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Abstract

The population decline of amphibians has become a worldwide attention during the
past decades. To protect the endangered species, niche modelling has been used as a
powerful tool of evaluating a species' potential habitat and identifying most
important environmental variables for amphibian species. Based on this knowledge,
proper conservation activities can be proposed to maintain amphibian species
population.

Maximum Entropy Species Distribution Model (Maxent) was applied to predict
amphibian species distribution by using species presence-only observation data in
combination with environmental variables. The potential distribution was modelled
for 18 amphibian species in Poland using maximum 22 different environmental
predictors.

The most important factors turned out to be precipitation and soil temperature
variables. Especially, soil temperature variables had great impact on both variables’
relative importance to the model and predicted species spatial distribution. Aside
from these variables, altitude, classified NDVI, insolation and proximity to pond
also appeared to be considerable to explain amphibian species distribution.

Furthermore, the predicted species richness distribution was compared with the
know species range from survey data. In general, potential habitat corresponded to
the expected species range but it covered much broader suitable habitat area than the
survey range.
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AMPHIBIAN SPECIES DISTRIBUTION MODELLING IN POLAND

1. Introduction

1.1. Background and Significance

Amphibians are a class of active vertebrates which spread all over the world. It
includes frogs, toads, salamanders, newts and caecilians. All amphibians are cold-
blooded and most of them lay eggs. Amphibians play an important role in natural
ecosystems as predators of invertebrates and as prey for small mammals, birds and
snakes (Pearman, 1997).

Many amphibians live in both aquatic and terrestrial habitats and are particularly
sensitive to natural ecosystem (Duellman & Trueb, 1994). Thus they are excellent
indicators of the quality of the global environment.

Due to urbanization and climatic changes, habitat fragmentation and habitat
availability decrease have become the main threat for amphibian species richness
(Olsen, 2006; Linderman et al., 2005; Woodford, 2003). By the end of the 1990s, the
population of many amphibian species had fallen down rapidly all over the world
(Alford & Richards, 1999).

In response to ongoing population declines, broad scale inventory have been
established to better understand current amphibian distribution and relative
abundance across large landscapes (Corn, 2000).

The conventional approaches for observing species distributions, e.g. ground
surveys, aerial photography, telemetry and satellite tracking (de Leeuw et al., 2002),
require funds, time and manpower due to the fieldwork involved. It is also difficult
to keep pace with landscape change because of the time-consuming process
(Osborne et al., 2002).

GI1S-based niche modelling

The problem of missing data could be resolved by using existing information on
known species habitats to infer the locations of species elsewhere (Tole, 2006). GIS-
based niche modelling approaches have been used to analyze species distribution
(Arntzen, 2006; Weiers, 2004). They make good use of the limited observation data
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and provide a powerful tool to study the relationship between species distribution
and environmental conditions (Guisan et al., 2002).

Use presence-only model

Due to time and space limitation of field survey, accurate absence data may be
lacking. Even it is available it may be not as reliable as presence data (Anderson,
2003). A species may be recorded as absent at a given location for many reasons,
e.g., the species is present but could not be detected; the species is absent but the
habitat is suitable; or the habitat is truly unsuitable for the species. The former two
situations can lead to identify false absences (Hirzel et al., 2002), which can
decrease the reliability of predictive models (Chefaoui et al., 2005).

The absence data for amphibians are even more difficult to obtain compared to other
species. All amphibians depend on moisture to prevent desiccation, and as a result
can often be seen in winter, but are much rarer in other seasons. Particular species
may be active only during certain times of the year or are active at night. Lack of
consistent and up-to-date species occurrence data constrains the species distribution
analysis (Weiers, 2004). The relationship between amphibian species richness and
environmental parameters is still not clear (Qian et al., 2007).

Predicting species distributions from presence-only data and pseudo-absences is a
powerful alternative when presence/absence data are unavailable or difficult to
obtain (Zaniewski et al., 2002; Graham et al., 2004; Guisan and Thuiller, 2005).
Different presence-only models have been developed (Manel et al., 1999).

The presence-only modelling techniques provide new solutions to study the
relationships between amphibian species occurrence and environmental parameters
to predict the potential species distributions.

1.2. Research  Objectives

1.2.1. Gener al Objective

The general objective of this study is to accurately predict the amphibian species
distribution in Poland for effective species conservation activities. In order to
achieve this, the following specific objectives are proposed.

1.2.2. Specific Objectives

e Determine environmental predictors for each species.

e  Predict "probability of occurrence" and create presence-absence maps.
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e Identify how the environmental predictors affect the model performance.
e  Accurately estimate amphibian species richness distributions in Poland.

1.3. Research Questions

e  Which environmental variables are ecologically important for affecting
amphibian species distributions based on current studies?

e  Which environmental variables are statistically important for determining
amphibian species distribution modelling process?

e How to evaluate the model accuracy and reliability?

e How do the environmental predictors affect model performance?

1.4. Research Hypotheses

Hypothesis 1

Ho: The sensitivity (the proportion of correctly predicted presences) predicted by a
distribution model is not higher than by a random prediction.

H,: The sensitivity (the proportion of correctly predicted presences) predicted by a
distribution model is higher than by a random prediction.

The formally stated hypothesis is as follows:

Hy Ogp =9

SPdis o SPran
H1: S

SPis > SPran

Where

S is sensitivity (the proportion of correctly predicted species presence)
Sp is species presence

dis is distribution model

ran is ran prediction

Hypothesis 2

Ho: The accuracy (Kappa value) of the presence-absence map predicted by the
distribution model which includes all environmental predictors is not higher than by
the distribution model which does not include soil temperature predictors.

H;: The accuracy (Kappa value) of the presence-absence map predicted by the
distribution model which includes all environmental predictors is higher than by the
distribution model which does not include soil temperature predictors.

The formally stated hypothesis is as follows:
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H():

dISsoiltem dlsnosoiltem

Hl: Kdissoiltem Kdisnosoiltem
Where

K is the Kappa value of predicted presence-absence map
dis is distribution model

soiltem is soil temperature predictors

nosoiltem is not including soil temperature predictors

Hypothesis 3

Ho: The mean observed species richness is the same as the mean predicted species
richness.

H;: The mean observed species richness is not the same as the mean predicted
species richness.

The formally stated hypothesis is as follows:

Hy: STops S pre

H;: M SFops #M S pre
Where
M is the mean value
Sr is species richness
obs is observation
pre is model prediction

1.5. Research  Approaches

The overall conceptual framework is summarized in Figure 1-1.
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Data Collection & Processing (Chapter 2)

Observation Data Environmental Data
Species Occurrence ‘ Climate, NDVI, land use, topographic and biophysical Data ‘
{Presence - Only) l
¢—¢—¢ ‘ Data Processing & Derive Pre-selected Environmental Variables ‘
Training Test '
Data Data ‘ Multi— colinearity Analysis & Removing Correlated \ariables ‘

Running Model {Chapter 3)

Remove variable { ------------ *‘ Pre-selected variables F

i Environmental Predictors
A4

Importance of »
Environmental variables N T ROCIAUC

Jacknife test l

O Probability M
‘ cl?)l;:;cihrr:shc:llctiy 'alp V% Sensitivity (true positive rate) ‘

‘ Presence-absence Map

Model Evaluation

| Amphibian Species Richness |

Discussions (Chapter 4)
\ Conclusion & Recommendation (Chapter 5)

Figure 1-1 Conceptual framework® of this study

! The “ex=ereers ¥ lines in the graph show the process of selecting environmental predictors. The
details are described in Section 3.2.3.
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2. Materials and Methods

2.1.Stud y Area

Poland is located in Central Europe. The geographic coordinates are between N 49-
54°, E 14-24°, as shown in Figure 2-1.

14 16 18 20 22 24

LITAUEN

WEISS—

UKRAINE

Figure 2-1 Topography map of Poland

Data source: http://gmt.soest.hawaii.edu/

The total area of Poland is 312,679 km® The total population is over 38 million.
Forest covers 28% of Poland’s land area. More than half of the land is devoted to
agriculture. More than 1% of Poland’s territory (3,145 km?) is protected within 23
national parks. Wetland along with lakes and rivers in central Poland are legally
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protected, as are coastal areas in the north. There are over 120 landscape parks,
nature reserves and other protected areas (http://en.wikipedia.org/wiki/ Poland).

The climate is mostly temperate throughout the country. The climate is oceanic in
the north and west. It becomes gradually warmer and continental in south and east.
Summers are generally warm with average temperatures between 20 °C and 27 °C.
Winters are cold with average temperatures around 3 °C in the northwest and - 8 °C
in the northeast. Precipitation falls down throughout the year, especially in the east;
winter is drier than summer (http://en.wikipedia.org/wiki/ Poland).

2.2.

There are 18 amphibian species in Poland, listed in Table 2-1. The pictures of the 18

Amphibian Species in Poland

species were showed in Figure 2-2.

Table 2-1 Amphibian Species in Poland (IUCN, 2006)

Code Scientific Name Common Name Family Red List
1 Bombina bombina Fire-Bellied Toad Bombinatoridae LC'
2 Bombina variegata Yellow-Bellied Toad Bombinatoridae LC'
3 Bufo bufo Common Toad Bufonidae LC'
4 Bufo calamita Natterjack Toad Bufonidae LC'
5 Bufo viridis Green Toad Bufonidae LC'
6 Hyla arborea European Tree Frog Hylidae LC
7  Pelobates fuscus Common Spadefoot Pelobatidae LC'
8 Ranaarvalis Moor Frog Ranidae LC'
9 Rana dalmatina Agile Frog Ranidae LC'

10 Rana esculenta Edible Frog Ranidae LC
11 Rana lessonae Pool Frog Ranidae LC'
12 Ranaridibunda Eurasian Marsh Frog Ranidae LC'
13 Ranatemporaria European Common Frog Ranidae LC!
14 Salamandra salamandra  Fire Salamander Salamandridae LC'
15  Triturus alpestris Alpine Newt Salamandridae LC'
16  Triturus cristatus Great Crested Newt Salamandridae LC'
17  Triturus montandoni Carpathian Newt Salamandridae LC!
18  Triturus vulgaris Smooth Newt Salamandridae LC!

! Listed as Least Concern in view of its wide distribution, presumed large population, and because it is

unlikely to be declining fast enough to qualify for listing in a more threatened category.

8
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Bufo bufo
(Photo by Bert Toxopeus) (Photo by Boris Timofeev) (Photo by Bert Toxopeus)

Bombina bombina Bombina variegata

Bufo calamita Bufo viridis Hyla arborea
(Photo by Bert Toxopeus) (Photo by Bert Toxopeus) (Photo by Bert Toxopeus)
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Triturus cristatus
(Photo by Bert Toxopeus) (Photo by Bert Toxopeus)

Triturus Ipestris

Triturus montandoni Triturus vulgaris
(Photo bv Bert Toxoneus) (Photo by Bert Toxopeus)

Figure 2-2 Photographs of the amphibian species in Poland

2.3. Species Occurrence Data

The amphibian species occurrence data (presence-only) included two independent
parts.

2.3.1. National Atlas Data

All available presence data for the 18 species covered the whole country during
1970-2002 were summarized and provided in shape file polygon format. The whole
country was divided by grids with the spatial resolution of 0.167x0.083 decimal
degrees (approximately 10x10 km). The occurrence distributions for each species
were shown in Figure 2-3. Except Rana dalmatina, all of the species spread out at
least 100 grids or even more.

2.3.2. Local Field Survey Data

The presence data for central south area was collected during 2006-2008 (Bonk &
Pabijan, 2006; Bonk & Pabijan, 2008), as shown in Figure 2-4. 73 localities were
investigated and the occurrence data for 14 species were obtained (Bombina
variegata, Salmandra salmandra, Triturus montandoni and Rana dalmatina occur
outside of this area).

10
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Bombina bombina

Bombina variegata

Bufo calamita

Legend
Il Species presence

[ |Poland GCS_WGS_1984

0 150 300 600
e e Kilometers

A

Figure 2-3 Species presence data from atlas
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Rana dalmatina

Rana esculenta

Rana lessonae

Legend

Il Species presence
[ ]Poland

GCS_WGS_1984

0 150 300 600
s Kilometers

Figure 2-3: Species presence data from atlas (continued)
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Triturus montandoni Triturus vulgaris

Legend
Il Species presence 0 150 300 600 A
[_|Poland GCS_WGS_1984 e e Kilometers

Figure 2-3: Species presence data from atlas (continued)

Amphibian species occurrence
in central south of Poland

Legend
* Species presence points
dem

. High : 2282

L Low:0

Coordinate system: GCS_WGS_84

Figure 2-4 Species presence data from field survey

2.4. Pre-selected Environmental Variables

Species distributions are limited to a certain time and space due to environmental
conditions (Gusian & Thuiller, 2005). Expert knowledge was used for selecting
environmental variables.

13
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Current studies indicate that climatic variables impact species distribution in both
direct and indirect ways (Lennon et al., 2000; Badgley & Fox, 2000). The primary
productivity may change because of less energy available for species to grow and
reproduce, which is followed by more competition and influences population
dynamics of animals. Long term NDVI images can show the overall productivity of
ecosystem and could be used as an index for net primary production (NPP) (Oindo
& Skidmore, 2002). Land cover changes, leading to fragmentation of the natural
species habitats, have also been altering the species population (Joly, 2004). The
proximity to water also has impact on amphibian distribution (Negga, 2007).

Based on previous studies (Negga, 2007; Wu, 2006; Arntzen, 2006; Sun, 2007), 36
environmental variables from six categories which have potential influences on
amphibian species distribution were pre-selected and derived from multi-datasets, as
summarize in Table 2-2. Classified NDVI, Corine map and Soil type are categorical
variables; the rest are continuous variables. In order to assess the effect of
environment on amphibian species distribution at different phase of their life cycle,
e.g., aquatic and terrestrial phase, seasonal® climate, NDVI and soil data were used
for analysis. The details of data processing were described in Table 2-2.

Table 2-2: Pre-selected Environmental Variables

Category Variable used Data format Data Source
Seasonal mean precipitation
Climate Seasonal mean max/min air Raster WORLDCLIM
temperature
Seasonal mean insolation Hard copy Local database
NDVI Seasonal mean NDVI Raster SPOT Vegetation
Classified NDVI Raster Msc thesis
Land cover Corine map Raster CLC 2000
Alti
Terrain Slo;:de Raster USGS/NASA
SRTM data
Aspect
Soil type Vector FAO
Soil Seasonal mean max/min soil Hard copy Local database

temperature at Scm depth

Proximity to Distance to pond
Y ] p Vector USGS
water Distance to river

2 In this study, season 1 is from Jan to Mar, season 2 is from Apr to Jun, season 3 is from Jul
to Sep and season 4 is from Oct to Dec.

14
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2.41. Climate Data
2.4.1.1. Precipitation and Temperature

Precipitation and temperature data were downloaded from WORLDCLIM website.
WORLDCLIM is a set of global climate layers (climate grids) with multi-spatial
resolution (30 arc-second, 2.5 arc-minutes, 5 arc-minutes and 10 arc-minutes) and
multi-temporal period (current representing 1950-2000 and future including 2020,
2050 and 2080), developed by Robert J. Hijmans, et al. (2005) from the Museum of
Vertebrate Zoology, University of California. The data layers were generated
through interpolation of average monthly climate data from weather stations where
at least 10 years of data were available. Variables included are monthly total
precipitation, and monthly mean, minimum and maximum temperature, and 19
derived bioclimatic variables. The data are widely used for mapping and spatial
modelling in a GIS or other computer program. The details of the data are described
in Hijmans' paper.

The current monthly total precipitation and monthly mean, minimum and maximum
temperature data with 30 arc-second spatial resolutions were used in this study to
generate the seasonal total precipitation and seasonal mean, minimum and maximum
temperature.

2.4.1.2. Insolation data

The monthly insolation data were obtained from the local weather stations during
2005-2008. The station points were located in Figure 2-5. The raster layers were
generated through interpolation of average monthly insolation data by Moving
Window Kriging function in Arc GIS 9.3 (Hijmans, et al., 205). The seasonal mean
insolation was calculated for further analysis.

Weather Station in Poland

Legend

* Weather Station

I Foiend 0 100 200 400
Coordinate System: GCS_WGS_1984  my — K

Figure 2-5 Location of weather stations in Poland
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2.4.2. Normalize d Difference Vegetation Index (NDVI) Data

The NDVI images were obtained from the VEGETATION database. It consists of
360 layers, generated every 10 days from Apr 1998-Mar 2008, by SPOT-4 sensor
with a spatial resolution of 1x1 km. The seasonal NDVI were calculated based on

the 10-day-period data. The classified NDVI image, including 87 classed, were
obtained from an Msc thesis work (Beltran Abaunza, 2009) and used in this study.

2.4.3. Land Cover

Corine Land Cover (CLC) 2000 was downloaded from European Environment

Agency (EEA) website (http://dataservice.eea.europa.eu/dataservice/). It provides

consistent information on land cover changes during the past decade across Europe.
in TIFF format with the spatial resolution of 100x100 m (Table 2-3).

Table 2-3 Description of land cover classes

No. Land Cover Description
1 Urban fabric Continuous and discontinuous urban fabric
. Industrial or commercial units, road and rail networks
2 Industrial area . .
and associated land, port areas and airports
. Mineral extraction sites, dump sites and construction
3 Mine .
sites
4 Non-agricultural vegetated ~ Green urban areas and sport and leisure facilities
areas
Non-irrigated arable land, permanently irrigated land
5 Arable land . g P v e
and rice fields
Vineyards, fruit trees and be lantations and olive
6 Permanent crops 4 P
groves
7 Pastures Pastures
Annual crops associated with permanent crops,
g Heterogeneous agricultural —complex cultivation patterns, principally occupied by
areas agriculture, with significant areas of natural vegetation
and agro-forestry areas
Broad-leaved forest, coniferous forest and mixed
9 Forests
forest
Natural grasslands, moors and heathland,
Scrub and/or herbaceous . .\
10 . . sclerophyllous vegetation and transitional woodland-
vegetation associations
shrub
1 Open spaces with little or ~ Beaches, dunes, sands, bare rocks, sparsely vegetated
no vegetation areas, burnt areas and glaciers and perpetual snow
12 Inland wetlands Inland marshes and peat bogs
13 Inland waters Water courses and water bodies

Source: European Environment Agency (EEA) website
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2.4.4. Topographical Data

Digital elevation model (DEM) was obtained from Shuttle Radar Topography
Mission (SRTM) and downloaded from CGIAR-Consortium for Spatial Information
(CSI) website (http://srtm.csi.cgiar.org/SELECTION/inputCoord.asp) with a spatial
resolution of 9090 m. Slope and aspect were generated from the DEM data using
Spatial Analyst function in Arc GIS 9.3.

2.4.5. Soil Data
2.4.5.1. Soil Type

Soil data (vector polygon) were obtained from the FAO database. The data were
classified based on FAO85 LEVI standard, as shown in Table 2-4. The data were
converted into raster format in Arc GIS 9.3

Table 2-4 Description of soil types

Code  Soil Type Code Soil Type Code  Soil Type
1 Town 6 Rendzina 11 Luvisol
2 Soil disturbed by man 7 Gleysol 12 Histosol
3 Water body 8 Phaeozem 13 Podzol
4 Cambisol 9 Lithosol 14 Arenosol
5 Podzoluvisol 10 Fluvisol 15 Ranker

2.4.5.2. Soil Temperature

The monthly max/min soil temperatures at Scm depth were obtained from the local
weather stations during 2005-2008. The station points were located in Figure 2-5.
The raster layers were generated through interpolation of average monthly data by
Moving Window Kriging tool in Arc GIS. The seasonal mean max/min soil
temperatures were calculated for further analysis.

2.4.6. Proximity to Water

The water bodies and water courses were downloaded from USGS website
(http://water.usgs.gov/) in vector format. "Proximity to water" represents distance
from every pixel to water. Proximity to pond and proximity to river were calculated
separately by using Euclidean distance tool in Arc GIS.

All variables were converted into raster layers in Arc GIS 9.3 and projected into
GCS_WGS84 system with the spatial resolution of 0.0167x0.0083 decimal degrees
(1x1km). All the raster layers were converted into ASCII format for further analysis.
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2.5. Multi-colinearity  Analysis

Multi-colinearity refers to linear inter-correlation among variables. High correlations
among environmental variables may result in highly unstable performance of the
Least Squares Estimator, which will lead to problems for running species
distribution model.

Multi-colinearity can be detected by calculating Variance Inflation Factor (VIF):
VIF=—— Equation 2-1

Where
R? is coefficient of determination.

VIF indicates the inflation in the variance of each regression coefficient compared
with a situation of orthogonality. The rule of thumb is that VIF>10 means multi-
colinearity may influence the least squares estimator.

Multi-colinearity was analyzed by using the linear regression tool in SPSS 16.0
software. All the categorical variables (classified NDVI, Corine and Soil type) were
excluded from the analysis as they can not be tested and VIF value for the rest 33
variables were calculated by Colinearity Diagnostics.

Table 2-5 Remaining environmental variables after multi-colinearity analysis

No. Environmental variables VIF
1 Proximity to pond 1.428
2 Proximity to river 1.686
3 The mean insolation in season 1 5.417
4 The mean insolation in season 2 4.211
5 The mean insolation in season 3 5.646
6 The mean NDVI in season 2 1.602
7 The mean NDVI in season 3 1.961
8 The mean NDVI in season 4 2.108
9 The mean precipitation in season 1 4.214

10 Slope 3.225
11 The mean min soil temperature at Scm depth in season 1 3.849
12 The mean min soil temperature at Scm depth in season 2 2477
13 The mean max air temperature season 3 6.668
14 The mean min air temperature season 3 7.604

Removal of the variable with the highest values from the variable-list was followed
by re-running colinearity diagnostics, till all the remaining values are below 10. The
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variables were omitted one by one because the values of all the remaining variables
might change drastically after removing one variable. Expert knowledge was
required to decide which variable should be removed in each step. The aim was to
try to keep as many parameters with different meaning in the list to represent as
much environmental information as possible. 14 environmental variables were
finally left (Table 2-5).

Based on the expert knowledge, altitude, precipitation in spring, air temperature in
summer, soil temperatures are important for certain amphibian species. These
variables should be considered in the modelling process even though the VIF value
is higher than 10. Based on this information and including the three categorical
variables (classified NDVI, Corine and Soil type), 22 variables were pre-selected as
the input of the model, as listed in Table 2-6.

Table 2-6 Pre-selected environmental variables used in model process

No. Variable Name Description

1 altitude altitude

2 classified ndvi classified ndvi (87 classes)

3 corine corine map

4 dis_to pond Proximity to pond

5 dis_to_river Proximity to river

6 inso_sea 1 The mean insolation in season 1

7 inso_sea 2 The mean insolation in season 2

8 inso_sea 3 The mean insolation in season 3

9 ndvi_sea 2 The mean NDVI in season 2
10 ndvi sea 3 The mean NDVI in season 3
11  ndvi sea 4 The mean NDVI in season 4
12 pre sea 1 The mean precipitation in season 1
13 pre sea 2 The mean precipitation in season 2
14 slope Slope
15  soil_type Soil type
16 sotmin sea 1 The mean min soil temperature at Scm depth in season 1
17 sotmin sea 2 The mean min soil temperature at Scm depth in season 2
18 sotmin sea 3 The mean min soil temperature at 5cm depth in season 3
19 sotmax sea 2 The mean max soil temperature at Scm depth in season 2
20 sotmax_sea 3 The mean max soil temperature at Scm depth in season 3
21 tmax_sea 3 The mean max air temperature season 3
22 tmin_sea 3 The mean min air temperature season 3
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2.6. Spatial Resolution Differences and Solutions

To study the relationship between the species distribution and environmental
conditions, the two datasets should have the same spatial resolution. As described in
Section 2.3 and 2.4, for each 10x10 km species occurrence grid, there were one
hundred 1x1 km cells for the environmental variables.

Instead of re-sampling the environmental variables into 10x10 km resolution, efforts
had been made to solve this problem in different ways (Olivero et al., 2009). For
each 10x10 km observation grid:

1. Randomly select one cell out of the hundred; use the cell value to
represent the environmental condition in the grid.

2. Select the central cell of the grid; use the cell value to represent the
environmental condition in the grid.

3. Take the mean value of all the hundred cells.

The results showed that it did not make much difference on modelling predictions no
matter which method was used to determine the environmental value for each
observation grid.

In this study, the value of central cell was selected to represent the environmental
conditions for each grid. To achieve this, the central points (x, y coordinates) of
grids were generated by the feature to point tool in Arc GIS 9.3. For each central
point, it contains the occurrence information of the grid and represents the central
cell of environmental variables in the grid as well.
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3. Amphibian Species Distribution Modelling

3.1. Introduction

In this chapter, the Maxent model was used to predict the potential distribution of
amphibian species in Poland.

3.2. Methodolo gy

3.2.1. Maximum Entropy (Maxent) model

The Maximum entropy (Maxent) is a machine-learning method used to obtain
predictions or make inferences from incomplete information (Phillips et al., 2006).
The main purpose is "to estimate (approximate) unknown probability distribution of
a species" based on the Maximum-Entropy Principle (Phillips et al., 2006).

Entropy is defined by Shannon (1948), as “a measure of how much 'choice' is
involved in the selection of an event". A distribution with higher entropy, involves
more choices. Given a set of samples (species occurrences) and set of features
(environmental variables), the Maxent model estimates niches by finding the
distribution of probabilities closest to uniform (maximum entropy), constrained by
the fact that feature values match their empirical average. Phillips et al.(2006)
documented the main features of this software:

1. Species occurrences results are a range of probabilities between 0 and 1(if
you take the logistic values). Planners can consider all sites in the landscape
based on their degree of conservation suitability (e.g. Sarkar et al., 2004).
Both presence-only data and presence-absence data can be used.

3. Ability to use numerous and diverse environmental information.
Environmental data may be both continuous and categorical.

4. Generate accurate models and provide an output which identifies the role of
each environmental variable in the prediction model.

Maxent 3.2.1 was used, as shown in Figure 3-1. The model input requires both the
species occurrence data and environmental layers:
1. The species occurrence data should be point data in MS Excel *.csv format.
Three fields are defined: species’ name, longitude and latitude (in decimal
degrees). If more than one species are being considered at a time, these are
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put systematically one after the other. The occurrence points can be divided
into training points and testing points. The proportions of training and
testing points are user-defined.

In this study, the observation grids data (Section 2.3) were converted into
points as the model input. The central points of grids were generated by the
feature to point tool in Arc GIS 9.3 to represent each grid (Section 2.6),
then converted into *.csv format. 75% of the sample points were used for
training the model while 25% were used for testing.

2. All the environmental layers should be input in ASCII raster format. They
must have the same projection system and the same geographic boundary
and cell size.

22 environment variables data were pre-processed (Section 2.5) and input
in the model. All the data used during modelling process were raster layers
with spatial resolution of 0.0083 decimal degrees (1x1 km).

Maximum, Entropy Species Distribution Modeling, Version 3.2.1

Samples Emnvironmental layers
FiIe|D 119_stageisamplelCopy of all_3.csv || Browse Directory/File |D.\1 9_stagelayer_2 H Browse
T oarcar - -
O bu = altitude Continuous - =
r
O hytarb classified_ndvi Categorical -
arl
. | V] corine Categorical v |=
(RILLEIN ¥ \iaximum Entropy Species Distrib , :
I dis_to_pond Continuous -
[ randal ( : ) rantem sotmax_sea_2: Gain is 0.1... dis_to_river Continuous - —
o | 33% | inso_sea_1 Continuous -
[ ranles inso_sea_2 Continuous -
ranrid inso_sea_3 Continuous -
e ndvi_sea_2 Continuous -
[ salsal = 3 Continuous - =
Select all | Deselect all Select all Deselect all
[ Linear features Create response curves ||
[] Quadratic features Make pictures of predictions [_]
] Product features Do j ife to variable ii
[] Threshold features Output format |Logistic v
Output file type |.asc -
[1Hinge features
Output directory (D:\159_stageloutput_2 Browse
Auto features Projection layers directory/file | Browse
| Run | Settings | Help |

Figure 3-1 Maximum entropy species distribution modelling (Version 3.2.1)
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The user specified parameters were set as follows: regularization multiplier = 0.2,
maximum iteration = 1000, convergence threshold = 0.001, maximum number of
background points = 3000.

The training model Progress starts after loading the environmental layers. The gain
is closely related to deviation, a measure of goodness of fit used in generalized
additive and generalized linear models. It starts at 0 and increases towards an
asymptote during the run. During this process, the model is generating a probability
distribution over pixels in the grid, starting from the uniform distribution and
repeatedly improving the fit to the data. The gain is defined as the average log
probability of the presence samples, minus a constant that makes the uniform
distribution have zero gain. At the end of the run, the gain indicates how closely the
model is concentrated around the presence samples; for example, if the gain is 2, it
means that the average likelihood of the presence samples is exp(2) = 7.4 times
higher than that of a random background pixel.

3.2.2. Importance of Environmental Variables

Species distribution model should be able to identify which variables are making the
greatest contribution to the model. There are two possible ways in which Maxent can
be used to address it.

3.2.2.1. Relative Contribution of Environmental Variables

While the model is being trained, we can keep track of which environmental
variables make the greatest contribution to the model. Each step of the Maxent
algorithm increases the gain of the model by modifying the coefficient for a single
feature; the program assigns the increases in the gain to the environmental variables
that the feature depends on. The relative contributions of the variables are converted
to percentages at the end of the training process.

However, the percent contribution values are only heuristically defined: they depend
on the particular path that the code uses to obtain the optimal solution, and a
different algorithm could lead to the same solution via a different path, resulting in
different percent contribution values. Especially when there are highly correlated
environmental variables, the percent contributions should be interpreted with more
caution. Having a higher percentage contribution does not necessarily imply that the
variable is more important to the species than other variables.
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3.2.2.2. Jacknife Test

Maxent can run Jackknife operation to assess the importance of each environmental
predictor variable. It excludes one environmental variable out of the model and runs
a model using the remaining variables sequentially. 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 decreases the total gain of the model higher than all the other
variables when excluded and as well as a variable which contributes the highest gain
when used alone will be identified as the most important variable.

Compared with the percent contribution values, the results of Jacknife test are more
reliable and can be easily interpreted.

3.2.3. Environmental Predictors Selection

Due to different environment requirements among species, even if the same variable
is used to build the model, its behavior will vary along with the predicted species.
Based on the relative importance of the environmental variables, environmental
predictors can be selected for each species. The basic processes are listed below.

1. Use all the 22 pre-selected variables to run the model.

2. Check the Jacknife test results. Omit the variable which has most negative
effect on the total gain (in other words, using remaining variables will get
more gain than including this variable).

3. Use the remaining variables to run the model and check the Jacknife test
results to omit another variable.

4. Repeat step 3 until all the remaining variables have positive effect to the
total gain.

Take Bombina bombina for example. Firstly run the model and Jacknife test by
using 22 variables (Figure 3-2). It can be clearly seen that Corine contributed very
little on the total gain and can be removed. After omitting Corine, the minimum air
temperature in sea 3 (Jul-Sep) showed little effect on the total gain (Figure 3-3),
which can be excluded as the second step. The process were continued until the all
the remaining variables have positive impact on the total gain.

The multi-colinearity could also be detected and reduced during this process. The
total gain will not vary much if one of the correlated variables is excluded since the
remaining correlated variables have similar effect on the model. In this case, we can
omit this variable and the multi-correlation decrease as well.
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Figure 3-2 Jacknife test results for Bombina bombina by using 22 variables
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Figure 3-3 Jacknife test results for Bombina bombina after removing Corine
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3.2.4. Presence-Absence Map and Amphibian Species Richness

The environmental predictors (Section 3.2.3) were used to run the Maxent model.
The output is a continuous occurrence probability map. A threshold must be defined
to determine the presence or absence of a species.

There are many studies working on selecting the optimal threshold for binary
predictions of presence-only models, but no dominant rules has been developed yet
(Phillips et al., 2006; Liu et al., 2005). Phillips et al. (2006) used the minimum value
of training sampling presence points to decide the presence or absence of species.
Objective approaches like maximum Kappa (Guisan et al., 1998) are frequently
used. The 10 percentile training presence value was used as the threshold (Table3-1),
which means that the ten percent of each species records with the lowest predicted
model values will fall into the absence regions, and the presence regions will
encompass the other 90% of the distribution records (Cameron et al., 2008). Using
the cut off value, the occurrence probability map can be classified into binary (1 or
0) or presence-absence and the distribution for each species will be determined.
Amphibian species richness for the whole country was calculated by overlaying the
distribution map of all species.

Table 3-1 The 10 percentile training presence threshold for each species

No. Species Threshold  No. Species Threshold
1 Bombina bombina 0.452 10 Ranaesculenta 0.463
2 Bombina variegata 0.546 11 Rana lessonae 0.529
3 Bufo bufo 0.441 12 Rana ridibunda 0.623
4  Bufo calamita 0.503 13 Rana temporaria 0.438
5 Bufo viridis 0.439 14  Salamandra salamandra 0.381
6 Hyla arborea 0.440 15  Triturus alpestris 0.590
7  Pelobates fuscus 0.450 16  Triturus cristatus 0.455
8 Ranaarvalis 0.468 17  Triturus montandoni 0.394
9 Rana dalmatina 0.585 18  Triturus vulgaris 0.427

3.2.5. Model Evaluation
3.2.5.1. Receiver Operating Characteristics (ROC) Curve

Receiver Operating Characteristics (ROC) curve is a threshold independent method
developed in signal processing and widely used for distribution model evaluation
(Fielding & Bell, 1997; Graham & Hijmans, 2006; Phillips et al., 2006).

An ROC curve is obtained by plotting sensitivity (true positive rate) on the y-axis
and 1-specificity (false positive rate) on the x-axis for all possible thresholds.

26



AMPHIBIAN SPECIES DISTRIBUTION MODELLING IN POLAND

Sensitivity and specificity are determined by cross tabulating observed and predicted
values of a model in a confusion matrix. For each particular threshold, sensitivity is
the fraction of all positive samples that are classified as truth, while specificity is the
fraction of all negative samples which are classified as false. The area under curve
(AUC) value indicates the model accuracy (Phillips et al., 2006). For random
prediction, AUC is 0.5.

If only presence data is available, ROC curves seems to be inapplicable since
absence data is required to calculate specificity. To avoid this problem, Phillips et al.
(2006) introduced a new concept of "distinguishing presence from random rather
than presence from absence". For each 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 value (For
further explanation, see Phillips et al., 2006). This process can also be interpreted as
using pseudo-absence in ROC analysis (Wiley et al., 2003).

3.2.5.2. Kappa Statistics

Cohen's Kappa coefficient is a statistical measure of inter-rater agreement for
categorical items (Cohen, 1960). It is a more robust measure than simple overall
accuracy since it excludes the agreement occurring by chance (Liu et al., 2005).
Kappa value can be calculated based on an error matrix (Table 3-2).

Table 3-2 Error matrix (observation and prediction)

Observation
Presence Absence
Prediction Presence a b atb
Absence c d c+d
atc b+d n
Where

a is number of correctly predicted occurrences

b is number of incorrectly predicted occurrences (commission error)
¢ is number of incorrectly predicted absences (omission error)

d is number of correctly predicted absences

The relative observed agreement (P,) is:

a+d :
P, = Equation 3-1
n
The hypothetical probability of chance agreement (P.) is:
P, =p,xp.+pP,XxPp,. Equation 3-2
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Where
a+cC .
p,=— Equation 3-3
n
a+b :
p,.= T Equation 3-4
b+d ,
P,=— Equation 3-5
n
c+d :
p,.=— Equation 3-6
n
The equation for Kappa is:
P,-P
k=-0—_—¢ Equation 3-7
1P,

If the groups are in complete agreement, k=1; if there is no agreement among the
groups, k<0. Kappa value can be interpreted as in Table 3-3 (Landis & Koch, 1977).

Table 3-3 Interpretation of Kappa value

Kappa Value Interpretation

<0 No agreement
0.0—0.20 Slight agreement

0.21 —0.40 Fair agreement

041 —0.60 Moderate agreement

0.61 —0.80 Substantial agreement
0.81 —1.00 Almost perfect agreement

SPSS 16.0 software was use to compute Kappa value by selecting Analysis
-> Descriptive statistics = Crosstabs tool.

3.2.5.3. Sensitivity of Local Occurrence Data

A low omission rate (1-sensitivity) is a necessary condition for a good model
(Anderson et al., 2003). The distribution model was also validated by
another independent dataset (local survey data, Section 2.3) by calculate the
sensitivity of presence points for each species.
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3.3. Results

3.3.1. Environmental Predictors Selection

Based on Section 3.2.3, environmental predictors for each species were obtained and
listed in Table 3-4. The Jacknife test results were in Appendix A.

Table 3-4 Environmental Predictors® selection

No. Species Environmental Predictors
altitude, classified_ndvi, dis_to_pond, inso_sea_1, inso_sea_2,
{ Bombina inso_sea 3,ndvi_sea 2, ndvi_sea 3, pre sea 1, pre sea 2,
bombina sotmin_sea 1, sotmin_sea 2, sotmin_sea 3, sotmax_sea 2,
sotmax_sea_3, tmax_sea_3
Bombina . .
2 . altitude, pre_sea 2, sotmin_sea 3
variegata - -
altitude, classified_ndvi, dis_to_pond, dis_to_river, inso_sea 1,
inso sea 2,inso sea 3, ndvi sea 2, ndvi sea 3, pre sea 1,
3 Bufo bufo - 7 - -~ 5645, pre_sed_

pre_sea_2, soil_type, sotmin_sea_1, sotmin_sea_2, sotmin_sea_3,
sotmax_sea 2, sotmax_sea 3, tmax_sea_ 3, tmin_sea 3

altitude, classified_ndvi, dis_to_pond, dis_to river, inso_sea 1,

i inso_sea 3, ndvi_sea 2, ndvi_sea 3, ndvi_sea 4, pre_sea 2,

4 Bufo calamita - . T T T
slope, soil_type, sotmin_sea 1, sotmin_sea_2, sotmin_sea_3,

sotmax_sea 2, tmax_sea 3, tmin_sea 3

altitude, classified_ndvi, dis_to_pond, inso_sea 1, inso_sea 2,
5 Bufo viridis inso_sea 3, ndvi_sea 2, ndvi_sea 3, ndvi_sea 4, pre sea 1,
sotmin_sea_1, sotmin_sea_2, sotmin_sea_3, sotmax_sea_2

classified_ndvi, dis_to_pond, inso_sea_1, inso_sea_3, ndvi_sea_2,

ndvi_sea 3, ndvi sea 4, pre sea 2, soil e, sotmin_sea 1

6 Hylaarborea —5¢a_2, dvl_sea_%, pre_sed_2, —ype, -7
sotmin_sea 2, sotmin_sea 3, sotmax_sea 2, sotmax_sea 3,

tmax_sea 3

altitude, classified_ndvi, dis_to_pond, inso_sea_1, inso_sea_2,
Pelobates inso_sea 3, ndvi_sea 2, pre sea 1, pre_sea 2, slope, soil_type,
fuscus sotmin_sea 1, sotmin_sea 2, sotmin_sea_ 3, sotmax_sea 2,
sotmax_sea 3, tmin_sea 3

altitude, classified_ndvi, dis_to_pond, dis_to_river, inso_sea_1,

- inso_sea_2, inso_sea_3, ndvi_sea 3, pre_sea_2, slope, soil_type

8 Ranaarvalis 5682, 11S0_sea_3, NQvI_sea_, pre_sea_2, SIope, Sor_type,
sotmin_sea 1, sotmin_sea 2, sotmin_sea 3, sotmax_sea 2,

sotmax_sea 3, tmax_sea 3

Rana . . L . .
9 . classified ndvi, corine, inso_sea_ 1, ndvi_sea 3, tmin sea 3
dalmatina - - - - - - -

" The descriptions of the environmental predictors are the same as Table 2-6.
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classified ndvi, dis_to_pond, dis_to_river, inso_sea 1,
Rana inso_sea 2, ndvi_sea 2, ndvi sea 3, pre_sea_ 1, pre_sea 2,
esculenta soil_type, sotmin_sea 1, sotmin_sea 2, sotmin_sea_ 3,
sotmax_sea 2, sotmax_sea_ 3, tmin_sea 3

10

altitude, classified_ndvi, dis_to_pond, inso_sea 1, inso_sea 2,
11 Ranalessonae inso sea 3, ndvi sea 3, pre sea 2, sotmin_sea 1, sotmin_sea 2,
sotmin_sea 3, sotmax_sea_2, sotmax_sea_3, tmax_sea_ 3

altitude, classified_ndvi, dis_to_pond, dis_to _river, inso_sea 1,

Rana . .

12 ridibunda inso_sea 2, ndvi_sea 3, pre_sea I, pre sea 2, slope,
sotmin_sea_1, sotmin_sea_3, sotmax_sea 2, tmax_sea 3
altitude, classified ndvi, corine, dis_to_pond, dis_to_river,

Rana inso_sea 1,inso_sea 2, inso_sea 3, ndvi_sea 2, ndvi_sea 3,

13 temporaria ndvi_sea 4, pre sea_ 1, pre_sea 2, slope, soil_type, sotmin_sea 1,
sotmin_sea 2, sotmin_sea_ 3, sotmax_sea_ 2, sotmax_sea 3,
tmax_sea_3, tmin_sea 3

Salamandra . .

14 salamandra altitude, pre_sea_ 2, soil type
Triturus . . . .

15 alpestris altitude, classified ndvi, inso_sea 3, pre sea 2, sotmin_sea 3
Triturus altitude, classified_ndvi, inso_sea_1, inso_sea 2, pre sea_ 1,

16 cristatus pre_sea 2, sotmin_sea_ 1, sotmin_sea 2, sotmin_sea_3,

sotmax_sea 2, sotmax_sea_ 3, tmax sea 3, tmin_sea 3
Triturus . .
17 montandoni altitude, pre_sea_2, sotmin_sea_3
Triturus altitude, classified ndvi, inso_sea 1, inso_sea 2, inso_sea 3,
18 vulgaris ndvi_sea 2, ndvi_sea 4, pre_sea 2, sotmin_sea 1, sotmin_sea_ 2,

sotmin_sea 3, sotmax sea 2

3.3.2. Presence-absence Map and Amphibian Species Richness

The species occurrence probability maps were shown in Figure 3-4.
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Figure 3-4 Amphibian species occurrence probability map in Poland
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Figure 3-4 Amphibian species occurrence probability map in Poland (continued)
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Figure 3-4 Amphibian species occurrence probability map in Poland (continued)

Using the threshold determined in Section 3.2.4 to reclassify the probability map, the
species presence-absence maps were generated (Figure 3-5).

Bombina bombina Bombina variegata

Legend

. Species presence points
1 Absence 0 150 300 600 A
mmm Presence GCS_WGS_1984 s e Kilometers

IEigure 3-5 Amphibian species presence-absence map in Poland
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Figure 3-5 Amphibian species presence-absence map in Poland (continued)
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Rana temporaria Salamandra salamandra

Triturus montandoni Triturus vulgatis

Legend
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Figure 3-5 Amphibian species presence-absence map in Poland (continued)

From Figure 3-4, it can be clearly seen that most sample points located in the high-
probability area. Only a few points scattered in the low-probability area. Figure 3-5
showed the similar pattern. All the presence-absence maps were overlaid to generate
the amphibian species richness distribution (Figure 3-6). The areas of high species
richness turned out to be the south-central part of the country.
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Figure 3-6 Amphibian Species Richness in Poland

3.3.3. Model Evaluation
3.3.3.1. ROC/AUC

AUC value for all the species were listed in Table 3-5.
Table 3-5 AUC and Kappa value for Amphibian Species

No. Species AUC (training) AUC (testing) Kappa
1 Bombina bombina 0.892 0.681 0.557
2 Bombina variegata 0.991 0.977 0.842
3 Bufo bufo 0.821 0.650 0.479
4 Bufo calamita 0.935 0.667 0.507
5 Bufo viridis 0.860 0.678 0.512
6 Hyla arborea 0.863 0.681 0.508
7 Pelobates fuscus 0.878 0.649 0.468
8 Rana arvalis 0.874 0.684 0.547
9 Rana dalmatina 0.998 0.994 0.886

10 Rana esculenta 0.919 0.716 0.469
11 Rana lessonae 0.954 0.731 0.556
12 Rana ridibunda 0.981 0.763 0.578
13 Rana temporaria 0.811 0.639 0.457
14 Salamandra salamandra 0.971 0.950 0.645
15 Triturus alpestris 0.987 0.960 0.622
16 Triturus cristatus 0.907 0.759 0.496
17 Triturus montandoni 0.983 0.976 0.677
18 Triturus vulgaris 0.866 0.683 0.506

36



AMPHIBIAN SPECIES DISTRIBUTION MODELLING IN POLAND

For training data, the AUC values of all the 18 species were higher than 0.8; 10 of
them were higher than 0.9. For testing data, 5 of them were higher than 0.9; the rest
ones fluctuated between 0.6-0.8. The ROC curves were shown in Appendix B.

3.3.3.2. Kappa Results

Kappa values were also listed in Table 3-5. According to Table 3-3, the results for
all 18 species were classified in three different agreement levels (Table 3-6).
Table 3-6 Kappa value for Amphibian Species

Class Kappa Value Interpretation No. of Species
1 0.41 — 0.60 Moderate agreement 13
2 0.61 —0.80 Substantial agreement 3
3 0.81 — 1.00 Almost perfect agreement

3.3.3.3. Sensitivity of Local Occurrence Data

The sensitivities of local presence points for 14 species were listed in Table 3-7. The
results showed large variation: for Bombina bombina, Hyla arborea and Rana
temporaria, more than 90% presence points were correctly predicted; for Bufo
calamita and Triturus alpestris, they are rare in this area (2 and 1 occurrences)
(Bonk & Pabijan, 2006; Bonk & Pabijan, 2008), the true positive rate were zero; for
Rana ridibunda, the sensitivity was also zero. The reason will be discussed in
Chapter 4.

Table 3-7 Sensitivity of species presence data

No. Species Observeq C.orrectly. Sensitivity (%)
presence points  predicted points
1 Bombina bombina 31 30 96.8%
3 Bufo bufo 55 46 83.6%
4 Bufo calamita 2 0 0.0%
5 Bufo viridis 24 14 58.3%
6 Hylaarborea 35 33 94.3%
7  Pelobates fuscus 21 17 81.0%
8 Ranaarvalis 30 21 70.0%
10 Ranaesculenta 37 28 75.7%
11 Rana lessonae 19 13 68.4%
12 Rana ridibunda 14 0 0.0%
13 Rana temporaria 50 50 100.0%
15  Triturus alpestris 1 0 0.0%
16  Triturus cristatus 16 12 75.0%
18  Triturus vulgaris 30 26 86.7%
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4. Discussio ns

4.1. Maxent Model Performance

4.1.1. Binomial Test (Hypothesis 1 testing)

One-tailed binomial test can be used to identify whether the model predicted more
accurately than random (Anderson et al., 2002). Binomial test procedure compares
the observed frequencies of the two categories to the frequencies that are expected
under a binomial distribution with a specified probability value.

If: there are t presence points, the omission rate is r and the proportional predicted
area is a. “One-tailed binomial test can be used to determine the probability of
having at least tx (1-r) successes out of the t trails, each with probability a.” (Phillips
etal., 2006)

Binomial tool in SPSS 16.0 software was used to achieve it (Table 4-1). With 95%
confidence level (P<0.05), it can be concluded that the proportion of correctly
predicted species presence is significantly higher by a distribution model than by a
random prediction all the 18 species. The null hypothesis is rejected.

Table 4-1 Binomial test for the difference of sensitivity predicted by
distribution model and random

No. Species P-value No. Species P-value
1 Bombina bombina <0.0001 10 Ranaesculenta <0.0001
2 Bombina variegata <0.0001 11 Rana lessonae <0.0001
3 Bufo bufo <0.0001 12 Ranaridibunda <0.0001
4  Bufo calamita <0.0001 13 Ranatemporaria <0.0001
5 Bufo viridis <0.0001 14 Salamandra salamandra <0.0001
6 Hyla arborea <0.0001 15  Triturus alpestris <0.0001
7  Pelobates fuscus <0.0001 16  Triturus cristatus <0.0001
8 Ranaarvalis <0.0001 17  Triturus montandoni <0.0001
9 Ranadalmatina <0.0001 18  Triturus vulgaris <0.0001
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4.1.2. Model Performance and Kappa Value

The binomial test (Section 4.1.1) and ROC/AUC values (Section 3.3.3.1) show that
the Maxent model performs better than random prediction for all the 18 amphibian
species. The sensitivity calculation of local dataset also shows low omission errors
for most species. Another advantage of the Maxent model is that it works well with
small sample size compared with other species models. Take Rana dalmatina for
example, only 8 sample points were available (6 for training and 2 for testing),
however, the training AUC is 0.998 and the testing AUC was 0.994.

As a niche modelling approach, the Maxent model determines the presence of
species by identifying the areas closely associated with observed presence localities
(Guisan & Thuiller, 2005). When we calculate Kappa, random background points
are selected as the pseudo-absences data. These locations might have similar
environmental conditions as sample points and are predicted as presence, which
leads to large false positive value (commission error) and low Kappa value.

The Kappa value also dependents on the proportion of all presences in the full
validation dataset (Fielding & Bell, 1997; Allouche et al., 2006). Take Rana
dalmatina for example. Kappa value was calculated by generating different number
of random background points (Table 4-2). It can be clearly seen that the value
reduces dramatically when the proportion of absence data become very large.

Table 4-2 Error Matrix of Rana dalmatina based on different number of
pseudo-absence points

Observation
Presence Pseudo-absence
8 points 10 points 100 points 1000 points 3131 points
Prediction  Presence 7 0 0 7 14
Absence 1 10 100 993 3117
Kappa - 0.8861 0.9284 0.6327 0.4808

The threshold for determining the presence or absence of species also affects the
sensitivity and Kappa value. In table 3-7, the sensitivity of Rana ridibunda was 0
when the 10 percentile training presence value was used as the threshold. If we
changed the threshold into the minimum training presence, 9 points of 14 were
located in presence area. Thus sensitivity and Kappa value should be interpreted
along with other information, e.g. quality of error matrix, threshold, when we do
model evaluation.
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Kappa value and AUC are also correlated with distribution range of species - the
geographical area within which that species can be found. It could be described by
the observed species distribution (occurrence data). Here the percentages of
amphibian species occurrence area in the whole Poland are used to represent the
distribution range (Figure 4-1). The higher the value is, the wider the distribution
range could be. On the contrary, the lower the value is the narrower area the species
occurs.

1.14
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0.7 q
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0.5 4

0.4 4

0.3

0.2 4

0.1

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

—&—sampling presence percentage —#— AUC fot training data === AUC for testing data Kappa value

Figure 4-1 Species presence distribution, AUC and Kappa value

From Figure 4-1, the species which are wide spread-out have lower AUC value and
Kappa result. The species which are limited in small area have higher AUC and
Kappa value. As mentioned above (Section 3.2.1), the Maxent model predict a
certain probability distribution which has the maximum entropy and subject to
certain constraints derived from sampling points (Phillips et al., 2006). For common
species, it is difficult to differentiate the environmental requirements of the
occurrences from the background areas. The accuracy of prediction could be low. If
the species lives at specified area, it is easy to establish the relationship between
presence points and environmental variables. The prediction result could be much
more accurate.
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4.2. Effect of Environmental Predictors on Model Performance

Based on Table 3-4 (Section 3.3.1), the frequency that each variable was selected as
environmental predictor were summarized in Figure 4-2. The higher the frequency
is, the more species that the variable may affect.

The mean min soil temperature at Scm depth in summer and the mean precipitation
in spring are the most important variables, used for 16 species out of the total 18.
Classified NDVI, altitude and other soil temperature variables also affect the
modelling process for most species. These variables may influence the Maxent
model performance and prediction results.

sotmin_sea 3 | ]

pre_sea 2 7| ]

classified_ndvi [ ]

inso_sea_1 [ ]

altitude [ |

sotmax sea 2 | ]

sotmin_sea 1 | ]

sotmin_sea 2 | |

ndvi_sea_3 | ]

inso_sea 3 [ ]

inso_sea 2 | ]

dis_to_pond | ]

tmax_sea 3 [ ]

sotmax_sea 3 | ]

ndvi_sea 2 [ ]

soil_type [ ]

pre sea 1 [ ]

tmin_sea 3 | ]

ndvi_sea 4 [ ]

dis_to_river | |

slope [ ]
corine [

0 2 4 6 8 10 12 14 16 18

Figure 4-2 Frequency of each variable® selected as environmental predictors

5 The descriptions of the variables are the same as in Table 2-6.
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4.2.1. Effect of Soil Temperature Variables (Hypothesis 2 testing)

The effects of all the soil temperature variables (including the mean min soil
temperature at Scm depth in winter, spring and summer; the mean max soil
temperature at Scm depth in spring and summer) are studied here. Run the Maxent
model by using environmental predictors with and without soil temperature layers
and compare the results (Figure4-3, 4-4). The AUC value and Kappa reduce notably
for all the species except Triturus alpestris and Triturus montandoni.

Bombina Bombina d

Bombina Variegata =

Bufo Bufo T

Bufo Calamita T

Bufo Viridis T

Hyla Arborea T

Pelobates Fuscus T

Rana Arvalis

Rana Esculenta T

Rana Lessonae T

Rana Ridibunda —

Rana Temporaria T :

Triturus Alpestris | 3 T

Triturus Cristatus | - .

Triturus Montandoni | =] !
Triturus Vulgaris | - :
T T T T T |
0.5 0.6 0.7 0.8 0.9 1 11

Dtesting AUC for model without soil temperature variables W testing AUC for current model
DOtraining AUC for model without soil temperature variables DOtraining AUC for current model

Figure 4-3 AUC of the models with and without soil temperature variables

The soil temperature variables affect prediction result by increasing the gain of the
model. The interesting part is that the gain of other variables does not change after
removing soil temperature variables, which means the contributions of independent
variables to the model prediction are independent from each other. Consequently,
the relative contribution of the remaining variables changes after removing soil
temperature variables since the total gain has reduced. Take Bombina bombina for
example. The comparison of percentage contribution values and Jacknife test was
attached in Appendix C.
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Figure 4-4 Kappa of the models with and without soil temperature variables

To test if the accuracy (Kappa value) of the presence-absence map predicted by the

distribution model which includes all environmental predictors is higher than by the

distribution model which does not include soil temperature predictors, the Z-value

test is used to check the Kappa difference. The process includes three steps:

1. Generate error matrix
r is number of rows and columns in error matrix

Xii is number of observations in row i and column i
Xi + is marginal total of row i

X +iis marginal total of column i

Xij is number of observations in row i and column j
Xj+is marginal total of row j

N is total number of observations

2. Kappa statistics
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Nzr:Xii—Zr:XnX +i
=l =l

_ _01-62
N-Y X X. 1792
i=1
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61_ XII
i=1 N
92 ZXI+X+I
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Equation 4-1

Equation 4-2

Equation 4-3

02[@:%91(1—91) , 201-01)(20102 -

03) , (- 01)* (04 —462°)

(1-62) (1-62)° (1-62)*
Equation 4-4
Where
Xii( Xi + +X +i
g3 = Z ( ) quation 4-5
i=l
Xij( Xj + +X +i
04 = z i X Equation 4-6
] 1
3. Calculate variance of kappa value
KI—K2 _
Z= Equation 4-7
Jo kil + o7 [k2]

The results are shown in Table 4-3. With 95% confidence level (Z<1.96), the Kappa
values using model with and without soil temperature variables are significantly

different. The null hypothesis is rejected. It can be concluded that the Kappa value of
the presence-absence map predicted by the distribution model which includes all

environmental predictors is higher than by the distribution model which does not

include soil temperature predictors.
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Table 4-3 Z test for the difference between Kappa values generated by model
with and without soil temperature variables

No. Species Z value No. Species Z value
1 Bombina bombina 17.19 10 Rana esculenta 9.36
2 Bombina variegata 31.39 11 Rana lessonae 48.25
3 Bufo bufo 6.49 12 Rana ridibunda 21.23
4 Bufo calamita 12.12 13 Rana temporaria 11.34
5 Bufo viridis 8.44 15 Triturus alpestris 5.37
6  Hylaarborea 10.48 16 Triturus cristatus 11.76
7  Pelobates fuscus 6.87 17 Triturus montandoni 24.84
8  Ranaarvalis 12.29 18 Triturus vulgaris 15.59

4.3. Species Richness Distribution (Hypothesis 3 testing)

Species richness distribution can be generated by overlaying the presence-absence
maps of all species (Section 3.3.2). Here species richness distributions are generated
by both observation dataset and model results. The output maps are reclassified into
4 classes to represent different richness levels (Table 4-4, Figure4-5).

Table 4-4 Reclassification of species richness

Class  No. of Species Species richness level
1 0-2 poor
2 3-6 fair
3 7-10 good
4 >10 excellent

Observation Result Threshold: 10 percentile Training Presence

Species richness level

1 s 0 100 200 400 A

e : I 4 Coordinate System: GCS_WGS_1984 e e Kilometers

Figure 4-5 Observed and predicted amphibian species richness

From Figure 4-5, it can be seen that the two maps are in different spatial resolutions
(the reason was described in Section 2.6). To get better comparisons of the maps, the
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layer generated from model prediction was re-sampled into the same size as the one
derived from observation grids.

Observation Result Threshold: 10 percentile Training Presence

Species richness level

[ _]1s 0 100 200 400 A
| H I Coordinate System: GCS_WGS_1984 e Kilometers

Figure 4-6 Observed and re-sampled predicted amphibian species richness

From both maps, the predicted richness distribution has similar spatial pattern as the
observed one. However, the maps generated by model prediction results reveal more
high-richness areas. To test the difference between observed species richness and
predicted species richness, Chi-square test is applied by JMP 7 software. Both the
predicted maps, before and after re-sampling, are compared with the observed map
(Table 4-5, Figure 4-7).

Table 4-5 Chi-square test showing the difference of species richness maps
generated by observation data and model prediction

Predicted map DF Chi-square Prob>Chisq RSquare(U)
without resample 9 152.688 <0.0001 0.2852
after resample 9 123.684 <0.0001 0.2293

With 95% confidence level, the predicted richness maps, both with and without re-
sampling, are significantly different from the observed richness map. The prediction
results show more higher-richness area. It can be concluded that the predicted
richness is not the same as the observed richness. The null hypothesis is rejected.

This phenomena could be explained by two reasons: since observation data is
presence-only data (Section 2.3) and background areas do not necessarily mean
absence, the model result may predict the area which have similar environmental
conditions with sampling points as presence area (under-sampling/over prediction);
the season could be the effects of historical factors (e.g. limited dispersal, speciation,
extinction). These factors act to limit species distribution to an area smaller than that
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in which its ecological needs are met (Soberon and Peterson, 2005). Even if some
areas have the same environmental with sampling area and are predicted as
presence, they might actually be absent due to historical effect. The output of the
Maxent model shows the potential species habitat at landscape scale. The area which
shows high richness could be used as reference information for conservation
activities.

o
o
re
—
e
—1

=
=y
wn

w
w

&)

=1 o
i in
[43] o
=]

Predicted species richness

Predicted species richness 2

-
-

=
=]
=}

1 2 3 4 1 2 3 4
Chserved species richness Ohzerved species richness

Figure 4-7 The Mosaic plot showing the percentage frequency occurrence

Another interesting part is the predicted species richness without re-sampling shows
more association with the observed species richness than the one after re-sampling
(Table 4-5). The reason could be that the re-sampling process reduces the data
accuracy. The testing result could also be linked to the issue that the observation
data and environmental parameters have different spatial resolution (Section 2.6).
Instead of re-sampling the environmental layer into lower resolution to match the
observation data, it is better to use it directly to make better use of the environmental
information for modelling prediction.

4.4, Environmental Predictors Selection

The AUC results of current model (using environmental predictors) and model using
22 variables were listed in Figure 4-8. There were not much difference between
AUC values but the current model used less variables.
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Figure 4-8 AUC of current model and model using 22 variables

Selecting environmental predictors to run the model has remarkable advantages:

1. Reduce input data with slightly loss of model accuracy.

2. Reduce the multi-correlations among remaining variables.
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5.

Overall Conclusion and Recommendation

5.1. Conclusion

The main objective of this research is to model the amphibian species distribution in

Poland, identify the most important environmental predictors and predict the species

richness distribution. The following general conclusions can be drawn.

The accuracy (sensitivity) of the species distribution predicted by the
Maxent model is higher than by a random prediction. For all the 18 species,
AUC are higher than 0.8; among 10 of them, AUC are higher than 0.9.

Soil temperature variables are the most important environmental predictors
for most of the species (16). The Kappa value of the presence-absence map
predicted by the distribution model which includes all environmental
predictors is higher than by the distribution model which does not include
soil temperature predictors.

The mean predicted species richness is higher than the mean observed
species richness because of under-sampling and historic reason, etc.

Instead of wusing all available environmental data, select certain
environmental predictors to run the model can reduce input data with
slightly loss of model accuracy and reduce the multi-correlations among
remaining variables as well.

5.2. Recommendation

Soberon & Peterson (2005) described the factors which determine species
distribution, including abiotic, biotic, dispersal and evolutionary capacity.
Here only abiotic factors (e.g. climate, proximity to water) are concerned. It
would be good if all these factors are incorporated together to predict the
species distribution.

Soil temperature and insolation variables were derived from climate
stations using spatial interpolation (Hijmans, 2005) which may introduce
uncertainty. If the soil temperature data with better quality is available, the
model results might be improved.
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7

. Appendixes

Appendixes A - Jacknife Test for Amphibian Species

Environmental Variable

Environmental Variable

1. Bombina bombina

Jackknife of regularized training gain for bombom

| Withoutvariable ®
dis_to_pond With anly variabls =
dis_to_river < With all variabhles =

inso_sea_2
inso_sea_3
ndvi_sea_2
ndvi_sea_3
ndvi_sea_4
pre_sea_2
soil_type
sotmax_sea_2
sotmax_sea_3
sotmin_sea_1
sotmin_sea_2
sotmin_sea_3
tmax_sea_3

tmin_sea_3

| | | | | | | | |
0.00 0.05 010 015 0.20 0.25 0.30 0.35 0.40 0.45
regularized training gain

2. Bombina variegata

Jackknife of regularized training gain for bomvar

altitude Withoutvariable ®

With only variable ®
7| With all variables ®

pre_sea_2

sotmin_sea_3

170 1.75 1.80 1.85 180 1.95 200 205 210 215 220 225 230 235
regularized training gain
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Environmental Variahle

Environmental Variable

3. Bufo bufo

altitude
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dis_to_river[
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Jackknife of regularized training gain for bufbuf
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4. Bufo calamita

altitude
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Environmental Variable

Environmental Variahle

5. Bufo viridis

Jackknife of test gain for bufvir

altitude [
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dis_to_pond
inso_sea_1[
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test gain

6. Hyla arborea

Jackknife of regularized training gain for hylarb
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Withoutvariable ®
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With all variables ®
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Environmental Yariahle

Environmental Variable

7. Pe

altitude

classified_ndvi

dis_to_pond |

inso_sea_1
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Jackknife of regularized training gain for pelfus
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8. Rana Arvalis
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Environmental Variable

Environmental Yariable

9. Rana dalmatina

classified_ndvi[
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soil_type [
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Jackknife of regularized training gain for randal
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10. Rana Esculenta
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11. Rana lessonae

Jackknife of regularized training gain for ranles

altitude 1 Withoutvariable ®
With only variahle ®
classified_ndvi | With all variables ®

dis_to_pond
inso_sea_1
inso_sea_2

inso_sea_3

Environmental VYariable
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tmax_sea_3
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12. Rana ridibunda

Jackknife of regularized training gain for ranrid
S S S S Y N N ] withoutvariable =
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pre_sea_2
slope

tmax_sea_3

go o1 02 03 04 05 06 07 08B 09 10 14 12 13
regularized training gain
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13. Rana temporaria

Jackknife of regularized training gain for rantem

) Withoutvariable ®
altitude 1 with only variable ®

classified_ndvi - With all variahles ®

corine 7
dis_to_pond 1
dis_to_river b
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Environmental Variable
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0.00 0.02 0.04 0.06 0.08 0.10 012 0.14 0.16 018
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14. Salamandra salamandra

Jackknife of regularized training gain for salsal

altitude Withoutvariable ®
With only variable ®
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s0il_type

Environmental Variable
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15. Triturus alpestris

Jackknife of regularized training gain for trialp

altitude Withoutvariable ®
With only variable ®

classified_ndvi T with all variables ®

inso_sea_3

pre_sea_2

Environmental Variahle
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0.8 1.0 1.2 1.4 1.6 1.8 2.0
regularized training gain

16. Triturus cristatus

Jackknife of regularized training gain for tricri

altitude 4 Withoutvariable ®
_ _ With only variable ®
classified_ndvi 7| with all variahles ®

inso_sea_1 1
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pre_sea_1 b
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Environmental Variable
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tmin_sea_3 b

0.05 010 015 0.20 0.25 0.30 0.35 0.40 0.45
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17. Triturus montandon

Jackknife of regularized training gain for trimon

altitude Withoutvariable ®

With only variable ®

pre_sea_2 With all variahles ®

Environmental Variable

2.20 222 2.24 2.26 2.28 2.30 232 2.34
regularized training gain
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Environmental Variahle

18. Triturus vulgaris

altitude
classified_ndvi
inso_sea_1
inso_sea_2
inso_sea_3
ndvi_sea_2
ndvi_sea_4

pre_sea_2
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Appendix B - ROC Curves
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0.0 01 02 0.3 0.4 0.5 0.6 07 0.8 049 1.0
1 - Specificity (Fractional Predicted Area)
2. Bombina variegata
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Training data (AUC =0.852) =
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Training data (ALUC =0.951) =
Testdata (AUC=0977) ®

| Random Prediction (AUC=0.5) =
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3. Bufo bufo

Sensitivity vs. 1 - Specificity for bufbuf

Training data (AUC=0.821) ®
Testdata (ALC = 0.650) ®
| Random Prediction (ALUC=05) ®
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4. Bufo calamita

Sensitivity vs. 1 - Specificity for bufcal
[ [ [ [ ' ' ' Training data (AUC = 0.935) =

Test data (AUC = 0.667) ®
| Random Prediction (ALUC=05) ®
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5. Bufo viridis

Sensitivity vs. 1 - Specificity for bufvir

Training data (AUC = 0.860) =
Testdata (ALUC=0678) ®
| Random Prediction (ALUC=05) ®
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6. Hyla arborea

Sensitivity vs. 1 - Specificity for hylarb
[ [ [ [ [ ' ' Training data (AUC = 0.863) =

Testdata (AUC = 0.681) ®
| Random Prediction (ALUC=05) ®
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7. Pelobates Fuscus

Sensitivity vs. 1 - Specificity for pelfus

Training data (AUC =0.87g)
Testdata (ALUC = 0.649) ®
| Random Prediction (ALUC=05) ®
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8. Rana Arvalis

Sensitivity vs. 1 - Specificity for ranarv
[ [ [ [ [ ' ' Training data (AUC = 0.874) =

Test data (AUC = 0.584) ®
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9. Rana dalmatina

Sensitivity vs. 1 - Specificity for randal

Training data (AUC =0.99g) =
Testdata (ALC =05954) ®
| Random Prediction (ALUC=05) ®
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10. Rana Esculenta

Sensitivity vs. 1 - Specificity for ranesc
[ [ [ ' ' ' ' Training data (AUC = 0.919) =

Testdata (AUC = 0.716) ®
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11. Rana lessonae

Sensitivity vs. 1 - Specificity for ranles

Training data (AUC =0.054) ®
Testdata (AUC=0731) ®
| Random Prediction (ALUC=05) ®
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12. Rana ridibunda

Sensitivity vs. 1 - Specificity for ranrid
[ ' ' ' ' ' ' Training data (AUC = 0.981) =

Testdata (AUC = 0.763) ®
| Random Prediction (ALUC=05) ®
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13. Rana temporaria

Sensitivity vs. 1 - Specificity for rantem

Training data (AUC=0.811) ®
Testdata (ALUC =0639) ®
| Random Prediction (ALUC=05) ®
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14. Salamandra salamandra

Sensitivity vs. 1 - Specificity for salsal
' ' ' ' ' ' ' Training data (AUC = 0.971) =

Test data (AUC = 0.950) ®
| Random Prediction (ALUC=05) ®
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15. Triturus alpestris

Sensitivity vs. 1 - Specificity for trialp

Training data (AUC =0.987) =
Testdata (ALC = 0.960) ®
| Random Prediction (ALUC=05) ®
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o
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1

01F 7

1 1 1 1 1 1
0.0 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 1.0
1 - Specificity (Fractional Predicted Area)

16. Triturus cristatus

Sensitivity vs. 1 - Specificity for tricri
[ [ [ [ [ ' ' Training data (AUC = 0.907) =

Test data (AUC = 0.759) ®
| Random Prediction (ALUC=05) ®
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0.0 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 1.0
1 - Specificity (Fractional Predicted Area)
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o o o o
= n = ~

Sensitivity (1 - Omission Rate)
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17. Triturus montandon

Sensitivity vs. 1 - Specificity for trimon

Training data (AUC =0.083) =
Testdata (ALC =0576) ®
| Random Prediction (ALUC=05) ®

1 1 1 1 1 1
0.0 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 1.0
1 - Specificity (Fractional Predicted Area)

18. Triturus vulgaris

Sensitivity vs. 1 - Specificity for trivul
[ [ [ [ [ ' ' Training data (AUC = 0.366) =

Testdata (AUC = 0.683) ®
| Random Prediction (ALUC=05) ®

0.0 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 1.0
1 - Specificity (Fractional Predicted Area)
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Appendix C - Comparisons of the Models with and without Soil

Temperature Parameters

Take Bombina bombina for example.
1. Training Gain Comparison

Jackknife of regularized training gain for bombom

dis_to_pond
dis_to_river
inso_sea_2
inso_sea_3
ndvi_sea_2
ndvi_sea_3
ndvi_sea_4
pre_sea_2
s0il_type

sotmax_sea_2

Environmental VYariable

sotmax_sea_3
sotmin_sea_1
sotmin_sea_2
sotmin_sea_3

tmax_sea_3

tmin_sea_3

0.00 0.05 010 015 0.20 025 0.30 0.35 0.40

regularized training gain

(a) Current Model

Jackknife of regularized training gain for bombom

0.45

dis_to_pond
dis_to_river
inso_sea_2
inso_sea_3
ndvi_sea_2
ndvi_sea_3
ndvi_sea_4

pre_sea_2

Environmental Variable

soil_type
tmax_sea_3

tmin_sea_3

Withoutvariable ®
With only variahle ®
With all variables ®

Withoutvariable =
With only variable ®

| With all variables ®

002 004 006 008 010 012 014 016 018 020 022 024 026 028

regularized training gain

(b) Model without Soil Temperature Variables
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2. Percentage Contribution Value Comparison
(a) Current Model

Variable Percent contribution

sotmin_sea_ 1 149
sotmin_sea 3 133
inso_sea 3 10.5
sotmin sea 2 104
sotmax_sea 2 9.5
inso_sea_2 88
sotmax_sea_3 8.7
ndvi_sea_3 39
tmax_sea_3 35
dis_to_pond 33
ndvi_sea_2 3
pre_sea_2 25
ndvi_sea_4 24
dis_to_river 2.2
soil_type 2
tmin_sea_ 3 1

(b) Model without Soil Temperature Variables

Variable Percent contribution
inso_sea 3 16.6
tmax_sea_3 16.4
inso_sea_2 14.5
ndvi_sea_2 9.5
pre_sea_2 8.9
ndvi_sea_ 3 8
dis_to_pond 7.9
dis_to_river 7.2
soil_type 4.4
ndvi_sea_4 4.2
tmin_sea 3 24
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