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Abstract

Data imbalance has been a challenge in many areas of automatic classification. Many
popular approaches including over-sampling, under-sampling, and Synthetic Minority Over-
sampling Technique (SMOTE) have been developed and tested in previous research. A big
problem with these techniques is that they try to solve the problem by modifying the orig-
inal data rather than truly overcome the imbalance and let the classifiers learn. For tasks
in areas like remote sensing and depression detection, the imbalanced data challenge also
exists. Researchers have made efforts to overcome the challenge by adopting methods at
the data pre-processing step. However, in remote sensing and depression detection tasks,
the main interest is still on applying different new classifiers such as deep learning which
has powerful classification ability but still do not consider data imbalance as prime factor
of lower classification performance.

In this thesis, we demonstrate the performance of K-CR in our evaluation experiments
on a urban land cover classification dataset and on two depression detection datasets. The
latter two datasets consist in social media texts (tweets), therefore we propose to adopt a
feature selection technique Term Frequency - Category-Based Term Weights (TF-CBTW)
and various word embedding techniques (Word2Vec, FastText, GloVe, and language model
BERT). This feature selection method was not applied before in similar settings and we
show that it helps to improve the efficiency and the results of the K-CR classifier.

Our three experiments show that K-CR can achieve comparable performance on the
majority classes and better performance on minority classes when compared to other classi-
fiers such as Random Forest, K-Nearest Neighbour, Support Vector Machines, Multi-layer
Perception, Convolutional Neural Networks, and Long Short-Term Memory.
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Chapter 1

Introduction

1.1 Motivation

Machine learning algorithms have been among the most popular and widely-used tech-
niques to handle classification tasks over the past years. One of the fundamental re-
quirements for machine learning classifiers is data with appropriate quality. However, in
practice, many datasets have an emerging challenge of imbalance. Imbalanced datasets
affect supervised classification algorithms in various way, for example when assigning prior
probabilities to each class ( , ). In real-world applications, the challenge
of imbalance in the data is quite common, including the areas of financial fraud detection,
medical diagnosing, etc. More importantly, the minority class is often the crucial one that
needs to be learned, and there could be a serious cost for incorrect classification

( ). For instance, detecting whether a user has a rare disease is a classification task
with extreme imbalance in the data, because there is a limited volume of information about
the rare diseases.

Generally, the typical solutions for addressing the imbalanced date challenge aims at
modifying the dataset itself, to transform it into a balanced dataset. For instance, in under-
sampling, the training data is modified by removing a certain number of instances from the
classes with more data. This allows a classifiers to assign ‘fair’ prior probabilities to each
class. However, this method could affect the generalization ability of the classifier when the
original dataset is relatively small. With limited information (after the under-sampling)
being used for learning, the classifier might not be able to generalize to future cases, even
if it has good performance on the current dataset. Intuitively, instead of modifying the
original dataset (by resampling), it is preferable to tackle the challenge from the classifier’s
perspective. More specifically, it would be better to have the classifier properly learn
the data representation even with data imbalance. Even further, ( )
compared the existing approaches to solve the imbalanced dataset classification challenge.
The authors concluded that future research is needed to overcome the imbalanced data
challenge by focusing on detecting and measuring the most significant data properties, in
order to be able to define good solutions. More specifically, they suggested to explore
classification approaches that can overcome data imbalance in regard to six aspects: the



presence of small disjuncts, the lack of density or small sample size, the class overlapping,
the noisy data, the correct management of borderline examples, and the dataset shift (We
discussed these factors in detail in section 2.2).

Based on this motivated, we explore an algorithm named K-CR (K-Closest Resemblance
Classifier) that was proposed by ( ). It was designed as a multi-
criteria fuzzy classification procedure and it aims to tackle the challenge of imbalance
in data at the algorithm design level. Based on the results from
( ), it can be concluded that K-CR outperforms other classifiers from the following
perspectives:

e The K-CR classifier explores the intrinsic characteristics of the dataset. By intrinsic
characteristics, it refers to how ‘important’ a feature is for a class. It assigns ‘fair’
prior probabilities to majority classes and to minority classes. More specifically, K-
CR assigns n sets of weights to the n classes (one set per class). Those weights
define the features’ ‘importance’. K-CR works well even on a multi-class imbalanced
dataset by leveraging this feature weights. Moreover, ( )
mentioned that the K-CR classier can be improved by utilising feature selection
techniques. Therefore, we will explore this possibility.

e It automatically provides weights for each feature of the dataset. Therefore, it is
possible to provide detailed information about classification predictions.

With the above motivation and knowledge, we summarise our objectives in the next section.

1.2 Thesis Objectives

The first goal of this thesis is to implement the K-CR algorithm in Python, as it was previ-
ously implemented in C++ and Python is a more commonly-used programming language
in Machine Learning. Python also has variety of useful libraries and packages that allow
the implementation to be efficient. The second goal is to evaluate the K-CR algorithms
in more applications. For this, we chose two tasks. The first task is urban land cover
classification which is a common task in remote sensing research. We chose it with the mo-
tivation of evaluating the classifier on an imbalanced dataset from a major research field.
The dataset we chose is the GEOBIA dataset ( : ) which contains
information extracted from images. Then, we chose the second task: depression detection
from social media. We chose it for several reasons. K-CR was applied in medical applica-
tions (with imbalanced datasets) and achieved good performance. Another reason is that
depression detection task becomes more and more important, as mental health issues have
been growing during the past years. Recently, the problem became even more prevalent.
For example, according to ( ), the number of calls related to mental health
received daily in Nova Scotia is 2700% higher during COVID-19 pandemic than usual.
For the depression detection tasks, we employed two social media datasets extracted from
Twitter: Bell Lets Talk ( : ) and CLPSych2015 shared task (
, ) datasets. During our evaluation experiments, we have three sub-goals:

2



e As text data is involved in one of the tasks, one important step is mapping text to
vectors of real numbers. Therefore, one of the sub-goals is to explore how different
word embedding techniques contribute to classifiers’ performance.

e Feature selection has been a proved effective solution for alleviating the data imbal-
ance challenge. Thus, the second sub-goal is to explore an effective way to utilise a
suitable feature selection technique with K-CR for text data.

e Finally, the third sub-goal is to explore how different parameters or factors affect
K-CR’s performance (such as the number of constructed prototypes).

1.3 Thesis Contributions

This thesis contributes from three aspects:

e We propose to adopt a feature selection technique named Term Frequency - Category-
Based Term Weights (TF-CBTW) to further improve the performance of K-CR on
imbalanced datasets. To our knowledge, this feature selection method was not applied
before with state-of-the-art text classification methods.

e We evaluate our approach on urban land cover classification and depression detection
tasks with imbalanced datasets. We show that our approach can achieve comparable
performance on majority classes and better performance on minority classes than
Random Forest, K-Nearest Neighbour, Support Vector Machines, Multi-layer Per-
ception, Convolutional Neural Networks, and Long Short-Term Memory.

e For the first time, we implemented a Python version of K-Closest Resemblance (K-
CR) classifier.

1.4 Thesis Organisation

This thesis has seven chapters in total:

e Chapter 2 discusses related work about the imbalanced data problems. Besides,
we include knowledge of multi-criteria fuzzy classification methods since the K-CR
classifier relates to them. Furthermore, urban land cover classification and depression
detection are mentioned as they are the two tasks for exploring the imbalanced data
problems.

e Chapter 3 presents background on several traditional classification methods, includ-
ing K-Nearest Neighbour, Random Forest and Support Vector Machines. Then, a
deep learning method, Convolutional Neural Networks (CNNs), is presented since
we will use it to conduct experiments on the Urban Land Cover classification task.



Another deep learning method, Long Short-Term Memory (LSTM) is also presented
since we will use it for the text classification tasks. In addition, since we will employ
word embeddings for the text classifiers, we include background knowledge about
word embedding techniques, including Word2Vec, FastText, GloVe and the state-
of-the-art language model BERT. Finally, we introduce the Category-Based Term
Weight feature selection method that we propose to add in order to improve our
classifiers.

e Chapter 4 describes in detail the idea, the algorithm, and the applications of the
K-Closest Resemblance classifier.

e Chapter 5 introduces the GEOBIA, Bell Let’s Talk, CLPSych2015 datasets, the
evaluation methods, our experimental setup, and our results. Part of the experiment
results with the GEOBIA dataset were published in ( ).

e Finally, chapter 6 concludes the thesis and proposes several directions of future work.



Chapter 2

Related Work

In this chapter, we discuss related work about the imbalanced data problem. Besides,
urban land cover classification and depression detection are discussed, as they are the two
tasks for exploring the imbalanced data problems.

2.1 The Data Imbalance Challenge and Solutions

Classification tasks on imbalanced datasets have been long-standing challenges. We call
a dataset imbalanced when one or more classes have a much larger number of instances
compared to the other classes in the dataset. There are varies of approaches to quantify the
ration that is considered imbalance. One of them is the imbalanced ratio (IR). According
to ( ) and ( ), IR is a proportion samples in the number
of majority class (negative class) to the number of minority class (positive class). Given a
binary dataset with classes Crajority and Crinoritys IR 1S (Crajority/ Cminority). Larger the
IR is, more imbalance the dataset is. When IR is 1, the dataset is balanced.

Classifiers usually perform well for the dominating classes, while obtaining weak per-

formance on the minority classes. Sometimes, such a classifier is mistakenly considered
as a good one solely based on high accuracy scores (due maninly to the high accuracy on
the dominating classes). However, in practice, the dominated (minority) classes are more
important for domains such as business decisions or medical diagnosing.
( ) showed that this challenge appears often in binary classification tasks, e.g., fraud
detection, but also in multi-class classification tasks, like depression detection. As there are
several dominated classes in multi-class datasets, the problem becomes more challenging
to tackle.

( ) claimed that many classifiers assume the fed dataset is balanced.
As a result, many classifiers are ineffectively-trained and do perform not well on predicting
minority labels although a good overall score is achieved. There are several possible reasons
for such failure:

e (Classifiers are aiming at incorrect learning goal. In many cases, accuracy is used



to measure how well a classifier performed over a classification task. However, the
accuracy scores can be easily manipulated by dominating classes.

e Since minority classes contain fewer number of instances, they may be considered as
outliers by classifiers during the training process.

As data imbalance challenge continuously draws communities’ attention, many methods
have been developed. Basically, ( ) concluded them into 3 groups:

e Data re-sampling
e Cost-sensitive learning

e Ensemble techniques

Data Re-sampling
For data re-sampling, there are three popular groups of solutions:

e Under-sampling: this works by removing a certain amount of instances from the
majority class. The goal is to keep the same amount of instances in the majority
class as in the minority class. As a result, a balanced dataset is generated and
can be used to train standard classifiers. Random under-sampling is usually the
simplest method. But the drawback is also obvious. As instances are removed from
the dataset, there is a great chance that instances with crucial information are the
selected ones. Even if the learnt model achieves high performance during training, it
may not generalise to an unseen dataset.

e Over-sampling: similar to under-sampling, this also works by modifying the original
dataset. Instead of removing instances, it randomly copies the existing instances
within the minority class. As a result, the minority class contains more instances,
and the overall dataset becomes balanced. The main problem with this is overfitting,
as there are repeated samples within the dataset.

e Hybrid-sampling: the methods integrate under-sampling and over-sampling.

In literature, ( ) proposed SMOTE (Synthetic Minority Oversampling
TEchnique) which has been one of the most widely accepted data re-sampling approaches
to overcome the data imbalance challenge. It belongs to over-sampling group and achieves
outstanding performance for its improvements on instances duplication. For instance in
figure 2.1, there is an imbalanced two-dimensional dataset. There are two classes from
which the blue ones belong to minority class. With SMOTE, the K-nearest-neighbors of
each minority sample are first obtained. Then, as shown in figure 2.2, the algorithm synthe-
sizes a new sample at a random location on the connected line between the focused sample
and its nearest neighbours. The green dot in the figure represents the synthesised sample.
Based on SMOTE, there are several extensions such as Borderline-SMOTE proposed by
( ), Safe-level-smote developed by ( ), etc.
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Figure 2.1: Example of an imbalanced dataset

Figure 2.2: Example of SMOTE synthetic data point

Cost-Sensitive Learning

Data re-sampling methods mainly contribute by working on data level modifications. In
contrast, Domingos (1999) points out that cost-sensitive learning integrates both data level
and algorithm level efforts.

Domingos (1999) summarizes the main idea of cost-sensitive learning as taking the
cost of each incorrect classification into account. Before classifiers’ learning, a cost matrix
is created, where the cost values within it are defined by experts of the tasks or from
references. During learning, those cost values will be taken into account when minimising
the classification loss. Due to the fact that the minority class is more important than
majority class, a higher cost will be assigned for each incorrect classification of a minority
class instance. Given a cost matrix, a classifier should learn to classify instances into the
class with the lowest cost.



Actual Negative | Actual Positive
Predicted Negative | 0 88
Predicted Positive | 5 0

Table 2.1: Example of a cost matrix for fraud detection

For example, assume table 2.1 represents a cost matrix for a fraud detection task.
There is no cost when a correct prediction is made. However, there will be a $88 cost if a
positive sample is predicted as negative and a $5 cost will be applied if a negative sample
is predicted as positive. Based on these costs, a total cost matrix can be defined as follow:

C:CFN*NFN+CFP*NFP (21)

where N represents the number of samples. A cost-sensitive learning algorithm aims to
minimize the value of C'.

The idea of adopting a cost matrix helps to overcome data imbalance. But there are
two important disadvantages which stop users from adopting it. First of all, it is usually
difficult to correctly define or acquire a good cost matrix. Taking medical classification
tasks as an instance, doctors can provide insight information towards disease diagnosing.
But they cannot quantify the cost of a incorrect classification. Ethical issues may also be
involved if there lives can be lost as a result of incorrect classifications. Second, machine
learning algorithms are rarely developed specifically for cost-sensitive learning. Unique
modifications to each algorithm are required. The time for developing and testing them
can be time consuming.

Ensemble Techniques

( ) present an ensemble technique that employs multiple classifiers to learn
from the same training data, independently. Then the predictions from each one of the
classifiers are aggregated. This method aims to use crowd-classifiers to outperform any
individual classifier in that crowd.

There are three major groups of ensemble techniques:

e BAGGing (Bootstrap AGGregating): It is proposed by ( ). BAGGing
takes different learning algorithms in parallel and fit them independently, The train-
ing process is concurrent.

Random Forest is one of the most popular BAGGing method. As shown in figure
2.3, a given dataset is firstly bootstrapped into multiple sub-samples. For each sub-
sample, a decision tree is trained. Then, with a chosen aggregation algorithm, the
final prediction is generated by aggregating the predictions from all the decision trees.
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Figure 2.3: Example of BAGGing method adopted from Rocca (2019)

e Boosting: It is based on the question posed by Kearns and Valiant (1988, 1989).
As shown in figure 2.4, Boosting takes different learning algorithms sequentially.
Different with BAGGing that aims to reduce variance, boosting trains current learner
with observations in the dataset which were badly handled by the previous learner.
Some of popular boosting methods are adaptative boosting and gradient boosting.

train a weak model update the training dataset

+ 5@: and aggregate it to S 4 (values or weights) based on the
the ensemble model current ensemble model results
18 4
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Figure 2.4: Example of Boosting method adopted from Rocca (2019)

e Stacking: Similar to BAGGing, stacking also takes different learners in parallel.
As shown in figure 2.5, the initial dataset will firstly be split into two folds. L
weak learners will be trained using the first fold. Then, the trained learners make
predictions on the second fold. Finally, a meta-model is trained on the second fold
based on the predictions obtained in previous step.
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Figure 2.5: Example of Stacking method adopted from ( )

( ) conducted a series of experiments and summarized different particu-
larities for the three groups above. The ensemble techniques show high accuracy, but their
running time can be high. And more importantly, the trained methods are usually difficult
to be comprehended by users. Cost-sensitive approaches perform as precise as ensemble
methods. But the requirement of having a pre-defined cost-matrix limits its usage. At last,
the data re-sampling approaches show robustness and good results. ( )
concluded that data re-sampling can be taken as the standard approach for solving data
imbalance.

2.2 Multi-criteria Fuzzy Classification Methods

As we mentioned in 1.1, ( ) suggested to explore classification approaches
that can overcome data imbalance in regard to six aspects. We further explored those six
aspects:

e Small disjuncts. ( ) showed that high misclassification rates could be
due to small disjuncts. It is difficult to eliminate the small disjuncts without affect-
ing other disjuncts. ( ) discovered that the problem affects classification

algorithms that are based on a divide-and-conquer strategy, such as decision tree and
random forests.

e Lack of density. It refers to the situation where there is a lack of information for
classification methods to learn and generalise. The problem becomes more challeng-
ing when an imbalanced dataset has a small sample size. ( )
conducted experiments with decision tree (C4.5), and they showed that the problem
can be solved when there are enough samples, regardless of class distribution.

e (lass overlapping. The problem refers to the situation where there are similar quan-
tities of samples for each class in certain feature spaces.

10



( ) focused on this topic and conducted experiments with SVM. Class overlapping
caused consistent performance decreasing regardless of the size of training dataset.
When class overlapping happened on an imbalanced dataset, the performance further

droped.
e Noisy data. According to ( ), noisy data impacts minority classes more than
classes in a normally distributed dataset. ( ) showed that Bayesian

classifiers and SVMs perform better than rule-based or instance-based algorithm.

e Borderline samples. ( ) explains them as samples located at the
border of the majority and the minority classes. Their experimental results showed
that the classification accuracy of minority class instances largely improved when a
methodology was used to highlight the borderline areas.

e Dataset shift. It is a problem when the training and the test set follow different data
distributions ( ).

We learnt that there are two concepts which address the factors mentioned above. The
first one is the fuzzy classification method, that is based on fuzzy logic. According to
( ), it suppresses the effect of outliers and noisy data by detecting and
measuring the class-based importance of different training samples. The second concept
is the multi-criteria classification. According to ( ), it looks at the formulation
for instances assignment. The assignment involves a step where the most significant data
properties are examined. The examination follows profiles or prototypes where vectors of
scores on particular criteria or attributes are provided. These profiles or prototypes are
seen as independent representations of each class, and formed based on data attributes.

There are various multi-criteria classification methods such as the PROcédure d’Affectation

Floue pour la problématique du Tri Nominal (PROAFTN) proposed by ( )
and Genetic Multicriteria Decision Analysis (gMCDA) proposed by ( ).
( ) took them as imortant multi-criteria classification methods and

compared their performance. The authors concluded that PROAFTN has better overall
results than gMCDA and the employment of prototypes has an important impact over
the classifiers’ performance. The K-Closest Resemblance (K-CR) classifier adopted in
this thesis is an extension of the PROAFTN method, proposed by

( ). It inherited valuable parts of PROAFTN on overcoming data imbalance. But it
is a prototype-based supervise learning method, rather than a fuzzy classification method
like PROAFTN. We will introduce the K-CR classifier in section 4.

2.3 Land Cover Classification

Land Cover (LC) classification is one of the most important tasks in the remote sensing
field ( , ). The main task of LC classification is to detect which class a
land image belongs to or what kinds of land covers exist in the image. According to
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( ), SVM was tested against the Urban Land Cover (ULC) classification prob-
lem and showed good results. Also in ( ) research, the ULC classification
was tested against several classifiers including Random Forest (RF). The results show that
ensemble methods (like Random Forests) perform better than non-ensemble methods (like
Decision Tree). Furthermore, ( ) conducted a comprehensive review
of applying multiple different classifiers over ULC classification task. They tested classi-
fiers including Support Vector Machines, Decision Trees, Random Forest, Boosted Decision
Tree, Artificial Neural Networks, and K-Nearest Neighbours. Among them, RF achieved
the best performance over the two tested ULC datasets. In addition, ( ) did
a meta-analysis of the deep learning usage in remote-sensing applications in 2019. Deep
learning methods have been the main interest in ULC classification tasks since 2014.

Although there has been a large amount of research seek to improve ULC’s classification
accuracy, the main interest persists at adopting state-of-the-art classification algorithm
such as the deep learning models. However, they do not guarantee the performance if there
is data imbalanced. As mentioned above, ( ) used a Landsat-7 Enhanced
Thematic Mapper-plus (ETM+) dataset. The authors analysed possible reasons for not
obtaining good performance with well-defined evaluation criteria. One crucial factor, the
imbalanced distribution of the classes, was not considered. But in the ETM+ dataset, there
are 163 instances of ‘urban’ land, while only 22 of ‘pasture’ land. In ( )’s
case, the authors did find that data imbalance affects classification performance, but the
only method they applied to tackle the challenge was random over-sampling. The latter
has been shown above to not be the best method. From their experimental results, the
best kappa was achieved when feature selection was applied, but without over-sampling.
The kappa achieved with original dataset (without any feature selection or data balancing)
was even higher than the one with over-sampling.

To summarise, there has been a lot of efforts on applying state-of-the-art classifiers to
ULC classification task, and researchers gained some improvements by following this path.
But the existing classifiers, including deep learning methods, are not naturally designed
for imbalanced data classification. Researchers still address the problem by adopting one
of the solutions mentioned in section 2.1. Those solutions will more or less modify and
change the nature of the datasets. Therefore, it is valuable to explore a classifier which is
designed to naturally overcome data imbalance.

2.4 Depression Detection

As ( ) stated, there has been a rapid rising in using machine learning techniques
to medical fields like risk assessment, detection and diagnosing. Besides, according to Cana-
dian Mental Health Association ( , ), mental health support has became one of
the most required services during ongoing COVID-19 pandemic. Depression detection is
one of the most important applications.

Depression conditions are usually challenging to identify. According to ( , )
there are five characteristics for self mental health diagnosing. They are the ability to
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enjoy life, resilience, balance, self-actualisation, and flexibility. These characteristics are
delicate and subjective. Even if one manages to properly self-diagnose, there is no method
being introduced on estimating categories (such as depression, PTSD) of mental health
issues. As machine learning techniques developed, they attracted researchers’ interests on
developing prediction approaches with classification solutions.

In the modern society, many people share their thoughts and emotions through online
platforms. According to ( ) and ( ), it
has been proved that text from social media is ‘valuable’ in terms of providing insight
knowledge about users’ mental status. While in practice, there are many research using
social media texts as a source of mental health issues detection. More specifically, machine
learning techniques were employed to predict if the user has a mental health issue or not.
The machine learning algorithms are typically trained on annotated social media texts.

In previous research, one of the most adopted resources for mental health issue detection
is LIWC (Linguistic Inquiry Word Count) developped by ( ). It is
a textual analysis software which can be used to calculate the degree of each category of
words being used by a user. ( ) mentions that it has been largely
used in psychological studies, mental health diagnosing, etc. ( )
used LIWC for detecting insomnia. ( ) used it on depression
detection. Apart from those, there is research conducted from other perspectives.

( ) explored the performance of several deep neural networks including CNN and
LSTM, on predicting mental health issues with a limited number of text data.
( ) also developed an anxiouty-depression prediction model which is trained based on
a anxiety-related lexicon.

It must be recognised that in previous work, the adoption of deep learning methods
has achieved a certain level of success on depressing detection. However, similar to the
situation in urban land cover classification task, applying state-of-the-art algorithms has
been the main interest. There is not much focus on the data imbalance problem. The
problem should be considered, as the rate of having mental health issues is relatively low
(the minority classes are of high interest), and the number of available texts from those
patient is even limited. It is expected to have imbalanced distributed datasets. However,
there was not much efforts paid from this perspective. In 2015, ( ) pro-
posed a system based on SVM with TF-IDF to test against the dataset. But they did not
mention any operations towards the data imbalance. ( ) employed three
different CNN models and Bidirectional LSTM to test against a CLPSych2015 shared task
dataset ( , ). There are 55.5% of control users (normal users), while
only 21.5% for PTSD and 28% for depression. The authors noticed the data imbalance and
performed a 5-fold cross-validation with stratified sampling. The method helps maintain
same class distribution in each fold as the complete dataset. If the complete set is imbal-
anced, each fold will still be imbalanced. Therefore, the imbalance problem is left to the
classifiers to overcome, while the tested ones are not designed to solve the problem.

( ) collected a Bell Let’s Talk dataset that contains about 40% data for the class
of interest, named ‘depressed’. This is a better situation than the one of the CLPSych
2015 dataset. But the dataset is still imbalance. The authors of the paper adopted under-
sampling and SMOTE to tackle data imbalance, which are not optimal solutions. In their
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results, the best Fl-score * was achieved with the undersampled dataset.

To summarise, research in depression detection field has similar trend as in LC classifi-
cation. There has been a lot of effort on applying state-of-the-art classifiers, and researchers
gained some extent of improvements by following this path. For the same reasons concluded
at 2.3, there are necessities to explore a classifier which is designed to naturally overcome
data imbalance.

2.5 Summary

In this chapter, we discussed the nature and solutions of the data imbalance challenge, the
multi-criteria fuzzy classification methods and two practical use cases in land cover and
depression detection classification tasks. We conclude that the most research conducted
in both tasks mainly focused on adopting state-of-the-art classifiers, including some data
re-sampling solutions. Those solutions do not necessarily contribute to the performance.
The recommended research direction in the literature is to learn the data properties, which
meets the K-CR classifier’s objective. In the next chapter, we will introduce background
knowledge on classification algorithms that we will use.

!Fl-score is a statistic for measuring the performance of a classifier. It is composed of precision and
recall.
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Chapter 3

Background

This chapter outlines some of the most widely used classification algorithms, including
K-Nearest Neighbour, Support Vector Machine, Random Forest, Convolutional Neural
Network and Bidirectional Long Short-Term Memory. These classifiers are introduced as
they are used in either remote sensing or depression detection in literature. Thus, they
will also be compared with the K-CR classifier (which will be introduced in chapter 4) for
their performance over imbalanced datasets in this thesis.

In addition, as an important part for the depression detection from texts, word em-
bedding methods including Word2Vec, GloVe, FastText, BERT, and different manners of
adopting them with classifiers are introduced. Finally, feature selection approaches are
presented for their abilities to improve the performance of the classifiers over imbalanced
datasets.

3.1 Traditional Machine Learning Algorithms

3.1.1 K-Nearest Neighbour

An instance-based learning algorithm makes predictions by comparing a new instance with
the instances available in the training dataset rather than learning to generalise

( ). Because of this, instance-based algorithms require little time for training and
spends more time on predicting.

K-Nearest Neighbour (KNN) is one of the instance-based or memory-based learning
algorithms. The main concept of KNN is comparing the features of groups of instances.
The instances which share similar features are neighbours and belong to same class label.
The class label of a new unclassified instance can be determined by looking for its nearest
neighbours. K indicates the number of neighbours to consider, and the class label with
the most occurrences among those neighbours will be assigned to the new instance. The
KNN algorithm follows 4 steps:
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1. Choose an appropriate K value: The value of K largely impact the performance of
KNN model. Different K indicates different number of neighbours to consider and it
could results in different label assignment. It is important to find the best K which
does not underfit or overfit the model. One solution is to do cross validation on the
training set with different choices of K. Then to compute the average accuracy and
F1-score of the folds for each K. At last, we can find the optimum K by comparing
results of different K.

2. Calculate distances between the unclassified instance and the training instances: Dis-
tances are key criteria for KNN. There are three popular methods including;:

e Euclidean Distance: it is the L2 norm which takes the square root of the sum
of squared distance between two data points as the distance.

dEuclidean(aa b) = Z(aj - bj)2 (31)
J
where a = a;, b; represents the j.h attribute of instances a and b.

e Manhattan Distance: it takes the sum of the absolute distance difference be-
tween two data points as the distance.

dMamhattan(aa b) = Z ‘aj - b]| (32)
J

where a = a;, b; represents the j;h attribute of the instances a and b.

e 1-Cosine Distance: it takes the value of 1 minus the cosine distance between
two vectors a and b.
dist(a,b) =1 — cos(0) (3.3)
where 0 is the angle between two vectors.

e Hamming Distance: it is different from the two above; it tells if two objects are
in the same category or not.

3. Look for the K nearest neighbours of the unclassified instance: A optimised K value
is computed in step 1. With the K and a distance option chosen in step 2, the
algorithm can then be used to predict unclassified instance by looking for the K
nearest neighbours.

4. Count and assign: AS shown in 3.1, K neighbours of the unclassified instance are
chosen. Then, KNN counts the number of each class label in the neighbours. As-
suming label B has the most occurrences when K=3, the instance will be classified
to class B. This is also called voting.

KNN is a simple algorithm and it is easy to implement. The performance of KNN can be
good when proper K and distance methods are selected, while it can also perform poorly
when the dataset contains many outliers or noise. Furthermore, ( )
point out that the prediction procedure with KNN is computationally expensive, since it
does not have a process of learning the data distribution.
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Figure 3.1: An example of using KNN to classify a new instance to class A or B

3.1.2 Support Vector Machines

Support Vector Machines (SVM) is another popular algorithm used by many researchers.
( ) introduced that the objective of the SVM is distinctly classifing in-
stances by calculating a n-dimensional hyperplane. The hyperplane separates the data
points into two groups, where each group belongs to one class label. Figure 3.2 shows
an example of using a two-dimensional hyperplane to separate data points. The left one
represents the learning process of an SVM model. It maximizes the distances between the
hyperplane and each side of data points. As ( ) explained, to train
an SVM model is to find the optimal hyperplane which maximizes the margin between the
data points and hyperplane. The process of hyperplane optimisation follows the equation
3.4: .
mingA || w |2+ e, y, £(2)) (3.4)
i=1
where w is a weighted vector and A is an activation function. And c(x,y, f(z)) represents
the hinge loss used by SVM which has two cases, as shown in equation 3.5. If the true
value is same as the predicted value, the cost is 0. Otherwise, the cost will be the results of
1 —yx* f(x). With the cost function 3.4 and the loss 3.5, SVM aims to achieve a minimum
loss value by updating its weights through gradient descent.

oy, f(z)) = { 1-— y(jk f(x) i){hz:wf@(s? = } (3.5)
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Figure 3.2: ( ) provided an example of finding the hyperplane to
separate blue circle and red square using SVM
From ( )’s research, we learn that SVM has lower computational com-

plexity comparing with KNN. The reasons is that SVM is not sensitive to the volume of
dataset as KNN is. It is the number of selected support vectors (usually small) which affect
SVM'’s computational complexity. Apart from that, SVM has an advantage of working on
both low-dimensional and high-dimensional datasets. In other words, it works on either
linear separable datasets or linear inseparable ones. It is possible to train and generalize
a SVM model on high-dimensional datasets. In addition, SVM can choose from various
kinds of kernel functions such as Linear, Gaussian,or Sigmoid. By design, SVM works on
binary datasets. But there are methods such as “one-against-rest” strategy ( , )
which can be adopted for multi-class classification.

3.1.3 Random Forest

Random Forest (RF) is another widely used classification algorithm. As mentioned by

( ), RF is popular for its straightforward learning process and fast
learning time. ( ) explained that RF is as an ensemble of decision trees (as
figure 3.3) which use random data selection for tree induction. When classifying with RF,
each tree in the forest selects some data instances and outputs a classification decision.
Then, all outputs are aggregated based on majority voting and in order to output a final
decision.
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Figure 3.3: An example of Random Forest classifier [<umar

There are two popular types of decision trees, ID3 and CART. Both of them utilise
two important terms. First, the impurity criterion is used to measure the quality of a split
in the trees. The Gini Impurity is one of the measures when using RF on classification
tasks. Singh and Gupta (20141) introduced it as the probability for a randomly chosen
instance being incorrectly classified, where the instance is randomly labeled based on the
data distribution. It is calculated as:

C

G =3 pli) + (1 - p(i) (3.6)

=1

where C is the unique number of classes in the dataset and p; stands for the probability of
randomly choosing an item which has label i. When training with Gini Impurity, the goal
is to maximize Gini gains at each split of the decision trees. Apart from Gini Impurity,
Information Gain (IG) is another popular alternative. It is a measures based on Shannon
(1948)’s Information Entropy. The entropy equation is:

c
E=- Zpilogﬂ)i (3.7)

where p; refers to the proportion of the dataset which have label i. Thereafter, as shown
in equation 3.8, the IG is calculated by learning the entropy difference between the parent
node and the nodes split from that parent node.

[G(T) = E(T) — E(Tla) (3.8)

where E(T') is the entropy of parent node 7" and E(T'|a) represents the sum of entropy of
T’s children. As stated by Singh and Gupta (2014), it is to remove more entropy at each
split when training with /G.
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Although RF is a simple algorithm based on a straightforward idea, it achieves good
performance on both Computer Vision (CV) and Natural Language Processing (NLP)
tasks. [Kontonatsios et al. (20141) successfully used RF to automatically compile bilingual
dictionaries. Kremic and Subasi (2016) achieved 97.17% accuracy for a face recognition
task using RF. Potthast ot al. (2010) also utilised RF on a ‘clickbait’ application and
achieved 0.79 AUC ! score. Therefore, it is still valuable to compare K-CR with RF’s
capabilities over data classification.

3.2 Artificial Neural Networks

Artificial Neural Networks (ANN) are important methods for classification tasks. 3.4 shows
the simplest architecture of a neural network. There are various kinds of neural network
used for different applications. In the following sections, background knowledge of Convo-
lutional Neural Network and Bidirectional Long Short-Term Memory is presented due to
their high performance in computer vision and/or natural language processing tasks.

output layer

hidden layer

input layer

Figure 3.4: The structure of a MLP with single hidden layer

3.2.1 Convolutional Neural Networks

Tu (2018) describes Convolutional Neural Networks (CNNs) as feature detectors which are
good at detecting indicative local patterns. As feature detectors, CNNs maintain certain
freedom with regard to the position of the local patterns and can combine detected patterns
to form fixed-size feature representations.

CNNs usually apply to computer vision tasks. However, from experiments of Yin
et al. (2017), CNNs works comparable with classic NLP neural networks like RNN or

! Area Under the Curve (AUQC) is a statistic between 0 and 1. If AUC is 0, it means that the classifier
has no ability to distinguish between classes. In contrast, 1 indicates that the classifier has perfect ability
to distinguish between classes.
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LSTM 2 in NLP tasks including sentiment classification, relation classification, etc.

( ) achieved good performance on sentiment analysis and topic categorization
with CNNs. They used a simple CNN network and produced sentence embedding with
word2vec 3. ( ) added one extra layer on top of CNN to perform sentiment
analysis. ( ) and ( ) from Microsoft explored using CNNs

to learn semantically meaningful representations of sentences and performed information
retrieval. These works indicate that CNNs can serve as feature detectors in NLP tasks.
As stated by ( ), it detects indicative local patterns in CV tasks, and indicative
n-grams in the context of NLP tasks.

Convolution and pooling are two typical operations in CNNs. Assume there is a sen-
tence with k words and a sliding window with size s. Then for this sentence, there are
s—k—+1 possible windows. As ( ) mentioned, each of these windows is a kernel that
captures local information and returns a scalar value. The values from all these windows
result in a vector with size s — k+ 1, which is also named as the convolutional feature map.
Since there are various (assume there are m) kinds of detectable n-gram patterns in the
sentence, we will have m feature maps with size s — k + 1. For each feature map, in order
to keep the most informative parts, a pooling step is taken. ( ) explained that the
pooling help reduce the size of the feature maps by keeping relevant information and elim-
inating noise. The pooling step is usually set to produce fixed-size outputs. As a result,
a convolution layer produces outputs with pre-set size. Two popular pooling techniques
are max-pooling and average-pooling. The max-pooling looks for the maximum feature in
each feature map, while average-pooling returns the average of feature values. To perform
classification, CNNs are usually followed by a fully-connected layer which outputs the fi-
nally classification decision. Figure 3.5 shows a visual representation of applying CNNs on
textual data, according to ( ).

The pooling step in CNNs is expected to process sentences faster than classic text-
targeted neural networks like LSTM and RNNs. Speed is an advantage of CNNs over some
other neural networks. Apart from this benefit, ( ) pointed out that the size
of hidden layers and batch size largely affect performance of CNNs. In the next section,
LSTMs are introduced for their applicability to textual data.

3.2.2 Bidirectional Long Short-Term Memory Networks

Recurrent Neural Networks (RNNs) are classic neural networks that target textual data.
As ( ) from Google mentioned, the cyclic connections make RNNs more
powerful than feed-forward networks on modeling sequence data (such as text or speech
data). RNNs feature a special looping mechanism as shown in figure 3.6. With the looping,

2Recurrent Neural Networks (RNNs) are classic neural networks that target textual data. As intro-
duced by ( ), RNNs have cyclic connections which make them more powerful than feed-
forward networks on modeling sequence data (such as text or speech data). Long-short Term Memory
(LSTM) is a special version of RNN which aims to learn long-term dependencies. Details will be intro-
duced in section 3.2.2

3Word2Vec is a word embedding model introduced by ( ) and ( ).
The model aims to learn linguistic representations of words. The details will be introduced in section 3.3.1
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the processed information from previous input step can be passed to the current step along
with new inputs. Figure 3.7 shows an unrolled representation of RNNs. The looped RNNs
can be seen as a chain of multiple copies of the recurrent unit. The information passes
through from one unit to its successor. Each recurrent unit has a simple structure, such
as a single tanh layer (figure 3.8).

In practice, RNNs may fail in cases where a large amount of prior knowledge is required
for sequence modelling. It has been proved by Bengio et al. (1994) that RNN does not
have the ability to learn information relation through gradient descent and large memory
amounts are needed for training. They found that the gradient descent becomes progres-
sively incompetent with increasing size of the temporal span over dependencies. LSTMs
was developed to solve the issue.

Hochreiter and Schmidhuber (1997) introduced LSTMs in order to learn long-term
dependencies. Similarly to RNNs, LSTMs also have a chain structure containing multiple
copies of the same unit. For each unit in the LSTM, Colah (2015) presented four interaction
layers, as shown in figure 3.9. The unit starts with a sigmoid layer named as “forget gate
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layer”. The layer follows equation 3.9, where h;_; is the hidden state from previous LSTM

cell and z; stands for the new input. According to ( ), the output varies between
0 (completely eliminate this information) and 1 (completely keep it).
ft = O'(Wf * [htfl, Z(ft] + bf) (39)

The second layer is also a sigmoid layer named the “input gate layer” and is calculated as

follows:
Z.t = O'(Wl * [htfla $t] -+ bz) (310)

This layer decides which values from the input will be updated. The third layer is a
tanh layer. As explained by ( ), this layer turns new candidate values C; into
a vector, and the vector is scaled by the level of expectation to update each state value.
This layer follows the equation below:

Ct = U(WC * [ht—h It] + bc> (311)

Finally, the last layer combines a sigmoid operation and a tanh operation, as shown is equa-

tion 3.12. ( ) concluded that this layer is the one that decides what information
to output.

ht = O'(WO * [ht,h LL’t] + bo) * tanh(C't) (312)

Apart from the four layers, the top horizontal line in figure 3.9 refers to the cell state,
where the information passes along cells.

Bidirectional LSTMs are a step further then traditional LSTMs. Instead of learning
with one LSTM, bidirectional LSTMs learn with two LSTMs. One of them learns the
sequence in its original order, while another one learns the sequence reversely.

( )’s research proved that bidirectional networks usually achieve better
performance than unidirectional ones.
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3.3 Word Embeddings

The depression detection tasks focus on detecting possible signs of depression from text-
based sources. The classifiers cannot take the text directly as input. Therefore, word
embedding vectors are used to represent the text and they are one of the important pre-
liminary tasks.

Word embeddings are vector representations of vocabularies. There are many word
embedding models such as word2vec ( : ) ( , ) which
are able to convert text into word embeddings. In word embedding models, a word is
projected into a low-dimensional vector, let’s call it x;. Thereafter, any learning algorithm
can take the vectors x; as input.

As an indispensable step, it needs to be considered that the quality of the word em-
beddings will affect the performance of the classifiers. Therefore, we searched for word
embeddings with high quality regarding the following two aspects:

1. Adopting different word embedding approaches from literature. In this thesis, we
first selected both Skip-gram and Continuous Bag-Of-Words from Word2Vec

( ) and ( ). We did this in order to be consistent with
the ones used in ( ). Their experimental results are referenced for
performance comparison with our classifiers. To explore more possibilities, we also
adopted the GloVe model from ( ) and the FastText one from
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?. Furthermore, the state-of-art language model BERT from ( )
cannot be ignored.

2. Adopting feature selection techniques. The objective of adopting them is to distin-
guish samples from different classes by highlighting certain vocabulary words. In this
case, the goal is to determine if any particular words can represent the characteris-
tics of certain classes. We used the Term Frequency - Category-Based Term Weights
(TF-CBTW) technique from ( ) to achieve this. With TF-CBTW, we
expect to highlight (assigning higher weight or score) the words that project a sample
to one of the classes and to weaken (assigning lower weight or score) the influence of
the words that do not.

We will introduce the point 1 above in this section, and section 3.4 will present the details
of point 2.

There is a challenge that needs to be noted: some classifiers tested in this thesis take
matrices as input, while others, like K-CR, take vectors as input. This challenge and
corresponding solutions are discussed more at the end of this section (3.3.5).

3.3.1 Word2Vec

( ) and ( ) introduced the Word2Vec models. They
aimed to train some small scale neural networks to learn linguistic representations of words.
By taking a corpus of text as input, the model projects each unique word into a high-
dimensional vector space. At the end, each unique word will be assigned a unique vector
representation in a low dimensional space.

Word2Vec has two different architectures:

e Continuous Bag-Of-Words (CBOW): With this architecture, for a dataset with n
unique words, each word within the vocabulary is converted into an n-dimensional
vector. The conversion starts with one-hot encodings. Thus, for the iy, word in the
vocabulary w, its vector is composed with Os except 1 for index ¢. During the train-
ing, these vectors serve as input to the word2vec model, and the model learns words
representations by using the knowledge of their surrounding words. A window size
is set to define which words can be considered as “surrounding” words (context).

Figures 3.10 and 3.11 represent the architecture of CBOW-based Word2Vec model.
The model in figure 3.10 takes one single word z (a V' dimensional vector) as knowl-
edge, and tries to predict the vector representation of word y. In figure 3.11, the
window size is increased. The model takes C' words as knowledge. Instead of a
vector, a C' x V matrix is used as input.

e Skip-gram: the Skip-gram model has a similar architecture to CBOW, but, as shown
in figure 3.12, it has an opposite representation to the one in figure 3.11. Instead of
taking the vectors of the surrounding words as input, it takes a vector of the target
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Figure 3.10: An example of CBOW-based Word2Vec model adopted from ( ).

The model takes a vector as input and outputs a low-dimensional vector at the end.

word as input. Then, the model outputs the prediction of the vector representations
of the surrounding words. The model is trained with back-propagation to learn the
best representation of the target words.

According to ( ) and ( ), CBOW-based Word2Vec
models have better performance on large corpora and a faster learning process, while the
model with the Skip-gram architecture performs better with smaller corpora with less
frequent words.

3.3.2 GloVe

( ) proposed the popular GloVe (Global Vectors for Word Representa-
tions) model which an “unsupervised learning of word embeddings”. GloVe is a count-based
model, while Word2Vec model is a prediction-based model. According to the definition

from ( ), GloVe learns the semantic similarity between words by counting their
co-occurrence frequency.
As stated by ( ), GloVe takes matrices as input. The matrices include

the frequency information of the words based on their appearance in context. Then,
the matrices are factorized into low-dimensional matrices. Each row of the matrix is a
vector representation of a text. During the training process, a customized weighted least-
square objective is set to efficiently learn corpus co-occurrence statistics.

( ) stated that GloVe is a unsupervised model for learning word embeddings, and it
outperforms Word2Vec models in tasks like word analogy and word similarity. The author
particularly pointed out that GloVe is designed to capture the vector differences of the
meaning specified by the juxtaposition of two words. For instance, the representations of
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Figure 3.11: An example of CBOW-based Word2Vec model taken from ( ). The

model takes a matrix as input and outputs a vector at the end.

the words ‘man’ and ‘woman’ are shown in figure 3.13. GloVe seems to be able to capture
the differences between the words.

According to ( ), GloVe creates the embedding matrix by first
calculating co-occurrence probabilities. For word w; and word wa, Ny, 4, stands for the
number of times the word wy appears in the context of the word w;. Therefore, for any
two words w;, w;, the co-occurrence probabilities are as follows:

Pu;w; = Ny ws /Neoy (3.13)

Based on equation 3.13, for any given probe word w,,, the ratio of co-occurrence probabil-
ities is: .

R = _—tm (3.14)

Puy;

where Vi, Vi, and Vi, refer to the vector representation of words w;, w; and w,, re-
spectively. The ratio value provides relational information on which two words are more
related. If R is 1, the probe word relates to both w; and w;. If R is larger than 1, the
probe word relates to word w;. Otherwise, it relates to word w;. Thereafter, the vectors
are produced with a soft constraint:

VUCZ * Vw’m + bwi + bwm = log(Nwi,wk) (315)
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where b, and b,,,, are scalar biases. Finally, the GloVe model is trained by minimizing the
following cost function:

T =" F(Nurao))(VE 5 Vi, 4 by, + by, — 10g(Noy))? (3.16)

ij=1
where n is the size of vocabulary. The function f provides customized weights for each
word pair. As shown in equation 3.17, x,,ax is a threshold set by the user. The weight is
(x/zmax)® if Ny, 4, is smaller than the threshold. Otherwise, the weight is set to 1.

1 otherwise

o) = { (x/xmazx)®  if v < zpaz (3.17)

3.3.3 FastText

Bojanowski et al. (2016) from Facebook introduced the FastText approach to help learn
word representations. The authors focused on one drawback that Word2Vec and GloVe
have: they cannot produce vector representations for Out-of-vocabulary (OOV) words.
GloVe’s approach of assigning random vectors to unseen words does not count as handling
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Figure 3.13: GloVe examples of words distinguishing and discrimination

OOV words. In contrast, as mentioned by ( ) and ( ),
FastText is designed to solve the OOV issue by utilising sub-word information. This is
especially useful for texts like tweets since they usually involve non-standard vocabularies.
For tasks like depression detection, it is possibile that those unusual words contain crucial
information for classification. It is not appropriate to ignore those words or to assign them
random vectors.

As explained by ( ), FastText solves the issue by taking n — gram
of the characters rather than each whole word as a unit. FastText learns embeddings for
n successive characters from the words. The vocabulary is largely extended with these
character-based embeddings. For instance, in figure 3.14, we assume the word “going” is
OOV, and n is 3. With 3 — grams, the word “going” is divided into 5 different parts.
The embedding of the word is formed as the sum of vectors of those parts. In addition, as
stated by ( ), the FastText model is trained with negative sampling.
Sub-words obtained from n-gram are used as positive samples, and a group of randomly
picked words from the corpus are used as negative samples. During the training process, a
hierarchical softmax mechanism is adopted. As discussed in a earlier literature by

( ), this mechanism can dramatically reduce the computation complexity.
According to ( ): “FastText can be trained on more than one billion
words in less than ten minutes using a standard multicore CPU, and classify half a million
sentences among 312K classes in less than a minute.”. This is another key reason for using
FastText in our experiments.

3.3.4 BERT

BERT (Bidirectional Encoder Representations from Transformers) is a recent popular lan-
guage modelling tool published by Google researchers ( ). The develop-
ment of BERT has been a milestone in the NLP area by presenting state-of-the-art per-
formance in various NLP tasks including question-answering, natural language inference,
ete.

BERT was developed on top of the transformer architecture (a recent developed atten-
tion model). More specifically, a bidirectionally trained transformer. The transformer was
introduced by ( ) and includes a encoder and a decoder (as shown in
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Figure 3.14: An example of producing embeddings for word “going” using FastText. Image
adopted from Boukkouri (2018)

figure 3.15). Comparing to techniques such as RNN, BERT does not process a sequence
input from either left to right or right to left (as shown in figure 3.16). According to Devlin
et al. (2018), by processing the input sequence s bidirectionally, more in-depth information
can be learnt by the model.

At a higher level, BERT constructs better language models by learning a bigger picture.
It learns vector representation of a word with knowledge of its surrounding context, rather
than focusing on predicting the next continuous word.

Overall, as a language model, it is able to produce word embeddings. Since it has
been proved to perform well on various NLP tasks, it is valuable to include BERT in
our experiments. In the next sub-sections, we briefly introduce BERT, we discuss about
customized window sizes, and operations to convert sentences into vectors.

Sliding Windows

Sliding windows is not an existing concept in the original BERT structure but we need it
to accommodate the datasets used in this thesis.

As shown in figure 3.17, BERT takes a sequence of tokens as input. As stated by
Devlin et al. (2018), BERT is designed to accept sequences with maximum of 512 tokens.
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Figure 3.15: Architecture of the transformer Vaswani et al. (2017)

In practice, there are cases in which a sequence has more tokens than this limit. Taking the
Bell Let’s Talk dataset (details in section 5.3) used in this thesis as an example, it consists
of tweets from different users. Since we focused on the user-level depression detection task,
all the tweets of a user are combined into one long sentence (text). As a result, there
are sequences as long as 10,000 tokens. This length exceeds BERT’s limit. Therefore, an
efficient approach is required to recursively feed the input sequences. Within this thesis,
we adopted two sliding window strategies:

e Fixed size window: This is actually a commonly- adopted method in industry. A
fixed size window stands for a fixed size selector. The long input sequence is divided
into several pieces by the window, while certain level of overlapping is maintained
from piece to piece. The overlapping is needed to minimize the possibilities that a
token located at the end of piece A loses its required contextual information which
is in the piece A+1. In this thesis, we set the size to 512, to maximize the volume of
context that BERT can learn from. The overlapping size between every two window
pieces is set to 128. In order words, to process the long sequences of each user,
a b12-size window will slide from left to right until the end of each sequence. The
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window slides right 384 tokens at each sliding step, to maintain the desired 128 tokens
overlapping.

e Dynamic size window: Similar to the first strategy, a window is used to slide through
the sequence, but instead of using a fixed-size window, a dynamic-sized window is
used. The intuition is that the long sequence of each user is composed of the history
of user’s tweets. Theoretically, it is more reasonable to provide information from
each individual tweet as contextual background to the language model. Therefore,
the window size is dynamically set to the length of each individual T'weet. Only the
tokens of each independent tweet will be fed into BERT at one time.

However, since Twitter has a limitation on the number of characters, it can be argued that
a long context is divided into several tweets by a user. As a consequence, tweets are not
independent of each other. It is unclear which kind of strategy can maintain the most of
contextual information. Therefore, we planned experiments to explore how to maximize
BERT’s ability in case of long input sequences.
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Figure 3.17: BERT input representation adopted from Devlin et al. (2018)

Embedding with BERT

Apart from the required pre-processing steps mentioned in last section, one important
post-processing step is required as well. Due to the fact that BERT was developed as a
language model rather than targeting any specific task, further steps (adding extra layers
to perform a task, such as question answering) are required.
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To produce word embeddings with BERT, one step is to select from different embedding
strategies. As shown in figure 3.18, for each token, there are 12 layers which can be used
to create contextualized word embeddings. As stated by Devlin et al. (2018), the decisions
about which individual layer or which combination of layers should be used highly depends
on the task. The authors tested a series of embedding strategies. The results are shown
in figure 3.19. They were obtained by feeding word embeddings from different embedding
strategies to a BILSTM for a Named Entity Recognition (NER) task.

Y I O I I I

I Y B L1

Figure 3.18: Encoder Layers of each token adopted from Alammar

Based on the results from (Devlin et al.; 2018), we selected the two following embedding
strategies in this thesis:

e Second-to-last hidden layers: the strategy achieves 0.956 Fl-score. It takes infor-
mation from the second to the last layers, and forms single vectors as embeddings.
Firstly, we extracted layers from the second to the last. Then, the extracted layers
are averaged along the y-axis. For instance, the result of taking the average of the
values of dimension 0 from all layers is used as the value of the dimension 0 of the
created vector. The created vector has a size of 768. In this thesis, this strategy is
used to “directly” generate embeddings for sentences. “Directly” means that there
is no middle step for generating word embeddings to convert them into sentence
embeddings.

e Sum of the last four hidden layers: the strategy achieves 0.959 F1-score. We adopted
this strategy to “indirectly” generate sentence embeddings. This strategy focuses on
the last four hidden layers. We first sum them up into one vector along the y-axis.
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The vector represents one of the words in a sentence. A matrix is formed by stacking
the vector representations of all words. Finally, we take the average along the y-axis
of the matrix to produce the vector representation for the sentence.

Apart from the two strategy introduced above, there is another one with the highrst F1-
score (0.961). The reason for not choosing it considers the length of the resulting vector.
As shown in figure 3.19, the output vector is created by concatenating the last four hidden
layers. The length of the vector is (4* 768) which is 4 times longer than the vectors created
by other strategies. Because it is not much better than summing the last four hidden layers,
we did not choose it, in order to reduce the processing time of the classifiers. Overall, it is
not clear which one of the strategies listed above would provide more contextual information
to the classifiers. This is an important factor to explore during the experiments.

3.3.5 Sentence to Vector

Except for BERT with “second-to-last hidden layers” strategy, other mentioned word em-
bedding techniques concentrate only on word-level embeddings. It is necessary to introduce
the way we will adopt word embeddings with the K-CR classifier, as well as the differences
with the word embeddings used for other classifiers such as Deep Learning models.

First of all, it needs to be remarked that this is not about the word embeddings models
themselves, but about the manner of employing the embedding vectors. For instance,
Orabi et al. (2018) conducted experiments with CNN and BiLSTM in their paper. Both
of those two classifiers can take matrices as input. Therefore, the authors can simply stack
all vector representations of the words, and construct a matrix as the sentence embedding.
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However, some classifiers, such as K-CR can only take vectors, instead of matrices, as
input. Therefore, we adopted two simple approaches: addition and averaging to convert
matrices into vectors:

e Addition: the matrix is transformed into a vector by summing along y-axis. For a
m * n matrix, mg values of the 0y, dimension are summed up. The result of addition
is assigned to the 0, dimension of the output 1 *n vector.

e Averaging: based on the addition results, there is one further step to take average
on each dimension. For the 1 xn vector output from the addition, the value of each
dimension is divided by m as in n;/m, where i is (0...n).

Either of the approaches mentioned above comes with a simple and straightforward intu-
ition. However, it is highly possible to lose certain contextual information. It is necessary
to explore better approaches in future work.

3.4 Feature Selection with TF-CBTW

Feature selection is another important pre-processing step that can be applied. As men-
tioned before, one of the objectives of this thesis is to use K-CR to perform classification
on imbalanced datasets without data-re-sampling or ensemble approaches. To accomplish
the goal, apart from the efforts from the classifiers themselves, it is necessary to consider
other dataset aspects as well.

As described in section 2.1, the data imbalance issue exists when one of classes dom-
inates other classes within a dataset. Thereafter, the classifiers cannot sufficiently learn
from minority classes. As a consequence, the classifiers have unsatisfactory performance.
In this thesis, we expect the K-CR classifier to tackle the issue. But at in the same time,
we also adopt the Term Frequency-Inverse Category Based Term Weight (TF-CBTW) to
help increase the performance of K-CR. TF-CBTW helps with the following two aspects:

e Eliminate words with low importance when TF-CBTW will be used on the depression
detection tasks. More specifically, the TF-CBTW can be used to form a scored list
for the corpus. The words with high scores will be kept, while the ones with low
score are eliminated.

e Highlighting terms: this is inspired by the fact that K-CR learns and constructs pro-
totypes feature by feature. It is important to highlight the most informative features
in the datasets. Then, K-CR can easily capture the highlighted information dur-
ing prototype construction. In other words, with this application, the pre-processed
words vectors can involve class-based dimension importance information. The detail
of feature highlighting will be discussed in section 3.4.2.

In the following sub-sections, we will first introduce the Term Frequency-Inverse Doc-
ument Frequency which is the foundation of the TF part of TF-CBTW. Then, we will
present the background of TF-CBTW and its usage in this thesis.
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3.4.1 Term Frequency-Inverse Document Frequency

There are two kinds of feature selection approaches: local feature selection and global fea-
ture selection. As explained by ( ), local feature selection refers to discovering
distinguishable features for certain classes. Global feature selection means to find the best
features across all classes. Since the objective is to learn class-based term scores, local
feature selection approach is our preferred choice.

According to ( ), Term Frequency-Inverse Document Frequency
(TF-IDF) is a popular feature selection method. It focuses on both local and global feature
selection. TF-IDF' is composed by two parts:

e TF: which defines the local weight. It specifies the frequency of occurrence of a
term within a document. In other words, it defines the weight for a term ¢ within a
document d.

e IDF: which defines the global weight. It specifies the global importance of a term ¢
within a specific document d.

Based on the definition, it is obvious that the TF portion is working in a sense of defining
the local importance of each term. In addition, we learnt from

( ) and ( ) that TF works well even on its own. Therefore, we can
retain the TF portion. Then, we move to solve the question "how to transform IDF from
defining global weight into a class-based importance indicator”. In other words, we aim to
replace IDF with another indicator so that instead of looking at a term in a global scale
(for the whole corpus of texts), it will look at the terms in each class (the documents of
each individual class).

3.4.2 Category-Based Term Weight

( ) proposed the Category-Based Term Weight (CBTW). They developed
CBTW with the idea of employing it as a term selection method to replace the IDF
portion of TF-IDF.

Before we introduce CBTW, a few notations need to be specified:

e Notation A refers to the number of documents of class ¢ which contain the term ¢

e Notation C refers to the number of documents of class ¢ which do not contain the
term ¢

e Notation B refers to the number of documents of classes other than ¢ which contain
the term ¢

e Notation D refers to the number of documents of classes other than ¢ which do not
contain the term ¢
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cC | C
t| A|B
t|C|D
Table 3.1: Information used for generating CBTW
We adopted the table 3.1 from ( ) to visually represent these relationships.
Based on the table, ( ) also introduced two important roles:

e A/B: one of the indicators which show whether a feature f is good for representing
class ¢ or not. The higher A/B is, the better the feature f is.

e A/C': another indicator which compares features f; and fo. It aims to find the better
feature to represent the class c.

There are eight variations of CBTW equations introduced using the terms above. For
equations 3.18, 3.19, 3.20 and 3.21, ( ) takes the product of A/B and A/C
to combine the probability information:

A A
CBTW; = log(1 + B+ E) (3.18)
A A
BTW; =log(1+ =+ — 1
CBTW; = log(1 + 7T C) (3.19)
A A
CBTWs5 = log(1 + E) x log(1 + 6) (3.20)
A A
CBTW, =log[(1+ =) * (1 + —=)] (3.21)
B C
Each of them can be further extended to the equations 3.22, 3.23, 3.24 and 3.25:
A+B A
CBTW; = log(1 + 2+ 8, AT, (3.22)
B C
A+B A
CBTWs = log(1 + i + il C) (3.23)
B C
A+ B A+C
CBTW; =log(1 + i ) x log(1 + i ) (3.24)
A+ B A
CBTWs = log[(1+ —; ) (1+ 26')] (3.25)

Recalling the original TF-IDF, for a term ¢; in document d;, TF(t;,d;) represents the
TF value. And TF-IDF can be represented as:

TF — IDF(t;,d;) = TF(t;,d;) « IDF(t;) (3.26)
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TR(ti, d;) = { 0 otherwise

With CBTW introduced, we could have several new score indices. For instance, with
CBTWI1, the score index is defined as 3.28:

(3.27)

score_index(t;) = TF(t;,d;) « CBTW(t;) (3.28)
= TF(t;,d;)*log(1+ 4 % 4) '
Similarly with CBTW3, the score is defined as 3.29:
score_index(t;) = TF(t;,d;) « CBTWs(t;) (3.29)
= TF(t;,dj) *log(1 + %) x log(1 + 2) ‘
( ) conducted classification experiments with two imbalanced datasets: MCV1

and Reuters-21578. They compared their proposed approach with existing feature selection
methods including Correlation Coefficient, Chi-square, Information Gain, Odds Ratio and
Relevance Frequency. Results show that the experiment with CBTW1 outperformed other
approaches and achieved the highest F1-score. Therefore, we selected CBTW1 and formed
the TF-CBTW feature selection method.

3.4.3 TF-CBTW Usage

The TF-CBTW methods is used to give scores to terms to help increase K-CR’s perfor-
mance. Recall from section 3.3.5 that sentences are converted from a matrix into a vector.
The term scores S can be added to the matrix M in order to highlight certain terms (which
is the main objective mentioned at the beginning of this chapter).

The score is used before the addition or avenging operations of sentence2vector. Each
row of matrix M; is a independent vector which represents one actual term in a tweet.
In the same time, with TF-CBTW, a score S; can be obtained for each word. Therefore,
it is simple to produce the score of the vector, to include term score information into
the vector. Thereafter, a new sentence matrix with class-based highlighted terms can be
constructed by stacking newly obtained vectors. A pseudo-code of the entire process is
shown in algorithm 1.

TF-CBTW with BERT

TF-CBTW usage with BERT is different than for other word embedding methods. For the
other methods, the model produces a word vector directly, so TF-CBTW can be applied
directly to the vector. However, BERT creates vectors by working around the layers within
the hidden state. Because there are weights associated with each neuron of each layer, it

does not make sense to apply TF-CBTW (as another weights) on any of those layers.
Therefore, the TF-CBTW is applied in another way.
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Algorithm 1 Apply TF-CBTW score to a sentence vector

nC <+ Number of classes

nI < Number of tweets

nW < Number of words

words < Set of unique words in entire data set

score < A list of three sets of score for each unique word of each class

: for c+ 1, nC do
for w in words do
score[c][w] = TF — CBTW [w]
end for
: end for

—_ = = =
Wy 22

: for ¢+ 1, nC do
There are nT Tweets belongs to class m
for t +— 1, nT do
There are nW unique words belongs to tweet ¢
for w + 1, nW do
Apply word embedding on each word to obtain the corresponding vector V,,
ynew = yold 4 score|c][w]
end for
end for
: end for

NN DN N DN - = e e
e N T i R BTSN o

: Replace each row of original matrix with V¢*
: Continue with sentence to vector operations, either addition or averaging

[\
[
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Within the corpus, each term will be assigned a TF-CBTW term score. As a result, a
ranked list of the words (terms) can be created based on the scores. Before a sequence is
fed to BERT, terms that are not ‘important’ will be removed from the sequence according
to the ranked list. The ‘importance’ is defined by setting a threshold on the ranked list.
For instance, the top 1000 terms in the list are ‘important’ terms. Different threshold
settings were tested during experiments and will be discussed in section 5.3.3

3.5 Summary

In this chapter, we discussed several popular machine learning classifiers. Models’ archi-
tecture and performance in the literature are introduced. We concluded that traditional
classifiers like RF, SVM and KNN are still showing compelling performance on modern
ML tasks. Along with popular deep learning techniques like CNN and Bi-LSTM, we need
to tested in our experiments in order to compare them to the K-CR classifier. In addition,
we introduced a series of popular word embedding techniques and the BERT language
model. Each of them has different strengths. Experiments are needed to discover which
one contributes the most to improving the performance of K-CR for our tasks. Finally, we
discussed a feature selection method, TF-CBTW. Experiments are also needed to learn to
what extent it contributes to the performance of K-CR. In the next chapter, the K-CR
classifier will be introduced in detail, including its background, algorithm, and applications.
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Chapter 4

The K-Closest Resemblance Classifier

The K-Closest Resemblance Classifier (K-CR) was developed by
( ) as an extension of his PhD research ( , ).

K-CR is a supervised learning algorithm. It is able to measure the resemblance between
instances by calculating certain preference relations. It produces several sets of rules named
as prototypes for each class. The sets of rules refer to sets of intervals corresponding to the
features in the dataset (details about the rules or prototypes are included in section 4.1.1).
An instance will be classified using these prototypes. Each inference will produce a score,
and the entire process will produce a set of scores. Then, the instance will be assigned
to the class of the prototype with the highest score. To summarize, K-CR measures the
closeness between an instance and all available prototypes. Then the algorithm assigns
an instance S to a class ¢ when and only when S is close enough to at least one of the
prototypes of class c¢. The K-CR classifier works by the following six steps:

1. Learning phase
Score matrix
Outranking relations
Score function

Choose the set of prototypes

AR ST e B

Assignment decision

In the following sections, we will introduce each of the six steps mentioned above. In
addition, existing applications which use the K-CR classifier are also mentioned.

4.1 Learning Phase

Similarly to other popular machine learning algorithms, K-CR requires a training phase to
learn the targeted data representation so that it can perform classification on unseen data
points later on. There are two main objectives during K-CR’s learning phase:
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e Producing prototypes which represent the data of each class

e Simulating the optimised ‘importance’ weights for each feature of each class

4.1.1 Producing Prototypes

The prototypes in K-CR have the role of filtering or grouping the input instances. Each
prototype encodes information or standards for each feature of an instance. Those stan-
dards are used to judge whether an instance is qualified for the class which the prototype
belongs to. In other words, the idea is to determine the representation of general value
of feature 0 for class 0, 1, ... n, respectively. Then it repeatedly performs the same op-
erations for all available features in the dataset. This operation is a discretization step.
There are several discretization options such as linear regression, K-Means, etc. In this
thesis, K-Means was chosen. In future work, it could be explore how different discretization
approaches affect K-CR’s performance.

Pseudo-code of using K-Means to discretize is shown in algorithm 2. As shown in figure
4.1, K-Means is applied class by class. For instances of each class, K-Means generates K
sets of interval boundaries for each feature. As a result, a n x k matrix is created where
each index holds one interval. Then, the sets of intervals are used to construct prototypes
in the next step.

Algorithm 2 Apply the clustering method k-means to discretize the attributes’ value

nC' <— Number of classes
nA < Number of attributes
nl < Number of intervals (i.e., number of clusters)
for m < 1, nC do
for n + 1, nA do
Apply k-Means algorithm on each attribute X,
The generated k clusters represent the intervals’ boundaries (i.e., {I} 12 })
end for
end for

n
s [T 1] ’
\ = h
C, Sa | | | ...... | |

Con ¢

Figure 4.1: Diagram of performing discretization
In algorithm 3, we use pseudo-code to present the steps of creating prototypes based
on the sets of intervals obtained above. One of the sub-tasks within this step is to filter

‘useful” intervals and eliminate less useful ones. This step helps reduce the number of
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prototypes created. The processing time of the K-CR will decrease with a lower number of
prototypes. The sub-task starts by setting a threshold value 8. In the meantime, a value p
is calculated, which refers to the percentage of values of the attribute n that locate within
the interval I,,,, of the class m. If P is equal or higher than 3, the interval I, is preserved.
Otherwise, the interval will be eliminated.

Algorithm 3 Building the classification model for K-CR.

Determine a threshold 3 as reference for interval selection
nC < Number of classes
i < Prototype’s index
nA < Number of attributes
nl < Number of intervals/(clusters) for each attribute
IZ <+ Intervals {I'% 1221 for each attribute X,, in each class C™ by applying the algorithm
2
p < Percentage of values within the interval I'¥ = per class
Generate intervals according to the algorithm 2
p<+0
for m < 1, nC do
1+ 0
for n < 1, nA do
for x < 1, nl do
if pof I7., > (3 then
Choose this interval to be part of the prototype P/"
Go to the next attribute X,
else
Discard this interval and find another one (i.e., IZF1)
end if
end for
end for
if (b" # 0 Vg, ) then i<+ i+1
end if
(Prototypes’ composition):
The selected branches from attribute X; to attribute X, represent the induced prototypes
for the class C™
end for

Figure 4.2 shows an example of the process within the learning phase. Assuming there
are three attributes for each sample and K is set to 4 for K-Means. We will obtain a 3 x4
matrix where each circle represents one interval. After interval elimination, we obtain the
graph on the right hand side. The circles within the graph are connected from top to
bottom. Each complete connection is considered as a prototype. In this example, there
are 6 different prototypes constructed.

In theory, the prototypes constructed in this phase are the key for K-CR to better
handle imbalanced datasets. The main reason is that the prototypes are class-based. In
other words, the K-CR learns the data representation of each class independently. Instances
of a class will not dominate or weaken the ‘importance’ of the instances of any other classes.
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Figure 4.2: Example of learning phase

Therefore, the prototypes of each class are constructed fully based on its properties. They
will not be influenced by the properties of other classes, with higher amounts of data points.
It is obvious from the example above that some of the constructed prototypes are similar
to each other. Some of them share same intervals for all attributes, except for only one
difference. Similar prototypes may cause redundant computation and waste time. It is an
important task in the future to develop a method for detecting and combining redundant
prototypes.

4.1.2 Weight Simulation

Weight simulation is another vital aspect during K-CR’s learning phase. During the op-
timisation process, intial weights are assigned to all existing features in the dataset and
the weights are continually updated. The updating rules will be introduced in the sub-
sequent paragraphs. It needs to be remarked that those simulated weights provide the
“interpretation” ability of the K-CR classifier. It is possible to learn which feature has
higher ‘importance’ for the task of classification by comparing the values of the weights.
For example, in the Iris dataset ( , ), there are 3 classes and 4 features for each
instance. The weights learnt by using the K-CR classifier are shown in table 4.1. We can
learn that the weight of the feature petal width (0.6750) is much higher than that of the
other three features. Therefore, it is the most important feature to focus on when classi-
fying flowers in the Iris dataset. Furthermore, we can take petal length as the secondary
reference, since it was assigned the second highest weight (0.2446) during training.

It can be argued that the Artificial Neural Networks also evolve by learning certain
weights. However, by design, the ANNs project the original features of inputs into a
higher dimensional space. The projected features are not understandable by humans. For
instance, if we employ a simple MLP (with a 128 neurons in the hidden layer) to process the
Iris dataset, the 4 original features are first passed to the hidden layer. At this point, it is
not possible to understand the actual meaning of each neuron. Although some weights are
learnt during the training process, they are not usable for understanding the classification
process. The interpretation ability is especially required for many tasks, such as medical
diagnosing. The K-CR classifier is more suitable than ANNs when interpretation ability
is required.

As shown in equation 4.1, all features are initialised with the same weights wy, wo, ..., w,
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Features sepal length | sepal width | petal length | petal width
Learnt Weight | 0.0526 0.0278 0.2446 0.6750

Table 4.1: Learnt weights for each feature of the Iris dataset using K-CR

at simulation step 0, where wy; + wy + ... + w,, = 1. Then, K-CR performs the prototype
construction process. After that, the prototypes and the weights are evaluated against a
validation set. A classification accuracy is generated to reflect the performance of classifi-
cation. This accuracy will be recorded as the best accuracy accupes, and the weights are
set as the best weights wegihtsyes;. Then the wegihtsy.s; will be simulated for I (preset
by user) iterations. For each iteration, we randomly initialised a new set of weights by
also following equation 4.1. Each weight is an integer between 1 and the number of fea-
tures nA. Then the weights will be normalised as w;/nA. For example, instances from
the Iris dataset have 4 features. Each feature is randomly initialised with a weight among
[1,2,3,4]. After normalisation, the final weights will be [3/4,2/4,1/4,3/4]. With the new
set of weights weights,c,, a Nnew accuracy accu,e, is calculated through the validation
process. If accuy,e, is higher than accup.s, the value of accu,,,, is assigned to accupes; and
weights,e, are assigned to weightsy.s;. Otherwise, K-CR proceeds to the next iteration
of the optimisation. The weightsy.s; obtained after all iterations are considered as the
optimised weights, and they will used for testing.

(4.1)
w" = Ry123.nay/nA  step >0

{wnzl/nA step =0
We also implemented an improved version of the weight optimisation approach. The
original version learns one sets of weights for all the features regardless of the differences
between classes. We think that one feature may have different “importance” in different
classes. Thus, instead of learning one single set of weights for all classes, we designed our
K-CR to learn nC' sets of weights, where nC' stands for the number of classes within the
dataset. This design aims to learn weights which can independently reflect the properties
of each class. This idea is based on the same intuition as the prototypes construction.

4.1.3 Handling Data Imbalance

By this stage, we have covered the core of handling data imbalance with K-CR. First is the
class-based prototypes. As introduced above, K-CR constructs prototypes for each class
based on samples from and only from that particular class. The process of construction is
independent between different classes. The samples of minority classes will not be ignored
or considered as outliers. And the prototypes of minority classes will not be influenced by
the samples from majority classes. Secondly, K-CR benefits from simulating a set of m
sets of weights. m indicates the number of classes exist in the dataset. Having independent
sets of weights help the classifier to understand the difference between classes. Thereafter,
the K-CR can perform better classification.
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4.2 Score Matrix

Within the learning phase, we constructed prototypes and obtained optimised weights.
These prototypes and weights are used to predict which class an instance belongs to. For
any instances to be classified, they will be tested against each of the constructed prototypes.
The objective is to locate the best prototype that fits the instance. Therefore, an approach
is required to evaluate which prototypes fits best. ( ) named this approach as
the score matrix in the K-CR classifier.

The components of the score matrix are determined based on the relationship between
the unseen new sample S and the iy, prototype P of the class C' to be evaluated. The
relationship between them is defined using absolute distance. As shown in algorithm 4,
the calculation is conducted at feature level. For the my, feature S,,, it is compared with
PC which is the my, interval of the prototype P of class C. The comparison is as follow:

if PS[0] < S, < PS[1] then dp(Sm, PS) =0
if Sm > PS[1] then dp(Sm, PS) = Sp — PS[1] (4.2)
if Spm < PE[0] then dp(Sm, PS) = PS[0] — S,
where PC[0] refers to the left boundary of the interval PS¢ and P¢[1] refers to the right one.

S,, indicates the value of the my, feature of the sample S. This rule can be concatenated
as in equation 4.3.

din (S, PS) = max {0, S, — PS[1], PS[0] — S} (4.3)

The equation 4.3 uses the same notation as equation 4.2. Table 4.2 presents an example
of the score matrix.

Algorithm 4 Calculating the absolute distance

nA < Number of attributes
S < Unseen sample
P + Prototype to be evaluated
for m < 1, nA do
Calculating the absolute distance according to rules 4.2 as well as equation 4.3 between
Sy, and interval Py,
6: end for

The score matrix is an important component for establishing a preference relational
system. With the prototypes, the weights and the score matrix developed above, K-CR
has acquired essential components to determine the relationships between prototypes.

4.3 Outranking Relations

With the understanding of the score matrix, next step is to learn how to compare a sample
with the prototypes in order to decide which class the sample should be assigned to.
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So Si ... Sw | S,
PC [ dn(So, PC) [ dn(S1, PEY | .o Ao (S, POV | Ao (S, PO)
PC [ dpn(So, PO) [ din(S1, PO) | o Ao (S, POY | oo don(S,, PO)
PC [ d (S0, PC) | dn(S1, PO) | oo Ao (S, POV | dn(Sn, PO)
PC [ dpn(So, PO) [ dn(S1, POY | ..o Ao (S, POY | A (S, PO)

Table 4.2: An example of score matrix for sample S and 0y, to ny, prototypes of class C'

According to ( ), the outranking relation defines a relationship between
prototype P! and prototype P]l P! indicates the iy, available prototype of class h, while
Pf stands for the jy, available prototype of class I. The statement of “prototype P!* outranks
prototype P}” stands if and only if the calculated absolute distance for each feature between
the new sample S and the prototype P! is higher or equal to the ones between the new
sample S and the prototype P]l To describe this relation in a sense of “distance”, prototype

P! outranks prototype PJZ because sample S is closer to prototype P/ than prototype P]l .

This outranking method was originally introduced by ( ) as partial outranking
indices. Each index has the ability to indicate whether the following assumption is true or
false:

e If the distance between sample s and prototype p! is larger than the distance between
sample s and prototype p?, prototype p' outranks the prototype p.

The outranking index O;S;L for the my, feature of the sample S is defined as follows:

L sif diy(S,Pl) < dly(S,PY) } (4.4)

S/ ph ply _
OB, 1) = { 0 : otherwise

With equation 4.4, we can obtain the outranking indices of the features. Then, the
comprehensive outranking index can be determined by aggregating the outranking indices
of all the features. During the aggregation, the features’ importance which were determined
during the learning phase 4.1 are taken into account as well. The process of aggregation
follows equation 4.5.

O(P!, P}) =320 i (whest x O (P!, P)))
h=1 ..k l=1..k (4.5)

1=1,...,Ly and

~+

= . L

where w,, stands for the relative importance that was assigned to the my, feature of the
sample S.
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4.4 Score Function

Based on equation 4.5, we can obtain a series of outranking relationships between each
pair of two prototypes. K-CR is able to select the best possible prototype based on these
relationship knowledge.

First, K-CR will create a outranking graph as shown in figure 4.3. It is an oriented
graph ( ), in which the nodes represent the different prototypes Ps, where
Ps = (Pic’". The edges of the graph represent the outranking relation value between each
pair of two prototypes.

Figure 4.3: Outranking graph

Along with the graph, a score function is used. The function aims to provide scores
as ranking criteria. Therefore, we created a ranked list for all the constructed prototypes.
Based on this list, we can choose the most qualified prototype for the sample S. As

introduced by ( ), there are several available choices of scoring
functions:
e The leaving flow proposed by ( ):
si(b}, P,,0) = > _O(1},P) (4.6)
PePg
e The entering flow proposed by ( ):
s2(bf', P 0) = ) (1= O(P.b))) (4.7)
PePsg
e The net flow proposed by ( ):
ss(b]', Py, 0) = (1/n) Y _(O(b}', P) — O(P,b]})) (4.8)
PePs
e The min leaving flow proposed by ( ):
84(6?, PS, O) = minpgpSO(b?, P) (49)
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e The max entering flow proposed by ( ) ( ):

s5(bl, Py, O) = 1 — maxpp,O(P, b") (4.10)
e The Orlovski score proposed by ( ):
se(bl!, Py, O) = minpep,min(1 — O(P,b) + O(bl, P); 1) (4.11)
e The Min difference score proposed by ( ):
s1(bi', Py, O) = minpep, (O(b;', P) — O(P, ;) (4.12)

Out of these score functions, we chose the one corresponding to equation 4.8.

( ) proposed it and ( ) further developped it as the PROMETHEE
IT Complete Ranking method. We chose it for its compatibility with the K-CR classifier.
The PROMETHEE method requires two kinds of information in order to properly operate:

e Information between the criteria: ( ) explained it as the relative
importance or weights for each criteria. In addition, the weights need to be non-
negative and independent. In the K-CR classifier, one of the vital steps is learning
the independent class-based weights for each feature. As introduced in section 4.1,
the weights have values between 0 and 1. Therefore, they are non-negative. On one
hand, K-CR is able to provide the required knowledge to the score function. On the
other hand, the score function can utilise the most important learnt knowledge by
K-CR.

e Information within each criterion: ( ) introduced this requirement
as they encourage users to perform pairwise comparison with the score function.
As mentioned in section 4.3 and at the start of this section, K-CR compares the
prototypes in pairs. Therefore, K-CR meets the second requirement as well.

In summary, K-CR fits the requirements of the PROMETHEE method, and the comparison
is made by utilising the important knowledge learnt by K-CR. It is suitable to adopt this
score function. In the next section, we will explain the application of the adopted score
function.

4.5 Prototype Choice

The main component of the PROMETHEE score function is the calculation of the out-
ranking flows. ( ) proposed two directional flows: the positive outranking
flow and the negative outranking flow. These flows are similar to water flowing directions.
The positive flow stands for the flow from node a to all the other nodes, and the negative
flow refers to the flow from others to node a.

Therefore, for n number of constructed prototypes, there are (n—1) pairs of comparison
for each prototype P. Figure 4.4 presents the positive flow and the negative flow.
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e Positive outranking flow or leaving flow: it reveals how much the prototype P!
outranks other prototypes. It is calculated based on the outranking relations obtained
in section 4.3. As shown in equation 4.13, the leaving flow of prototype P" is the

(2
aggregation of the scores between P/ and other prototype:

oH(Pl) = (S(P.P)) (4.13)

PePs

where higher the ¢t (P/*) is, better the prototype P is at outranking the others.

(2

e Negative outranking flow or entering flow: it reveals how much other prototypes
outrank the prototype P?. Similarly to the leaving flow, the entering flow is calculated
with the obtained scores. As shown in equation 4.13, the entering flow of prototype
P! is the aggregation of the scores between other prototypes and P/*. It needs to be
remarked that S(PP, P) is not same as S(P, P"). The order of input prototypes affects
the results. Therefore, “the scores between P* and other prototypes” is different from
“the scores between other prototypes and P"”. The entering flow is as follows:

¢_(Pz'h) = Z (S(P, Pz'h)) (4.14)

PePs

where the lower the ¢~ (P]') is, better the prototype P! is at outranking the others.

Figure 4.4: Positive flow on the left hand side and negative flow on the right hand side

Recall the score function 4.8 we chose. It is the net flow obtained by combining leaving
flow and entering flow. According to ( ), the net flow is the balance between
the positive flow and the negative flow. The higher the net flow is, the better the node
a is. In the K-CR classifier, the values of the net flow are considered as the scores of the
prototypes. The prototype with higher score fits better the sample S to be classified. A
refined net flow equation is presented:

¢(P!) = ¢*(P") — ¢ (P) (4.15)
Based on the obtained scores, it can be concluded that:
VP" € P, and VP! € P,: P/'is better than P} iff &(P") > ¢(P}) (4.16)

Based on 4.16, we can form a ranked list of prototypes, as we mentioned earlier. With
the list, it is possible to select the prototype with the highest score which fits the sample
S best. As each prototype leads to one and only one of the classes, the sample S can be
classified into the same class as the selected prototype.

50



4.6 K-CR Applications

In the literature, the K-CR classifier has been applied in several fields, such as medical
application and recommender systems. In both applications, K-CR achieved good results.

4.6.1 Medical Application

( ) applied the K-CR classifier to Astrocytic Tumours (ATs)
diagnosis.

The method was tested on an experimental set of 250 cases of ATs. It is interesting
that the dataset contained 3 classes, with 39 instances for class AST, 47 instances for
class ANA, and 164 instances for class GBM. Therefore, it is an imbalanced data set. In
addition, each instance has 26 features.

According to ( ), K-CR was compared to other classifiers,
including Decision Tree, KNN, Logistic Regression and Multilayer Perceptron using 10-
fold cross validation. K-CR achieved the best results with 66% accuracy. In addition,
K-CR showed a better ability in terms of providing detailed information about the decision
making. This ability is valuable to decision makers.

4.6.2 Recommender System

In 2020, ( ) applied the K-CR classifier to build an Amazon Products
Recommender System.

K-CR was employed as a content-based filter to perform recommendation functional-
ities. In this application, two datasets were chosen for testing: Amazon Fine Food and
Book Review. The Amazon Fine Food dataset includes 458,454 reviews, and the Book
Review dataset has more than two times that number.

K-CR is compared with KNN. The inputs for both approaches were pre-processed in
the same manner. For the Amazon Fine Food dataset, the results showed that about 71%
of all recommendations were made better with K-CR. The number was 51% for the Book
Review dataset.

4.6.3 Impact to This Thesis

Based on previous successful applications, several factors indirectly point to the possibilities
for the applications and research conducted in this thesis.

First of all, the medical application reveals K-CR’s capability of handling imbalanced
datasets. It shows that it is worth employing K-CR in modern machine learning classifi-
cation tasks. In addition, in the Amazon Recommender system, text data was used. It
was proven that the K-CR classifier has the ability to handle text data. Therefore, it is
valuable to explore the possibilities of employing K-CR on NLP classification tasks.
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Overall, the successful applications has pushed the continued interests of applying K-
CR on more imbalanced data sets in the thesis, such as the one from the first experiment in
the next chapter. Furthermore, depression detection using social media data also attracted
researchers’ attention in recent years. First, it can be seen as a medical problem to some
extent. Second, using social media data means that text data will be encountered. It
is valuable to learn how K-CR performs when solving medical problems with imbalanced
text-based datasets.

4.7 Contribution to the K-CR Methodology

The main contribution we made to the algorithm itself is combing K-CR and the TF-CBTW
technique that we introduced in chapter 3.4. We expect to further improve the performance
of K-CR over imbalanced datasets by highlighting the ‘important’” terms within each class.
Thereafter, K-CR is able to construct better prototypes.

The diagram showed below is an example of utilising TF-CBTW with K-CR. First, as
shown in figure 4.5, we applied TF-CBTW on original documents. As a result, a list of term
scores are obtained. Then, we focus on each individual sentence. It starts by performing
word embedding. Each sentence is converted into a word embedding matrix. In the next
step, instead of directly converting the matrix into a sentence vector, we multiply each
word embedding vector with its corresponding term score. At the end, the newly created
word embedding matrix is converted into a sentence vector.

Term
Scores

Docs | —P> TF-CBTW —>>

Figure 4.5: Processing the docs with TF-CBTW

Boston strong ... wharf

" v

Term 2
Scores

n
v
Nusn
n

Figure 4.6: Adopting obtained term scores into word embeddings
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4.8 Summary

In this chapter, we introduced the K-Closest Resemblance Classifier in detail. By reviewing
the applications which adopted the K-CR classifier, we learnt about the possibilities to
employ K-CR in different fields with imbalanced datasets. In the next chapter, we will
introduce our experimental design and our results, and we will discuss them.
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Chapter 5

Experiments and Results

For this thesis, we chose three datasets: GEOBIA, Bell Let’s Talk, and the CLPSych2015
shared task dataset. Among them, the GEOBIA dataset is chosen for learning the Land
Cover Classification tasks. The other two are chosen for learning the depression detection
task. Since all these datasets have different data structure (such as different number of
features and classes), we conducted three independent sets of experiments. Each of them
will be introduced separately.

In this chapter, we will first introduce the evaluation approach adopted. Then, we will
explain our datasets, experimental setup, results and discussions.

5.1 Evaluation Methods

In this thesis, we adopted the confusion matrix and the AUC-ROC analysis technique as
evaluation approaches.

Confusion Matrix

The confusion matrix is a widely adopted evaluation matrix. It is a table which describes
the performance of classifiers. As shown in figure 5.1, there are four important terms
associate with the confusion matrix:

e TP (True Positive): it indicates the number of cases which the predicted positive
class is indeed truly positive.

e TN (True Negative): it indicates the number of cases which the predicted negative
class is indeed truly negative.

e F'P (False Positive): FP represents the cases which the ground truth is negative while
the predictions are positive.
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Actual Values

Positive (1) Negative (0)

Positive (1) TP FP

Negative (0) FMN TN

Predicted Values

Figure 5.1: Standard format of a confusion matrix table

e FN (False Negative): Similarly, FN stands for those with positive ground truth while
the predictions are negative.

The confusion matrix is designed for binary classification tasks. However, it has also been
largely adopted in multi-class classification tasks with one-vs-all strategy.

The confusion matrix itself does not directly provide performance information of the
classifiers. The statistics calculated based on the matrix will be used for evaluation. There
are three popular statistics being used for evaluation:

e Precision: it is a rate which reflects how many predicted positive instances are truly

positive.
TP
Precision = m—m (5]_)

e Recall: it is a rate which shows the classifier” ability of identifying positive instances.

TP
recall = m—m (52)

e F-measure: it is another rate to show a combinations between precision and recall.
F-measure is generally more used than Precision or Recall since the precision and
recall can be easily affected by large True Negative rates.

Precision x Recall
F — =2 5.3
1 seore ¥ Precision + Recall (5.3)

In this thesis, we adopted the F1_measure for evaluation. More precisely, we adopted
the weighted average F'1_measure considering the data imbalance. With weighted values,
the class distribution is taken into consideration. Then, we can obtain ‘fair’ performance
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scores. We abandoned accuracy scores' because they may easily being affected by majority
classes. There are cases in which the accuracy is high, while the predictions are correct only
for the majority classes and incorrect for the minorities ones. It cannot effectively reflect
how well the classifiers are performing across all classes in case of data imbalance. The
module ‘confusion_matrix’ from the library ‘scikit learn’ is used to generate the weighted
F1_scores.

ROC-AOC Analysis

We chose ROC-AOC Analysis technique as the second approach considering the data im-
balance within the chosen datasets. AUC stands for the Area Under the Curve, while ROC
is the Receiver Operating Characteristics. They work together to evaluate the performance
of the classifiers in a sense of measuring how well they can distinguish between classes.

AUC is a statistic between 0 and 1. If AUC is 0, it means that the classifier has no
ability to distinguish between classes. In contrast, 1 indicates that the classifier has perfect
ability to distinguish between classes.

As to ROC, there are two important terms for plotting the ROC curve: True Positive
Rate (TPR) and False Positive Rate (FPR). As shown in figure 5.2:

TPR

FPR

Figure 5.2: Example of an AUC-ROC curve

e TPR actually indicates the same information as recall. It uses the same equation as
5.2. In a ROC plot, TPR are placed along the Y-axis.

! Accuracy is defined as the number of correct predictions for all classes divided by the total number
of examples to be classified.
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e FPR follows the equation and takes the position on the X-axis.

FP

FPR= —/—«—
R TN+ FP

(5.4)

The ROC curve provides a visual representation of classifier’ distinguishing ability. Taking
figure 5.2 as an example, with a perfect classifier, the green curve would go straight up
along Y-axis and straight right along the direction of X-axis. The higher the green curve is
above the diagonal dotted line, the better the classifier is. Optionally, we can also judge the
ability by comparing the proportion of the grey area. Higher proportion indicates better
distinguishing ability. We adopted the library ‘seaborn’ to plot ROC curves.

5.2 GEOBIA Dataset

We evaluated our approach on the GEOBIA dataset first. Parts of the experiments were
published in Belacel et al. (2020a). Johnson and Xie (2013) and Johnson (2013) created
the dataset in 2013. As explained by Maxwell et al. (2018), it is composed of a set of high
resolution urban land cover images which were obtained using geographic object-based
image analysis (GEOBIA). Figure 5.3 presents an example of land covers.

Figure 5.3: An example of obtained urban land cover image (Johnson and Xie, 2013)
(Johnson, 2013)

We obtained the dataset from the University of California, Irvine Machine Learning
Repository created by Dua and Graff (2017). It needs to be remarked that only extracted
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features are available in the dataset. In other words, the dataset is not composed of images.
Instead, each instance in the dataset is a vector which contains extracted feature values.
Therefore, we cannot apply CNNs on this dataset since CNNs takes matrix representation
of images as input. However, for the purpose of comparison, we adopted the ‘Conv1D’
to do a 1-dimensional convolutional classification. The details will be discussed in section
5.2.2.

The dataset contains 675 instances in total. They are divided into training and test
sets which contains 168 and 507 instances respectively. The instances are classified into
nine types of urban land covers including Asphalt, Building, Car, Concrete, Grass, Pool,
Shadow, Soil, and Tree. These land cover types are represented with numbers from 0 to
8 as shown in table 5.1. In addition, as mentioned by , the dataset has 147
features which represent information of spectral properties, size, shape, and texture.

One of the reasons for choosing this dataset is the data imbalance. The table 5.1
summarised the data distribution in detail. If we look at the ‘Total’ column of the table,
there are big differences in terms of the number of instances. For example, there are 116
instances for the class ‘Concrete’, while only 34 instances are available for the class ‘Soil’.
It is valuable to learn how the trained classifiers can generalise on the test set.

Class Training | Test | Total

Asphalt / 0 14 45 59
Building / 1 25 97 122
Car / 2 15 21 36
Concrete / 3 23 93 | 116
Grass / 4 29 83 | 112
Pool / 5 15 14 29
Shadow / 6 16 45 61
Soil / 7 14 20 | 34
Tree / 8 17 89 | 106

Total 168 507 | 675

Table 5.1: Class distribution of the GEOBIA dataset

5.2.1 Experiments Setup

We designed two sets of experiments to compare the performance of the K-CR, KNN, RF,
SVM, MLP and CNN:

e K-fold cross validation on the training set of GEOBIA. In this series of
experiments, all participated classifiers used only the training set of the GEOBIA
dataset which has 168 instances. The experiments are conducted based on K-fold
cross validation, while in this case K was set to 10. With 10-fold cross validation,
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the set are randomly portioned into 10 equal sized folds. 9 of the folds are used
for training the classifiers, and the remaining 1 fold is used for testing the trained
classifiers. The process will be conducted for 10 iterations, and each iteration will
choose different combination of ‘9 folds’. We will take the average of results from 10
iterations for evaluation. For this set experiment, we used the module ‘KFold’ from
library ‘scikit learn’ to perform k-fold cross validation.

e Training with the training set and testing on the test set. All classifiers are
trained with the training set (168 instances). Then their performance are tested on
the test set (507 instances).

5.2.2 Results and Discussion
10-Fold Cross Validation on the Training set

For all classifiers, we tested them against the dataset with different settings. The table
5.2 shows the best results of applying different classifiers on the training set of GEOBIA
based on 10-fold cross validation. The first column lists all available classes within dataset
same as table 5.1. Each row of the table except the last one documents the Fl-score of
each class from different classifiers, while the last row lists the weighted average F1-scores.
These best results in the table were obtained when K-CR sets the number of intervals to
2, and 0.1 for beta. RF has the settings with 500 trees, SVM used the linear kernel, and
KNN has the K equal to 3. The MLP contains 2 layers, and it is trained using the Adam
optimizer with a learning rate of 0.0001 for 200 epochs.

KCR | RF | SVM | KNN | MLP

Asphalt 0.89 | 0.84 | 0.61 | 0.22 | 0.52
Building 0.91 | 0.78 | 0.62 | 0.57 | 0.60
Car 0.90 | 0.87 | 0.87 | 0.87 | 0.61
Concrete 0.90 | 0.75 | 0.47 | 0.38 | 0.23
Grass 0.94 | 0.87 | 0.58 | 0.44 | 0.33
Pool 0.93 | 0.86 | 0.73 | 0.77 | 0.48
Shadow 0.88 | 0.84 | 0.64 | 0.32 | 0.29
Soil 0.88 | 0.67 | 0.40 | 0.09 | 0.21
Tree 0.94 | 0.87 | 0.57 | 0.41 | 0.38
Weighted Average F1-Measure | 0.91 | 0.82 | 0.60 | 0.46 | 0.40

Table 5.2: Weighted Average F1-measure on the training set of GEOBIA

By looking at the last row of the table 5.2, K-CR has the weighted average score of 0.91
which is higher than that of all the other classifiers. It is 9% higher than RF which has
the second highest weighted average F1-score. However, due to the fact that the GEOBIA
is an imbalanced dataset, it is necessary to explore the performance for each individual
class, especially for those with a low number of available samples. The K-CR classifier
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outperforms the other classifiers on the minority classes. For class ‘Soil’, K-CR achieved
0.88 F1-score which is with 21% higher than RF’s Fl-score of 0.67. The class ‘Car’ which
has the closest performance among the classifiers, K-CR still outperforms the second best
with about 3%. We further focused on the AUC-ROC analysis of K-CR and RF (which has
the second best average performance). Table 5.3 presents the AUC score of K-CR and RF.
K-CR has higher average AUC than RF which means that K-CR has better distinguishing
ability among classes than RF. If we focus on each individual class, K-CR outperforms the
RF on all classes except the ‘Asphalt’ class. K-CR is 0.2% lower than RF at 0.93. However,
0.93 is not a low AUC score comparing with other class-based AUC scores of K-CR. This
means that K-CR did a generally appropriate classification on ‘Asphalt’ class. While in RF
case, the 0.95 is the highest AUC score among different classes. In other words, the best
classification the RF can do is only at average level of what K-CR is capable of. Therefore,
we concluded that K-CR outperforms RF on average and on minority classes. We further
explored the ROC curves as shown in figures 5.4 and 5.5. The curves of K-CR are nearer to
top-left corner than RF. In addition, the curves of K-CR are closely with each other even
with data imbalance. Furthermore, we plotted the confusion matrices of K-CR and RF as
shown in figures 5.6 and 5.7. It can be noticed from those figures that more instances falls
on diagonal piles in K-CR than RF.

K-CR | RF
Asphalt 0.93 | 0.95
Building 0.92 | 0.86

Car 0.96 | 0.93
Concrete 0.98 0.87
Grass 0.99 | 0.93
Pool 0.96 0.9
Shadow 0.93 0.9
Soil 0.89 | 0.81
Tree 0.94 0.91

Average AUC | 0.91 | 0.895

Table 5.3: AUC score of K-CR and RF
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ROC Curves
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Figure 5.4: ROC curve of K-CR classifier on training set of GEOBIA
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Figure 5.5: ROC curve of the RF classifier on the training set of GEOBIA
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Figure 5.6: Confusion matrix of the K-CR classifier on the training set of GEOBIA
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Figure 5.7: Confusion matrix of the RF classifier on the training set of GEOBIA

We further explored those misclassified instances with K-CR. In figure 5.6, there are 15
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instances that were misclassified during cross validation. 9 of them are predicted to either
the ‘Concrete’ or ‘Glass’ classes. Recall the class distribution in table 5.1, ‘Concrete’ and
‘Glass’ are two majority classes in the dataset. This reveals that although the K-CR learns
the data distribution in imbalanced datasets and achieved much better performance, the
data imbalance still affects the classifier to some extent. It is necessary to learn how K-CR
can be further improved.

Train on Training Set, Test on the Testing Set

Table 5.4 represents the results of the second sets of experiments. Since there are only
168 instances used for training and 507 instances in test set, we expect a performance
drop between the results in tables 5.2 and 5.4. Indeed, the results show that all classifiers
performed worse in the second set of experiments. However, K-CR still has the best
weighted average Fl-score of 0.73. Consistent with the first set of experiments, RF also
has the second best performance which is with 1% lower than K-CR. Recall the data
distribution presented in table 5.1, ‘Asphalt’, ‘Car’, ‘Pool” and ‘Soil’ are 4 minority classes
in the dataset. RF outperformed K-CR on the classes ‘Pool” and ‘Soil’ by 1%, respectively,
but K-CR outperformed RF on the classes ‘Asphalt’ and ‘Car’ by 3%, respectively. Overall,
K-CR still performs better than all other tested classifiers on this imbalanced dataset.

K-CR | RF | SVM | KNN | MLP

Asphalt 0.80 | 0.77 | 0.65 | 0.25 | 0.50
Building 0.69 | 0.74| 0.71 | 0.53 | 0.56
Car 0.72 | 0.69| 0.68 | 0.52 | 0.19
Concrete 0.77 [0.74| 0.64 | 0.48 | 0.40
Grass 0.71 | 0.71] 0.60 | 0.35 | 0.22
Pool 0.70 | 0.71] 0.69 | 048 | 0.45
Shadow 0.68 | 0.71 ] 0.49 | 0.20 | 0.44
Soil 0.51 | 052] 0.23 | 0.13 | 0.17
Tree 0.78 | 0.73 | 0.50 | 0.42 | 0.31
Weighted Average F1-Measure | 0.73 | 0.72 | 0.59 | 0.40 | 0.38

Table 5.4: Weighted Average F1-Measure on both training and testing sets of GEOBIA

We noticed that there is a performance dropping between the two sets of the experi-
ments. One reason, as we have mentioned, is the lower number of training instances in the
training set than is the test set (it is not clear why the train-test split is done this way).
Since K-CR is a prototype-based classifier, it constructs prototypes based on information
learnt solely from the training set. We suspected that the K-CR classifier could not acquire
enough amount knowledge to construct prototypes which can effectively represent the data
distribution. Therefore, the performance drops during generalisation. One directions of
the future work is swapping the training set and test set, to find out how the classifier can
generalise an a larger training set. Furthermore, this is the first time the K-CR classifier
is being applied in remote sensing field. It is necessary to test its performance on other
datasets in this field.
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GEOBIA with CNN

Apart from the two sets of experiments introduced above, we ran an additional experiment
with CNNs. As we mentioned, it is not fair to apply CNNs this dataset since only features
already extracted from images are available. The original images are not included in the
dataset. CNNs usually require a matrix input so that mechanisms such as convolutions
filers can be applied on regions of the images.

However, we learnt that there are special versions of CNNs which target vector inputs.
We wanted to try CNNs because they are known to obtain good performance on classifi-
cation tasks. We implemented the special CNN with the ‘ConvlD’ and ‘MaxPooling1D’
layers adopted from TensorFlow. Then, we trained the network with the training set of
the GEOBIA. We used the categorical cross entropy loss as the learning goal and employed
different optimisers including Adam, SGD and RMSprop. The batch size was set to 8 as
there is a small total number of instances in the dataset. The trained CNNs are tested
against the test set. For each different network setup, the entire process is repeated 10
times. The average accuracy of 10 runs is taken as the final result. Among all the experi-
ments, the best average accuracy obtained was 0.499 while in the last set of experiments,
K-CR had an accuracy of 0.74 which is about 24% higher than the 1D-CNN.

5.2.3 Comparison to Related Work

It is necessary to note that ( ) also performed experiments over the same
dataset. They systematically explored the performance of different classifiers including
SVM, Decision Trees, RF, Boosted Decision Tree, Artificial Neural Networks and KNN on
this dataset. In addition, the authors conducted the experiments using the same 10-fold
cross validation setup as in this thesis. Therefore, besides comparing the results of our
classifiers, we also compare the results with the ones from ( ).

The authors conducted experiments on the same dataset with or without feature se-
lection or data re-sampling techniques. When there is no pre-processing on the dataset,
their experiments showed that RF has the best performance with accuracy of 81.5%. After
applying different data re-sampling techniques, the authors obtained their result with RF
and over-sampling. The performance increased from 81.5% to 81.7%. As they did not
mention other statistics than the accuracy, we created the table 5.5 to compare the perfor-
mance of K-CR and RFs. Within the table, the second column shows the accuracy of RF
conducted by us. The last two columns present the accuracy of RF obtained by

( ). First of all, both the column 2 and 3 present the accuracy obtained with
same experiments setup (10-fold cross validation, no feature selection or data re-sampling).
This meets the expectation that they have the same accuracy (0.815). It is a evidence that
we correctly designed our experiments and utilised the dataset. It is reasonable to perform
further comparison. Therefore, if we compare column 1 and 3, K-CR has almost 10%
higher accuracy. It also has 9.3% higher accuracy compared to the accuracy in column 4.
This is a big improvement since K-CR performs better with the original dataset than RF
with the pre-processed dataset.
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K-CR | RF without preprocessing | RF-Maxwell without preprocessing | RF-Maxwell with over-sampling
Accuracy | 0.91 0.8147 0.815 0.817

Table 5.5: Classification accuracies from ( , )

5.3 Bell Let’s Talk

We selected the Bell Lets Talk dataset as one of two datasets that we will use for for
evaluating K-CR’s classification ability on text data. As we mentioned before, we focused
on the depression detection task with social media texts.

The Bell Lets Talk dataset was created by ( ) from the NLP Lab of
the University of Ottawa. The dataset is composed of collected real tweets from users who
posted in the #BellLetsTalk 2015 campaign. This awareness campaign was created by
Bell Canada to target topics about mental health issues. The tweets were first processed
by applying topic modelling techniques such as LDA. Based on the obtained topics, labels
were assigned accordingly. The obtained labels were then verified by human annotators.

( ) created two datasets based on the collected tweets:

e 60Users which focuses on classifying tweets’ labels.

e 160Users which focuses on user-level classification.

In this thesis, we selected the 160Users set to perform user-level classification. All in-
stances are classified into two classes: ‘depressed’ and ‘not depressed’. In addition, the
dataset is split into 2 portions. There are 113 users (70%) for training and 47 users (30%)
for testing as shown in table 5.6. In the training set, there are 64 users who belong to the
‘not depressed’ class and 49 users for the ‘depressed’ class. This is a slightly imbalanced
dataset for the fact that about 60% users of this dataset belongs to one of the two classes.

Training | Test | Total

Not Depressed Users / 0 64 27 91
Depressed Users / 1 49 20 69

Total Number of Users 113 47 160

Table 5.6: Training and Test split of 160Users dataset

5.3.1 Pre-processing

It is necessary to apply proper pre-processing of the tweets before any further operations.
In this thesis, we followed the same pre-processing operations applied in ( ).
Information such as retweets, URL, mentions and non-alphanumeric characters were re-
moved. In addition, we created a customized stopwords list to remove all the stopwords
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except first, second, third person pronouns from all the tweets, in order to maintain possi-
ble mental condition information in the tweets by keeping the pronouns, as recommended

by (2011).

Below is an example, a tweet from a user ‘f8Da_Rvi’. The first sentence is the original
tweet from the dataset, and the second sentence is one after being pre-processed:

e Boston Strong 6 mile run this morning. #bostonstrong @ The Landing at Long
Wharf http://t.co/9Q00cQY{LE’

e boston strong 6 mile run morning landing long wharf

Apart from the operations introduced above, another step was applied. Due to the fact that
we focus on mental condition classification at user-level, K-CR and other classifiers expect
user-level inputs. In other words, we should take all tweets of each user as one instance
rather than taking each tweet as one instance. Therefore, for each user, we combined
all his/her tweets into one single long sentence. For example, after the combination, the
example sentence mentioned above for user ‘f8Da_Rvi’ is combined into the long sentence
below:

e running boston childrens hospital make donation warrior dash virgins daddy fun jacks
gift auen estate emma finally got her ears pierced proud my brave little girl another
crazy saturday daddy jack auen estate happy 4th birthday jack love you love you love
you forever ever ever cant believe 2nd grade auen estate love narragansett ri heading
block island day vacation ipad still must narragansett ri totally diva mamas n divas
great opportunity my little emma work dee week elite academy dance peaceful sleeper
goin ride auen estate jacks new scooter thank you daddy auen estate new apparatus
our home day auen estate boston strong 6 mile run morning landing long
wharf we 21 kid free weekend doyles ...

As a result, for the 160 users in the dataset, we have 160 long sentences.

5.3.2 Experimental Setup
We designed the experiments considering several factors, including the choice of word

embeddings, different BERT settings, and TF-CBTW included or not. Table 5.7 presents
13 sets of designed experiments.
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Exp 1 | Word2Vec-CBOW

Exp 2 | Word2Vec-skipgram

Exp 3 | FastText

Exp 4 | GloVe

Exp 5 | Word2Vec-CBOW + TF-CBTW

Exp 6 | Word2Vec-skipgram + TF-CBTW

Exp 7 | FastText + TF-CBTW

Exp 8 | GloVe + TF-CBTW

Exp 9 | BERT + 512 size windows + sentence based embedding

Exp 10 | BERT + 512 size windows + sentence based embedding + TF-CBTW
Exp 11 | BERT + 512 size windows + word based embedding

Exp 12 | BERT + 512 size windows + word based embedding + TF-CBTW
Exp 13 | BERT + dynamic size windows + sentence based embedding

Table 5.7: Experimental setup

In Experiments 1 and 2, we employed Word2Vec with two different architectures. Ex-
periments 3 and 4 employed FastText and GloVe for word embeddings, respectively. Ex-
periments 5 to 8 are same to the first four experiments, but add a TF-CBTW feature
selection on top of the embeddings. Experiments 9 to 13 mainly focus on the language
model BERT with different window settings and embedding settings.

In experiments 1, 2, 3, 5, 6 and 7, we trained our own Word2vec and FastText word
embeddings models. For example, a Word2Vec-CBOW model is trained using the training
set. Then, the trained model is used to create embeddings for the sentences from both
the training and the test set. We adopted the Word2Vec and FastText packages from
Gensim for embeddings model training. In experiments 4 and 8, we imported the pre-
trained ‘glove-twitter-200’ package. As to experiments from 9 to 13, we adopted the pre-
trained BERT model ‘BERT-base-uncased’. The BERT model is imported from library
‘pytorch-pretrained-bert’. As we mentioned in section 3.3.4, BERT does not produce word
embeddings directly. Thus, we implemented necessary post-processing procedures with
modules from the library ‘huggingface’.

Finally, figure 5.8 presents a comprehensive experimental procedure for the Bell Lets
Talk dataset. Both the training and the test dataset are first pre-processed by removing
punctuation, stopwords, etc. When using word2vec and FastText, the training set is used to
train the word embedding models. Otherwise, pre-trained GloVe and BERT are imported.
Then, sentence embeddings are created for instances from both the training and the test
set. Lastly, we conduct experiments and obtain results for different classifiers.

5.3.3 Results and Discussion

Effect of Different Word Embedding Techniques
Table 5.8 presents experimental results from experiments 1, 2, 3 and 4. We included

four statistics: overall accuracy, weighted average F'1-score, minority class precision, and
minority class Fl-score. In this case, the minority class refers to the ‘depressed’ class.
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Figure 5.9: ROC curve of the SVM classifier on Exp 1

From the results, we first notice that SVM has 0 minority class precision and F1-scores
on all 4 experiments. At the same time, SVM has 0.57 overall accuracy and 0.42 weighted
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average F'l-score on the 4 experiments. These are the best results obtained for SVM after
tuning different hyper parameters, including regularization parameter C, kernel, coefficient
and tolerance. The results reveal that SVM is completely biased towards the majority class.
Taking experiment 1 as an example, the figure 5.9 presents the obtained ROC curve. The
black solid line represent the ROC curve of class 0, and the green solid line for class 1.
Both of them superimpose with the diagonal line. It means that SVM does not have the
ability to distinguish between these two classes at all.

In addition, as one of the objective is to explore classifiers’ performance on minority
classes, we created the figure 5.10. It presents the minority class Fl-scores of all tested
classifiers. They are the scores shown in table 5.8. In the figure, each classifier has one set
of 4 bars. For each set of bars, they present experiments 1 to 4 from left to right. From
the figure, it is clear that K-CR has higher minority class F1l-scores than other classifiers
regardless of which word embedding technique is used. Apart from that, we noticed that
K-CR is less sensitive to word embedding differences than other classifiers. With any of
four tested word embedding techniques, K-CR has consistent minority class F1-scores,
while the scores vary a lot for the other classifiers.
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Figure 5.10: Fl-score of minority class when using word embedding without TF-CBTW
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Exp 1: Word2Vec-CBOW
Overall | Overall Weighted | Minority Minority

Accuracy Average F1 Precision F1

K-CR beta:0.15,
interval:6, iterations: 10 0.43 0.25 043 0.6

SVM (linear kernel) 0.5745 0.42 0 0

RF (500 Trees) 0.5532 0.55 0.47 0.43
KNN 1 0.5957 0.59 0.53 0.51
KNN 3 0.6383 0.61 0.64 0.45
KNN 5 0.6596 0.63 0.7 0.47
KNN 10 0.5957 0.52 0.6 0.24

Exp 2: Word2Vec-Skipgram
Overall | Overall Weighted | Minority Minority

Accuracy Average F1 Precision F1

K-CR beta:0.15,
interval:6, iterations: 10 0.5331 0-5 047 0-61

SVM (linear kernel) 0.5745 0.42 0 0

RF (500 Trees) 0.5319 0.52 0.44 0.39
KNN 1 0.5106 0.5 0.41 0.38
KNN 3 0.6383 0.63 0.6 0.51
KNN 5 0.5745 0.55 0.5 0.37
KNN 10 0.5319 0.47 0.38 0.21

Exp 3: FastText
Overall | Overall Weighted | Minority Minority

Accuracy Average F1 Precision F1
K-CR beta:0.15,

interval:6, iterations: 10 0.55 0.53 0-49 0.62

SVM (linear kernel) 0.57 0.42 0 0
RF (500 Trees) 0.53 0.53 0.44 0.39
KNN 1 0.51 0.5 0.41 0.38
KNN 3 0.64 0.63 0.6 0.51
KNN 5 0.57 0.55 0.5 0.37
KNN 10 0.53 0.47 0.38 0.21

Exp 4: GloVe
Overall | Overall Weighted | Minorit N
Accuracy Average 1g5‘1 PI‘CCiSiOiII Minority F1
K-CR beta:0.15,

interval:6, iterations: 10 0.57 0.57 0-5 0.6

SVM (linear kernel) 0.5745 0.42 0 0
RF (500 Trees) 0.5745 0.55 0.5 0.37
KNN 1 0.5532 53 0.46 0.36
KNN 3 0.5532 0.55 0.47 0.43

KNN 5 0.5532 0.54 0.47 0.4
KNN 10 0.6383 0.57 0.8 0.32

Table 5.8: Results from experiments 1,2,3,4

We further explored if our observations stand for the popular language model BERT in
experiments 9 and 11. Table 5.9 presents the obtained results. With BERT embeddings,
K-CR maintains its superior ability on minority class classification. After combining BERT
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with the methods from figure 5.10, we present a new figure 5.11, from which we notice that
all the classifiers benefit from employing word embeddings produced by BERT. Even SVM,
which completely failed during the first 4 experiments, gains the ability to classify minority
class instances. It becomes the second best classifier in terms of minority class Fl-score.

Exp 9: Bert (512 token windows)

“+sentence
Overall | Overall Weighted | Minority | Minority
Accuracy Average F1 Precision F1
K-CR beta:0.15,
interval:6, iterations: 10 0.7245 0.72 0.67 0.68
SVM (linear kernel) 0.7021 0.7 0.65 0.65
RF (500 Trees) 0.6806 0.67 0.69 0.55
KNN 1 0.5106 0.5 0.41 0.38
KNN 3 0.617 0.59 0.58 0.44
KNN 5 0.5745 0.56 0.5 0.41
KNN 10 0.7234 0.71 0.77 0.61
Exp 11: Bert (512 token windows)
“+word
Overall | Overall Weighted | Minority | Minority
Accuracy Average F1 Precision F1
K-CR beta:0.15,
interval:6, iterations: 10 0.7 0.7 0.64 0.67
SVM (linear kernel) 0.6809 0.68 0.62 0.63
RF (500 Trees) 0.7234 0.71 0.77 0.61
KNN 1 0.5319 0.53 0.44 0.42
KNN 3 0.617 0.6 0.57 0.47
KNN 5 0.617 0.61 0.56 0.5
KNN 10 0.7021 0.68 0.75 0.56

Table 5.9: Results of experiments 9 and 11

We also conducted data analysis to understand what is the difference between the con-
tributions of the sentence vectors created by BERT and other word embedding techniques.
Taking vectors created by word2vec-CBOW and BERT as examples, dimension reduction
was first applied on sentence vectors with PCA and tSNE. The results are plotted in figures
5.12a, 5.12b, 5.12¢ and 5.12d. However, we were not able to notice clear distribution dif-
ferences between BERT and word2vec-CBOW. In either case, the instances of both classes
mixed together. Since SVM shows dramatical improvements in experiments 9 and 11 and
taking the fact that SVM may use a hyper-plane as a separation surface, instances might be
clearly separated in the 3 dimensional space. Figure 5.13 presents the data distribution of
BERT in 3D space. Unfortunately, instances of two classes are still not visually separable.
We conclude that this is a drawback of the dimension reduction techniques. We suspect
that PCA and tSNE cannot produce the most representative reduced dimensions from the
769-dimensional vectors created by BERT.
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F1-score of minority class when using word embedding
without TF-CBTW
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Figure 5.11: Fl-score of minority class when using word embedding without TF-CBTW

(a) Data distribution of BERT embedding with (b) Data distribution of BERT embedding with
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Figure 5.12: Data distribution of sentence vectors
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Figure 5.13: 3D visualization of sentence vectors created by BERT with PCA

To summarise, K-CR has the best classification performance with minority classes.
With its design, K-CR learns data distributions effectively regardless of which word em-
bedding technique is used.

Effect of Applying TF-CBTW

In experiments 5, 6, 7 and 8, we adopted TF-CBTW. Since TF-CBTW can highlight
‘important’ words for each class, we expect to obtain better classification performance
on all classifiers. Table 5.10 presents the results of experiments 5-8. We notice that all
classifiers have a dramatic performance improvement regardless of which word embedding
technique is chosen. In terms of either weighted average F1-score or minority class F1-
score, they have almost the same scores. To visually present the improvement, we created
figures 5.14 and 5.15 based on experiments 1 and 5. We can clearly see the improvement
in accuracy and weighted average F'l-score in Figures 5.14 and 5.15, respectively. We
conclude that TF-CBTW not only improves performance of minority class classification,
but also improves the overall accuracy. In other words, although the dataset is imbalanced,
the added TF-CBTW factor provides extra information to classifiers so that the classifiers
can properly learn from the data.
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Exp 5: Word2Vec-CBOW+TF-CBTW

Overall | Overall Weighted | Minorit .
Accuracy Average %1 Precisioill Minority F1
K-CR beta:0.15,
0.9627 0.96 1 0.95
interval:6, iterations: 10
SVM 0.9787 0.98 1 0.97
RF (500 Trees) 1 1 1 1
KNN 1 1 1 1 1
KNN 3 0.978723 0.98 1 0.97
KNN 5 0.9787 0.98 1 0.97
KNN 10 0.9787 0.98 1 0.97
Exp 6: Word2Vec-Skipgram+TF-CBTW
Overall | Overall Weighted | Minorit .
Accuracy Average %1 Precisioill Minority F1
K-CR beta:0.15,
0.9627 0.96 1 0.95
interval:6, iterations: 10
SVM 0.9787 0.98 1 0.97
RF (500 Trees) 1 1 1 1
KNN 1 0.9787 0.98 1 0.97
KNN 3 0.9787 0.98 1 0.97
KNN 5 0.9574 0.96 1 0.95
KNN 10 0.9574 0.96 1 0.95
Exp 7: FastText+TF-CBTW
Overall | Overall Weighted | Minorit; N
Accuracy Average lg:l Precisioifl Minority F1
K-CR beta:0.15, interval:6, iterations: 10 0.96 0.96 1 0.95
SVM 0.9574 0.96 1 0.95
RF (500 Trees) 0.9149 0.93 0.83 0.91
KNN 1 0.9574 0.96 1 0.95
KNN 3 0.9574 0.96 1 0.95
KNN 5 0.9574 0.96 1 0.95
KNN 10 0.9574 0.96 1 0.95
Exp 8: GloVe+TF-CBTW
Overall | Overall Weighted | Minorit .
Accuracy Average %1 Precisioill Minority F1
K-CR beta:0.15, interval:6, iterations: 10 0.96 0.96 1 0.95
SVM 0.9787 0.98 1 0.97
RF (500 Trees) 1 1 1 1
KNN 1 0.9787 0.98 1 0.97
KNN 3 0.9787 0.98 1 0.97
KNN 5 0.9787 0.98 1 0.97
KNN 10 0.9574 0.96 1 0.95

Table 5.10: Results from experiments 5, 6, 7, 8
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Accuracy Changing of after applying TF-CBTW on CBOW
based Word2Vec
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Figure 5.14: Accuracy change after applying TF-CBTW on CBOW based Word2Vec

Weighted F1 Changing of applying TF-CBTW on CBOW based
Word2Vec
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Figure 5.15: Weighted F1-score change after applying TF-CBTW on CBOW based
Word2Vec

Apart from the word embeddings mentioned above, we aimed to employed the TF-
CBTW with BERT as well. However, due to the nature that BERT, it does not producing
word embeddings directly, the TF-CBTW weights cannot be adopted like other word em-
bedding models. We applied TF-CBTW to BERT as a word filter. Before a sentence is
processed, it is filtered by the TF-CBTW ranking list and only the top 100,000 (or other
threshold set by user) words will be maintained. The filtered sentence is then fed into
BERT. Comparing the minority class F1l-scores of experiment 10 in table 5.11 and the
minority class F1-scores of experiment 9 in table 5.9, performance drops occur for all the
tested classifiers after applying TF-CBTW. This is expected, since BERT works better by
taking advantage of its ability to correlate contextual information. The application of the
TF-CBTW breaks the contexts apart.
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Exp 10: Bert (512 token windows)+
TF-CBTW--+sentence

Overall Accuracy Overall Weighted Minority Precision | Minority F1
Average F1
K-CR beta:0.15,
interval:6, iterations: 10 0.64 0.64 0.57 0-6
SVM (linear kernel) 0.6383 0.62 0.62 0.48
RF(500 Trees) 0.5745 0.57 0.5 0.5
KNN 1 0.5532 0.55 0.47 0.46
KNN 3 0.5957 0.58 0.53 0.46
KNN 5 0.7021 0.7 0.67 0.63
KNN 10 0.7021 0.69 0.71 0.59

Table 5.11: Results of experiment 10

Effect of Different Window Size for BERT

In experiments 9 and 13, another comparison is made to explore BERT’s performance
with different window size settings. The results are shown in table 5.12. When BERT
has fixed size windows, classifiers achieve better performance. With the K-CR classifier,
it is 17% higher with fixed size windows BERT than dynamic size windows in terms of
minority Fl-score. In section 3.3.4, we discussed the reasons why we expect that BERT
with dynamic windows would provide better embeddings. However, the results are the
opposite to what we expected. One possible reason is that the tweets of a user are not
independent, as we thought. Factors such as emotion are consistent through the history of
the tweets. In other words, a depressed user will display negative emotions in all his/her
tweets. Therefore, with fixed size window, BERT can learn more comprehensive contextual
information and produce better embeddings.

Exp 9: Bert (512 token windows)+

sentence
Overall | Overall Weighted | Minority | Minority
Accuracy Average F1 Precision F1
K-CR beta:0.15,
interval:6, iterations: 10 0.7245 0.72 0.67 0.68
SVM (linear kernel) 0.7021 0.7 0.65 0.65
RF (500 Trees) 0.6806 0.67 0.69 0.55
KNN 1 0.5106 0.5 0.41 0.38
KNN 3 0.617 0.59 0.58 0.44
KNN 5 0.5745 0.56 0.5 0.41
KNN 10 0.7234 0.71 0.77 0.61
Exp 13: Bert (Dynamic windows)+
sentence
Overall | Overall Weighted | Minority | Minority
Accuracy Average F1 Precision F1
K-CR beta:0.15,
interval:6, iterations: 10 0-55 0-56 0.48 0-51
SVM (linear kernel) 0.62 0.61 0.56 0.53
RF(500 Trees) 0.55 0.54 0.47 0.4
KNN 1 0.45 0.44 0.33 0.32
KNN 3 0.49 0.48 0.38 0.33
KNN 5 0.47 0.45 0.33 0.29
KNN 10 0.49 0.44 0.3 0.2

Table 5.12: Results of experiments 9 and 13
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Effect of Different Post-processing for BERT

In experiments 9 and 11, we further explored the effect of applying different post-processing
procedures for BERT. The results are presented in table 5.9. In experiment 9, BERT
produced sentence vectors by summing second to last hidden layers and taking average.
While in experiment 11, instead of producing sentence vectors, BERT produced vectors
for each word within the sentence by summing together the last four layers. Then another
step is taken to sum all words vectors of the sentence together into one single sentence
vector. In table 5.9, K-CR in experiment 9 is 1% higher than the one in experiment 11 in
terms of minority Fl-score. SVM also has 2% better performance. However, RF and KNN
work better with the embeddings produced in experiment 11. The results are consist with

( ) and s summary: “there is no explicit guidelines on which
post-processing application is the best”. The choice will based on use cases, classifiers, and
datasets.

Processing Time

For a classifier, processing time is also a key factor of performance. In the section where we
introduced the algorithm of K-CR, we mentioned that there are a few parts to be explored
and improved in the future in order to optimise the processing time. For now, we expect
to have longer processing time with K-CR than for other classifiers. Overall, among all
experiments conducted over the Bell Lets Talk Dataset, K-CR has the longest processing
time on both training and predicting.

In table 5.13, we include processing time of all classifiers in exp 3 and exp 7. In exp 3,
K-CR has obvious longer training time than other classifiers. For RF with 500 trees, which
is considered a time consuming classifier, it is still about 30 times faster than K-CR. In
addition, K-CR spent 0.38106 seconds in total to make predictions. The difference to other
classifiers is relative small. However, taking into account the fact that there are only 47
samples in the testing set, the difference in prediction time is expected to increase as the
number of samples increase. Furthermore, KNN has longer prediction time than training
time since KNN does not really have a training process. Exp 7 has same experimental
setting except adopting the TF-CBTW technique. The observations in exp 3 stand in exp
7. The adoption of TF-CBTW does not make much difference to the processing time of K-
CR. In table 5.14, we also include another pair of experiments. Exp 4 and exp 8 also have
the same experimental settings except that exp 8 adopted TF-CBTW. The observations
still stand for these two experiments.
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Exp 3 Exp 7
Training | Predicting | Training | Predicting
K-CR beta:0.15,

. . . 14.510596 | 0.381060 | 12.664747 | 0.409361
interval:6, iterations: 10
SVM (linear kernel) 0.14636 0.001299 | 0.172903 | 0.000207

RF (500 Trees) 0.482540 | 0.026686 | 0.391976 | 0.024849
KNN 1 0.000477 | 0.003083 | 0.000430 | 0.002441
KNN 3 0.000396 | 0.003087 | 0.000352 | 0.002446
KNN 5 0.000391 | 0.003060 | 0.000347 | 0.002450
KNN 10 0.000403 | 0.003148 | 0.000358 | 0.002487

Table 5.13: Processing time in seconds for of exp 3 and exp 7.

Exp 4 Exp 8
Training | Predicting | Training Predicting
. K-CR beta:0.15, 9.303222 | 0.339910 | 8.540981 | 0.4093610.370944
interval:6, iterations: 10
SVM (linear kernel) 0.12783 | 0.000882 | 0.118793 0.000236
RF (500 Trees) 0.442598 | 0.026735 | 0.393122 0.025562
KNN 1 0.000419 | 0.00245 | 0.000393 0.002143
KNN 3 0.000342 | 0.002495 | 0.000315 0.002124
KNN 5 0.000345 | 0.002505 | 0.000310 0.002144
KNN 10 0.000341 | 0.002521 | 0.000316 0.002202

Table 5.14: Processing time in seconds for exp 4 and exp 8.

In summary, the K-CR does have longer processing time. It did not obviously affect
the performance of K-CR with Bell Lets Talk datasets is due to small number of samples.
It will become an issue when dealing with larger datasets.

5.3.4 Comparison to Related Work

As mentioned in related work, ( ) also conducted thorough experiments on
the Bell Let’s Talk dataset. We compare our results with theirs.

In their paper, they performed three sets of experiments. The first one trained a
linear SVM on the original dataset. The second one trained the same SVM with the
dataset balanced using SMOTE. The last one trained SVM with the dataset balanced by
undersampling. For each set of the experiments, they trained the model on the training
set and test it on the testing set. They obtained the best Fl-score (0.7317) and accuracy
(0.766) with a linear SVM and undersampled dataset. We achieved better F1-score (0.96)
and accuracy (0.9627) with K-CR and TF-CBTW applied.

Furthermore, we conducted experiments with same settings using another prototype-
based classifier - LVQ (Learning Vector Quantization). LV(Q is an artificial neural network
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F1-Score | Accuracy
( ) 0.7317 0.766
K-CR+TF-CBTW 0.96 0.9627
GRLVQ 0.42 0.57
GRLVQ + TF-CBTW | 0.84 0.87

Table 5.15: Experiment results of using GLVQ or GRLVQ

algorithm. In experiments conducted by ( ), they compared the perfor-
mance of different types of LVQ or LVQ extensions including LVQ1, LVQ2.1, LVQ3, GLVQ
and GRLVQ. The results showed that GRLVQ (Generalized Relevance Learning Vector
Quantization) had the best performance. Therefore, we selected GRLVQ to compare to.
As shown in table 5.15, in the first round of experiments, TF-CBTW was not applied.
GRLVQ shows worse performance than ( ) and K-CR. However, after the
TF-CBTW was applied in the second round of experiments, the performance of GRLVQ
dramatically increased. It achieved 11% higher F-score and 11% higher accuracy. But it
still perform worse than K-CR with TF-CBTW. The results prove that K-CR has better
performance than the state-of-the-art prototype-based classifier LVQ, and the application
of TF-CBTW can largely help the performance of classifiers.

5.4 CLPSych2015 Shared Task

We also tested a second text-based dataset: CLPSych2015. We aim to further explore if
the discoveries we had with the Bell Lets Talk dataset carry over.

( ) released the Computational Linguistics and Clinical Psychol-
ogy 2015 (CLPSych2015) shared task. They collected wweets from three types of users:

e Diagnosis of depression users
e Post traumatic stress disorder (PTSD) users

e Matched control users from communities which are demographically-matched

The shared task provided both training and test sets. However, since we did not
participate in the shared task, we cannot use the test set. The labels for test set are
not available. Therefore, we considered the training set only in this thesis. As shown in
table 5.16, there are 1,145 users in the training set. Among them, 327 are users diagnosed
with depression and 246 are diagnosed with PTSD. The rest of 572 users are age and
gender-matched control users. According to ( ), they applied several
mechanisms to address ethical issues. They applied a white-list approach to protect the
identity of all users. The approach included operations such as anonymized screen names
and URLs by applying salted hashing. They also removed geo-location information and
device information. Numerical labels are assigned to users with different mental conditions:
0 for control users, 1 for depression, and 2 for PTSD.
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Control Depressed | PTSD
Number of Users o972 327 246
Number of Tweets | 1,250,606 | 742,793 544,815

Table 5.16: CLPSych 2015 shared task training set statistics

5.4.1 Experiment Setup

Apart from external factors which will affect the performance of the K-CR classifier, we
aim to explore any possible internal factors which may affect the performance. Therefore,
we adopted the the CLPSych2015 dataset to conduct more experiments.

There are two factors to be considered. The first one is the number of prototypes
constructed. The number of effective prototypes directly affect the classification ability of
K-CR. The second one is the threshold set to the ranked list. The ranked list refers to the
score list introduced in section 3.4.3. We designed 9 experiments, as shown in table 5.17.
First, experiment 1 is designed to be compared to experiment 4. This is to further confirm
the power of TF-CBTW which has been proven in the experiments with the Bell Lets
Talk dataset. Apart from experiment 1, all other experiments have TF-CBTW applied
by default. For experiments 2, 3 and experiments 4, 5, the objective is to explore how do
different threshold affect K-CR’s performance. We tested two threshold values: 1,000 and
10,000. In experiments 6, 7, 8 and 9, the main objective is to explore the performance of
K-CR with different numbers of prototypes. In experiment 6 and 8, K-CR is set to create
only one prototype for each class. While in experiments 7 and 9, it is set to create multiple
prototypes. Experiments 1-9 mentioned above are trained and tested using 5-fold cross
validation. In addition to experiments 1-9, we designed experiment 10 to train K-CR on
the CLPSych2015 dataset and test it on the Bell Lets Talk dataset. The objective is to
explore how well is K-CR generalizing between two independently-created mental health
datasets.

Exp 1 | FastText+1000

Exp 2 | GloVe+TF-CBTW-+1000

Exp 3 | GloVe+TF-CBTW+10000

Exp 4 | FastText+TF-CBTW+1000

Exp 5 | FastText+TF-CBTW+10000

Exp 6 | GloVe+TF-CBTW+1000+single prototype
Exp 7 | GloVe+TF-CBTW+1000+multi prototypes
Exp 8 | FastText+TF-CBTW+1000+-single prototype
Exp 9 | FastText+TF-CBTW+1000-+multi prototype
Exp 10 | CLPSych2015+Bell Lets Talk

Table 5.17: Experimental setup

Finally, figure 5.16 presents a similar experimental procedure with the CLPSych2015
dataset. The CLPSych2015 shared task dataset is firstly pre-processed by removing punc-
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tuation, stop words, etc. Then the dataset is used to train the word2vec and FastText
models. For GloVe and BERT, pre-trained models are imported. With embeddings mod-
els, we can create word embeddings for the dataset. At last, we conduct experiments and
obtain their results by feeding instances into the K-CR classifier.

CLPSych2015
shared task
dataset

Preprocessing:
remove

i punctuation,
Training Word Embedding Models: stop words, etc
. FastText+10000

1
2. FastText+TF-CBTW+10000
3. FastText+TF-CBTW+1000
4. GloVe+TF-CBTW+10000
5. GloVe+TF-CBTW+1000
Ea Transfer Sentence
+ TF-CBTW is Category Based Matﬂx (words vectors)
Term Weights into sentence vector
[ Pre-trained
glove-twitter-200
— Converted
{ 5-fold cross validation on Sentence
P
CLPSych2015 dataset Y-

Getting Results

Figure 5.16: Workflow with CLPSych2015 dataset

5.4.2 Results and Discussion

Effect of Applying TF-CBTW

In table 5.18, we present the experiment results of experiment 1 and experiment 4. In both
experiments, we employed the same FastText word embedding model. Besides, both of the
thresholds are set to 1000.

It is clear that there is a dramatic improvement after applying TF-CBTW. The weighted
average F'1-score increased from 0.47 to 0.92. For the ‘depressed’ and ‘PTSD’ (two minority
classes in the dataset) classes, the improvements are 53% and 78%, respectively, in terms
of Fl-score. In figure 5.17, it is easier to observe the improvements.

To summarise, the results are consistent with the results obtained on the Bell Let’s
Talk dataset. The TF-CBTW feature selection can effectively increase the performance of
the K-CR classifier.
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K-CR with beta = 0.15, interval = 6

Exp 1: Exp 4:
FastText+1000 | FastText+TF-CBTW-41000
Overall 0.52 0.92
Accuracy
Overall Weighted
Average F1 047 e
Depress'ec.l class 0.41 0.83
precision
Depressed’ class 0.35 0.88
F1
PTSQ .class 0.58 0.99
precision
"PTSD’ class
- 0.18 0.95

Table 5.18: Results of experiment 1 and 4

Exp 1: FastText + 1000 and Exp 4: FastText + TF-CBTW +

1000
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Figure 5.17: Results of experiments 1 and 4

Effect of Different Threshold

In experiments 2, 3, 4 and 5, the objective is to explore how will different thresholds affect
the performance of the K-CR classifier. We expect to have better performance with smaller
threshold, since smaller threshold means more ‘not important’ words are removed from the
sentences. In theory, the classifier can better learn the representation of each class. In
order to control the variables, there are two sets of comparisons: between experiment 2

and experiment 3, and between experiment 4 and experiment 5.

In table 5.19, we present the results of the first one.
employed the GloVe for word embeddings in both experiments.

82

We applied TF-CBTW and
In experiment 2, the



threshold is set to 1,000, while in experiment 3 it is set to 10,000. From the table, we can
see that the results of experiment 2 are better than those of experiment 3. The F1-score of
the ‘Depressed’ class in experiment 2 is 7% higher than that in experiment 3. The F1-score
of the ‘PTSD’ class in experiment 2 is 1% higher that in experiment 3. In other words,
with 1,000 as threshold, the K-CR has better classification performance on both minority
classes in the dataset. Similarly, we created table 5.20 to present the results of experiments
4 and 5, with the same setup except that we employed FastText instead of GloVe for word
embeddings. From the table, we observe that the results of experiment 4 are better than
those of experiment 5. We have the same observation that the threshold 1,000 is better
than threshold 10,000. The Fl-score of the ‘Depressed’ class in experiment 4 is 2% higher
than that in experiment 3, while the F1-score of the ‘PTSD’ class is the same.

The observed results meet our expectation. We further explored why smaller threshold
values can lead to better performance on the K-CR classifier. We figured that more noisy
words are filtered with smaller threshold, and the remaining words provide better and
more accurate knowledge for K-CR to create prototypes. However, this is highly depends
on the choice of word embedding models. We employed GloVe and FastText, which do
not learn word embeddings from contextual information. Although the context is broken
by removing ‘noisy’ words from sentences, FastText and GloVe are not seriously affected,
while this will not work with the BERT language model due to its nature of correlating
contextual information. As discussed in section 5.3.3, the generated word embeddings
have worse quality after removing ‘noisy’ words from sentences with BERT. The results of
experiment 9 and experiment 11 conducted with the Bell Lets Talk dataset proved that
K-CR has worse performance with ranked list applied to BERT.

K-CR with beta = 0.15, interval = 6

Exp 2: Exp 3:
GloVe+TF-CBTW+1000 | GloVe+TF-CBTW+10000
Overall 0.94 0.89
Accuracy
Overall Weighted
Average F1 0.92 0.89
Depress.e('i’ class 0.95 0.9
precision
"Depressed’ class
Fl 0.9 0.83
"PTSD’ class 1 1
precision
"PTSD’ class
Pl 0.94 0.93

Table 5.19: Results of experiments 2 and 3
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K-CR with beta = 0.15, interval = 6

Exp 4: Exp 5:
FastText+TF-CBTW+1000 | FastText+TF-CBTW-10000
Overall 0.92 0.91
Accuracy
Overall Weighted
Average F1 092 o
DepressIeQ’ class 0.83 0.83
precision
Depressed’ class 0.88 0.86
F1
PTSD Aclass 0.99 0.98
precision
"PTSD’ class 5
o 0.95 0.95

Table 5.20: Results of experiments 4 and 5

Effect of Different Number of Created Prototypes

In experiments 6, 7, 8 and 9, we aim to learn how does the number of constructed prototypes
affect the performance of K-CR. We expect to have better performance when there are
multiple prototypes created. Similarly, to control the variables, there are two pairs of
experiments: experiments 6 and 7, and experiments 8 and 9.

In table 5.21, we present the results of experiments 6 and 7. We applied TF-CBTW,
1,000 as threshold and employed GloVe for word embeddings in both experiments. The
difference is that the K-CR creates only one ‘best’ prototype for each class in experiment
6, while in experiment 7, K-CR creates multiple prototypes by following the algorithm of
prototype construction. Therefore, there are 3 prototypes in total in experiment 6. After
checking the workflow, we saw that K-CR created an average of 211.2 prototypes during
the 5-fold cross validation. From the table, the results of experiment 7 are better than
those of experiment 6. The F1l-score of the ‘Depressed’ class in experiment 7 is 27% higher
than that in experiment 6. The F1-score of the ‘PTSD’ class in experiment 7 is 4% higher
than in experiment 6. In other words, with multiple created prototypes, K-CR has better
classification performance on both minority classes in the dataset. The difference is clearer
in the ROC curves 5.18a and 5.18b. The curves in 5.18b are more centralised and closer to
the top-left corner. Similarly, we created the table 5.22 to present the results of experiment
8 and 9, with the same setup except that we employed FastText instead of GloVe for word
embeddings. The same as in experiment 6, experiment 8 also created 3 prototypes, and
K-CR created an average of 262.8 prototypes in experiment 9. From the table, we observed
that the results of experiment 9 are better than those of experiment 8. We have the same
observation as on the previous pair of experiments, that K-CR with multiple prototypes is
better than with single prototypes. The F1-score of the ‘Depressed’ class in experiment 9
is 20% higher than that in experiment 8. The Fl-score of the ‘PTSD’ class in experiment
9 is 7% higher than that in experiment 8.

These results meet our expectation, because prototypes are key mechanisms in the K-
CR algorithm. The classifier solely relies on the quality of the prototypes to do accurate
classification. The data distribution in text is complex. More prototypes means more
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variants of a class are considered. Therefore, it is necessary to set the K-CR to learn
multiple prototypes.

K-CR with beta = 0.15, interval = 6

Exp 6: Exp 7:
GloVe+TF-CBTW+1000 | GloVe+TF-CBTW+1000
+single prototype +multiple prototypes
Overall 0.66 0.94
Accuracy
Overall Weighted
Average F1 0.66 0-92
Depress-e(.l class 0.46 0.95
precision
"Depressed’ class
F1 0.63 0.9
"PTSD’ class 1 1
precision
"PTSD’ class
F1 0.9 0.94

Table 5.21: Results of experiments 6 and 7

K-CR with beta = 0.15, interval = 6

Exp 8: Exp 9:
FastText+TF-CBTW+1000 | FastText+TF-CBTW+1000
~+single prototype +multiple prototypes
Overall 0.73 0.92
Accuracy
Overall Weighted
Average F1 0.74 0.92
Depress'e(.i’ class 051 0.83
precision
"Depressed’ class 0.68 0.88
F1
’PTSD .class 1 0.99
precision
"PTSD’ class
F1 0.88 0.95

Table 5.22: Results of experiments 8 and 9

Training on CLPSych2015 and Testing on Bell Lets Talk

One last experiment was done by training the K-CR classifier on the CLPSych2015 dataset
and testing on the Bell Lets Talk dataset. During the implementation, there was a problem
that there are different numbers of classes in these two datasets. In CLPSych2015 dataset,
there are 3 classes ‘Control’, ‘Depressed’ and ‘PTSD’, while in Bell Lets Talk dataset, there
are only two classes including ‘Not Depressed’ (which is same as ‘Control’) and ‘Depressed’.
Therefore, we maintained the ‘Control” (or ‘Not Depressed’) class in both dataset. Then
we removed the ‘PTSD’ instances from the dataset.

Table 5.23 presents the results of the experiment. For this experiment, we employed
the best setting learnt through the previous experiments: K-CR is set to create multiple
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(a) ROC curve of experiment 6 (b) ROC curve of experiment 7
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Figure 5.18: ROC curves of the K-CR classifier in experiments 6 and 7

prototypes, applying TF-CBTW, FastText as word embedding mechanism, and threshold
as 1,000. From the table, we achieved 0.95 weighted average F'l-score and 0.95 on the
minority ‘Depressed’ class. The ROC curve 5.19 proves that the trained classifier on the
CLPSych2015 dataset can be generalised to a unseen dataset and performs well and without
bias on the majority class. Furthermore, the table 5.24 presents two more sets of results
for comparison. The left one did not apply the TF-CBTW. The right one used single
prototypes. Comparing the results from 5.24 and 5.23, the performance of generalising to
unseen data dramatically dropped. This further proves the benefits of applying TF-CBTW

and of creating multiple prototypes for the K-CR classifier.

Exp 10: K-CR with beta = 0.15, interval = 6

Fast Text-+multi-prototypes+1000+TF-CBTW
Overall Accuracy 0.95
Overall Weighted Average F1 0.95
Depressed’ class precision 0.9
Depressed’ class F1 0.95

Table 5.23: Results of testing on the Bell Lets Talk dataset by using the K-CR classifier
trained on the CLPSych2015 dataset
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Figure 5.19: ROC curve of testing on the Bell Lets Talk dataset by using the K-CR classifier
trained on the CLPSych2015 dataset

K-CR with beta = 0.15, interval = 6

FastText FastText
+multi-prototypes +single-prototype
+1000 -+1000
Overall Accuracy 0.57 0.43
Overall Weighted Average F1 0.52 0.26
Depressed’ class precision 0.5 0.43
Depressed’ class F1 0.29 0.6

Table 5.24: Results of testing on the Bell Lets Talk dataset by using the K-CR classifier
trained on the CLPSych2015 dataset

5.4.3 Comparison to Related Work

( ) also conducted experiments against the CLPSych2015 dataset. They
focused on obtaining better classification performance by proposing a novel multi-task deep
learning approach and by optimizing the word embeddings.

Their first experiment was conducted on the training set with 5-fold cross validation.
They tested the dataset against several classifiers including SVM, several versions of CNNs
and BiLSTM. They achieved the best Fl-score of 0.86967 and accuracy of 0.87957 with
CNNWithMax and optimized word embeddings. In our experiments, we obtained the best
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results in exp 7, by employing the K-CR classifier with GloVe word embeddings, with

TF-CBTW applied, with the threshold set to 1,000 and K-CR set to produce multiple

prototypes. We obtained Fl-score 0.92 which is about 6% higher than that reported by
( ). We also have about 6% improvement in terms of accuracy.

In their second experiment, they trained the classifiers on the training set and tested
them on the testing set. We conducted the same experiments as introduced before. From
their results, they obtained the best Fl-score (0.82252) and accuracy (0.83117) with Mul-
tiChannel CNN and optimized word embeddings. In our experiments, we employed K-CR
with FastText word embeddings. The threshold is set to 1,000. K-CR is set to create
multiple prototypes and the TF-CBTW is applied. We obtained an F1-score of 0.95 which
is about 12% better and an accuracy of 0.95 which is about 11% better.

We also conducted further experiments to compare to other prototype based classifiers,
as we did on the Bell Lets Talk dataset. We applied GRLVQ with same settings, on the
CLPSych2015 dataset. As learned in the previous experiments, GRLV(Q performs better
with TF-CBTW applied. Therefore, we only tested GRLVQ with TF-CBTW applied.
As shown in table 5.25, GRLVQ has the lowest performance among all three classifiers.
Therefore we can say taht K-CR performs better than the state-of-the-art classifiers on
this task.

Fl-score | Accuracy | AUC | Precision | Recall

MultiChannel CNN
+ Optimised 0.82252 | 0.83317 | 0.923 | 81.626 | 84.439
word embedding
K-CR+FastText+

multi-prototypes+ 0.95 0.95 0.956 0.96 0.95
1000+TF-CBTW
GRLVQ
L TF-CBTW 0.775 0.81 0.86 0.73 0.82

Table 5.25: Binary classification task by training the model on the CLPsych2015 dataset
and testing on the Bell Lets Talk dataset

5.5 Summary

In this chapter, we tested the K-CR classifier against 3 datasets: GEOBIA, Bell Lets
Talk, and CLPSych2015. We explored external and internal factors which may affect
the performance of K-CR. To conclude, K-CR shows better ability on imbalanced dataset
classification. This ability is consistent through the three datasets we used. In next chapter,
we will conclude what we learnt for our experiments, summarize our contributions, and
discuss directions of future work.
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Chapter 6

Conclusion and Future Work

6.1 Conclusions

In this thesis, the K-Closest Resemblance classifier was introduced. We first implemented
the algorithm from scratch in Python. Comparing with previous literature in the remote
sensing or depression detection fields, we try to improve classification performance from a
data imbalance perspective. Instead of applying widely used data re-sampling (or SMOTE)
to change the original dataset, K-CR tackles the challenge by considering the data imbal-
ance problem at the algorithm designing level. To prove our expectations, we conducted
experiments with three different datasets:

e With GEOBIA, we compared K-CR with RF, KNN, SVM, and CNN. We also im-
ported experiment results on the same dataset from ( ). K-CR
outperformed all the other classifiers. K-CR showed a superior capability on minority
class classification.

e With Bell Lets Talk, we explored the effect of different word embedding techniques,
applying TF-CBTW, setting different window size for BERT and employing differ-
ent post-processing procedure for BERT. We learnt that K-CR is not sensitive to
different word embedding techniques (word2vec, FastText and GloVe). Furthermore,
the TF-CBTW feature selection can dramatically increase the performance of K-CR.
Also, BERT with fixed-size window is better than dynamic size window under cer-
tain conditions. Finally, the post-processing procedure chosen for generating word
embeddings is highly depending on the application.

e With CLPSych2015, we further explored if the above observations are consistent and
explored the internal factors that can affect the performance of K-CR. We confirmed
the effect of the TF-CBTW on this new dataset. In addition, we learnt that under
certain conditions, smaller threshold values for the ranked list results leads to bet-
ter performance for the K-CR classifier. Furthermore, we concluded that creating
multiple-prototypes is better than creating only one prototype for each class. Finally,
with one additional experiment where we trained on the CLPSych2015 dataset and
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tested on the Bell Let’s Talk dataset, we showed K-CR’s generalisation ability for
classifying unseen data.

6.2 Summary of Contributions

In this thesis, we contributed by implementing a Python version of the K-CR classifier. We
also proposed to adopt a feature selection technique: TF-CBTW, to further improve the
performance of K-CR on imbalanced datasets. Furthermore, we applied the K-CR classifier
in urban land cover classification and depression detection tasks. We showed that our
approach can achieve comparable performance on majority classes and better performance
on minority classes than Random Forest, K-Nearest Neighbour, Support Vector Machines,
Multi-layer Perception, Convolutional Neural Networks, and Long Short-Term Memory,
especially for minority classes.

6.3 Future Work

In future research, an important task is to conduct a thorough comparison between K-
CR and deep learning techniques. The comparison can be made from the perspective
of training time, prediction time, ability to handle imbalanced datasets, and classification
performance. In addition, the current implementation of K-CR leads to long training times
because of possible redundant prototypes being created. An effective way to eliminate
unnecessary prototypes is another important task to explore in future work. Another
direction is to explore other choices of discretization approaches during the learning phase of
K-CR. It is valuable to explore if any other choices can further increase the performance of
K-CR. Finally, due to the undeniable power of deep learning techniques, it is an interesting
task to partly combine neural network architectures with the K-CR algorithm in order to
generated explainable predictions (by designing ways to visualize the closest prototypes).
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Appendix A

More Experimental Results on
CLPSych2015 and Bell Lets Talk
Datasets
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(a) Multi-prototype K-CR with FastText embed- (b) Multi-prototype K-CR with FastText embed-
ding, 1000 selected top words from ranked list ding, 1000 selected top words from ranked list
without applying TF-CBTW

and TF-CBTW applied

ROC Curves
10 4 .
o B g g B By B B B B B B B B ptd
’I
-
.
e
0.8 | e
.
”
z i
] P
ﬁ 0.6 i
2 e
2 ,
o /’
a -,
S 0.4 1 ot
= -
Cd
-
”
,’ = ROC curve of class 0 (area = 0.96)
] -’
0.2 e —— ROC curve of class 1 (area = 0.96)
= = micro-average ROC curve (area = 0.95)
. = = macro-average ROC curve (area = 0.96)
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

(c) Single-prototype K-CR with FastText em-
bedding, 1000 selected top words from ranked
list without applying TF-CBTW
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Figure A.1: ROC curves of training K-CR on CLPSych2015 dataset and testing on Bell
Lets Talk dataset.
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(a) K-CR (b) KNN
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Figure A.2: ROC curves of 10 cross validation on Bell Lets Talk Dataset. Word2Vec-
CBOW embedding used. TF-CBTW applied.

94



True Positive Rate

True Positive Rate

Figure A.3: ROC curves of 10 cross validation on Bell Lets Talk Dataset. Word2Vec-
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Figure A.4: ROC curves of 10 cross validation on Bell Lets Talk Dataset. FastText em-
bedding used. TF-CBTW applied.
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Figure A.6: ROC curves of 10 cross validation on Bell Lets Talk Dataset. GloVe embedding
used. TF-CBTW applied.
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Figure A.7: ROC curves of 10 cross validation on Bell Lets Talk Dataset. GloVe embedding
used. TF-CBTW not applied.
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Figure A.8: ROC curves of 10 cross validation on Bell Lets Talk Dataset. BERT embedding
used by generating sentence vector directly with fixed window size. TF-CBTW not applied.
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ROC curves of 10 cross validation on Bell Lets Talk Dataset. BERT embedding
used by generating sentence vector directly with fixed window size. TF-CBTW applied.
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Figure A.10: ROC curves of 10 cross validation on Bell Lets Talk Dataset. BERT embed-
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Figure A.11: ROC curves of 10 cross validation on Bell Lets Talk Dataset. BERT embed-

False Positive Rate

True Positive Rate

True Positive Rate

(b) KNN

ROC Curves

1.0+
0.8
L) .‘
.
. .
* * *
0.6 . -
* s
. ,
=7 ’/’
-
0.4 ,’0 R
- -
(9 P
- Vid
y/ ,’ = ROC curve of class 0 (area = 0.59)
E -,
0.2 4 —— ROC curve of class 1 (area = 0.59)
= =  micro-average ROC curve (area = 0.62)
= = macro-average ROC curve (area = 0.59)
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
ROC Curves
1.0+
-
-~
-,
s
.
e
0.8 | e
.
e
-
”
e
0.6 ‘
r’,
e
e
-
0.4 ’/I
P
-
”
’,’ —— ROC curve of class 0 (area = 0.68)
0.2 1 e = ROC curve of class 1 (area = 0.68)
= = micro-average ROC curve (area = 0.68)
= = macro-average ROC curve (area = 0.68)
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 10

False Positive Rate

ding used by generating word vector with fixed window size. TF-CBTW not applied.

103



(a) K-CR

ROC Curves
1.0+
4
e
1
-
0.8 | pts
.
e
-,
z i
& e
v 0.6 .
2 e
2 ,
.
2 -
a -,
w -
S 0.4 /’
= -,
Cd
- = ROC curve of class 0 (area = 0.55)
] -
0.2 4 —— ROC curve of class 1 (area = 0.55)
A = = micro-average ROC curve (area = 0.55)
= = macro-average ROC curve (area = 0.55)
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
(c) RF
ROC Curves
1.0 4
0.8 | o<
=
'
7] . //
= . ’a
] . rd
-4 .
T 0.6 Ry .7
= Y ”
= . e
g S
a * //
L4 * Cd
S 0.4 77 e
= ”
Cd
g7 —— ROC curve of class 0 (area = 0.53)
0.2 1 = ROC curve of class 1 (area = 0.53)
= = micro-average ROC curve (area = 0.55)
= »  macro-average ROC curve (area = 0.53)
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 10

Figure A.12: ROC curves of 10 cross validation on Bell Lets Talk Dataset. BERT embed-
ding used by generating sentence vector directly with dynamic window size. TF-CBTW

not applied.
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