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Abstract 

The increasing pressure on natural habitats, due to economic development and 

climatic changes, has lead to habitat fragmentation and will cause an eventual loss of 

biodiversity. The main aims of the study were (1) to estimate the geographic 

distribution of T.marmoratus and T.pygmaeus for two study areas (Abrantes and 

Fatima) in central Portugal. (2) To find the most important environmental predictor 

variable. (3) To seek for similarities and differences in habitat preferences between 

the two species. (4) To make a scenario model showing future species distribution. 

For (1-3), Maximum Entropy (MaxEnt) modelling technique using presence-only 

data with a set of environmental predictor variables and statistical significance tests 

were used. For (4), a Multi Criteria Evaluation (MCE) scenario model based on the 

current habitat-species relationship established on the MaxEnt model was created. 

The MCE model among other variables incorporated a projected land cover map. 

Multi Layer Perception (MLP) neural network was used for land cover change 

detection and Markov chain model for projecting the land cover to the year 2020. 

Predictor variables were added to the MCE model using fuzzy logic approach. 

Membership functions were determined based on response curves of each variable 

from MaxEnt model. 

All the Maxent models performed better than random prediction with high AUC 

(area under curve). Land cover was the most important variable in almost all cases 

and the distribution of the species was significantly (P<0.0001) associated with it. 

Common habitats for both species in Abrantes area were ‘heterogeneous agriculture’ 

and ‘mixed forest’ land cover classes. In Fatima area, the common habitats were 

‘coniferous forests’. T.pygmaeus maintained its strong presence on ‘heterogeneous 

agriculture’ classes in both study areas.  On the contrary, T.marmoratus was 

completely absent from the same class in Fatima area, instead it inhabited permanent 

crop lands. 

Overall, the MaxEnt model indicated that the presence of both species was very 

much dependent on vegetation cover close to its aquatic habitat. However, 

T.pygmaeus has also shown higher adaptability to less vegetated and sometimes 

urban areas. The MCE scenario model prediction highlighted that the distribution of 

both species will become patchy, scattered and reduced in habitat area. Conservation 

planners could use the model results as base information to increase the connectivity 

of patches within the landscape in order to delineate corridors for the species. 

Keywords: Predictive models, MaxEnt, MLP, MCE, Markov Chain 
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1. Introduction 

1.1. General Background 

The increasing pressure on natural habitats due to economic development, coupled 

with climatic changes has lead to habitat fragmentation and eventual loss of 

biodiversity.  Habitat fragmentation alters population viability by decreasing habitat 

availability and increasing isolation (decreasing connectivity) of each remaining 

habitat patch (Joly et al., 2004). Decreasing habitat area and connectivity results in 

reduced population size where as isolation affects viability by impeding immigration 

from other populations (Olsen, 2006; Joly et al., 2003; Velázquez et al., 2003; 

Linderman et al., 2005). Determining the status of species is of prime importance to 

both ecologists and conservation biologists (Hecnar & M’closkey, 1996).  

A prerequisite for an effective conservation strategy is a continuous and consistent 

monitoring program on the state and spatial extent of sensitive habitats (Bock, 

2003). Nonetheless, there is a wide gap between the information available on the 

spatial distribution of biodiversity and methods of habitat monitoring. With this 

respect, recently in Europe different land use and habitat mapping schemes have 

been designed in order to tackle the problem (Weiers, 2004 & Bock, 2004). 

Furthermore, national and international legal documents have been adopted at 

European level in order to maintain acceptable level of biodiversity and ensure 

sustainable use of natural resources (e.g. EU-Habitat Directives, and EU-Bird 

Directive (Directive 79/409/CEE) (Calcerrada & Luque, 2006; Bock, 2003; Weiers, 

2004).  

At a regional level, one of the most important eco-region in Europe is the 

Mediterranean Basin characterized by high levels of biodiversity and endemic 

species (IUCN, 2005). The Mediterranean Basin is considered as global biodiversity 

hot spot mainly due to the area escaped recent ice age and, the presence of 

significant massifs (e.g. Atlas, Southern Taurus, Gudar, Javalambre, and Levant). 

The main current threats to the Mediterranean Basin are desertification due to 

deforestation, urbanization, pollution, economic activities including infrastructure, 

expansion of agriculture, industry and tourism (IUCN, 2005). Data for Morocco 

shows that out of 3800 plant species present, 829 are endemic. Greece follows by 

554 endemic species out of 4000 plant species. Similarly, amphibians which are the 

focus of this research are characterized by 35(56%) endemism out of 62 species 

present (IUCN, 2005).  

Amphibians are relatively immobile and are especially prone to local extinction 

caused by human caused transformation and fragmentation of their habitat 
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(Woodford, 2003). Movements of amphibians across the landscape result from both 

complex life cycles and dispersal (Joly et al., 2003). Complex life cycle implies two 

different habitats at a local scale. Breeding occurs at aquatic habitats while other 

activities occur on land. Breeding migration connects the terrestrial home of the 

amphibians to the aquatic breeding sites. Hence, to ensure functional integrity of the 

annual cycle of amphibians, not only the preservation, maintenance of habitats is 

important but also all elements of the landscape that could pose as a spatial barrier 

for connectivity between habitats (Hehl- Lange, 2001).  Large rivers, canals, 

highways and human buildings constitute absolute barriers to amphibian movements 

and limit the abundance and dispersal (Löfvenhaft et al., 2004; Joly, 2004). With 

this respect, Hehl-Lange, (2001) described the costs of movement between habitat as 

physiological (energy demand for movement) and mortality risk due to lack of 

refuges against predators or demographic sinks such as roads.   

1.2. Problem Statement and Justification 

Fragmentation and loss of the natural habitats mainly due to anthropogenic causes is 

the main threat for the decline in number and species richness of amphibians 

(Woodford, 2003; Joly, 2004; Pearson, 1999; Hecnar & M’closkey, 1996). 

Determining the status of species is often difficult because of limited knowledge of 

population dynamics and distribution (Hecnar & M’closkey, 1996). Lack of 

consistent and up-to-date information on type, location, size and quality of natural 

habitats has been identified as a major constraint (Weiers et al., 2004). From the 

limited information available, most research studies focus on plants, birds and 

mammals rather than herpetofaunal distribution (Guisan & Hofer, 2003). 

The conventional approaches to observe species distributions are ground surveys, 

aerial photography, telemetry and satellite tracking (de leeuw et al., 2002).  As most 

of these methods involve much field surveys, monitoring at national and regional 

scale, can not realistically keep pace with the rate of change in the landscape 

(Osborne et al., 2005) and requires a substantial amount of capital, time and 

manpower. Thus recently, GIS based predictive modelling approaches coupled with 

statistical tools have been used to analyze species distribution (Arntzen, 2006; Joly, 

2004; Corsi et al., 2000; Guisan & Zimmermann, 2000; Weiers, 2004; de leeuw et 

al., 2002). In this context, predictive modelling approach makes use of the limited 

data available to come up with potential areas suitable for the species to survive. It 

compares environmental data of all cells (pixels) with that of cells where the species 

have been observed (Chefaoui et al., 2005). More importantly, predictive habitat 

distribution modelling provides a tool to study the relationship between distribution 

of species given a set of environmental conditions (Guisan & Zimmermann, 2000; 

Calcerrada & Luque, 2006).  
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The Predictive distribution model makes use of environmental predictor variables 

such as climate (temperature, rainfall, etc..), altitude, land cover , vegetation/NDVI, 

soil moisture, distance from water bodies, drainage, rivers etc…that are assumed to 

be important for the distribution of the species. The information derived is vital for 

bio-geographical and conservation studies (Chefaoui et al., 2005; Phillips et al., 

2006).  With regard to conservation, potential distribution area identification can 

help locate sites suitable for reintroduction programs, or faunistic corridors 

favouring success in regional conservation planning (Chefaoui et al., 2005).  

1.3. Research Objectives 

1.3.1. General Objective 

The general objectives of this research is to model amphibian distribution using 

predictive modelling approach, thereby to contribute for effective conservation and 

planning activities of the amphibian species. In order to achieve these general 

objectives of the research, the following specific objectives are proposed. 

1.3.2. Specific Objectives 

• To study habitat-species relationship and  to identify important 

environmental parameters 

• To predict the distribution of T.marmoratus and T.pygmaeus in the future 

1.4. Research Questions 

The research will try to answer the following questions. 

1. Which environmental parameter is the most important for determining the   

       distribution of Trtiturus marmoratus and Triturus pygamaeus?  

2. Are there significant associations of both T.marmoratus and T.pygmaeus to 

common land cover classes (habitats)? 

3. Are there significant differences in suitable environmental parameters for 

presence between T.marmoratus and T.pygmaeus? 

4. Is it possible to predict the distribution of the species in the future based on 

change analysis of land cover map? 

1.5. Research Hypotheses 

Hypothesis 1 

H0:  There are no significant associations of T.marmoratus and T.pygmaeus to  

        common habitats. 

H1:   There are significant associations of T.marmoratus and T.pygmaeus to   

         common habitats. 
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Hypothesis 2 

H0:  There are no significant differences in ranges of environmental conditions          

        and presence of T.marmoratus and T.pygmaeus. 

H1: There are significant differences in ranges of environmental conditions and  

       presence of T.marmoratus and T.pygmaeus.    

1.6. Research Approaches  

This research has two main parts: a species distribution model based on presence 

only data using Maximum Entropy (MaxEnt) method (Phillips et al., 2006), which 

tries to answer research questions 1-3, and a Multi Criteria Evaluation (MCE) model 

showing a scenario of future species distribution based on change analysis of land 

cover using neural networks and Markov chain analysis (Research question 4). 

Furthermore, different landscape indices are calculated in order to characterize the 

state and level of fragmentation within the different land cover classes and also to 

assess its implication on the distribution of the species. 

Presence only data is chosen because often accurate data on absence of species is 

lacking (Brotons et al., 2004) and even when available it may be of questionable 

value(Anderson et al., 2003). Since this research is based on observations 

(occurrences) of herpetofaunal species, mainly an inductive approach will be 

adopted. On the other hand, a deductive approach might be followed when there is a 

need to use an expert knowledge, e.g. in selecting environmental predictor variables 

or in determining threshold values. Figure 1 summarizes the overall conceptual 

framework of the research. 
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Figure 1 A simplified Schema of the research framework 
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2. Materials and Methods 

2.1. Study Areas 

Two study areas located in central Portugal are considered for examining species 

distribution (Figure 2).  The first study area, herein after known as Fatima lies in the 

western coast of Portugal where as the second area hereinafter known as Abrantes is 

located in the mainland along Rio Tagus (Tagus River).  Geographically the study 

areas are bounded by 9
o
50’22’’W – 7

0
26’12’’W, 39

0
36’07’’N – 39

0
22’33’’N. 

Generally, the climate of Portugal is classified as Atlantic-Mediterranean. Central 

Portugal is characterized by milder temperature ranging from 14
0
C in January to 

27
0
C in August. Topographically, it consists of hills, dunes and valleys.  Vegetation 

cover is varied including citrus trees, pine forests, eucalyptus, cork and oak trees. 

 

 
 

Figure 2 Location Map of the Study Area 
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2.2. Herpetological Species 

Two amphibian species which are the focus of this research are Triturus marmoratus 

(Figure 3a) and Triturus pygmaeus (Figure 3b). Sometimes T.pygmaeus is 

considered as a sub species of T.marmoratus. Both have a varying mixture of green 

and black colour. T.marmoratus when adult reaches up to 17 cm in length while 

T.pygmaeus does not exceed 11 cm. In the red list of IUCN, T.marmoratus is 

classified as “least concern while T.pygmaeus is labelled as “Near Threatened” 

(www.amphibiaweb.org). Their normal habitat are vegetation covers, where they 

can frequently be found in numbers under dead and rotting wood, and other hiding 

places.  They emerge from these refuges in the late evening and are primarily 

nocturnal (IUCN, 2005). 

 
a 

 

b 

Figure 3a Triturus marmoratus and Figure 3b Triturus pygmaeus 

 

2.3. Species Occurrence Data 

The species occurrence data were collected by Naturalis museum in Leiden, the 

Netherlands. The field survey was conducted in 2000 using hand held GPS to 

accurately measure the location of ponds where these species live. The presence of 

species is confirmed by collection of eggs and other tissue samples for molecular 

genetic identification (Themudo & Arntzen, in press). 

A total of 69 samples were collected out of which 40 are for Abrantes area while 29 

samples are for Fatima area. A second field trip was made from September to 

October, 2006 in order to “ground truth” the species occurrence data collected 

previously and as well as to observe the natural habitat  and environmental 

preference of the species. Global Positioning System (GPS) and IPAC instruments 

were used to measure, observe and as well as to describe habitat requirements of the 

species.  
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2.4. Environmental Predictor Variables 

2.4.1. Normalized Difference Vegetation Index (NDVI) 

The NDVI images were obtained from VEGETATION database from 

www.VGT.vito.be. NDVI layers were generated from SPOT-4 sensor with a spatial 

resolution of 1km. It consists of 300 images (layers) generated every 10 days 

(deckade) for a period of 8 years from April, 1998 to July 2006. Long term NDVI 

images show the overall productivity of the ecosystem and thus can be used as 

surrogate measure for net primary production (NPP) (e.g., Oindo & Skidmore, 

2002). Best ground reflectance values are extracted pixel by pixel for each deckadal 

image and geo-referenced to Albers equal area projection system.  The NDVI layers 

were resampled to 15m resolution.  

As species- energy theory predicts, the species richness of an area increases with 

productivity (Hutchinson, 1959).  In order to assess the effect of NDVI on the 

species distribution at aquatic and terrestrial phases, separate NDVI indices were 

calculated for the dry season (June-August) and the rainy winter (breeding) season 

(November-January). Late winter-early spring is reproduction (aquatic phase), larval 

is spring, metamorphosis is early summer for both species. 

2.4.2. Climatic variables 

Different researchers using statistical results indicated that there might be cause and 

effect relationship between climatic variables and species distribution, (e.g.O’Brien, 

1998; Lennon et al., 2000; Badgley & Fox, 2000; H-acevedo & Currie, 2003). The 

effect of climate could be direct or indirect (Lennon et al., 2000). Direct effect 

implies that individuals experience less energy for growth and reproduction. Indirect 

effect involves climatic variables controlling resource levels (through primary 

productivity), creating competition, and as a result influencing population dynamics.  

Climatic data was downloaded from WORLDCLIM database where input data were 

gathered from variety sources from 1950-2000. All the environmental layers have a 

spatial resolution of 1km and were interpolated using thin plate smoothing spline 

algorithm (Hijmans, 2005). All climatic layers were resampled to 15m resolution. 

2.4.3. Land Cover 

Wide spread change on the land cover units due to human and climatic factors play a 

significant role in determining the distribution of species. Land cover changes have 

led to fragmentation of the natural habitats of species which eventually alters the 

population of species (Joly, 2003). Corine land cover map of Portugal, produced in 

2000 were used.  The geometric and thematic accuracy of Corine land cover map 
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was assessed by Universidade Nova De Lisboa, in 2004.  It was reported that the 

geometric accuracy is better than 100m while its thematic accuracy is greater than 

85% (Freire et al., 2004).  

2.4.4. Landscape Matrices 

Using the Corine 2000 and a projected land cover map (to be discussed in Chapter 

4), landscape matrices such as total edge, connectivity, class area and percentage of 

landscape were calculated at class level. The landscape matrices were used to assess 

level of fragmentation within land cover classes and to investigate the implication 

with regard to the presence of species in each land cover classes (Table 2). Fragstats 

3.3® software was used for the calculation of landscape matrices. Detailed 

description of each index is found on Fragstats 3.3®Help Manual.  
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Table 1 Description of each land cover classes 

Land Cover 

Class Names 

Class 

code 

Description 

Urban 1 Most of the land is covered by structures and transport 

network. Buildings, roads and artificially surfaced areas 

cover more than 80% of the total surface. 

 

Mine Area 2 Areas with open-pit extraction of construction material 

(sandpits, quarries) or other minerals (open-cast mines). 

Includes flooded gravel pits, except for river-bed extraction. 

 

Arable Land 3 Include non-irrigated arable lands, permanently irrigated 

lands and rice fields. 

 

Permanent 

Crops 

4 Include vineyards, fruit trees, berry plantations and olive 

groves. 

 

Heterogeneous 

Agriculture 

5 Include annual crops associated with permanent crops, 

complex cultivation patterns; land principally occupied by 

agriculture with significant areas of natural vegetation, agro 

forestry areas. 

Broad Leaved 

Forest 

 

6 Vegetation formation composed principally of trees, 

including shrub and bush understorys, where broad-leaved 

species predominate. 

Coniferous 

Forest 

7 Vegetation formation composed principally of trees, 

including shrub and bush understorys, where coniferous 

species predominate. Coniferous forest must cover 75% the 

total surface of the unit.  

 

Mixed Forest 8 Vegetation formation composed principally of trees, 

including shrub and bush understorys, where neither broad-

leaved nor coniferous species predominate. 

Shrub lands 9 Natural grassland, moor and heath land, and transitional 

woodlands. 

   

Open area 10 Open spaces, beaches, dune sands, bare rocks, burnt areas 

and sparsely vegetated areas. 

Water Courses 11 Natural or artificial water courses serving as water drainage 

channels and also includes canals. Minimum width for 

inclusion: 100 m. 

 

Source: CORINE land cover nomenclature 
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2.4.5. Topographic Variables 

Shuttle Radar Topography Mission (SRTM) digital elevation model (DEM) with a 

spatial resolution of 90m was used as elevation data. Slope and aspect layers were 

calculated from the DEM data layer using ArcGIS 9.1® spatial analyst. Further 

more; the digital elevation layer was used to extract drainage networks of the two 

study areas using ArcGIS 9.1® (Arc Hydro) extension. 

2.4.6. Proximity Variables 

Direct distance function was used to calculate proximity variables using ArcGIS 

9.1® spatial analyst. ‘Proximity to vegetation’ cover represents distance from every 

pixel to vegetation covers. Similarly, ‘proximity to drainage’ represents distance 

from every pixel towards drainage. 

 

Table 2 Landscape Metrics and formula used to calculate 

Metrics Description 

 

( )100
( 1)

2

ijk

i i

n

j k

c

CONNECT
n n

=

  
  
  =  −

 
  

∑
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corresponding patch metric 
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eik =    total length (m) of edge in 

landscape involving patch type 

(class) i; includes landscape 

boundary and background 

segments involving patch type i. 
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2.5. Multi-collinearity 

Multi-collinearity refers to linear inter-correlation among variables (Dohoo et al., 

1996; Kovacs et al., 2005). It is a problem to separate the effects of two or more 

variables on the response variable. The problem primarily occurs when predictor 

variables are significantly correlated with each other than they are with the 

dependent variable (Aguilera et al., 2006). Multi-collinearity can be detected using 

pair-wise correlation between variables but sometimes existing linear dependencies 

could be overlooked when only pair wise correlation is used (Mansfield & Helms, 

1982). A more common method is to use Variance Inflation Factor (VIF) denoted by  

 

      
2(1 )VIF R= −

 ----------------------------------------------------------------------- 4
 

 

The VIF indicate the inflation
 

in the variance of each regression coefficient 

compared with
 
a situation of orthogonality. The decision to consider a VIF

 
to be 

large is essentially arbitrary (Giacomelli et al., 1998). Usually, values larger
 
than 10 

suggest that multi-collinearity may be causing estimation
 
problems (Giacomelli et 

al., 1998). VIF is calculated using the inverse correlation function in SAS-JMP 6.0® 

statistical software; and taking the diagonal values that indicate VIF. 

 

Table 3 Variance Inflation Factor 

  VIF 

  Abrantes Fatima 

Annual Mean 43.8598 98.8054 

Aspect 1.9797 1.6134 

Altitude 15.7399 151.4647 

Max. Temp 6.7107 166.0289 

Min. Temp 29.94 197.3421 

Precipitation 9.1727 187.7115 

Radiation 4.2162 1.7623 

Range(Temp) 6.7927 308.8814 

Slope 1.9494 2.1211 

Proximity to vegetation  1.7562 2.2796 

NDVI(dry season) 4.2438 5.0482 

NDVI(wet season) 4.8596 5.0716 

Proximity to drainage  1.5691 1.7842 
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As Table 3 shows, annual mean temperature, altitude, minimum temperature, 

precipitation and range of temperature have VIF >10, indicating multi-collinearity.  

To overcome multi-collinearity problem and also reduce the number of predictor 

variables, Principal Factor Analysis (PFA) (Skei et al., 2006) is used on all climatic 

variables. PFA seeks to discover if the correlated variables could be explained by 

smaller number of underlying variables called a “factor” (Field, 2000). Factor 

analysis transforms each variable in to linear combination of orthogonal common 

factors using the correlation matrix instead of the variance-covariance matrix which 

is the case in principal component analysis (PCA). As a result PFA explains the 

common variance between variables while PCA explains the total variance. 

PFA is calculated using ILWIS 3.2 ®. The first principal factor (PFA-1) accounted 

for (99.67%) of the common variance and hereinafter can be interpreted as “climatic 

factor” of the climatic variables included in the principal factor analysis (Appendix 

A).
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3. Species Distribution Modelling (Using MaxEnt Model) 

3.1. Introduction 

Several approaches have been used for modelling species distribution. A popular and 

frequently used method is Generalized Linear Model (GLM), e.g. (Pearce & Ferrier, 

2000; Guisan & Zimmermann, 2000; Beck et al., 2005; Guisan et al., 2002). Others 

include neural networks (Manel et al., 1999), and models using presence only data 

such as Ecological Niche Factor Analysis (ENFA) (Chefaoui et al., 2005; Santos et 

al., 2006; Martinez et al., 2006), Genetic Algorithm for Rule-set Production (GARP) 

(Stockwell & Peterson, 1999; Sweeney et al., 2007) and Maximum Entropy 

(MaxEnt) (Phillips et al., 2004; Phillips et al., 2006).  

All research papers reviewed depicted MaxEnt is superior in performance (e.g. 

Sergio et al., 2007; Phillips et al., 2006) than ENFA and GARP methods. Phillips et 

al., (2006), described MaxEnt method performs well even for small sample size. 

Hence, MaxEnt is adopted in this research.  

3.2. Methods 

3.2.1. Maximum Entropy (MaxEnt Model) 

Maximum Entropy (MaxEnt) is a general-purpose machine learning method with a 

precise mathematical formulation (Phillips et al., 2006). The basic idea of MaxEnt is 

“to estimate (approximate) unknown probability distribution of a species” (Phillips 

et al., 2006). The best approach is to ensure that the approximation should have 

maximum entropy. Entropy is defined by Shanon, (1948) as how much ‘choice’ is 

involved in the selection of an event”. Thus, maximum entropy refers to maximum 

choice. Maximum choice is available when there are fewer constraints 

(environmental layers), i.e. unnecessary constraints should be avoided (Phillips et 

al., 2006). 

The technique first constrains the modelled distribution to match certain features 

(environmental  layers) of empirical data (training data) and choosing the probability 

condition that satisfies these constraints being as uniform as possible(Buehler & 

Ungar, 2001). Basically, if a pixel in the study has similar distribution as of the 

training data, then higher values are assigned and accordingly pixels with different 

distribution are assigned lower values. 

The user specified parameters were set as the following. Test percentage=25%, 

regularization multiplier =0.2, maximum iteration = 1000, Convergence Threshold= 

0.001, maximum number of background points=10000.  
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3.2.2. Presence-Absence Maps 

The out put of Maxent model was a continuous map. Hence, a threshold must be set 

in order to determine the presence or absence of a species. Phillips et al., (2006), 

used the minimum cumulative value of training sample points as a threshold. 

However, in this research, a more conservative cut off value of “equal training 

sensitivity and specificity” was used (Table 4). Using the cut off value, models were 

classified in to binary (1 or 0) or presence- absence model. Common habitats of the 

two species were determined by crossing models of both species for each study area. 

Table 4 Equal training sensitivity and specificity threshold used to classify the 

MaxEnt models 

Study Area T.marmoratus T.pygmaeus 

Abrantes 19.7 28.25 

Fatima 14.38 28.54 

3.2.3. Model Evaluation 

Any approach to ecological modelling has little merit if predictions cannot be 

assessed (Verbyla & Litvaitis, 1989). In general two independent datasets are 

required to develop and test a model as ‘training’ and ‘testing’ data (Fielding, 1997). 

Verbyla & Litvaitis, 1989 described jackknife and bootstrap re-sampling methods as 

the most precise. However, methods of data partitioning are more often constrained 

by limited availability of samples, as it is the case here.  As a result, for Abrantes 

area, 75% of the sample data were used for training the model and the remaining 

samples were used for testing. In case of Fatima area, all the points were used for 

training and the accuracy result was based on the same points used for training the 

model. 

3.2.3.1. Receiver Operating Characteristics (ROC) Curves 

Receiver Operating Characteristics (ROC) curves are threshold independent methods 

developed in signal processing and is widely used in clinical medicines (Zweig & 

Campbell, 1993). An ROC curve is a graphical representation of the trade off 

between the false negative (FN) and false positive (FP) rates for every possible cut 

off value (Fielding and Bell, 1997). FN and FP are determined by cross tabulating 

observed and predicted values of a model in a confusion matrix (Figure 4). Thus, 

unlike the modelling phase which used presence only data, absence data were 

required for evaluation.  

A new approach designed by (Phillips et al., 2006), however, introduced a new 

concept of ‘distinguishing presence from random rather than presence from 
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absence’. For every pixel in the study area a negative instance (random) is defined 

while a positive instance is defined for the pixels containing presence data. Then the 

model makes predictions without looking at the instances (positive and negative) 

(For further explanation, see (Phillips et al., 2006). Kappa (KHAT) was calculated in 

order assess the prediction is better than random prediction. 

( )1

o e

e

p p
k

p

− 
=  

−  
---------------------------------------------------------------------5 

 

                  

 

 

 

 

Figure 4 confusion matrix 

3.2.4. Predictor Variable Importance 

Importance of each environmental predictor variable was assessed using jackknife 

operation. Jackknife operates by sequentially excluding one environmental variable 

out of the model and running a model using the remaining variables. It also runs a 

model using only the excluded variable in isolation. As a result, the gain 

contribution of each variable to the total gain of the model (inclusive of all variables) 

can be calculated. A variable which decreased the total gain of the model higher than 

all the other variables when excluded and as well as a variable which contributed the 

highest gain when used alone was identified as the most important variable. (For full 

description, see MaxEnt tutorial on www. cs.princeton.edu). 

3.2.5. Habitat Preference 

A stratified random sampling scheme was adopted for extracting values from land 

cover, the presence-absence model, altitude, ‘proximity to drainage’, ‘proximity to 

vegetation’, slope, and aspect layers.  First, random points were generated; then 

sampling was supervised to ensure that all classes were represented proportional to 

the class area and class distribution within the study area. Overall a total of 3761 

points for Abrantes area and 6742 points for Fatima area were generated.  

A contingency table test (Pearson’s Chi-Square statistics) depicting the frequency of 

occurrence was calculated to assess the significant association of each species with 

land cover classes and a t-test to assess whether there is statistically significant 
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difference on the suitable range of environmental conditions between the two 

species and as well as on the presence and absence of each condition.  

3.3. Results 

The results of MaxEnt model are divided in to two parts: results for Abrantes study 

area and Fatima area. The main results of the MaxEnt models include species 

distribution maps, model evaluation, importance of predictor variables and habitat 

preference.  

3.3.1. Abrantes Area 

3.3.1.1. Species Distribution Maps 

The species distribution maps for the two species produced broadly similar 

predictions (Figure 5a & 5b). For both species south eastern corner of the study area 

is predicted as absent. The present-absent maps which were derived using equal 

training sensitivity and specificity threshold (T.marmoratus=19.7 & 

T.pygmaeus=28.25) shows the distribution of T.marmoratus is better from central to 

the north-west part of the study area while T.pygmaeus is better predicted on central 

south to north west and also on some eastern parts of the study area (Appendix F). 

3.3.1.2. ROC Curves 

The ROC curves for both species distribution maps indicated high accuracy. For 

T.marmoratus, test data AUC=0.887 and training data AUC= 0.961 while for 

T.pygmaeus test data AUC= 0.811 and training data AUC=0.925. Kappa statistics 

showed a prediction better than expected by random (AUC=0.5) in all cases (Table 5 

and Appendix G). 

Table 5 ROC curve and Kappa statistics results for T.marmoratus and T.pygmaeus 

using training and test data. 

  ROC Kappa 

0.887(T.marmoratus) 0.774 

Test Data 0.811(T.pygmaeus) 0.622 

0.961(T.marmoratus) 0.922 

Training Data 0.925(T.pygmaeus) 0.850 
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a 

 
b 

Figure 5 Predicted species distribution of (a) T.marmoratus (b) T.pygmaeus. 

For comparison and statistical analysis purposes, these maps were converted 

to binary presence-absence models using equal training sensitivity-specificity 

threshold values.  

 

3.3.1.3. Predictor Variable Importance 

The jackknife operation resulted land cover as the most important variable for both 

T.marmoratus and T.pygmaeus when used alone (Figure 6a & 6b). Similarly, 

excluding the land cover variable significantly decreased the total gain of both 

models higher than other variables. Wet and dry season NDVI variables have strong 

gain values when used in isolation; however excluding both variables has little effect 

on the total gain of the model.  

Knowing this, a separate model using only the two NDVI variables was run in order 

to assess the distribution of the species. For both species, this model delineated 

similar distribution pattern as of the model inclusive of all the variables but as the 

NDVI data has an original spatial resolution of 1km, the detail is not as good as the 

model inclusive of variables. (Appendix B). For T.pygmaeus altitude has strong gain 

when used alone. Other topographic variables such as slope and aspect do not have 

much influence on the models as expected. 
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a 

 

 
b 

Figure 6 a. & 6 b The environmental variable with highest gain 

when used in isolation is corine land cover, which therefore 

appears to have the most useful information by itself. The 

environmental variable that decreases the gain the most when it is 

omitted is corine land cover, which therefore appears to have the 

most information that isn't present in the other variables. 

 

3.3.1.4. Habitat Preference 

The distribution of the species is significantly associated (P<0.0001) with land 

cover for both species. For T.marmoratus, land cover explained 21.5% of the 

distribution while for T.pygmaeus, 34.07% is explained (Table 6). Contingency table 

test showed that T.marmoratus and T.pygmaeus have a common significant 

association with heterogeneous agriculture (Chi Square (X
2
) =718.891) (Figure 7a 

&7b). To a lesser degree but significantly, both species are also associated with 



 

 

Predictive Modelling of Amphibian Distribution using Ecological Survey Data 

21 

T
.m

a
rm

o
ra

tu
s

0.00

0.25

0.50

0.75

1.00

A
ra

b
le

B
ro

a
d

L
e

a
v
e

d

C
o

n
if
e

ro
u

s

H
e

te
ro

g
e

n
e

o
u

s

M
in

e
M

ix
e

d
 F

o
re

s
t

O
p

e
n

 A
re

a

P
e

rm
a

n
e

n
t

S
h

ru
b

U
rb

a
n

W
a

te
r 

B
o

d
ie

s

Land cover Classes

Absence

Presence

mixed forests. In addition, T.marmoratus has significant presence on coniferous 

forests, mixed forests and shrub lands. T.pygmaeus has association with arable land, 

permanent crops and mixed forests. T.pygmaeus is completely absent from 

coniferous forests. Both species are completely absent from broad leaved forests. 

Appendix C shows Chi-square values and frequency of occurrence (count) of 

species in each land cover class. 
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Figure 7a &7b  Mosaic plot showing the percentage frequency occurrence of  

T.marmoratus and T.pygmaeus in land cover classes 
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A significant difference (P<0.0001) in proximity to vegetation between the two 

species is found (Figure 9a). The mean distance for T.marmoratus, 

µT.marmoratus=52.3m and for T.pygmaeus, µT.pygmaeus=38.23m (Figure 9a). Similarly, 

there is a significant difference (P<0.0001) in mean altitude, for T.marmoratus, 

µT.marmoratus=241.12m.a.s.l. and for T.pygmaeus, µT.pygmaeus= 219.79m.a.s.l. (Figure 9b) 

Table 6  Chi-Square test showing the significant association of the species with Land 

cover predictor variable. 

 

 

 

 

The mean proximity to drainage of presence and absence of each species has shown 

a significant difference (P<0.0001). T.marmoratus is present at a mean drainage 

distance of 162.44m (range: 156.02m-168.86m) and absent at a mean distance of 

215.072m (209.17m-220.97m). T.pygmaeus is present at a mean distance of 

159.649m (range: 152.78m-166.52m) and absent 214.837m (range: 209.13-220.54). 

Comparison between species shows that there is no significant difference (P=0.282) 

(Figure 9c). Mean values and range of environmental variables where the newts 

(T.marmoratus and T.pygmaeus) are present and absent, and comparison of the 

presence and absence with the t-test are summarized in Appendix D. 

No significant difference is found between the two species in preference of slope 

and aspect. However, it was observed that in general there is a preference by both 

species to inhabit relatively flat areas. Response curves of each predictor variable for 

both species have more or less similar shape and pattern except for ‘climate factor’ 

and slope variables (Appendix H). 

 

 

 

 

 

 

 

 

 

 

 

 

Species DF Chi-Square Prob>ChiSq RSquare(U) 

T.marmoratus 10 749.049 <.0001 0.2125 

T.pygmaeus 10 1165.935 <.0001 0.3407 
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Figure 8a, b & c   box plot graphs 

showing comparison between 

presence of T.marmoratus and 

T.pygmaeus presence against 

suitable environmental predictor 

variables 

 

3.3.1.5. Landscape Indices vs. Presence of Species  

The largest presence of both species is found in heterogeneous agricultural lands 

which constitute 18.2% of the landscape (Table 7). In contrast, broad leaved forest 

covers 18.7% but there is no significant presence of species. Shrub lands have the 

largest area coverage of 22.7% with a medium presence of T.marmoratus and 

T.pygmaeus. Mixed forests have only 5.2% in area coverage but a reasonably strong 

presence of both species is found. Coniferous forest covers 16.5% where there is a 

moderate presence of T.marmoratus. Connectivity of patches within land cover 
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classes shows that urban areas have the highest connectivity followed by coniferous 

and mixed forests.  

 

 

 

Figure 9  Comparison of landscape area percentage and percentage presence of                   

                species of each land cover class. 
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Table 7 Landscape indices of corine 2000 land cover 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 8 Comparison of suitable environmental range of T.marmoratus and T.pygmaeus with t-test 

 

 

 

 

 Landscape matrices at Class Level Presence% 

Abrantes Land cover 

Class 

Area 

% of 

Landscape Connectivity T.marmoratus T.pygmaeus 

Urban 614.000 0.533 0.9524 0 0 

mining 100.000 0.08 0 0 0 

Arable Land 7051.000 6.12 0.085 0 21.67 

Permanent Crops 11396.000 9.89 0.1317 1.2 30.63 

Heterogeneous  

Agriculture 21054.000 18.277 0.062 55.31 59.92 

Broad Leaved  

Forest 21623.000 18.77 0.1941 2.59 0 

Coniferous 19093.000 16.5746 0.5 25.58 0 

Mixed Forest 5970.000 5.1826 0.277 24.12 31.76 

Shrub lands 26175.000 22.7225 0.115 29.31 12.53 

Open Area 517.000 0.44 0 0 0 

Water Bodies 1532.000 1.32 0 0 0 

      

 T.marmoratus T.pygmaeus     

Abrantes  Mean     Range        Mean       Range       t-value   DF      Benferroni  Adjusted  P 

Aspect 123.889    117.63-130.15 139.077       132.83-145.33 3.36932 2468.928 0.001 

Altitude 242.126    239.03-245.22 219.796       217.15-222.44 -10.7671 2339.116  <0.0001 

Drainage Distance 162.433    156.02-168.85 159.644       152.78-166.51 -0.58231 2447.613 0.5604 

Slope 3.06201    3.3143-3.2505 3.57965       3.3143-3.845 3.12039 2188.078 0.0018 

Vegetation Distance 52.3854    48.62-56.15 38.2344       35.367-41.102 -5.86612 2341.102  <0.0001 
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3.3.2. Fatima Area 

3.3.2.1. Species Distribution Maps 

The species distribution maps in Fatima area show that T.pygmaeus has an extensive 

distribution all over the area (Figure 10b). T.marmoratus is absent on a large 

proportion of the north eastern part of the study area (Figure 10a) indicating a strong 

difference on preference of habitat compared to T.pygmaeus. The present-absent 

binary model using the cut off value (for T.marmoratus = 19.46 & 

T.pygmaeus=22.814) gives a better picture of the distribution of the two species 

(Appendix F). 

 

 

 
 

a 

 

 
b 

Figure 10 Predicted species distribution of (a) T.marmoratus (b) T.pygmaeus. 

For comparison purposes these maps were converted to binary presence-

absence models using equal training sensitivity-specificity threshold values. 

 

3.3.2.2. ROC Curves 

The ROC curves indicated a training AUC= 0.915 for T.marmoratus and AUC= 

0.839 for T.pygmaeus. Kappa statistics has shown a better than random prediction 

(AUC=0.5) for both species (Table 9 and Appendix G). 
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3.3.2.3. Predictor Variable Importance 

Jackknife operation revealed that for T.marmoratus, land cover is the most important 

predictor variable when used alone and omitted from the model (Figure 11 & 12). 

Similarly, dry and wet season NDVI variables have strong gains when each variable 

is used alone but did not decrease the total gain of the model when excluded. 

Altitude also has strong gain value but excluding the variable out of the model did 

decrease the total gain considerably.  Unlike the other cases, ‘proximity to drainage’ 

is the most important variable for T.pygmaeus when used alone and excluded from 

the model. Land cover follows as the second most important variable. For 

T.pygmaeus slope, aspect, altitude and NDVI variables have little contribution to the 

model and no significant gain is lost when each variable is excluded.  

Table 9 ROC (AUC) and Kappa accuracy assessment 

  ROC Kappa 

0.915(T.marmoratus) 0.8 
Training Data 

0.839(T.pygmaeus) 0.648 

3.3.2.4. Habitat Preference 

The distribution of the both species has significant (P<0.0001) association with land 

cover (Table 10). However, a strong difference in habitat preference was found 

between the two species. T.marmoratus primarily prefers to live in mixed, 

coniferous forests and also to some degree inhabits permanent crops (Figure 13a). 

T.pygmaeus is strongly associated with coniferous forests. To some extent, extent, 

T.pygmaeus is also associated with permanent crops and even in urban areas (Figure 

13b). However, T.marmoratus avoids heterogeneous agricultures while T.pygmaeus 

is strongly associated with the same class. Similar to Abrantes area, both species are 

absent from broad leaved forests.  

Table 10 Chi-Square test showing the significant association of the species with  

                land cover 

 

Species DF Chi-Square Prob>ChiSq RSquare(U) 

T.marmoratus 11 2577.321 <0.0001 0.4116 

T.pygmaeus 11 2031.298 <0.0001 0.2994 
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a. T.marmoratus 

Figure 11 The environmental variable with highest gain when used in 

isolation is corine land cover, which therefore appears to have the most useful 

information by itself. The environmental variable that decreases the gain the 

most when it is omitted is again corine land cover which therefore appears to 

have the most information that isn't present in the other variables. 

 

 
 b. T.pygmaeus 

Figure 12 The environmental variable with highest gain when used in 

isolation is drainage distance, which therefore appears to have the most 

useful information by itself. The environmental variable that decreases the 

gain the most when it is omitted is drainage distance, which therefore appears 

to have the most information that isn't present in the other variables. 
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Figure 13 a &b, Mosaic plot showing the frequency of occurrence of  the 

species in each land cover class 
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Significant difference (P<0.0001) was found between altitude range of values that 

contributes to the distribution gain of T.pygmaeus and T.marmoratus (Table 12). 

Mean altitude of presence for T.marmoratus is 107.361m (range: 105-109.72) while 

for T.pygmaeus, the mean altitude of presence is 138.716m (range: 133.84-143.59) 

(Figure 14b). In addition, altitude response curve of T.marmoratus shows that it has 

a convex relationship with the highest gain value at 125m.a.s.l. For T.pygmaeus the 

response curve has concave shape, i.e. the gain value decreases at lower altitude then 

starts to increase at about 200m.a.s.l. (Appendix I) 

On places where T.pygmaeus is present, it occurs within a mean distance of 99.78m 

from drainages which significantly (P<0.0001) differ from T.marmoratus having a 

mean distance of 179.434m (Figure 14a). The gain value of proximity to drainage 

linearly decreases for T.pygmaeus whereas for T.marmoratus it continuously 

increases as distance increases. 

The response curve shape of slope and aspect predictor variables are similar for both 

species and have little gain contribution to the model. The response curves indicate 

that maximum gain is attained at 5
0
 slope and aspect of 150

0
-250

0
 from north. In 

terms of proximity to vegetation covers, T.marmoratus has a mean distance of 

150.885m (range: 140.17-161.6) while T.pygmaeus is present at a mean distance of 

177.458m (range: 168.35-186.57) (Figure 14c). 

3.3.2.5. Landscape Indices vs. Presence of Species  

Coniferous forests cover only 4.6% of the total landscape area but have the largest 

presence of both species (Table 11). Also strong presence of T.marmoratus is 

associated with mixed forests which have 9.73% area coverage. Heterogeneous 

agricultures have the largest area coverage of 32% with strong presence of 

T.pygmaeus (Figure 15). In terms of connectivity of patches, coniferous forests have 

the highest connectivity of 1.61 next to water bodies and shrub lands. Mixed forests 

have connectivity value of 0.69. 
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Figure 14a, b, c & d  box plot graphs showing comparison between species 

presence against predictor variables 
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Figure 15 Comparison of Landscape area percentage of each land cover class and   

                  presence of Species 
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Table 11 Landscape indices of Fatima land cover 

 Landscape matrices at Class Level Presence % 

Fatima Land cover 

Class 

Area 

% of 

Landscape Connectivity T.marmoratus T.pygmaeus 

Urban 7692.590 4.52 0.1057 0 40.28 

mining 2119.005 1.245 0.395 0 0 

Arable Land 6244.515 3.66 0.6 0 0 

Permanent Crops 25419.930 14.9 0.59 51.3 24.25 

Heterogeneous Agriculture 54535.590 32.05 0.54 5.98 56.67 

Broad Leaved Forest 11989.868 7.04 1.3 0 0 

Coniferous Forest 7851.870 4.6145 1.6156 57.61 64.08 

Mixed Forest 16556.190 9.73 0.698 57.75 9.65 

Shrub lands 27126.203 15.942 0.434 0 2.82 

Open Area 1773.585 1.04 2.56 0 0 

Water Bodies 8845.335 5.1 7.1 0.28 0 

 

Table 12 comparison of suitable environmental range of T.marmoratus and T.pygmaeus with t-test 

 T.marmoratus T.pygmaeus    

Fatima Mean Range Mean Range t-value DF 

Benferroni 

Adjusted P 

Altitude 111.474 109.36-113.58     138.716 133.84-143.59 10.05469 2518.612 <0.0001 

Aspect 188.334 183.57-193.1     204.673 200.31-209.04 4.958072 2855.806 <0.0001 

Proximity to 

Drainage 179.51 165.2-193.82     99.781 96.3-103.26 -10.6222 1380.288 <0.0001 

Slope 5.08017 4.9114-5.249      4.28833 4.1657-4.411 -7.44475 2434.439 <0.0001 

Vegetation Distance 150.885 140.17-161.6    177.458 168.35-186.57 3.705408 2726.505 0.0002 
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3.4. Discussion 

3.4.1. Habitat – Species Relationship 

The MaxEnt model result depicted land cover as the most important variable for 

both species in Abrantes area. The same applies for T.marmoratus in Fatima area. 

However, for T.pygmaeus in Fatima area, ‘proximity to drainage’ is the most 

important variable followed by land cover as the second most important variable. In 

addition, the contingency table test (Chi-square Pearson’s correlation) indicated that 

the distribution of both species is significantly associated with land cover in the two 

study areas. 

In Abrantes area, the distribution of T.marmoratus and T.pygmaeus species is 

significantly associated with heterogeneous agriculture (Figure 16 a). Other 

predictor variables such as ‘proximity to vegetation’ cover and ‘proximity to 

drainages’ also plays an important role. For example, areas predicted as absent in 

most cases are far away from vegetation covers. 

In Fatima area, the association of T.marmoratus shifts to mixed and coniferous 

forests (Figure 16b). It is interesting to note that T.marmoratus is almost fully absent 

from heterogeneous agricultural lands. Instead it is strongly present on permanent 

crops. T.pygmaeus maintains its association with heterogeneous agricultural lands in 

addition to its significant presence in coniferous forests. Figure 16a & 16b shows the 

correspondence analysis plot of the common habitat area (land cover class) in the 

two study areas.   

The description of permanent crops and heterogeneous agricultural classes indicates 

that both classes have strong similarities. For instance, heterogeneous agriculture 

among other cover types is comprised of permanent crops such as olives, fruit trees 

and vineyards. This implies, at the scale of corine land cover map, there is a strong 

possibility that small patches of permanent crops could be mapped as heterogeneous 

agriculture. On the contrary, if these two classes have similarities, it raises the 

question again, why T.marmoratus is absent from heterogeneous agricultural classes 

in Fatima area?   

In order to answer this question, distance is calculated from heterogeneous 

agriculture and permanent crop classes to vegetation cover (forest) classes.  In 

Abrantes area, patches of heterogeneous agriculture are significantly closer 

(P<0.0001) to vegetation covers (Figure 17a) where as in Fatima area permanent 

crop class patches are significantly closer (p<0.0001) to vegetation cover (Figure 

17b).  Hence, it appears that T.marmoratus prefers to inhabit patches closer to 

vegetation covers than T.pygmaeus. 
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In all the models, topographic variables such as slope and aspect did not have much 

contribution to the total gain of the models as expected. A possible reason could be 

the resolution of SRTM data (90m), which may not be good enough to resolve the 

importance of the variables. But generally the model indicated, T.marmoratus and 

T.pygmaeus prefer flat areas (0-10
0
) and aspect ranges between 120

o
-220

o
, i.e. south 

east-south west direction. 
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Figure 16 Correspondence analysis plot showing a) Heterogeneous 

agricultures(class 5) as common habitat for T.marmoratus and 

T.pygmaeus in Abrantes area b) coniferous forests(class 7) as common 

habitat for T.marmoratus and T.pygmaeus in Fatima area 
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Figure 17a  &17b Comparison of permanent crops and heterogeneous 

agriculture class patches proximity to vegetation covers. In Abrantes area 

heterogeneous classes are closer to vegetation covers where as the opposite is 

true in Fatima area. 

 

The contribution of NDVI variables (both dry and wet season) is significant when 

used in isolation, but the total gain of the model did not decrease when the variables 

are omitted. This implies that the information available in the NDVI variables is also 

present in some other variables. This may be integrated effects of climate, soil type, 

altitude, slope and other factors manifested on NDVI values (Box et al., 1988). 

Using only the two NDVI variables on a separate model, delineated the general 

distribution of the species but did not outline details as good as the model including 

all variables because the original resolution of the data is 1k x1km. 

In Abrantes area, T.pygmaeus appears to inhabit areas close to vegetation cover than 

T.marmoratus, even though the difference in distance is small (< 12m). In contrast, 

in Fatima area, T.marmoratus is present significantly closer to vegetation covers at a 

mean distance of 137.5m than T.pygmaeus that is present at a mean distance of 

195.1m. In general, both species tend to be present on areas close to vegetation 

covers. This agrees with Guerry & Hunter, (2002) that found out positive 

associations of nine amphibian species with proximity to forest habitats from ponds.  

For amphibians, the aquatic habitat are used for reproduction while vegetation cover 

serve as hide outs from predators, richer food availability (Skei et al., 2006) and as a 

shade during their terrestrial phase. Preservation of both habitats is therefore vital to 

maintain local populations (Porej et al., 2004) and buffer zones surrounding their 
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habitat should be protected (Semilitsch & Bodie, 2003). Moreover, forests increase 

the connectivity of the landscape and decrease the degree of isolation. 

In case of proximity to drainages, no significant difference was found in Abrantes 

area (p=0.564) where as in Fatima area there is a clear demarcation showing 

T.pygmaeus living very close to drainages (µ=99.7m) compared to T.marmoratus 

which is found at a mean distance of 179.5m. 

Altitude in the study areas ranges from 0-600m.a.s.l. however T.marmoratus and 

T.pygmaeus have shown a tendency to inhabit topographically lower areas. Mean 

altitude of presence for Abrantes area is, µT.marmoratus=241.12m and µT.pygmaeus= 

219.79m and for Fatima area, µT.marmoratus= 107.361m and µT.pygmaeus= 158.319m. Skei 

et al., (2006), explained larval development of amphibians in general is strongly 

correlated with water temperature and thus also with altitude.  

The distribution map (Figure 10a) shows T.marmoratus is absent from a large area 

extent characterized by scrubs, open spaces and mining areas.  On the same area, 

T.pygmaeus is strongly present. This concurs with Marty et al., (2005) that described 

migrating post breeding T.marmoratus were found out to be strongly attracted to 

forests and have avoided large barren areas. Also Sztatecsny et al., (2004), described 

T.marmoratus occupies hilly and wooded areas in France.  

3.5. Conclusions 

From the results of the models and the statistical analysis in both study areas, the 

following can be concluded. (1) Land cover was the most important variable for both 

species in Abrantes area and also for T.marmoratus in Fatima area. For T.pygmaeus 

‘proximity to drainage’ was the most important variable in Fatima area followed by 

land cover. (2) Heterogeneous agriculture was the primary common habitat in 

Abrantes area. To a lesser extent; both species were associated with mixed forest 

covers. In Abrantes area, mixed forests and in Fatima area, coniferous forests 

constitute a small part of the landscape but still were common habitat to both 

species. This implies that mixed and coniferous forests were ecologically important. 

(3) Significant difference between the species in terms of mean suitable 

environmental ranges was observed. Overall, the MaxEnt model consistently 

outlined, the presence of both species among other things appears to be determined 

by the availability of vegetation cover within close proximity (< 200m) to its aquatic 

habitat. T.marmoratus avoided large barren areas. The same applies for T.pygmaeus, 

but it had also shown higher adaptability to less vegetated areas and some times even 

on open spaces and urban areas.  
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4. Future Species Distribution (Scenario Model) 

4.1. Introduction 

A scenario showing future prediction of the distribution of T.marmoratus and 

T.pygmaeus for Abrantes area is predicted based on Multi Criteria Evaluation 

(MCE) method. The Maxent model highlighted land cover as the most important 

predictor variable for the distribution of T.marmoratus and T.pygmaeus. The 

scenario model tries to show one aspect of the future species distribution, i.e. other 

variables being unchanged what will happen if land cover continues to change in the 

same trend. Therefore, the basic assumption underlying this prediction is the rate 

and nature of change on land cover is assumed to continue in a similar manner. 

 

Figure 18 Schematic Diagram of the scenario model 

The MCE model incorporated variables such projected land cover map (2020), 

altitude, climate, slope, aspect, distance from drainage and distance from vegetation.  

First, Multi Layer Perception (MLP) neural network is used to detect the change in 
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land cover between 1990 and 2000, and then Markov chain analysis is used to 

project the land cover classes to 2020 based on the changed (transition) classes. 

IDRISI Andes ®edition (Land change modeller) module was used for all the 

procedures in this section. The sections below discuss the methods at each stage in 

detail. 

4.2. Methods 

4.2.1. Multi Layer Perception (MLP) Neural Networks 

Multi Layer Perception (MLP) is one of the most widely used neural networks in 

remote sensing (Atkinson, 1997). Various researchers applied neural networks for 

different applications. For example, prediction of forest deforestation (Mas et al., 

2004, Garzon et al., 2006), mapping species richness and composition of forests 

(Carpenter, 1999, Foody & Cutler, 2006 and Boyd et al., 2002), fire prediction 

(Fraser & Li, 2002) and environmental damage assessment (Abuelgasim, 1999) 

Multiple layer perception (MLP) neural networks were used to detect land cover 

classes changed between 1990 and 2000. The MLP procedure creates random 

samples from the transition land cover units (changed during 1990 and 2000) and as 

well as from land cover units that did not go through transition or are “persistent” 

classes. The neural network will be trained with examples of both transition and 

persistent land cover units. The MLP uses half of the training pixels as training data 

and retains the other half for testing. 

Along with transition land cover classes included in the model are explanatory 

variables assumed to explain the main causes of land cover change. These include 

proximity to roads, proximity to towns, and fire occurrences (from 1990-1999). 

Hence, the neural network has a topology of four input nodes along with two hidden 

layers and an output layer. 

‘Proximity to towns’ and ‘proximity to roads’ variables were set to be dynamic, i.e. 

at each iteration stage as new changed areas emerge, the distance from these two 

variables will be recalculated and submitted to the MLP neural network. The MLP 

then applies a weight to calculate new transition areas. The assumption taken here is 

that more changes tend to occur to places where changes have already occurred. In 

order to concentrate on major land cover changes rather than small changes, to 

minimize the number of changed classes and increase the accuracy of the neural 

network, classes showing changes less than 3000ha were not considered as changing 

classes. A sigmoidal (s-shape) non linear function was applied and the accuracy of 

the training was determined by Root Mean Square Error (RMSE) (Figure 19). 
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a 

 

b 

Figure 19 a) Neural network topology and b) 

accuracy of the neural network 

 

4.2.2. Markov Chain Analysis  

A Markov chain is a dynamic process that consists of a finite number of states and 

some known probabilities (Logofet & Lesnaya, 2000). The finite states are measured 

in discrete intervals and the maximum discrete states do not change with time 

(Yemshanov & Perera, 2001). An existing discrete state Wt can be used to predict a 

discrete state Wt+1 by multiplying a matrix of transition probabilities (Pt) 

corresponding to the current time interval t 

t t tW +1=W P ,
---------------------------------------------------------------------------6

 

where Wt is a 1×n state vector at time t, Pt is a n×n matrix of transition probabilities 

created of Pij values, n is the maximum number of discrete states in the chain, and 

pij gives the probability of transition from discrete state i to state j between time t 

and t+1. 
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The transition probability matrix (Pt) in this case, is calculated by the MLP neural 

networks using land cover maps of 1990 and 2000. Then Markov models have been 

applied for projecting land cover changes to the future, i.e. 2020 based on the 

transition probabilities. The out put is a land cover map for the year 2020 which will 

be used in a multi criteria evaluation (MCE) model along with other explanatory 

variables. Various researches have used Markov chain for different applications, e.g. 

forest succession (Logofet & Lesnaya, 2000); Lopez et al., 2001) and Aavikoso, 

1995).  

4.2.3. Multi Criteria Evaluation 

Multi-Criteria Evaluation (MCE) is a decision support system primarily concerned 

with how to combine the information from several criteria to form a single index of 

evaluation. The use of MCE is particularly important when statistical relationships 

between target variables and predictor variables could not be established due to 

unavailability of empirical data. In such cases, the use of expert knowledge or any 

other sources of objective information overcome this problem (Store & Kangas, 

2001). Establishing weights of variables is a complicated aspect for which the most 

commonly used technique is the pair-wise comparison matrix (Boteva et al., 2004 

and Store & Kangas, 2001). Nevertheless, on this research, the weights of each 

predictor variable were calculated from MaxEnt model where the relationship 

between habitat and species has already been established.  The basic premise of this 

approach is that the best information available is the current geographic distribution 

itself (from MaxEnt model) and based on that the future distribution can be inferred. 

Basically, a two step process was taken. First, each predictor variable was 

standardized between 0-1 range using fuzzy logic (1) approach, and (2) weights for 

each predictor variable were calculated from (the jackknife operation in MaxEnt). 

1.0 Fuzzy logic  

Zadeh, (1988), described fuzzy logic as ‘every thing including truth is a matter of 

degree’. A fuzzy set is a class of objects where there is no sharp boundary between 

those object that belong to the class and that do not (Zadeh, 1970). Mathematically it 

can be expressed as 

Definition:    A= ( ){ }),( xAx µ , x ∈X--------------------------------------------------8 
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Where )( XAµ is the grade of membership of x in A, and MXA →:µ is a function 

of X to a space called M called the membership function space. 

Predictor variables were standardized between 0-1 range using fuzzy logic 

membership functions. For each predictor variable, the types of membership 

functions were determined after analyzing the response curves (Appendix G) from 

MaxEnt model. Mainly sigmoidal (S-shape) and J-shaped membership functions 

were used in the fuzzy logic. Both membership functions have three different types. 

These are monotonically increasing, monotonically decreasing and symmetric 

(Figure 20) (Eastman, 2003).  

For the projected land cover map which has categorical data, user defined 

membership function for each category were assigned based on the degree of 

association with the presence of species on each land cover class found in the 

contingency table (Figure 7a & 7b). Then each predictor variables were converted to 

Byte data type using the corresponding membership functions.  

 

a)  

 

b)  

 

 
c) 

 
d) 

Figure 20 Sigmoidal a) monotonically increasing function (b) 

monotonically decreasing (c & d) symmetric functions 

 

     

 

 



 

 

Future Species Distribution (Scenario Model) 

44 

(2) Weights 

The weights of each predictor variable were determined based on the gain 

contribution of each predictor variable to the model (MaxEnt jackknife operation). 

The gain values were standardized so that the weights add up to one (Table 16). The 

linear combination of the variables results the out put model. 

Presence= f (EV1*(W1) + EV2*(W2) +EV3*(W3) +------EV n (Wn)) ----------------------9 

Where EV  are environmental  layers and Wn  are weights of environmental  layers. 

4.2.4. Comparison of MaxEnt and MCE Model 

The MaxEnt and MCE model used different algorithms; a certain value on MaxEnt 

model does not represent equal value on the MCE model. However, both models 

represent the distribution of species. Thus, for comparison purpose only, we have 

taken mean plus standard deviation (µ+ S.D) of the distribution as a threshold to 

assess the change between the present (MaxEnt) and the future (MCE) species 

distribution. Outputs of the computed MCE model were multiplied by 100 prior to 

the comparison.   

The accuracy of the MCE model could not be directly assessed as there could not be 

species occurrence data of the future distribution. However, since the MCE model is 

based on current MaxEnt distribution, a reasonable agreement is expected between 

the MaxEnt and MCE scenario model. Hence, a coefficient of agreement, Kappa 

was calculated.  

 

Table 16: Weights applied on predictor variables for the MCE model 

               Weights 

Predictor Variables T.marmoratus   T.pygmaeus 

Altitude 0.159 0.25 

Aspect 0.076 0.107 

Corine Land cover 0.302 0.285 

Climate Factor 0.175 0.178 

Proximity to Drainage  0.063 0.035 

Proximity to Vegetation  0.127 0.11 

Slope 0.098 0.035 
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4.3. Results 

The results in this section include: projected land cover map, landscape matrices 

(calculated from land cover maps of 2000 and 2020 in order to analyze the changes 

in land cover during the specified time period) and a scenario model. 

4.3.1. Land cover change Analysis 

The projected land cover map indicated that significant changes in area extent, mean 

patch area and total edge (TE) occur on land cover classes. Heterogeneous 

agricultural areas decrease by 25.3% and coniferous forest decreases by 37.9%. On 

the contrary, shrub lands, mixed and broad leaved forests increase by 18.3%, 30% 

and 36.4% respectively (Table 17).  

The total edge and mean patch area in each class gives critical information on the 

level of fragmentation within a landscape. Compared with the 2000 land cover map, 

the projected land cover (2020) map indicates that fragmentation significantly 

increases. Mean patch area of all land cover classes except for urbane area decreases 

significantly. For instance, mean patch area of coniferous forests decrease from 

545.5 ha to 109.75 ha and heterogeneous agriculture decrease from 131.5ha to 

22.8ha. Similarly, total edge of all land cover classes increases except for urban area.  

Overall the landscape matrices indicate that if the land cover change continues in the 

same pattern as that of during 1990 and 2000, fragmentation significantly increases 

within the landscape. The fragmentation will be more pronounced in coniferous 

forests and heterogeneous agriculture classes which from the result of the Maxent 

model were identified to be primary habitats of T.marmoratus and T.pygmaeus. 

4.3.2. Future Scenario Model 

Comparison of the scenario model with the current MaxEnt model using Kappa 

(coefficient of agreement) indicates a value of 0.756 and 0.704(Appendix J) for 

T.marmoratus and T.pygmaeus respectively. Visual comparison also shows strong 

similarity. This indicates the weights and fuzzy membership functions used from the 

MaxEnt model maintained the relationship between the species and environmental 

predictor variables.  

For T.marmoratus, areas above the mean plus standard deviation (µ+ S.D) threshold 

value become patchy, scattered and reduced in area extent (Figure 21). There are 

also new areas on the western part of the study area where T.marmoratus appears to 

be present. Total area above the threshold value on the future MCE model is 

13609.845ha where as on the current MaxEnt model, area coverage is 16649.88ha. 

Similarly, the distribution of T.pygmaeus on the MaxEnt model has area coverage of 
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22916.94 ha where as on the MCE model, the area is 19772.43ha.  The decrease in 

area extent for T.marmoratus is 18.25% where as for T.pygmaeus, it decreased 

by13.72%.  

 

 

 

 

a. Current (MaxEnt) model 

 

 

b. Future scenario model 

 

c. Current (MaxEnt) model 

 

d. Future scenario model 

Figure 21 Comparison of MaxEnt and MCE scenario model distribution of 

T.marmoratus and T.pygmaeus. Mean plus standard deviation of the 

distribution was used as a threshold.  
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4.4. Discussion 

4.4.1. Impacts of Land cover changes 

Chapin et al, (2000), described land cover transformation constitutes the greatest 

threat to biodiversity. Impacts of changes in patterns of land cover through time 

affect the ecological system by altering the proportion and distribution of habitats for 

species that these cover types support (Olsen, 2006; Joly et al., 2003; Velázquez et 

al., 2003; Linderman et al., 2005). The projected land cover map using Markov 

chain analysis thus enables us to assess the trend of change and thereby investigate 

the impacts on species distribution. 

Markov chain models take several assumptions of which the fundamental approach 

is to regard land use/cover change as a stochastic process - one that is governed by 

random variables and describable only in probabilistic terms (Bell, 1974). On this 

paper, land cover change is assumed to continue in the same pattern and manner as it 

did during 1990 and 2000, i.e. stationarity is assumed but not tested. Testing the 

stationarity of land cover goes well beyond the scope this paper. On most researches, 

stationarity has usually not been tested but assumed (Weng, 2002). Conversely, Bell, 

(1974), argued if the process is not stationary, it does not mean all the predictive 

power of the model is lost but we shall lose the ability to determine steady state 

equilibrium distribution. The out come of the model should be interpreted from the 

point of view that land cover continues to change in the same pattern as it did during 

1990 and 2000. 

Land use/cover change is the leading cause of habitat loss and fragmentation which 

leads to population isolation and possibly extinction (Pearson et al., 1999). Fahrig, 

(2003), explained fragmentation of habitats is characterized by at least two 

phenomena; (a) a reduction of total area of a land cover and mean area coverage of 

patches, i.e. at some point there will be insufficient area of habitat to support a viable 

population, and with continued loss eventually there will be insufficient area of 

habitat to support even a single individual and b) the total edge of the patches within 

a landscape increases. 

The projected land cover has shown that total area coverage of coniferous forests 

and heterogeneous agriculture decreases while broad leaved and mixed forests gain 

area. Field observation confirms this trend, in central Portugal where recurrent fire 

occurrences are pervasive, burned pine areas are replanted with eucalyptus trees, 

primarily because the regeneration time of pine trees is slow compared to 

eucalyptus. Mean patch area and total edge (TE) landscape matrices revealed 

fragmentation severely increases in most land cover classes. For instance, mean 

patch area of heterogeneous agriculture decreases from 131.5ha to 22.5 ha and 
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coniferous forests mean patch area decrease from 545 ha to 109.7 ha.  Accordingly, 

the total edge increases more than two-fold for coniferous forests and in case of 

heterogeneous agriculture, it increases by 17.8%. On the contrary, the total area of 

mixed forest increases by 1.6%. Even so, the mean patch area significantly reduced 

from 127ha to 8.9ha and the total edge increased by more than two-fold.  All in all, 

the projected map highlighted the fact that fragmentation of habitats is going to be 

severe and its implications on the species distribution and diversity is at task for 

conservation planners to tackle.  

4.4.2. What if land cover continues to change… (Scenario Model) 

The accuracy of the model could not be validated since it is a future scenario model. 

However, visual comparison and Kappa (coefficient of agreement) with the MaxEnt 

model (current distribution) indicated the weights and membership functions used 

maintained the relationship established on the MaxEnt model.  

The trend of land cover change in Abrantes area appears to affect T.marmoratus 

slightly more than T.pygmaeus. This is primarily because the two land cover classes 

(heterogeneous agriculture and coniferous forest) that T.marmoratus is strongly 

associated faces major fragmentation, in terms of reduction of mean patch area, total 

area and significant increase in total edge. However, this is not to imply T.pygmaeus 

will not be affected since it is also strongly associated with heterogeneous 

agriculture. However, T.pygmaeus is not associated with coniferous forests where 

the highest fragmentation occurs. It has also shown association with less vegetated 

classes such as arable land, permanent crops and shrub lands of which fragmentation 

level is not as strong. Taking in to consideration these land cover changes, the 

scenario model also shows the future distribution of T.marmoratus to be more 

patchy, reduced in area extent and scattered. The same applies to T.pygmaeus but to 

a lesser degree. 

4.5. Conclusions 

The following conclusions can be drawn,  

(1) The projected land cover map highlighted fragmentation of the landscape is 

going to increase significantly. (2) The MCE model depicted one possible aspect of 

the scenario, where by the geographic distribution of T.marmoratus and T.pygmaeus 

is going to be patchy, reduced in area extent and isolated from each other. The effect 

appears to be more pronounced on T.marmoratus than T.pygmaeus. Overall, this 

signals the need for integrated conservation activities.  
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Table 17 Changes in landscape matrices between 2000 and 2020 

 

Class name % percentage 

2000 

% percentage 

2020 

total 

edge(2000) 

total 

edge(2020) 

Mean patch 

area 2000 

(hectare) 

Mean patch 

area 2020 

(hectare) 

Urban 0.530 0.5363 55500 54389.06 40 44.100 

mining 0.080 0.0859 6800 6798.63 100 98.960 

Arable Land 6.120 4.5716 392800 312137.2 143.89 87.700 

Permanent Crops 9.890 9.5224 729000 926313.6 167.58 172.260 

Heterogeneous 

agriculture 18.270 13.64 1367900 1611975 131.5 22.810 

Broad Leaved 

Forest 18.770 21.8269 1118500 2236350 211.99 26.800 

Coniferous 16.570 10.29 703400 1622873 545.5 109.750 

Mixed Forest 5.180 6.739 341300 897319.5 127 8.900 

Shrub lands 22.720 31.0169 1454600 3570981 167.7 24.189 

Open Area 0.440 0.4487 25600 25994.77 172.33 20.200 

Water Bodies 1.320 1.3138 187600 187962.1 766 756.690 
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5. General Discussions 

5.1. The Niche Concept  

Guisan & Thuiller, (2005), described that species data and environmental predictor 

variables are sampled within a limited time and space. The results of species 

distribution modelling, i.e. habitat suitability maps represent only the snapshot of the 

expected relationship between the species and environment. This approach of 

modelling species distribution determines the presence of species by identifying 

areas closely associated with observed presences of species and thus termed as 

‘Correlative approach’(Soberson & Peterson, 2005). As in this research, out of the 

four factors (abiotic, biotic, dispersal and evolutionary capacity) described by 

Soberon & Peterson, (2005), to control the presence of species, only abiotic factors 

(climate and physical environmental variables) were used (Region A in Figure 21). 

 

 
 

Figure 22 adopted from Soberson and Peterson, (2005), region A represents 

geographic regions with appropriate set of abiotic factors. Region B represents 

regions where right combination of interacting species occurs. Region C 

represents areas accessible to the species with out barriers. 

As a result the model only shows species occupying their entire suitable habitat - the 

fundamental niche (region A) rather than the realized niche (A η B) where a species 

might be excluded due to biotic interactions such as competition and presence of 

predators (Peterson, 2006; Silvertown, 2004 and Pulliam, 2000). Region C 

represents geographic regions accessible within the dispersal capacity of the species 

(i.e. with out barriers). These sets of factors are non ecological, and may indeed not 

be permanent (Peterson, 2006). The intersection of the three regions (A η B η C) 

represents the true geographic distribution of the species. Hence, on the strictest 

sense, our model only delineates the fundamental niche rather than the true 

geographic distribution of the species. Contrary this view, Guisan & Thuiller, 

(2005), argued that the observed species distributions (occurrence data) is already 

constrained by biotic interactions and thus quantifies Hutchinson’s realized niche of 

species. Accordingly, based on the latter argument, Figure 22 will be modified as 

follows. 
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C B

A

 

 

Figure 23 Figure adopted from Peterson, 2006 

5.2. MaxEnt Model Performance 

The Maxent modelling method since based on presence only data has a number of 

advantages that increase the model performance. First, in most cases accurate 

absence data is not available. Particularly, because occurrence data is collected 

within limited time and space; a certain species might be absent, for example, if it 

has more than one habitat, or is nocturnal or even due to improper data collection. 

More importantly, when estimating the accuracy of models in most modelling 

techniques such as GARP and GLM require absence (pseudo-absence) data, which 

in most cases generated randomly. Another advantage of MaxEnt model compared 

with other species models is that it works well with small sample size (Phillips et al., 

2006). 

All the models performed better than random prediction with high ROC (AUC) 

values. However, due to small sample size, for T.marmoratus in Fatima area, a re-

substitution method is adopted which according to Verbyla, (1986) produces 

optimistically biased estimates of the model’s true classification accuracy, especially 

if many predictor variables are used in relation to sample cases. 

5.3. Model Uncertainty  

Uncertainty arises from different factors such as Natural, Data and Model 

uncertainties (Isukapalli et al., 2001). All models use input data (sample 

measurements) from various sources to represent the reality or “population” of the 

parameter under investigation. In all cases, the relation between population and 

samples is subject to uncertainty (Altman, 1990). For instance, in our model climatic 

data were derived from climate stations using spatial interpolation (Hijmans, 2005) 

methods which might introduce uncertainty. Similarly, due to natural randomness or 

variability, some times climate variables are difficult to measure precisely. 

Model uncertainty is the major source of uncertainty and can be broadly said to 

originate in the understanding of the system which we are modelling, assumptions 

and simplifications incorporated in the model (Reinert et al., 2006). Assumptions 
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and simplifications determine the model structure, resolution and boundary 

(Isukapalli, 2001). For instance, land cover in the Markov chain analysis assumed to 

be stationary, but not tested.  

Any model has limited boundary in terms of space and time. Model boundary is a 

form of simplification but could also be a source of uncertainty. On the MaxEnt, 

model only abiotic factors are included out of the four factors that control the 

presence of species as discussed in section 5.1.  Practically, the model delineates the 

fundamental niche rather than the realized niche. This implies that even if a certain 

area is mapped as present on the MaxEnt model, the species might be absent due to 

competition from other species or predators. However, this does not mean the model 

is wrong, because the model could be accurate within its own boundary, i.e. the 

fundamental niche. Resolution of data also contributes to uncertainty, for instance, 

NDVI variables might have contributed more gain value if higher resolution data 

were used.  

5.4. Model result and its Implications for conservation activities 

Amphibians exhibit complex life cycles (Pope et al., 2000; Joly et al., 2004; Porej et 

al., 2004) within a complex landscape matrix. At the aquatic habitat level, predators, 

aquatic vegetation (Joly et al., 2001), water depth and pollutants among other things 

influence the presence of species. On the landscape level where terrestrial habitats 

are used for migration, foraging and shade, connectivity between habitats plays a 

vital role. Indeed, several researches indicated habitat loss and fragmentation are the 

main threat for the extinction of amphibian populations (e.g. Cushman, 2006; 

Bailey, 2007; Denole & Lehmann, 2006). Thus, in fragmented landscapes, 

increasing the connectivity between habitats is of prime importance for conservation 

planning (Bailey, 2007; Hecnar and M’Closkey, 1996; Hehl-lange, 2001; Joly, 

2001). 

For amphibians, Houlahan et al., (2000), described effects of land use extend to 

large distances from their aquatic habitat. Pressier et al., 2001, also mentioned 

juvenile dispersals cover large distances and are essential to maintain connectivity 

between populations.  For instance, Ambystoma sp. Salamanders travels a distance 

up to 670m from a pond.  With this regard, Cushman, (2006), suggested that 

conservation activities should be based on landscape level instead of only on site 

specific level (ponds) to preserve the connectivity between different populations. As 

the MaxEnt Modelling process is at landscape scale, favourable habitats identified 

could be used as base information for conservation planners to delineate corridors 

for T.marmoratus and T.pygmaeus.  
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6. General Conclusions and Recommendations 

6.1. Conclusions 

The main objective of this research aimed at finding habitat-species relationships 

through significance tests, and also modelling future species distribution scenario 

model based on the current species distribution. Further more, landscape indices 

were calculated in order to characterize the fragmentation level within land cover 

classes at different times with the view of investigating the relation with the 

presence of species.  From the results found, the following general conclusions can 

be drawn.  

• Land cover was the most important predictor variable for all cases except 

for T.pygmaeus in Fatima area. 

• In Abrantes area, heterogeneous agriculture classes were the primary 

common habitat for both species and to a lesser degree, mixed forests. 

• In Fatima area, coniferous forests were the primary common habitat 

followed by permanent crops.  

• The fact that mixed and coniferous forests were common habitat for both 

species in Abrantes and Fatima area respectively and constitute a small part 

of the landscape implies that they are ecologically important. 

• Significant differences between T.marmoratus and T.pygmaeus in mean 

suitable environmental range was found. 

• The presence of T.marmoratus and T.pygmaeus was strongly influenced by 

proximity to vegetation covers. However, T.marmoratus appeared to be 

closer to vegetation covers than T.pygmaeus as evidenced from the 

proximity of heterogeneous agriculture and permanent crops class patches 

in Abrantes and Fatima area respectively. Conversely, T.pygmaeus was 

sometimes observed to inhabit less vegetated areas, open spaces and urban 

areas.  

• The fragmentation level within the landscape will continue to increase 

significantly in the future. 

• The future species distribution scenario model predicted the distribution of 

both species to be patchy, scattered and the overall habitat area to decrease 

in the future. 

• Conservation planners could use the outputs of this research as base 

information to increase the connectivity of patches within the landscape in 

order to delineate corridors. 
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6.2. Recommendations 

• On this study only abiotic factors were used. It would be interesting to 

investigate the distribution of species by incorporating biotic and dispersal 

capacity factors. 

• Scale is an important issue in ecological studies. At this research scale, 

topographic and NDVI variables did not have much contribution to the 

model.  Large scale study at microhabitat level using higher resolution data 

might be useful to assess habitat- species relationships. 
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8. Appendices 

AppendixA.  Principal Factor Analysis (PFA) coefficients of climate variables. The  

                       PFA has six factors of which Factor 1 has a variance percentage >                     

                       95% for Abrantes area and variance percentage >99% for Fatima  

                       area. 

 

Abrantes 

Mean 

annual 

Temp. 

Maximum 

Temp. 

Minimu

m 

Temp. 

Range 

of 

Temp. 

Radiation Precipitation Variance 

percentage 

per band 

Factor 1 0.412 0.412 0.408 0.409 0.396 0.412 95.22 

Factor 2 -0.382 -0.382 0.195 0.346 0.635 -0.382 3.28 

Factor 3 0.13 0.13 -0.775 -0.169 0.565 0.13 0.99 

Factor 4 0.017 0.017 0.441 -0.827 0.346 0.017 0.51 

Factor 5 0.707 -0.707 0 0 0 0 0 

Factor 6 -0.408 -0.408 0 0 0 0.816 0 

 

 

Fatima 

Mean 

annual 

Temp. 

Maximum 

Temp. 

Minimu

m Temp. 

Range 

of 

Temp. 

Radia

tion 

Precipitatio

n 

Varianc

e 

percent

age per 

band 

Factor 

1 0.409 0.409 0.408 0.41 0.41 0.407 99.92 
Factor 

2 0.177 0.168 0.537 -0 -0.07 -0.805 0.08 

Factor 

3 0.132 0.158 -0.668 0.34 0.46 -0.428 0 

Factor 

4 -0.278 -0.361 0.246 -0.3 0.78 -0.038 0 

Factor 
5 -0.255 0.793 -0.11 -0.5 0.07 0.036 0 

Factor 

6 -0.801 0.145 0.167 0.55 -0.03 -0.039 0 
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Appendix B.  Predictive species distribution model of T.marmoratus and  

                       T.pygmaeus in Abrantes and Fatima area using only NDVI variables. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

a. T.marmoratus (Abrantes 

area) 

 

b. T.pygmaeus (Abrantes area) 

 

 

c. T.marmoratus (Fatima area) 

 

 

d. T.pygmaeus (Fatima area) 
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Appendix C. Contingency table (Pearson’s Chi-square) test showing the significant association of T.marmoratus and T.pygmaeus in  

                      Abrantes and Fatima area. 

Count 
Cell Chi^2 

Absence Presence 

Arable 159 
0.1064 

44 
0.4358 

Broad 
Leaved 

657 
31.4729 

0 
128.919 

Coniferous 735 
35.2094 

0 
144.225 

Heterogene
ous 

287 
144.628 

429 
592.428 

Mine 3 
0.1437 

0 
0.5887 

Mixed 
Forest 

116 
3.1183 

54 
12.7731 

Open Area 18 
0.8623 

0 
3.5320 

Permanent 231 
5.0204 

102 
20.5647 

Shrub 761 
5.4467 

109 
22.3107 

Urban 14 
0.6707 

0 
2.7471 

Water 
Bodies 

42 
2.0120 

0 
8.2414 

 3023 738 

b. T.pygmaeus 

   Abrantes area 

Count 
Cell Chi^2 

Absence Presence 

 Arable 203 
15.3206 

0 
48.6315 

Broad 
Leaved 

640 
39.4517 

17 
125.230 

Coniferous 547 
0.2542 

188 
0.8070 

Heterogeneo
us 

320 
92.5443 

396 
293.759 

Mine 3 
0.2264 

0 
0.7187 

Mixed Forest 129 
0.0006 

41 
0.0018 

Open Area 18 
1.3585 

0 
4.3122 

Permanent 329 
22.6748 

4 
71.9754 

Shrub 615 
3.2795 

255 
10.4099 

Urban 14 
1.0566 

0 
3.3539 

Water 
Bodies 

42 
3.1698 

0 
10.0617 

 2860 901 

a. T.marmoratus 

Abrantes area 

Count 
Cell Chi^2 

Absence Presence 

Arable Land 244 
13.8948 

1 
50.7111 

Broad Leaved 
Forest 

435 
19.7567 

13 
72.1052 

Coniferous Forest 110 
72.4314 

199 
264.350 

Heterogeneous 
Agriculture 

2081 
88.4728 

77 
322.895 

Mine Area 83 
4.4172 

1 
16.1212 

Mixed Forest 164 
258.988 

520 
945.217 

Open Space 70 
4.1250 

0 
15.0549 

Permanent Crops 403 
206.315 

632 
752.978 

Shrubs 1060 
60.0491 

5 
219.158 

Urban 286 
15.8932 

2 
58.0047 

Water Bodies 356 
20.9786 

0 
76.5648 

 5292 1450 

c. T.marmoratus 

   Fatima area 

Count 
Cell Chi^2 

Absence Presence 

Arable Land 245 
28.6226 

0 
70.6437 

Broad Leaved 
Forest 

448 
52.3385 

0 
129.177 

Coniferous 
Forest 

141 
28.3107 

168 
69.8738 

Heterogeneous 
Agriculture 

1014 
177.262 

1144 
437.502 

Mine Area 82 
8.2597 

2 
20.3859 

Mixed Forest 644 
50.7832 

40 
125.338 

Open Space 70 
8.1779 

0 
20.1839 

Permanent 
Crops 

694 
2.4599 

341 
6.0713 

Shrubs 918 
33.8123 

147 
83.4523 

Urban 186 
1.7535 

102 
4.3278 

Water Bodies 356 
41.5904 

0 
102.650 

 4798 1944 

d. T.pygmaeus 

    Fatima area 
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Appendix D: Mean environmental ranges of presence and absence of T.marmoratus and T.pygmaeus in Abrantes  area compared  

                      with t-test. 

 T.marmoratus        

 Newt Present  Newt Absent     

Abrantes  Mean Range N Mean Range N t-value DF P 

Elevation 241.07 238.09-244.05 1274 246.713 243.4-250.02 2488 -2.4842 3569.391 0.0136 

Aspect 123.891 117.63-130.15 1274 129.532 124.68-134.39 2488 -1.39681 2756.994 0.1626 

Drainage Distance 162.44 156.02-168.86 1274 215.072 209.17-220.97 2488 -11.8441 3173.814 

       

<0.0001 

Slope 3.06727 2.8791-3.2554 1274 3.28078 3.071-3.49 2488 -1.48842 3572.869 0.1367 

Vegetation Distance 52.409 48.64-56.18 1274 124.06 114.65-133.47 2488 -13.8661 3187.477       <0.0001 

           

Abrantes  T.pygmaeus        

 Newt Present  Newt Absent     

Abrantes  Mean Range N Mean Range N t-value DF P 

Elevation 219.776 217.13-222.42 1199 256.509 253.29-259.73 2563 -17.2993 3642.457 

       

<0.0001 

Aspect 139.08 132.83-145.33 1199 122.261 117.44-127.08 2563 4.180543 2615.28 

       

<0.0001 

Drainage Distance 159.649 152.78-166.52 1199 214.837 209.13-220.54 2563 -12.1265 2800.417 

       

<0.0001 

Slope 3.59009 3.325--3.8552 1199 3.02995 2.8442-3.2157 2563 3.394663 2394.372 0.0007 

Vegetation Distance 38.253 35.38-41.12 1199 128.586 119.44-137.74 2563 -18.4727 3027.301 

        

<0.0001 
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Appendix E: Mean environmental ranges of presence and absence of T.marmoratus and T.pygmaeus in  

                      Fatima area compared with t-test. 

 

Fatima T.marmoratus         

 Newt Present   Newt Absent      

Altitude 107.361 105-109.72 1234 150.863 147.17-154.56 5514 -18.1446 6573.32 <0.0001 

Aspect      188.334 

183.57-

193.1 1234 179.166 176.22-182.11 5514 2.97956 2270.192 0.0019 

Drainage Distance 179.434 

172.82-

186.05 1234 445.441 420.65-470.23 5514 -18.2154 6550.543 <0.0001 

Slope 5.08017 

4.9114-

5.249 1234 4.68266 4.5668-4.7985 5514 3.80779 2544.826 0.0001 

Vegetation Distance     150.885 

140.17-

161.6 1234 340.254 325.48-355.03 5514 -20.3452 5739.476 <0.0001 

          

Fatima T. pygmaeus         

 Newt Present   Newt Absent      

Altitude 138.716 

133.84-

143.59 1884 145.575 141.76-149.39 4864 5.99745 4270.742 0.0299 

Aspect 204.673 

200.31-

209.04 1884 171.963 168.9-175.03 4864 12.01839 4015.864 <.0001 

Drainage Distance 99.781 96.3-103.26 1884 517.117 488.95-545.28 4864 -28.7858 5012.944 <0.0001 

Slope 4.28833 

4.1657-

4.411 1884 4.93625 4.8067-5.0657 4864 -7.12349 5688.369 <.0001 

Vegetation Distance 177.458 

168.35-

186.57 1884 355.267 338.71-371.83 4864 -18.4437 6672.722 <0.0001 
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Appendix F: Present-absent binary models after introducing equal sensitivity-specificity threshold values on the    

                       continuous MaxEnt model.  
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b. T.pygmaeus, Abrantes Area 

                

        c.  T.marmoratus, Fatima area 

    

d. T.pygmaeus, Fatima area 
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Appendix G: Receiver Operating Characteristic (ROC) curves for T.marmoratus and T.pygmaeus in Abrantes and Fatima   

                      area. 
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Appendix H: These curves show how each environmental variable affects the Maxent prediction for Abrantes area. The (raw)   

                       Maxent model has the form exp(...)/constant, and the curves show how the exponent changes as each environmental  

                       variable is varied, keeping all other environmental variables at their average sample value. 
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T.pygmaeus, Abrantes area 



 

 

Predictive Modelling of Amphibian Distribution using Ecological Survey Data 

73 

Appendix I: These curves show how each environmental variable affects the Maxent prediction for Fatima area. The (raw) Maxent   

                        model has the form exp(...)/constant, and the curves show how the exponent changes as each environmental variable is  

                        varied, all other environmental variables at their average sample value.  
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Appendix J: Kappa, coefficient of agreement between the present MaxEnt and  

                      future MCE model for T.marmoratus and T.pygmaeus 
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