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Abstract

Classification is an important technique (in pattern recognition) to categorise objects within

their respective groups. In most real world pattern recognition problems, it has become

difficult to achieve best performance using an individual classifier. Ensemble algorithms,

which are methods combining multiple individual classifiers, have already earned widespread

approval within the machine learning community due to their ability to produce results in a

wide range of applications. However, some challenges still exist in order to achieve a robust

classification, in particular, classification of data points which are difficult to be assigned in

one of the groups, and leveraging of existing external knowledge in order to better combine

individual classifier outputs (fusion step of the ensemble). This thesis comprehensively

explores these two key aspects and issues among the ensemble methods.

The first challenge to generate a robust ensemble classification method is to classify

data points which are difficult to label, across the applications using unlabelled datasets

(and ensemble clustering frameworks). One specific problem due to this unclassified data is

incomplete representation of the dataset. This limitation presents the need to introduce a new

framework, which might help to improve the final classification by assigning more data to

one of the groups. In this thesis, a robust two step framework is presented, which incorporates

an ensemble classification stage after an ensemble clustering stage. Together, these combine

to effectively identify core groups, distribute data within these groups and improve final

classification through re-classifying unclustered data (that would otherwise be unassigned to

any of the groups). Practical impact of the presented framework is demonstrated through

application to novel real world datasets including two breast cancer datasets (breast cancer

biological group stratification from the Nottingham and Edinburgh datasets), one heavy

goods vehicle dataset (driving stereotypes from the Microlise dataset) and multiple standard

datasets from the UCI repository (to demonstrate the robustness of the framework). Results

obtained from these datasets show that our novel framework offers an improved, reliable

and robust classification technique. These findings were also verified with statistical tests,
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visualisation techniques, cluster quality assessment and interpretation from experts (ground

truth in case of the UCI repository).

The second challenge focused in this thesis is leveraging external information for improv-

ing fusion step of the ensemble for a better ensemble classification performance. Insight on

data offers the potentially extremely valuable prospect of leveraging external information.

The use of this additional knowledge can lead to better ‘ensemble’ classification methods.

One approach to capture this information is the use of aggregation operators, which combine

the information from multiple sources with respect to a Fuzzy Measure (FM), which cap-

tures the worth of all the individual sources and all of their possible combinations. Several

approaches to design the FMs exist in the literature; however, these methods do not leverage

the external information, which could allow us to better understand the method of data fusion

(or ensemble, in the case of ensemble classification). In this thesis, the concept of so called

‘A Priori’ FMs is introduced, which are generated based on external information and thus

provide an alternative to the existing FM approaches (such as the algorithm-driven FMs).

The thesis then proceed to develop two specific instances of such an A Priori FM in order

to support the decision level fusion step in the ensemble classification. This new ensemble

classification method is empirically assessed through application to multiple independent

datasets. Results indicated that in cases where external information was available, the

proposed ‘A Priori’ FM based ensemble classifier is a robust method achieving improved

performances.
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Chapter 1

Introduction

In order to construct a robust and efficient ensemble classification method, this thesis focuses

on two key challenges within classification: to tackle difficult to classify data points across

unlabelled datasets and to leverage existing external information for improving the fusion step

of ensemble classification methods. Section 1.1 describes the background and motivation for

the research in this thesis. Section 1.2 then presents the aims and objectives of this thesis,

followed by the contribution to knowledge in Section 1.3. Lastly, Section 1.4 presents the

thesis structure.

1.1 Background and Motivation

Classification is a pattern recognition technique employed to determine the group in which a

new data point belongs [13]. A classifier uses a training set to learn the classification rules

to assign class labels to these data points. Most real-world pattern recognition problems

have become very difficult to solve with a single (individual) classification model. Moreover,

several classification algorithms exist in the literature having different methods and producing

dissimilar results. Ensemble classification methods, which are methods combining multiple

individual classification algorithms for an overall superior classification performance [14],

have proven to be efficient in these scenarios.

Recently, ensemble classification methods have become popular in the machine learning

community and have found application in a wide range of problems including remote sens-

ing [15], finance [16], computer vision [17], pattern recognition [18] and bioinformatics [19].

A study by Bashir et al. [20] suggest that ensemble methods mimic human reasoning as they

consider multiple opinions before making a final decision, suggesting they could improve the
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overall classification performance, one reason for their popularity among machine learning

researchers. These claims were analysed in an independent study by Brown et al. [14],

comparing error distribution of unbiased individual classifiers & unbiased ensemble classifier

with biased individual classifiers & biased ensemble classifiers. The work concluded that,

overall ensemble classifiers had better classification performance than individual ones, in

both the biased and the unbiased cases.

Although ensemble classification methods have been extensively researched, some draw-

backs still exist in order to establish a robust classification method. Specifically, two key

issues among the ensemble methods are focused in this thesis; classification of data points

which are difficult to classify and improvement in understanding the configurations of the

fusion step in the ensemble by leveraging external available information.

The first key challenge within the ensemble classification method is classification of

instances which are difficult to classify, specifically within applications employing unlabelled

datasets. Assigning class labels is important to effectively and efficiently abstract important

underlying informations within these datasets. For example, stratification of patients within

the biological groups across Breast Cancer datasets and driving stereotypes within Heavy

Goods Vehicle (HGV) datasets. To address the classification challenges within the unlabelled

datasets, clustering algorithms based classification frameworks have attracted a lot of attention

among researchers [8]. Similar to ensemble classification, it is advantageous to use several

clustering techniques and combine there results to form one superior algorithm, called

‘ensemble clustering’. Ensemble clustering algorithms have also found numerous applications

including medicine [8], image segmentation [21] and driving pattern identification [22].

Although ensemble clustering algorithms can elucidate characteristic groups from these

datasets, they cannot assign labels to data which are difficult to classify. Previously, Soria

et al. [8, 10] used ensemble clustering to construct a classification framework which was

able to identify core biological classes within a Breast Cancer dataset and subsequently

distribute patients across them. The work divided a number of patients (data) among

seven biological groups, however the methodology was unable to classify patients which

were difficult to classify, leaving them as ‘unclassified’. In another independent analysis,

employing ensemble clustering framework identified six driving stereotypes amongst the UK

HGV driving community by analysing a telematics dataset of driving incidents for 21,193

drivers [22]. 18,784 drivers were assigned to one of the six classes, leaving behind 2,409

which were difficult to classify. Therefore, in this thesis a new ‘two staged’ framework is

introduced, which couples the ensemble classification stage after the ensemble clustering
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stage; together resulting in an improved classification as they are able to classify these

difficult data points (explained later in chapters 3 and 4).

The second key challenge (to achieve better classification performance) is to construct an

improved decision level fusion ensemble classifier. One approach to achieve this is to leverage

an additional level of insight from the data. Recently, aggregation operators have been used

to capture this insight from data, which are mathematical functions that enable the fusion of

information (evidence) from multiple sources in respect to a Fuzzy Measure (FM) - which

captures the worth of both the individual sources and all their possible combinations [7, 23].

In the context of ensemble classification, aggregation operators together with FMs extend the

concept of weighted average ensembles and are able to capture the interactions among the

classifiers in the ensemble, resulting in a non-linear ensemble classifier.

Defining FMs in a real world task is challenging, even for a relatively small number of

sources. Several approaches to designing FMs exist in the literature, however they suffer

from some drawbacks or cannot leverage the external information. FMs learned from training

data are constrained by both the selected aggregation operator and the information content of

training set. Strategies to derive algorithmic FMs do not capture the true interactions and

are commonly driven by mathematically required properties, rather than application-specific

insight. Lastly, it is difficult to manually specify FMs, for example using expert knowledge,

as the number of required parameters increases exponentially with the number of sources

(more details on these drawbacks in Chapters 5 & 6).

This thesis explores ways of addressing the aforementioned drawbacks. In particular, this

thesis parameterises the a priori knowledge from external information to distil the appropriate

FM for a given combination of sources, and subsequently puts forward a fourth category of

FM, the so-called ‘a priori FMs’. Two different pathways to capture this a priori knowledge

are examined: 1) Classifier (Machine Learning) driven, and 2) Literature knowledge driven.

Using the external information, one specific instance of such an A Priori FM is to support

the decision level fusion step in ensemble classification. A detailed empirical study of this

presented ensemble method can help to understand the details in the fusion step of the

ensemble classification. Chapters 5 & 6 in this thesis present more details on the a priori FM.

In the next section we present the aim and objectives to tackle the aforementioned

challenges (in ensemble classification).
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1.2 Aim and Objectives of the Thesis

The aim of this thesis is to improve existing mechanisms underpinning ensemble classification

algorithms and to develop a new robust1 method for efficient ensemble classification. To

achieve this aim, the following objectives were identified:

1. To investigate the key issue of difficult to classify data points, specifically across the

classification applications using unlabelled datasets.

2. To establish an enhanced and robust classification framework to tackle this challenge

(tackling difficult to classify points) across the applications with unlabelled datasets.

3. To establish and develop new ways of combining classifier outcomes for the cases

where additional data about the information sources is available.

4. To evaluate the robustness and real-world impact of the proposed classification frame-

work with application to multiple datasets.

5. To evaluate the performance of the proposed external information based ensemble

generation method by presenting a comprehensive study which contrasts its results

with multiple state-of-the-art methods in the literature.

1.3 Contributions to Knowledge

The research in this thesis improves current and develops new methods for robust ensemble

classification. The contributions from this are:

1. A comprehensive study discussing the challenges in the classification of data points

which are difficult to classify.

2. Introduce an enhanced and robust framework by adding an ‘ensemble classification’

step after the ensemble clustering step which improves the final classification across

the unlabelled datasets.

3. Real-world impact of the proposed classification framework with application to multi-

ple datasets, specifically two breast cancer datasets for biological group stratification,

one heavy good vehicle dataset for driving stereotype identification and multiple

standard datasets from the UCI repository.
1herein robust method means an approach that can be modified for different datasets without compromising

good results
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4. Identifying and discussing key issues with the current Fuzzy Measures (FMs) and

subsequently establish a new category of FMs, the ‘A Priori FM’.

5. A comprehensive study contrasting the results of the ‘A Priori FM’ (in respect to an

FI aggregation operator) based ensemble classification approach with state-of-the-art

aggregation operator based ensemble methods (previously proposed in literature) across

multiple case studies. In addition, this thesis also contextualises their results with the

traditional state-of-the-art ensemble classification algorithms for all the selected case

studies.

1.4 Organisation of the Thesis

Chapter 2 presents a literature review of various classification algorithms considered in this

thesis and proposed in the past three to four decades. A review of the existing ensemble

classification algorithms is then presented, highlighting the strengths and key challenges

within these methods. This chapter then investigates the classification using the clustering

algorithms. To understand the ensemble generation i.e. fusion step in the ensemble classifica-

tion, a review of the existing aggregation operators based non-linear ensemble classifiers is

also presented. To conclude this chapter, key issues within existing applications are discussed

considering the applicaitons of breast cancer, heavy goods vehicle and face recognition.

Chapter 3 first reviews the current literature in respect to unlabelled datasets employing

ensemble clustering techniques for classification of data. One case study on Breast Cancer

is presented to illustrate the need for an enhanced classification framework. The case study

highlights how current method for the categorisation of data in key applications risk leaving

a subset of data unclassified. Chapter 3 then builds upon these findings to introduce a novel

two-stage classification framework which employs an additional ensemble classification stage

after the ensemble clustering stage, for the identification of core groups, data distribution in

them and improvement in final classification results by targeting the unclassified data points.

Chapter 4 presents three comprehensive empirical case studies to evaluate and demon-

strate the classification framework in real-world applicaitons. These case studies are impor-

tant as they inform the way we design the theoretical frameworks. Additionally, they also

allow to systematically evaluate these frameworks. In the first case study, the framework is

employed on Edinburgh breast cancer datasets for biological group stratification, the second

study makes use of multiple standard datasets from UCI repository for stratification of their
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characteristic groups, and the third case study employs the Microlise’s heavy good vehicle

dataset for driving stereotype identification.

Chapter 5 presents a novel method for classification for cases where additional external

information about the data is available. In order to do so, aggregation operator based fusion is

employed. In the context of ensemble classification, aggregation operators together with FMs

extend the concept of weighted average ensembles and are able to capture the interactions

among the classifiers in the ensemble, resulting in a non-linear ensemble classifier. In this

thesis, we define the concept of ‘A Priori’ FMs which are generated based on external

information and thus provide an alternative to the traditional approaches of FMs. Two

different pathways to capture the a priori knowledge will be examined: 1) Classifier (Machine

Learning) driven, and 2) Literature knowledge driven. In order to select the most appropriate

aggregation operator for the A Priori FM, the CFI will be compared with the recently

introduced RAV operator. This chapter then proceeds to support the decision level fusion

step in ensemble classification by employing this A Priori FM employing both the CFI and

the RAV as possible fusion operators.

Chapter 6 empirically evaluates the characteristic details of the fusion step in ensemble

classification, by employing the A priori FM introduced in Chapter 5. First, a detailed case

study on face recognition employing the A Priori FM ensemble classifier is presented. Next,

a detailed case study comparing the novel A priori FM based ensemble classifier with the

Uriz FM and the Sugeno λ -measure based ensemble classifier for both the CFI and the RAV

aggregation operator. Lastly, a comprehensive study comparing the A priori FMs based

ensemble classifier with state-of-the-art aggregation operator-FM based ensemble classifier

DeFIMKL; and four other traditional ensemble classifiers including Adaboost, Bagging,

Random Forest and Majority Voting.

Lastly, Chapter 7 summarises and concludes the work presented in this thesis, highlighting

the main contributions, articles produced, limitations and future works.



Chapter 2

Background

This chapter will outline the current research gaps and the existing literature on CI methods

employed in this thesis. Section 2.1 and 2.2 provides a brief overview of the individual and

ensemble classification algorithms employed in this thesis. These sections also discusses

the evolution of ensemble methods as the state-of-the-art in pattern recognition. Section 2.3

specifically explores the clustering algorithm frameworks employed for unlabelled datasets.

Section 2.4 puts forward Fuzzy Measures and Aggregation operators respectively as tools for

performing aggregation. This section also identifies the key gaps in the literature regarding

aggregation operator based ensemble classification methods. Lastly, Section 2.5 of this

chapter outlines previous research (in particular highlighting gaps) and contributions in the

literature for the specific case studies that are used in this thesis.

2.1 Classification Algorithms

Classification, one example of supervised learning, is a technique to determine the group

in which a new object belongs by assigning class labels [13]. A classifier is constructed by

learning the classification rules from a training set (a previously labelled set of observations).

Using these rules, the goal of the classifier is to predict the final class label of the test

instances. Classification algorithms have received great attention in the past few decades

in a wide range of applications including computer vision [17], pattern recognition [18],

bioinformatics [19], natural language processing [24]. The main steps in classification are as

follows:

1. Identify the feature set and select the optimal classification algorithm for the selected

dataset.
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Figure 2.1 Single Perceptron representation (adapted from [1])

2. Divide the dataset into training, validation and test sets.

3. Using techniques such as validation sets and cross-validation, learn the classification

rules from the training set.

4. Classify the data from the test set.

5. Evaluate the classification results of the test set.

Although numerous classification algorithms exist in literature, in this thesis, Artificial

Neural Networks, k-Nearest Neighbours, Support Vector Machines and Ensemble classifi-

cation methods are employed, due to their strong performance in the literature. The next

sub-sections describe the aforementioned classification algorithms employed in this thesis.

2.1.1 Artificial Neural Networks

Artificial Neural Network (ANN) algorithms are supervised learning algorithms inspired by

biological neural networks [25–28]. Recently, numerous ANN models such as Convolutional

Neural Network, Deep-Belief Networks, Recurrent Neural Networks, Auto-encoders [29],

etc., have been proposed in the literature, with applications in a large number of problems

including Facial Recognition, character recognition, speech recognition, forecasting [30, 17,
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29], etc. In this thesis, a version of Shallow Deep Neural Network, also referred as Multi-

Layer Perceptron (MLP), is employed with back-propagation learning method. Figure 2.1

shows a basic model of a single perceptron, where the weighed sum S is computed by

multiplying input vectors x1,x2, . . . ,xn with weight vectors w1,w2, . . . ,wn and adding a bias

b.

S =
n

∑
i=1

(xi.wi)+b (2.1)

The final value Z is obtained by passing this sum through an activation function σ .

Z = σ(S) (2.2)

Similar steps are repeated for the remaining hidden and output layers, resulting in one final

output y. Commonly, the output obtained from above i.e. the actual output (y) is different

from the target output (t). This difference is termed as the error (E), given by the following

function:

E =
m

∑
k=1

(tk− yk)
2 (2.3)

where, m is the number of output nodes. This error is used to compute the gradient that is

needed to calculate the weights of the network. This error gradient is propagated back to

update the weights so as to decrease the error, using the backpropogation of error technique

introduced by Werbos in 1974 [31]. The next step is to calculate the error gradient given by

y′, defined below:

y′jk = y jk.(1− y jk) (2.4)

δw jk =−α.y′jk (2.5)

where, δw jk is the change in weight between the jth and kth nodes, and α is the rate of

learning. After some iterations, when the error has decreased to an acceptable value, training

stops.

A fully connected ANN is shown in Figure 2.2. Similar to single perceptron models,

the input layer receives a set of inputs from the dataset and transfers the information onto

the hidden layer using synapses (Z form the above example). Then, with the help of more

synapses the information is passed onto the third layer or the output layer, where a weighted

sum is computed and passed to an activation function. Subsequently, the value received after

the activation function is compared with a threshold and the error is calculated. Finally, the

network learns by back-propagating the error and readjusting the weights, and the learning

continues until the error is below the ‘error threshold’.
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Figure 2.2 A representation of ANN (replicated from [2])

One of the major reasons behind the ANN performing tasks effectively is the structure

of its network, its flexibility, its capability to model highly complex models and its non-

parametric nature, which enables multiple neurons to solve the problem. Although ANNs

have some drawbacks such as determination of network structure, duration of training is

unknown, etc. The (aforementioned) advantages massively overshadow its disadvantages,

therefore, ANN is currently one of the most commonly used algorithms for classification

problems. Due to these aforementioned reasons ANN has been selected as one of the

classification models in this thesis.

2.1.2 Nearest Neighbour

The Nearest Neighbour algorithm is a memory based non-parametric model which is em-

ployed to classify the data points to the nearest group [32, 33]. The advantages of the Nearest

Neighbour over other classification algorithms is its efficient memory handling, as it keeps

track of all the classified data [32, 34, 35]. It follows a greedy approach by computing the

distance of a test sample with all the data which have been classified in their respective

groups. The test samples are then assigned to the nearest group based on the distance matrix

calculated in the previous step. The algorithm is represented in Fig 2.3 where x j is one of the

‘test samples’. ω1, ω2 and ω3 represent the identified classes in which the data is intended
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Figure 2.3 Nearest Neighbour classification representation (replicated from [3])

to be classified, computed using an euclidean distance, defined as follows:

D(q, pi) =

√
n

∑
i=1

(q− pi)2 (2.6)

|P|= min(D) (2.7)

where p is the number of mean points of each class and q is the test point to be classified.

D is the distance matrix which is used to calculate |P|, which is the point with minimum

distance.

2.1.3 Support Vector Machines

Support Vector Machines (SVM)s are classification algorithms based on the concept of

decision planes [36]. These planes act as the decision boundary to separate the data. For

example, the image on left hand side in Figure 2.4 shows that to divide the data, multiple
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Figure 2.4 SVM decision planes (replicated from [4])

decision planes could exist. SVM works by maximising this distance, by selecting the

optimal hyperplane which is equidistant (maximum margin) from the closest data point

(support vectors) from both classes, illustrated on the right image in Figure 2.4.

For non-linearly separable data, the concept of kernel-trick is used to separate the data [37].

The kernel-trick transforms the low-dimensional input space to high dimensional space, thus

converting the non-linearly separable problem to a linearly separable one. In this thesis,

the Radial Basis Function (RBF) kernels is employed, as it is one of the most commonly

used kernel in the literature, resulting in good data separation across a large number of

problems [38].

The three algorithms i.e. ANNs, Nearest Neighbour and SVMs, are used in multiple

ensemble classification models, discussed in the next section.

2.2 Ensemble Classification

Ensemble Classification is a broad term for methods with the objective of classifying data

points by combining the outcome of multiple classifiers to improve predictive performance of

the system [39, 40]. Previously, several researchers [41–45] have used classifier ensembles to

perform classification and discussed their superiority over single classifiers. In the literature,

ensemble classification algorithms are also referred to as Meta-classifiers, Multiple Classifiers

Systems, Hybrid Intelligent Systems, and Heterogeneous classifiers. In the domain of
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supervised learning algorithms, construction of good ensemble classifiers has been an active

research area.

An ensemble is constructed by utilising the strengths of individual classifiers, to attain

better results by their fusion. Wolpert [46] in ‘no free lunch’ theorem states: “There is

no single classifier which is optimal for all tasks, since each has capabilities in its own

domain”. Before using an ensemble classification algorithm in any problem it is important to

understand when and why ensemble algorithms are better?

2.2.1 Why ensemble algorithms?

Krough et al. mathematically proved that in order to achieve lowest error, the right balance

between diversity and individual accuracy of the classifiers is needed [47]. The proof was

further affirmed in a seminal work by Dietterich [5], in which he states that an imperative and

sufficient condition for ensembles of classifiers to be more accurate than their independent

constituent classifiers are accuracy and diversity. To construct good ensembles, Dietterich [5]

further suggests to find the ‘hypothesis H’ which best generalises the ensemble space. These

reasons are explained below with reference to the Figure 2.5. Three fundamental reasons

(theory) needs to be addressed (to determine ‘H’), explained below:

1. Statistical: The cases when the amount of training data is small, the learning algorithm

can find many different hypotheses (h1, h2, h3 h4) that might produce similar accuracy

on the training data. For example, in Figure 2.5 (a), the inner curve containing all

these aforementioned hypotheses might give good results, although the point ‘f’ is

the true hypothesis. Therefore, using an ensemble the probability to reach optimal

approximation might increase.

2. Computational: In some cases it may be computationally difficult to search the best

hypothesis. For example, ANN’s use the gradient descent strategy to minimise the

error and the optimal training time complexity is NP-hard. So, ANNs may get stuck in

local optima, far from the best hypothesis. Ensemble classifiers may give better ap-

proximation than individual classifiers by combining results of different local searches

as shown in Figure 2.5 (b).

3. Representational: In many cases any hypotheses cannot represent the true function.

For example, the function ‘f’ may lie outside, as represented in the Figure 2.5 (c). By

combining the hypotheses from more classifiers, the search space can be expanded.
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Figure 2.5 Pictorial representation of the reasons why ensemble methods may work better
than a single classifier (replicated from [5])

One thing to notice is that the need for this ensemble model occurs in applications with

limited training samples.

2.2.2 Factors affecting Ensemble Algorithm Construction

A general architecture of an ensemble classification method is presented in Figure 2.6. An

ideal ensemble model combines the classifiers optimally to output superior decisions. To

create an appropriate ensemble classifier design, the individual models should cover as

much possible search space and at the same time concentrating on minimising the error to

provide high accuracy. Two important issues that need to be considered while constructing a

superior ensemble are Classifier Selection and Classifier Fusion Design (described in the

next subsections).
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Figure 2.6 Ensemble connection Topology

Classifier Selection

While constructing ensembles, it is important to select classifiers that are mutually comple-

mentary, characterised by high diversity and accurate. It is achieved by taking two approaches:

implicit or explicit. Implicit methods focus on random techniques based independent clas-

sifiers while explicit methods include classifiers from a pool depending upon one another

aimed at exploiting strengths of each individual classifier. Some of these factors which ensure

diversity within the ensemble are discussed below:

1. Diversity Measures

As the diversity increases the performance of the ensemble classifier model generally

increases [48], although it is important to note that this has not been proven yet.

Multiple methods have been proposed in the literature on how to measure the diversity.

In an influential work by Sharkey et al., the authors proposed diversity measurement

by creating levels of ensemble errors [49]. Four levels of coincident errors among the

ensemble members were used to describe the target function. Level 1: Target function

is covered and majority vote produces the correct answer (i.e. no coincident error).

Level 2: Some coincident error, target function is covered and majority vote produces

the correct answer. Level 3: A majority vote will not always yield the right answer.

Level 4: The target function is not covered by the ensemble. It is interesting to note that

the ensembles at level 2 or 3 can climb to higher level, for example, a level 3 ensemble

could contain a subset which might exhibit level 2 and/or level 1 and similarly a level

2 ensemble could contain a subset from level 1.

In an independent work by Kuncheva [48], they describe pairwise and non-pairwise

measure for diversity measurement. Pairwise measures such as Q-static [14], kappa-

statistics [50], etc., use a distance metric to determine the diversity using the error

coincidence among the classifiers in the ensemble. On the other hand non-pairwise
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Figure 2.7 Kappa-error diagram for five ensemble methods on 31 datasets with 11 base
classifiers for model represented in left image and 1000 base classifiers for model represented
in the right image (replicated from [6])

measures focus either entropy or correlation to determine the diversity, for example

the Kohave-Wolpert variance [51].

2. Diversity of Classifiers

One way to ensure diversity is by taking advantage of the bias of the individual classi-

fiers. Lysiak et al. [52] uses competence to create the best ensemble. The probability

of correct classification can be used to compare the competence and the probability of

misclassification can be used to measure ensemble diversity. Furthermore, the paper

proposes Dynamic Ensemble Selection (DES), which constructs ensembles by elimi-

nating weak classifiers and keeping them maximally diverse. Homogeneous ensembles

were compared to heterogeneous ensembles, and the results show that diversity has

a positive effect on classification quality. Similarly, Pravin et al. [53] discuss the

superiority of ensemble methods over individual ones and the need of diversity to

create better ensembles. They propose a Classifier Selection Based on Clustering

(CSBC), which uses clustering methods to partition base classifiers followed by the

selection of classifiers from each cluster to create best ensemble.

Number of classifiers to be considered. One important factor in diversifying classifiers

is the number of models in an ensemble. Kuncheva et al. [6] used Kappa-error diagrams

to discuss the trend of diversity of ensembles with accuracy. Figure 2.7 shows the
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Figure 2.8 Parallel connection model

relation between kappa and error with Y-axis representing the error and X-axis the

kappa value. The points are represented for 5 ensemble classifiers on 31 datasets (more

details on both in [6]), for 11 and 1000 base classifiers in the left and right model

respectively. The figure shows that as the ensemble size increase it becomes more

accurate, but at the cost of diversity. For most accurate and diverse ensemble, the goal

is to construct an ensemble as closer to shaded area which requires a compromise

between error rate and diversity. The algorithm used was: 1) Add the ensemble that

increase the performance, 2) Take the average of the predictions and 3) In the end keep

the models that increase the performance and reject the others.

3. Diversifying Input. Different strategies are used to diversify input including data

partition and feature set partition.

Data Partition. A number of reasons lead to data partition include distributed learning

in big data problems, data privacy due to external constraints, etc. These models are

merged using different ensemble architectures to produce one output.

Feature Partition. Different classifiers can be trained on different feature spaces and

merged at the end for one final output. This strategy could be useful in cases where

different classifiers have local optimal solutions [54].

4. Diversifying Output. Outputs could also be decomposed and obtained in different

ways to ensure classification diversity. For example, multi-class classification can be

decomposed in to several binary-class problems [54].
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Figure 2.9 Serial connection model

Classifier Fusion Design

Another factor in ensemble classification is the classifier topology. The two widely accepted

ensemble connection models are parallel and serial. In the parallel topology, each classifier is

fed with the same input and the outputs of each classifier are combined in the fuser to obtain

the final decision, for example Bagging (discussed in the section 2.2.3). The other used

topology is serial which combines classifiers in succession, for example Boosting (discussed

in the section 2.2.3). A pictorial representation of the parallel and serial topologies are shown

in Figure 2.8 and Figure 2.9 respectively.

Upon deciding upon one of the topology, the classifiers can be fused using one of the

following techniques:

1. Decision (Class) Level Fusion One way to combine the classifiers is to fuse only the

outputs (decisions), called as decision level fusion. One of the following three fusion

techniques is selected:

(a) Unanimous Voting In unanimous voting mechanism, the test data is assigned

an output class if there is consensus among all the considered classification

algorithms.

(b) Majority Voting In majority voting mechanism the output is generally chosen

either by considering the result with highest votes.

(c) Weighted Voting In weighted voting the output of classifiers are multiplied with

weight matrix. Now combine the outputs using either of the majority voting

scheme.

2. Feature level fusion In feature level fusion, different feature sources are combined,

usually in multidimensional feature space, to configure one single (or multiple in

the case of feature partition diversity measure, see section 2.2.2) input. This method

can help classifiers to exploit certain feature in a better way, resulting in (potentially)

superior outcomes [23].

3. Meta level fusion Meta-learning is the process of learning to learn. Informally, a meta-

learning algorithm uses experience to change certain aspects of a learning algorithm,
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or the learning method itself, such that the modified learner is better than the original

learner at learning from additional experience. Some examples of meta learning include

Inductive transfer, Self-modifications, and ensemble methods, etc. The most common

realisation of meta-learning using ensemble methods are: Stacked Generalisation and

Boosting.

2.2.3 State-of-the-art ensemble classifiers

Among a number of ensemble classification methods that exist in the literature [55], five

methods are employed in this thesis, described below:

Adaboost

Introduced by Freund et al. [56] in 1997, Adaboost is a very popular ensemble classification

algorithm which combines multiple weak classifiers to construct a strong classifier. Adaboost

uses a serial topology to combine the outputs of the classifiers. The algorithm trains by

giving higher weights to mis-classified data in subsequent iterations (of the classifier) while

the weights of the correctly classified instances are decreased, with the objective of correctly

classifying these in the next iteration [39]. Hence, after each iteration the weights of the

misclassified instances are increased (which was initially equal for all instances) and the

weights of the correctly classified instances are decreased. Moreover, depending upon the

overall accuracy, an additional weight (higher weight is assigned to more accurate classifiers)

is assigned to each individual classifier, which is further used in the test phase. Weighted

combinations of all the classifiers in the ensemble are used to predict the final result. The

experimental settings and the base algorithm, tailored individually to each problem are

discussed in the chapters 4 and 6, where they are used.

Bagging

Bagging (Bootstrap Aggregation) is an ensemble method introduced by Breiman et al. in

1996 [57], which is most commonly used in problems with high variance. Bagging uses a

parallel connection topology to combine the outputs of the classifiers. The data for each

classifier in the ensemble is selected by sampling with replacement and thus some of the

instances may appear more than once in the training set. Each classifier returns the class

predictions for the test instances, and the final classification outcome is based on majority-

vote. Bagging is effective on nonlinear models such as neural networks and decision trees [58].
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Again, the experimental settings and the base algorithm are discussed in the chapters 4 and 6,

tailored individually to each problem.

Random Forest

Random Forests are one of the most commonly used ensemble classifiers in the literature. A

random forest is a collection of randomised decision trees where each decision tree is learned

from different subsets of samples. The random forest classifier, in particular, needs two

parameters: the number of classification trees (k), and the number of prediction variables to

grow the trees (m) [59]. To classify a test sample each tree is traversed and a vote is assigned

to the class based on the probability score. The output is selected by choosing the mode

i.e. the output with most votes, of all the k classification outputs. Reducing the number of

predictive variables ‘m’ reduces the correlation between trees, which stops ensemble model

from converging to similar generalisation error and in turn helps in increasing the accuracy.

Thus, m needs to optimised to minimise the generalisation error.

Majority Voting with SVM (MJSVM)

Let x be an instance and Si (where i = 1,2, ...k) be a set of base classifiers (Support Vector

Machines, described in the section 2.1.3) that output class labels mi(x,c j). For each class

label c j (where j = 1, ...,n), the output of the final classifier y(x) for instance x is given by:

y(x) = maxc j

k

∑
i=1

mi(x,c j). (2.8)

More details on the experimental settings of the MJSVM are described in the chapters 4 & 6.

Unanimous Voting

Among a number of decision level fusion methods present in the literature, unanimous voting

is chosen for the problem where a high confidence output is necessary, for example in Breast

Cancer patients biological group stratification in Chapter 3. The unanimous outcome m

among 1,2, ..k classes for test sample x′ can be mathematically represented as:

i f{C1(x′),C2(x′), ...Cn(x′)}= m, (2.9)

y(x′) = m, (2.10)
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where n is the number of classifiers in the ensemble, Cn(x′) is the final decision of the n-th

classifier in the ensemble and y(x′) if the output class of the ensemble.

The last two sections of this chapter have discussed supervised learning models including

individual and ensemble approaches. Next section presents literature on classification using

unsupervised learning models.

2.3 Clustering Algorithms

Clustering Techniques or Clustering is an unsupervised Machine Learning (ML) approach,

which groups together a set of unlabelled data points (or objects) in a way that the patterns

within the same group (cluster) have similar characteristics, and dissimilar to patterns within

different clusters. This similarity between points is usually defined using a distance matrix. In

the literature, researchers have used these clustering techniques in a vast range of applications

including Breast Cancer [8], Heavy Goods Vehicle [60], Recommender Systems [61], etc..

Traditional clustering algorithms are composed of three main steps: 1) Identification

of main features, 2) Clustering using one of the aforementioned techniques, and 3) Cluster

quality assessment. A wide range of clustering techniques exist such as Hierarchical Cluster-

ing, Centroid-based (Partition) Clustering, Density-based Clustering, Grid-based Clustering,

Model-based Clustering and Categorical-data Clustering [62–65]. Among many choices,

Partitioning Around Medoids (PAM) and Hierarchical Clustering Algorithm (HCA) will be

employed as they have traditionally been most commonly used techniques in the applicaitons

selected in this work [8, 22, 66]. Traditional clustering algorithms assign each data solely to

one cluster, using well defined boundaries. Fuzzy clustering extends the concept of these

traditional clustering techniques by assigning each data to every cluster with an associated

membership value, leading to undefined boundaries. The two selected algorithms i.e. HCA

and PAM define clusters using hard boundaries, contrary to fuzzy clustering methods which

define clusters with soft boundaries. Since methods with hard boundaries are selected in this

thesis, fuzzy clustering methods are not employed.

The key literature related to the selected clustering techniques are identified and analysed

in the following subsections.

2.3.1 Hierarchical Clustering Algorithm (HCA)

Hierarchical Clustering Algorithm (HCA) works by nested grouping of similar data to

yield one big cluster [61]. The final output of this algorithm is a ‘dendrogram’, which
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(a) Distribution of data within the 2 clusters (b) Dendrogram of these data

Figure 2.10 Hierarchical Clustering Algorithm visual representation

shows a hierarchical relationship between the clusters and the similarity levels at which the

groupings change. For example, a dataset with two clusters is shown in Figure 2.10a and its

corresponding dendrogram in Figure 2.10b. By vertically positioning the dashed line in the

dendrogram, the optimal number (discussed in Section 2.3.5 of this chapter) of clusters can

be obtained.

There are two ways to form clusters using HCA, first is agglomerative which follows

a bottom up approach; and the second is divisive which follows a top down approach. In

this work the agglomerative strategy is used to form clusters as it is less complex then the

divisive approach. The algorithm’s structure is as follows:

1. Assign each item to a cluster, i.e. if there are n observations then we have n clusters.

2. Find the closest cluster pair based on the pre-specified distance.

3. Merge the two clusters and calculate the average of them, which will be the representa-

tion of the new cluster formed.

4. Compute the distance between the new cluster and the old clusters.

5. Repeat the steps 2-4 until all the observations come under one single cluster.

HCA has some limitations including its sensitivity to outliers in the dataset and initial

seed selection. However, HCA results in flexible clusters which do need a priori information

to cluster data. Moreover, the clusters formed by HCA are only used to find cluster centres to

initialise K-Means, defined in the next section.
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2.3.2 K-Means (with HCA)

The K-Means clustering algorithm is one of the most commonly used clustering algorithms

which works by assigning the data points among k clusters [67, 68]. The steps followed in

the algorithm are:

1. Randomly select k number of cluster centres.

2. Compute the Euclidean distance of each observation from all the cluster centres.

3. Assign each observation to the cluster with the minimum distance from the centre.

4. Re-evaluate the cluster centres by considering the means of the respective data points.

5. Repeat steps two to four until no new allocation occurs.

K-Means suffers from the disadvantage of relying on the random selection of cluster

centres for each initial run, leading to the formation of dissimilar clusters each time. To

tackle this problem multiple solutions have been proposed, and in this thesis we employ the

aforementioned agglomerative HCA on the dataset before we run the K-Means algorithm [69].

The tree formed from the HCA is pruned, and the points are passed as the initial cluster

centres (now fixed centres) to the K-Means [8]. The K-Means with centres from HCA is the

new Modified K-Means (with HCA) algorithm used in this work.

2.3.3 Partitioning Around Medoids

Partitioning Around Medoids (PAM), also known as K-Medoids, is a clustering algorithm

which characterises clusters by their medoids (also called the centres) [70]. It is related

to both the K-Means and the medoid shift algorithms by minimising the sum of pairwise

dissimilarities. At the same time it is dissimilar to the K-Means, as it selects real data points

as medoids. The algorithm works in two phases:

1. The build phase, in which a set of k medoids among the n observation points is selected

randomly. Then each remaining data point is assigned to one of the closest medoids

based on the Euclidean distance.

2. The swap phase, in which each non medoid point is replaced with one of the medoid

points and the distance is recalculated. If the new distance is greater in comparison

with the previous distance, the swap is reversed, otherwise the process is repeated until

all the swaps are performed.
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Validity Index Rule
Marriot maxk((d[k+1]−d[k])− (d[k]−d[k−1]))
Calinski mink((d[k+1]−d[k])− (d[k]−d[k−1]))
Scott maxk(d[k]−d[k−1])
TraceW maxk((d[k+1]−d[k])− (d[k]−d[k−1]))

Table 2.1 Rules associated with validity indices

2.3.4 Ensemble Clustering

Similar to ensemble classification, ensemble clustering methods merge results of multiple

clustering algorithms to form core groups and have been successfully used in the domain of

breast cancer [8, 10], image segmentation [64, 65], time series analysis [65], text mining [65],

etc. Several researchers have concentrated on contrasting and combining results of different

clustering algorithms using re-sampling techniques, combination of outputs, probabilistic

methods, pairwise similarity, etc. [71, 72, 65, 64]. Among these multiple ensemble clustering

methods, a consensus clustering approach [73] i.e. Clusterfusion is chosen, because it

provides robustness, stability and improved solution by increasing the degree of confidence

of the groups formed [74].

2.3.5 Cluster Validity Indices

One of the most important factor in cluster analysis is the choice of optimal number of

clusters. Cluster validity indices are metrics used to determine the optimal number of clusters

by assessing goodness of clustering results [75]. These indices are also helpful in determine

the optimal number of clusters in a dataset. In real-world problems, such as the stratification

of unlabelled dataset, the number of clusters are not known in advance. By assessing the

goodness and quality of clusters, these validity indices are helpful to determine the optimal

number of clusters.

The validity indices are either based on compactness of data in a cluster or on the

separation of the clusters from one another. A specific rule is associated with each of the

indices, as shown in Table 2.1, which specifies the optimal number of clusters k by ranking

them. By using these measures in a dataset, the most stable cluster size can be determined.

Several validity indices have been proposed in the literature, but in this thesis four commonly

used validity indices Marriot, Calinski, Scott and TraceW (d) are used, which are defined in

the following subsections [75, 8].
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Marriot Validity Index

Marriot Validity Index calculates the cluster quality by minimising the determinant of the

intra-cluster co-variance matrix [76]. For k clusters and sum of square Wi within the ith
cluster, the marriot index is given by:

M = k2det(Wi) (2.11)

This index is very useful in cases where the data is highly correlated, as no excessive

weight to any data.

Calinski Validity Index

Calinski (short for Calinski and Harabasz) Validity Index use inter and intra cluster scatter to

compute the goodness of the clusters [77]. For n observations, k number of clusters, z is the

centroid of the entire dataset and Zi being the centroid of the ith cluster, the calinski index is

computed as:

C = [
∑

k
i=1 |ni|||zi− z||2

k−1
]/[

∑
k
i=1 ∑

|ni|
l=1 ||xl− zi||2

n− k
] (2.12)

where |ni| is number of observations and xl is the lth observation in the ith cluster.

Unlike other validity indices, Calinski index can be used for all types of data which are

represented in the Euclidean space. It has been one of the most commonly used index in the

literature [78, 77].

Scott Validity Index

Scott (short for Scott and Symons) Validity Index is based on the assumption that all the

data in a sample are taken from a number of different distributions [79]. It is important to

note that often little or no information is available about the distributions. Subsequently, the

maximum likelihood estimate of the distribution is used to cluster the data. A scatter matrix

of log-likelihood of this estimate is used to compute the final Scott index (for more details,

refer to [79]). This index is most suitable for model based clustering such as the K-Means

algorithm, defined in section 2.3.2.

TraceW Validity Index

Trace of W i.e. TraceW, assess the cluster quality be minimising the within group scatter

(intra cluster sum of squared error) [80]. TraceW presents an advantage over other indices
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by being invariant under orthogonal transformations, specifically useful for dense clusters.

Let, there be a dataset with ‘m’ number of data points with ‘n’ dimensional dataset and ‘k’

number of clusters. For ith group having m′ data points represented by Pl , with centre of

gravity as Ci, the scatter matrix Wi is given by:

Wi =
m′

∑
l=1

(Pl−Ci)
T (Pl−Ci) (2.13)

The summation over all the clusters k defines the within group scatter matrix W , given by

W =
k

∑
i=1

Wi (2.14)

Selecting an appropriate number of clusters

The four validity indices discussed above are either based on dispersion of clusters and

between clusters, or consider the scatter matrix of the data points (clusters centres). Each

index has distinct properties, therefore an ensemble of these indices is chosen. If the indices

suggest different numbers of clusters, then the minimum sum of ranks can be taken as the

optimal value. Recently, aggregation operator based ensemble classification have attracted

some attention due to their ability to perform non-linear combinations. In the next section,

key type of aggregation functions (Fuzzy Measures and aggregation operators) and the

classification algorithms based on these aggregation functions are discussed.

2.4 Aggregation Functions

2.4.1 Fuzzy Measures

Fuzzy Measures (FMs) capture the worth of each information source (also called densities)

and all their possible combinations i.e. every subset in a power set [7, 23]. Figure 2.11 shows

the FM weight structure (also referred as a lattice) for three sources.

Let X = {x1, ...,xn} be a discrete and finite set of information sources and g : 2X → [0,1]

be a FM having the following properties:

P1: Boundary condition, i.e., g( /0) = 0,g(X) = 1, and

P2: Monotonic and non-decreasing, i.e., g(A)≤ g(B)≤ 1, if A⊆ B⊆ X .
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Figure 2.11 FM Lattice for three sources

For an infinite domain X there is an additional property to ensure continuity; However, it

is not applicable in this work as X is finite and discrete. In the context of multi-source

data fusion, g(A) represents the weight or importance of subset A. The FM values of the

singletons i.e. g(xi) are commonly called the densities. Three major approaches have been

used to determine FMs:

1. Expert-driven: While the FMs can be defined by experts, with increasing lattice size

(number of parameters), defining each parameter of the FM becomes practically not

feasible, restricting this approach to a subset of applications with a limited number of

sources [7]. For example, 30 coefficients need to be defined for 5 information sources.

2. Algorithm-driven: Several algorithm-driven measures including the Sugeno λ -measure,

the S-decomposable measure, the possibility measure, the k-additive measure, the

p-symmetric measure, the k-tolerant measure and the k-intolerant measure have been

proposed in the literature [81–83, 7, 84]. Algorithm-driven methods compute the FM

from the values of individual sources by leveraging the FM’s mathematical constraints.

These measures need the weights of the base sources to be defined in advance, i.e.

these methods build the FMs from given source densities, constrained only by the two

properties of the FMs. In contrast, some data-driven algorithmic measures such as

the Meta-Measure and the Specificity use the criterion such as the agreement among

subset of sources.
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3. Optimisation: Various methods including evolutionary algorithms, gradient descent

and quadratic programming have been used to generate FMs [7]. The FMs defined by

these methods consider the entire lattice as independent weights, loosing the semantic

meaning of the FM. Additionally, these methods optimise the FM in respect to a pre-

defined aggregation operator and training data [85, 86, 23], focusing on minimising

the training error and thus they do not optimise the independent meaning of a FM. For

example, the DeFIMKL algorithm (defined in section 2.4.3) derives the FM using an

optimisation method and the training data, w.r.t. to an aggregation operator defined in

advance. Note that this approach, while offering the potential of powerful and concise

fusion operators, is also most at risk of generating non-generic FMs, i.e. FMs which

are not independently interpretable, but are tuned to drive the specific aggregation

operator (eg. CFI) which they were trained for [7].

In the next sub-section two FMs are discussed, one of them being the recently introduced

Uriz FM and the other being the most extensively used FM across the aggregation community

i.e. the Sugeno λ -measure .

Sugeno λ -measure

Introduced by Sugeno in 1974, the Sugeno λ -measure (gλ ) is a parametric approach to

generate the FM, which constructs the entire lattice just from the densities [87]. The Sugeno

λ -measure has been the most commonly used algorithmic FM in the literature.

In addition to properties P1 and P2 defined in the section 2.4.1, the Sugeno λ -measure

centres on the following property:

P3: ∀ A,B ∈ X , A∩B = φ ,

g(A∪B) = g(A)+g(B)+λg(A)g(B)

where λ >−1. This parameter λ can be uniquely obtained by solving the following polyno-

mial equation:

1+λ =
n

∏
i=1

(1+λgi)

where gi = g(xi). Note, if λ < 0 then the measure is sub-additive, if λ = 0 then it is a

probability measure and if λ > 0 then the measure is super-additive.
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Uriz FM

The authors in [88] recently proposed a new method i.e. Uriz FM, which learns the FM from

the classification accuracies of individual classifiers, similar to A Priori FM proposed this

thesis (refer to chapter 5 and 6 fore more details) which also learns the FM from classification

accuracies. The two methods are however different in the way FM is computed, more details

in Chapters 5 and 6. The Uriz FM was also motivated to illustrate the improvement in

ensemble classification performance by refining the fusion step of the ensemble (using FMs),

defined as follows:

For all A ⊆ X and number of classifier (or features) N : {1, ..,n}, the Uriz’s FM is

composed of two steps. First, the uniform FM gu is given by:

gu(A) =
|A|
n

The second step utilises the results of individual classifiers as well the results of each possible

combination of classifiers, given by AccA, ∀A⊆ X , defined as follows:

g(A) = gu(A)+
tanh(AccA−MeanAcc|A|)

2n

where, MeanAcc|A| is the average of the results with the same cardinality and tanh is the

hyperbolic tangent (for more details on the FM, refer to [88]).

The information quantified by these FMs are combined using the aggregation operators,

defined in the next subsection.

2.4.2 Aggregation Operators

Aggregation operators are mathematical functions that combine the information from multiple

sources [7, 23]. In the context of evidence fusion, aggregation operators extend the concept

of weighted averages and are able to capture the interactions among the sources, delivering

non-linear combinations. There are many aggregation operators in the literature [89], but in

this thesis we focus on commonly used FIs and the recently introduced RAV, explained in

the next subsections.

Weighted Average

Weighted average ensemble are models combining outputs by giving different weights to

different inputs, usually based on importance. Let X be a set of k information sources. The
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weighted average output WA(x) for each evidence xi (where i = 1, ...,n) is given by:

WA(x) =
k

∑
i=1

wixi, (2.15)

where Wis are the set of weights (importance) for each corresponding instance such that

∑wi = 1.

Fuzzy Integrals

Fuzzy Integrals (FIs) are often used as non-linear aggregation functions which combine

information from multiple sources using the worth of each subset of sources (provided by a

FM ‘g’) and the support of the question (the evidence ‘h’) [7, 23]. The two most commonly

used FIs in the literature are the Choquet Fuzzy Integral (CFI) and the Sugeno Fuzzy Integral

(SFI) [90], although in this thesis the CFI is the focus, defined as follows:

Choquet Fuzzy Integral: Let h : X→ [0,∞) be a real valued function that represents the

evidence or support of a hypothesis. The discrete Choquet Fuzzy Integral (CFI) [23, 91, 7, 90]

can be defined as: ∫
CFI

h◦g =CFIg(h) =
n

∑
i=1

h(xπ(i))[g(Ai)−g(Ai−1)] (2.16)

where π is a permutation of X such that h(xπ(1))≥ h(xπ(2))≥ ...≥ h(xπ(n)), Ai = [xπ(1), ...,xπ(n)]

and g(A0) = 0. More detail on the property of FIs and the CFI can be found in [89].

Recursive Average

The Recursive Average (RAV), an instance of Recursive Weighted Power Mean− introduced

by Wagner et al. [7], is an aggregation operator that fuses information over a set of sources X

defined with respect to a FM g, mathematically defined as follows:

RAVp(X) =

h(X), if |X |= 1.

(∑g(B j)∗RAVp(B j)
p

∑g(B j)

1/p
, otherwise.

(2.17)

where |p|> 0,B j = X\x j,x j ∈ X .

∀p the RAV for a set of sources is recursively defined as the weighted average of its sub

sources, where the weight at each node is captured by a FM [7]. For some particular p values,

RAV adopts specific averaging behaviour in a recursive manner, i.e. the recursive arithmetic
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Figure 2.12 RAV for three sources (replicated from [7])

average for p = 1, the recursive harmonic average for p =−1, the recursive quadratic average

for p = 2, and so on. For simplicity and space, we focus on solely on the RAV for p = 1 in

this paper. Figure 2.12 shows the RAV computation for three sources with p = 1.

2.4.3 Aggregation operator based ensemble classifiers

Many traditional ensemble classification techniques exist in the literature which have been

discussed in detail in the section 2.2. These ensemble methods have been very popular in

the machine learning community due to their ability of producing more accurate results than

individual classifiers [42, 55] in a very wide range of application areas [92]. Recently, another

approach to obtain ensemble classification is the use of the aggregation operators defined

with respect to a Fuzzy Measure (FM) [23, 91, 85, 86, 93]. In the previous studies [23, 94],

the researchers concluded that aggregation operator based ensemble classifiers worked well

in a number of applications such as multi-criteria decision making (MCDM) [95], forensic

science [96], software defect prediction [97], brain computer interface (BCI) [98], computer

vision [99, 100] and explosive hazard detection [101].

Based on the expected potential of non-linear aggregation offered by the aggregation

operators (such as the CFI), its application to decision-level fusion in ensemble classifiers, i.e.

to fuse multiple classifiers outputs towards one superior decision level output, has recently

been explored. A key example of such a aggregation operator based ensemble classification

method is the Decision-level Fuzzy Integral Multiple Kernel Learning (DeFIMKL) algo-

rithm [23], which aggregates the outputs of kernel based classifiers through the use of the
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CFI with respect to a FM learned through a regularised quadratic programming approach,

explained in the next sub-section.

DeFIMKL

Let fk(xi) be the normalised output generated by the kth classifier in an ensemble on a feature

vector xi. The overall decision of the ensemble is computed by the Choquet Integral, where

g encodes the relative worth of each classifier in the ensemble. Thus, the output of the

ensemble with respect to the FM g on feature-vector xi is produced by f g(xi), mathematically

described as follows,

f g(xi) =
m

∑
k=1

fπ(k)(xi)[g(Ak)−g(Ak−1)], (2.18)

where Ak = fπ(1)(xi), ..., fπ(k)(xi), such that fπ(1)(xi)≥ fπ(2)(xi)≥ ...≥ fπ(m)(xi). It can be

shown that (2.18) can be reformulated as

f g(xi) =
m

∑
k=1

[ fπ(k)(xi)− fπ(k+1)(xi)]g(Ak). (2.19)

where fπ(m+1) = 0. Pinar et al. [23] proposed to learn FM g using a regularised sum of

squared error (SSE) optimisation, described as follows,

E2 =
n

∑
i=1

( f g(xi)− yi)
2 + v(u), (2.20)

where yi is the class label for xi and v(u) is a regularisation function. Equation (5.2) can be

further expanded as

E2 =
n

∑
i=1

(HT
xi
∗u− yi)

2 + v(u), (2.21)
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where yi is the actual class label for xi, u is lexicographically ordered FM g i.e. u =

(g{x1},g{x2}, ...,g{x1∪ x2},g{x1∪ x3}, ...,g{x1∪ x2∪ ...∪ xm}), and

Hxi =



.

fπ(1)(xi)− fπ(2)(xi)

.

.

0

.

.

fπ(m)(xi)−0


, (2.22)

where Hxi is of size (2m− 1) and contains all the difference terms fπ(k)(xi)− fπ(k+1)(xi)

at the corresponding locations of Ak in u. We can fold out the square terms from (5.3),

producing

E2 =
n

∑
i=1

(uT HxiH
T
xi

u−2yiHT
xi

u+ y2
i )+ v(u)

= (uT Du+ f T u+
n

∑
i=1

y2
i )+ v(u), (2.23)

where D and f are

D =
n

∑
i=1

HxiH
T
xi
, f =−

n

∑
i=1

2yiHxi

Equation (5.5) is a quadratic function and thus we can add the constraints on u such that it

represents a FM, producing a constraint QP. We can add the monotonicity constraint on u

according to the properties P1 and P2 as Cu≤ 0, such that

C =



MT
1

MT
2

.

.

MT
n+1

.

.

MT
m(2m−1−1)


, (2.24)
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where MT
1 ..M

T
m(2m−1−1) are vectors representing monotonicity constraint such as the one used

in this work i.e. g{x1}−g{x1∪ x2} ≤ 0 (see [91] for more details on C). Thus, the full QP

to learn FM u is

minu 0.5uT D̂u+ f T u+ v(u), Cu≤ 0, (0,1)T ≤ u≤ 1, (2.25)

where D̂ = 2D. We test the performance using ℓ1 regularisation, i.e.

minu 0.5uT D̂u+ f T u+λ ||u||1, (2.26)

where λ is the regularisation weight. The QPs at (5.6) and (2.26) provide a method to learn

the FM u (i.e. g) from the training data. A new feature vector x′, from a test set, can thus be

classified using the following steps:

1. Compute the normalised decision value fk(x′) for a classifier (SVM in this thesis),

2. Apply the CFI at equation 2.16 with respect to the learned FM g,

3. Compute the class label using sign( fk(x′)).

The DeFIMKL is a key example of aggregation operator based ensemble classification

approach. We will use this approach later in chapters 5 & 6 for comparison purposes (with

the new FM proposed in this thesis). In this thesis, several applications are analysed to show

the research gaps that persists, explained in the following sub-sections.

2.5 Ensemble Classification Applications

This section moves beyond different ensemble classifier to discuss the literature on how the

ensemble classification algorithms and have been used in several applications, specifically

within Breast Cancer, Heavy Good Vehicles, Face Recognition and standard datasets from

UCI machine learning repositories.

2.5.1 Breast Cancer Biological Groups Stratification

Breast Cancer is one of the most common causes of cancer death in women, representing a

very complex disease with varied molecular alterations [9, 8, 10]. It creates the particular

difficulty of determining the suitable treatment option, among a number of complex treatment
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choices. Therefore, classification of cancer patients into biological groups is essential for

appropriate diagnosis to increase survival. In 2018 approximately 14 million new cancer

cases and 9.6 million cancer related deaths were reported worldwide. Breast cancer is the

second most common cancer with approximately 11.5% and fifth most common cause of

cancer death [102, 103].

The most frequent symptom or early sign of breast cancer is a lump or mass, developed in

the breast tissue [102]. Often, breast cancer is located in the lymph nodes under the armpits

or above the collar bones. The most common types of breast cancer are: Ductal carcinoma

in situ, Lobular carcinoma in situ, Invasive, Invasive ductal, Invasive lobular, Inflammatory,

Pagets and some rare types. Apart from different types, breast cancer characterises a very

diverse category of tumours in reference to genetic composition, physical composition

and response to therapy. It creates a particular difficulty of determining the most suitable

treatment option among a number of complex treatment choices available. To tackle this

heterogeneity, methods have been developed to facilitate personalised breast cancer treatment

and support clinical decision making by predicting the patients outcome.

Previously, a series of papers, largely published in the breast cancer domain have lever-

aged Computational Intelligence (CI) developments and tools, resulting in ground breaking

advances such as the classification of cancer into newly identified classes - leading to im-

proved treatment options. This development evolved in the past two decades is scattered

among several works. However, the current literature on the use of CI to achieve this is

fragmented, making further advances challenging [8, 10, 104–106]. The next sub-sections

capture the developments in this domain so far, and simultaneously establish the research

gaps. Subsequently, chapters 3 & 4 will address these research challenges in this important

area by leveraging the strong potential of classification algorithms.

Division of patients into core classes

Eisen et al. [107] introduced hierarchical clustering combined with the visual study of

dendrograms to analyse the relation among the gene expression. The work inspired the use

of clustering techniques in the cancer profile with respect to genes data [108–110]. Perou

et al. [109] used the hierarchical clustering algorithm on gene expression data identifying

four molecular classes: luminal, HER2, basal and normal. A subsequent study further

subdivided the luminal into three, namely A, B and C [111]. Sotiriou et al. [112] carried

forward the research partitioning the basal group into two, and eliminating the normal

group, thus obtaining a total of six groups. With advancements in technology, an alternative
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approach developed is to use immunocytochemistry on formalin fixed paraffin embedded

patient tumour sample. To address the stability issue of the classification from clustering

techniques, Monti et al. [113] introduced consensus clustering, which considers the consensus

across multiple clustering algorithms. Kellam et al. [114] refers to consensus clustering as

Clusterfusion, which takes into account the results of different clustering algorithms and

creates robust clusters depending on the consensus across the results of multiple clustering

algorithms.

To assist prognosis in the context of breast cancer treatment, researchers have applied

multiple protein biomarkers with relevance to breast cancer to investigate clinical importance

of breast cancer classes [9, 114, 113, 105, 8, 66, 10]. Soria et al. 2010 built upon these

works and analysed a breast cancer panel composed of 25 protein biomarkers, using the

aforementioned clusterfusion approach [8]. The work aimed to develop a methodology to

elucidate core and stable groups within this breast cancer dataset. The dataset incorporated

the Immunohistochemical reactivity of 25 proteins with relevance to the breast cancer for

1,076 patients from the Nottingham tenovus primary breast carcinoma series, with primary

operable stages (I, II and III). The work inspected five clustering techniques namely K-Means,

PAM, Adaptive Resonance Theory (ART) and HCA. After selecting the clustering algorithms

the next step was to determine the number of clusters. Therefore, clustering was followed by

the computation of validity indices to validate the number of clusters and to tackle the issue

of cluster stability. Six cluster validity indices were performed on the K-Means and the PAM,

to evaluate the best number of clusters for the dataset. K-Means and PAM were chosen to

run for 2 to 20 clusters for six indices: Calinski and Harabasz, Hartigan, Scott and Symons,

Marriot, TraceW and TraceW−1B. The next step was to perform the concordance between the

clusters formed by the different clustering algorithms, assessed statistically by the Cohen’s

kappa coefficient, and visually via projecting the first and second components of the Principal

Component Analysis (PCA). The last step was to characterise the core groups (classes) by

Artificial Neural Network, Orthogonal Search Rule Extraction and boxplots. By establishing

the consensus the work identified six novel cancer subtypes, and classified the patients among

these core classes. The process identified prime biological classes: luminal, HER2 and basal

(luminal and basal containing the remaining three distinct subclasses), shown in the breast

cancer classification structure in Figure 2.13. The procedure classified 663 (61.6%) patients

into one of the core classes while the remaining 413 (38.4%) patients were assigned to a

mixed class i.e. ‘not classified’ (NC) group. Further analysis was required to minimise the

mis-classification.
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Figure 2.13 Breast Cancer Classification structure by Soria et al. [8].

Soria et al. [115] further verified the methodology developed in the previous work i.e.

[8], to extract groups from a new dataset of breast cancer histone biomarkers which consisted

of 347 patients. The dataset was provided by the Division of Molecular and Cellular Sciences

in the School of Pharmacy at the University of Nottingham. The methodology identified 3

core classes, dividing 91.1% of the patients into one of the identified classes and leaving

behind 31 patients, who ere assigned to the ’not classified’ (NC) group.

Reduction of the biomarkers to an essential set

In a different set of study, Soria et al. 2008 [66] performed a comparison of three different

classifiers for validating classification of breast cancer markers has been studied. The study

was also performed on the Nottingham tenovus primary breast carcinoma series. The study

was done on the 663 cases out of 1076 which were classified to one of the six groups. The

classifiers used were Naive Bayes algorithm, C4.5 decision tree and Multilayer perceptron

(MLP) algorithms. The tests have been done by taking 25 biomarkers and also by testing

the classification algorithms on 10 ’most important’ biomarkers. The paper concludes that
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Figure 2.14 Subdivision of HER2+ in two subclasses HER2+/ER+ and HER2+/ER- based
on immunohistochemical profiles by Green et al. [9].

when all the 25 markers were used for 663 cases, MLP gave the best result. The naive Bayes

classifier and C4.5 returned similar results. When the biomarkers were reduced to 10 most

important, MLP was still the best. The performance of Bayes improved and misclassified

cases were reduced indicating the need to reduce the number of biomarkers.

In a subsequent work Green et al. 2013 [9] studied boxplots of the complete Nottingham

tenovus primary breast carcinoma series dataset dataset and individual classes (described

in Soria et al. [8]) and reduced the biomarkers on which the classes were derived, from 25

down to 14. The panel was reduced by omitting the biomarkers which had identical overall

distributions across multiple classes. The study focused on the reduction of the number of

biomarkers which were sufficient to obtain good classification. Using a Naive Bayesian

supervised classification approach (as used in Soria et al. 2008), the set of biomarkers was

further reduced to contain the ten ‘most important’ ones. The exhaustive search using the

naive Bayes classification to choose the best combination of ten biomarkers out of 14 was

done to also reduce the costs of clinical tests. This work also studied the class characterisation

by analysing the immunohistochemical profiles of the patients. Class 6 (HER2) showed

heterogeneity in the expression of the hormone receptor which led to division of HER2 into

two subclasses HER2+/ER+ and HER2+/ER-, shown in Figure 2.14. The stable clusters

validate the core classes (by Soria et al. [8]) and forms basis of further study (by Soria et al.

2013).

FuzzyQSBA classification rules

Rasmani et al. [116] introduced the implementation of replacing crisp weights in the Weighted

Subsethood-based Algorithm (WSBA) by fuzzy quantifiers. The main difference of Quantifier

Subsethood-based Algorithm (QSBA) compared to WSBA lies in the interpretation of the
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inference between weights/quantifiers with the linguistic terms. In QSBA both the quantifiers

and the linguistic terms are fuzzy sets. It offers us the flexibility to use t-norm operators to

interpret the rule. The four datasets used are to test and compare the results: Iris-Plant, Wine

Recognition, Glass Identification and Wisconsin Breast Cancer Dataset. The results show

that classification accuracy of QSBA is as good as WSBA, and in Iris-Plant dataset QSBA

outperforms WSBA.

The paper in [105] presents a rule simplification technique to extract linguistic rules

from a data-driven quantifier-based fuzzy classification system. The dataset used for the

comparative study was the Nottingham tenovus primary breast carcinoma series. The study

was done on the 663 cases out of 1076 which were classified to one of the six groups. The

paper shows that linguistic rulesets generated from a fuzzy technique have better advantages

compared to the non-fuzzy in terms of 1) readability of the rulesets, 2) explicitly expressed

characteristics of each rule and 3) providing information on the firing strength of each rule.

The rulesets were consistent throughout the ten-fold cross validation tests.

The authors build upon the aforementioned research and use a similar methodology to So-

ria et al. 2010 and performs a consensus clustering to identify core classes on the Nottingham

tenovus primary breast carcinoma series [117]. The work than makes use of rule simpli-

fication process (Rasmani et al. 2009) to construct a Fuzzy Quantifier Subsethood-based

Algorithm (FuzzyQSBA). The algorithm results in a simple, comprehensible classification

table for each of the six classes based on only ten biomarkers. The algorithm is constructed

with aim to implement the resultant fuzzy rule table in a model-based classification system

that can be used to determine the type (class) of cancer in new patients presenting with breast

cancer.

Division of new patients into core classes by learning the pattern

Soria et al. [10] built upon the previous set of works ( [8, 9, 105, 117]), and explored the use

of fuzzy methodologies to generate a rule set which can classify a large number of patients

into one of the identified classes. The work makes use of a data-driven fuzzy rule based

system (FuzzyQSBA) for classifying the breast cancer patients. The FuzzyQSBA itself is

similar to the algorithm developed in Rasmani et al. 2009 [105]. This latter study makes use

of 663 classified patients reported in Soria et al. [8]. The algorithm developed in this work

was applied to a well characterised dataset of 1,073 breast cancer patients from the same

Nottingham tenovus primary breast carcinoma series. The patients were classified into one of

the identified seven classes using fuzzy iteration method, similar to the algorithm developed
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Figure 2.15 Breast Cancer Classification structure by Soria et al. [10].

in the work Green et al. 2013. The FuzzyQSBA algorithm learns the class-labelled breast

cancer dataset by generating one classification rule per class. The algorithm assigns a class

membership value to each patient for each of the seven classes. A novel class allotment

algorithm is developed which assigns patients into one of the seven classes. In doing so,

38 out of 1,073 patients were ‘Not Classified’. The class distribution is represented in

Figure 2.15. The classification rules were validated on a new breast cancer dataset of 238

patients. Only 12 patients were assigned to ‘Not Classified’, giving an excellent classification

outcome. In this thesis, we build upon the patients which were ‘Not Classified’, and propose

to classify as many patients among one of the groups.

Application of the breast cancer biological group classification

The aim of this work by Green et al. [106] is to improve the current breast cancer prognostic

methods by combining the well-established clinicopathological variables with biomarkers

information. The methodology is developed on the 1,073 patients from the Nottingham

tenovus primary breast carcinoma series, divided into two phases: 1) Identification of biolog-

ical classes 2) Developing a NPI-like formulae, known as NPI+. The NPI is a prognostic

index formula which is used as risk classifier in unselected cohorts of operable early stage
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primary breast cancer patients. The NPI could not fully reveal the full survival outcome het-

erogeneity, so adding biological characteristics of breast cancer could significantly improve

personalised medicine in breast cancer patients. The first phase was carried forward by Soria

and colleagues in the work Soria et al. 2013, Soria et al. 2010, Soria et al. 2008, Green

et al. 2013 and Rasmani et al. 2009. Using a consensus clustering based model the breast

cancer patients were classified among seven core classes using 10 biomarkers. The second

phase is the development of NPI+, providing improved treatment decision by: 1) combining

biological features with already present parameters, 2) predict risk of disease recurrence and

3) improved prognostic analysis.

Green et al. [104] validated the capabilities of the breast cancer classification in prognosis

using NPI+ on Edinburgh series breast cancer dataset. The dataset consists of 885 patients

which were divided into seven classes using the same set of ten biomarkers panels as used

in the previous works by Soria and colleagues. The NPI+ biological classes generated

were similar to the ones developed in the aforementioned work [106], which points to the

robustness of the NPI+ formulae. Note: This Edinburgh breast cancer is also employed in

Chapter 3 to validate the proposed framework.

2.5.2 Heavy Goods Vehicle Driving Stereotypes

Although driving behaviour has been largely studied amongst private motor vehicles drivers,

the literature addressing heavy goods vehicle (HGV) drivers is scarce. Identifying the existing

groups of driving stereotypes and their proportions enables researchers, companies and policy

makers to establish group-specific strategies to improve safety and economy. In addition,

insights into driving styles can assist predicting drivers’ reactions and therefore enable the

modelling of interactions between vehicles and the possible obstacles encountered on a

journey. Consequently, there are also contributions to the research and development of

autonomous vehicles and smart roads. Thus, in this thesis our interest lies in investigating

driving behaviour within the HGV community in the United Kingdom (UK).

Research in driving behaviour, vehicle monitoring, driving style prediction and driver

modelling are on the rise, as there is a global demand for intelligent solutions to improve

driving economy and road safety. The challenge lies in determining solutions capable of

addressing social, financial and geographical requirements within a problem context. To

achieve this, the investigation of actions and policies for education, law enforcement and

improvements in infrastructure are of essence. Equally important is the understanding and

prediction of the drivers responses to these interventions. This review is focused on the work
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carried out to understand, model and predict driver behaviour. Current literature targeting

solely HGV drivers is scarce. In addition, there is not much literature targeting UK HGV

drivers. We therefore include in our review studies concerning the analysis of specific driving

behaviour for both commercial and non-commercial drivers, obtained through the analysis

of telematics, GPS and other mobile devices data. Studies on general driving style for both

small vehicles and HGV drivers obtained through self-assessment questionnaires [118, 119]

is far more common. However, due to the differences in the nature of the data collected,

we do not include this research in our review. Our objective is therefore to identify the

research gaps in telematics data findings and to establish a baseline for comparison with the

methodology proposed in chapters 3.

A relevant work in the area of driving behaviour was conducted by Constantinescu et

al. [12], in which six driving profiles were identified from telematics data. Data was obtained

in a five-day experiment, involving 23 drivers and two control drivers with up to nine journeys

each. Controls were employed to introduce extreme behaviours (very aggressive and slow,

non-aggressive, economical). 200 journeys were analysed, and the features considered were

the percentage of time above the speed limit (60kph), the mean and standard deviation (std.)

of speed, the mean and std. of acceleration, the mean and std. of braking and the total energy

required to increase the speed. Hierarchical clustering (HC) identified 6 clusters and Principal

Component Analysis (PCA) assisted in their interpretation and in the detection of four factors

determining behaviour: aggressiveness, speed, acceleration and braking. For each factor,

the authors identified the range values and how drivers within the clusters behaved. Ranges

were converted into labels characterising drivers’ stereotypes, (Table 2.2). Although the

findings were an important contribution to understand driving behaviour, this work is limited

to the number of drivers and journeys investigated. More data needs to be collected to further

validate the clusters detected. In addition, control subjects forced the analysis to establish

pre-defined clusters with extreme behaviour. These artificial clusters also need to be further

contrasted with more data instances to assess their likelihood of occurrence in real-world

scenarios.

Kalsoom and Halim [120] applied K-Means (KM) and HC to a dataset obtained via

simulation of 30 drivers. Data collected included the number of left and right turns, left

and right indicators, brakes, horns and gear change with speed. Three driving styles were

established, slow, normal and fast drivers. This work is also limited to amount of drivers

studied. Less clusters of driver behaviour were detected, which might suggest that either the

simulation experiments or the cluster analysis did not capture all patterns of behaviour found

in Constantinescu et al. [12].
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Table 2.2 Driving behaviour clusters from Constantinescu et al. [12]

Group Aggressiveness Speed Acceleration Braking
1 Moderately low Low-Moderate Moderate Smooth-Moderate
2 Very low Low-Moderate Low-Moderate Smooth-Moderate
3 Moderately high Moderate Moderate Sudden
4 Neutral Moderate High Moderate
5 Neutral Moderate-High Low-Moderate Moderate-Sudden
6 High High High Sudden

Castignani et al. [121] collected data from motion sensors and GPS, which is later anal-

ysed to determine driving events. Fuzzy logic was employed to detect harsh braking, harsh

acceleration, over speeding and aggressive steering. The events obtained were subsequently

merged with time and weather information to determine their risk level and to score the driver.

Experiments employed the same vehicle over a predefined path in Luxembourg. Journeys

occurred at daytime, with different weather and predefined behaviour. For the first lap the

driver was supposed to drive calmly, observing the speed limit and avoiding abrupt manoeu-

vres; in the second lap the drivers behaved aggressively. Results showed consistency in the

number of incidents obtained during calm and aggressive driving. One of the limitations of

the study is that it tested the efficiency of the fuzzy system over predefined driving behaviour.

In real-world scenarios, however, variation of driving styles and unplanned actions are likely

to occur.

Halim et al. [122] employed KM, fuzzy c-means and Model-Based Clustering (MBC) to

determine four driving profiles from 50 drivers. Data was acquired with a hardware consisting

of vehicle functionalities and a simulator software with a virtual driving environment. Each

subject drove the car in three scenarios (high, average and low traffic) for 15 minutes per

scenario. The variables considered were number of left indicator, left turns, right indicator,

right turns, brake use, horn use, reverse gear use, average gear, maximum gear, average speed,

maximum speed and gender. KM results were compared with those from fuzzy c-means and

MBC to establish the optimal number of clusters. PCA determined the best features (average

and maximum speed, brakes and horns were selected). Profiles 1 and 4 comprised of cautious

drivers with high average speed but appropriate number of brakes. Profile 2 characterised

slow and sluggish drivers with high frequency of braking and indicators. The third profile

included safe drivers with moderate speed, number of use of indicators and brakes.

Ellison et al. [123] proposed a risk index framework for scoring drivers based on their

behaviour, personality, perceptions, demographics, vehicle characteristics, weather conditions

and time of the day to assess the risk of crashes. 8 million GPS data observations with 1Hz
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frequency from 106 drivers in Sydney over several weeks were considered. Results indicated

that over 90% of drivers exhibit more variability in speeding, acceleration and braking

behaviour between different road environments when compared to the same road. The

author’s results suggest the potential for using more dis-aggregate data but also the necessity

to control for temporal and spatial factors when studying driver behaviour. These conclusions

reiterate the importance of our study, where a larger data sample should provide us with

better insights into HGV driving behaviour.

Similarly, Saiprasert et al. [124] calculated a driver’s safety index based on their driving

events and categorise the driver into four safety level profiles (very safe, safe, aggressive, very

aggressive). The calculation is based on an equation in which the events (harsh acceleration,

harsh braking, harsh turning, sudden lane changing and over speed events) are weighted

according to the characteristics of the road. Data collection was carried out with 20 drivers

in two of Thailand’s main highways, with 30 journeys per route. Results showed that the

majority of the drivers are either safe or aggressive for both routes.

From the literature it is possible to identify the clear gap in the current research, that there

is very little literature regarding driver profiling based on telematics data for the UK. Our

thesis therefore aims at contributing in filling these research gaps, more details in chapter 4

section 4.2. It is important to notice that in addition to the aforementioned gap, this thesis

is also able to address two more research gaps: (i) limited number of drivers have been

investigated in the previous studies, and (ii) most experiments have been conducted within a

small number of routes.

2.5.3 Aggregation Operators in Face Recognition Applications

Due to the recent advance in deep learning, Convolution Neural Networks (CNNs) have been

successfully applied to various deep facial feature extraction, i.e. facial recognition [125, 126],

facial shape [127, 128], spatial-temporal domain [129, 130]. Since this technique allows task-

specific information to be extracted, CNNs normally yield better results than the traditional

hand-craft features for face recognition tasks. In [131, 132], several CNN models were

trained for extracting features from facial regions, which were then fused by concatenating

representations yielded from all models. Compared to using holistic face images, region-

based face recognition are more robust to pose variations and occlusion [133], and thus

usually achieved superior results. Motivated by this, this thesis employs CNN as a base

classifier for classifier-driven FM learning.
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Aggregation operator based recognition tasks have received a lot of attention from

the fuzzy community and a number of works have been presented since then. Tahani

et al. [134] presented early works on the use of FI for facial image information fusion.

Recently, Karczmarek et al. used the Sugeno λ -measure to aggregate salient facial regions

and concluded that FMs owing to their monotonicity, leads to a better fusion model (in their

case classification) [135]. The research group further confirmed the results in a subsequent

study [136], by analysing a family of 25 t-norm operations to replace dot product in the CFI

on multiple face recognition datasets. In another set of works, Chen et al. [137] presented

a Multi-Region Ensemble Convolutional Neural Network (MRE-CNN), which uses both

local face regions and the whole face for age prediction. Similarly, Fan et al. [138] used the

MRE-CNN for facial image recognition. These work present the idea that considering local

face regions will improve the overall performance.

2.5.4 UCI machine learning repositories

The UCI Machine Learning Repository is a collection of datasets, domain theories, and

data generators that are used for the empirical analysis of CI algorithms. It has been widely

used by students, educators, and researchers all over the world. These datasets are of high-

quality and labelled, useful for all types of machine learning algorithms (specially supervised

and semi-supervised). For demonstration, these datasets are used for the validation of the

methodologies proposed in this thesis (more details in chapters 4, 5 & 6).

2.6 Summary

This chapter provides an overview of the existing literature that have been used in this

thesis. In particular, several ensemble classification methods (and individual classifiers) have

been extensively reviewed in this chapter. The strengths of these models were highlighted

in addition to the key challenges faced by them. In additional to traditional classification

approaches, unsupervised algorithms (i.e. clustering) based classification have also been

reviewed.

In many case studies, aggregation operator based methods have obtained superior per-

formances. A review has therefore also been made on aggregation operator based ensemble

classification approaches, including their building blocks i.e. aggregation functions. Lastly,

we also provided a general background for the case studies that are used throughout the
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studies. These case studies allow us to evaluate the theoretical frameworks that we will

propose in this thesis.

With background materials reviewed, in the upcoming chapters, we will investigate the

mechanisms to improve research gaps in the ensemble classification.



Chapter 3

Combining Clustering and Classification
to Enhance Classification of Unlabelled
Data

One key challenge within unlabelled datasets is the classification of data points which are

difficult to label. Although ensemble clustering approaches are able to elucidate characteristic

groups, a number of data points are left behind as unclassified. Therefore, this chapter builds

upon the research gap and introduces a novel and robust two-stage classification framework

which employs a combination of both ensemble clustering and ensemble classification to

improve the overall classification. Here ‘robust’ refers to flexible framework which can be

updated depending upon application i.e. the algorithms can be modified according to the

application and dataset.

Section 3.1 discusses the drawbacks of current clustering ensemble algorithms to elucidate

the characteristic groups from unlabelled datasets, using Breast Cancer as a case study.

Section 3.2 leverages a case study on Breast Cancer to demonstrate the need for an enhanced

classification framework, introducing a new ensemble classification stage after the ensemble

clustering stage for classification in an unlabelled dataset, therefore addressing first objective

of the thesis. Subsequently, in Section 3.3 the resulting step-by-step classification framework

is presented. coupling ensemble clustering with ensemble classification for the identification

of core groups, data distribution in them and improvement in final classification results by

targeting the unclassified data. Lastly, Section 3.4 summarises the contribution of this chapter

to this thesis.
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3.1 Background and Motivation

Determining the number of groups in a dataset with no class labels is a very challenging

task [75]. One such problem is relevant in assisting breast cancer prognosis by determining the

most suitable treatment options among a number of complex treatment choices available [8,

10, 106]. Recent studies have employed computational intelligence methods to facilitate

personalised breast cancer treatment (by fully understanding the characteristics of the disease

for each individual patient) and support clinical decision making by predicting the patient’s

treatment outcome. [8–10, 66, 104–106, 115]. In particular, clustering algorithms have

addressed this problem by identifying treatment classes and dividing patients among them, a

detailed discussion is presented in section 2.5.1 of chapter 2.

Previously, Eisen et al. [107] combined hierarchical clustering with the visual study of

the dendrograms to determine the association between the gene expressions. Using clustering

methods on breast cancer profiles, Perou et al. [109] recognised four distinct molecular

classes of breast cancer based upon gene expression data: HER2, basal, luminal and normal.

Extending the work, Sorlie et al. [111] subdivided the Luminal group into three: A, B, and C.

Being uncertain of Luminal C, in a subsequent work [112] they divided basal into two and

discarded the normal group and Luminal C, thus attaining an aggregate of six breast cancer

groups.

Another problem lies in algorithm selection, as different algorithms produce different

results. Therefore, contrasting and combining the results of multiple clustering algorithms is

essential to test the stability of the clusters formed and of the proposed classification. Kellam

et al. [114] used this idea and introduced ‘Clusterfusion’, which takes into account the results

of all the different clustering algorithms present in the ensemble. The idea behind consensus

clustering is to provide a level of confidence to the final grouping and simultaneously

increase the robustness of sampling variability of the clusters formed. Note, if the robustness

in sampling increases, the confidence of the overall classification structure also increases.

Monti et al. [113] used consensus clustering in combination with re-sampling techniques to

identify biological groups. Similarly, Chen et al. [139] introduced an ensemble clustering

method to predict survival rate of cancer patients when working with discrete features. The

algorithm used Partitioning Around Methods recursively to construct a dissimilarity matrix

to be used by Hierarchical Clustering Algorithm to obtain final distribution.

In the past decade, Soria et al. [66, 8, 10] used the clusterfusion approach on data from

immunohistochemistry on formalin-fixed paraffin embedded patient tumour samples, an

alternative approach to gene expression profiling, for better identification of breast cancer



3.2 A case study illustrating challenges in current classification frameworks | 49

biological groups. The patients from Nottingham Tenovus Primary Breast Carcinoma Series

were divided among seven breast cancer groups. Although the researchers have employed

multiple relevant protein biomarker to large numbers of cases to elucidate breast cancer

biological groups using ensemble clustering methods [8–10, 109, 140], the methodology left

behind a number of unclassified patients, similar to previous works. Therefore, a framework

still needs to be developed which can assign as many unclustered patients to one of the

identified groups in order to improve final classification results.

This chapter builds upon the research gap and puts forward a novel two staged classifica-

tion framework, which employs an additional ensemble classification layer after the ensemble

clustering layer. To develop this new classification framework and ensure its systematic

evaluation and suitability to address real-world challenges, we have developed the framework

in respect to a Breast Cancer case study. Moreover, in addition to demonstrating the need for

a new classification framework, this case study also addresses objective 1 and 2 of the thesis,

as detailed in the following section.

3.2 A case study illustrating challenges in current classifi-
cation frameworks

This section of the chapter presents a case study to motivate and illustrate the need to

establish a clear step-by-step framework for classification of data points which are difficult

to classify across the unlabelled datasets (note that further evaluation on the application

of this framework on different case studies, including a different breast cancer study, is

presented in chapter 4). In a seminal work by Soria and colleagues [8–10, 66, 105], analysis

of immunohistochemical data (protein biomarkers) in Nottingham breast cancer dataset

has led to formation of seven clinical groups (for more detail, refer to section 2.5.1). The

researchers identified these groups by establishing a fuzzy rule based classification algorithm

(FuzzyQSBA) and a novel class assignment method. Although this method established robust

biological groups, 38 out of 1,073 patients were ‘Not Classified’ to any of the biological

group. With the aim to establish a classification framework (which can classify a higher

number of data into one of the identified groups), in this section we examine the proposed

solution of using an additional ‘ensemble classification’ layer. The complete set of steps

described are represented in a flowchart diagram, shown in Figure 3.1.

To improve classification, we propose the use of ensemble classifiers to learn the classifi-

cation rules by training on the well-defined biological group (from the clustering step) and
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Figure 3.1 Flowchart of the research on Nottingham Breast Cancer Dataset

subsequently assign as many previously ‘Not Classified’ breast cancer patients to one of the

specific group. Two specific datasets are used as part of this study, the first being the original

breast cancer dataset and the second called ‘fuzzy membership values dataset’ produced as a

result of the FuzzyQSBA algorithm mentioned above [10]. As the ground truth data does not

exist for this type of cancer-based datasets, the resulting classification results are validated

by employing a series of clustering techniques.
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3.2.1 FuzzyQSBA Algorithm

The FuzzyQSBA algorithm [105] is a fuzzy rule induction method based on fuzzy subsethood

values i.e. representing the degree to which a fuzzy set is a subset of another fuzzy set. The

aim of using this technique is to replace crisp weights in the Weighted Subsethood-Based

Algorithm (WSBA) [10] by fuzzy quantifiers. The main difference of Quantifier Subsethood-

Based Algorithm (QSBA) compared to WSBA lies in the interpretation of the inference

between weights/quantifiers with the linguistic terms. In QSBA both the quantifiers and the

linguistic terms are fuzzy sets. It offers us the flexibility to use t-norm operators to interpret

the rule.

The FuzzyQSBA algorithm consists mainly of these four steps: 1) Divide the dataset into

subgroups. 2) Calculate fuzzy subsethood value. 3) Calculate relative weights. 4) Create

fuzzy rules. Examples of fuzzy rules are as follows:

WSBA - “IF A is (A1 OR 0.09A2) AND B is (B2 OR 0.2B3) AND C is (C1) THEN

Output is D".

FuzzyQSBA - “IF A is ((almost all)A1 OR (a little)A2) and B is ((almost all)B2 OR

(almost a quarter of)B3) AND C is ((almost all)C1) THEN Output is D".

The above steps generate the likelihood of membership of each patient in the biological

groups. After obtaining these membership values, the class assignment algorithm was run.

For class assignment, the two highest membership values were chosen. If the difference

between the top two values was greater than a certain threshold, then the patient was assigned

to the class with maximum membership. If the difference was below the threshold and they

both belong to same class family then the class with maximum values was chosen. If these

conditions were not met, the patient was not classified.

3.2.2 Dataset Description

Nottingham Breast Cancer Dataset

The Nottingham Breast Cancer Dataset consists of 1,073 patients from the Nottingham

Tenovus Primary Breast Carcinoma Series with operable stages I, II and III. Immunohisto-

chemical reactivity [141] for 25 proteins was determined using tissue microarray (tumour

samples). Among the available information, we consider the same ten important protein

markers suggested by Green et al. [9] and run our test on them. The same reduced set of ten
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Figure 3.2 Tuples of data set produced after applying the FuzzyQSBA algorithm.

protein biomarkers has been used by Soria et al. [10] to classify patients in seven clinical

classes using a data driven FuzzyQSBA algorithm.

Fuzzy membership value dataset

Fuzzy membership values, as shown in Figure 3.2, are the membership values obtained after

implementing FuzzyQSBA on the ten protein biomarkers, numbered from 1 to 7, and form

what we call the ‘fuzzy membership value dataset’. The column Class represents one of the

seven identified classes in which the patient is classified. ER, PgR, . . . , MUC1 represents the

ten protein biomarkers from the Breast Cancer Dataset on which the FuzzyQSBA algorithm

was applied. The FuzzyQSBA algorithm [10, 105] uses continuous fuzzy quantifiers to

create the rule-set, which assigns a class membership value to each patient for each of the

seven classes. The advantage of using a fuzzy rule based model is its ability to represent

the information in the form of if-then rules. This mechanism of representation is human

understandable and combines several rules to generate global behaviour of the system.

3.2.3 Experiment

Ensemble Classification Model

In this case study a unanimous voting ensemble classifier is employed, which generates the

final outcome by taking a consensus of results across all the classifiers. Unanimous voting is

chosen as it provides robustness to the result by assigning a high level of confidence to the

classification.

Experiment steps

Two algorithms namely: Artificial Neural Network (ANN) and Nearest Neighbour, were used

for classification of the ‘Not Classified’ patients. The underlying strategy is as follows: 1) to

classify ‘Not Classified’ patients in one of the identified classes, 2) to increase accuracy by

considering multiple classification methodologies. To establish an accurate classification, the
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algorithms were run on both datasets: the breast cancer dataset consisting of protein markers

and the fuzzy membership values of each patient for the seven classes. The classification

results were validated by applying three clustering techniques namely K-means, Hierarchical

Clustering and K-Medoids. The steps followed were:

1. First, the ANN classification algorithm was run on the 1,073-patients breast cancer

dataset, where 1,035 were classified in one of the seven classes. The ten protein

biomarkers data of 1,035 patients were used to train the 3-layer neural network. The

network was tested with multiple numbers of hidden nodes, and 20 was identified

to be the optimal number. After the network was trained by updating its weight, the

updated network was tested on the 38 ‘Not Classified’ patients. Similar steps were

adopted with the Fuzzy membership value dataset. The labelled data of seven class

membership values for the 1,035 patients was used to train the neural network. After

the network learned and updated its weight the updated network was tested on the 38

‘Not Classified’ patients. The classification outcomes of both the datasets are explained

in the ‘Results after Classification’ section of the Results section.

2. The Nearest Neighbour algorithm calculates the distance of 38 ‘Not Classified’ with

all the labelled 1,035 patients. It assigns the class to 38 patients based on minimum

distance. The same strategy was used in both the breast cancer dataset and the fuzzy

membership values dataset. In the breast cancer dataset the distance was calculated

among ten protein biomarkers, and in the fuzzy membership values dataset the distance

was calculated among the membership values. The classification outcome for both

the datasets is explained in the ‘Results after Classification’ segment of the Results

section.

3. The classification results were verified by changing the parameters of the classifiers,

followed by the consensus between the classification algorithms.

4. K-means clustering algorithm was run on both the breast cancer dataset and the

Fuzzy Membership value dataset. Results of the K-Means clustering on the Fuzzy

membership value dataset are explained in the ‘Results after Clustering’ segment of

the Results section but the results of the K-means applied to the ten protein biomarkers

of the breast cancer dataset are not reported as they were not informative and therefore

dropped from further analysis.

5. Hierarchical and K-medoids clustering algorithms were run on both the breast cancer

dataset and the Fuzzy Membership value dataset. Outcome of both the algorithms on
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both the datasets are explained in the ‘Results after Clustering’ section of the Results

section.

6. Consensus between the results of the different clustering algorithms was studied, and

compared with the classification outcomes.

3.2.4 Results

Results after Classification

Classifusion works by generating a list which checks the output class of an instance for each

algorithm. If the class is the same throughout, then the instance is assigned to the consensus

class, otherwise the instance is considered to be misclassified. Table 3.1 shows the class

labels for classifiers in columns (1) and (3) , for clustering algorithms in columns (2) and (4),

and consensus of all in the last column ‘Among all 4’ respectively. Abbreviations of the table

headers are as follows:

‘Ann original’: ANN algorithm applied to the 10 protein biomarkers data with 20 hidden

layer nodes and 20,000 iterations of weight updating. ‘Ann mem’: ANN algorithm applied on

the fuzzy membership values dataset. ‘Nearest neigh original’: nearest neighbour algorithm

applied to the 10 protein biomarkers data. ‘Nearest neigh mem’: nearest neighbour algorithm

applied on the fuzzy membership values dataset. ‘1 & 3’: consensus among the ANN and

nearest neighbour algorithm applied to the 10 protein biomarkers values. ‘2 & 4’: consensus

among the ANN and nearest neighbour algorithm applied to the fuzzy membership values.

‘Among all 4’: consensus among the ANN and nearest neighbour algorithm for both fuzzy

membership values and 10 protein biomarkers values datasets.

Table 3.1 shows the classification results for ten randomly selected patients out of 38.

Out of 38 patients, 31 had consensus results in case of ‘2 & 4’ i.e. by combining the

classification results classification of Fuzzy membership values dataset. In case of consensus

of classification of breast cancer dataset, i.e. ‘1 & 3’, the number reduced to 24. The

consensus of classification for both the datasets (‘Among all 4’) further reduced down to 18

out of 38. It can be noted that the fuzzy membership values dataset generated better results.

One explanation for its better results and might be that the fuzzy membership values dataset

is pre-processed, i.e. the dataset is the result of FuzzyQSBA algorithm.

A number of observations can be drawn after the classification process: firstly, when the

algorithms were run on the membership values dataset patients were either classified into

classes corresponding to the highest membership value or to the second highest membership
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Patient Ann Ann Nearest neigh Nearest neigh 1 & 3 2 & 4 Among
No. Original (1) mem (2) original (3) mem (4) all 4
2 1 1 1 1 1 1 1
3 4 4 4 4 4 4 4
7 5 5 5 5 5 5 5

10 5 5 5 5 5 5 5
14 4 3 4 4 4 0 0
24 5 5 5 5 5 5 5
25 4 4 4 4 4 4 4
32 5 5 5 5 5 5 5
35 4 4 4 4 4 4 4
38 4 4 4 4 4 4 4

Table 3.1 Results after classification

value, but no patient was classified to class 6 or class 7. The membership values for class 6

and class 7 were a constant value for all the 38 patients. In addition, when the algorithms

were run on the ten protein biomarkers similar results to those of the membership values

were obtained, i.e. no patient was classified to class 6 or class 7. The reason for this was

that the values of HER2 in the original 1,073 data were either 0 or 300. If the HER2 values

were 300 then the patient belonged to either class 6 or class 7. If the value was 0 then the

patient belonged to one of the remaining five classes or was misclassified. For all the 38

patients under investigation in this work, the values of HER2 were 0. So the patient would

never belong to class 6 or class 7. We decided to omit class 6 and class 7 in further clustering

analyses of ‘Not Classified’ breast cancer patients for the reasons explained above.

Results after Clustering

Individual results (for ten randomly selected patients) after each clustering algorithm along

with consensus across all the methods are reported in Table 3.2. Abbreviation of the table

headers are as follows:

‘K-medoids orig’: K-Medoids clustering algorithm applied on the ten original protein

biomarkers. ‘K-medoids mem’: K-Medoids clustering algorithm applied on the fuzzy

membership values. ‘Hierarchical clustering orig’: Hierarchical clustering algorithm applied

on the ten protein biomarkers. ‘Hierarchical clustering mem’: Hierarchical clustering

algorithm applied on the fuzzy membership values. ‘K-means mem’: K-Means clustering

algorithm applied on the fuzzy membership values.

As reported in the classification discussion above, we eliminated the possibility of cluster

6 and cluster 7, and reduced the number of clusters in which the patients could be grouped
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Patient K-medoids K-medoids Hierarchical Hierarchical K-means Among all 5
No. orig (1) mem (2) clustering orig(3) clustering mem (4) mem (5) (1&2&3&4&5)
2 1 1 1 1 1 1
7 5 5 5 5 5 5
8 4 4 4 4 4 4
14 2 4 2 4 4 0
16 1 1 1 1 1 1
21 4 5 4 5 5 0
22 3 3 3 3 3 3
26 4 5 4 4 5 0
35 4 4 4 4 4 4
38 4 4 4 4 4 4

Table 3.2 Results after clustering

to five. Columns (2) to (6) of Table 3.2 represent the outcome of K-medoids, Hierarchical

clustering and K-means clustering applied on the breast cancer dataset and on the fuzzy

membership value datasets. Out of 38 patients, 20 had consensus results across all the

five methods. The classification result classified 18 out of 38 patients in one of the seven

classes. Out of 20 patients from clustering, 18 patients are exactly the same as those from

the classification results. The consensus of clustering and classification results therefore

classifies 18 patients into one of the identified classes.

K-medoids and Hierarchical clustering produced the same results with respect to each

other by generating similar clusters. They classified the same 20 patients in one of the

identified classes for both the datasets, and performed slightly better than the classification by

assigning more patients into one of the classes. The results obtained by applying K-means on

the breast cancer dataset were not informative and were dropped from further investigation.

But, the results obtained on the fuzzy membership values dataset were similar to those

produced by K-medoids and Hierarchical clustering i.e. they classified the same 20 patients

into their respective classes.

K-means clustering algorithm performed poorly on the breast cancer dataset, but it

produced good results in case of the fuzzy membership values dataset. This difference could

be due to the fact that the fuzzy membership values are processed values and have been

obtained after applying FuzzyQSBA on original breast cancer dataset.

3.2.5 Discussion

After applying clustering and classification techniques on the 38 ‘Not Classified’ patients

from the Nottingham breast cancer series, 18 of the patients can now be assigned to one

of the seven classes. These patients show strong affinity with the original classes 4 and 5.
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Figure 3.3 Boxplot of 1073 patients from the Nottingham Breast Cancer Series.

Among 18 patients, six can be classified in class 4, 11 in class 5 and the one remaining in

class 1. Figure 3.3 shows the boxplots of the original 1,073 breast cancer patients where the

y-axis represents the H-score and the x-axis represents the ten protein markers.

Figure 3.4 compares the boxplots of the original classes 4 and 5 with those from the

current work. It can be seen that previous and new methodologies generate similar boxplots,

validating the new results. The ‘MUC1’ biomarker has a different mean and a different range

of values in the new classes 4 and 5. The mean is high in both the new classes. Similar

behaviour is observed for the protein ‘CK7/8’ i.e. the mean is high and the range is different

in both the new classes 4 and 5. The difference in the values of both the biomarkers could be

the reason for misclassification of these patients in the original work by Soria et al. [10]. The

strong affinity for class 4 and class 5 is validated by the range and the mean of the remaining

eight biomarkers.

3.2.6 Summary

To tackle the breast cancer heterogeneity, the identification of groups is extremely important

to tailor and choose the ideal treatment. In this section we have presented a potential solution

for classification of difficult to classify (i.e. ‘not classified’) patients. The work improves the

classification accuracy with in the Nottingham Breast Cancer dataset by classifying 18 more

patients into one of the seven core breast cancer classes. The solution forms the basis for an

improved classification framework for unlabelled datasets, presented in the next section.
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(a) cluster 1 (b) cluster 1

(c) cluster 2 (d) cluster 2

Figure 3.4 Boxplots of patients (a) Class4 of original classification (b) Class4 of new method-
ology (c) Class5 of original classification (d) Class5 of new methodology.

3.3 Two-stage Data Classification Framework

While combining the clustering algorithm results using ensemble methods, a number of data

are left unclustered, explained in the previous section using a case study on Nottingham

Breast Cancer dataset. Researchers have focused on making ensemble clustering combination

as good as possible, so to leave the smallest number of data unclustered [8, 72]. In this

section, we build on this work and present a step-by-step framework for the identification of

groups and efficient data distribution within them. Unlike other approaches in literature [8]

which focus on improving the ensemble clustering, the framework proposed in this thesis

employs two stages: ensemble clustering followed by ensemble classification. The first stage

is ensemble clustering in which the core groups are identified and subsequently a subset of

data (for which the cluster can be identified) is assigned to one of the clusters. It can be

observed that the first step is similar to other methods proposed in the literature and similar

to them a number of data points are left unclustered. In order to have the maximum amount

of data clustered in one of the identified groups, a second stage is added. The idea is to now

see this as a classification problem, i.e. using the clustered data as the training set to train

the classifiers and use the unclustered data as the test set. The introduction of the ensemble

classification step results in a novel classification framework.
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Figure 3.5 Abstract steps in the proposed framework

The two stages can be broken into multiple steps. An abstract view for the steps of the

framework is shown in Figure 3.5. The first step in the framework is data gathering, followed

by cleaning in the pre-processing unit. The processed data are passed to the ‘Coupling

ensembles of Clustering and classification’ unit which is itself broken down in further sub-

steps, each discussed in the next section. The final clustering in groups is inspected in the

further analysis step. The units of the framework are explained in the following subsections.

3.3.1 Data Gathering

The first step in the framework is aggregation of the data. Data can come in different shapes

and formats, but the process and protocols to collect the data are out of scope of this study.

3.3.2 Data Pre-processing

The next step is data pre-processing, i.e. data cleaning, which enhances the power of

algorithms to identify the patterns inside the datasets. In order to fully understand the data

under inspection descriptive statistics such as mean, median, range, standard deviation, etc.

can be computed. This might also help to locate inconsistencies among the data. Tuples which

have missing values can be deleted, and the tuples attributes could be made homogeneous,

i.e. all numeric or text. Other ways for processing could be normalisation of values using

methods such as min-max, z-score, etc. [142]. These steps produce the final set of data points

to be used.

3.3.3 Coupling ensembles of Clustering and Classification

Coupling ensembles of Clustering and Classification is composed of multiple sub-steps, as

depicted by a detailed flowchart in Figure 3.6. In this unit, the first sub-step is Ensemble

Clustering Unit, explained in the following subsection.
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Figure 3.6 Flowchart of the sub-steps in ‘Coupling Clustering and Classification to form
groups’ step from the abstract view. ‘Ensemble clustering (Clusterfusion) to form groups’
and ‘Ensemble Classification approach to classify more data’ are further subdivided into
smaller steps explained in Figures 3 and 4 respectively.
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Ensemble Clustering (Clusterfusion) Unit

This section elucidates the construction of groups and initial data distribution from the dataset

by consensus among the results of the two clustering algorithms. The cluster ensemble

methodology looks similar in principle to equivalent approaches in classification, namely

ensemble methods like bagging and boosting, but it presents additional problems [72]. Firstly,

matching clusters between algorithms is not straightforward as different clustering algorithms

may generate different numbers of groups and moreover the optimal number of groups may

be unknown. Another common problem is that of unclustered data left while combining the

results of the clustering algorithms.

To determine the optimal value of number of clusters ‘k’, we suggest to run cluster

validity indices. Set the minimum and maximum values for k, then at each iteration run

the clustering algorithms and the validity indices, changing the input k between the two

set values. If the indices suggest different numbers of clusters, then the minimum sum of

ranks can be taken as the optimal value of k [8]. This information about k is now passed

back to cluster the data using the same two clustering algorithms. To verify the ensemble

solution, Swift et al. [143] suggested the use of the kappa index. The agreement between

the equivalent clusters returned by the different clustering algorithms is evaluated using the

Cohen’s unweighted and weighted kappa index [144]. The index statistically evaluates the

agreement between the two clustering algorithms which clusters n data among k groups, and

return a value between 0-1 with zero being absolute disagreement and one being complete

agreement. Thus, this process returns the most stable cluster size.

The groups obtained by the different clustering algorithms are merged with the goal of

assigning the same set of objects to identical clusters, a process known as ‘correspondence

problem’. The correspondence among the groups is achieved by aligning the group labels to

get maximum agreement and therefore form core groups composed of the data with the same

group label. These steps of the ensemble clustering unit are represented by a flowchart in

Figure 3.7. There might be some data that present mixed classification while dividing the

data points into k common groups. These remaining data are therefore called unclustered

(unlabelled). To tackle the unclustered data we introduce the use of Ensemble Classification

on top of clusterfusion and forward the unclustered data to the ‘Ensemble Classification

Unit’.
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Figure 3.7 Flowchart for Consensus Clustering Unit shows the pictorial representation of the
order of steps to form groups in a dataset and subsequently divide the data in these constituted
groups.

Ensemble Classification Unit

The ensemble classification unit is proposed to refine the clustering results by targeting the

data that present mixed classification. The reasons behind introducing the ensemble classifica-

tion in the framework are to improve solutions, to reuse knowledge and to select novel models

by changing classifiers. Both the classification algorithms first learn the classification rules

from the previously clustered data (training set), and then use the unclustered one as the test

set with the goal to assign them to one of the previously identified ‘k’ groups. Decision-level

fusion using unanimous voting is employed to merge the classification results. The reason

for using this method is the choice of real world application to assign breast cancer patients

to biological groups, which demands high confidence in the results. As Unanimous voting
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Figure 3.8 Flowchart for the order of steps in Consensus Classification Unit to classify more
data in groups constituted in the clusterfusion step.

considers the consensus across all the algorithms in the ensemble, it generates the highest

confidence in results among all the ensemble methods.

Two principles were considered while performing the consensus: i) include as many

classifiers in the ensemble as possible, and ii) assign as many data to the core groups as

possible. Strict application of the principles may result in few data assignments, leading to

conflicts between them. The possible solution for this problem can be: i) to use other methods

of ensemble classifiers such as majority voting, weighted voting, stacked generalisation,

etc. ii) to use a trade off between the two principles. However, this problem is currently

overlooked as high output confidence is desired in this work.

After ensemble classification, more data are assigned to one of the groups, and the re-

maining data are still unlabelled or ‘Not classified’. The data clustered after the clusterfusion

step are now combined with the newly clustered data in the same groups to achieve the final

clusters. The newly clustered data needs further analysis and verification, which is discussed

in the following section. The detailed flowchart for the order of steps in this unit is shown in

Figure 3.8.

3.3.4 Further Analysis of the Groups Formed

To evaluate and validate the characteristics of the data assigned after ensemble classification,

visual tests, statistical tests and cluster quality assessment need to be performed. The

distribution of each attribute in a group after clusterfusion was compared to the one after

ensemble classification using boxplots (a method of visually displaying the distribution of the
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data using median, quartiles and outliers [145]) and the Davies-Bound index (internal cluster

quality assessment index). The statistical test used for the comparison is Mann-Whitney-

Wilcoxon, a non-parametric version of the t-test, to check whether the two distributions come

from the same population. The level of significance is usually chosen at 0.05 [146].

3.4 Summary

The identification of characteristic groups and subsequent classification of data points among

them is of prime importance as part of understanding and exploring unlabelled datasets. A

specific issue within these datasets is the classification of difficult to classify data points. For

example, classification of patients across biological groups within the breast cancer datasets.

Recent studies have used an ensemble of multiple clustering algorithms to elucidate the most

characteristic groups from these unlabelled datasets. However, the combination of various

clustering methods resulted in a number of data points as unclassified. Thus, in this chapter a

novel two stage classification framework is introduced by adding an ensemble classification

stage after an ensemble clustering stage.

To motivate the need for an improved classification framework, a case study on Notting-

ham Breast Cancer dataset was presented. Initially 38 out of 1,073 were ‘not classified’ using

the previous frameworks from literature. Using the novel two-staged classification framework

an improvement in classification was observed, as only 18 remained ’not classified’.

To demonstrate the performance of this new classification framework, it needs to be

empirically evaluated. Thus, in the next chapter three case studies (including Edinburgh

breast cancer dataset, several benchmark datasets from UCI repository and Microlise’s heavy

goods vehicle dataset) are employed to systematically evaluate the two-stage classification

framework. Moreover, the application on these case studies will also demonstrate the

generality and robustness of the classification framework.



Chapter 4

Validating Robustness of the
Classification Framework

This chapter validates the practical impact and robustness of the two stage classification

framework by empirically evaluating it across multiple real-world applicaitons. Therefore,

this chapter will also address objective 4 stated in Section 1.2, i.e. real-world application

of the new classification framework. It is important to note that in the last chapter we used

a real world case study to demonstrate the need for a new classification framework, where

as, this chapter will present the three case studies to evaluate the two stage classification

framework. The structure of the chapter is as follows: Section 4.1 presents the first case

study on Edinburgh breast cancer datasets for biological group stratification. The second

case study is to examine multiple standard datasets from the UCI repository for stratification

of their characteristic groups, demonstrated in Section 4.2. Lastly, Section 4.3 will present

the third and final study on Microlise’s heavy good vehicle dataset for driving stereotype

identification.

4.1 Case Study 1: Biological Group Stratification in Edin-
burgh Breast Cancer Dataset

4.1.1 Problem Overview

In the domain of breast cancer, the identification of groups is extremely important for clinical

experts to determine the best treatment outcome. Previously, ensemble clustering algorithms

have been used to elucidate core biological groups in a breast cancer dataset. However, the
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Figure 4.1 Boxplots of 478 patients in the Edinburgh Dataset

methodology resulted in a number of unclustered patients, i.e. low classification. Thus,

in the previous chapter we introduced the use of ensemble classification and presented a

novel framework for improved data distribution in the identified groups. As stated above, in

this section we present the first case study on Edinburgh breast cancer dataset for improved

identification of core groups, data distribution in these groups and improvement in final

classification by re-classifying the unclustered data.

4.1.2 Dataset Description

The real world data used was a breast cancer dataset provided by the Edinburgh Research

Centre. The Edinburgh Breast Cancer Series consists of 885 patients treated with breast con-

servation surgery, axillary node sampling or clearance, and whole breast radiotherapy [104].

Each of the patient’s tumour samples were tested against ten biomarkers using immuno-

histochemistry, which resulted in a score for each biomarker ranging from 0 to 300. The

biomarkers were: Estrogen Receptor (ER), Progesterone Receptor (PgR), Cytokeratin 7/8

(CK7/8), Cytokeratin 5/6 (CK5/6), EGFR, c-erbB2 (HER2), c-erbB3 (HER3), c-erbB4

(HER4), p53 and Mucin1 (MUC1) [10], [106].

The next step after selecting the dataset is data processing. In the Edinburgh breast cancer

dataset, the biomarkers ER, PgR and HER2 had no missing values for all the patients while

other biomarkers had some missing entries. All the tuples with at least one missing value

were deleted, reducing the number of patients down to 478. Since all the biomarkers were

scored on a 0 to 300 range, normalisation was not required. The cleaning of the cancer dataset

was followed by the computation of statistical measures (namely median, range and outliers)
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Validity Index PAM K-means
Marriot 4 4
Calinski 4 4

Scott 4 4
TraceW 4 3

Table 4.1 Number of clusters suggested by different validity indices

and boxplots. Figure 4.1 shows the boxplots of the 478 breast cancer patients where the

y-axis represents the values for each biomarker and the x-axis represents the ten biomarkers.

4.1.3 Results

After the descriptive analysis, the next step is to choose the number of groups by employing

PAM and K-means clustering algorithms for k = 2 to 15. The cluster results obtained were

passed to the cluster validity indices to assess the quality of the clustering output and hence

determine the optimal number of groups. Each validity index (Marriot, Calinski, Scott and

TraceW) was run separately on each clustering algorithm, with an associated rule to choose

the best number of clusters, already shown in Table 2.1. All the Cluster Validity indices

suggested four to be the optimal number except TraceW when run after K-means, for which

the optimal number was three. The results of the validity indices computation for both the

algorithms are shown in Table 4.1. The minimum sum of ranks was taken and four was

chosen as the optimal number.

Both the clustering algorithms were again run on the dataset for four groups. The

correspondence between results of the two clustering algorithms were statistically compared

using the unweighted and the weighted Cohen’s kappa index. The weights of the weighted

kappa index were computed based on the degree of disagreement between the groups, i.e. the

higher the weight, higher the disagreement. The unweighted kappa index value was 0.85 and

the weighted kappa index value was 0.93. These two values indicate a very high agreement

between the two clustering algorithms for the four groups formed. The cluster labels of

both the clustering algorithms were aligned in order to have the same data assigned to the

cluster with the same label from the two methods. The distribution of patients among the

four classes is shown in the first two rows of Table 4.2. Clusters 1, 2, 3 and 4 represent the

four identified groups. Ensemble clustering grouped 426 patients among the four common

clusters and left 52 unclustered (row three of Table 4.2).

The next step was to train the two classifiers on the 426 clustered patients, run them on

the 52 unclustered patients as test set and perform the class level fusion of results. The first
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Method Cluster Cluster Cluster Cluster Unclustered
1 2 3 4

K-means 168 141 120 49 -
PAM 160 190 81 47 -

Ensemble Clustering 157 141 81 47 52
Ensemble Classification 13 12 11 2 14
(additionally assigned)

Coupling ensemble clustering 170 153 92 49 14
with ensemble classification (35.57%) (32%) (19.25%) (10.25%) (2.93%)

Table 4.2 Division of patients in clusters

classifier used was five layered ANN network (having three hidden layers), with a sigmoid

activation function to model the weighted sum. The ANN was tested with multiple models,

but it achieved best results for network having 7-10-7 nodes for the hidden layers, with 200

epochs. The second classifier was the Nearest Neighbour with an Euclidean distance function.

For both ANN and Nearest Neighbour, we used a 10 fold cross validation approach. An

additional 38 patients were assigned to the common groups whose distribution is shown in

row four of Table 4.2. Combining ensemble clustering and ensemble classification, a total of

464 patients were clustered in one of the groups and the final distribution among the clusters

is shown in the last row of Table 4.2.

The data assigned to groups after ensemble classification were visually verified using

boxplots. Figure 4.2 compares the boxplots of the biomarkers for patients clustered in four

groups after ensemble clustering with the boxplots for the patients subsequently assigned to

the groups among the unclustered ones. The boxplots on the left side, i.e. (a),(c),(e) and (g),

are of 426 patients in clusters 1, 2, 3 and 4 respectively after ensemble clustering. Similarly,

boxplots on the right side, i.e. (b),(d),(f) and (h), are of 38 more patients assigned after

ensemble classification in clusters 1, 2, 3 and 4 respectively. Of these 38, 13 were assigned

to cluster 1, 12 to cluster 2, 11 to cluster 3 and two to cluster 4.

It can be observed that the boxplots of the patients after ensemble clustering are very

similar to the ones after ensemble classification for corresponding groups implying differ-

ences between the medians may not be significant. Few biomarkers differ, as in cluster 1

after ensemble clustering, the medians of ER and PgR are in the range of 100 to 150 and

250 to 300 respectively, while after ensemble classification the median is around 50 for

ER and 150 for PgR. Cluster 2 shows the variation only for one biomarker, ER, with its

median in the range of 200 to 250 for patients after ensemble clustering and being in the

range 50 to 100 after ensemble classification. Cluster 3 also shows a difference for only
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(a) cluster 1 (b) cluster 1

(c) cluster 2 (d) cluster 2

(e) cluster 3 (f) cluster 3

(g) cluster 4 (h) cluster 4

Figure 4.2 Boxplots of biomarkers. (a), (c), (e), (g): for patients in clusters derived after
ensemble clustering. (b), (d), (f), (h): for additional patients classified after ensemble
classification.
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Biomarker Cluster 1 Cluster 2 Cluster 3 Cluster 4
ER 0.004 2.34x10−7 0.125 8.02x10−6

PgR 5.69x10−9 0.003 0.001 6.89x10−5

CK7/8 0.061 0.072 0.005 0.681
CK5/6 0.158 0.539 0.214 0.84
EGFR 0.937 0.988 0.0004 0.467
HER2* 1 1 1 1
HER3 0.587 0.074 0.356 0.879
HER4 0.25 0.962 0.751 0.202
p53 0.438 0.766 0.0325 0.39

MUC1 0.637 0.055 0.082 0.024
*The reason for the p-value for HER2 to be equal to 1 is because the HER2 H-score for all patients in
the data was either 0 or 300, and it did not follow exactly a continuous range of values as for the other
biomarkers.

Table 4.3 The p-value comparison for patients after ensemble clustering with ensemble
classification

one biomarker, CK7/8, with the median being in the range of 150 to 200 for patients after

ensemble clustering and in the range of 250 to 300 for patients after ensemble classification.

The differences among biomarkers in cluster 4 are among ER, PgR and MUC1: the medians

after ensemble clustering are almost 0 for ER and PgR and just more than 200 for MUC1,

while for patients clustered after ensemble classification the value of the median for ER is

almost 100, between 250-300 for PgR, and that of MUC1 is below 50. For other biomarkers

in all the classes, the medians are almost equal. The reported differences in the values of

the biomarkers could be the reason that patients grouped after ensemble classification were

originally unclustered after ensemble clustering.

We now check whether the aforementioned differences are statistically significant, for

which we compare the distributions of markers in the newly formed groups with the groups

from ensemble clustering, using the Mann-Whitney-Wilcoxon test. Table 4.3 shows the

p-values comparison of 426 patients after ensemble clustering with 38 after ensemble classi-

fication for all the clusters and markers. The level of significance was set at 0.05. In both

clusters 1 and 2, it can be seen that ER and PgR have statistically different distributions. In

cluster 3, significant differences are observed for PgR, CK7/8, EGFR and p53. In cluster

4, the biomarkers ER, PgR and MUC1 are significantly different, similar to the boxplots

observation. Based on the boxplots and statistical results, the new patients added after

ensemble classification could be assigned to one of the groups.

To understand the significance of adding the ensemble classification layer on top of the

ensemble clustering layer, the Davies Bound (DB) [147] internal cluster validity index is
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Assigned 13 patients 12 patients 11 patients 2 patients
Cluster from Cluster 1 from Cluster 2 from Cluster 3 from Cluster 4

Cluster 1 1.3840 1.4004 1.3933 1.3736
Cluster 2 1.4339 1.3877 1.4297 1.3835
Cluster 3 1.4138 1.3991 1.3915 1.3893
Cluster 4 1.4016 1.4442 1.3941 1.3749

Table 4.4 DB index value of each subgroup of patients assigned after ensemble classification,
compared by assigning to all the other remaining clusters.

used, which is one of the most stable and commonly used indexes in the literature. The DB

index computes the ratio of intra-cluster and inter-cluster distance of the points (i.e. patients),

therefore, the lower this value the better the clustering. Since additional patients are added to

the clusters, the value of DB will slightly increase. As the value of the DB index increases,

the quality of the final classification decreases and thus the lower the increase, the better

the classification. Therefore, to study the quality of clusters, the DB index values of each

subgroup of patients assigned after ensemble classification were compared to the values of

the DB index obtained if they had been assigned to each of the other clusters.

The DB index value of the overall classification after ensemble clustering is 1.3732.

Table 4.4 shows the DB index value of each subgroup of patients assigned to each cluster.

Each column represents the cluster predicted for a set of patients after ensemble classification,

i.e. third row of Table 4.2. Each row contains the DB index of the assigned cluster. It can

be observed from that for Clusters 1, 2, and 3, ensemble classification assigns patients to

the best possible group, while for cluster 4, the two additional patients were assigned to the

second best group. Overall, the DB index supports the distribution of patients after ensemble

classification. It was also observed that at least one of the clustering algorithms did assign

the elements to the same class as obtained after ensemble classification. Therefore, the use

of the DB index supports this, and the clusters in which the patients are added after ensemble

classification is the best possible.

4.1.4 Clinical Assessment

We presented the results to clinical experts for their interpretation. Based on a review of

the results by clinical expert, we can be confident in assigning the patients after ensemble

classification to the biological groups identified after ensemble clustering stage. The final

clusters (after combining ensemble clustering and ensemble classification) represent the four

biological groups reported in Figure 4.3, shown using a tree format. According to available
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Figure 4.3 Breast Cancer Groups with representative characteristics

pathological information ER and PgR levels define Luminal groups. The two groups are

characterised by positive levels for ER values but different PgR levels, i.e. positive and

negative respectively. Thus, Clusters 1 and 2 represent Luminal A and Luminal B biological

groups respectively. Regarding those patients assigned to groups after ensemble classification,

clinicians stated that, although values may differ in some biomarkers, the patterns of the

defining biomarkers need to be consistent. In Clusters 1 and 2 patients after ensemble

classification follow the same trend, i.e. ER positive/PgR positive and ER positive/PgR

negative respectively.

Cluster 3 represents Basal group with p53 altered, characterised by high levels of p53

and low levels of ER. Patients in cluster 3 after ensemble classification have high levels

of p53 and low levels of ER similar to the patients after ensemble clustering. Cluster 4

characterise HER2+ biological group, having high values of HER2 biomarkers. The patients

after ensemble clustering have low levels of biomarker ER, called HER2/ER- group. However,

the patients assigned to cluster 4 after ensemble classification have high levels of ER (called

HER2/ER+), which could be the reason for them being unclustered. Since the number of

patients after ensemble classification are very small i.e. 2, thus they are labelled under one

biological group called HER2+.
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4.1.5 Discussion

While exploring the literature for the division of patients in biological groups using ensemble

clustering, the need for improving the clustering results was identified. For example, Soria

et al. [8] used ensemble clustering on a breast cancer dataset but could only classify 62%

of the patients in biological groups. Kellam et al. [114] also used ensemble clustering (on a

different domain though) and could only classify 55% of the patients. Thus, in this thesis we

use an improved two stage classification framework targeting the difficult to classify data

(in an unlabelled dataset). K-means (with HCA) and PAM clustering algorithms have been

used in first stage of the framework as they are two of the most commonly used clustering

algorithms with good performance [148]. Subsequently, an ensemble classification was used

to distribute more patients, which were previously unclustered. Two classifiers (ANN and

the Nearest Neighbour) have been utilised for the ensemble classification phase [13], as

together they have consistently resulted in good performance throughout the literature [149]

and cover advantageous properties required for good ensemble classification such as non-

linearity, non-parametric, memory based learning, etc. The application of the framework on

the Edinburgh Series identified four possible biological classes and distributed the patients

among them. From Table 4.2 it can be observed that after employing ensemble clustering

89% of the patients were assigned to one of the groups, and the classification jumped to 97%

after adding ensemble classification stage.

Additionally, Soria and colleagues in two consequent works ([8] and [10]) proved the

existence of three major biological groups (actually seven in total, three being the main

groups and four of them being sub-groups): Luminal, Basal and HER2. Therefore, by

comparing the classification results of Edinburgh dataset with the available pathological

information (and based on the characteristics), we have obtained similar biological groups

as in the literature. The patients were distributed among four biological groups using the

framework, as cluster 1 can be labelled as Luminal A, cluster 2 as Luminal B, cluster 3 as

Basal, cluster 4 as HER2+ and the remaining patients as Mixed Class (Figure 4.3).

4.1.6 Summary

In the domain of breast cancer, the identification of groups is extremely important for clinical

experts to determine the best treatment outcome. In this section we employed the novel

two stage classification framework (introduced in the last chapter) on the Edinburgh breast

cancer dataset (for improved data distribution in the identified groups). First the ensemble of

multiple clustering algorithms was been used for the extraction of characteristic biological
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groups from a breast cancer dataset and initial distribution of patients in them. 426 data out

of 478 were clustered among one of the four groups after ensemble clustering, verified by

high kappa index values. Next, the ensemble classification algorithm used the 426 patients

in the four groups to learn the patterns. After this step, an additional 38 patients out of 52

were added to one the four groups. The final data distribution in groups was achieved by

combining the patients distributed after ensemble clustering with the patients distributed

after ensemble classification. Thus, a total of 464 patients were clustered using a two stage

methodology.

We verify the data grouped after ensemble classification by comparing it with the data

clustered after ensemble clustering, using statistical (Mann-Whitney-Wilcoxon) [39] and

visualisation (boxplots) tests. We also tested the cluster quality using the Davies-Bound

index, to verify that patients were added to the most appropriate group [147]. The results

show from Table 4.2 show that with the addition of ensemble classification, the framework

improves the ensemble clustering results.

An additional case study has been done to analyse the importance of biomarker Ki67

in identifying Breast Cancer treatment groups. This study was performed for a new dataset

collected using the Reverse Phase Protein Micro-array (RPPA) approach. The study on both

the RPPA and the Edinburgh dataset are performed to identify the biological treatment groups

with a breast cancer dataset. The study in not included this chapter as it was performed

differently to all the three case studies presented in this chapter. Moreover, the material is

too short to be presented as a standalone chapter. We have therefore included the results in

Appendix A. Next section presents the case study on multiple datasets from UCI repository.

4.2 Case Study 2: Characteristic Group Stratification in
Benchmark Datasets

4.2.1 Problem Overview

In the second case study, the framework is employed to multiple standard datasets from the

UCI machine learning repository [150]. This case study is performed to show the generality

and robustness of the framework. The classification results in the previous section were

verified using multiple tests including statistical, visual and clinical. However, the datasets

used in this section already had ground truth available. Upon classification the results were

verified against the ground truth, uncovering interesting results, discussed below.
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4.2.2 Dataset Description

Five UCI benchmark datasets [150] including two standard medical datasets were used to

evaluate the framework i.e. external validation. These five datasets were selected as they

contain different number of classes with a broad range of features, shown in Table 4.5. The

framework was run on all the datasets by removing the ground truth from them. For each

dataset, after distributing the data among the groups using the classification framework, the

results were compared with the ground truth.

4.2.3 Results and Discussion

Table 4.6 shows the results of the framework on the UCI datasets. The first row contains the

number of data clustered in the groups after ensemble clustering represented by ‘Number

of data clustered after Ensemble Clustering’. The second row contains the number of data

correctly grouped after ensemble clustering by comparing with the ground truth represented

by ‘Number of data correctly clustered after Ensemble Clustering’. The third row contains

the number of data clustered in the groups after ensemble classification and the fourth row

the number of data correctly grouped after ensemble classification represented by ‘Number

of data clustered after Ensemble Classification’ and ‘Number of data correctly clustered after

Ensemble Classification’, respectively. ‘Total data correctly clustered’ contains the sum of

number of data correctly clustered after ensemble clustering and ensemble classification. The

last two rows contain the percentage of data correctly clustered after ensemble clustering

and the percentage of total data accurately clustered respectively. The increase in percentage

shows the improvement in results upon adding ensemble classification stage, as discussed in

the next section.

To measure the effectiveness, robustness and generalisation of the proposed framework,

in second case study it was run on standard datasets by removing their ground truth. From

Table 4.6 comparing the percentage of data correctly clustered after ensemble clustering

Iris Wine Ecoli Dermatology WBC*
Number of Classes 3 3 8 6 2
Number of Features 4 13 7 33 9

Total Number of Data 150 178 336 366 683
*Wisconsin Breast Cancer

Table 4.5 Descriptive features such as number of classes, number of features and total data in
the benchmark datasets
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Description Iris Wine Ecoli Dermatology WBC*
Number of data clustered after 134 170 334 351 681

Ensemble Clustering
Number of data correctly clustered 133 161 289 335 655

after Ensemble Clustering
Number of data clustered 16 8 2 15 2

after Ensemble Classification
Number of data correctly clustered 11 7 2 15 2

after Ensemble Classification
Total Data correctly clustered 144 168 291 350 657

after combining Ensemble Clustering
and Ensemble Classification
Percentage of Data correctly 88.67% 90.5% 86% 91.5% 95.9%

clustered after Ensemble Clustering
Percentage of Total Data 96% 94.4% 86.6% 95.6% 96.2%
correctly clustered after

combining Ensemble Clustering
and Ensemble Classification

*Wisconsin Breast Cancer
Table 4.6 A comparison of distribution of data among the groups for the benchmark datasets.

(seventh row) and data correctly clustered after the novel two stage method (eighth row), it

can be observed that there is a significant improvement in the classification results by adding

an additional ensemble classification stage. This improvement is consistent across all the

datasets. Thus, the experimental results show that the proposed framework effectively finds

groups in the datasets and distributes the data points in them (results validated by comparing

with the ground truth). Although the framework does not achieve the highest accuracy on

standard datasets in comparison to other supervised classification algorithm accuracies in

literature, these differences are small and acceptable. Moreover, these differences occur as

the framework takes the unlabelled data as input while the supervised algorithms learn the

classification rules on the ground truth in the training set. Thus, a trade-off can be considered

to identify groups in the datasets with no class labels and to get most of the data correctly

clustered.

4.2.4 Summary

This case study expands the initial idea of employing the ensemble classification method

in a breast cancer identification framework, and its focus is not on the number of clusters

formed but on the overall methodology to refine clustering results. Subsequently, in this case
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study we presents the application of the framework on several standard datasets from the UCI

repository. The biggest advantage of the proposed framework lies in its adaptability, which

enables customisation of each component (algorithms can be changed depending upon the

dataset) according to need and at each stage i.e. a robust approach. Although in this section

we have used specific clustering algorithms, classification algorithms, ensemble methods and

cluster validity indices, all of them could be replaced by other similar algorithms.

Upon distributing the data for the UCI datasets, the final classification of the data in the

groups was verified with already present ground truth for them. Although the final accuracy

was equivalent to what is achieved by other classifiers in the literature on the supervised

algorithms, these difference are acceptable. The results on the standard dataset show the

generality, robustness and effectiveness of the framework, particularly for those datasets

without labels.

To further evaluate the classification framework, in the next section another practical case

study is used, which is non-medical and real world. This case study is used to demonstrate

that the framework can be used across different applicaitons.

4.3 Case Study 3: Identifying Heavy Goods Vehicle Driv-
ing Styles in the United Kingdom

4.3.1 Problem Overview

In the third case study, we demonstrate the practical impact of the classification framework

with application on another real-world dataset. In order to do so, we focus on identifying the

driving stereotypes amongst the UK Heavy Goods Vehicle (HGV) driving community by

analysing a telematics dataset of driving incidents. 21,193 drivers were analysed in this case

study, collected in real-time. The next section discusses the background and motivation for

the need of using the classification framework in this application.

4.3.2 Background and Motivation

A large proportion of private and public sectors in the United Kingdom (UK) rely on

heavy goods vehicles (HGVs) transport for procurement and delivery of goods and services.

Statistics for the UK between October 2014 and September 2015 show that HGVs delivered

1.63 billion tonnes of freight within the UK, and 8.5 million tonnes were imported and

exported [151]. Due to the importance of HGVs in the country’s economy, there are great
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efforts being employed to reduce their incident numbers [152, 153]. Such incidents, which

incur in significant losses, are caused by the characteristics of the vehicle, road, weather

conditions, defiance of traffic rules, company policies and mostly by driving behaviour.

In order to mitigate these mishaps and their consequences, companies and researchers

have invested time and resources to improve the technology to manage HGV fleets. Fleet

management includes a range of activities, such as vehicle maintenance, telematics, driver

monitoring, health and safety inspections, etc. Most of these practices target the drivers’

welfare, as they are the main actors responsible for the vehicles within the fleet and the

cargo being transported. Currently, telematics is one of the leading technologies in fleet

management, where data acquisition is performed by tracking and diagnostics devices.

Telematics enable capturing large amounts of driving and vehicle data; this information assists

companies to identify, understand and define strategies for incident prevention. Actions

such as driving performance scoring, risk assessment of drivers, education and alerts are

now widely adopted. To define and to follow such procedures, an in depth understanding of

driving behaviour and their responses to the environment is presented in Section 2.5.2.

In this section, we investigate driving behaviour in the UK by analysing a large telematics

dataset. Our review of the literature indicates that most studies in the area are limited by the

number of drivers, which is in most cases fewer than 100. Furthermore, the driving data

employed previously is collected for a small number of journeys per driver; and to the best

of our knowledge, there is very little literature on HGV driver profiling for the UK. We

address these gaps by analysing a much larger dataset, in which hundreds of thousands of

HGV driving incidents in most roads in the UK for the year of 2015 are considered. In total,

21,193 HGV drivers are investigated. We want to answer the following research questions:

(i) What are the existing patterns of behaviour within the UK HGV driving community? (ii)

How do these patterns complement the current knowledge in the literature? To answer these

questions we apply a two-stage classification framework to the dataset.

4.3.3 Dataset Description

The dataset employed in this case study is obtained in collaboration with a telematics

provider company, namely, Microlise [154]. All data generated by the telematics systems

were transmitted and collected from vehicles in real-time across the year [60]. The lorries

are equipped with standard sensors as specified in the Society of Automotive Engineers

(SAE) standard J1939-71. Data was gathered by a collection of sensors connected to multiple

electronic control units by controller area network (CAN)-bus. The data was subsequently
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transferred to the telematics unit that populates Microlise’s databases via 3G. Microlise’s

telematics solutions are implemented in roughly 25% of the HGV vehicles across the UK.

For analysis in this work, 21,193 anonymised drivers were considered. Further details

on how the data has been merged is found in [60]. The requirement for a HGV driver to be

included in the dataset is that they must have taken part in at least 10 journeys per quarter of

the year. Each driver therefore has a minimum set of 40 journeys travelled on any road of the

UK. The period considered is between the first of January until the thirty first of December

of 2015. Driving style data includes measures such as engine revs (to identify green band

driving and over-revs), fuel consumption, accelerator position, idling, use of cruise control,

use of power take off, use of primary and secondary (engine) braking, harsh acceleration and

harsh braking. Many of these features collected, however, are not present in all vehicles and

are therefore not available to all drivers. To provide a consistent, standardised analysis, we

select the following attributes, which are present in all vehicles:

1. Driving time in seconds

2. Average daily distance in metres

3. Number of harsh braking events

4. Over speed duration in seconds

5. Excessive throttle duration in seconds

6. Number of over rev events

In addition, the number of journeys per quarter is necessary to determine those drivers to

be included. Before analysis, the dataset was normalised by dividing the number of harsh

brakes, overspeed, excessive throttle and over revs per driving time to avoid any biased

results.

This dataset has been previously studied in the Driver of the Year competition, promoted

by Microlise. The driver ranking based on incidents for the competition was performed

by Figueredo et al. [60]. The idea of determining drivers’ profiles as a continuation of the

previous data exploratory work came from the necessity of the company to better understand

how HGV drivers in the UK behave in order to develop better policies, and also due to the

scarcity of related literature. From the analysis for the competition, three clusters based on

the total distance travelled (short, medium and long distance) were identified. This study

extended the authors’ work by sub-clustering drivers based on their average daily distance
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travelled, and categorises the drivers in groups using the two-stage classification framework,

detailed in the next sub-section.

4.3.4 Classification framework tailored to Heavy Goods Vehicle dataset

Tseng et al. [155] hypothesise that ‘the driving mileage is a determinant factor in driver

speeding incidents’. The goal of this work is to determine whether (and how) distance and

time driven possibly affect the occurrence of incidents in the UK. The average distance driven

per day is therefore adapted instead of total distance, as it seems better suited to the driving

behaviour. Once the distance ranges are identified, the next phase is to identify driving

profiles within them. As mentioned previously, the analysis in this section is conducted in

two stages. The framework, as tailored to the HGV problem is shown in Figure 4.4. In the

first stage, consensus clustering is performed to elucidate core groups, detailed as follows:

STAGE 1

Data characterisation and pre-processing

If necessary the data is cleaned, normalised and inconsistencies are fixed. For our dataset

we perform consensus clustering employing the attributes harsh braking events, over speed

duration, number of excessive throttle events and number of over rev events. The features

across the dataset are normalised by the driver’s total driving time in seconds. Figure 4.5

shows the exploratory analysis of the data. The data are skewed as drivers with high numbers

of incidents are rarer (as expected). We have, however, not removed what may appear to be

outliers in the box plots distributions shown below, as extreme behaviour and the sparsity

of the data instances are important for driving characterisation. Further discussion on the

importance of keeping what appear to be outliers in the analysis is given in the next sections,

as we conduct the analysis.

No further transformation has been applied to the dataset as we want to observe how the

grouping of the real-world behaviour occurs, i.e., to establish a clear separation between bad

drivers and good drivers. Note, we have also attempted to cluster the data after a min-max

normalisation, but no relevant cluster is obtained from this exercise, therefore they were not

included in the chapter.
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Figure 4.4 Flowchart of the framework to determine the clusters in the drivers data set
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Figure 4.5 Data set features density distribution

Clustering

The K-means with candidate cluster centres from HCA and Partitioning Around Medoids

were the two clustering employed, similar to the previous case studies. These techniques

differ from each other as they have different measurements to define proximity of the data

instances to establish the clusters. This means that they group the data considering different

characteristics.

Determining the number of clusters

In this step, validity indices were applied to the clustering results. As for the HGV problem

the number of clusters are unknown, therefore in an attempt to determine an ideal value,

the indices Calinski and Harabasz, Scott and Symons, Marriot and Trace W were applied

to K-Means and PAM, for which the number of clusters and cluster centres are explicit

parameters, over a range of number of clusters varying from 2 to 20. According to specific

rules, validity indices indicate the appropriate number of groups to consider in the analysis.

In the indices implementation, cluster stability is also assessed.
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Consensus

Consensus between the algorithms is achieved by aligning the clusters found by the different

techniques. The agreement among solutions of the different clustering methods employed is

evaluated using the Cohen’s kappa coefficient k [156]. This coefficient is a statistical measure

of agreement for categorical items.

STAGE 2

After employing the consensus clustering, the instances without a common consensus

on the final class label are categorised as unclassified. In order to reduce the number of

unclassified instances, the second stage of the framework is employed, described below:

Ensemble Classification

The data points which were classified in Stage 1 are used to train the ensemble classification

models and the remaining unclassified data are used as test set. We attempt to classify the

previously unclustered data (test set) with the goal to assign them to one of the previously

identified groups. Support Vector Machines (SVM) [36], Nearest Neighbour (NN) [157]

and Multi-Layer Perceptron Neural Networks (MLP) [158] are employed as part of the

ensemble to learn the patterns. Among a number of decision level fusion methods present in

the literature, majority voting is employed in this case study.

To evaluate and validate the characteristics of the data assigned to clusters from Stage 1

after ensemble classification, visual tests, statistical tests and cluster quality assessment need

to be performed. The distribution of each attribute in a cluster after Stage 1 is compared to

that from Ensemble Classification from Stage 2 using boxplots, the Mann-Whitney-Wilcoxon

non-parametric t-test at 0.05 level of significance. If a group of newly classified instances

is statistically similar to any of the previous clusters after the tests, the drivers in the newly

classified group are combined with the equivalent group of drivers previously clustered after

Stage 1. Otherwise, the group of misclassified instances (instances classified as belonging to

a certain cluster by the ensemble, but the statistical tests fail to confirm the classification) is

checked for the possibility of being an extra profile. Lastly, the majority voting ensemble

classification results are evaluated using the Davies-Bound (DB) internal cluster quality

assessment index. The DB index computes the ratio of intra- and inter-cluster distance of the

drivers. Therefore, to study the quality of clusters, the DB index values of each subgroup of

drivers assigned after ensemble classification are compared to the values of the DB index

obtained if they had been assigned to each of the other clusters.
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Algorithm 1: Label behaviour
inputs :Box-plot for variablei (i:1..4) in cluster, box-plot for all data for variablei for

subgroup.

output : labeli of behaviour for each incident variable
foreach Incident variable vi, i:1..4 do

if Median(variablei)≤Median(AllDataInSubgroupForVariablei) then
labeli← “Low";

else if Median(variablei) IsBetween(Median(AllDataSubgroupForVariablei)
and T hirdQuartile((AllDataSubgroupForVariablei))) then

labeli← “Moderate";
else if Median(variablei) IsBetween
T hirdQuartile(AllDataInSubgroupForVariablei) and
Maximum(AllDataInSubgroupForVariablei) then

labeli← “High";
else if Median(variablei)> Maximum(AllDataSubgroupForVariablei) then

labeli← “Very High";

After Stage 1 is applied to 6,600 instances, 3 clusters are found, with 600 instances as

unclassified. 6,000 data points from clusters 1, 2 and 3 are used to train the classifiers at

Stage 2. The 600 unclassified instances are subsequently classified by models within the

ensemble using majority vote. Let us assume that the result of the 600 instances classification

is as follows: 100 instances are classified as belonging to cluster 1 (from Stage 1); 200

instances are classified as part of cluster 2; and 300 instances are classified as belonging to

cluster 3. To ensure that this classification is correct, we subsequently resort to the box-plots,

Mann-Whitney-Wilcoxson test and the DB cluster quality assessment. Therefore,we plot the

distribution of the original cluster 1 (from Stage 1) and contrast with the distribution of the

100 instances newly classified; we also compare them using the statistical tests. If those tests

show that there is no visual or statistically significant difference between cluster 1 and newly

classified 100 instances, then these 100 instances are merged into cluster 1. Otherwise, they

remain unclassified or, if the group is large enough, their instances are tested to assess if they

represent a new cluster (or pattern of driving behaviour). The same process is repeated for

the other clusters.

After ensemble classification, more data are expected to be assigned to one of the groups,

and the remaining data are still unlabelled or ‘unclassified’. The clusters obtained from Stage

1 are combined with the newly classified data in the same groups to achieve the final clusters.
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Figure 4.6 Example of the comparison of each variable with the median values found in the
cluster. The corresponding labels are on the right side of the figure.

4.3.5 Driver Profile Labelling Algorithm

To establish driver profiles (driving stereotypes), we put forward a novel profile labelling

algorithm that compares the median values for each variable of each cluster (i.e., harsh

braking, over speed, excessive throttle and over revs) with the quartiles in the box-plot for

the entire group data. The categories defined for the attributes are low, moderate, high and

very high occurrence of incidents, as detailed in Algorithm 1. Figure 4.6 shows the labels of

boxplots used to define the profiles.

In the next subsections the experiment and results of the framework, as applied to the

HGV data is presented.

4.3.6 Experimental Settings

Two instances of SVM classification algorithm are used in the ensemble, with radial basis

function and sigma set at 0.5/n f and 1/n f respectively, where n f is the number of features

in the dataset. In addition, two MLP classification models are considered with 1 and 3

neighbours with Euclidean distance function. MLP is adopted with three hidden layers and a

sigmoid activation function to model the weighted sum. Three instances of MLP are part of

the ensemble: (i) 15 nodes for layer 1, 20 nodes for layer 2 and 15 nodes for layer 3 with

100 epochs; (ii) 10 nodes for layer 1, 15 nodes for layer 2 and 10 nodes for layer 3 with 100

epochs; and (iii) 10 nodes for layer 1, 20 nodes for layer 2 and 10 nodes for layer 3 with 100

epochs. All algorithms are implemented using 10-fold cross validation.
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Table 4.7 Three main subgroups based on average distance travelled

Groups Average daily Km range Number of drivers
1 - Low daily average from 36Km to 220Km 5077
2 - Medium daily average from 220Km to 350Km 8391
3 - High daily average from 350Km to 750Km 7725

4.3.7 Results

In Figueredo et al. [60], three subgroups based on distance are identified (short, medium and

long distance drivers). We adapt these groups to consider the average distance driven per

day. K-Means grouped the distance ranges and the proportions for the low, medium and high

daily average distance groups, as shown in Table 4.7. The two-stage framework is therefore

applied to the data subsets within high, medium and low daily average distance travelled. For

the next phase, the consensus clustering is run on the subgroups found.

Low Daily Average Distance Travelled Subgroup

Validity indexes results indicate that three and four clusters are the most suitable numbers

(see Figure 4.7). Kappa index of 0.7725 on the consensus results confirms four clusters

should be adopted (Kappa for 3 clusters is 0.3757). Stage 1 results for four clusters are shown

in Table 4.8 (second column). 4,471 out of 5,077 drivers within this group are assigned to

one of the identified clusters; 606 however are associated with no group. Stage 2 is therefore

applied to the unclassified data; results are presented in the third column of Table 4.8. It

contains the number of unclassified drivers re-assigned to clusters, with p-value confidence

interval 0.05. These results were also verified by the DB index. The ‘Total’ column in

Table 4.8 shows the final classification of drivers after combining the results of Stage 1 and 2.

The number of unclassified drivers is reduced to 217.

Ensemble classification results in Stage 2 show that 148 instances have been assigned

to cluster 3 and another 241 instances form a new cluster. We achieved this outcome by

employing the classification ensemble to the unclassified data and performing a statistical

comparison on the results. Table 4.9 shows the p-value comparison (for each feature) of

the existing clusters found in Stage 1 against the new clusters formed after the ensemble

classification (Stage 2). Both unanimous and majority voting ensemble algorithms are

employed. In this particular case of low daily average distance drivers, both unanimous

and majority voting show similar results. To achieve maximum classification, however, the

drivers assigned to clusters in Stage 2 are obtained after majority voting (Table 4.9).
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Table 4.8 Distribution of drivers among the groups for Low Daily Average Distance

Cluster Stage 1 Stage 2 Total
1 3,107 - 3,107
2 177 - 177
3 432 148 580
4 755 - 755

New Cluster - 241 241
Unclassified 606 217 217

Table 4.9 p-value of majority voting for Low Daily Average Distance

Driving Feature Cluster 1 Cluster 2 Cluster 3 Cluster 4
Harsh Braking 0.08 0.004 0.15 0.73

Overspeed 2.2x10−16 2.2x10−16 0.02 0.5
Throttle 2.2x10−16 0.008 0.11 2.2x10−16

Over Revs 0.27 0.46 0.22 0.04
Number of drivers 241 60 148 157

The instances assigned to cluster 3 (148 instances) have p-values greater than 0.05, except

for overspeed. The statistical test results confirm that those 148 instances belong to cluster 3

found previously in Stage 1. The drivers designated to the other three groups by the ensemble

classification had p-value smaller than 0.05 for most attributes, which indicates that they do

not belong to the existing clusters and they are misclassified.

It is interesting to note at the bottom of the majority vote Table (4.9), that after employing

the complete classification framework 241 misclassified drivers are from cluster 1; 60

misclassified drivers belong to cluster 2 and 157 misclassified being part of cluster 4. To

check whether these groups of instances can possibly form a new pattern of behaviour,

Algorithm 1 is run on the driver groups of 241 drivers from Stage 2, as they form a large

group. Results are compared with the current profiles to check if there are any differences

in behaviour. As a consequence, a new driving profile is uncovered. The remaining non-

assigned instances are discarded (continue being labelled as ‘unclassified’), as they are low

in number for a new profile.

The driving patterns of behaviour are shown in Table 4.10. Figure 4.8 shows the cluster

characterisation of these groups using box plots. Figure 4.9 shows the values for each variable

in the clusters against the median of all low average daily distance drivers. From the figures,

it is possible to observe that in the first cluster, the number of incidents are low. The second

cluster comprises of drivers with the very high over speeding and high throttle values. Cluster

3 is characterised by high over speed and throttle, although these values are lower than in



4.3 Case Study 3: Identifying Heavy Goods Vehicle Driving Styles in the United Kingdom |
89

Figure 4.8 Clusters within low daily average distance
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Figure 4.9 Clusters within low daily average distance: comparing each variable with the
median values found in the cluster.

cluster 2. Cluster 4 has an overall high throttle. The new cluster from Stage 2 has moderate

values for harsh braking, overspeed and over revs, but has high values for throttle and low

over revs. It can be observed that the algorithm proposed produces the same pattern for

the second and third rows of the table. Although in Figure 4.9 there is a distinct difference

between the values of overspeed between these groups, we give them the same label, as for

both cases the median is above the maximum value from the box-plot of the entire dataset.

In the future, however, if experts identify the need of distinguishing between both over speed

behaviours, another label for speed (i.e., ‘extremely high’) can be added to the algorithm.

Lastly, it is important to notice that the outliers in the two figures represent the extreme

driving behaviours within the identified clusters, shown in detail in the discussion section.



4.3 Case Study 3: Identifying Heavy Goods Vehicle Driving Styles in the United Kingdom |
91

Table 4.10 Profiles for Low Daily Average Distance

Cluster Harsh Braking Overspeed Throtle Over Revs Profile
1 Low Low Low Moderate 1
2 High High Moderate Low 2
3 High High Moderate Low 2
4 Low Moderate High Moderate 3

New Cluster Low Moderate High Low 4

Table 4.10 shows the driving profiles after employing Algorithm 1 on the low daily

average distance instances. It is possible to identify four patterns of behaviour: very safe

drivers, who comply with traffic rules and have mostly moderate amounts of over revs;

unsafe drivers, with high values of overspeed and harsh braking; groups 3 and 4 comprise

mildly unsafe drivers, with distinct characteristics between them. Group 3 presents low harsh

braking, moderate overspeed and over revs and high throttle. Group 4 has moderate values

for harsh braking and overspeed, high throttle and low over revs.

Medium Daily Average Distance Travelled Subgroup

Validity indexes suggest the data should be divided either in three (second best number in

certain cases, see Figure 4.10), four or six clusters; however, three clusters produce a higher

kappa (0.8026) and a smaller number of unclassified instances (888). 7,503 out of 8,391

drivers are distributed in three groups after Stage 1 (Table 4.11, second column). Stage 2

adds 288 drivers to the second cluster and detects a new cluster with 502 drivers (Table 4.11,

third column). The final number of unclassified instances is reduced to 98. The p-value

comparison of clusters detected after Stage 1 with those from Stage 2 is shown in Table 4.12.

This classification was also confirmed by the DB index.

Figures 4.11 and 4.12 show the cluster results for the medium daily average distance

dataset. The first cluster comprises a pattern of behaviour identified previously, as it contains

the group of safe drivers, with low values for all incidents. Cluster two differs from the first

Table 4.11 Distribution of drivers among the groups for Medium Daily Average Distance

Cluster Stage 1 Stage 2 Total
1 4,863 - 4,863
2 892 288 1,180
3 1748 - 1,748

New Cluster - 502 502
Unclassified 888 98
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Table 4.12 p-value comparison of ensemble clustering with ensemble classification for
Medium Daily Average Distance

Driving Feature Cluster 1 Cluster 2 Cluster 3
Harsh Braking 6.1x10−6 0.4 0.07
Overspeed 2.2x10−16 0.75 2.2x10−16

Throttle 2.2x10−16 2.2x10−16 0.02
Over Revs 7.2x10−4 0.41 8.1x10−5

Number of drivers 502 288 98

Table 4.13 Profiles for Medium Daily Average Distance

Cluster Harsh Braking Overspeed Throtle Over Revs Profile
1 Low Low Low Moderate 1
2 Low Low High Moderate 5
3 High High Moderate Low 2

New Cluster Low Moderate High Low 4

cluster mostly by the number of excessive throttle, which is much higher. The graph for

cluster three presents high values for overspeed and throttle, and the fourth cluster appears

to have lower values for harsh braking and over revs and higher values for overspeed and

throttle. Table 4.13 shows the profiles detected after employing Algorithm 1 on medium

daily average distance drivers. Among the four driving profiles, two are also present in the

low average group, as indicated in the last column of the table.

The difference in p-values for new groups is more noticeable in this case (Table 4.12).

Algorithm 1 confirms one new driving profile assigning 502 drivers to them, represented by

‘New Cluster’ in Table 4.11. The Total column in Table 4.11 combines the drivers from Stage

1 and Stage 2 for final classification. After Stage 2, the number of unclassified drivers was

massively reduced from 888 down to 98.

High Daily Average Distance Travelled Subgroup

For the last subgroup, although there is more consensus (less unclassified instances) with

three clusters (905 unclassified and kappa equals 0.7658), the kappa coefficient favours four

clusters (0.7776). In addition, more patterns of behaviour are uncovered when four clusters

are considered. After Stage 1, 6,810 out of 7,725 drivers are distributed in four clusters

(Table 4.14, column 2). The third column shows Stage 2 results, in which 31 instances are

assigned to cluster 2; 254 drivers are added to cluster 3 and 59 are associated with the fourth

cluster. A new cluster is identified and contains 569 drivers. The number of unclassified
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Figure 4.11 Clusters within medium daily average distance
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Figure 4.12 Clusters within medium daily average distance: comparing each variable with
the median values found in the cluster.
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Table 4.14 Distribution of drivers among the groups for High Daily Average Distance

Cluster Stage 1 Stage 2 Total
1 4,657 - 4,657
2 1,007 59 1,066
3 604 254 858
4 542 31 573

New Cluster - 569 569
Unclassified 915 2

Table 4.15 p-value comparison of ensemble clustering with ensemble classification for High
Daily Average Distance

Driving Feature Cluster 1 Cluster 2 Cluster 3 Cluster 4
Harsh Braking 8.7x10−8 0.71 0.87 0.08

Overspeed 1.1x10−13 7.1x10−12 0.06 2.2x10−16

Throttle 2.2x10−16 0.7 2.2x10−16 0.52
Over Revs 3x10−15 0.71 0.48 0.18

Number of drivers 569 59 254 31

Table 4.16 Profiles for High Daily Average Distance

Cluster Harsh Braking Overspeed Throttle Over Revs Profile
1 Low Low Low Moderate 1
2 High High Moderate Low 2
3 Moderate Moderate High Low 6
4 Moderate High High Low 7

New Cluster Low Low High Low 8

drivers is reduced to 2. The p-value comparison of clusters detected after Stage 1 with those

from Stage 2 is shown in Table 4.15, once again verified by DB index.

Figures 4.14 and 4.15 characterise the clusters identified. In the table there is a cluster

with low values of incidents (cluster one); cluster two is characterised by high harsh braking

and overspeed and moderate throttle, whereas cluster three has drivers with high values for

harsh braking and throttle. The fourth cluster is mostly characterised by high overspeed. The

new cluster has high throttle but presents low values for all the other variables. The complete

characterisation of the stereotypes is found in Table 4.16. In the table, three new driving

styles are found. These patterns are not identified for both low and medium daily average

distance driven.
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Figure 4.14 Clusters within high daily average distance
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Figure 4.15 Clusters within high daily average distance: comparing each variable with the
median values found in the cluster.

4.3.8 Discussion

Profiles Identified

In this case study on HGV dataset, eight driving profiles were uncovered. For each stage,

the final set of driving profiles is displayed in Table 4.17, along with the number of drivers

present in each group and their proportions in relation to the entire dataset. The sixth column

shows the numbers after the first stage; the seventh column displays the final results, after

employing Stage 2. The last column shows in which subgroups (low (L), medium (M) or

high (H) average daily distance) the profiles are found.

The first stereotype (Profile 1) comprises of safe drivers and is common to all the three

subgroups and represents the largest proportion of drivers in the dataset (59.58%). Profile 2
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(aggressive drivers) is also common to all the three subgroups, characterised by high harsh

braking and over speeding, but moderate throttle. It is the second profile highest in proportion,

with 16.72%. The remaining profiles seem to appear in lower proportions within the UK

drivers. Profiles 3 and 4 have a similar number of harsh braking, overspeed and excessive

throttle but differ only in over revs events. Profiles 5 and 8 present low harsh braking, low

over speeding and high throttle; however, they differ only with regards to the number of

over revs. It is important to notice that profiles 5 and 8 comprise medium and high daily

average distance drivers, respectively. Drivers in profiles 6 and 7 differ by the number of

overspeed events. The high throttle for profiles 5 and 8, rather than indicating bad driving

behaviour, might suggest peculiarities of roads (high inclination), or the vehicles or the nature

of the cargo being transported. Further information is necessary to verify this hypothesis. If

further evidence is provided, profiles 1, 5 and 8 might indicate very similar or even the same

behaviour, which increases the proportions of very safe drivers.

After employing the classification framework, only 317 drivers remained unclassified.

Further investigation is necessary to identify the profile to which these drivers belong.

Figure 4.16 shows the 3-D scatter plot of the clusters in the three driving groups. These were

obtained by taking the principal components on the three groups. Figure 4.16 (a), (b) and

(c) show the drivers among 5 groups for low, 4 groups for medium and 5 groups for high

average distances, respectively. Lastly, figure 4.16 (d) show all the profiles combined in one

scatter plot (Note: This figure also show the scatter plot rotated by 180 degrees, to show the

profiles on the reverse side of the image). The four figures represent the driving behaviours

within the identified profiles among all the three subgroups. In the figures, the corresponding

profiles in all graphs have the same colour. For instance, Profile 1, which is common to all

subgroups of average distance is shown in blue. Points in black are the unclassified instances.

Profiles that are not common for the subgroups are represented in different colours.

From the figure it is possible to observe why a number points that seem to be outliers,

appear in the box plots of the clusters. There are a number of instances which are more

sparse compared to the other points in the clusters, even though these instances still belong

to the same pattern of behaviour as the clusters they have been assigned to. These points,

however, are not outliers. The consensus clustering method would have separated outliers

into extra clusters. In addition, we have attempted to remove the outliers that appear in the

box-plots, and as a consequence, new outliers appear, demonstrating that the data is spread

within the clusters. We believe that within a specific stereotype, these instances represent the

extreme values.
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Comparison with the State-of-the-Art

Quantitative comparison between the results of this case study and results in literature is

challenging due to differences in the data collected techniques, the types of drivers included

and the methodology employed. Although, this case study has confirmed the existing research

from literature [12], as few previously identified stereotypes were also found in our analysis.

For instance, the profiles identified by Constantinescu et al. [12] (in Chapter 2 Table 2.2) is

loosely similar (where the attributes considered in the data are the same) to the profiles of

well-behaved drivers (i.e. 1, 5 and 8). Similarly, profiles 2 and 7 from this study match their

sixth cluster. The other groups found would require further investigation, as their criteria for

the classification of profiles and the attributes used for clustering are different. Other authors,

such as Halim et al. [122] have also identified those types of behaviour for smaller vehicles.

Qualitatively comparing the results of the framework with the methods found in literature,

the two-stage classification frameworks is able to identify more stable clusters which are

obtained as result of consensus of multiple methods. The current literature mostly employs

fewer clustering algorithms and does not consider consensus. In addition, the classification

frameworks allows a more detailed report on less frequent behaviour, which is statistically

different from those groups detected in Stage 1. Moreover, no artificial data (produced via

simulation) is used in this case study and we do not interfere on driving behaviour during the

data collection.

Applications

Informing the stakeholders (managers, policy makers, vehicle manufacturers, etc.) about

the patterns of behaviour and their proportions will allow them to (i) understand what are

the characteristics of UK HGV drivers and (ii) to investigate, together with human factors

specialists, what mitigation actions could be taken to educate drivers and to reduce the

number of road incidents. In addition, for telematics companies such as Microlise, an

implementation of a classification system able to predict the driver’s behaviour could assist in

the development of internal policies, methods for scoring, the creation of games and rewards

for improved behaviour. One example of an existing action to reward driving behaviour is the

Microlise Driver of the Year Competition [60]. This competition, however, focuses on past

behaviour. By establishing an on-line, real-time classification approach, more effective and

immediate reinforcement of good behaviour can be employed. Similarly, such classification

can be used in inbuilt systems in smart cars to assess and trigger profile-specific actions for

incident prevention. The profiles found can also be translated into stereotypes defining agents
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behaviour in agent-based modelling simulation exercises. This allows for the creation of

artificial laboratories to investigate traffic, incident prevention, responses to actions, etc.

4.3.9 Summary

In this case study, eight types of driving behaviour amongst UK HGV drivers were uncovered.

To achieve these results, a dataset containing incidents over the year of 2015 for 21,193

drivers is examined. The incidents considered are harsh braking, over speeding, excessive

throttle and over revving. Eight driving patterns are uncovered by employing the two

stage framework, not described previously. From Table 4.17 it can be observed that after

Stage 1, 18,784 drivers out of 21,193 were distributed among six driving profiles, while

2,409 (11.37%) drivers were left unclassified. Adding Stage 2, two extra driving profiles

were uncovered and the number of unclassified drivers was reduced to 317 (1.5%).

These findings can assist policy makers and stakeholders in the HGV industry to better

understand their drivers and to define actions to improve road economy and safety. The use

of this 2-stage framework has lead to the formation of robust groups, validated by experts in

the HGV industry. A real-world dataset is used in this case study, again indicating robustness

and use of the novel classification framework.

4.4 Overall Summary

In the domain of unlabelled datasets, classification of instances which are difficult to clas-

sify is a challenging task. Current methods employed across unlabelled datasets face this

challenge, leading to an incomplete representation of the dataset. Thus, to improve data dis-

tribution in the identified groups, a novel two stage classification framework was introduced

in Chapter 3. This chapter builds upon the classification framework presented in the last

chapter by empirically evaluating it on three case studies.

In the first case study, the two-stage classification framework is employed on the Ed-

inburgh breast cancer datasets for biological group stratification. Multiple tests including

Mann-Whitney-Wilcoxson, boxplots and DB index were used to evaluate the classification

obtained by this framework. The results suggest that the characteristics of the obtained

biological groups were similar to the corresponding ones in the literature, validating the

classification performance.

The second study makes use of multiple standard datasets from UCI repository for

stratification of their characteristic groups. The classification obtained by the framework
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is verified by comparing its results with the ground truth was available for these datasets.

Again, a good classification performance was observed, indicating the generality, robustness

and effectiveness of the two-stage classification framework.

In the final case study, the framework is used to identify the existing driving stereotypes

in the Heavy Goods Vehicle community within U.K. Eight state-of-the-art driving stereotypes

were established, verified by experts in this domain. Moreover, these results can also enable

researchers, companies and policy makers to establish group-specific strategies in order to

improve safety and reduce risks.

Overall, the two stage classification framework results in an improved classification in

all the three case studies, highlighting the framework’s generality and capability to adapt to

different types of datasets (robustness). It can thus be inferred that the proposed framework

can be employed across unlabelled datasets for classification of difficult to classify data

points, therefore addressing one of the two key challenges in classification.

The next two chapters will address the second challenge in classification i.e. use external

information to improve fusion step in ensemble classification. Comprehending the contribu-

tion of each classifier in ensemble can lead to robust (capability to adapt) and explainable

(transparent) decision level fusion. The next chapter puts forward a new class of ’A priori’

FM and aggregation operator based ensemble classifier to tackle this challenge.





Chapter 5

Combination of Classifiers Through
Leveraging External Knowledge

This chapter moves on from the previous two chapters to address a different category of

challenge that affects ensemble classification. The chapter focuses on leveraging existing

external information improving the overall classification performance as understanding the

decision level fusion step in the ensemble could potentially lead to a robust (capability

to adapt) and explainable (transparent) approach. In doing so, the chapter also addresses

objective 3 of this thesis (for more details refer to section 1.2 in Chapter 1). Moreover,

leveraging additional external information can be useful to understand how classifier outputs

are actually combined. Currently, linear aggregation is state-of-the-art for combination

of classifier outputs. However, these methods cannot account for non-linear relationships

between the classifier outputs. Although, few non-linear aggregation methods have been

explored [23, 94], these approaches do not leverage external information.

One approach to use the external knowledge is the aggregation operators (such as FIs),

which are powerful non-linear mathematical functions (unlike most of the ensemble methods

which perform linear combinations) capable of exploiting interactions between the models in

the ensemble, through a FM. Current FMs suffer from some challenges or they cannot capture

the external knowledge. Thus, in this thesis a new category of A Priori FM is introduced.

Section 5.1 will discuss the background and motivation for capturing the additional external

information and drawbacks of current FMs (together they highlight the need for a new

category of FMs). Section 5.2 will introduce this new category of A Priori FM.

The Choquet Fuzzy Integral (CFI) has been one the most widely used aggregation

operator in literature. However, it suffers from some drawbacks leading to non-intuitive

results. Recently, Wagner et al. [7] discussed these problems in detail and introduced a
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new aggregation operator called the Recursive Average (RAV), which could be useful to

understand how these sources (individual classifiers in the case of RAV operator based

ensemble classification) are combined. With the introduction of RAV, there is a need to

examine the most appropriate aggregation operator (between CFI and RAV) for the A Priori

FM and thus, Section 5.3 will compare CFI and RAV.

5.1 Background and Motivation

One important challenge to achieve better ensemble classification performance i.e. to better

combine the individual classifiers output. To tackle the aforementioned challenge in ensemble

classification, one approach is the use of the aggregation operator defined with respect to

a Fuzzy Measure (FM) [159, 160, 23]. Aggregation operators are mathematical methods

which have been extensively used in the literature for weighted multi-source information

fusion [159, 160] (for more details refer to Section 2.4 in Chapter 2). The weights of the

sources (e.g. individual classifier outputs in the context of ensemble classification) are defined

by a Fuzzy Measure (FM) [23, 91], which not only captures the worth of the individual

sources, but also the weights of all the possible combinations of sources (again, more details

in Chapter 2).

To solve real-world problems using aggregation operators, the weighting strategy needs

to be defined in advance. For example, defining FMs with respect to FIs is an intrinsic task.

Given n information sources, 2n−2 factors need to be identified to define a FM. Therefore,

defining a FM is a complex expensive task. Currently, to construct a FM, three major

approaches are common: 1) Experts-driven, 2) Optimisation and 3) Algorithm-driven. These

methods to construct FMs have been widely used in literature [83, 87, 23], however, each

of these methods have their distinct strengths and weakness. With increase in number of

sources, the number of factors to be defined for a FM increase exponentially; thus, manual

specification of every combination sometimes becomes impractical. A body of existing

literature has addressed FMs learned from training data with respect to a selected aggregation

operator and an optimisation approach. However, these FMs are non-generic and should

only be using the same aggregation operator defined in advanced. Algorithmic versions

of FMs such as the Sugeno λ -measure and the S-decomposable measure, construct the

entire FM lattice from densities (worth of the singletons) and thus, they fail to capture the

interaction among the sources. Moreover, they are commonly driven by mathematically

required properties, rather than application-specific insight.
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The work in this chapter addresses the aforementioned drawbacks and proposes a fourth

category: FMs specified using externally available information, so-called ‘A Priori FM’,

an alternative method to construct the FM by using information from external available

information (e.g. literature) i.e. from ‘a priori’ knowledge. Here, ‘external information’ is

information available to inform the weighting of individual sources and their combinations

which is independent of the actual data fusion step (e.g. classifier combination in ensemble

classification). The next section introduces this ‘A Priori’ FM along with two approaches to

capture the external information to drive the proposed FM.

5.2 A Priori Fuzzy Measure

It is important to recall that FMs can capture different levels of knowledge and different

knowledge content by evaluating interactions among different information sources. This

section puts forward the novel concept of A Priori FMs - which are complex, yet human-

interpretable weighting structures and parameterise aggregation functions such as the FI by

leveraging existing external knowledge. The key idea underpinning this FM is to use external

information for a robust (can adapt for different information sources) and interpretable

(explainable) combination of sources. The A Priori FM also shares similar motivation with

Fuzzy Logic Systems i.e. the idea of leveraging the external information from literature in

order to construct intelligent systems. One could argue that expert-driven FMs are also a

type of A Priori FM; nevertheless, as expert-driven FMs are a specific type with a long and

well understood tradition/rationale, we argue that maintaining them as a separate category is

both useful and serves clarity.

To achieve better overall ensemble classification results, this section employs this afore-

mentioned novel A Priori FM to better combine individual classifier outputs. In particular,

this thesis explores the decision-level aggregation of classifiers and focus on advanced fusion

operators and their configuration as a part of this. In addition to leveraging existing external

knowledge, this new A Priori FM based ensemble classifier can also enable interpretability

in the fusion step of ensemble (based on the external information).

The next sub-section presents an algorithm to convert the external information to A Priori

FM, followed by an A Priori FM based ensemble classifier - which can capture the quality

of individual classifiers (and their combinations) in order to then enable a fusion-based

(ensemble) classification.
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(a) Steps of constructing FM from performance measures

(b) Lattice diagram showing the worth at each level

Figure 5.1 Proposed Fuzzy Measure Construction Framework.

5.2.1 Algorithm to convert external information to Fuzzy Measure

This section introduces a novel algorithm which converts the obtained information values

to the A Priori FM, pictorially described in Figure 5.1a. For all A ⊆ X and number of

information sources N : {1, ..,n}, the A Priori FM is given by gap. Algorithm 2 takes as

input the information values iVali, where i is all the combinations, and the normalisation

factor N f (the range on which the accuracies are normalised); and generates the A Priori FM

gap by running the following two steps:

S1: The first step is to map each information value to a normalised measure value nm, using

step ‘S1’ shown in Algorithm 2. This step is done to apply the boundary property ‘P1’

of the FM (defined in Chapter 2 Section 2.4). The normalisation method is carefully

chosen, as it maps the confidence in information for all the individual sources and all
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the subsets of sources, against the overall maximum information. Two normalisation

approaches are used in this work, described as follows:

1. One approach is to normalise the iVals between the minimum and the maximum

observed information value (min-max normalisation) i.e. the N f = 0. This

approach is chosen as it is one of the most commonly used approach in literature.

2. Another approach is to normalise the iVals between 50% (of highest possible

value which could be 1 or 100 depending upon application) and the maximum

observed information value (MaxiVal) i.e. use the normalisation factor N f = 50.

The normalisation factor is chosen to be 50% (instead of 0) as intuitively the

applications should perform better than random guessing i.e. their information

value should be more than 50%.

These normalised measure values are then subtracted from one (to give high worth to

best iVal and vice-versa) and then passed onto the second step.

S2: The second step is to convert the normalised measure values to the A Priori FM. For

example, for all the individual sources from Figure 5.1b i.e. i.e.g. g{x1}, g{x2}, etc.,

the normalised measure values obtained from the previous step is the final A Priori

FM. For each combination of sources (i.e. all the combinations in Fig 5.1b), if the

normalised measure value obtained from the previous step is greater than or equal

to the values of all its sub-sources, the normalised measure value of that combina-

tion is the final A Priori FM (i.e. from Fig 5.1b, if nm({x1,x2}) > nm({x1}) and

nm({x1,x2}) > nm({x2}), then gap({x1,x2}) = nm({x1,x2})). Otherwise, if this

normalised measure value is less than the measure value of any of its sub-sources,

the maximum measure value among its sub-sources is the final A Priori FM (i.e.

from Fig 5.1b, if nm({x1,x2})< nm({x1}) or nm({x1,x2})< nm({x2}) or both, then

gap({x1,x2}) = max (nm({x1}),nm({x2}))).

Information regarding an event (or system) can be collected from different sources.

Although this knowledge can be collected in multiple ways, in this thesis we present two

different approaches to capture the a priori knowledge as an external source of information to

construct the FM (the entire lattice) and evaluate it in the context of ensemble classification.

The two approaches are: 1) Classifiers performance driven, and 2) Literature knowledge

driven. The first method constructs the FM from the training data of a contemporary empirical

experiment result. By contrast, the second method constructs the FM from a pre-existing

expert knowledge that is instead obtained from psychological experiments. A detailed
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Algorithm 2: A Priori Fuzzy Measure Algorithm
inputs :Information Values (iVal), Normalisation factor (N f )
output :Fuzzy Measure (gap)

MaxiVal = argmax(iVal)
foreach i in nm(A) do

S1:

nm(Ai) = 1−MaxiVal− iVal(i)
MaxiVal−N f

S2:
if |A|== 1 then

gap(Ai) = nm(Ai);
else

if nm(Ai)< nm(Bi) then
gap(Ai) = nm(Bi);

else
gap(Ai) = nm(Ai);

where, nm(Bi) = max(gap(A−1i))

explanation of the two approaches, followed by a decision level fusion ensemble classifier

based on this novel A Priori FM are presented in the next three subsections respectively.

5.2.2 Classifier Performance Driven A Priori Fuzzy Measure Learning

In classifier performance driven FM learning, the a priori knowledge i.e. the information

value iVal, is the classification performance of all the individual classifiers and the classifica-

tion performance of all the combinations of the classifiers. This value can be metrics such

as accuracy, specificity, sensitivity, AUC, etc. Using the Algorithm 5.2.1 introduced in last

sub-section and the framework shown in Figure 5.1, the (observed) performance metric can

be converted to the A Priori FM.

5.2.3 Literature Driven A Priori Fuzzy Measure Learning

In the aforementioned approach, the performance values (a priori knowledge) is obtained

from empirical experiments. In contrast, the performance values in literature driven approach

are obtained from literature, for example existing publications from other disciplines such as

Psychology. These Literature driven FM are motivated by a pivotal question in aggregation

operator based data fusion: ‘Can we capture the FMs in cases where we don’t have data to

learn from (i.e. from algorithms or experts)’. The Literature-driven A Priori FM is based
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on an experiment in literature, investigating how well the subjects (people) perform in the

selected application. It is important to note that the framework (Figure 5.1) to construct the

FM from performance values is the same in both the approaches and they differ in how the

information is collected, emphasising that this method is a robust approach to construct the

FM.

5.2.4 A Priori Fuzzy Measure Driven Ensemble Classifier

We now proceed to develop a class of ensemble classification algorithms, which use this novel

A Priori FM to support the decision level fusion step in the ensemble. For simplicity, only

binary classifiers are considered in this thesis. Let fk be kth binary classifier in the ensemble

having n classifiers (X1,X2, ...,Xn) and the two classes be labelled y =+1 and y =−1. The

class labels sign( fk(xi)) obtained for each training data xi is then used to compute the final

decision value h(xi). The A Priori FM is computed using this decision value h(xi). Each test

data x′ can now be classified using the following steps:

1. Compute the decision value h(x′) for all the classifiers in the ensemble,

2. The aggregation value agg for the test data is computed using the A Priori FM gap in

respect to the RAV (2.17) or the CFI (2.16).

3. The final class label is sign(agg).

In the next section, we compare the most commonly used FI i.e. CFI with the recently

introduced RAV with the intent of identifying the most appropriate aggregation operator for

A Priori FM.

5.3 Aggregation operator selection

Many aggregation operators have been proposed in the literature, FIs [90] being the one

of the most commonly used (especially the CFI). FIs are powerful non-linear aggregation

functions and may result in better performance than the most commonly used weighted

or non-weighted aggregation functions, such as the Simple Weighted Average (SWA) or

Ordered Weighted Average (OWA). We focus on the FIs for fusion problems as unlike most

of the aggregation methods which perform linear combinations, FIs are capable of capturing

interactions between the information sources. FI based data fusion methods have found

applications in numerous domains including Software defect prediction [97], Multi-Criteria
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Decision Making (MCDM) [95], Brain Computer Interface (BCI) [98], Forensic science [96],

and Explosive hazard detection [101]. One specific application of interest is Computer

Vision [99, 135, 136, 100].

Although FIs have been used widely, they suffer from potential drawbacks of producing

non-intuitive results in respect to a commonly intuitively interpretable FM. For example,

as shown in [7], the re-ordering inherent to the FI can lead to only partial exploitation of

a FM and the aggregation of symmetrically mirrored inputs does not necessarily result

in symmetrically mirrored outputs. Wagner et al. recently discussed these aspects in

detail in [7] and introduced a family of aggregation functions called the Recursive Average

(RAV), as an alternative to FIs for fusion applications designed to leverage (interpretable)

FMs. Moreover, due to the fusion principles of RAV, they can help in understanding how

the sources are fused (in the case of ensemble classification application these sources are

individual classifiers). This operator can therefore be useful to understand the combination

step in ensemble classification.

With the RAV operator addressing some of the potential shortcomings of how FMs are

used by FIs, there is renewed scope to revisit the most appropriate aggregation operator for

the A Priori FM. Therefore, before presenting the case studies for this new FM across on

ensemble classification applications (in order to understand the configurations of fusion step

in ensemble classification), it is important to choose the appropriate aggregation operator. It

is therefore intuitive to compare the two aggregation operators CFI and RAV, and in order to

do so, the following two questions needs to be answered:

A Is there any difference in performance between the aggregation operators CFI and

RAV?

B What do the resulting FMs for both the operators look like and how do they compare?

In order to answer these questions, an empirical comparison between the CFI and the RAV

operators is vital. Subsequently, in the next section we will compare CFI and RAV operators

based ensemble classifiers, which internally compares the two aggregation operators. Since

RAV is relatively new, no RAV based ensemble classifier has been presented so far. In this

chapter, we first present Decision-level Fusion of multiple kernels using RAV (DFRAV).

DFRAV aggregates the outputs of kernel based classifiers through the use of the RAV with

respect to a FM learned through a regularised quadratic programming approach. DFRAV

is based on similar principles of DeFIMKL. The DeFIMKL ensemble classifier, which is a

state-of-the-art CFI aggregation operator based ensemble classifier, has been reviewed in the

Section 2.4.3 of literature review chapter. It will be therefore intuitive to compare these two
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algorithms. It is interesting to note this comparison can inherently contextualises the two

aggregation operators, potentially answering question A (defined above). The next section

first puts forwards the DFRAV ensemble classifier, followed by its detailed comparison with

the DeFIMKL.

5.3.1 Decision-level Fusion of multiple kernels using Recursive Aver-
age (DFRAV)

In this section, we propose Decision-level Fusion of multiple kernels using RAV 1 (DFRAV)

and compare its performance with DeFIMKL, which is a state-of-the-art aggregation operator

based ensemble classifier (for more details refer to section 2.4.3). Since FM defines the

working of the RAV, thus the selection of FM selection is important for the working and

understanding of the DFRAV algorithm. For the comparison to be consistent the FM for

RAV is also constructed using a regularised sum of squared error (SSE).

The SSE for ensemble decision RAVFM(xi) with respect to FM be defined as:

E2 =
N

∑
i=1

(RAVFM(xi)− yi)
2, (5.1)

where n = number of training samples, yi is the actual class label for xi.

Let fk(xi) be the output generated by the kth classifier in an ensemble on a feature vector

xi. The overall decision of the ensemble is computed by the RAV, where g encodes the

relative worth of each classifier in the ensemble. Thus, the output of the ensemble with

respect to the FM g on feature-vector xi is produced by RAVFM(xi), mathematically described

as follows:

RAVp(xi) =

h(S), if |S|= 1.

(∑RAVFM(B j)
c .∑g(B j), otherwise.

(5.2)

where B j = S\x j,x j ∈ S and c = cardinality of B j. The SSE can be expanded as:

E2 =
N

∑
i=1

(HT
xi
.u− yi)

2, (5.3)

1For simplicity, we focus our experiments on p=1.
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where yi is the actual class label for xi, u is lexicographically ordered FM g i.e. u =

(g{x1},g{x2}, ...,g{x1∪ x2},g{x1∪ x3}, ...,g{x1∪ x2∪ ...∪ xm}), and

Hxi =



h(S1)/1

h(S2)/1

.

.

(h(S1)+h(S2))/2

.

.

(h(S1)+h(S2)+ ..+h(Sn))/n


(5.4)

where Hxi is of size (2m−1)X1 and contains all the difference terms fπ(k)(xi)− fπ(k+1)(xi)

at the corresponding locations of Ak in u. We can fold out the square terms from equation 5.3,

producing:

E2 =
n

∑
i=1

(uT HxiH
T
xi

u−2yiHT
xi

u+ y2
i )

= (uT Du+ f T u+
n

∑
i=1

2yiHxi), (5.5)

D =
n

∑
i=1

HxiH
T
xi
, f =−

n

∑
i=1

2yiHxi

Equation 5.5 is a quadratic function and thus we can add the constraints on u such that it

represents a FM, producing a constraint QP. We can add the monotonicity constraint on

u according to the properties P1 and P2 as Cu ≤ 0, such that C is a vector representing

monotonicity constraint g{x1}−g{x1∪ x2} ≤ 0 (see [91] for more details on C). Thus, the

full QP to learn FM u is:

minu 0.5uT D̂u+ f T u, Cu≤ 0, (0,1)T ≤ u≤ 1 (5.6)

where D̂ = 2D. We test the performance using l1 regularisation i.e.

minu 0.5uT D̂u+ f T u+λ ||u||1, (5.7)

The QPs at 5.6 provide a method to learn the FM u (i.e. g) from the training data. A new

feature vector x′, from a test set, can be classified as:
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1 Compute the SVM decision value fk(x′),

2 Apply the CFI at equation 2.16 with respect to the learned FM g,

3 Compute the class label using sign( fk(x′)).

Equation 5.3 can be transformed to a constrained Quadratic programming (QP) problem

by adding Monotonicity and Boundary Condition constraints on u. The output of the QP is

the FM g. For test data, the decision value is computed by applying the RAV operator i.e.

equation 2.17, with respect to the learned FM g described as below:

1 Compute the SVM decision value,

2 Apply RAV w.r.t. the learned FM g,

3 Compute the class label.

5.3.2 Results and Discussion

The following table compares DeFIMKL with DFRAV. These algorithms are also compared

with GAMKLp, a feature level kernel fusion algorithms which uses p-norm genetic algorithm

approach for kernel ensembles i.e. a variation of FIGA (more details in [23]). The DeFIMKL

and DFRAV is contextualised with GAMKL to demonstrate the difference in performance

of feature level fusion ensemble classifiers (GAMKL) and decision level fusion ensemble

classifiers (DeFIMKL and DFRAV). The table shows the accuracies of all the algorithms

along with their standard deviations over 100 trials, for six UCI datasets. Five base kernels

with λ = 0.5 and σ = 0.5 − 1.5 / (number o f f eatures) for L1 and L2 regularisation

on SVM kernels are selected. Maximum of GAMKL−L1 and GAMKL−L2 i.e. L1 and L2

regularised GAMKL, was compared with DeFIMKL and DFRAV. The Genetic Algorithms

for GAMKL is run for 25 generations with a population of 31 chromosomes with 5-fold

cross validation (more details in [23]).

DeFIMKL− L1: DeFIMKL algorithm using L1 regularisation DeFIMKL− L2: De-

FIMKL algorithm using L2 regularisation DFRAV −L1: DFRAV algorithm using L1 reg-

ularisation DFRAV −L2: DFRAV algorithm using L2 regularisation arg max {GAMKL−
L1, GAMKL−L2}: best accuracy among GAMKL-L1 and GAMKL-L2

The classification accuracies of the DFRAV and DeFIMKL algorithm are shown in

Table 5.1. A two-sample t-test at 5% significance is used to determine the best algorithm(s)

for each dataset. The t-tests compare the accuracy distribution of each algorithm with the
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Table 5.1 Comparison statistics of DeFIMKL and DFRAV. For clarity, the best classifiers are
bold and the classifiers performances which are statistically significantly indifferent than the
best are in italics

Dataset DeFIMKL−L1 DeFIMKL−L1 DFRAV −L1 DFRAV −L1 max {GAMKL−L1,
GAMKL−L2}

Sonar 83.83 (5.61) 83.88 (5.4) 84 (4.85) 83.88 (5.48) 86.9 (1.68)
Dermatology 97.41 (1.91) 97.45 (1.55) 97.38 (1.76) 97.49 (1.74) 97.9 (1.68)

Wine 99.7 (0.91) 99.7 (0.84) 99.7 (0.87) 99.7 (0.91) 99.7 (0.87)
Ionosphere 94.72 (2.96) 95 (2.37) 94.7 (2.56) 94.89(2.58) 96.4 (1.01)

Ecoli 97.34 (1.63) 97.69 (1.62) 97.4 (1.88) 97.46 (1.67) 97.76 (3.17)
Glass 94 (3.34) 94.07 (3.23) 94.16 (3.44) 94.07 (2.83) 94.19 (4.93)

‘MaxGAMKL-L1, GAMKL-L2’. Thus, more than one algorithm can be considered as best,

shown in bold font for each dataset. The results indicate that DFRAV and DeFIMKL produced

very similar results, which answers question A (defined in Section 5.3) i.e. comparison of the

performance of the aggregation functions CFI and RAV.

To answer question B (defined in Section 5.3), the resulting FMs are shown in Figure 5.2.

The figure shows the FM values for CFI represented by GCFI, obtained after optimisation

of equation 4 using quadratic programming. The figure also shows the variations of FM for

RAV represented by GRAV , obtained after optimisation of equation 7 using the quadratic

programming. Let sources {1}, {2}, {3}, and {4} be called FMs at level 1, similarly let

{1,2},{1,3}..{3,4} be FMs at level 2, and so on. Three sources in level 1 are very small for

CFI while the fourth one is much larger. Although, the order of values is different, the same

pattern is followed for RAV i.e. three sources are very small for RAV, and the fourth one is

much larger. At level 2, three FMs are very small while the other three are relatively larger

for both the operators. A similar trend is followed by the other two levels also. Although, the

FMs are not in the same order, the trend of variations in values is similar at different levels.

5.4 Summary

To generate a robust and better ‘ensemble’ classification method, we propose to leverage

additional external information about the data. The use of this additional knowledge can

also help to understand the fusion step in ensemble classification. One approach to capture

this information is the use of FI aggregation operator w.r.t. to a FM. Three types of FMs

exist in the literature, however, due to their methodology they either could not be used or

cannot capture this external information. With an increase in lattice size, manually defining

FMs becomes virtually impossible. Algorithm based methods do not capture interactions
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Figure 5.2 FM values comparison of CFI and RAV

among the individual sources as they use some form of mathematical computation on these

individual sources. Lastly, optimisation based methods cannot be used to capture external

information. Therefore, this chapter introduced a fourth category of FMs, the A Priori FM,

to capture the external information.

Another important factor is to select the most appropriate aggregation operator for the

A Priori FM. FIs are most commonly used aggregation operator, although they suffer from

potential drawbacks detailed in [7], resulting in non-intuitive outcomes when employed in

respect to interpretable FMs, i.e. FMs which can be interpreted to provide meaningful insight

into the value of information sources and their combinations. The RAV aggregation operator

was introduced as an alternative to FIs, specifically for cases where a FM is available which

is independent from the aggregation operator, for example a FM which is specified using

external information (cf. experts). To select the most appropriate aggregation operator, it is

imperative to compare the CFI with the RAV. Subsequently, a decision-level fusion algorithm

called DFRAV was proposed, which combined this new FM using RAV aggregation operator.

DeFIMKL was then compared with DFRAV, which principally compares the two aggregation

functions CFI and RAV. The results from Table 5.1 show that RAV and CFI achieve equivalent

performances on six standard datasets, indicating that both the aggregation operators could

be used with the proposed A Priori FM.
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Having introduced the A Priori FM, it is important to evaluate how this FM performs in

different applicaitons. The next chapter will therefore evaluate this A Priori FM, for both the

CFI and the RAV aggregation operators, across three empirical case studies.



Chapter 6

A Priori FM driven ensemble classifiers

To capture the additional external information present in the data, the A Priori FM has been

introduced in the last chapter. Three case studies are employed which empirically examine

the characteristic details of the decision-level fusion step in the ensemble classification

(addressing objective 5 stated in Section 1.2 of Chapter 1). To achieve this, the chapter

focuses on a systematic evaluation and demonstration (across different applications) of an A

Priori FM based ensemble classifier, using both the CFI and the RAV aggregation operators.

Section 6.1 presents the first case study within a face recognition application i.e. to recognise

subjects by combining multiple individual classifiers trained on parts of their faces. The

second case study in Section 6.2 presents a comprehensive study comparing the A Priori

FM with Uriz FM and Sugeno λ -measure for both the CFI and RAV aggregation operator,

across 20 datasets from the UCI repository. Lastly for the third case study in Section 6.3, the

A Priori FM based ensemble classifier is contextualised to a wider literature by comparing

it with state-of-the-art aggregation operator-FM based ensemble classifier DeFIMKL and

traditional ensemble classifiers such as Adaboost, Bagging, Random Forest and Majority

Voting (for 20 datasets).

6.1 Case Study 1: Generating A Priori Fuzzy Measures
from Knowledge for Face Recognition

6.1.1 Problem Overview

In computer vision related literature, various methods [130, 137] exist for multi-region face

recognition application i.e. for recognising faces by combining classifiers which individually
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focus only on a specific part of the face. A number of researchers have used different

versions of Convolutional Neural Networks (CNNs) to tackle this problem. Recently, the

Multi-Region Ensemble Convolutional Neural Network (MRE-CNN) method has been a

powerful approach in respect to similar problems such as age estimation [137], when local

face features are combined with the whole face.

To construct the A Priori FM, the multi-region facial recognition is employed as a case

study i.e. we focus on systematically combining the individual classifiers which are trained

on parts of the face. To achieve this, we use a decision-level fusion approach which employs

the A Priori FM and configure it with a priori information. Two ways of building the A Priori

FM are explored and evaluated: 1) Classifier performance driven learning, and 2) Literature

driven (for more details refer to Section 5.2 of Chapter 5).

For the classifier performance driven approach, the classification results of the individual

face regions and the classification results of all the combinations of the regions are used

to construct the A Priori FM. By contrast, for literature driven A Priori FM, the a priori

information is obtained from the expert knowledge e.g. psychological experiments (more

details in the next section). As such, the focus of this case study is not to examine which

a priori information or which approach works best, but to explore and demonstrate how

well aggregation operator based classification approach can perform when its FM is given

additional a priori information.

6.1.2 Experiment

To construct the A Priori FM, the application of multi-region facial recognition (i.e. to fuse

multiple face regions towards one superior classifier) is used. Different face features have

different levels of information and different information content. Moreover, this information

can be collected from both the empirical evaluation and the expert knowledge. Therefore,

this application makes an ideal case study to demonstrate both the classifier performance and

literature driven A Priori FM approach, for the CFI and RAV aggregation operators.

To perform the experiments, the AT&T dataset [11] containing a total of 400 images

for 40 subjects (ten different images for each subject) with various illumination, pose

and expressions, was selected. The faces were cropped into three different regions: Eyes

(including eyebrows), Nose (including cheeks) and Mouth (shown in Figure 6.1). These

regions are selected as they are the most important for face recognition and reflect real world

settings. Employing the multi-region facial recognition application on AT&T dataset as

the knowledge sources, the experimental settings to construct the A Priori FM for both the
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(a) Sample original face image (b) Cropped face image

Figure 6.1 Sample image from AT&T dataset (replicated from [11])

approaches (the classifier driven and the literature driven) are explained in the following two

sections.

6.1.3 Classifier Performance Driven A Priori Fuzzy Measure Learning:
CNN experiment based accuracy

The first approach to construct the A Priori FM is driven by classifier performance values.

Since Convolutional Neural Networks (CNNs) [131, 132] are state-of-the-art methods for

classification across face recognition applications [138, 137] (for more details refer to

Section 2.5.3 Chapter 2), they are used as the base classifiers in this case study. To construct

the classifier performance driven A Priori FM, three CNNs trained on each atomic facial

feature of all the training set images from the AT&T dataset are chosen as the external

knowledge source. The accuracies of all the combinations of these facial features are

computed by combining the accuracy of the individual CNNs trained on the respective

features e.g. the accuracy for combination of the eyes and the nose is computed by adding

the probabilities of the two CNNs trained on these two features (for clearer understanding, a

sample computation is shown at the end of this section). Lastly, the A Priori FM Algorithm

(Algorithm 2 from Chapter 5) is run to convert these observed accuracies to the final FM.
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Table 6.1 Observed A Priori performance from the two experiments

Feature Accuracy on AT&T Accuracy from human
database (in %age) recognition (in %age)

Eye 83.08 91.6
Nose 76.42 71.7

Mouth 75.67 75.3
Eye + Nose 91.25 93.3

Eye + Mouth 90.83 95.5
Nose + Mouth 86.08 78.3

Eye + Nose + Mouth 92.58 93.3

The three CNNs employed are all three layered, having two convolutional layers and one

final fully connected layer. The networks are trained using a stochastic Adam optimisation

method [161] with a learning rate of 0.009 and 100 training epochs. The three classifiers give

the performance for each atomic face region and subsequently the performance of all the

combinations are computed by merging the probabilities of three base classifiers. For each

trial, 70% of the data from AT&T dataset were randomly used for training the classifiers and

the remaining 30% for testing. In these 30 trials, we have made sure that all data has been

selected for training in several trials as well as tested several times. The second column in

Table 6.1 shows the observed training accuracy, which is used as the external knowledge for

the A Priori FM.

Upon obtaining these empirical accuracies, two normalisation approaches (discussed in

detail in Section 5.2 of Chapter 5) are used to construct the A Priori FM for both the CFI and

the RAV aggregation operators. The first approach for is to use normalisation factor N f = 50,

represented as gap1 in the Figure 6.2 and aPriroiap1 in Table 6.2 (introduced in Section 5.2.1

in Chapter 5). The second approach is to replace 50% by 0 i.e. N f = 0, represented by gap2

in Figure 6.2 and aPrioriap2 in Table 6.2 (introduced in Section 5.2.1 in Chapter 5). The final

classifier performance based A Priori FM is shown in Figure 6.2, and the accuracy on the test

set is shown in the Table 6.2. It is imperative to contextualise the performance of A Priori

FM by comparing it with other established methods form the literature. Thus, in addition to

the ensemble classifier driven by A Priori FM, the table also shows the classification results

for Uriz FM and the Sugeno λ -measure driven ensemble classifiers. Uriz FM is selected as

it is has similar motivations to A Priori FM as they both use performance values (Uriz FM

is limited to classifier accuracy values while A Priori FM is a generic) to construct the FM,

however they are distinctly different in how they construct the FM. The A Priori FM is also
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Figure 6.2 Fuzzy Measure Lattice for classifier performance driven accuracy

compared with Sugeno λ -measure as it is one of the most commonly used method in the

literature.

The Table 6.2 shows the performance of the two A Priori FMs, the Uriz FM and the

Sugeno λ -measure based ensemble classifiers for two aggregation operators, the CFI in

second column and the RAV in third column respectively. It can be observed that the two A

Priori FMs and Uriz FM based ensemble classifiers outperform the Sugeno λ -measure based

ensemble classifiers, for both the aggregation operators. With CFI the A Priori FM with

N f = 50 i.e. aPriroiap1 gives best result, whereas for RAV the best performance is obtained

for the Uriz FM based ensemble classifier. The average and weighted average classification

accuracy of the three atomic features is 81.67% and 81.85% respectively, inferior to the

combination of the three features reported in the table. It can be thus inferred that the A

Priori FM based ensemble classifiers results in good performance for both the aggregation

operators.

Another approach to towards the external information is Literature-driven, discussed

in the next section. Before presenting the approach, the A Priori FM computation using

Algorithm 2 for a sample set of information values for three sources is shown below:

The A Priori FM generation using a sample set of information values (iVal) is presented

below:

iValx1 = 76.7

iValx2 = 70

iValx3 = 78.33
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Table 6.2 Accuracy (in %age) comparison of the classifier performance driven A Priori FM
with Uriz and Sugeno λ -measure for both the CFI and the RAV

Method With CFI With RAV
operator operator

aPriroiap1 94.17 93.33
aPriroiap2 93.33 94.17

Uriz method FM 93.33 95
Sugeno λ FM 92.50 92.50

iValx1,x2 = 85.83

iValx1,x3 = 88.33

iValx2,x3 = 77.5

iValx1,x2,x3 = 87.5

Upon getting the information values, the next step is is to run the A Priori FM Algorithm

(Algorithm 2 from Chapter 5) on these values. For demonstration, N f = 50 is chosen for step

‘S1’.

nmAi = 1−MaxiVal−Per(i)
MaxiVal−50

maximum of accuracies (MaxiVal) = 88.33

The normalised information values obtained after running this step are shown below:

nmx1 = 0.6966

nmx2 = 0.5218

nmx3 = 0.7391

nmx1,x2 = 0.9348

nmx1,x3 = 1

nmx2,x3 = 0.7175

nmx1,x2,x3 = 0.9783

Step ‘S2’ of the algorithm is to convert the normalised information values to the FM. For

base sources (densities), the FM is equal to the normalised information value, as shown

below:
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gx1 = 0.6966

gx2 = 0.5218

gx3 = 0.7391

For the remaining sources (combinations), if the normalised information value is equal or

greater than its sub-sources (i.e. or individual source or combinations of sources from level

below), the normalised information value is the FM. However, if the information value is less

than its sub-sources, assign the maximum normalised information value from its sub-sources

as the FM for that (e.g. nmx2,x3 = 0.7175 ≤ either of (nmx2 = 0.5218,nmx3 = 0.7391),

therefore, gx2,x3 = nmx3(0.7391)). The remaining values of the A Priori FM lattice are shown

below:

gx1,x2 = 0.9348

gx1,x3 = 1

gx2,x3 = 0.7391

gx1,x2,x3 = 1

6.1.4 Literature Driven A Priori Fuzzy Measure Learning: Psycholog-
ical experiments based information values

The second external information source to construct the Literature-driven A Priori FM by

using a priori knowledge from human face recognition (psychological) experiment. In this

case study, the a priori knowledge is based on experiment in psychology, investigating how

well the subjects (people) classify faces when seeing part of the face. The focus is to construct

the FM from expert knowledge of psychological experiments and drive this knowledge for

intelligent information fusion. It is important to reiterate a very important difference from

the previous method i.e. in this approach the FM is constructed from information obtained

from the pre-existing expert knowledge while in the aforementioned approach (classifier

performance driven) the FM is constructed from the empirical results.

The information values for this experiment are obtained from the study by Matthews [162].

In the selected experiment, ten subjects were shown 200 images of feature changes for each

atomic region and the combination of regions. The third column in Table 6.1 shows the

mean information values (accuracy in this case study) of these ten subjects for each feature

combination.
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Figure 6.3 Fuzzy Measure Lattice for literature knowledge driven accuracy

The A Priori FM Algorithm is now used to convert the accuracies from psychological

experiment to the A Priori FM. Similar to classifier performance driven A Priori FM, the two

same normalisation approaches i.e. N f = 50 and N f = 0 are used. gap1 and gap2 in Figure 6.3

shows the A Priori FM values using normalisation values N f = 50 and N f = 0 respectively.

Table 6.3 compares the final classification accuracy of the A Priori FM based ensemble

classifier with the Uriz FM and the Sugeno λ -measure based ensemble classifiers, for both

the CFI and the RAV aggregation operators. aPriroiap1 and aPriroiap2 represent the final

prediction for A Priori FM using normalisation values N f = 50 and N f = 0 respectively. Uriz

method FM and the Sugeno λ FM represent the final result obtained using the Uriz FM and

the Sugeno λ -measure respectively.

From the Table 6.3 it can be observed that the A Priori FM with N f = 0 and the Uriz FM

based ensemble classifiers outperform the A Priori FM with N f = 50 FM and the Sugeno

λ -measure based ensemble classifiers, for both the CFI aggregation operator. For the RAV

aggregation operator, the Uriz FM based ensemble classifier outperforms all the other three

methods. Specifically comparing the two A Priori FMs for both the aggregation operators, the

aPriroiap2 slightly performs better than the aPriroiap1. Comparing the aggregation operators,

overall the RAV performs better than the CFI. A more detailed discussion on the results for

the decision level fusion using the literature driven and classifier performance driven A Priori

FM based is discussed in the next section.
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Table 6.3 Accuracy (in %age) comparison of the literature driven A Priori FM with Uriz and
Sugeno λ -measure for both the CFI and the RAV

Method With CFI With RAV
operator operator

aPriroiap1 93.33 94.17
aPriroiap2 94.17 94.17

Uriz method FM 94.17 95
Sugeno λ FM 92.50 93.33

6.1.5 Discussions

This case study evaluates the proposed A Priori FM based ensemble classifier within a

multi-region face recognition application. Two approaches i.e. aPriroiap1 and aPriroiap2

convert the information values to the A Priori FMs. To contextualise the performance of the

A Priori FM, we compare them to two well established measures i.e. the Uriz FM and the

Sugeno λ -measure. From the results it can be observed that the A Priori FM and the Uriz

FM outperform the state-of-the-art Sugeno λ -measure for both classifier driven and literature

driven methods and for both the CFI and the RAV aggregation operators.

For classifier driven approach, the aPriroiap1 outperforms every other FMs with CFI

aggregation operator, whereas the Uriz FM outperforms every other FMs with RAV aggre-

gation operator. For literature driven approach, the aPriroiap2 and Uriz FM have the best

performance with the CFI aggregation operator while the Uriz FM outperforms with the RAV

aggregation operator. From the two set of results it can be concluded that the A Priori FM and

Uriz FM outperform the Sugeno λ -measure, and have the potential to become state-of-the-art

approach to construct the FM. More case studies need to be performed to affirm this claim,

performed in the later sections i.e. case studies 2 and 3.

6.1.6 Summary

With the aim to leverage additional external knowledge, in the last chapter a new approach

to capture the FMs i.e. the A Priori FM, was introduced. The chapter also presented two

different ways to capture the external knowledge in order to drive a decision level A Priori

FM based ensemble classification. In this section we present a case study to evaluate the

proposed A Priori FM based ensemble classifier within a multi-region face recognition

application. Two different ways to capture the external knowledge i.e. classifier performance

from CNNs and literature-driven from psychological experiments, are used in this case study.
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The aPriroiap1 and aPriroiap2 A Priori FMs are compared with the Uriz FM and the

Sugeno λ -measure for the At&T face recognition dataset. It was observed that the A Priori

FM and Uriz FM performs best for the CFI aggregation operator while Uriz FM performs

best for the RAV operator. Overall, both the A Priori FM and the Uriz FM perform better that

the state-of-the-art Sugeno λ -measure. Moreover, from Figures 6.2 and 6.3 the importance

classifiers in the final output can be comprehended, leading to interpretable results. From the

two experiments it can be inferred that the use of external knowledge can perform well with

capability to drive intelligent information fusion and lead to interpretable results. To further

evaluate the A Priori FM across more applications, the next section presents its application

on multiple datasets from the UCI repository.

6.2 Case Study 2: A Priori Fuzzy Measures for multiple
UCI datasets

6.2.1 Problem Overview

In order to further evaluate the proposed A Priori FM, an in-depth experiment is conducted

on 20 datasets form the UCI repository. Similar to last case study, we will contrast the

proposed A Priori FM with both the Sugeno and Uriz FMs, for both the CFI and the RAV

aggregation operators. Before presenting the experiments, a brief overview of the 20 UCI

datasets is explained in the next sub-section.

6.2.2 Datasets and Pre-processing

20 benchmark datasets from the UCI machine learning repository [150] were selected to

compare the performance of the selected algorithms, as shown in Table 6.4. These datasets

are selected as they contain a different range of instances with a different type of datasets. Not

all the UCI datasets are binary and thus in some cases, multiple classes are joined together

for the purpose of binary classification [45].

The next step is data pre-processing to standardise the datasets for an unbiased comparison.

All the data which had missing values were deleted and made homogeneous, i.e. all numeric.

This might also help to locate inconsistencies among the data. Each dataset was processed

using z-score [142] normalisation i.e. zero mean and unit standard-deviation. No further

processing techniques were used as: 1) the aim of this work is not to report the best possible

result for each dataset, but to compare the performance of the classifiers. 2) to improve the
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Table 6.4 Dataset Description

Dataset Binary Classes Number of Number of
Features Instances

Dermatology {1,2,3} vs {5,6,7} 33 366
Wine {1} vs {2,3} 13 178
Ecoli {1,2,5,8} vs {3,4,6,7} 7 336
Glass {1,2,3} vs {5,6,7} 9 214
Sonar {1} vs {2} 60 208

Ionosphere {0} vs {1} 34 351
SPECTF Heart {0} vs {1} 44 267

Bupa {1} vs {2} 6 345
WDBC {M} vs {B} 30 569

Haberman {+} vs {-} 3 306
Pima {+} vs {-} 8 768

Australian {0} vs {1} 14 690
SA Heart {0} vs {1} 9 462
Satimage {1,2,3} vs {4,5,6,7} 36 6,435

Segmentation {1,2,3,4} vs {5,6,7} 19 2,310
Mammographic {0} vs {1} 5 830
Credit-approval {+} vs {-} 15 653

Ozone {0} vs {1} 72 1,848
Tic-tac-toe {+} vs {-} 9 958

Ilpd {1} vs {2} 7 583

classification results, further processing specific to each dataset would be required, leading

to a more challenging comparison [45].

6.2.3 Results and Discussion

In this section, the results and discussion are presented for the comparison of the A Priori

FM with Uriz and Sugeno FMs. Table 6.5 and Table 6.6 present the results of the A Priori,

Uriz and Sugeno FM based ensemble classifiers for both the CFI and the RAV aggregation

operators on the 20 UCI datasets. The first two columns report the performance of the

Sugeno λ -measure based ensemble classification algorithm for both the CFI and the RAV

aggregation operators respectively. Similarly, the third and fourth column capture the

results for the Uriz FM based ensemble classification algorithms and the fifth and the sixth

columns for the A Priori FM based ensemble classifiers. It is important to note that these

classification accuracies are reported by taking an average over 100 runs, along with their

standard-deviation in the brackets. During each run, 80% of the data is randomly selected for
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training i.e. constructing the FM, and the remaining 20% for testing. For every dataset, the

accuracy of each algorithm was compared with the accuracy of the best algorithm (shown in

bold) using a two-sample t-test (at p<.05). Results of classifiers which are statistically not

different to the best algorithm at captures in italics and the classifiers which are statistically

significantly worse than the best are underlined.

The ensembles in Table 6.5 use the same base classifiers, i.e. five SVMs, whereas the ones

reported in Table 6.6 use five different base classifiers, i.e. SVM, Decision Tree, Adaboost,

Bagging and Neural Network. The A Priori FM based aggregation operators (both CFI and

RAV) performed best across the five SVM base classifiers and thus are compared against

state-of-the-art ensemble classification algorithms: DeFIMKL, MJSVM, Adaboost with trees,

Bagging and Random Forest, as reported in Table 6.7.

From Table 6.5 it can be observed that nearly all classifiers result in performance which

is not statistically different from the best classifier (hence nearly all results are shown in

italics). Note, we refer to the best performance of a classifier when said classifier produces

results which are either the best or statistically not different from the best.

The CFI based ensemble classifiers performed very similarly for all three measures,

being best in 16 out of 20 datasets. The RAV operator based ensemble algorithm also

had a very similar performance, being best among 15 datasets for the Sugeno and the A

Priori FM, and 16 datasets for the Uriz measure. Overall, these algorithms outperformed

all ensemble algorithms based on different base classifiers shown in Table 6.6. Here, CFI

based ensemble classifiers were best in 2, 14 and 2 datasets for Sugeno, Uriz and A Priori

measure respectively. Conversely, RAV based ensemble algorithms were best in 16, 15 and

17 datasets for Sugeno, Uriz and A Priori measures respectively.

6.2.4 Summary

In this case study we present an in-depth evaluation of the A Priori FM by comparing it

with the well established Sugeno λ -measure and the Uriz FM; for both the CFI and the RAV

aggregation operators. A decision level fusion based ensemble classifier driven by these

measures is compared for 20 datasets from the UCI repository. The ensemble classification

algorithms are constructed for two sets of base classifiers: a set of five SVMs classifiers

and a mixed set of SVM, Decision Tree, Adaboost, Bagging and Neural Network classifiers.

The three FMs – integrated with the different aggregation operators – were compared for 20

datasets from the UCI repository. Further, the A Priori FM ensemble algorithm with same
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base classifier was also compared with DeFIMKL, MJSVM, Adaboost with trees, Bagging,

and Random Forest for the same 20 UCI datasets.

The results show that the specific instance of an A Priori FM put forward in this case

study is a robust way to construct FMs which perform well (with different aggregation

operators) in the context of ensemble classification. Results highlight the strong value of

leveraging available information, rather than relying on FM generation approaches which

focus solely on the densities (such as the Sugeno λ -measure) and the potential of alternative

FM generation approaches which do not rely on training the FM in respect to one specific

aggregation operator. The results suggest that the proposed method to construct the A Priori

FM leads to a more intuitive classification and performs well and efficiently.

To estimate how well the A Priori FM based ensemble classifiers perform, they also

need to be compared with stat-of-the-art ensemble methods including DeFIMKL, MJSVM,

Adaboost with trees, Bagging, and Random Forest. The next case study presents this

comparison, and to be consistent the same 20 UCI datasets are chosen.

6.3 Case Study 3: Comparison of Aggregation Operator-
Fuzzy Measure based Ensemble Algorithms with State-
of-the-art Ensemble Algorithms

6.3.1 Problem Overview

The above two case studies concluded that A Priori FM based ensemble classifiers have

performed well, however, their performances have only been compared to other aggregation

operator-FM based ensemble classifiers. This leads to a research gap in literature i.e. there

is no in-depth comparison of aggregation operator-FM based ensemble classifiers with

traditional ensemble methods in the literature [23, 94, 91, 85, 86, 93]. In this case study

we go a step further, and compare the proposed A Priori FM based ensemble classifier

with traditional state-of-the-art ensemble classifiers such as Adaboost, Bagging, Random

Forest and Majority Voting, using the same 20 UCI datasets from the previous case study.

For a complete study, the DeFIMKL, a state-of-the-art aggregation operator based decision

level fusion ensemble classifier, was also selected for comparison. This comparison is

necessary to present a complete study on aggregation operator based ensemble classifiers

resulting in better understanding. This comparison is necessary to present a complete study

on aggregation operator based ensemble classifiers resulting in better understanding.
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6.3.2 Background and Motivation

In the past decade, researchers have turned their attention towards aggregation operator-FM

based ensemble classifiers and proposed a number of ensemble algorithms generating FMs

from fuzzy densities, i.e. algorithmic FM [82, 81, 100]. For example, Wang et al. [82]

proposed the use of posterior probabilities to obtain the fuzzy densities from the ensemble of

heterogeneous classifiers. Subsequently, the Sugeno λ−measure was used to obtain the FM

from the densities followed by aggregation using the CFI. The ensemble model was compared

with five individual classifiers on the Satimage dataset. In another work, Fakhar et al. [81]

proposed the use of the training accuracy and the fuzzy entropy (reliability of the information

provided by each information source) to generate fuzzy densities followed by aggregation

using the CFI. The proposed ensemble model was compared with seven fuzzy set theory

based fusions, all of which are multi-biometric identification systems [163]. The accuracy

of the proposed CFI-FM based ensemble outperformed the previously used classification

models on the NIST database. Similarly, Wang et al. [100] proposed an aggregation operator

based ensemble classification algorithm where the fuzzy densities are generated using the

accuracy rate, error distance and the failure extent of the Neural Network models. The model

was tested on the JAFFE facial expression database and compared with five Neural Network

models.

In another set of studies, Anderson et al. [164] proposed the use of Genetic Algorithm

(GA) (optimisation method) to learn FMs. This study indicated that aggregation operator

based ensemble classifiers could learn the FMs from the training dataset, leading to efficient

data-driven FMs. Hu et al. [94] extended the work and proposed a Fuzzy Integral-Genetic

Algorithm (FIGA) ensemble classifier which aggregates results of SVM classifiers using the

CFI w.r.t. FM learned through the hybrid of Sugeno λ -measure and GA. FIGA generated

the initial measure through the use of Sugeno λ -measure followed by GA to search for an

optimal FM through the error optimisation. The resultant ensemble was compared with

the Multiple Kernel Learning Group Lasso (MKLGL) ensemble classifier on three datasets.

FIGA performed better than MKLGL on all the three datasets.

Pinar and colleagues [23, 91, 85, 86, 93] built upon the previous works on data-driven

FMs and proposed the Decision-level Fuzzy Integral Multiple Kernel Learning (DeFIMKL)

algorithm as an alternative to algorithmic and algorithm-optimisation hybrid FMs, which

aggregates the outputs of SVM classifiers through the use of CFI with respect to a FM

learned through a regularised quadratic programming approach. Upon initial investigation

in [23, 94] (where the DeFIMKL was compared to FIGA, MKGL and other FI-FM based
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ensemble classifiers on six datasets), the accuracy of DeFIMKL based ensemble classification

method was found to be better than classifiers based on multiple kernel learning. These

works further concluded that the FIGA and the DeFIMKL were best among the feature level

fusion classifiers and decision level fusion classifiers respectively.

The researchers in all the above works concluded that no comparison of the aggregation

operator-FM based ensemble classifier was made with other state-of-the-art ensemble classi-

fication algorithms. Therefore, to contextualise the performance of the aggregation operator

based ensemble classifiers, in the next section we present an in-depth study comparing the

proposed A Priori FM based ensemble classifier and DeFIMKL with Adaboost, Bagging,

Random Forest and MJSVM (Majority Voting with SVM) for 20 datasets from UCI datasets.

6.3.3 Experiments

The Adaboost ensemble was run with 200 decision trees, Bagging also with 200 but Random

Forest ensemble method with 100 decision trees. The ensemble size is chosen based on

experiments. It is important to note that not much discussion is given to determine the size of

these ensembles, which is one of the major underlying issue within ensemble classification

algorithms, as they are not in the scope of the case study. The DeFIMKL and the MJSVM

ensemble methods used five Support Vector Machine (SVM) algorithms with Radial Basis

Function (RBF) kernels as their base classifiers. The five RBF kernels with their width (σ )

evenly spaced between 0.5−1.5/(number o f f eatures) were used for both the ensemble

methods. Additionally, L1 regularisation with λ = 0.5 was used for all the datasets. The

focus of this work is to show the effect on the final output when different types of aggregation

models are employed (e.g. DeFIMKL and MJSVM), and thus the settings for the RBF

kernels and other ensemble methods were kept the same for all the datasets.

6.3.4 Results and Discussion

Table 6.7 reports the average accuracies of the A Priori FM-CFI based ensemble classifier,

the A Priori FM-RAV based ensemble classifier, DeFIMKL, MJSVM, Adaboost, Bagging

and Random Forest ensemble classification algorithms with standard deviations over 100

runs. In each trial, 80% of the data were randomly used for training the classifiers and the

remaining 20% for testing. A series of two-sample t-tests were conducted, which compared

the accuracy of each algorithm against that of the highest performing algorithm for each

dataset. To illustrate the results of these tests, both the absolute highest performing algorithm,

along with any further algorithms that were found not to have a significantly lower (at
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p<.05) accuracy, are highlighted in bold. Thus, the values highlighted in bold represent the

algorithm(s) with the highest accuracy for each dataset and will include all values that were

not found to significantly differ from the best-performing model.

From Table 6.7 it can be observed that the DeFIMKL and MJSVM were the overall best

classifiers, showing good performance in 16 and 15 datasets respectively. It can be observed

that DeFIMKL is either equivalent or better in performance than MJSVM. However, MJSVM

has an advantage as it reduces the memory complexity without having to learn the huge 2n

FM vector i.e. taking the majority voting of the SVMs results in similar performance to

the non-linear CFI aggregation of the SVMs. The other classifiers: CFI with A Priori FM,

RAV with A Priori FM, Adaboost with trees, Bagging and the Random Forest had the best

accuracies in 7, 7, 6, 9 and 7 datasets respectively. DeFIMKL is the overall best aggregation

operator based ensemble classifier, showing that superior performance can be obtained by

optimising the FM in respect to a specific operator (the CFI in this case). However, it is

important to understand that the A Priori measures are designed for data fusion problems.

Moreover, the A Priori FM based classifiers do not employ optimisation towards a specific

aggregation operator, and still able to achieve good performance across a number of datasets.

Overall, the results from the Table 6.7 indicate that aggregation operator-FM based ensemble

classification algorithm (especially, DeFIMKL) can be used in applicaitons using traditional

ensemble algorithms.

6.3.5 Summary

The aggregation operator-FM based ensemble classifiers have been used in various ap-

plications over the past decade, yet in most papers, a dataset oriented comparison with

state-of-the-art ensemble classification has been made. In this case study we address this

gap and compare the proposed A Priori FM driven ensemble classifier (for both the CFI

and RAV aggregation operators) and DeFIMKL (the state-of-the-art aggregation operator

based ensemble classifier) algorithms with tradition ensemble classifiers including Adaboost,

Bagging, MJSVM and Random Forest. The experiments are conducted on 20 datasets from

the UCI machine learning repository.

On comparing the accuracies, it can be observed that DeFIMKL and MJSVM have the

best performances. The CFI with A Priori FM, RAV with A Priori FM, Adaboost with trees,

Bagging and Random Forest were best in 7, 7, 6, 9 and 7 datasets respectively. Although, the

A Priori FM driven ensemble algorithms did not perform as well as DeFIMKL, it is important

to note an important difference between the two i.e. the A Priori FM based classifiers do
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not employ optimisation w.r.t. a specific aggregation operator. Note: Good results for the

DeFIMKL approach shows that a superior performance can be obtained by optimising the

FM in respect to a specific operator (the CFI in this case).

It is important to understand that the A Priori FMs are designed for data fusion prob-

lems, such as the one presented in case study 1. Moreover, the A Priori FM are useful in

understanding the fusion step in the ensemble (case study 1), the reason for which they were

designed. Lastly, it can be inferred that the non-linear aggregation can squeeze out a better

performance at the cost of additional memory complexity, although a detailed study is needed

to fully answer this question, which is out of scope for this thesis.

6.4 Overall Summary

The current approaches to capture the FMs can be classified into three broad categories:

Expert-driven, Optimisation and Algorithm-driven. Each category suffers from some draw-

back. With an increase in the number of information sources, expert-driven FMs become

virtually impossible to define as the factors to be learned increase exponentially. Although

optimisation algorithms work well in a number of applications (specifically the ones with

training data and labels), they need to learn the FM with respect to the selected aggrega-

tion operator. Lastly, the Algorithm based FMs do not capture the interaction among the

information sources.

A new approach employing external knowledge to construct FM is proposed (in Chapter

5), called the A Priori FM. An Algorithm 2 was also proposed to construct these external

knowledge to the A Priori FM. This new FM can be defined for a large number of information

sources, can capture the interaction among these sources and be used by all the aggrega-

tion operators without needing to be defined individually for each operator. The external

information to construct the FM can come from various sources, and in this thesis we put

forward two approaches to capture them: 1) Classifier-performance driven, and 2) Literature

knowledge driven. We also developed one specific instance of the A Priori FM: one which

captures the quality of individual classifiers (and their combinations) in order to then enable

a fusion-based ensemble classifier.

To evaluate this new A Priori FM, we present three detailed case studies employing the A

Priori FM driven ensemble classifier across multiple datasets. In the first case study, the A

Priori FM driven ensemble classification was employed on a multi-region face recognition

application. The second case study builds upon the previous one to present a more detailed

analysis of the A Priori FM. Across both the studies, we compare the performance of A Priori
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FM with state-of-the-art methods Sugeno λ -measure and the Uriz FM; for both the CFI and

the RAV aggregation operators. To complete the analysis, the A Priori FM driven ensemble

classifier was also compared with a state-of-the-art aggregation operator-FM based ensemble

classifier DeFIMKL and four traditional ensemble classifiers Adaboost, Bagging, Random

Forest and Majority Voting. Overall, the three empirical case studies present a complete study

on A Priori FM.

It was observed that the proposed A Priori FM performs well with both the CFI and the

RAV operator. This study was also useful in understanding the configurations of the fusion

step in the ensemble i.e. interpretable ensemble of classifiers. From these case studies it was

also inferred that the use of external a priori knowledge can improve classification, leading

to a better, interpretable and robust (can be used across multiple datasets) ensemble model.





Chapter 7

Conclusions

7.1 Contributions

New Classification Framework for difficult to classify data

One challenge within the applications using unlabelled datasets was to generate a robust

ensemble classification method capable of classifying data points which are difficult to label.

Chapter 3 in this thesis introduced a robust classification framework by adding an ‘ensemble

classification’ step after the ensemble clustering step. In doing so, this thesis improved the

classification performances within the unlabelled datasets. Subsequently, Chapter 4 presented

its application on multiple datasets, concluding that the classification was able to achieve

a real-world impact. The classification framework has contributed to publications P1 and

P2 listed in dissemination section, achieving objectives 1, 2 and 4 listed in Section 1.2 of

Chapter 1.

HGV Driving Stereotype Identification

To determine the driving stereotypes within the U.K. HGV community, the two-stage classifi-

cation framework is employed on a telematics dataset containing the driving incidents of the

drivers. Eight novel driving stereotypes were uncovered which are now the state-of-the-art

in this domain (more details in Chapter 4 and publication P3 in the dissemination section),

achieving objectives 4 from Section 1.2 of Chapter 1. Moreover, these findings assist policy

makers and stakeholders in the HGV industry to better understand their drivers and to define

actions to improve road economy and safety.
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External Information driven A Priori FM

One objective of the thesis was to develop new approaches for classifier fusion across the

cases where additional data about the information sources is available. Thus, in Chapter 5

we introduced the novel A Priori FM which leverages external information in order to

drive ensemble classification, achieving objective 3 listed in Section 1.2 of Chapter 1. A

comprehensive study introducing a decision level fusion ensemble classifier based on this

A Priori FM was also presented. Its application on multiple classification applications was

then presented in Chapter 6. This contribution has resulted in publication P4 (and a journal

paper currently under preparation).

In-depth Comparison of Aggregation Operator-Fuzzy Measure based Ensemble Algo-
rithms with the State-of-the-art Ensemble Algorithms

While the aggregation operator based ensemble classifiers have been compared to other

similar classifiers and a number of individual classifiers, it has thus far not been extensively

compared to the state-of-the-art ensemble classification methods. Thus, a detailed comparison

of the aggregation operator-FM based ensemble methods, specifically the A Priori FM based

classifier and the DeFIMKL algorithm, is made with state-of-the art ensemble methods

including Adaboost, Bagging, Random Forest and Majority Voting. Chapter 6 presents

this comparison, achieving objective 5 listed in Section 1.2 of Chapter 1 and resulting in

publication P5.

7.2 Thesis Summary

In pattern recognition, classification of data is of prime importance. Ensemble classifiers,

which are models that combine results of multiple individual classifiers, have become a

state-of-the-art in this domain. Although the ensemble classification models have been

employed across a wide range of applications, some key challenges still remain in order to

generate robust models. In particular, two challenges are of interest in this thesis; the first

is classification of data points which are difficult to classify and the second is to construct

an improved decision level fusion ensemble classifier by leveraging additional external

information. This thesis explores ways of addressing the two aforementioned challenges.

The core aim of this thesis is to improve existing mechanisms underpinning ensemble

classification algorithms and to develop new robust (i.e. a general framework that can adapt
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to different dataset) methods for efficient ensemble classification. In order to achieve this

aim, five objectives have been identified, detailed in Section 1.2 of Chapter 1.

Chapter 2 outlines an overview of background material and existing literature that are

used and referred to in this thesis. A review of the current state-of-the-art approaches for

ensemble classification is presented. The review includes traditional methods like Adaboost,

Bagging and recently developed methods like aggregation operator and Fuzzy Measure (based

ensemble classifiers). The chapter also highlights the current (aforementioned) research gaps

in constructing a robust ensemble classification approach. Lastly, the applicaitons employed

to evaluate the new methods proposed in this thesis are also reviewed.

One key issue within the unlabelled datasets is classification of data points which are

difficult to classify. Recently, a series of works have leveraged an ensemble of multiple

clustering algorithms to elucidate the most characteristic groups across these unlabelled

datasets [8, 115]. Due to limitations of these ensemble clustering methods, a number of data

remained unclassified, leading to incomplete representation of the dataset. In Chapter 3 the

problem of ‘difficult to classify data’ is demonstrated using the Nottingham Breast Cancer

(unlabelled dataset) as a case study. To tackle this challenge we introduce a novel two stage

robust classification framework, which couples an ensemble classification stage after an

ensemble clustering stage (leading to Contribution 1 discussed in Section 7.1). In doing so,

we fulfil the first two objectives of the thesis: 1) investigating difficult to classify data points

within the classification applications employing unlabelled datasets for a robust classification

approach, and 2) establishing an enhanced and robust classification framework to tackle

‘difficult to classify points’ within the unlabelled datasets. The classification framework can

identify core groups in an unlabelled dataset, distribute data in the identified groups and

improve the final classification by assigning unclassified data to one of the groups.

Chapter 4 empirically evaluates the two stage classification framework introduced in the

previous chapter. Three comprehensive empirical studies are presented in this chapter, which

evaluates the robustness and real-world impact of the proposed classification framework,

addressing ‘Objective 4’ of the thesis. The three case studies include biological group

stratification in the Edinburgh Breast Cancer Dataset, driving stereotypes identification in the

Microlise’s HGV dataset1 and characteristic groups stratification within multiple standard

datasets from UCI repository. The results on these datasets illustrate that by using the novel

classification framework, an improved, reliable and robust (a method that can be employed

and adapt across different datasets) classification is obtained; which is verified by statistical

1Note: The application of classification framework on the HGV dataset leads to eight state-of-the-art driving
stereotypes i.e. Contribution 2 from Section 7.1
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tests, visualisation techniques, cluster quality assessment and interpretation from experts

(ground truth in case of UCI repository).

Chapter 5 moves beyond Chapters 3 and 4 and looks at a different aspect of ensemble

classification: combining classifier outcomes for the cases where additional data about the

information sources is available. In doing so it fulfils ‘Objective 3’ of the thesis. One approach

to capture this insight from data is aggregation operators which can capture different levels

of knowledge and different knowledge content by evaluating interactions among different

information sources. In this thesis we use two aggregation operators, the state-of-the-art

CFI and the recently introduced RAV. Aggregation operators can combine informations

from different sources with respect to a FM. FMs are bounded monotonic capacities which

can capture the worth of both the individual sources and all their possible combinations.

Current FMs suffer from some drawbacks or cannot leverage the external information,

therefore this chapter introduced a fourth category to construct the FMs, the A Priori FM.

This method converts the external information (a priori knowledge) on the relevance of

different combinations of sub-sources to construct the A Priori FM. We examine two different

pathways to capture the a priori knowledge: 1) Classifier (Machine Learning) driven, and

2) Literature knowledge driven. To support the decision level fusion step, the ensemble

classification algorithm is developed by employing the A Priori FMs generated from the two

aforementioned knowledge sources, with both the CFI and the RAV aggregation operators.

Lastly, in this chapter we compare the two aggregation operators in order to determine the

optimal aggregation operator for A Priori FM. The comparison results suggested that both

the operators could be employed with this new FM. In summary, the chapter presents a new

approach to construct the FM (i.e. the A Priori FM) which leverages external information

which could be employed with both the CFI and the RAV aggregation operators, leading to

Contribution 3 from Section 7.1.

Chapter 6 presents three case studies to empirically evaluate the A Priori FM introduced

in Chapter 5. In the first case study we use multi-region facial recognition application to

demonstrate the performance of A Priori FM, employing both the CFI and the RAV as

aggregation operators. We also evaluate its performance by contrasting it with the Uriz FM

and the Sugeno λ -measure; again for both the CFI and the RAV as aggregation operators.

A more comprehensive study was essential to comprehend the performance of this new A

Priori FM and subsequently, in the second case study we compare its performance with

Uriz FM and Sugeno λ -measure on 20 datasets from the UCI machine learning repository.

Lastly, in the third study the A Priori FM based ensemble classifier is contextualised to the

wider literature and compared with state-of-the-art aggregation operator-FM based ensemble
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classifier DeFIMKL and traditional ensemble classifiers Adaboost, Bagging, Random Forest

and Majority Voting. The results on the selected datasets suggested that the aggregation

operator based ensemble classifier performs both well and efficiently, indicating that it is

a viable alternative when selecting ensemble classifiers. The results from the three case

studies suggested that the use of external information based FM (A Priori FM) and the

aggregation operator based ensemble classifier performs both well and efficiently, indicating

that it is a viable alternative when selecting ensemble classifiers. The results also indicated

that the non-linear fusion of decision level outputs offered by the aggregation operators

provided details of the fusion step in the ensemble i.e. interpretability, which was useful in

improving and understanding the overall classification outcomes. In summary, the chapter

fulfils ‘Objective 4 and 5’ of the thesis i.e. real-world impact of the new A Priori FM based

classification approach and resulting in Contribution number 4 presented in Section 7.1

i.e. a comprehensive study contextualising FM driven ensemble classifiers against a wider

literature.

In can be concluded from the chapters that this thesis achieves the aim of improving

existing mechanisms underpinning ensemble classification algorithms (by introducing a

novel two stage classification framework) and also develops a new robust method for efficient

ensemble classification (A Priori FM based ensemble classification). As part of the aim

the thesis is also able to fulfil the five objectives. In the following sections, we discuss the

limitations of the research in this thesis, possible directions for future works, contributions of

this thesis and the list of publications.

7.3 Limitations

Overfitting the results of the two stage classification framework

Chapter 3 presents a two stage ensemble clustering-ensemble classification framework to

improve the classification (of difficult to classify datasets) across unlabelled datasets. Chapter

4 empirically evaluates the performance of this classification framework by presenting is

application on three case studies. Although, superior classification performance is observed

across these studies, the algorithms in the framework might suffer from the problem of

overfitting (however, the performance results on UCI datasets might suggest that overfitting

is not a limitation). The framework is also not able to achieve the highest accuracy in

comparison to other supervised classification algorithm accuracies in literature, however,

these differences are small and acceptable.
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Reliance on experts due to lack of ground truth

The two case studies of the classification framework (in Chapter 4 ) on the Edinburgh Breast

Cancer dataset and the HGV dataset are limited by the fact that there is no ground truth to

validate the findings observed in this thesis. Therefore, there is reliance on experts to verify

the results.

Reliance on external factors in HGV case study

In case of HGV dataset, the inputs related to road characteristics, weather conditions and

traffic conditions, are not included explicitly in the analysis, which themselves might be

causes of the driving incidents. With our current data, it is not possible to distinguish the

driving incidents caused by these external factors. However, we do believe that by considering

driving data across the whole year under different conditions, and considering several roads

in different locations across the UK, the impact of those external factors is overall reduced.

Multi-class A Priori FM based ensemble classifiers

Chapter 5 presents an A Priori FM based ensemble classifier which is capable of leveraging

external information for decision level fusion ensemble classification. Chapter 6 presents a

comprehensive study of its application across multiple datasets and its detailed comparison

with other state-of-the-art ensemble methods. Although the A Priori FM based ensemble

classifier performed well and is able to its objective, a binary classifier is constructed using it.

A multi-class ensemble classifier still needs to be developed.

7.4 Future Works

Core driving profiles for real-time classification

As future directions, we intend to merge the dataset from the year of 2015 with data from

2014, 2016 and 2017 to investigate whether stereotypes have changed over the years and

whether their proportions change in different seasons. We then aim to generate a real-time

classification system using these core driving profiles. We also intend to include other types

of incidents in the analysis, such as harsh cornering, which seem to be relevant for HGV and

cargo safety.
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Application of A Priori FM in Computer Vision

As part of an expanded work on a priori FMs, we have developed a priori FMs which

leverage external information from the images (foot, ear and face) of the babies to support

improved fusion for gestational age prediction, showing a pathway for delivering strong

information aggregation using interpretable and validatable FMs, with rich scope for further

research.

Additional analysis of the A Priori FM

In the future, we will focus on exploring the robustness of a priori FMs when employed

with a wider set of aggregation operators, targeting the Sugeno FI and the RAV operator

for different values of p. Further, we aim to develop a priori FMs which can leverage

information from other potential external sources to support improved fusion, showing a

pathway for delivering strong information aggregation using interpretable and validatable

FMs. As previously mentioned in the limitation section, the A Priori FM based ensemble

classifier is a binary classifier, and thus, in future we aim to present a detailed study for

multi-class classification.

Employ A Priori FM based ensemble classifier in two stage classification framework

In Chapters 3 a two-stage classification framework, employing ensemble classifiers stage

followed by ensemble clustering stage, is introduced. Chapter 5 presents a novel A Priori

FM based ensemble classifier. Intuitively, one future work would be to employ the presented

A Priori FM based ensemble classifier as one of the ensemble models in the classification

framework.
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Appendix A

Ki67 importance in Breast Cancer
Stratification

A.1 Introduction

Determination of breast cancer (BC) patients with high risk of recurrence, metastasis and

therapy resistance can avoid potential over-treatment and improve their survival. The main

step toward personalised medicine is the identification of breast cancer biological diversity

and proper categorisation of patients. Current BC classification is mainly based on clinico-

pathological criteria which are mainly tumour size, lymph node involvement, histological

type and grade [165, 106, 104]. In addition, routine immunohistochemistry is used for

identification of predictive markers: Oestrogen Receptor (ER), Progesterone Receptor (PR)

and HER2 receptors dividing patients into therapy groups accordingly. Other markers have

also been evaluated, such as Ki67, the use of which has been figured out as a prognostic

or predictive biomarker in invasive breast cancer. Furthermore, introduction of molecular

subtypes has opened a new avenue for clinicians to refine breast cancer classification and

develop subgroups with the aim of individualised therapy. Perou et.al classified breast cancer

into intrinsic subtypes (luminal, basal-like, and HER2-positive) based on gene expression

profiling and are associated with patient outcome [109]. They mentioned that within the

1,753 gene cluster, the largest distinctive cluster of genes was the proliferation cluster which

its expression correlates with cellular proliferation rates and well correlated with the mitotic

index. This cluster included Ki67 which is used as immunohistochemical markers of cell

proliferation.
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Subsequently, further divisions have been added: luminal A, luminal B and claudin-

low subtypes [111, 166, 167]. Luminal B tumours have a poorer prognosis and higher

proliferation than luminal A tumours. Cheang and colleagues developed a clinically practical

immunohistochemistry assay to differentiate between luminal A and B breast cancers using

Ki67 [168]. They concluded that the expression of ER, PR, HER2, and Ki67 proteins appear

to discriminate luminal A from luminal B breast cancer subtypes. An immunohistochemistry

test, HC4, of these four biomarkers has been developed by Cuzick et. al. [169]. The result

provided by the IHC4 score were found to be similar to that presented by Oncotype DX which

is a commercially available multigene assay of 21 genes including Ki67 as a primary gene

in the cell proliferation group which are heavily weighted in the formula used to estimate

the tumour recurrence score [170]. Furthermore, Ki67 expression is used as a descriptive

parameter in rare epithelial subtypes of the WHO classification of breast carcinoma. In

lipid-rich subtype, Li67 is over expressed while in lobular carcinoma is low [171, 172].

The aim of this study is to use the same markers for clustering using RPPA technique and

to evaluate the importance (influence) of the biomarker ‘Ki67’ on the classification results.

For this, the pipeline proposed in Chapter4 is employed in three stages; first by considering

10 original protein biomarkers, second first ten plus Ki67 and third by considering all the 14

biomarkers. The difference in performance can indicate the answer to the aforementioned

question.

A.2 Background

A.2.1 Reverse Phase Protein Microarray

Reverse Phase Protein Microarray (RPPA) was performed as described previously [173].

In brief, protein lysates were robotically spotted in triplicate onto nitrocellulose-coated

glass slides with a microarraying robot (MicroGrid 610, Digilab Marlborough, MA, USA).

Blocking of slides was performed using Super G blocking buffer (Grace Bio-labs, USA)

overnight. Next, slides were incubated with the primary antibodies overnight at 4 °C with

agitation at 20 rpm. Detection of the reaction was performed with infrared secondary

antibodies (680 CW anti-mouse or 800 CW anti-rabbit antibody) diluted 1:5000 in washing

buffer for 30 min at room temperature and visualised using an Odyssey high-resolution

scanner (LI-COR, Lincoln, USA) at 21 lm resolution using both channels 700 (red) and 800

(green). Axon Genepix Pro-6 Microarray Image Analysis software was used to determine the

average fluorescence pixel intensities of all spots on each array. Protein signals were finally
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Figure A.1 Boxplot of the RPPA data

determined with background subtraction and normalisation to the internal housekeeping

targets using RPPanalyzer [174].

A.2.2 Patient Samples

In this study, 143 cases of primary invasive BC prospectively collected from patients treated

at Nottingham City Hospital (Nottingham prospective series) were used. The patients were

under 70 years old and they received the same treatment according to the specific pro-

tocol which approved locally. Samples were provided by the Nottingham Health Science

Biobank and the study was approved by the North West 7 Research Ethics Committee—Great

Manchester Central (Nottingham Research Biorepository (NRB)—REC Reference number

10/H1008/72). RPPA differs from Immunohistochemistry in the method of scoring biomark-

ers, the former by computer while the latter being manual. The RPPA dataset consists of 14

protein biomarkers, first ten being the same as used in previous breast cancer datasets, 11th

being Ki67, and three additional biomarkers namely BCL2, mdm2 and EREP1.

A boxplot of the range of biomarkers is shown in Figure A.1.

A.3 Data pre-processing

Before the analysis all the biomarkers were normalised on a scale of 0-1. There are number

of ways to normalise including z-score, min-max and dividing by maximum. For the sake

of simplicity we chose dividing by maximum normalisation. For each biomarker we first

determine the maximum value throughout the dataset. For every patient divide each biomarker
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by its corresponding maximum value. The data had no missing values, and contained three

scores for each patient and each biomarker. The average of all the three values is computed

to create the final dataset to be used for analysis.

A.4 Methodology

Steps followed for the analysis are as follows:

1. Two clustering algorithms: Partitioning Around Medoids (PAM) and K-means with

centres from pruning of Hierarchical cluster tree are run on the dataset.

2. A consensus of both the clustering algorithms is performed (clusterfusion).

3. Clusterfusion is performed passing three cluster centres. Similar steps are repeated for

creating eight clusters.

4. The results and discussion are reported for ten original biomarkers, original ten plus

Ki67 and all the 14 biomarkers.

5. The next step is applying classification algorithms to the non-classified patients, and

preform the consensus of the results.

A.5 Results

This section discusses the analysis on the Reverse Phase Protein Array (RPPA) data of 143

breast cancer patients.

A.5.1 Analysis on 10 biomarkers

The analysis on the ten original biomarkers are discussed in this section. The first step is to

run the K-means and PAM clustering algorithms with three cluster centres of the dataset. A

consensus among 99 patients is agreed (clusterfusion), whose distribution in classes shown

in table A.1.

To distribute patients among seven classes, similar to the Nottingham case, the clustering

algorithms are run with eight cluster centres. The first reason to choose eight over seven is to

achieve similarity with Nottingham case: seven breast cancer classes and one NC class. The

second reason being no consensus for one group upon passing seven cluster centres, leading
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Method Class 1 Class 2 Class 3
K-Means 51 46 46

PAM 58 32 53
Consensus 35 23 41

Table A.1 Results after division in three classes using 10 biomarkers

to six cancer groups. Upon passing eight centres, the pattern is repeated and no consensus

is obtained among one group therefore forming seven classes and a NC one. Passing the

eight centres to K-means and PAM, a consensus among 92 patients is agreed (clusterfusion).

Table A.2 shows the distribution of patients among the seven (and NC) classes.

A comparison among the distribution of patients in three and seven classes is performed

to compare the similarities among them. Classes 1, 3 and 5 of the seven class classification

(scc) show similar distributions to class 2 of the three class classification (tcc). All the

patients in classes 6 and 7 of the scc show similar distributions to class 3 of the tcc. A similar

result is obtained for class 4 of the scc, which shows similar distributions to class 1 of the tcc.

Class 2 of the scc showed a mixed distribution towards all the three classes of the tcc.

Among scc, classes 6 and 7 differ from each other in value of the biomarkers CK7/8,

CK5/6 and EGFR. They are on the higher side in class 6 and on the lower side in class 7.

The major difference among classes 1, 3 and 5 are the high values of PgR for class 1. Among

classes 3 and 5, class 3 has low value of ER and high values of MUC1, and vice-versa for

both in class 5 i.e. high values of ER and low values of MUC1. Classes 2 and 4 have very

similar distribution, except for MUC1 biomarker: class 2 has higher values than class 4.

Method NC Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7
K-Means 14 24 25 6 28 6 33 7

PAM 11 21 28 6 23 17 25 12
Consensus - 11 19 6 19 5 25 7

Table A.2 Results after division in seven (and NC) classes using 10 biomarkers

Two classification algorithms (ANN and Nearest Neighbour) are run on the distribution

obtained after clusterfusion. A consensus of the results of the classification algorithms is

performed (classifusion). After performing this step 32 more patients (in addition to 92

obtained after clusterfusion) are classified to one of the seven classes increasing the number

to 124 patients. The boxplots of these additional patients for each class is similar to the

ones obtained after clusterfusion. Total column in Table A.3 shows the overall distribution,

classifying 124 patients in one of the seven classes.
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Class Clusterfusion Classifusion Total
1 11 11 22
2 19 7 26
3 6 1 7
4 19 3 22
5 5 4 9
6 25 6 31
7 7 0 7

NC - - 19
Table A.3 Results after combining with classifusion using 10 biomarkers

A.5.2 Analysis on 11 biomarkers

The analysis on 11 (ten original + Ki67) is discussed in this section. K-means and PAM

algorithms are run on the dataset with three cluster centres. A consensus among 122 patients

is agreed (clusterfusion), whose class distribution is shown in Table A.4.

Method Class 1 Class 2 Class 3
K-Means 63 18 62

PAM 52 31 60
Consensus 52 18 52

Table A.4 Results after division in three classes using 11 biomarkers

To perform clusterfusion with eight cluster centres, K-means and PAM clustering algo-

rithms are run on the dataset. A consensus among 99 patients is agreed, whose distribution

in classes is shown in Table A.5. All the patients in classes 1 and 5 of the scc show similar

distributions to class 1 of the tcc. Similarly, class 7 of the scc show similar distributions to

class 2 of the tcc. Also, classes 3, 4 and 6 of the scc show similar distributions to all the

patients in class 3 of the tcc. Class 2 of the scc show a mixed distribution towards all the

three classes.

Among scc, classes 1 and 5 differ from each other in value of biomarkers PgR and EGFR.

These are on the higher side in class 1 and on the lower side in class 5. The major difference

among classes 3, 4 and 6 are the high values of MUC1 for class 4. Class 3 has high values of

ER and HER2. Classes 2 and 7 have dissimilar distributions. The next step is to implement

classifusion, which classifies additional 32 patients in one of the seven classes. Total column

in Table A.6 shows the overall distribution.
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Method NC Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7
K-Means 4 33 24 12 11 24 22 13

PAM 19 25 23 10 11 22 21 12
Consensus - 25 16 7 6 18 16 11

Table A.5 Results after division in seven (and NC) classes using 11 biomarkers

Class Clusterfusion Classifusion Total
1 25 7 32
2 16 5 21
3 7 2 9
4 6 6 12
5 18 4 22
6 16 6 22
7 11 2 13

NC - - 12
Table A.6 Results after combining with classifusion using 11 biomarkers

A.5.3 Analysis on 14 biomarkers

The analysis on 14 biomarkers is discussed in this section to see the affect of other biomarkers

on the classification. K-means and PAM are run on the dataset with three cluster centres.

A consensus among 123 patients is agreed (clusterfusion), whose distribution in classes is

shown in Table A.7.

Method Class 1 Class 2 Class 3
K-Means 67 20 56

PAM 53 29 61
Consensus 53 20 50

Table A.7 Results after division in three classes using 14 biomarkers

Similar to analysis on 10 and 11 biomarkers, clusterfusion is performed with eight cluster

centres. K-means and PAM clustering algorithms have consensus among 94 patients, whose

distribution in classes is shown in Table A.8. All the patients in classes 6 and 7 of the scc

show similar distributions to class 2 of the tcc. Similarly, all the patients in classes 2 and 3 of

the scc show similar distributions to class 3 of the tcc. Also, all the class 4 patients of the

scc show similar distributions to class 1 of the tcc. Class 1 and 5 of the scc show a mixed

distribution towards classes 1 and 3 of the tcc.
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In scc, classes 6 and 7 differ from each other in value of biomarkers ER, HER2, HER4

and EREP1. These are on the higher side in class 7 and on the lower side in class 6. The

major difference among the classes 2 and 3 are high values of ER and low value of MUC1 for

class 2 and vice-versa for class 3. Among classes 1 and 5, class 1 has high value of EGFR,

but on the lower side for the class 5. Class 4 has similar distribution to classes 1 and 5, except

for the PgR biomarker which are on higher side in class 4. The next step is to implement

classifusion, which classifies additional 31 patients in one of the seven classes. Total column

in Table A.9 shows the overall distribution.

Method NC Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7
K-Means 4 24 19 7 31 37 7 14

PAM 22 25 18 13 27 23 9 6
Consensus - 15 15 6 26 19 7 6

Table A.8 Results after division in seven (and NC) classes using 14 biomarkers

Class Clusterfusion Classifusion Total
1 15 6 21
2 15 8 23
3 6 2 8
4 26 7 33
5 19 8 27
6 7 0 7
7 6 0 6

NC - - 18
Table A.9 Results after combining with classifusion using 14 biomarkers

A.5.4 Discussion

For division of patients in three classes, clusterfusion gave best results with 14 and 11

biomarkers case. 11 biomarkers classified 122 patients, while 14 biomarkers classified

one extra i.e. 123. Worst performance was obtained with 10 biomarkers, which classified

99 patients. For division of patients in seven classes (and NC), 11 biomarkers gave best

result after clusterfusion, classifying 99 patients. It gave best results after classifusion as

well, classifying a total of 131 patients. 10 and 14 biomarkers gave similar results after

clusterfusion and classifusion.
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Clinical Interpretation

For classification of patients in groups cluster validity indices suggest best number to be

three, which is evident in the results. Analysis is done for both three and seven classes, but

tcc results after clusterfusion outperforms scc in all the three cases. To check the importance

of Ki67 biomarker in classification, analysis is done with and without Ki67. 11 biomarkers

case outperformed 10 biomarkers in both three and seven class division. Thus, it can be

inferred that addition of Ki67 biomarkers improves the classification results.
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