearity, nonlinearity, or interactions are present. Besides, it is hard to judge model adequacy 

since there are few diagnostics for choosing variable transformations and no true goodness-of-fit 

tests. To overcome these problems, it was proposed in LRT to use a piecewise (multiple or 

simple) linear logistic regression by recursively partitioning the data and fitting a different 

regression in each partition (Chan, 2004). This allows nonlinear features of the data to be 

modelled without requiring variable transformations. The binary tree that results from the 

partitioning process is pruned to minimize a cross-validation estimate of the predicted deviance. 

This obviates the need for a formal goodness-of- fit test. The resulting model is especially easy 

to interpret if a simple linear logistic regression is fitted to each partition, because the tree 

structure and the set of graphs of the fitted functions in the partitions comprise a complete visual 

description of the model. Trend-adjusted Chi square tests are used to control bias in variable 

selection at the intermediate nodes. This protects the integrity of inferences drawn from the tree 

structure. We fitted a logistic regression tree model in stepwise selection form, along with 

minimum node size 45, P-value 0.005 and number of fold 10 by LOTUS (Chan 2004). The 

finally obtained tree was translated into GIS to produce a prediction map. 

 

NPMR analyses environmental data from sites where the target species is known to be present or 

absent to build a habitat model. This approach works by estimating species occurrence for new 

sites based upon the proportion of occurrences at known sites with similar environmental 

conditions. Model building is an iterative process in which NPMR searches through all possible 

multiplicative combinations of environmental variables to determine which predictors are the 
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best ones for target species occurrence. We developed NPMR models using software package 

HyperNiche version 1.30 (McCune 2006a). We used a Gaussian weighting function and a local 

mean model (LM-NPMR) with a minimum average neighborhood size of 5% of the number of 

sample points. A Gaussian kernel function assigns weights between 0 and 1 to all data points. 

Thus, for a given target point, not all sites contributed equally to the estimate. The form of the 

Gaussian weight function used for smoothing is based upon the standard deviation (“tolerance”) 

of each environmental variable. Model quality was appraised with leave-one-out cross validation: 

(1) one data point was removed from the dataset (focal point); (2) the dataset minus the focal 

point was used to estimate the response for that point, using various combinations of 

environmental variables and tolerances; (3) this process was repeated for all points in the dataset 

and; (4) a Bayesian statistic, the log(B), was used to compare the accuracy (e.g. performance) of 

each model relative to a naïve model, where the probability of occurrence at a given site is 

constant and equals the overall frequency in the study area. (5) The response function of the best 

model was calculated and translated from ecological space to the geographical space. 

 

Model evaluation 

 

We used both resubstitution approach (Araujo et al 2005) and, following Elith et al (2006), a set 

of separate data, obtained by additional independent sampling in the same region (in our case 

200 data: 100 presences, 100 absences), to evaluate the accuracy of predictions. The classic way 

to evaluate the accuracy of an element distribution is to use a “confusion matrix” (Fielding and 

Bell 1997, Guisan and Zimmermann 2000, Pearse and Ferrier 2000, Manel et al. 2001). The 

confusion matrix is based on a cross-table operation and records the number of true positive (a), 

false positive (b), false negative (c), and true negative (d) cases predicted by the model (Table 

4a). Each value from the matrix gives a synoptic view of overall model performance. For 

example, “true positive” (a) indicates how many elements (= observations) are correctly 

classified as present in the model and real world. Another possibility is to calculate some 

statistical indices from confusion matrix, such as correct classification rate, sensitivity, 

specificity, differential positive rate (Ward 1986) and Cohen’s kappa (Table 4 b; Fielding 1999). 

The last measure is a way to assess which models correctly predict occurrence better than chance 

expectation. 

 

Table 4: Confusion matrix (a) and its derived indices (b) 
 

Predicted 
 

Presence Absence 

Presence a b 
Observed 

Absence c d 

 a) 
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Measure         Formula 

Overall accuracy          
n
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Sensitivity          
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Another alternative for model evaluation is receiver operating characteristic (ROC) plot 

methodology. A ROC plot is obtained by plotting the sensitivity of the model against the false 

positive fraction (1 minus specifity) over the whole of thresholds between 0 and 1. The area 

under the resulting curve (AUC) then indicates the probability that the model will distinguish 

correctly between two observations. For a model with no discrimination capacity the area under 

the ROC curve will be 0.5, while for a model with perfect discrimination capacity the area will 

be 1. We calculated values of AUC of ROC plot and derived indices from confusion matrix 

using MEP program (available from the authors), this program calculates for equidistant 

threshold intervals the entries of the confusion matrix and other derived measures and finally 

selects the best threshold based on maximum of kappa, correct classification rate and/or 

differential positive rate. There are a number of rules-of-thumb available which help to interprete 

the measures of agreement between observed and projected events. For example, when using the 

kappa statistics, Landis & Koch (1977) suggested the following ranges of agreement: almost 

perfect agreement for kappa values between 1.0 and 0.8, substantial agreement 0.79-0.6, 

moderate agreement 0.59-0.4, fair agreement 0.39-0.2, poor agreement 0.19-0 and no agreement 

if less than zero. When using the ROC procedure, Swets (1988) recommended to interprete range 

values as: excellent for AUC > 0.9, useful 0.9-0.7 and poorly accurate if AUC is less than 0.7. 

 

3. Results 

 

Table 5 shows properties of the best model(s) among a huge number (8837) of nested models for 

increasing number of predictor variables calculated by nonparametric multiplicative regression. 

Model number 4810 with three predictor variables indicated more precision (log(B) = 105.8), 

however, there is a high collinearity (r = 0.995) between Bio13 and Bio19, therefore both 

variables react in nearly the same way when one moves through geographical space. For this 

reason, we selected model number 747 with two predictors as the best model for our purpose. A 
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sensitivity analysis within NPMR showed that precipitation of wettest month (Bio13) turned out 

to be the most important predictor variable when smoothed with a tolerance of 5 percent of data 

range. It was also a common predictor variable that had been selected in all subsets of best 

models (Table 5). The average response curves of target species Astragalus gossypinus with 

respect to precipitation of wettest month (Bio13) and mean temperature of wettest quarter (Bio8) 

along with their joint response projected in a two-dimensional contour plot are presented in 

Figure 2. Occurrence of A. gossypinus is highly probable when the precipitation of wettest month 

(Bio13) is between 30 mm and 50 mm and mean temperature of wettest quarter (bio8) is 

between -2 and +4 oC, but much lower outside this range. The bimodal structure of the reponse 

with respect to Bio13 somehow reflects an inhomogeneity of the data structure of the input and 

could be smoothed a little more to a unimodal one for ecological reasons. 

 

Table 5: Characterization of the best single model(s) calculated by NPMR (No. pred. = number of predictor 

variables, Var. = name of variable, Tol. = tolerance of smoothing function in percent of range) 
 

Model 

number 

No. 

pred 
log(B) Var1 Tol1 Var2 Tol2 Var3 Tol3 Var4 Tol4 Var5 Tol5 

131 1 89.6 Bio13 5         

747 2 101.5 Bio13 5 Bio8 5       

4810 3 105.8 Bio13 5 Bio19 5 Bio5 10     

8116 4 105.9 Bio13 10 Bio19 5 Bio5 10 Bio16 5   

8728 5 106.5 Bio13 10 Bio19 10 Bio5 10 Bio16 5 Bio8 15 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2:  Response curve of Astragalus 

gossypinus with respect to Bio13 and Bio8 

(above) and joint response as contour plot 

(below) 
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The LRT model divided the sample sites into two groups based on Bio13 (Fig. 3). Each group 

was represented by a terminal node that fitted a particular multiple quadratic logistic regression 

to the selected variables (Table 6). High probabilities were found in the terminal node 3 

(Pr=0.63), where precipitation of wettest month (Bio13) is higher than 29 mm. 

 

 

 

 

 

 

 

 

     Fig. 3: Structure of LRT applied to the data set 

 

 

                                       Table 6: Characteristics of logistic regression in each terminal node 

 

Parameters of 

Logistic Regression Terminal Node 

Variable Coefficient 

Node 2 

Intercept 

Bio19 

Bio8 

Bio11Q 

Bio19Q 

Bio9Q 

-80.086 

2.846 

-0.438 

-0.288 

-0.027 

0.016 

Node 3 

Intercept 

Bio19 

Bio12Q 

Bio19Q 

Bio5Q 

ElevationQ 

-105.3 

2.892 

0.00067 

0.017 

-0.022 

-0.000003 

 

Both models were evaluated by the confusion matrix and its derived indices, calculated for the 

optimal threshold corresponding to the maximum kappa (see Table 7), and by AUC. While 

maximum kappa was slightly higher for LRT model, the entries in confusion matrix for the 

optimal threshold were nearly the same in both models. Also the values of differential positive 

rate DPR were higher for LRT compared with NPMR over the whole range of thresholds (Fig. 4). 

The value of AUC from two evaluation approaches (resubstitution, independent test data) were 

0.96, 0.96 for NPMR and 0.97, 0.985 for LRT, respectively, and not significantly different 

within statistical errors. According to Swet´s scale, both models indicated an excellent 

performance. 

 

Node 1 

 Bio13Q <= 841 

Node 2 

 Probability = 0.143 
Node 3 

 Probability = 0.635 
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Table 7: Model evaluation based on confusion matrix and derived indices, calculated for the optimal threshold 

maximizing kappa, and area under curve AUC. 

 
 

Model NPMR LRT 

Evaluation 

approach 
Resubstitution 

Independent 

data 
Resubstitution 

Independent 

data 

max. kappa 0.787 0.8 0.849 0.89 

opt. threshold 0.54 0.48 0.30 0.22 

a 205 95 221 99 

b 37 15 36 10 

c 23 5 7 1 

d 322 85 323 90 

overall accuracy 0.897 0.9 0.926 0.945 

sensitivity 0.899 0.95 0.969 0.99 

specificity 0.896 0.85 0.899 0.9 

AUC 0.96 0.96 0.98 0.98 

 

 

 

 

 

 

 

 

 

 

 

             a) b) 
 

Fig. 4: Differential positive rate DPR as a function of the applied threshold for both LRT and NPMR model  

(a) resubstituted data, (b) random independent test data. 

 

 

The maps of predicted current distribution (Fig. 5a,c) were produced after a translation of the 

models from ecological space to geographical space using GIS. Predictions were given in steps 

of 10% probability to indicate the chance of occurrence Astragalus gossypinus in the study area. 

Table 8 shows the potential occupied area by given species for each probability levels. Replacing 

the climatic variables with those of the 2 CO2 scenario, a potential future distribution map under 

a changed climate was produced (Fig. 5b, d). Both models show the same trend, that with 

increasing (e.g. doubling) carbon dioxide the target species’ area will decrease and move 

northeastwards, while at some present places the species will disappear. 
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         a)  NPMR (current)        b)  NPMR (future) 

 

 

 

 

 

 

 

         c)  LRT (current)        d)  LRT (future) 

 

  

 

 

 

 

 

         e)  Actual distribution map 

 

 

 

 

 

 

 

 

 

 

Fig. 5: Current (left side) and future (right side) 

spatial distribution maps of Astragalus gossypinus 

derived from NPMR and LRT (darker green parts 

correspond to higher probabilities, grey = no model 

prediction) and today’s distribution (green = 

presence, yellow =absence) 
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Table 8: Occupied area (in number of pixels of 5 km x 5 km) calculated by NPMR and LRT for each probability 

class (of width 10%). 

 

Model NPMR LRT 

Classes of 

probability 

Current 

distribution 

Future 

distribution 

Current 

distribution 

Future 

distribution 

0-10 3606 2203 4643 5341 

10-20 292 74 202 120 

20-30 388 124 145 83 

30-40 457 295 94 55 

40-50 164 109 72 74 

50-60 211 32 91 75 

60-70 169 44 62 80 

70-80 138 53 99 63 

80-90 303 93 130 31 

90-100 157 206 392 8 

No data 0 2652 0 0 

 

 

4. Discussion 

 

Model assumptions and application 

Both models assume a certain equilibrium, namely that the species occurs in all environments 

where it is possible to survive, that it cannot survive outside this range, and that it is in 

equilibrium with climate. In fact, due to many reasons (time delay in response, limited dispersal, 

anthropogenic influence) the opposite is probably true for many species (Loehle and LeBlanc 

1996). Therefore, we report here the potential changes in suitable habitat for A. gossypinus, not 

the real range changes that will happen. However, a certain trend can be seen which should 

influence decisions to be prepared for species’ response under climate change. Both models 

(NPMR, LRT) are statistical (e.g. correlative) models and predict the probability of occurrence 

for the target species. There are different approaches for the interpretation of such models. 

Guisan and Zimmermann (2000) suggested that correlative models should draw the realised 

niche of organism. Austin (2002) suggested that statistical models may not represent the realised 

niche but rather an amalgam of realised niche and sink areas. Nevertheless, the predictive 

distribution maps derived from this study shall be used as a substantial tool in applied ecology 

with consequences in conservation and rangeland management. Comparing the combinations of 

predictor variables Bio8 and Bio 13 realised in the study area at present and (under doubled 

carbon dioxide) in the future (see Fig. 6), the shift to a more moist and slightly warmer climate is 

clearly seen. Since part of the realised ecological niche will not be covered in the future, the 

conditions in the study region are likely to move away from optimal growth conditions for A. 

gossypinus, hence the income of utilizers is vulnerable and many people’s life would be 

negatively influenced. 
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Another limitation was the resolution used in our study. Austin (2007) suggested that data 

resolution and scale will determine the nature of the environmental niche models that can be 

fitted. Therefore our models are proper for a resolution of 2.5 arc minutes (equal to approx. 5 km 

scale). 

 

Variable selection  

 

Three approaches can be used to choose predictor variables which describe species distribution: 

(1) based on known biophysical process, (2) based on ecophysiological knowledge, (3) based on 

correlation between species distribution and environmental variables (Austin 2007). Point-

biserial correlation is one of the ways to investigate association between binary variables, in our 

case presence/absence, and predictor variables (Kent and Cooker 1996).  This index is actually 

equivalent to Pearson’s correlation coefficient and measures a linear association between two 

variables. In the niche theory, species response curves are assumed to be unimodal, often 

symmetric Gaussian shaped, curves. Current evidence supports the occurrence of unimodal 

response curves with various skewed asymmetric or symmetric shape (Austin 2002). Thus, the 

point-biserial correlation coefficient may not be a proper index, because the value for a unimodal 

response curve can be zero. To complement this, we also used the correlation ratio (Eta) to 

investigate a nonlinear relation between variables (Table 3). This index, together with a 

correlation matrix among environmental variables, proved to be useful to find strong nonlinear 

relationships between the predictor variables and to reduce the number of variables entered in 

predictive modelling process. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6:  

 Realized range of environmental 

conditions for Bio13 (x axis) and Bio8 (y 

axis) at present (open triangles) and in 

the future under doubled carbon dioxide 

(crosses) and observed presence of A. 

gossypinus (quadrats). The shift 

indicates that the conditions of study 

area will move to higher precipitation in 

the wettest month, leaving part of the 

realized ecological niche no longer 

available. 
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Comparison of models 

 

According to our knowledge, there are only few papers up to now that used NPMR for species 

distribution modeling (McCune 2006b), LRT is even used first time. According to Cohen’s 

kappa, Area Under Curve, ecological interpretation of response curves and visual inspection of 

produced maps, both statistical methods are useful tools to reproduce the current spatial 

distribution of species based on a few important predictor variables. A proper validation (e.g. 

evaluation) of the future distribution predicted under climate changes still causes open questions. 

The reason is that events being predicted have either been poorly documented or have yet not 

occurred. Hence, many uncertainties associated to forecast the future distribution of species have 

been indicated and they should be carefully analysed before being used for the elaboration of 

biodiversity conservation strategies (Pearson & Dawson, 2003; Hampe, 2004; Segurado & 

Araujo 2004; Thuiller, 2004). 

 

This study also demonstrated that NPMR is a powerful modelling tool with predictive 

capabilities comparable to those of LRT. NPMR identified a rather small subset of predictor 

variables (namely two) in relation to LRT (eight variables) and only for this reason its predictive 

capability was a little bit lower than LRT (see Table 7). Another advantage of NPMR is its 

capability to immediately draw and inspect species response curves and allow a rather general 

form (see Fig. 2), compared with the rather restricted approach in generalized linear models 

(GLM) and generalized additive models (GAM). The relationships quantified by NPMR between 

the binary presence/absence response of Astragalus gossypinus and the selected of predictor 

variables (Bio13, Bio8) are based on empirical observations and cannot be interpreted as causal 

ones. However a few autecological studies, such as Vahabi and et al. (2007), Bagherzadeh (2000) 

emphasized that precipitation and temperature during the rainy season play a key role for the 

occurrence and biomass production of A. gossypinus.. 

 

It is also important to mention that NPMR models do practically (due to the nonparametric 

character of the smoothing procedure) make no extrapolation of response functions. Therefore, 

application to areas with environmental conditions outside to those observed in the study area is 

limited. In such case predictions will be reported as “No data”. In our case study, we encountered 

a large area (approx. 45% of total area) where no probability predictions could be given by 

NPMR under the climate change scenario, because the required environmental combinations 

were not within the range observed in the study area, while LRT predicted zero probability in the 

same area. Therefore, data for model building should cover as much as possible of the 

environmental range, which is not the case if data range is only limited by administrative 

boundaries. In our case, since sampling data came only from Isfahan province, the ecological 

niche may not have been covered completely. 
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Conclusion 

 

Statistical models like NPMR and LRT have generally been used to predict the potential 

distribution of a target species or vegetation community under current climatic conditions and 

various climate change scenarios and to determine the importance of the selected climatic 

variables on the predicted distribution. These models can also be used to obtain insight into 

factors that may be responsible for limiting the distribution of the target organism when its 

ecology is not known in detail. Both models could be improved, if data on the role of biotic 

interactions, seed dispersal and germination were incorporated. A model based on physiological 

mechanisms could produce even better results (Pearson and Dawson, 2003), but the necessary 

knowledge of autoecology and of historical changes is often lacking. We propose comprehensive 

studies to include physiology and ecology of the target species into the spatial modelling process 

to allow more details and finer grain size in future research. 
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CHAPTER 6:   General Discussion 

 

Each single chapter on its own has already been discussed in its specific context. Therefore, in 

this section, I will only briefly highlight and summarize some major aspects of this research and 

provide general answers to the questions that we addressed in introduction (Chapter 1).  

 

(a)  Can profile models, based on presence-only data, be used for predictive vegetation models as 

well as group discrimination models, based on presence-absence data, if applied on a local scale? 

Are there substantial differences in their performance? 

 

In Chapter 3, we tested six correlative models and found that one of the profile methods, 

MAXENT produced a prediction map that performed as well as group discrimination models on 

a local scale (AUCres= 0.902). A visual interpretation of the predicted maps indicated that the 

predicted map derived from MAXENT showed a high degree of similarity to the actual 

distribution (Ch. 3, Fig. 2a, b). There was no apparent overfitting for MAXENT (Ch. 3, Fig. 6); 

however, it could not capture directly species response to environmental factors. Therefore, 

ecological interpretation should be done carefully. (A very recent version of MAXENT has 

removed this disadvantage and the response curves are demonstrated as exponential or linear 

functions (Philips et al 2008)). GARP and BIOCLIM exhibited much weaker performance 

(AUCres= 0.684, AUCres= 0.618). Moreover, GARP showed a high commission error, while 

BIOCLIM had a high omission error on a local scale modelling (Ch. 3, Table 3, and Fig. 6). 

While BIOCLIM was expected to be a weaker candidate, because its predictive power is just 

based on an environmental envelope, GARP performed, on a local scale, much weaker than in 

many other large scale applications.  

 

(b)  Which of the novel group discrimination techniques, such as MARS, NPMR and LRT, have 

better ability in predictive vegetation modeling? What are their differences with respect to the 

derivation of species (or community) response curves? 

 

Among group discrimination techniques, NPMR and MARS produced better performance, both 

for substituted and for independent test data respectively. A general view of the predicted map 

exhibited that MARS and LRT overestimated the area of presence for our target community. 

Here, categorical data (such geology) seem to play a key role. The more categorical data classes 

are used, the smaller is the number of metric data to be fitted to a continuous model. On the other 

side, NPMR showed a certain trend to overfitting on a local scale (Ch. 3, Fig. 6 and stability 

value at Table 4), while we didn’t encounter the same problem on large scale modelling. Thus, 

future studies should evaluate the generality of the present results, especially for NPMR, 

considering that at least the following factors always affect patterns of models quality: 

geographic extent of the study region, proportion of the species’ range encompassed in the study 

region, proportional extent of the potential distribution of the species in the study region, 
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resolution and composition of the physical, climatic, and biotic GIS coverages (base data), niche 

breadth of the species, number of localities available, and degree of spatial autocorrelation (and 

thus bias) among collection localities (cf. Anderson, et al 2003). 

 

A direct investigation of the species response curves derived form group discrimination 

techniques showed that NPMR captured response curves smoother. The reason is that NPMR is 

based on an explicit theoretical and biological foundation as a statistical representation of 

Shelford’s Law of Tolerance (through a multidimensional Gaussian kernel smoother). MARS 

fitted separate splines to different intervals of the predictors, often based on different 

combinations, and thus produced certain non-smoothness in response function. Also LRT created 

different response curve for each region of sample space, usually based on different selection of 

predictor variables, making an ecological interpretation difficult to impossible. However, an 

indirect investigation (plotting predicted responses using modified evaluation strip) related that 

all three group discrimination techniques are able to capture predicted response curve rather 

well. 

 

(c)  Which influence has the sampling design applied to the collection of species’ input data, 

which design gives the best model? What is the effect of biased input data on the model? 

 

In Chapter 4, we investigated the effect of three sampling designs (proportional stratified, 

random, systematic) and the use of historical data on predictive vegetation mapping. It was 

convincingly shown that any particular sampling design could produce much better predictive 

models than obtained without sampling design. Among sampling designs the proportional 

stratified sampling in most cases produced better results than random and systematic sampling. 

We also show that an incomplete or biased sampling (in our case: historical data) can affect the 

species response curves derived and, subsequently, the predicted vegetation maps. Therefore, to 

remove this bias effect or keep it small, historical data that commonly are obtained from 

herbariums and natural history museums need to be filtered or supplemented with data from a 

new survey design before model fitting. 

 

(d)  Are novel modelling algorithms, especially NPMR and LRT, able to create a proper model 

in the field of climate change scenario on a large scale? 

 

In Chapter 5, we applied two novel algorithms, MARS and LRT, to model current and future 

distribution of a single species on a large scale. Although both models were useful to predict the 

current spatial distribution of species, a proper validation of the future distribution predicted 

under climate change partially remains an open question. NPMR, however, used a rather small 

subset of predictor variables (only two) in relation to LRT (based on eleven variables) and 

performed was as well as LRT for present distribution. Thus NPMR was able to capture the main 

predicting factors very compact, which supports its power and elegance for PVM. Moreover, it is 
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not tight to any parametric fitting, but only based on a reasonable smoothing, substantiating the 

method as a powerful candidate for modelling. 

 

(e)  Which are the most important environmental variables that determine the distribution of the 

target community (Teucrio-Seslerietum) or species (Astragalus gossypinus) in our examples? 

 

Three environmental variables, geology, slope and aspect, were important in determining the 

distribution of the target community Teucrio-Seslerietum, while all other predictor variables, 

especially solar radiation of particular months, gave only slight improvements in model 

performance. This is in complete accordance with ecological experience, saying that this type of 

grassland requires calcareous soil (formation limestone) and a particular soil temperature and 

moisture regime, which is reached only on rather steep slopes facing mainly to south  (Ch. 3, Fig. 

5). However, PVM was able to quantify this relationship going beyond qualitative experience. 

As an example, it was somehow surprising that the probability of occurrence of Teucrio-

Seslerietum was not symmetric to north-south direction, but highest for south-western aspect. 

This cannot be explained by any preference of aspect in the real landscape, but must have an 

ecological reason behind. One explanation could be that same solar radiation in the afternoon is 

correlated with higher temperatures and lower soil moisture and, therefore, favoring dry 

grassland on slopes facing south-west. 

 

The occurrence of the species Astragalus gossypinus is highly probable when the precipitation of 

the wettest month (predictor Bio13) is between 30 mm and 50 mm and the mean temperature of 

the wettest quarter (predictor Bio8) is between -2 oC and +4 oC; probability is much lower 

outside this range. This is in accordance with rangeland experience, but it quantifies this 

knowledge, hence, it allows a more profound extrapolation to future climate. Comparing the 

combinations of predictor variables Bio8 and Bio 13 realized in the study area at present and 

(under doubled carbon dioxide) in the future (see Ch. 5, Fig. 6), the shift to a more moist and 

slightly warmer climate is clearly seen, hence the regions where the conditions for the growth of 

Astragalus gossypinus will become unfavorable in the future can be rather good predicted. 

 

In summary, the four main chapters (2-5) presented in this research project covered some 

important parts of predictive vegetation modelling including underlying ecological concepts, 

statistical models and data model problems (cf. Austin 2002). It was clearly shown that some of 

the modelling algorithms used so far have disadvantages, while the advantage of others depends 

on the particular purpose of the model intended. MAXENT is probably well suited, if presence 

only data are available. Moreover, MAXENT produces potential distributions as smooth as 

possible. If both presence and absence data are available, NPMR, MARS an (to a certain degree 

LRT) are equally good candidates for modelling. NPMR does not require any parameterization 

of the response function and uses locally multiplicative combinations of environmental variables, 

which seems to be closets to ecological explanation. MARS and LRT are able to extrapolate 
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relationships such that “no data” predictions are mostly avoided. However, such extrapolations 

have to be treated with carefulness. 

 

Finally, a relevant quote from Box (1976) reads: “All models are wrong, some are useful.” Given 

that a model is always wrong (in the sense that it pictures only some relevant part of the complex 

reality), it may become useful if the degree to which it is “wrong” is known. Realizing that the 

modelling methodology presented in this project could never perfectly represent a true ecological 

process, we still can say that a certain model is “better” or “worse” than another one. Still these 

modelling algorithms are essential tools for assessing the impacts of changing environmental 

conditions on natural communities and ecosystems. We need reliable predictions to integrate 

them into conservation planning (e.g. reserve design and management) or preparations to climate 

change (e.g. estimating the consequences and planning of adaptations). While present models are 

already very well developed, they still depend on some assumptions; especially they model the 

equilibrium under changed conditions. Improvements and more realistic predictions can be 

achieved only by considering two additional important features of species distributions, namely 

spatial dispersal and local (competitive) dynamics in future studies. 
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Zusammenfassung 

 

Prädiktive Vegetationsmodellierung (PVM) kann verstanden werden als Vorhersage der 

räumlichen Verteilung der Vegetation (einschließlich ihrer Zusammensetzung) in einer 

konkreten Landschaft auf der Basis bekannter kartografisch vorliegender Umweltvariablen 

(Franklin et al 1995). Solche Modelle besitzen vielfältige Anwendungen und sind deshalb 

relevant für viele Fragen von Grundlagen- und angewandter Forschung in der Ökologie, 

insbesondere für die Beschreibung der komplexen Wechselbeziehungen zwischen einzelnen 

Arten oder ganzer Pflanzengemeinschaften und den physikalischen and chemischen Faktoren in 

ihrer Umgebung. Eine fundierte statistisch-deskriptiv begründete Modellierung für die 

Vorhersage der räumlichen Struktur und zeitlichen Veränderung von Vegetation ist deshalb 

äußerst wichtig, um die Auswirkung von Umwelteingriffen und von Management-

Entscheidungen abzuschätzen. 

 

In der vorliegenden Arbeit werden alle drei, von Austin (2002) genannten, wesentlichen 

Komponenten der statistisch-prädiktiven Modellierung in der Ökologie untersucht, nämlich das 

ökologische Modell, das Datenmodell und das statistische Modell. Der “ökologische” Modellteil 

besteht aus den Konzepten bzw. der Theorie, die in der Studie zugrundegelegt oder verwendet 

wird. PVM basiert zu einem wichtigen Teil auf der Theorie der ökologischen Nische, der 

Gradientenanalyse und einigen anderen Konzepten der Analyse von Lebensgemeinschaften 

(siehe Kap. 2). Das “Datenmodell” betrifft die Entscheidungen, welche Daten gemessen oder 

geschätzt werden und wie die Daten räumlich oder zeitlich erhoben werden (Sampling Design, 

siehe Kap. 4). Schließlich wird ein bestimmtes “statistisches Modell” verwendet, welches die 

Auswahl der statistischen Methoden festlegt sowie Fehlerfunktionen und Signifikanztests für die 

Konstruktion und Evaluation des Modells konstruiert (Kap. 3, 5).  

 

Sehr viele vorliegende Studien haben die räumliche Verteilung der Vegetation auf großen bis 

globalen Skalen untersucht. Deshalb war es das primäre Ziel der vorliegenden Arbeit, die 

Leistungsfähigkeit verschiedener Modellalgorithmen auf einer lokalen Skala zu untersuchen. 

Dabei wurden zwei unterschiedliche korrelative Modelzugänge verwendet, nämlich sog. 

“Profilmodelle” (d.h. BIOCLIM, GARP, MAXENT), die nur auf Präsenz-Daten basieren, und 

“Gruppen-Diskriminanz-Modelle” (d.h. MARS, NPMR, LRT), die Präsenz-Absenz-Daten 

voraussetzen. Diese sechs Modellalgorithmen wurden am Beispiel des räumlichen Vorkommens 

von Kalkmagerrasen, speziell der Assoziation Teucrio-Seslerietum, im mittleren Saaletal 

angewendet. Die Modellqualität wurde an Hand von schwellenabhängigen Performanz-

parametern, speziell Cohens Kappa-Statistik (κ), und durch schwellenunabhängige Größen, 

insbesondere die Receiver-Operator-Charakteristik (Fläche unter der ROC-Kurve) und den 

Brier-Index, getestet. Dafür wurden sowohl die Trainingsdaten resubstituiert als auch 

unabhängig erhobene Testdaten aus dem gleichen Gebiet verwendet. Zwei der Algorithmen 

wurden zum Vergleich auch auf einer großen Skala im Kontext von Klimawandel angewendet. 
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(1) Unter den Profilmodellen zeigten BIOCLIM (wie erwartet) und GARP (unerwartet) eine 

deutlich schlechtere Modellqualität im Vergleich zu MAXENT, was auch insgesamt die beste 

Methode repräsentierte. Bei den Gruppen-Diskriminanz-Modellen waren MARS und NPMR 

nahezu gleichwertig, wobei die Entscheidung auch von der Zielstellung der Modellierung 

abhängt, also ob nur Fehler 1. Art (falsch-positive Prognose) zu vermeiden oder auch Fehler 2. 

Art gleichwertig sind. Die auf MAXENT basierenden Karten zeigten kaum Überanpassung 

(Overfitting), allerdings liefert diese Methode auch keine unmittelbare Erklärung der 

verwendeten Abhängigkeiten (Response-Funktion). 

 

(2) Die Unterschiede zwischen NPMR, MARS und LRT sind relativ gering und beruhen zu 

einem Teil darauf, wie die Modelle mit kategorialen Daten (d.h. Geologie, Boden) umgehen 

können. NPMR tendierte auf lokaler Skala etwas zum Overfitting (Kap. 3), was auf großer Skala 

nicht festzustellen war (Kap. 5). 

 

(3) Für das ökologische Verständnis eines Modells ist die Gewinnung der funktionalen 

Abhängigkeit der betrachteten Art oder Gemeinschaft von den erklärenden Umweltfaktoren 

(Response-Funktion) von großer Bedeutung. Alle drei Gruppen-Diskriminanz-Modelle ergaben 

nahezu gleiche Response-Funktionen, wobei der Methode NPMR der Vorzug gegeben werden 

sollte, weil dort keine Parameterabhängigkeit vorgegeben wird, sondern die Beobachtungsdaten 

nur geglättet und sogar lokal multiplikativ verknüpft werden. MAXENT kann dagegen 

Response-Funktionen nur bedingt angeben. 

 

(4) Es gibt bisher nur wenige Untersuchungen, die das Datenmodell mit dem statistischen 

Modell verknüpfen. Die Frage, wie die Erhebung der Daten die resultierende Modellqualität 

beeinflußt, kann eindeutig dahingehend beantwortet werden, daß jedes Sampling Design besser 

ist als ein eher zufällig oder willkürlich erhobener Datensatz. Insbesondere liefert das 

“Proportional Stratified Sampling Design” die besten Modelle, wenn – in Abhängigkeit von der 

Zahl der verwendeten Strata – genügend viele Daten erhoben werden können. Darüber hinaus 

kann ein ohne gezieltes Design erhobener Datensatz die Response-Funktion verfälschen und 

damit einen systematischen Fehler in die Vorhersagekarten bringen. 

 

(5) Zwei relativ neue Algorithmen, NPMR und LRT, wurden auf die Frage angewendet, wie sich 

das Areal der Art Astragalus gossypinus (im Zentral-Iran) als Folge der globalen Erwärmung 

ändern wird. Beide Modelle konnten relativ gut die gegenwärtige räumliche Verteilung 

wiedergeben, allerdings benötigte NPMR dafür nur wenige Prädiktorvariablen (im wesentlichen 

die Temperatur des feuchtesten Monats und die Regenmenge im feuchtesten Quartal, was durch 

die empirischen Erfahrungen unterstützt wird). Auf der Basis von im Internet verfügbaren 

Klimadaten (WorldClim), die von einer Verdoppelung des CO2-Gehalts ausgehen, konnte 

abgeleitet werden, daß es in der betrachteten Region zu deutlichen Arealänderungen kommen 

wird, auf deren Konsequenzen sich die lokalen Nutzer einstellen müssen. 
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