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ABSTRACT 

 

Climate change has caused several problems in Malaysia such as increase of 

temperature and change in precipitation patterns. Malayan Partridge (Arborophila 

campbelli) is a bird species found in Peninsular Malaysia that is facing the threat of 

habitat loss due to climate changes. Currently, this species is understudied and that leads 

to less information about the future occurrence of this species. Therefore, this study 

aims to produce a prediction of current and future occurrence of Malayan Partridge in 

Peninsular Malaysia with different models Species Distribution Model (SDM) that are 

Maximum Entropy Model (MaxEnt), Random Forest (RF), Support Vector Machine 

(SVM), Generalized Linear Model (GLM) and Bioclim. Different pseudoabsence data 

settings will be implemented to identify the best setting to predict the occurrence of the 

species. Species occurrence data were collected from public biodiversity databases 19 

bioclimatic variables were sourced from WorldClim to predict the current occurrence 

of the species. A variable selection process will be used to identify the important 

bioclimatic variables. These variables will be used for the models of SDM. To predict 

the potential future occurrence of the species, Shared Socioeconomic Pathway (SSP) 

will be implemented. The performance of the model will be evaluated through Area 

Under Curve (AUC) and cross-validation techniques. Habitat suitability maps will be 

produced because of the model to provide visualization. 

 

 

Area of Study (Minimum 1 and Maximum 2): Machine Learning 

 

Keywords (Minimum 5 and Maximum 10): Species Distribution Model, Habitat 

Suitability Map, Climate Change, Shared Socioeconomic Pathway, Malayan Partridge 
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Chapter 1 

Project Background 

In this chapter, it will introduce the background of the work including project objectives 

and scope, motivation and contributions. 

 

 

1.1 Introduction 

Climate change is one of the most significant challenges in the world that affects 

biodiversity and distribution of species. The ecosystems are changing at a high pace 

due to the rising global temperatures, changing precipitation patterns, and unpredictable 

weather. Climate changes can lead to extinction of species, changes in distribution and 

interactions [1]. Therefore, it is important to understand the climatic environmental 

variables to capture the current and future distribution trends of species.  

The Malayan Partridge, also known as Arborophila campbelli, is a bird species in the 

family of Phasianidae which includes grouse, turkeys, pheasants and partridges. It is a 

ground-dwelling bird in the montane forest of Peninsular Malaysia. It is a species that 

thrives and lives in cooler and humid environments, and it is dependent on stable 

climate condition. However, due to the change of climate, they are losing their habitat 

due to the shifting altitudinal ranges [2]. As the temperature rises, Malayan Partridge 

needs to move up to higher locations to seek for better living environments to live in. 

Due to the limits of mountain ranges, they will have nowhere to go in the end, causing 

them to become extinct in the future. 

To prevent these threats, Species Distribution Model (SDM) is a great choice as it can 

use algorithms to predict a species occurrence and distribution based on occurrence and 

environmental data [3]. Choosing the right environmental variables is important to 

generate a reliable result in SDM. 19 bioclimatic variables are being used as inputs for 

the model of SDM. However, too many variables may lead to redundancy and 

overfitting as there might be correlation between each bioclimate variable. Therefore, 

algorithm such Pearson Correlation, Random Forest (RF), XGBoost and Permutation 

Importance can be implemented to filter out the important variables first before building 

the initial model of SDM. 
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Therefore, the need of understanding and predicting the bioclimatic variables that will 

affect the occurrence of Malayan Partridge in Peninsular Malaysia is important to 

conserve this species. It is important to develop a SDM to predict the occurrence of 

Malayan Partridge to understand the correlation between the bioclimate variables and 

the occurrence of Malayan Partridge. 

 

1.2 Problem Statement 

The Malayan Partridge is a montane forest bird that can be found in highland forest 

such as Bukit Fraser and Cameron Highlands in Peninsular Malaysia. This species relies 

heavily on having a dense, untouchable forest environment to survive and thrive. 

However, the distribution of Malayan Partridge has been seriously threatened by habitat 

fragmentation, deforestation and climate change due to human activities. The species 

is under more stress due to the changes of landscape cause my human activities, that 

may lead to the major drop of its population in Malaysia. 

The traditional method is manually recording using camera traps to capture the 

occurrence of the species is less effective. This method is labor-intensive, time-

consuming as the montane forest is a difficult location for humans to access. Also, the 

manual method may lead to inaccuracies and difficulties in monitoring the occurrence 

of the species. This is because the camera might not be able to capture every angle in a 

montane forest that might cause some occurrence to be mis looked at. Other than that, 

this method may require significant time and effort to set up, making it difficult to set 

up a large-scale monitoring system. In addition, there is a need for human intervention 

to record each occurrence species that appear in specific areas. Overall, these manual 

methods of monitoring Malayan Partridge in Malaysia will be time consuming and error 

prone. 

Currently, there are limited research on the species current and future occurrence 

patterns despite its importance to conserve this species in Malaysia. It is important to 

understand how bioclimatic variables and factors can influence the occurrence of this 

species before planning an effective and useful conservation plan. However, there is 

less information and knowledge about this area. The lack of predictive system will 

cause humans to be a step slower in conservation measures and leaving the species in a 

vulnerable condition. 
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1.3 Project Objectives 

The study must achieve the following objectives. 

• To identify the bioclimatic variables that affect the occurrence of Malayan 

Partridge. 

• This objective is to identify which bioclimatic variables are related to 

the known habitat locations of Malayan Partridge 

• Having this information can be useful while selecting which bioclimatic 

variables to implement in SDM. 

• To develop Species Distribution Model (SDM) to predict the current and future 

habitat suitability of Malayan Partridge. 

• Development of SDM that uses different SDM models 

• The model can implement the future data Shared Socioeconomic 

Pathways (SSP) of bioclimatic variables for future projection for the 

occurrence of the species.  

• To evaluate the accuracy and reliability of the developed models 

• The performance of the developed model will be determined by using 

performance metrics to ensure the model provides a reliable result. 

 

1.4 Motivation 

The Malayan Partridge is a species that is vulnerable to climate changes as it primarily 

appears and lives in montane forest at higher elevations. Therefore, this species is 

highly sensitive to any changes to its environment. As the global climate changes. 

Malayan Partridge might not be able to adapt to the new conditions and lead to 

extinction. Even though it is important to understand how climate change affect this 

species, there are currently few research that focus on Malayan Partridge in Malaysia. 

SDM has proven that it is a useful tool to predict the occurrence of species based on 

various environmental variables. Therefore, the project is motivated by the needs of 

understanding how bioclimatic variables can affect the occurrence of Malayan 

Partridge. Having this information can provide better understanding of the impact on 

the species and develop conservation measures to protect the species. 

 

 



CHAPTER 1 

Bachelor of Computer Science (Honours)  
Faculty of Information and Communication Technology (Kampar Campus), UTAR 

4 
 

1.5 Project Scope 

The project is to develop a Species Distribution model using multiple algorithms 

methods to predict the occurrence of the Malayan Partridge in Malaysia. The aim of the 

model is to provide a tool that will provide insights on how climate change will affect 

the current and future occurrence of the species. The scope of the environmental 

variables will be focused on bioclimatic variables and factors such as land use and 

vegetation cover will not be included.  

This will be achieved by implementing occurrence data of Malayan Partridge and 

bioclimatic variables as input data in an SDM. The bioclimatic variables will be 

selected and filtered using correlation filter, Random Forest (RF), XGBoost and 

Permutation Importance algorithm to identify the important variables for the models 

SDM. Then different settings of pseudoabsence data will be implemented to identify 

the best and optimal model settings. After deciding on the best model setting, the results 

of different models SDM will be compared using the AUC and predicted distribution 

map for Malayan Partridge. The chosen best models will be evaluated more by 

predicting the future occurrence of Malayan Partridge using bioclimatic variables with 

SSP. 

The result of the project will identify the best models that can be used to predict the 

occurrence of Malayan Partridge. These models will be producing the distribution map 

of the current and future occurrence of the species. This can be used for visualization 

for any conservation use. 

 

1.6 Contributions 

In this project, Species Distribution Model will be developed using different algorithms 

to predict the current and future occurrence of the Malayan Partridge. Comparing 

different algorithms can provide a better insight on which algorithms are suitable for 

predicting the occurrence of the species. The project will also explore the importance 

of using different pseudoabsence settings for SDM. Having the information and 

knowledge of future occurrences for the species, it will be able to provide insights into 

the species’ habitats suitability in the future having considered the impact of climate 

changes. It also provides information for planning conservation measures to protect this 
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species in Malaysia. Other than that, there are limited studies on the impact of climate 

change on Malayan Partridge in Malaysia. Therefore, this project can help to fill some 

knowledge gaps about this species. 

 

1.7 Report Organization 

The report is structured into 6 chapters. Chapter 1, Introduction provides an overview 

for the project such as problem statement, project scope and objectives, motivation and 

contribution. Chapter 2 is the literature review part, provides information about existing 

research and methodologies related to Species Distribution Model. Chapter 3 shows the 

system model of the process of developing Species Distribution Model. In chapter 4, it 

describes the implementation work that has been completed to develop the model. 

Chapter 5 provides the interpretation of the results produced by SDM. Lastly, Chapter 

6 concludes the project findings and future work that can be done. 
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Chapter 2 

Literature Review 

 

2.1 Introduction to Species Distribution Model 

Species Distribution Models (SDMs) are essential and important tools used in various 

fields such as evolution, ecology, conservation and epidemiology to make critical 

decisions and study biological phenomena [4]. SDM is valuable for cases where 

experimental approaches are not feasible. By correlating environmental variables with 

known occurrences of species, SDMs can provide predictive insights of potential 

distribution species over different geographical areas. Sometimes, biotic information 

can be included as a predictor variable in SDMs [5]. The presence of a competitor or 

predator can limit the distribution of a species. For example, the distribution of deer 

will be affected by the presence of wolves. However, mutualistic relationships, such as 

a relationship between clownfish and sea anemone can increase the distribution of the 

species. Clownfish require the protection of anemone from predators, and clownfish 

can provide nutrients for sea anemone [6]. These variables can be included to the 

models to improve their accuracy by capturing significant ecological interactions and 

environmental factors that affect the distribution of species. 

SDMs usually can be divided into two main groups that are correlative, and process-

based or mechanistic models to predict the distribution of species [7]. Correlative 

models are designed to make predict species distribution by describing relationships 

between geographical occurrence and environmental data without explicit 

consideration of ecological process [8]. Therefore, correlative models will rely on 

statistical techniques to find patterns and relationship between species occurrence and 

environmental variables. Models that are under the category of correlative models are 

heavily dependent on the quality and quantity of data as they will perform the best when 

there is high quality data available. Poor quality data or incomplete environmental 

datasets can lead to biased or misleading predictions. Examples of popular correlative 

models are Maximum Entropy Modelling (MaxEnt), Generalized Linear Models 

(GLM) and Generalized Addictive Models (GAM). 
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However, process-based models are significantly different from correlative models. 

Unlike correlative models, process-based models predict the species distribution based 

on mathematical functions of ecological processes [7]. These models can determine 

whether a species can survive based on the ecological processes identified such as 

physiological tolerances, growth rates and reproduction. Therefore, process-based 

models predict what area are suitable for the species to survive but do not explain why 

a species is found in some location and no other location. Therefore, it makes the model 

become less useful for understanding the relationship between species and 

environmental variable changes as they don’t capture the full complexity of species-

environment relationship. However, process-based models are more complex and 

require more detailed knowledge of an ecological process. Examples of process-based 

models are Dynamic Energy Budget (DEB) Models, Physiologically Structured 

Population Models (PSP) and NicheMapper. 

Correlative models are used more commonly as it considers the impact of biotic 

interactions and dispersal constraints on distribution [9]. By having observed 

occurrence data, correlative models can capture the realized niche of species and make 

it effective for predicting distribution within a species known range. However, the use 

of correlative model and process-based model majorly depends on the task [10]. 

Correlative models can be helpful to estimate distributions based on observed data, but 

it may struggle to predict distribution in novel or changing environments accurately as 

the biotic interactions could be different from the observed data. In contrast, process- 

based models are more suitable for predicting distribution in novel or changing 

environments, but it may not perform well within a species native range. 

 

 

2.2 Types of SDM Algorithms 

There are several popular algorithms that can be implemented for predicting potential 

distribution of species using SDM. One of the popular algorithms of SDM is using 

Maximum Entropy Algorithm (MaxEnt). MaxEnt is widely used in identifying 

potential distribution for endangered species [11], invasive species management [12], 

and species conservation planning [13]. Based on the principle of maximum entropy, 

the algorithm generates prediction by estimating a species’ probability distribution 
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throughout a landscape, with the constraints that each environmental variable’s 

predicted value must match its empirical mean. There are several advantages and 

disadvantages that can be discovered through past research that use this algorithm. One 

of the advantages of MaxEnt algorithm is that it is one of reliable bioclimatic modelling 

approaches for presence-only data. The authors in [14] shows that Maxent outperform 

several other models that are also presence-only methods in terms of predictive 

accuracy and robustness. However, there are some disadvantages to using a MaxEnt 

algorithm. MaxEnt algorithm is sensitive to biases in the presence data. [15] have 

mentioned that MaxEnt is sensitive to sampling bias in the input data that may lead to 

overfitting. Therefore, MaxEnt may overfit the model and produce inaccurate 

predictions if the input data is not reflected in the actual environment conditions across 

the study area. 

Another SDM algorithm that is used commonly is Generalized Linear Models (GLM). 

Based on [16], there are several types of GLM models such as linear regression, logistic 

regression and Poisson regression. Each type of GLM model can be used in different 

situations. When working with continuous outcome variables that show a linear 

connection with predictor variables, linear regression can be implemented. For 

example, if the amount of sunlight increase (predictor variable) then the height of the 

plant will be affected by it (continuous outcome variable). In contrast, logistic 

regression will be suitable for binary outcomes, where the result will only be 2 

categories such as yes or no. For Poisson Regression, it will be suitable for counting 

data, which means that the outcome is the number of times an event occurred in a 

period. In overall of GLM models, it is a flexible model as it can handle different types 

of data that makes it versatile for ecological data [17]. However, it would be difficult 

for GLM models to make predictions if the relationship between variables and 

predictors is a non-linear relationship. 

Generalized Additive Models (GAM) is an extension of GLMs that uses non-linear 

relationships between response and predictor variables using smoothing functions. The 

smooth functions will be computed separately for each variable, and it will be added 

together to form the final model [17]. By doing so it allows GAMs to represent complex 

relationships more effectively than a single linear term. GAMs are useful when the 

relationship between species and environmental variables is more complex and not 



CHAPTER 2 

Bachelor of Computer Science (Honours)  
Faculty of Information and Communication Technology (Kampar Campus), UTAR 

9 
 

easily fitted by GLMs [18]. One of the advantages of GAMs is it can be model complex 

and non-linear relationship unlike GLMs. GAMs allow for non-linear relationships by 

implementing smooth functions such as splines for each predictor. This enables the 

model to capture patterns in the data that might be unnoticed by linear models [16]. 

Besides, it can improve the predictive performance compared to linear models. GAMs 

can offer better predictive performance, especially when the underlying data 

relationships are complex. GAMs face a risk of overfitting when there are too many 

knots or overly flexible spline. Therefore, penalization methods such as ridge or lasso 

are often needed to prevent overfitting [16]. Also, it is important to choose the correct 

amount of smoothing as incorrect choices may lead to either underfit or overfit of the 

data. 

Random Forest is a classifier that consists of many decision trees that implements 

Breiman’s random forest algorithm for classification and regression [19]. This 

algorithm will create a collection of decision trees where each tree is trained on a 

random subset of training data. Each tree will be trained using a technique known as 

bootstrapping. It will be used to make sure each tree is trained on random subsets of 

data. This technique can improve model variety while reducing overfitting. Random 

Forest is one of the most dependable learning algorithms that performs well in 

predicting species distribution [20]. This is because, due to the averaging of multiple 

trees and the random feature selection, it is less prone to overfitting compared to 

individual decision tree. Additionally, random forest can make predictions even when 

some data are lacking using surrogate split. However, it is difficult to interpret the 

overall model due to the complexity and large number of decision trees. Besides, 

training many trees may be time-consuming and expensive as it requires many 

memories to operate on. 

Artificial neural networks (ANN) are also a SDM algorithm that can be used to predict 

distribution of species. Bionic neural networks served as an inspiration for ANN 

computation models. It can represent complex and non-linear interactions and is made 

from interconnected nodes layered one over the other. ANN contains a hidden layer 

where each node in the hidden layer receives data from each input, sums the input, adds 

a constant and then convert the result into a fixed function [16]. The quantity of weight 

decay in the links and the quantity of hidden neurons will determine how accurate 
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ANNs are. ANNs are very flexible that is enough to approximate any smooth function 

[16]. It can easily adapt to various types of data and relationships, making it suitable 

for a diverse SDM scenarios. However, the amount of data needed to make accurate 

predictions is large and the training can be complex and intensive.  

 

2.2.1 Comparison Table of SDM Algorithms 

 

Table 2.2.1.1 Comparison Table of SDM algorithms 

 

2.3 Species Distribution Models with Deep Learning 

 

Deep learning is one of the very powerful tools in Species Distribution Model (SDM) 

as it provides features to capture complex relationships between the species occurrence 

and environmental data. Previously, deep learning is commonly applied in other areas 

such as finance and business. The trend of using deep learning for the field of ecology 

has just started. As compared to other sectors, datasets can be easily generated to 

SDM Algorithm Advantage Disadvantages 

Maximum 

Entropy (MaxEnt) 

Effective for presence- 

only data, means that 

it is useful when 

occurrence data is 

available 

Sensitive to biases in 

presence data, which 

may lead to overfitting 

Generalized 

Linear Models 

(GLM) 

Flexible as it can handle 

different types of data 

(continuous, binary, 

count) 

Struggle with non-linear 

relationship between 

variables and predictors 

Generalized Additive 

Models (GAM) 
Handles non-linear 

relationships 

through smoothing 

functions 

Risk of overfitting with 

too many knots 

Random Forest Ability to reduce 

overfitting through the 

averaging of multiple 

decision trees and random 

feature selection 

Difficult to interpret due 

to its complex and large 

model 

Artificial Neural 

Networks 

(ANN) 

Flexible and capable of 

modelling complex 

and non-linear 

interactions 

Require large amounts 

of data to produce 

accurate predictions 
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produce large datasets that will be needed for deep learning compared to ecological 

data. However, with the advancement of technology, there are efforts carried out to 

create large ecological datasets [21]. When a large dataset is being implemented for 

SDM, the performance of Deep Learning has the potential to outperform other Machine 

Learning approaches [22]. 

Deep Neural Network (DNN) is one of the most common usages of deep learning for 

SDM. This is due to the ability of DNN to combine different types of data such as 

image-like pixel data, numeric and categorical variables [22]. This allows them to have 

the ability to adapt to the multilayers of the ecological environment. One of the 

examples of usage of DNN in SDM is to predict the bark beetle outbreaks [22]. In the 

results of the model, it shows higher accuracy compared to using machine learning 

models to predict the same thing. 

Even though deep learning usually requires many data sets, there are ways that have 

been developed to improve the accuracy of zero-sample species recognition. For 

example, zero-shot is a great example that allows models to recognize species that they 

have never been trained on with related occurrence data. This is particularly useful 

when there is a need to predict a species that are rare. One example approach proposed 

to implement CLIP-driven zero-shot species recognition method to recognize species 

[23]. Normally, CLIP is being used for general images and text pairing tasks [24]. 

However, the paper proposed to use CLIP together with zero-shot to enable models to 

classify a species based on its textual characteristics without having any visual 

examples. 

Despite having a large advantage of using deep learning, there are currently limited 

studies of deep learning SDM. It might face challenges in ecological implementation 

such as using it to predict a species habitat suitability.  

 

2.4 Environmental variables that affect bird distribution 

 

The distribution of birds including Malayan Partridge is influenced by multiple 

different environmental variables that determine the suitability of their habitat to thrive 

in. One of the most important environmental variables that affect the distribution of 

birds is bioclimate variables. Birds are often restricted to certain temperatures and 
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precipitation ranges that cause them to be more sensitive to climate changes. According 

to [25], temperature and precipitation patterns were 2 of the most significant predictors 

of bird diversity. The study shows that if an area has more variable climates, it will lead 

to a lower bird diversity. As climate changes, birds are forced to shift to higher 

elevations to search for a more suitable living environment. However, for birds like 

Malayan Partridge, it will be difficult for them to move upwards as they are already 

located at a higher altitude environment.  

Other than that, vegetation also plays a big role in providing habitats and food resources 

for birds and different species of birds may require different vegetation type and 

structures as their habitat. Studies show that vegetation is the key factor of bird 

distribution and habitat suitability [25] [26]. Even though there are other environmental 

factors that also contribute to the distribution of species, vegetation is still the most 

influential factor. [25] highlighted that birds prefer forested landscapes instead of 

human-modified areas as forested landscapes have a better structural complexity and 

diverse food resources compared to human-modified areas. This shows that 

deforestation and modification of habitats will lead to the loss of bird’s distribution. 

Lastly, human activities such as deforestation and urbanization can lead to the loss of 

habitats of birds. Research in [27] found out that bird’s species is affected by human 

disturbance and activities such as reducing the forest cover for construction purposes. 

[26] also noted that development near the forest negatively impacted the distribution of 

birds due to the loss of habitats and increased human activity and disturbance.  

While there are broad options for environmental variables, this study focuses on 

bioclimatic variables only. This is because there is high-resolution bioclimatic data 

available compared to other variables. Bioclimatic variables are always impactful to 

predict the occurrence of the species as climate can directly affect the species’ survival. 

Although other factors may be useful, they are not included in this model of the project. 

 

2.5 Applications of SDMs in predicting bird distribution 

 

SDM has been successfully used in predicting the distribution of birds across different 

habitats and areas. It can offer insights into suitability, ranges of shifts and 

environmental threats. For Malayan Partridge, SDM can be useful in mapping its 
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current distribution, understanding the environmental variables that affect the species 

and guiding conservation actions.  

In terms of SDM implementation for birds, there are several research and studies used 

SDM to identify the current and potential area where the species is likely to occur in. 

For example, the author [28] implemented MaxEnt modelling to identify the 

distribution of common pheasant in Iran, proving that the distance to agricultural lands 

and forest were the key factors for the suitability of habitat for the common pheasant. 

The study also shows that habitat fragmentation and the changes of land caused the 

pheasant to move into higher altitudes that may cause their survival long term as it 

might not be their ideal living environment. Other than that, another study [29] found 

that montane birds in Malaysia were highly sensitive to land-use changes. The study 

showed the importance of conversing the montane regions in Malaysia to ensure the 

suitability of habitat for montane birds such as Malayan Partridge to survive in the 

future.  

Other than that, several studies have used SDMs to demonstrate how climate change 

can threaten the bird’s species particularly for those in a higher altitude environment. 

A study [30] implemented SDM to predict the future distributions of threaten birds on 

the Qinghai-Tibet Plateau in China, and finding out that almost 80% of species would 

lose habitats under warming and temperature increase conditions. The study 

particularly highlighted Galliformes as the highest risk due to their limited dispersal 

abilities. For example, most Galliformes have weak flight abilities that majorly affect 

the ability to sustain long-distance travel. Similarly, another study [31] used MaxEnt 

modelling with RCP4.5 and RCP8.5 climate projections to predict the future 

distribution of 3 different Galliformes species in Pakistan, and result shows that all three 

species will lose over 25% of their habitat by 2050 and shift to higher elevations, to 

find for cooler living environments. However, mountains have limited heights, meaning 

that once the species reach the maximum height, they will run out of suitable habitats.  

SDMs also play a huge role in conservation planning and planning for protected areas 

for different species. SDMs can make predictions for habitat suitability for each species, 

helping in making decisions to establish protected areas or implementing restoration 

projects. For example, research by [32] has conducted a diversity assessment in China 

using SDM combined with Zonation algorithms to identify conservation priority area 
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for Galliformes species to 3 future climate change scenarios. The study shows that over 

80% of the priority conservation areas that are suitable for Galliformes species are not 

formally protected, showing that there is mismatch between the protected areas and 

actual habitat for the species.  

SDM is a valuable tool to predict the distribution of birds, but there are several 

limitations and disadvantages. Firstly, data limitations are a major issue when using 

SDM to predict distribution of birds. This is because SDM algorithms rely on 

occurrences data of a specific species. For example, in the research by [28], many 

Galliformes species that have limited, or few occurrence records have caused bias in 

the data predictions. In many cases, occurrences data are incomplete due to the lack of 

survey and research in the specific area of the species. As a result, it will lead to bias in 

SDM [33], only reflecting the species distribution in areas that are well-studied and 

researched.  

Also, model uncertainty exists when using SDMs to predict the distribution of a species. 

This is because different SDMs such as MaxEnt, GAMs or Random Forest will produce 

different predictions due to their differences in their algorithms and data handling. 

However, this can be solved by doing ensemble modelling [32]. Ensemble modelling 

combines multiple SDMs to improve predictive ability and reduce uncertainty by using 

averaging predictions and model weighting. The study highlighted that ensemble 

approaches provide a more robust prediction by mitigating the bias of each SDMs. 

As Malayan Partridge shares similar living conditions as montane birds and pheasant, 

applying SDMs is an effective way to predict its priority habitats and make conservation 

decisions in those areas based on previous research. The research aligns with the trends 

that can be seen by Malayan Partridge, showing that climate change may affect its 

habitat and distribution. SDMs can predict how the distribution will shift with different 

climate scenarios. Due to the rising temperature in hill stations such as Cameron 

Highland and Fraser Hill, SDMs can help to identify which area will remain suitable 

for Malayan Partridge after climate changes. For Malayan Partridge, SDMs can help to 

determine whether existing protected areas are covering their habitat and whether any 

new conservation zones need to be established. By doing so, it can ensure that there are 

no resources waste on non-suitable habitat areas, instead it can focus on expanding 

protected zones and improve habitat environment on the suitable habitat areas. 
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2.6 Limitation of Previous Works 

 

Even though Species Distribution Model has been a common method used for 

predicting bird species and conservation measures, there are no research can find to 

study the species of Malayan Partridge in Malaysia. Therefore, there is less 

understanding of the species relationship with different bioclimate variables. Without 

this information, it makes it difficult to prepare any conservative measures to protect 

the species in the future. Other than that, most study [28][30][31] to develop SDM for 

bird’s species using only MaxEnt model since it is the most common method for SDM.  

Developing only 1 model to predict a species may limit the prediction accuracy and 

lack of comparison with other models. Different SDM algorithms such as RF, GLM 

and GAM can produce different predictions and results as they have different ways of 

handling data and relationship between variables. By evaluating multiple models, it 

allows a more thorough and complete analysis of understanding the prediction of 

species distribution. Therefore, this project will address these limitations by analyzing 

the bioclimatic variables that affect the species of Malayan Partridge and implementing 

multiple SDM algorithms for comparison. This approach can provide a more complete 

result to identify the current and future distribution of Malayan Partridge. 
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Chapter 3 

System Model 

 

3.1 Research Methodology  

 

Figure 3.1.1 Overview of Research Development Workflow 

 

3.1.1 Data Collection: 

This is the first step in the process of developing a SDM, collecting necessary data 

needed for the input of the model. For this project, there are 3 types of data that are 

required to ensure that the model works. 

1. Occurrence data: 
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The occurrence data needed in this project is the records of Malayan Partridge 

presence in Malaysia. This data is acquired from the website of eBird [34] that 

contains all the records captured for Malayan Partridge. Having accurate data 

of the species is important as it is one of the inputs for SDM. 

 

2. Bioclimatic variables data: 

These are the environmental variables that are needed for SDM. There is a total 

of 19 bioclimatic variables available starting from bio1 to bio19. The data of 

bioclimatic variables are being sourced from WorldClim [35] as they provide 

high-resolution global climate datasets that are suitable as an input for SDM. 

The data will be using spatial resolutions of 30 seconds (~1km2). 

 

 

Figure 3.1.1.1 Description of Bio1 to Bio19 [36] 

 

3. Future bioclimatic variables data: 

This data is like normal bioclimatic variables, but it is the data that represents 

the future climate scenarios based on Shared Socioeconomic Pathway (SSP) of 

different levels. SSP is a framework used in climate change that shows the 

possible futures climate based on socioeconomic development, population, 

economy and technology. These factors will affect the greenhouse gas emission 

that led to climate changes. Table 3.1.1.2 shows the different levels of SSP. For 

example, SSP 1 refers to the future socioeconomic, the higher the worse. 2.6 

refers to Representative Concentration Pathway (RCP), the greenhouse gas 

trajectory, the higher the value, the higher the emission of gas.  The level of SSP 

will be used is SSP2-45 and will be using future climate data for the year 2021 
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to 2040 and 2041 to 2060. Having this data allows the model to predict future 

potential suitable habitats for the occurrence of Malayan Partridge based on 

future climate projections. 

Table 3.1.1.1 Different Values of Shared Socioeconomic Pathways [37] 

 

3.1.2 Data Preprocessing: 

After the required data has been obtained, it needs to be processed before it can be the 

input for the model.  Other than that, there is data that needs to be generated for the 

models of SDM. There will be four main steps that need to be taken. 

 

1. Cleaning occurrence data: 

This process involves cleaning the occurrence data of Malayan Partridge. This 

involves removing duplicate data and removing any rows with empty data. 

Also, there are many different columns that consist of data that are not required 

for the input of SDM such as date and time. Figure 3.1.2.1 shows some of the 

columns of the original dataset for Malayan Partridge. Most of the columns will 

be removed except for species name, longitude and latitude. This will be able to 

avoid any confusion for the model.  

 

 

Figure 3.1.2.1 Columns of the Original Occurrence Dataset 

 

2. Prepare environmental variables: 

The bioclimatic variables data that have been obtained includes data for the 

whole world. To speed up the processing time of the model, the data needs to 

be trimmed and align with the proposed study area that is Malaysia. Other than 

that, the future bioclimatic variable data might include multiple bands together, 

SSP - RCP Interpretation  

SSP 1 -2.6 Low emission and warming 

SSP 2 – 4.5 Medium emission and warming 

SSP 3 – 7.0 High emission and warming 

SSP 5 – 8.5 Very High emission and warming 
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therefore it must be extracted to become individual band of bioclimatic variables 

data. 

 

3. Data transformation: 

The bioclimatic variables data comes originally as a GeoTIFF (.tif) file from 

WorldClim. However, ASCII raster format (.asc) file is more suitable to 

implement in the model of SDM. Therefore, the data format needs to be 

transformed to smoothen the prediction process. 

 

4. Generating pseudoabsence data: 

Since there are no true absence data points for Malayan Partridge can be found, 

pseudoabsence data are generated to be implement in the models for SDM. 

Currently, there are no specific studies that show that is the best pseudoabsence 

settings for SDM. However, the number of pseudoabsence data can affect the 

performance of the models [38]. Therefore, multiple pseudoabsence settings 

will be generated to be implemented in the models to identify which settings is 

the most suitable to predict the occurrence of Malayan Partridge. A 10km buffer 

around the presence points of the species will be implemented when generating 

pseudoabsence points. By doing so it can reduce the risk of putting 

pseudoabsence points at the locations that might be suitable for the species. 

 

3.1.3 Variable Selection: 

In this step, the goal is to identify which bioclimatic variables will be used for the 

development of SDM. This is because the processing time of the model will be long if 

the environmental variables are too much. Correlation filters will be done to identify 

and remove the correlation variables. Then, the remaining variables will be 

implemented in 3 different methods to rank the importance of each variable towards 

Malayan Partridge. The variables that have at least 2 votes from the methods will be 

used as the final variables for SDM. 

 

1.  Pearson Correlation: 

Pearson Correlation is a feature selection method that focuses on removing 

variables that are highly correlated with each other. Pearson correlation 
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coefficient, r is used to measure how much the two variables can represent each 

other [39]. The higher the value of r, the higher the correlation between two of 

the variables. The threshold implemented for this variable selection method is 

|r|> 0.8, if this condition is met, the variable will be removed from the list of 

bioclimatic variables that will be used for Species Distribution Model. Formula 

of r is given to calculate the value for correlation analysis. Value r is being 

implemented to find out the collinearity between bioclimatic variables.  

 

Formula for Pearson Correlation in equation 3.1:  

|𝑟| =
𝑛 𝛴𝑥𝑦 −  (𝛴𝑥)(𝛴𝑦)

√(𝑛 𝛴𝑥² −  (𝛴𝑥)²)(𝑛 𝛴𝑦² −  (𝛴𝑦)²)
   

                                                                                                                                  (3.1) 

where: 

x = values of first variable, 

y = values of second variable 

n = number of paired variables observed 

 

2. Random Forest: 

Random Forest is an ensemble of decisions trees built on random subsets of the 

data and predictors. Each tree will provide votes for a prediction. It will rank 

predictors by their contribution across all trees. It will take the majority vote 

that is provided in the tree. Random Forest is a great option to perform variable 

selection as it can capture complex interactions between features very well. This 

is important as the interaction between species and bioclimate are often complex 

and non-linear.  

 

3. XGBoost: 

XGBoost, Extreme Gradient Boosting is like Random Forest as both are tree-

based methods. It differs from Random Forest as it will build model 

sequentially, where each new model focuses on errors of the previous models. 

The sequential process allows the model to improve its overall performance. 

XGBoost will be able to provide an important score for each bioclimate variable 
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on how frequently it was used in the decision trees. The importance of a score 

will help to identify which variables are more important. 

 

4. Permutation Importance: 

Permutation importance is a model-agnostic method that measures how much 

the model performance is affected when the value of the variable is being 

shuffled randomly. If the variable is important, shuffling the values of the 

variable will cause the performance of the model to drop significantly. 

Therefore, this method is particularly suitable for variable selection as it can 

identify whether the selected bioclimate variables are truly important and 

contribute to the performance of the model. 

 

5. Voting Process: 

A voting process will be conducted with a threshold of more than 2. If 2 or more 

models select a variable, it will be used as part of the final Species Distribution 

Model. 

 

3.1.4 SDM Development: 

In this project, it will implement five different algorithms to develop Species 

Distribution Model to predict the occurrence of Malayan Partridge. Having five 

different algorithms allows for comparison and identifying which algorithms are the 

most suitable to predict the occurrence of Malayan Partridge. These models will use the 

final variables identified from the variable selection process. The models will apply 

different pseudoabsence settings generated from the data preprocessing part. Below are 

the selected algorithms: 

 

1. Maximum Entropy (MaxEnt): 

MaxEnt is a presence-only model that is commonly used for SDM research 

[11][12]. This is because it does not require absence data of the species that are 

difficult to obtain in the real world. This method will estimate the probability of 

distribution of a species that is closest to uniform with the environmental 

conditions of the presence points for the species. This means that it will start 

with an assumption that the species will occur everywhere but then takes 
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account of the known occurrence and the environmental variables to identify 

which area is suitable. 

 

 

2. Random Forest (RF): 

RF is an ensemble method that is built from multiple decision trees [16]. It will 

use a voting process to identify which variable is suitable for the species and 

make predictions for presence or absence. It is also commonly used for SDM as 

it takes account of complex and non-linear relationships. 

 

3. Support Vector Machine (SVM): 

SVM is a classifier method that finds the best boundary that separates the 

presence and absence of the species. It will use high dimensions to make 

separation for predictions. SVM also considers complex and non-linear 

relationships well that is suitable for SDM [40]. 

 

4. Generalized Linear Model (GLM): 

GLM is a model that assumes linear relationship between environmental 

variables and the species [19]. However, it can use logistic function to help 

capture the non-linear relationship while making predictions for a species 

distribution. 

 

5. Bioclim: 

Bioclim is an envelope method that focuses on presence only data [41]. It will 

identify the minimum and maximum values of the bioclimate variables for the 

known areas for the species. Then it will use these values to predict whether the 

area is suitable for a species to occur. 

 

These models are chosen because they can provide a balance between machine learning 

models and traditional statistical approaches. While machine learning is the main study, 

additional methods can provide more insight into how these models perform in Species 

Distribution Model. GLM is a statistical model that assumes linear relationships while 

Bioclim is an envelope model that works by defining the species range of environmental 
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variables. These methods can provide a clearer interpretation and baselines for 

prediction. On the other hand, MaxEnt, RF and SVM are more modern machine 

learning methods that can capture complex and non-linear relationships very well. 

MaxEnt is slightly different compared to RF and SVM as it uses presence only data for 

prediction while RF and SVM require presence and absence data to provide a reliable 

result for SDM.  

 

3.1.5 Compare and Evaluate Result 

The five models will be developed with different pseudoabsence settings. To evaluate 

the performance of each model, it will be using train AUC and test AUC. Train AUC 

shows how well the model fits on the trained data, while test AUC shows how well the 

model can generalize unseen and new data. The purpose of using train AUC and test 

AUC is to identify whether the model has any overfitting signs. If a model train AUC 

performs very well but test AUC performs poorly, it shows that the model memorizes 

the patterns instead of understanding it. This approach can ensure the selected models 

perform well while having robust and reliable predictions. 

Other than that, the prediction map for the distribution of Malayan Partridge will be 

compared with the actual occurrence of the species. Having a high train and test AUC 

does not mean the model can perform well in generating an ecological sense prediction 

map for the species occurrence. Also, the model must be good in predicting as it will 

affect the prediction for future distribution of the species. By combining statistical 

evaluation and visual validation of distribution maps, it ensures that the best models 

selected make sense for SDM applications. 

After deciding on a best pseudoabsence settings, the performance of algorithms will be 

compared with each other to decide the best models. The best models will be used for 

predicting the species of Malayan Partridge, the models will be implemented to predict 

the future distribution of the species. It will be using Shared Socioeconomic Pathway 

2-4.5 that represents moderate gas emissions for the year 2021 to year 2040 and year 

2041 to year 2060. 

3.1.6 Output 

The final output of this project will identify the best pseudoabsence data settings for the 

SDM to predict the occurrence of Malayan Partridge. Then, the best models will be 
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chosen from the best pseudoabsence data settings that have been identified. The best 

models will generate a habitat suitability map for the current and future occurrence of 

Malayan Partridge. Other than that, the project will identify which bioclimates are the 

most important for the prediction of Malayan Partridge in Malaysia. 
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Chapter 4 

System Implementation and Results 

 

4.1 Hardware  

The hardware involved in this project is a desktop. The desktop will be used throughout 

the development process, testing process and model evaluation of SDM. The 

specification of the desktop is stated in Table 4.1.1. 

 

Description Specifications 

Processor Intel Core i5-8400 CPU @ 2.80 GHz 

Operating System Windows 10 Pro 64-bit 

Graphic NVIDIA GeForce GTX 1070 Ti 

Memory 16 GB DDR4 RAM 

Storage 512 GB SSD 

Table 4.1.1 Specifications of Desktop 

 

4.2 Software 

1. MaxEnt 

MaxEnt (Maximum Entropy) is a machine learning algorithm that can be used 

for Species Distribution Modelling based on presence-only data. It was chosen 

for this project as it is effective to predict the occurrence of Malayan Partridge. 

 

2. Google Colab 

Google Colab is the main software that I use to do coding for doing Random 

Forest for variable selection of bioclimatic variables. 

 

3. QGIS 

QGIS is an open-source Geographic Information System (GIS) used for spatial 

analysis and visualizing environmental layers and occurrence data. It was used 

to process my data for Species Distribution Model. 
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4.3 Data Preprocessing Implementation 

 

4.3.1 Occurrence data 

The occurrence data of Malayan Partridge is being obtained, and this is the initial 

version of the data. There will be many columns that are not needed for the development 

of SDM as it only needs species name, longitude and latitude. Figure 4.3.1.1 shows the 

initial columns available in the dataset. Therefore, there is a need to reduce the number 

of columns. Figure 4.3.1.3 shows the coding for this process, and it also involves 

clearing any duplicate occurrence to ensure that there is no bias during data modelling. 

Figure 4.3.1.2 shows the results after cleaning the dataset. 

 

 

Figure 4.3.1.1 Columns of Original Dataset 

 

Figure 4.3.1.2 Columns of Updated Dataset 

 

 

Figure 4.3.1.3 Coding for Processing Occurrence Data 
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4.3.2 Bioclimatic Variables 

 

Initial bioclimatic variables downloaded from WorldClim contain the data for the entire 

world. However, the target area of this project is only Malaysia. Having data for the 

whole world not only will slow down the processing time, also may cause unnecessary 

noise and complexity for the model. Therefore, the data need to be clipped according 

to the target area that is Malaysia, and it can be done using QGIS, a GIS software. 

Figure 4.3.2.1 shows the initial bioclimatic data and Figure 4.3.2.2 shows the 

bioclimatic data after being clipped to only Malaysia. This process needs to be done for 

the current and future bioclimatic variables data. 

 

Figure 4.3.2.1 Initial Bioclimatic Variable Data 

 

 

 

Figure 4.3.2.2 Clipped Bioclimatic Variable Data 
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For future bioclimatic variables obtained from WorldClim, all the bioclimatic variables 

are included in one GeoTIFF (tif) file. Therefore, it means there are 19 bands combined, 

each band represents a bioclimate variable, for example band 1 means bio1. To 

implement it in MaxEnt, there is a need to extract these into 19 individual bands. Figure 

4.3.2.3 shows the coding for this process. GDAL translation needs to be utilized to 

complete the extraction process. Coding involves opening the raster file of the future 

bioclimate data with a loop. Then it will use GDAL command to complete the process 

of extraction to the notebook. 

 

 

Figure 4.3.2.3 Coding for Band Extraction Process 

 

4.3.3 Generating Pseudoabsence data 

Since there are no true absence data for Malayan Partridge can be found, pseudoabsence 

data is generated for models that required such as RF, SVM and GLM. The buffer is 

set at 10km as per mentioned before in Section 3.1.2 Data Preprocessing. Therefore, 

the pseudoabsence data will generate at 10km away from the known presence location. 

The buffer distance and the number of pseudoabsence data can be set at the highlighted 

part of Figure 4.3.3.1. There will be 5 different pseudoabsence data generated in this 

process. By doing so, it can identify which pseudoabsence data settings will be suitable 

for developing SDM to predict the occurrence of Malayan Partridge.  
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Below are the different amounts of pseudoabsence data generated, with the number of 

presence data of 64: 

• 1 to 1 ratio of pseudoabsence data (64 presence to 64 pseudoabsence) 

• 1 to 2 ratio of pseudoabsence data (64 presence to 128 pseudoabsence) 

• 1 to 4 ratio of pseudoabsence data (64 presence to 256 pseudoabsence) 

• 1000 pseudoabsence data 

• 10000 pseudoabsence data 

 

 
Figure 4.3.3.1 Coding for Generating Pseudoabsence Data 

 

4.4 Variable Selection  

The variable selection process starts with correlation filter using Pearson Correlation. 

This step will identify and remove the correlated variables to avoid redundancy of 

information provided by the bioclimate variables. Threshold of |r| > 0.8 is applied, 

therefore any correlated value more than 0.8 will be removed. Figure 4.4.1 shows the 

correlation heatmap that visualizes how correlated each variable is. Referring to bio1 

in Figure 4.4.1, it shows that it is highly correlated with bio3, bio5, bio6, bio8, bio9, 

bio10, bio11, and bio15. Therefore, these variables can be excluded from the final 

variable list. The same process will be applied to the rest of the variables. Results of 

correlation filter provides the output that removes 12 highly correlated variables that 
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are bio10, bio11, bio13. bio16, bio17, bio18, bio3, bio4, bio5, bio6, bio8, bio9. The 

remaining variables are bio1, bio12, bio14, bio15, bio19, bio2, bio7 and will be used 

for variable selection techniques in the next step. 

Next, three variable selection methods will be implemented to identify the final 

variables that will be used for SDM. Thresholds are implemented during this process. 

For RF and XGBoost, it will only select variables that account for 90% of total 

importance for the model. For permutation importance, it will consider variables that 

have value more than 0 as it means the variables some importance for the model. 

Variables that meet these criteria will receive 1 vote from each model. Figure 4.4.2 

shows the results of the variable selection process. The final variables that will be 

implemented in SDM are bio1, bio12, bio15, bio19, bio2, and bio7. 

Based on the final variables, it shows that the variables are mainly related to the 

temperature and precipitation patterns.  

 

 

Figure 4.4.1 Heatmap for the Correlation between Bioclimate Variables 
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Figure 4.4.2 Results of Variable Selection Process 

 

4.5 Model Development  

The five models will train using different amount of pseudoabsence data that was 

generated from the data preprocessing part. The input data for the models are the 

occurrence data and pseudoabsence data of Malayan Partridge and the final bioclimate 

variables set. The models will develop using different pseudoabsence settings 

mentioned in section 4.3.3. Figure 4.5.1 shows the final variables that will be 

implemented in the models for SDM. 

 

 

 

 

 

 

 

 

 

Table 4.5.1 Final Variables for the Input of SDM 

 

4.5.1 Development of MaxEnt model 

In terms of development of model, MaxEnt differs from other models. MaxEnt uses the 

existing MaxEnt software. Figure 4.5.1.1 shows the MaxEnt application interface used 

Bioclimate Variables Interpretation  

Bio1 Annual Mean Temperature 

Bio2 Mean Diurnal Range 

Bio7 Temperature Annual Range 

Bio12 Annual Precipitation 

Bio15 Precipitation Seasonality 

Bio19 Precipitation of Coldest Quarter 
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to develop the MaxEnt model. The model also configured with 5-fold and different 

background points that is equivalent to the pseudoabsence points. 

 

Figure 4.5.1.1 MaxEnt Interface 

 

4.5.2 Development of RF, GLM and SVM models 

Three of these models will utilize GridSearchCV to try to find the best parameters for 

each model. These models will take the occurrence data of Malayan Partridge and the 

data with the points of bioclimates as input. The models’ initial starting parameters can 

be referred to in Figure 4.5.2.1.  

 

Figure 4.5.2.1 Coding Implementation for RF, GLM and SVM Models 
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4.5.3 Development of Bioclim model  

Bioclim model uses only the presence points of the occurrence of Malayan Partridge 

and bioclimate variable as input. It calculates the minimum and maximum value of the 

bioclimate variable where the species occurs to define the environmental envelope. 

Then it will calculate the probability of the species’ presence by checking whether the 

condition of the area matches the envelope. This method does not require any 

parameters tuning as it relies directly on the environment of the species. Figure 4.5.3.1 

shows the coding implementation for the development of Bioclim model. 

 

Figure 4.5.3.1 Coding Implementation for Bioclim 

 

4.6 Evaluation and Comparison 

4.6.1 Test AUC and Train AUC 

The model evaluation focuses on three main steps that are cross validation, test AUC 

and train AUC. First it will use 5-fold cross-validation on the training data by splitting 

it into parts to let the model train on some folds and test on the remaining fold. It can 

help to check how the model performs and avoid overfitting. After that the model will 

be trained on the full training set. Lastly, the model will test on an independent set to 

identify how well the model can perform to new unseen data. 
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Figure 4.6.1.1 Coding Implementation for Test and Train AUC 

 

4.6.2 Generating Distribution Map 

The distribution maps for Malayan Partridge were generated by stacking the raster 

layers for the bioclimatic variable in the study area. Each layer has a bioclimatic 

variable and combine each layer into a multi-dimensional array. The trained models of 

RF, GLM, SVM and Bioclim will estimate the probability of Malayan Partridge for 

each pixel and producing the map of habitat suitability for the species. Figure 4.6.2.1 

shows the coding implementation for generating current distribution map for Malayan 

Partridge. To identify the future potential habitat suitability for Malayan Partridge, 

future suitability map were generated using Shared Socioeconomic Pathways 2-4.5 for 

the year 2021 to year 2040 and year 2041 to year 2060. Figure 4.6.2.2 shows the coding 

implementation for generating future distribution suitability map for Malayan 

Partridge. 
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Figure 4.6.2.1 Coding Implementation for Generating Current Distribution Map 

 

Figure 4.6.2.2 Coding Implementation for Generating Future Habitat Suitability Map 
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Chapter 5 

Model Evaluation and Discussion 

 

5.1 Results of Different Pseudoabsence settings 

Five different algorithms are applied to model the distribution of current species for 

Malayan Partridge in Malaysia. To find the optimum settings for the model, these 

models are being trained with 5-fold cross validation and different numbers of pseudo 

absence data. Cross-validation is a method to identify how well a model generalizes 

independent data. It is an efficient way to reduce overfitting and ensure that models 

perform well on unseen data. In terms of the number of pseudo absence data, models 

are tested with different amounts to examine how the model performance is affected 

with more or fewer pseudo absence data. The dataset is also being divided into training 

and testing datasets. Train test split will be able to identify whether there is any 

overfitting for the model. If the testing AUC is significantly lower than the training 

AUC, it indicates that the model is overfitting as the model can learn patterns specific 

to the data but not able to generalize to new and unseen data. Figure 5.1.1 shows the 

train AUC for each of the models under different pseudoabsence settings and Figure 

5.1.2 shows the test AUC for each of the models under different pseudoabsence 

settings. 

 

Table 5.1.1 Results of Train AUC 

 

Table 5.1.2 Results of Test AUC 

Train AUC

MaxEnt
BIOCLIM

GLM
RF

SVM 0.982745 0.964052 0.953601 0.964094 0.955692
0.973725 0.966167 0.955251 0.974209 0.968084
0.980784 0.953864 0.955737 0.964467 0.94889
0.971176 0.969339 0.969132 0.956057 0.958238

5 & (10000)
0.7778 0.8567 0.9136 0.9744 0.9962

Model
5 & (1:1) 5 & (1:2) 5 & (1:4) 5 & (1000)

AUC ( k fold & number of psuedoabsences data)

Test AUC

MaxEnt
BIOCLIM

GLM
RF

SVM 0.91716 0.964497 0.966817 0.955877 0.993078
0.908284 0.954142 0.972851 0.944748 0.959225
0.869822 0.931953 0.918552 0.911363 0.979544
0.863905 0.954142 0.953243 0.969348 0.987653

5 & (10000)
0.7295 0.8582 0.9077 0.9736 0.9949

Model
5 & (1:1) 5 & (1:2) 5 & (1:4) 5 & (1000)

AUC ( k fold & number of psuedoabsences data)
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Based on the results, it shows that the number of pseudo absence data will affect the 

model performance. Overall, the results show that increasing the amount of pseudo 

absence data can improve and increase the model ability to learn and differentiate 

between presence and pseudo absence locations and data. For MaxEnt algorithm, the 

training AUC and testing AUC increases steadily when the amount of pseudo absence 

data increases. For Bioclim, the training AUC and testing AUC are relatively similar as 

the model algorithm is more focused on predicting with presence data rather than 

pseudo absence data. For the models with GLM, RF and SVM, these models training 

AUC and testing AUC have more optimal performance with the settings of 5-fold and 

(1:4) of pseudoabsence data. The test AUC for the models is optimized without having 

an inflated training AUC. 

For the model settings of 5-fold with 1 to 1 ratio and 5-fold with 1 to 2 ratio would not 

be considered as a suitable setting to develop a good model for SDM. This is because 

there is not enough pseudoabsence data for the model to predict the occurrence. Since 

there are less pseudoabsence points, it is easier for the models to generalize and learn 

the patterns to make predictions. This scenario is like the model settings of 5-fold and 

10000 pseudoabsence data. The model settings of 5-fold and 10000 pseudo absence 

data show the best AUC results compared to other methods. However, there is a risk of 

overfitting due to the large number of pseudo absence data. The more the 

pseudoabsence data, the easier for the models to identify and differentiate between 

presence and absence especially when the species presence data are more clumped at 

few certain locations. Therefore, a moderate number of pseudoabsence data such as 

using 1 to 4 ratio of pseudoabsence data or 1000 pseudoabsence data will be a better 

option overall for the models of SDM. It can improve the model performance to identify 

suitable and unsuitable habitat for the species and minimize overfitting. To identify 

which is the better model’s settings between 1 to 4 ratio pseudoabsence data and 1000 

pseudoabsence data, a comparison of distribution maps will be done. By looking at the 

distribution map of the current occurrence of Malayan Partridge, it can provide a clearer 

view on which model settings would be more suitable. 
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5.2 Comparing Distribution Map  

This section will focus on comparing the distribution map generated by the models 

under different settings of pseudoabsence data. The top image will show the model with 

1000 pseudoabsence data and the bottom image will show the model with 1 to 4 ratio 

of pseudoabsence data. Figure 5.2.1 is a map distribution of Malayan Partridge in 

Malaysia based on the known occurrence data of the species. This figure can be a 

reference to understanding which area is suitable for Malayan Partridge. Based on 

Figure 5.2.1, the species are located at the area of Bukit Fraser, Pahang. The area is a 

montane forest environment with cooler temperatures and higher precipitation patterns 

compared to low land.  

 

 

Figure 5.2.1 Occurrence Map of Malayan Partridge 

 

5.2.1 MaxEnt Map Distribution  

 

Figure 5.2.1.1 Prediction Map of MaxEnt with 1000 Pseudoabsence Data 
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Figure 5.2.1.2 Prediction Map of MaxEnt with 1:4 ratio of Pseudoabsence Data 

 

5.2.2 GLM Map Distribution 

 

Figure 5.2.2.1 Prediction Map of GLM with 1000 Pseudoabsence Data 

 

 

Figure 5.2.2.2 Prediction Map of GLM with 1:4 Pseudoabsence Data 
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5.2.3 RF Map Distribution 

 

Figure 5.2.3.1 Prediction Map of RF with 1000 Pseudoabsence Data 

 

 

Figure 5.2.3.1 Prediction Map of RF with 1:4 Pseudoabsence Data 

 

5.2.4 SVM Map Distribution 

 

Figure 5.2.4.1 Prediction Map of SVM with 1000 Pseudoabsence Data 
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Figure 5.2.4.2 Prediction Map of SVM with 1:4 Pseudoabsence Data 

 

5.2.5 Bioclim Map Distribution 

 

Figure 5.2.5.1 Prediction Map of Bioclim with 1000 Pseudoabsence Data 

 

 

Figure 5.2.5.2 Prediction Map of Bioclim with 1:4 Pseudoabsence Data 
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5.2.6 Analyzing the Distribution Maps 

The predicted distribution map for the species Malayan Partridge are generated with 

two different psuedoabsence settings, 1:4 ratio and 1000 points. The generated 

distribution map have a displayed a consistent patterns across the five different 

algorithms applied that are MaxEnt, GLM, RF, SVM and Bioclim, but they different 

settings shows some notable differences in the terms of habitat suitability. In overall, 

the psuedoabsence settings of 1:4 ratio shows a more broader and wider prediction. On 

the other hand, the setting of 1000 psuedoabsence data predicted a more restrictred 

prediction that focuses more on the main occurrence area of the species. This is trend 

is more obvious for the models of MaxEnt, RF, GLM and SVM. However, Bioclim 

shows an opposite trend, the distribution map generated with the settings of 1000 

pseudoabsence data shows a broader prediction compared to the setting of 1:4 ratio of 

pseudabsence data. This is because Bioclim is a model that does not use pseudoabsence 

data like the 4 of the other models. Bioclim is an envelope model that will predict 

suitablity for a species when the environmental values fall within the range defined by 

presence points of the species. Therefore, there will be more points fall inside the 

envelope that lead to a broader prediction map when using 1000 pseudoabsence data. 

In conclusion, the results highlight that with different number of pseudoabsence data, 

it can shift the prediction of the distribution between a broader and more restrictive 

prediction. Both of the settings can be useful in different application for Species 

Distribution Model. In terms of the setting of 1 to 4 ratio for psuedoabsence data, it will 

be more suitable when there is a need to explore unstudied areas for the species. In 

contrast, the setting with 1000 pseudoabsence data will be suitable if discovering the 

true occurrence of the species is more important. 

Therefore, setting with 1000 psuedoabsence will be more suitable to predict the 

occurrence of Malayan Partridge as it is a species that is restricted to a montane forests 

area. Implementing a stricter prediction is better to reduce the risk of overpredicting the 

species distribution and provide a more realistic prediction for the occurrence of 

Malayan Partridge. 
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5.3 Selection of Best Models  

 

 

 

 

 

 

 

 

Table 5.3.1 Results of Models with 1000 Pseudoabsence Data 

 

This section will analyze and select the best performed model in the pseudoabsence 

setting of 1000 pseudoabsence data. Based on the results produced, all 5 algorithms 

achieved and generated a very high predictive accuracy with the AUC values above 

0.91. Among the 5 algorithms, MaxEnt has the best performance with train AUC of 

0.9744 and test AUC of 0.9736. The value of train AUC and test AUC is nearly identical 

that proves the model generalize well. SVM is also another algorithm that performs 

well with just a slight difference between the train AUC and test AUC. Despite Bioclim 

being just an envelope model, it perform unexpectedly well to achieve a strong testing 

AUC value that suggest the ability to generalize. On the other hand, RF and GLM 

actually show signs of overfitting based on the result produced. Both of the models have 

a significant drop of test AUC from the train AUC. Therefore, the results shows that 

MaxEnt, Bioclim and SVM are great algorithm options for developing SDM while RF 

and GLM are not suitable in this senario. However, AUC values could not be the only 

consideration when choosing an algorithm for SDM. High train and test AUC does not 

mean the model can perform well in generating the right prediction map for the 

occurrence of Malayan Partridge. 

Analyzing the prediction map for the occurrence of Malayan Partridge, Figure 5.2.2.1 

and Figure 5.2.3.1 shows GLM and RF generated predictions that are not align with the 

known occurrence of Malayan Partridge. This is beacause RF model has overfitting that 

cause the predicted to be more fragmented, that means the prediction map will be 

showing many small scattered areas of prediction instead of a continuous prediction 

area. For GLM, it is a algorithm that focuses more on linear relationship, it might not 

 
 

 

 

 

 

Model Train AUC Test AUC 

 
MaxEnt 0.9744 0.9736  

Bioclim 0.956057 0.969348  

GLM 0.964467 0.911363  

RF 0.974209 0.944748  

SVM 0.964094 0.955877  
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able to process complex and nonlinear environmental responses of the species. Both of 

the models show signs of distribution in areas that are not suitable for Malayan 

Partridge, this is more obvious and visible as the prediction shows that the species may 

be appearing in area of Sabah, Sarawak and other non montane forest areas.  

For Bioclim in Figure 5.2.5.1, it provided a good AUC result, however it did not show 

on the prediction map that Bioclim generated even though it predicted the montane 

forest area as ver suitable for Malayan Partridge. It shares the same trend with RF and 

GLM that predicts Sabah and Sarawak as potential distribution areas. This is because 

Bioclim is a very simple model that takes account only occurrence data to define the 

evironmental range. This leads the model to overpredict the areas that have similar 

environmental conditions.  

MaxEnt and SVM are two of the best models in terms of predicting the current 

occurrence of Malayan Partridge. It correctly predicted the current occurrence of 

Malayan Partridge that located mainly at the area of montane forests. This is because 

MaxEnt and SVM are models that can handle complex and non-linear relationships 

very well that generates a smoother and accurate predictions for the species. Therefore, 

MaxEnt and SVM are two of the best models to predict the occurrence of Malayan 

Partridge based on the results of AUC and the generated prediction map for the 

occurrence of Malayan Partridge. 

 

5.4 Prediction for Future Habitat Suitability 

This section will show the results of the future habitat suitability map for Malayan 

Partridge from best models of MaxEnt and SVM. It will predict for the year 2021 to 

year 2040 and year 2041 to year 2050.  
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5.4.1 Future Habitat Suitability Map from MaxEnt 

 

Figure 5.4.1.1 Future Habitat Suitability Map of MaxEnt (Year 2021 to 2040) 

 

 

Figure 5.4.1.2 Future Habitat Suitability Map of MaxEnt (Year 2041 to 2060) 

 

5.4.2 Future Habitat Suitability Map from SVM 

 

Figure 5.4.2.1 Future Habitat Suitability Map of SVM (Year 2021 to 2040) 

 



CHAPTER 5 

Bachelor of Computer Science (Honours)  
Faculty of Information and Communication Technology (Kampar Campus), UTAR 

46 
 

 

Figure 5.4.2.2 Future Habitat Suitability Map of SVM (Year 2041 to 2060) 

 

5.4.3 Interpretation of Future Habitat Suitability Map 

Figures in section 5.4.1 and section 5.4.2 shows the habitat suitability map for the future 

year of 2021 to 2040 and year 2041 to year 2041. All of the future habitat suitability 

map are generated using the projection of Shared Socioeconomic Pathway 2-4.5 (SSP2-

4.5) as mentioned in section 3.1.1. It is clear that comparing these future habitat 

suitability map with the current distribution map of Malayan Partridge, there is a huge 

drop of area of suitable habitat for the species as the year goes by. 

This can be explained by the future projections of SSP2-4.5. In this projections, there 

will be an increase of socioeconomic development, population, economy and 

technology in Malaysia along with the whole world. With the increase of these 

activities, it will affect climate conditions such as the temperature and the precipitation 

patterns in the future. 

Overall, the future trend for the species of Malayan Partridge does not look optimistic 

as there will be less suitable habitat for the species to thrive in. This will no doubt lead 

to the decline of the species in the future if there are no actions taken to preserve these 

environments.  

 

5.5 Variable Importance 

In the previous part of the variable selection, Figure 4.2.2 shows that bio1 and bio12 is 

the most important variable concluded with the most votes of three. Therefore, in this 

part, MaxEnt and SVM will be evaluated by predicting the occurrence map for Malayan 

Partridge with two of the most important variable. By doing so, it can identified whether 
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that using just 2 bioclimatic variables are enough to make a map distribution result that 

is comparable to using 6 bioclimatic variables that are implemented in the previous 

models of MaxEnt and SVM 

 

5.5.1 MaxEnt 

 

Figure 5.5.1.1 Prediction Map of MaxEnt with 2 variables 

 

For the result of MaxEnt, it shows that using only two variables bio1 and bio12 is not 

recommended as it generated a distribution map that does not make ecological sense. 

Since the variable selection process uses RF, permutation importance and XGBoost, it 

uses a different interpretation to identify the most important variables. MaxEnt itself 

evaluates variables importance differently. RF and XGBoost identify variables that will 

affect their own predictive models, while MaxEnt uses permutation importance and 

percent contributions that take consideration of interactions and environmental 

variables differently.  

 

 

Table 5.5.1.1 Percent Contribution and Permutation Importance of MaxEnt 

 

The Table 5.5.1.1 shows the percent contribution and permutation importance 

generated by the MaxEnt model. Percent contribution refers to how much each variable 

contribution to the training of MaxEnt, while permutation importance refers to the how 
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sensetive the model is when the bioclimate variable shuffles its value randomly. Based 

on the results, show bio1 is the most important bioclimate variable as it has a percent 

contribution of 76.9% and permutation importance of 66.4%.  Even though bio12 and 

bio2 has a low percent contribution, but it has a moderate permutation importance of 

11.7% and 18.6%, showing that the values of bio12 and bio2 is also important for the 

model prediction. Bio7 is also considered as important as it has 14.2% of contribution 

to the training of model. Bio15, and bio2 has low percent contribution and permutation 

importance, but these variables can to be kept as each variable can provide different 

minor information that will be needed for an accurate prediction. Bio9 has 0 percent 

contribution and 0.2 permutation importance for the MaxEnt model, but it can provide 

a little of useful information for the model. 

 

5.5.2 SVM 

Figure 5.5.2.1 Prediction Map of SVM with 2 variables 

 

Similarly, SVM does not provide an accurate prediction map for the occurrence of 

Malayan Partridge. The prediction map also shows signs of suitability in the area of 

Sabah. Even though SVM does not rank variable importance during training, it will use 

inputs together to separate the presence and absence points in the multidimensional 

space. Reducing 6 variables to 2 variables will reduce the dimensionality of the results 

boundary. This will lead the model to have less ability to capture and understand the 

full information of the speices. To identify what are the important variables for SVM, 

shapely value can be implemented. Shapely value is similar to the percent contribution 

and permutation importance from MaxEnt, it will show the variable importance of each 

variable towards the model. 
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Figure 5.5.2.2 Mean SHAP for SVM  

 

Figure 5.5.2.2 shows the variable importance of 6 of the input bioclimate variables to 

the model. The result shows that each bioclimate variables provide an importance for 

the model to produce a robust and reliable result. It provide the SHAP mean value as it 

will take the result of individual sample points and then average it. Bio1 is considered 

as the most important variable compare to other variable. However, the remaining 

variables also shows its importance towards the model performance. Therefore, these 6 

variables will considered as the most important variables for the SVM model. 
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Chapter 6 

Conclusion and Future Work 

 

6.1 Conclusion 

The study aims to study and predict the occurrence of Malayan Partridge in which help 

to solves the current challenges of keep tracking of this species in Malaysia. Five 

different models of SDM MaxEnt, RF, SVM, GLM and Bioclim are being implemented 

with different pseudoabsence data settings. In the end, the research was able to identify 

the setting of 5-fold with 1000 pseudoabsence data is the most optimal setting for 

predicting the occurrence of Malayan Partridge in Malaysia. In this pseudoabsence data 

setting, the model of MaxEnt and SVM performs the best based on the train test AUC 

and the distribution map predicted by the models. Future habitat suitability maps were 

generated using Shared Socioeconomic Pathway 2-4.5 (SSP2-4.5) with the best models 

and found a similar trend. The future projections show that there will be a massive 

decrease in suitable habitats for the species in Malaysia. 

The study also shows that bio1 is the most important variable among the 6 variables 

that are chosen for the models to implement. This is proven by the results of MaxEnt 

and SVM that agreed bio1 is the most important variable in both models. For the 5 other 

variables, it also plays an important role in producing a reliable model for SDM. This 

is justified by testing the models to implement the two most important variables based 

on the variable selection. The result of both models shows distribution maps for 

Malayan Partridge that are inaccurate and do not make ecological sense. Therefore, 

bio1, bio2, bio7, bio12, bio15, bio19 are the 6 important variables that required to 

predict the occurrence of Malayan Partridge accurately in Malaysia. These variables 

are mainly focused on the temperature and the precipitation patterns referring to Table 

4.5.1. These bioclimatic variables reflect the habitat of montane forest of the Malayan 

Partridge. This highlights the dependence of cool and humid climate of the habitat for 

Malayan Partridge to thrive in. 
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6.2 Future Work 

In terms of future work, deep learning techniques can be considered as another option 

of exploration for Species Distribution Model. Deep learning is a technique that is 

common for other sectors and fields such as finance and business but not for application 

in SDM. This is because not every species has many presence points as deep learning 

requires large number of datasets to perform well. However, some deep learning 

techniques such as Few-Shot and One-Shot can be implemented for SDM. These 

methods will be useful when there is less knowledge and information about a specific 

species. For example, zero-shot is a great example that allows models to recognize 

species that they have never been trained on with related occurrence data. This is 

particularly useful when there is a need to predict a species that are rare. One example 

approach proposed to implement CLIP-driven zero-shot species recognition method to 

recognize species [23]. This can be a promising direction to develop a more robust 

SDM for the species with small occurrence data. 
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