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A Machine Learning Based Approach to Predict
Species-Habitat Relationship in Australia

Preethi Belur Ramesh
x20180101

Abstract

The ecological balance hangs on the abundance of flora and fauna. The de-
clining numbers of species can be attributed to multiple reasons such as climate
change, habitat destruction and human interference. Therefore, this research aims
to represent the relationship between the species and the climatic conditions of the
habitat using Machine Learning Techniques and Statistical Analysis to understand
the climatic conditions affecting the distribution patterns of the endemic species of
Australia. As a novel approach, this research also tries to draw parallels between
the warm-blooded bird species and cold blooded frog species to infer if species
that inherently react differently to the climate show similar signs of decline and
distribution to historic and future climate variables.

1 Introduction

An understanding of the species-habitat relationship is necessary for efficient conservation
and management decisions. Modern ecological theories generalize ecological patterns over
geographical regions and attribute spatial distribution of species to climatic conditions,
vegetation, and food availability (Bagariaa et al.; |2021). The decreasing distribution or
abundance of species caused by climate change has disrupted the species-habitat associ-
ations, according to most conservationists and wildlife organizations. Furthermore, rising
seasonal temperatures that correlate with poor habitat quality are responsible for the
phenological anomalies in species [Foden et al.| (2019). About 66% of ectothermic species
and 83% of endothermic species are highly susceptible to climate change impacts which
are not identified by the the International Union for Conservation of Nature (IUCN) Red
List of Threatened Species indicating that the species are under a larger threat than the
conservation status might alone indicate (Hart et al.; [2018)). According to (Hoffmann
et al.; [2019), Australia is prone to notable climate-change factors such as bushfires, ex-
treme temperature and rainfall and droughts. Due to these factors, forest and woodland
areas are likely to be reduced, heatwaves occur, and snow cover in the Australian Alps
is reduced, putting both marine and terrestrial ecosystems at risk. Furthermore, the
distributions of species belonging to different taxonomic groups might change differently
due to environmental factors (Hart et al.; 2018). It is especially true for endotherms and
ectotherms because their phenotypes and interactions with the environment differ.

This study explores one of the most powerful mechanisms, Species Distribution Mod-
els, that can be used to investigate the correlation between climate variables and species



Table 1: Ecological Terms Used in the Research

Terms Definition

Endotherms Warm-blooded species that can regulate the internal temperature using
body heat

Ectotherms Cold-blooded species that rely on external sources to control the body
temperature

Endemic Species | Native to a particular country or region

Genus Biological classification that groups similar species.

Phenotype Characteristics of an organism based on its interaction with environ-
ment

spatial distributions. The approach is based on the use of robust machine learning al-
gorithms coupled with statistical models on species occurrence data associated with cli-
mate data to understand changes in species’ habitats as a result of environmental drivers.
Moreover spatial projections of changes in habitat and distribution as a result of present
and future climate change impacts are analyzed in depth.

In particular, this research examines the distribution of Australian endemic species,
based on historic bio-climatic variables, by using machine learning techniques such as
Boosted Regression Trees and Random Forests to determine the presence and absence of
these species in Australian geographical spaces. Also, the response curves are analyzed
to determine the climatic variable that is more predominantly responsible for the change
in species habitat. Further, the Ensemble model is utilized to forecast the distribution
of species in the future based on the future climate data with carbon emission concen-
trations projected at Radiative Concentration Pathways (RCP) 8.5 ppm, a value derived
from multiple climate models. Comparing the habitat behavior of ectothermic frog and
endothermic bird species in relation to climate change is another significant part of this
research. Table [1| represents the ecological terms used in this research as a helpful guide.

The research paper is divided into following sections, firstly, the existing research
on the species distribution models are critically analyzed, the next section represents
the general design framework that the species distribution models follow along with the
framework followed in this research. The fourth section delves deep into the methodology
and implementation of the models followed by the model evaluation. Finally, the discus-
sion and future work describe the interpretations of the findings along with the research
implications.

2 Related Work

This section critically analyzes the previous work in the prediction of species distribution
based on climate variables. The contributions and limitations of each paper is described
in depth. Moreover, the modelling methods, evaluation techniques and Machine Learning
and Statistical Approaches undertaken are explored abundantly.

2.1 Species Distribution and Climate Impacts

The article (Hart et al.f 2018]) analyses the reduced population of the Tufted Puffin species
and predicts the habitat shifts due to warming marine and land temperatures using the



species distribution modelling. Past and Future climatic data are scaled and used as
explanatory variables against the species data to model the species’ spatial distribution
changes by including generalized boosting models, random forests, generalized linear
models, and ensemble modelling techniques. Although the study depicts the effects of
warming temperatures on population trends, it is limited to only a single species. It
does not provide insights into the habitat suitability differences amongst other related
seabird species. Furthermore, the SDM implementation does not include any replication
techniques such as cross-validation or bootstrapping that potentially reduce the model
uncertainty.

The study (Bagariaa et al.; [2021)) includes 21 species occurring in the Himalayan arc.
The species are grouped into different cohorts by performing ordination and clustering
techniques upon which 2 different modelling frameworks such as SDM and Bioclimatic
Envelope Models (BEM) were applied. The results were used to access the clusters prone
to decline due to climate change. The only limitation is that there are uncertain ecological
relationships with clusters having rare species owing to the lesser occurrences.

Another work (Shabani et al.j 2018)) analyzes the accuracy of species distribution
models generated using five types of bio-climatic models, and three threshold selections
to predict the distribution of eight plant species in Australia. The study limits to the
discussion of the accuracy of models without indulging in what those results mean in
terms of the habitat suitability for the plant species, however, the study indicates TSS
to be a better evaluator for different models compared to AUC.

In (Tiago et al.f 2017)) species distribution modelling is performed on 20 species con-
sisting of 11 reptiles and 9 amphibians. The modelling technique used is Generalized
Additive Models to get an outcome of 10 replicate predictions for data obtained from
two different sources to compare if the model performance depended upon species having
well-sampled climatic niches. The SDM evaluation is limited in the paper but gives a
good overview of factors that affect SDM performance.

(Dyderski et al.f |2018) examine the effects of climatic changes on the European forest
tree species. The implementation is carried out by developing General Circulation models
for three climate change scenarios such as optimistic, moderate and pessimistic. The
model outcomes were evaluated using AUC and it was observed that the plant species
could be categorised into a winner, loser and alien groups based on the responses of the
tree species to climate change. This study intricately presents the feature importance of
the 3 categories but fails to look at threshold-dependent evaluation techniques and the
prevalence of species.

2.2 Analysis of Model Performance

The increasing uncertainty of species distribution models due to collinearity issues amongst
the predictor variables are discussed in (De Marco and Nobrega; 2018). The SDM models
are implemented using both collinear predictors and non-collinear predictors derived from
PCA, the predictions are derived from both models to compare the spatial distribution
of species. The outcome of the study concludes that the PCA-derived variables control
the negative impacts of collinearity on the models.

Authors of (Fourcade et al.; 2018) explore the performance of species distribution
modelling using pseudo-environmental predictors instead of real bio-climatic variables.
The pseudo-predictors were created using the classical paintings obtained from Google
search. The results show that the SDMs could easily be derailed using meaningless



predictor variables and show that the evaluation of SDMs cannot rely only on AUC. It
also indicates the importance of selecting only those environmental predictors that can
add value to the models.

Research by (SUNG et al.; [2018) addresses the effectiveness of the models when species
of different sample sizes are included. A total of seven sampling sizes and eight modelling
techniques are used along with ANOVA, a statistical technique used to differentiate the
models. It was noted that the model performance plateaued as the sample size became
greater than 200. This study informs the correct use of statistical techniques in SDMs;,
then again relies only on AUC for evaluating the model performance.

3 Design Framework

The general design of Species Distribution Modelling framework includes components
such as (1) The species occurrence data, (2) location representation of the environmental
characteristics, and (3) a model that maps the species observations and environmental
characteristics to predictions (Beery et al.; 2021)).

Formally the components are defined as follows,

(1) The species observation or occurrence data represents a collection of records in-
dicating the presence or absence of species at a particular location. This can be written
as {z', '}V where z* € S or spatial location represented using latitudes and longitudes,
and y' € {0,1} where absence(0) and presence(1).

(2) A location representation of environmental characteristics h(z) € R* where k is
geospatial data layers or climatic layers and h(x) is a way of representing the species
observations x € S in this environmental location. In other words, inclusion of the envir-
onmental feature space (Australian climatic layers) where the species (endemic birds &
frogs) are observed.

(3) Model [, : Z — [0,1] where 6 is a parameter vector. The objective of the
aforementioned function f[,(h(z)) is to predict the presence and absence of species on a
geospatial location using a supervised learning machine learning model. In other words,
predicting distribution of endemic species by mapping interpolated climatic layers in Aus-
tralia using ML models.

The methodology followed in this research is represented in the form of a flowchart in
Figure [l The approach is along the lines of the formal definition described in the above
section. Each step of the methodology such as the Spatial Data Extraction, Spatial Data
Pre-processing, Model Generation, Model Resampling, Model Evaluation, and Result
Interpretation will be explained in detail in the next sections. Finally, the similarities and
differences in the distribution of endothermic and ectothermic species will be compared.

Further, forecast of the species distribution is predicted using the weighted ensemble
techniques with statistical methods such as Test Skill Statistic(TSS) and AUC that takes
the future climatic geospatial data combined with the model objects generated for each
species group as input (depicted in Figure [2)).
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Figure 2: Flowchart: Forecasting Endemic Species Distribution in the Future

4 Methdology

4.1 Extraction of Species and Environmental Data
4.1.1 Historical Climate Data

The Environmental data consisting of the bioclimatic variables or the biologically mean-
ingful variables defined for the period 1970-2000 are obtained from the WorldClim( at
a spatial resolution, 5 arc minutes of a latitude/longitude degree which is about 9km
at the equator using the getData method, Rasterﬂ package in R. The data obtained is
WorldClim version 2.1 released in January 2020. The 19 bio-climatic variables (described
in Table [2)) consist of a set of global climate layers resulting from interpolation of the
monthly climate observations.

4.1.2 Endemic Species Data

The Australian endothermic bird species and the ectothermic frog species occurrence
data is obtained from the Global Biodiversity Information Facility (GBIF)H combining
datasets from resources such as EOD — eBird Observation Dataset, NSW BioNet Atlas,
BirdLife Australia, Birdata, Victorian Biodiversity Atlas, SA Fauna (BDBSA), WildNet
- Queensland Wildlife Data, Gang-gang cockatoo survey, Fauna Atlas N.T, iNaturalist
Research-grade Observations, New South Wales Bird Atlassers, FrogID, Australian Mu-
seum provider for OZCAM, and South Australian Museum. Furthermore, the species lis-
ted by the IUCN as Critically Endangered, Endangered, Vulnerable and Near Threatened

! www.WorldClim.org
Zhttps:/ /www.rdocumentation.org/packages/raster/versions/3.6-11
3www.gbif.org



Table 2: Bio-Climatic Variables Obtained From WorldClim®

Bio-Climatic Variables | Description Unit
BIO1 Annual Mean Temperature °C
BIO2 Mean Diurnal Range °C
BIO3 Isothermality (BIO2/BIO7) (* 100) °C
BIO4 Temperature Seasonality (standard deviation *100) | °C/100
BIO5 Warmest Month’s Maximum Temperature °C
BIO6 Coldest Month’s Minimum Temperature °C
BIO7 Annual Range of Temperature (BIO5-BIO6) °C
BIOS Wettest Quarter’s Mean Temperature °C
BIO9 Driest Quarter’s Mean Temperature °C
BIO10 Warmest Quarter’s Mean Temperature °C
BIO11 Coldest Quarter’s Mean Temperature °C
BIO12 Annual Precipitation kg m-2
BIO13 Wettest Month’s Precipitation kg m-2
BIO14 Driest Month’s Precipitation kg m-2
BIO15 Precipitation Seasonality (Coefficient of Variation) | kg m-2
BIO16 Precipitation in the Wettest Quarter kg m-2
BIO17 Precipitation in the Driest Quarter kg m-2
BIO18 Precipitation in the Warmest Quarter kg m-2
BIO19 Precipitation in the Coldest Quarter kg m-2

only are included in this study. Overall, the occurrence data has 257 columns with crucial
information such as the count of the individual species and coordinates of the species’
presence.

4.1.3 Future Climate Data

The Future climate data is obtained similar to the historical climatic data using the
getData method from the Coupled Model Intercomparison Project 5 (CMIP5). Additional
arguments must be included in the method such as the resolution of the climate data,
Representative Concentration Pathways (RCPs) which represents the concentration of
carbon dioxide and other greenhouse gases measured in parts per million, time period in
years and model using which the climate data is interpolated. The parameters that were
chosen for this study are 5 arc minute resolution, RCP of 8.5, 70 years and multi-ensemble
model.

4.2 Preparing And Transforming Spatial Data

The Data Preparation step involves gathering and processing the biodiversity and envir-
onmental data.

For the best SDM results, spatial coordinates that indicate the presence or existence
of species and the absence of species must be consistent between the environmental and
species data. Furthermore, it is imperative to have occurrence data containing both
presences and absences or pseudo-absences or background points having proper sample
sizes (Liu et al.; 2018). Therefore, the endothermic and ectothermic species’ occurrence
data records with null latitude or longitude values or individual species counts less than



(a) Global Climatic Regions (b) Australian Climatic Regions

Figure 3: Global Climatic Regions Cropped to Include Only Australia

5 in a particular region are not considered to reduce uncertainty in the model. However,
by doing so, the absence data points were reduced. This issue is resolved while creating
an SDM object.

Finally, the biodiversity data is transformed to contain only endemic (native or found
only in Australia) species. After this transformation, the data consisted of 47 species of
birds and 22 species of frogs.

The columns latitude, longitude, and occurenceStatus are extracted from the species
data to create a new dataframe. Furthermore, the latitude and longitude columns are
converted into a spatial coordinates object by coords method and the occurrenceStatus
which represents "presence’ or 'absence’ of species is converted into a factor of Os and
1s. Due to the former conversion into a spatial object, the dataframe is automatically
type-casted into a Spatial Points Dataframe.

The bio-climatic data of type RasterStack contain not just the Australian regions
but the global climatic layers. Therefore, the global climatic regions were cropped only
to include the spatial polygons that is 112.92°W to 159.1°W and -55.1°N to -9.14°N of
Australia as the species are endemic in nature.

Figure [3| represents one of the bio-climatic variables, precipitation of the driest month
(BIO14), cropped to include only the Australian spatial range.

Since bio-climatic variables are interpolated from climate observations, there is a
tendency for them to be multicollinear. A combination of two strategies is implemented
to tackle this (Naimi and Araujoj; [2016). The first procedure, vifcor includes iteratively
finding pairs of variables with maximum linear correlation or having a correlation higher
than the threshold. Out of the pair, one variable with greater Variance Inflation Factor
(VIF) is removed. This procedure is carried out until no multicollinear variable remains.
The second strategy, vifstep includes a stepwise procedure of calculating the VIF of all
the variables while removing the one with the highest VIF at each step until no variables
are highly correlated to one another. The common variables that remain after both the
procedures are considered for the modelling.

Table |3|represents the remaining bio-climatic variables after performing the aforemen-
tioned strategies and Figure 4| depicts the spatial representation of these variables.

Although multiple studies have included Principle Component Analysis (PCA) to
eliminate the highly collinear variables, it was not considered in this study for two reasons
(Gonzalez; 2018), (1) Including PCA reduces the interpretability of the feature import-
ance that are derived from the modelling, and (2) the multicollinear variables reduction
techniques followed by PCA complicates the projection of new geographical or temporal
extent.



Table 3: VIF of The Remainder Bio-Climatic Variables

(a) vifstep

Variables | VIF

BIO2 2.295498
BIO3 4.405041
BIOS 2.461119
BIO9 3.430463
BIO13 5.195553
BIO14 3.508061
BIO15 2.254147
BIO18 4.178966
BIO19 3.260141

Mean.Diurnal.Range

ot

Precip.of Wettest Month

Precip.of Warmest.Quarter

Mean.Temp.of.Wettest Quarter
~7 =T

(b) vifcor

Variables | VIF
BIO2 2.074739
BIOS 2.240553
BIO9 2.224379
BIO13 4.89417
BIO14 3.174495
BIO15 2.157783
BIO18 3.877207
BIO19 2.955217

Precip.of Driest Month

Precip.of.Coldest.Quarter

Mean. Temp.of Driest Quarter
=7 =T

Figure 4: Bio-Climatic Variables After Removing Multicollinearity




4.3 Modelling The Distribution Of Endemic Species

The 47 species of birds are further combined into 15 different groups based on the genus.
For example, Calyptorhynchus baudinii, Calyptorhynchus lathami, and Calyptorhynchus
latirostris are grouped together as they belong to the genus Calyptorhynchus. Similarly
22 species of frogs were combined into 5 groups. Figure |5 shows the occurrence counts of
species data included in this study.
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Figure 5: Occurrence Count - Endotherms vs Ectotherms

Some of the related works have used the BIOMOD or dismo packages in R. However,
these packages have limitations in terms of the number of species distribution related
packages and modelling methods. Furthermore, the packages lack standardized modelling
techniques which makes it difficult to compare the outcomes to determine the superior
technique while modelling the species distribution. In this research, the sdm package in R
released recently by (Naimi and Araujo; 2016) was used to model the species distribution
as it is a unified and standardized framework that supports several modelling approaches
that are both mechanistic and correlative. Furthermore, the sdm is object-oriented in
design, making it an efficient error handler in addition to being highly readable due to
its graphical user interface built on Rshiny.

4.4 Model Generation

The sdm library consists of the sdmData method used to create a data object of single
or multiple species. It includes arguments such as explanatory variables (bio-climatic
variables), background data and species observation points.

One of the main concerns while analyzing the species distribution are the sparsely
available absence data points. To compensate for the reduction of absence data points
while removing the inconsistent data, the gRandom was used to create pseudo-absences
or background points. The method works by assigning coordinates in a geographical
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space as the absence sites of the species while ensuring that these points do not match
with the known present points. Also, the number of background points is decided based
on the sample size of species belonging to a particular genus.

The data objects created are then fit and evaluated using the sdm method. This
method is responsible for model building using Machine Learning Techniques with un-
derlying statistical methods. It requires arguments like the data object, techniques to fit
the models, and optional replication or resampling methods with train and test split.

The Boosted Regression Trees (BRT) and Random Forest (RF) techniques are chosen
to perform the species distribution modelling. BRT, a combination of decision tree and
boosting methods improves the predictive performance by building weighted trees with
a random subset of input data while improving upon the weaker learners by recognizing
the errors in the previously fitted to build the subsequent trees. On the other hand, the
RF is built upon several trees using a bagging approach having a different combination
of the original data in each tree, which leaves room for less error. Moreover, both these
techniques help realize the most important climatic layers that impacts the distribution
of species (Hart et al.; [2018]).

4.5 Model Resampling

In order to make the model predictions less biased, it is important to include multiple
representations of the samples of the population (Dodangeh et al.;|2020)). While predicting
the species distribution, resampling techniques such as bootstrapping, cross-validation,
and sub-sampling can be used to partition the data into dependent or independent test
percentages and run the model multiple times to obtain best results.

In this research, cross-validation is used as a resampling technique because it increases
the predictive nature of the modelling while having climate variables that are strongly
correlated. In this approach, the model is fit on the training data while the evaluation is
performed on the test. As independent test data is not available, the data is partitioned
into 80% training and 20% dependent test data. Furthermore, the data is divided into 5
folds where one part is used for testing and four parts are used to train the model (Valavi
et al.; 2019).

5 Evaluating the Model Performance

The models generated using BRT and RF techniques with 5-fold cross validation can be
evaluated based on the model output. Generally, the distribution models produce both
binary and continuous results. The binary results categorize the geographical space as
either containing species distributions or not, whereas the continuous results indicate the
probability of such distributions occurring.

The binary results of SDM can measure the discrimination capacity of the model,
which showcases the model’s ability to correctly classify the presence and absence sites of
the species. On the other hand, the continuous results can measure the reliability of the
model which determines the conformance between the predicted probability of occurrence
and proportion of observed occurrences Liu et al.| (2009).

In order to evaluate either discrimination capacity or reliability, a range of indices
can be used, of which there are two types - (1) Threshold-dependent indices and (2)
Threshold-independent indices.
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5.1 Threshold-Dependent Evaluation

The Threshold-Dependent evaluation is performed using indices that work on binary
results or on continuous results that have been converted into binary outcome with the
aid of a specific cut-off value, termed as threshold.

As a general rule of thumb, 0.5 or 0.05 are commonly considered to be the threshold
in ecology to determine the model accuracy. However, since there is no ecological signi-
ficance in choosing such thresholds, the best approach to choose a threshold is the one
that maximizes the agreement between the predicted and observed distributions.

(1) True Skill Statistic (TSS) - One of the effective threshold-dependent measure
of accuracy of the distribution of species as it provides equal weights to sensitivity and
specificity. Furthermore, since TSS does not depend on prevalence, which is the frequency
of species occurrence, TSS can evaluate models without creating bias based on sample

size (Kumar et al.; 2018).

TSS = Sensitivity + Speci ficity — 1 (1)

In general, a model’s performance is considered better if the TSS value approaches
1 or is higher than threshold of 0.7. Figure [0] depicts lollipop plots indicating the mean
performance of TSS on the test data for the different groups of endemic bird and frog
species.

The following observations were made comparing the models and the species, It is
notable that the models generated using RF performs better than the BRT in all instances
for both species. Additionally, in endotherms, both models seem to perform relatively
bad for genus groups Aphelocephala and Amytornis which cannot be to attributed to
a valid ecological reason. Similarly, in ectotherms, the models generate lower TSS for
species groups belonging to Mixophyes and Philoria which could be attributed to their
sample size. Overall, the models have performed relatively well for endotherms compared
to ectotherms.

5.2 Threshold-Independent Evaluation

The Threshold-Independent evaluation is performed with indices that can be applied on
the continuous results without having to convert them to a binary solution.

(1) Area Under Curve (AUC) - The Area Under Curve are obtained from the ROC plot
and similar to TSS, are insensitive to prevalence. The ROC plot is generated by mapping
the probability of predicted occurrence against the commission error. Additionally, AUC
can be calculated for all thresholds that fall under the probability of predicted occurrence,
regardless of which threshold is used (Jiménez and Soberon; 2020)). In other words, an
AUC value indicates the likelihood that, if a presence site and absence sites are randomly
selected from the population, the predictability of the presence site is higher than an
absence site.

Figure [7| depict the ROC plots for the endemic bird species for the models RF and
BRT. These plots are generated on all the species group at a time with the cross-
validation. The AUC is measured for both training and test data indicated by colors
red and blue respectively. Although both models perform well (indicating that both
presence and absence sites are well-distinguished), the RF model performs better having
0.997 on training and 0.963 on test data.

12
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Figure[§ depict the ROC plots for the endemic frog species for the models RF and BRT.
These plots are generated on all the species group at a time with the cross-validation.
The AUC is measured for both training and test data indicated by colors red and blue
respectively. Although both models perform well (indicating that both presence and
absence sites are well-distinguished), the RF model performs better having 0.997 on
training and 0.963 on test data.
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Figure 8: Mean Model Performance based on ROC plot - RF vs BRT

(2) Model Calibration - The Model Calibration plots measure the reliability of both
RF and BRT models by considering only the test data. This measure is built on the
distribution models represented as continuous results. Despite higher AUCs in both
cases, the calibration plots (shown in Figure [9] ) indicate only 0.786 for BRT and 0.925
for RF of the predicted probability of occurrence. Of the two models, RF turns out to
have better predictive ability.

5.3 Response Curves

The response plots indicated in Figure [10] depict the relationship that each species group
have between their probability of occurrence and the bio-climatic variables. The response
plots are generated for only one bio-climatic variable while having the other variables
maintained at a constant. The values on the Y-axis represent the probability of occurrence
of species ranging from 0.2 to 0.6 and the X-axis represent the scale for the environmental
variables.

The response curves indicate that the probability of occurrence of endotherms is higher
as the precipitation increases (biol9) and that the species decline with increasing tem-
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Figure 9: Calibration Plots Indicating Model Reliability
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Figure 10: Response Curves - Endotherms

perature (bio8), indicating that endotherms prefer wetter areas with low temperatures.

Similarly, the response curves indicate that the probability of occurrence of ectotherms
is higher as the precipitation of increases (biol4) and (bio19) and that the species decline
with increasing mean temperature (bio8), indicating that ectotherms prefer wetter areas
with low temperatures.
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Figure 11: Response Curves - Ectotherms

5.4 Present and Future Species Distribution

Figure (12| and Figure |13|represent the distribution of endemic bird and frog species using
historical and future climate data. The green parts indicate the highest probability of
species occurrence and light shades of red indicate the lesser probability (ranging from
0.8 to 0.1). The prediction plots are generated using weighted ensemble techniques to
choose the best prediction with TSS and AUC evaluation techniques.
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Figure 12: Distribution of Endothermic Birds Based on Present and Future Climate
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It is clear from Figure and Figure that the species are abundantly in the
Southern and Tasmanian Parts of Australia with 0.7 probability. Additionally, the endo-
therms are spread across the western and eastern regions having around 0.3 probability.
Conversely, the decline of species can be clearly seen in the predictions generated us-
ing future climate variables in Figure and Figure [12d] Nevertheless, the abundance
areas remain the same as the present distributions with declining probabilities. The spe-
cies distributed in the northern Australia are almost non-existent having only about 0.2
probability. The greener regions of Tasmania and southern Australia also seem to have
receding occurrences.
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Figure 13: Distribution of Ectothermic Frogs Based on Present and Future Climate

Figures and indicate the abundance of ectothermic frog species found to be
more in the south-eastern regions of Australia having 0.6 to 0.8 probability. A small part
of tasmanian regions also have sparse occurrences present. The future forecast indicated
in Figure and Figure are not much different from the present predictions, then
again, the western parts and some parts of south-eastern borders show declining habitats
with occurrences reducing from 0.5 to 0.2 probability.

Overall, most occurrences of both endotherms and ectotherms are in the south-eastern
and tasmanian regions. Comparitively, the receding occurrences of endotherms seem to
be higher than the ectotherms in the next 70 years.

5.5 Discussion

Overall, the evaluation of the models under historic and current climate conditions in-
dicates that the Random Forest with 5-Fold cross-validation performs better than the
Boosted Regression Trees on the test data. This result holds true for both threshold-
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dependent and independent evaluation. However, the pseudo-absences created to com-
pensate for the lack of absence sites in the data could have resulted in picking sites
where the endemic species are actually present. Furthermore, the threshold-dependent
and independent measures are seen to be dependent on the sample size while comparing
the species group within the ectotherms and while comparing the endotherms and the
ectotherms. The general trend that is followed in all the cases is that the models per-
form better on endotherms than on ectotherms due to the larger occurrence count of the
former (depicted in Figure [5).

As a result of warming temperatures in the colder months, the distribution of endo-
thermic species and ectothermic species in Australia is declining. This is indicated by
the strong correlation between increasing precipitation, declining temperature during the
colder months, and high evaluation metrics.

More importantly, present species distribution and future forecast (70 years ahead)
with the carbon emission projected at RCP 8.5 ppm are compared for both endemics. It
is found that the number of endotherms will plummet relative to the ectotherms. It can
also be inferred that the endotherms are more affected by the carbon emission rates of
the future than the ectotherms.

6 Conclusion and Future Work

Using Machine Learning Techniques and Statistical Tests, this research aimed to estimate
the distribution of endemic species using empirical models, and to identify how climatic
variables affect these models. In addition, this study also compares the distribution
behaviors of ectothermic frogs and endothermic birds in relation to current and future
climate variables.

The models are successfully generated using spatial data following a unique framework
and using the newer sdm package in R.

This study can be further expanded by including the reproduction patterns, beha-
viours and other environmental variables such as soil type and vegetation types for each
species group as explanatory variables. If more of such data is collected, reliable results
can be derived from the robust machine learning techniques. Also, as Random Forest
shows promising results it can be made more sophisticated by using Out-Of-Bag with
bootstrapping techniques.
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