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ABSTRACT

Data Science is the new and exciting interdisciplinary response that has emerged as a conse-
quence of the staggering amounts of data generated in many new forms from digital images to
audio to text. It is an interdisciplinary field involving Statistics, Computer Science and Mathe-
matics. It involves the study of data, how they are collected, stored, accessed, visualised, mod-

elled and ultimately used to inform decision making by turning data into intelligence.

Despite this ‘data revolution” and the development of Data Science as a consequence, the aim
of any data analysis is still the same, to make inference about unknown population parameters
using sample statistics. One fundamental challenge in inference is the identification of outliers.

Such oddities, or atypical observations, could be indicative of poor data management or bi-
ased sampling. In this situation the presence of such outliers are considered a negative aspect
and efforts are needed to account for them (e.g. correct data entry errors) accordingly to avoid
introducing bias in parameter estimation. On the other hand, finding an outlier may be the key
focus of the exercise as an outlier may represent something new and novel.

Many statistical methods have been developed to identify outlying data points and robust meth-
ods developed to account for outliers in statistical models. A central property of all such methods
is that an observation is classified as an outlier or not (i.e. a binary decision); being able to quan-

tify an observations ‘outlyingness’ is clearly an attractive alternative.

In this thesis, a novel method is presented for outlier detection in multivariate data based on
the idea of a statistical depth function. The proposed approach enables outlier detection in mul-
tivariate data while taking into consideration the local geometry of the underlying probability

distribution.
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INTRODUCTION

1.1 INTRODUCTION

Data Science is the new and exciting interdisciplinary response that has emerged as a conse-
quence of the staggering amounts of data generated in many new forms from digital images to
audio to text. It is an interdisciplinary field involving Statistics, Computer Science and Mathe-
matics. It involves the study of data, how they are collected, stored, accessed, visualised, mod-
elled and ultimately used to inform decision making by turning data into intelligence.

Despite this ‘data revolution” and the development of Data Science as a consequence the fun-
damental challenges in data analysis still remain. One such challenge is outlier detection.

Identifying outliers in data is a fundamental component of all data analyses. Since the de-
velopment of the discipline of Statistics numerous methods have been presented to detect and
visualise outliers from a univariate and multivariate perspective and statistical models devel-

oped that are robust to outliers.

In this thesis outlier detection is revisited with an overall goal to evaluate, through simulation, a
newly proposed statistical algorithm to identify outliers in multivariate data. Methods to use the
proposed algorithms in data visualisation are given by embedding the outlying score in classical
data visualisations so that potential outlying points can be identified visually in a novel and an

intuitive manner.

In addition a new and novel application of Data Science, involving topic modelling and clus-
ter analysis, is presented in the form of a tool to aid in literature reviews when the number of

published article is vast.

To conclude, a case study in Data Science is given where modern computational techniques
in Statistics and Computer Science are used to predict severity of Knee Osteoarthritis.
In the next few sections the chapter specific objectives and new contributions to the field of Data

Science developed in this thesis are summarised.

1.1.1  Chapter-2: Data Science Approach to Literature Analysis

A literature review is a comprehensive summary of previous published research on a topic to i)
give a theoretical base for new research, ii) acknowledge the work of previous researchers in the
domain and iii) summarise the developments in the field to date. With ongoing advancements in
technology, publication rates continue to increase rapidly creating challenges for completing ef-
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ficient reviews. Due to the large number of papers in a particular domain it is almost impossible
to manually review all available published papers on a certain area [BGC10; Chao3]. A semi-
automated approach has the potential to overcome the challenges [ARO+09].The use of such a
semi-automated approach to analyze literature search results gives more opportunity to perform
the analysis faster and produce more evidence by being able to summarise a large number of

titles and abstracts in a time efficient manner [ARO+09].

In this chapter, the difficulties of manual reviews of a large number of scientific publications
are presented to summarise a large collection of abstracts and to identify latent research themes.
To overcome these, a new workflow is presented which will augment the traditional literature
review process. The proposed workflow consists of steps of data collection; key words searches
from indexed electronic databases (e.g. PubMed, ScienceDirect, Web of Science etc.), data clean-
ing and tidying followed by topic modelling.

The proposed workflow is described using three different examples from three different applica-
tion domains. The proposed workflow can be used in any research domain where the objective
is the synthesize existing body of knowledge and identify latent research themes from a large

collection of available published studies.

Using the steps of the proposed workflow an open source application (shiny app) was devel-
oped, so that it can be used by any non-technical user to augment their literature review. The
user will be able to interact with the collection of abstracts to uncover underlying latent research
themes and visualise them in a meaningful way. Moreover, users can identify if there are any
clusters of note among the abstracts.

The proposed workflow, along with the open source shiny app, will be a companion tool for
literature reviews of large collections of published studies that is not feasible to do manually.
For a large number of published studies performing an exhaustive manual review is nearly im-
possible but the proposed workflow along with the shiny app will play an important role in

mitigating the difficulties of manual reviews.

1.1.2 Chapter-3: Outlier Detection in Multivariate Data

In the statistics community the term "outlier" was used as early as 1969 by Grubbs [Gru69].
Though the terminology has been used for many years there is still a lack of a unified definition
of outliers [CBKog]. It is more challenging to define and detect outliers in multivariate data in
comparison to univariate data. Having the ability to define an outlying score from multivariate

data point is clearly attractive.

In this chapter the concept of a univariate ‘outlyingness’ score is discussed, along with limi-
tation of existing methods. One such idea, introduced by Tukey [Tuky5], was a statistical depth
function, an extension of order statistics in multivariate data. A new algorithmic approach, a
modified Mahalanobis depth function, that overcomes previous limitations is presented in this
thesis, along with an evaluation of the proposed approach using simulation experiments. The
proposed approach is evaluated using benchmark and real-world datasets.



1.2 NOVELTY |

The primary goal of the proposed modified Mahalanobis depth function is to define an out-
lyingness score for each data point to numerically and visually identify potential outliers for
further investigation. The notion of ‘outlyingness’ is presented as a continuous scores rather
than using a cutoff to use it as a binary indicator variable. The continuous score represents
the degree of outlyingness compared to the centre of the distribution or compared to a nearest
neighbour if the objective is the identify local outlying points.

1.1.3 Chapter-4: Visualising Multivariate Data

To present meaningful insight from raw data, visual representations are more useful than nu-
merical summaries. In this chapter, various ways of visualising multivariate data are presented

along with their limitations in visualising potential outlying points.

Classical approaches for data visualisation of multivariate data are presented using a case study
involving motion tracking data in elite socce where traditional statistical graphs are augmented
through the inclusion of the proposed modified Mahalanobis depth function introduced in Chap-
ter 3. The new contribution of this chapter is the ability to visualise potential outlying points
from a multivariate data using any type of classical visualisation by incorporating the modified

Mahalanobis depth function.

1.1.4 Chapter-5: Predicting the Severity of Knee Osteoarthritis: A Data Science Case Study

This chapter could be considered an outlier as the focus is not on outlier detection rather a
showcase of modern methods of data science in the area of knee injury through a collaborative
project across the Insight Centre for Data Analytics.

In this project, a statistical model will be presented to predict severity of Knee Osteoarthritis
based on patient symptoms and other characteristics as an alternative to a model developed

using knee X-ray images.

1.2 NOVELTY

The novel contributions of this thesis are:

o A new workflow to perform the analysis of a collection of articles from the scientific litera-

ture to uncover latent research themes

o A web tool developed for the workflow to analyse the scientific literature to uncover latent

research themes and visualise the findings

¢ A novel approach using a modified Mahalanobis depth function in multivariate data while
taking into consideration the local geometry of the underlying probability distribution

e The use of an outlyingness score to visualise multivariate data to indicate potential candi-

date outliers in classical visualisation techniques such as the scatter plot.

3
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1.3 SUMMARY

The aim of this thesis is to develop new methods for outlier detection in multivariate data that
are relevant and useful in Data Science. As part of the journey of discovery classical methods
in Statistics have been revisited, adapted and merged with methods in Computer Science to
create useful tools for outlier detection, knowledge discovery in literature reviews and aid in the

treatment of Knee Osteoarthritis.



DATA SCIENCE APPROACH TO LITERATURE
ANALYSIS

2.1 INTRODUCTION

A literature review is a comprehensive summary of previous published research on a topic to i)
give a theoretical base for new research, ii) acknowledge the work of previous researchers in the
domain and iii) summarise the developments in the field to date. It is assumed that the author

has read, evaluated, and critiqued the work in the context of the arguments they present.

The collection of published research in popular domains could form a large corpus of text doc-
uments and manually collating and summarising those is time consuming and not efficient. As
the number of online scientific journals and corresponding publication rates continue to increase
rapidly, it is almost impossible to complete an exhaustive and efficient traditional literature re-
view [BGC10] and [Chao3]; the use of semi-automated approaches such as text mining and topic
modelling have the potential to address these challenges [ARO+09].

In this chapter a new approach will be presented (and a shiny application showcased) which
uses text mining and topic modelling to augment a ’classical” literature review allowing an auto-

mated search across all relevant articles to identify

o the most prevalent research themes/sub-themes in a specific application domain of interest
o new research themes that are emerging

e the evolution of a specific research theme over time

A workflow is presented which consists of the steps of data collection (through keyword searches
in electronic databases), cleaning and tiding followed by text mining tool to extract research
themes.

The steps presented are as follows:

e Data collection

Data cleaning

Exploratory analysis

Text mining and topic modelling

Visualisation and communication
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An example will be given on the topic of outlier detection from a statistical perspective followed
by an example relating to injuries in elite soccer. The tool presented in this chapter could be
used in any domain where the objective is to summarise previous published research with an
aim to identify common and emerging research themes.

In each case the target population consists of all scientific papers published in English over

time on a specific domain of interest.

2.2 TEXT MINING & TOPIC MODELLING

A classical statistical analysis involves the application of statistical models to make inference on
unknown population parameters using a random sample from the study population of interest.
Making inference from unstructured text data requires an additional step as the raw text data
need to be transformed into structured form suitable for analysis. The analysis of such data is
often referred to as text mining or text data mining [FDgs5; Heagy].

Text mining is the umbrella term used in Computer Science for natural language processing
(NLP); the process of deriving high-quality information from plain text. Text mining typi-
cally involves finding patterns of term/word use within a collection of documents (ie. a
corpus), an analysis of term frequency provides information on the overall theme of a docu-
ment. Approaches and applications of text mining include, but are not limited to, document
clustering[CTL17], opinion mining and sentiment analysis[PL+08], identifying protein interac-
tions[PPT+15; SMC+16] and protein disease association[ LMS+18].

Tan [Tan+99] presented a framework for text mining that consisted of two phases; 1) text refine-
ment where the unstructured text are transformed into an intermediate form typically known as
a Document-Term-Matrix and then 2) knowledge extraction phase from the intermediate form
of the text documents. Based on the type of intermediate form, the knowledge extraction phase
differs; the document based intermediate form leads to document clustering, categorisation and
visualisation whereas, content-based intermediate forms lead to predictive modelling, associa-

tive discovery and visualisation.

The aim of Topic modelling is to discover latent themes from a large number of documents
(i.e. a corpus) using suitable statistical models. Each document is considered to contain a mix-
ture of topics representing latent themes, governed by term frequency. Topic modelling was first
described in 1998 by Papadimitriou, Raghavan, Tamaki and Vempala[PRT+o0]. In 1999, Thomas
Hofmann described topic modelling as Probabilistic Latent Semantic Analysis (PLSA)[Hofg9],
generalised in 2003 as Latent Dirichlet Allocation (LDA)[BNJo3], becoming one of the more
popular and most commonly used technique in topic modelling. Text mining & topic modelling
have been used to find research trends in marketing[ ACR+18], abbreviation identification[ YH17],
identification of studies by automatically expanding the search queries and document clustering
to support systematic reviews[OTM+15; ARO+09] and personalisation and customization of re-
search literature[SB12].
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The novelty of this chapter is the use of topic modelling to analyse the content of the scien-
tific Journal articles; especially abstracts to uncover latent research theme which was absent in
the previous attempts [OTM+15; ARO+09]

In the next section the workflow for applying topic modelling and text mining in the analysis of

text in literature reviews is outlined.

2.3 LITERATURE ANALYSIS WORKFLOW

A comprehensive workflow is presented in Figure 2.1, consisting of the steps needed to search
and filter relevant literature from well known scientific databases and to pre-process data for

modelling and visualisation.

2.3.1  Search and Retrieval

The top block of Figure 2.1 relates to the search & retrieval of relevant abstracts. The aim is to
perform a search in well known scientific databases using a combination of key words relevant to
the research domain of interest. Initially the download is driven by search results which contain
the title of the paper, abstracts and other related information. Duplicate titles are then removed
and a corpus of abstracts is created based on the inclusion criteria (e.g. abstracts in the English

language only, original or systematic review papers and availability of abstracts).

2.3.2 Text Processing

The upper middle section of Figure 2.1 relates to text processing and the conversion of the raw
unstructured text into a a Document-Term-Matrix: a more structured form suitable for statistical

analysis.

The scientific abstracts are variable in length, containing various forms of the same words, punc-
tuation, numerals and Unicode characters. In order to uncover latent research themes and how
such themes evolve over time, a pre-processing step is needed to represent the unstructured text
data (abstracts) in a structured layout i.e. each document represented a row and each word a
column. Initially all ‘general words’ are removed from the abstracts to reduce potential bias
in subsequent analyses. The list of ‘general words” included but not limited to: introduction,
background, aim, objective, method, study, result, conclusion, and discussion. The “terms”, or a combi-
nation of “terms”, used for the search are also removed due to their low discriminatory power
(as they appear in every abstracts in the corpus) between themes. All text is then converted to
lowercase or uppercase to mitigate case-sensitivity of the “terms”. Following this, all numerals,
punctuation, Unicode characters, and common English stop-words e.g. auxiliary verbs, preposi-

tions, conjunctions etc., are removed.

Due to grammatical structures employed, abstracts may contain the same “term” in different
forms and “terms” may appear with similar meaning. To address this, these type of words are

7
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reduced into common inflectional forms and derivationally related forms of “terms”; known
as lemmatization [GBK+09; MCF+15; BG18]. A document-term matrix (DTM) is then created,
where each row represents one document (an abstract here) and each column represents one
“term” from the abstract and the entries of the matrix is the number of occurrence of the “terms”
in a document. A seperate DTM is constructed using unigram (taking one “term” at a time) and
bigram (taking two consecutive “terms” at a time considered as a single instance) approaches.
(Figure 2.1).

Different words may not be equally informative in uncovering latent themes from a collection of
abstracts where some “terms” might appear in only a handful of abstracts and are deemed less
useful. To identify only meaningful “terms” that could aid in uncovering latent themes from
a corpus, sparse “terms” are removed by calculating the “Term Frequency-Inverse Document
Frequency” (TFIDF) representing how important a “term” is to a document in a corpus. TFIDF
is defined as:

_ Frequency(i)

TFIDF(i) S
i

N
X logNd. (2.1)
1

where Frequency(i) is the frequency of i —th “term” in a document, N; is the number of “terms”
in the document (i.e. length of the document from which i-th “term” comes), N is the total num-

ber documents in the corpus, and Ng4; is the number of document with “term” i [RU11].

Once these steps are completed successfully the original unstructured data are ready for analy-
sis.

2.3.3 Exploratory Analysis

In the exploratory analysis step the number of publications per year is calculated to assess the
growth of relevant publications over time. An attempt to identify the forum/journal was made
with the largest number of publications focused on the domain of interest. The top k single
“term” (unigram) used with highest frequency of occurrence is identified followed by the top k
two consecutive “terms” (bigrams). The unigram and bigram frequency is then used to provide

insight on the overall research theme and its evolution over time.

2.3.4 Modelling & Visualisation

Latent Dirichlet Allocation (LDA)[BNJo3] is one of the popular and most commonly used tech-
niques in topic modelling. LDA is a hierarchical Bayesian modelling approach which can learn
from a set of latent topic based on the “terms” that occur together in a document. The primary
idea of LDA is that the documents are represented as a random mixture of latent topics, where

each topic is characterized by a distribution of “terms”. There are two underlying assumptions:

o Exchangeability for terms in a document, that is the order of occurrence of a “term” does
not affect the underlying latent topic. This is also known as the Bag-of-Words (BoW)
assumption; the grammatical structure is completely ignored and the count of individual
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“terms” are the only things that matter here. The order of the “terms” do not affect the
underlying latent topic rather the co-occurrence in a document.

o Exchangeability for documents in a corpus, that is the order of documents do not affect
the underlying latent topics. That is the temporality of the document does not affect the

underlying latent topic.

The LDA model uses the observed conditional probability of a “term” for a given document
(P(term|document)) to calculate the probability of a latent theme given a document (P(topic/document))
and also to calculate distribution of “terms” for each topic as (P(term|topic)).

In the LDA model the number of topics needs to be pre-specified. To decide on the optimal
number of topics, a tuning step was performed using the Idatuning an R library. A range of
potential values of the number of topic k was plotted against different metrics as suggested by
Griffiths [GSo4], Cao [CXL+09], Arun [ASM+10] and Deveaud [DSB14].

o Griffiths2004 [GSo4]: A range of values of the number of topic k is plotted against the
likelihood of the data for a given model. In this case, P(term|k) is plotted against k, where
P(term|k) is approximated by the harmonic mean of a set of values of P(term|topic, k).
The resultant curve initially shows an increasing pattern and then reaches a steady state
and thereafter starts to decrease. The optimum value of k is the value for which the curve

attains its maximum.

o CaoJuanzoo9 [CXL+09]: Average cosine distance between a pair of topic is plotted against
a range of values for the number of topic k. The value of k for which the average cosine
distance is minimum is chosen as the optimal number of topics.

o Arunzo1o [ASM+10]: A symmetric KL-Divergence is calculated for each value of the num-
ber of topic k and plotted. The optimum value of k is the value for which the curve attains

its minimum.

e Deveaudzo14 [DSB14]: A dissimilarity between pairs of topics is being calculated and plot-
ted against the number of topic k. Here the information divergence between pairs of topics
is being used as a measure of dissimilarity between topics. The optimum value of k is the
value for which the dissimilarity between attains its maximum

The four different matrices could give different values of k which helps get an idea of the range
of optimal number of topics to consider in LDA model fitting. A higher value of k will result
in too granular a level of topics identified which might not be of interest. To keep the balance
between topic granularity and information content, we have chosen the smallest value of k from

the range obtained by using the four metrics.

Once the optimal number of topics k is determined, the LDA algorithm is run to extract the
composition of topics and the distribution of “terms” within a topic based on the estimated
value of (f = P(topic/document)). The top p “terms” are extracted from each of the k topics
and then visualised in a bar chart. The distribution of “terms” in a topic are visualised in a series
of bar charts where the size of the bar represents the probability of the “term” appearing in the
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topic P(term|topic).

If all theses steps are carried out correctly, what started as a large corpus of documents that
was prohibitively large to read, should now be represented graphically in a manner that in-
forms on the most popular research themes present in the corpus including information on their

change over time.

2.4 EXAMPLES

Three examples are now presented following the literature analysis workflow presented in Fig-
ure 2.1. The objective is to demonstrate how the workflow could be used on literature from any
domain of interest to find latent themes from a large number of abstracts. The examples covers
three different research domains, namely, a) outlier detection, b) statistical depth function and c)
injuries in elite soccer.

2.4.1  Outlier Detection

In Statistics the terminology “outlier” was defined in the early 6os as an observed value of a ran-
dom variable that is deviated remarkably from the majority of the values of that random variable [Gru69)].
Since the introduction of the terminology it has been synonymous with atypical observation, ex-
treme points, unusual observation, anomalous points; for a comprehensive overview see [BL74;
Haw8o; RLo5; BC83; HAo04; CBKog; GU16].

Though two terminologies “outlier” and “anomaly” are used interchangeably the correspond-
ing application domains are often quite different. In this example, an analysis of the relevant
literature is presented based on a keyword search in an electronic database.

Search & Selection

A combination of keywords as “outlier detection OR anomaly detection” was used to perform a
search in ScienceDirect; an indexed scientific database. The search result was then filtered based

on the following inclusion criteria:
o Language "English" only
e Original research paper or reviews or systematic reviews
e Availability of abstracts

A total of 1966 abstracts was included for further analysis.

Text Processing

Following the procedure outlined within the workflow Figure 2.1 the downloaded abstracts were
cleaned and converted into a Document-Term-Matrix (DTM). In the processing steps, numerals,
special characters, English stop words (such as, auxiliary verbs, prepositions etc.) were removed.



12

| DATA SCIENCE APPROACH TO LITERATURE ANALYSIS

Moreover, the “general words” that appear in many abstracts were removed e.g. “introduc-
tion”, "methods”, "method”, "objective”, "objectives”, "results”, "result”, "conclusions”, "conclusion”,
"study”, "detection”, "detect”,"data”,"datum”, "analysis”,”program”, "model”, "anomaly”, "outlier”.
The DTM contained 1966 documents representing rows of the DTM while 10651 unique “terms”

representing the columns of the DTM.

Exploratory Analysis

The earliest result was 1975 with very few publications in the 1970s found by the search. The
search result did not pick up an early paper where Grubbs [Gru6g] gave the first definition of
“outlier”. This exclusion could be due to the search performed only in one electronic database;
ScienceDirect. The number of publications increased in the 1990s and there was a sharp increase

from the year 2004 onward. (Figure 2.2)

The name of the journal could provide useful information on the broader research domain in
question. The frequency count of the top 10 journals was plotted (Figure 2.3). The journal
names could be broadly categorized into two domains, a) statistical computing (covering broad
are of computational statistics and data analysis) and b) computer science (covering computer

networks and information science).

Similar to the journal name, the most frequently used “terms” in the corpus also informs on
the underlying research domains. A count of top 50 “terms” was displayed as a bar chart (Fig-
ure 2.4). By looking at the most frequently used “terms” it can be assumed that those “terms”
can be represented as two broad research domains, a) statistics and b) machine learning & com-
puter science. To uncover the research themes in a more granular level, an LDA model was fitted
using the DTM of the corpus.

modelling & Visualisation

To uncover latent research themes from the corpus of abstracts, an LDA model was fitted on
the DTM where the number of topic needs to be pre-specifed before fitting the algorithm. To
decide on the optimal number of topics, a tuning step was performed by plotting four different
metrics (Griffithsz004, CaoJuanz009, Arunzoio, Deveaudzo14) against k; the number of topics,
as mentioned in section 2.3.4, and choosing the lower limit of the range of probable values of
k in order to maintain balance in granularity level while avoiding excessive topic aggregation
(Figure 2.5). The dashed vertical line shows the possible range of values for the number of topics
k. For this analysis k = 40 was chosen to fit the final LDA model.

The distribution of “terms” for each of the 40 topics extracted is presented in Figure 2.6, 2.7, 2.8
and 2.9. Based on the composition of the words within a topic, it can be interpreted subjectively
that each of the topics represents a different application domain such as fraud detection in en-
ergy sector (topic-1), intrusion detection in a system (topic-2), statistical algorithms (topic-5) and

SO Oon.

The over count of “terms” in Figure 2.4 indicates that there appears to be two major research
domains emerging with several sub domains present in the corpus.
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Figure 2.5: Tuning LDA model for selected metrics where vertical lines represents possible lower and
upper limit of k

In the next example, a more focused research domain is explored to see whether the tool pro-
posed can identify sub-domains within focused search results.

2.4.2 Statistical Depth Function

A statistical depth function is a function used to generalise the concept of order statistics in mul-
tivariate data. Tukey (1975) [Tukys5] in his seminal article introduced the concept of data-depth
to define ad hoc ordering in multivariate random variables. A statistical depth function is a map-
ping from RY to IR, where d is the number of variables i.e. an approach to generate a univariate
score for multivariate data. Such a score can then be used to study properties of the distribu-
tion of multivariate random variables e.g. multivariate-location [DG+92] and confidence regions
around multivariate-location [YSgy]. The statistical depth function has been used in various sta-
tistical applications such as clustering [Hoboo; JVZo2; JCS+16; Joro4] and classification [GCos;
MHoé6; CLY08; DG11; LCL12; DG12] problems.The concept of data-depth has been extended to
identify outliers in functional data [LRog; FGGo8].

A more detailed description of a statistical depth function will be given in the next chapter,
in particular its role in outlier detection. To explore the concept of a depth function further, the
methods presented in this chapter are now used to search and explore the research landscape
involving statistical depth functions.

Search & Selection

An electronic search was performed in ScienceDirect; an indexed scientific database using a com-
bination of keywords: (“statistical depth” OR "depth function” OR “data depth” OR “data-depth”).
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Figure 2.6: Probability of top 10 terms for topics 1-10 (x-axis is the probability of a “term” given a topic i.e.

P(termsltopic))
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The search results were then downloaded for further analysis. An initial inclusion criteria to

select potential abstracts for further analysis was:
o Language "English" only
e Original research paper or reviews or systematic reviews
e Availability of abstracts

A total of 226 abstracts were downloaded for analysis. The earliest year of publication was 1972.

The progression of the number of publications over time was calculated for further analysis.

Text Processing

The text of each abstract was cleaned by removing numerals, special characters, Unicode charac-
ters, common stop words in English. Some of the common words that could affect the frequency
because of their appearance in every abstract were removed for further analysis. The ‘general

"o

words’ that were removed were: “introduction”, “methods”, “method”, "objective”, “objectives”, “re-
sults”, "result”, "conclusions”, "conclusion”, "study”, "data”,”datum”, "analysis”, "program”, "model”,
“depth”, "function”. The abstracts were then used to create a corpus of text documents, where
each abstract represented a document. To perform a frequency count of each “term” and to
perform topic modelling the corpus needed to be converted into a Document-Term-Matrix. Each
of the rows of DTM corresponded to an abstract and each column corresponded to a “term” in

that abstract; the entries of the matrix is the count of occurrence of the words within an abstract.

Exploratory Analysis

There is a sharp increase in number of abstracts from the late 1990’s onwards, (Figure 2.10). The
increase in the number of abstracts in recent years in the use of statistical depth function could
be due to the advancement of computational power. A barchart (Figure 2.11) was generated
to identify the popular publication forums (name of journal) where the majority of the papers
have been published. The name of journal itself indicates that there are two domains, namely

statistics and environmental science, based on the search results.

The distribution of high frequency “terms” across all abstracts indicates two major research
domains, namely, statistics and environmental science (Figure 2.12). To know whether there
are sub themes embedded within these two major domains, the results of topic modelling are
presented in next section.

Modelling & Visualisation

An LDA model was fitted using the DTM constructed in previous subsection. To identify the
optimal number of topics from the corpus, a search was performed using the ldatuning R library
and a range of potential values of k were plotted against different quality metrics on the ex-
tracted topics (Figure 2.13). The value of k = 20 was chosen and the distribution of words for
each of the 20 topics extracted is presented in Figure 2.14. Based on the composition of the topic,
it can be interpreted that topic numbers 2 and 13 are primarily focused on the domain of Statis-
tics, particularly the use of depth functions in multivariate data analysis. All other extracted
topics are indicative of various sub themes within broader domains of environmental science.
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In the example just presented it was plausible to read all the abstracts identified through the
initial search. What was evident however is in doing so a lot of abstracts may not be of rele-
vance to the research domain of primary interest (e.g. statistics). Although the initial search
was conducted with the aim of finding research papers focused only on application of statistical
depth function in statistics, the results contained many applications primarily focused on envi-
ronmental science. The usefulness of the approach presented is further highlighted through the
identification of these less relevant abstracts.

In the next example, a domain with a large number of papers is considered to show the useful-
ness of the approach in domains where it is not feasible to read all abstracts identified so that
the main research themes and their evolution can be identified to augment a ‘classical” literature
review.
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Figure 2.13: Tuning LDA model using select metrics (green and red lines) to select optimal k (vertical lines
represents possible lower and upper limit of k)

2.4.3 Injuries in Elite Soccer

In the concluding example in this chapter, an example is given in the domain of sports and
exercise science relating to the study of injuries in elite soccer. As a consequence the research
domains will be very broad including physiology, bio-mechanics and exercise science in relation
to the ability of the human body to adapt to motion, movement and physical activity.

When considering elite athletes, the advancements of athlete monitoring coupled with the tech-
nology to capture and store the vast amounts of data generated (e.g. GPS, blood bio-markers,
wearable) has enabled sports scientists to utilise these data to develop optimal training strategies
to maximize performance, prevent injuries, aid in recovery and prolong careers. As a conse-
quence the number of scientific publication is growing rapidly with many new research themes
emerging over the last decade.
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Figure 2.14: Probability of top 10 “terms” in each topic (x-axis is the probability of a word given a topic

i.e. P(wordsl|topic))
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Search & Selection

To identify as many articles as possible that are relevant on research in soccer (also, known
as football), a search was conducted in three well-known electronic databases - ScienceDirect,
PubMed and Web of Science - using the following inclusion criteria:

o Language "English" only
e Original research paper or Reviews or systematic reviews

e Availability of abstracts

To include the entire range of publication years, no filtering on the year of publication was em-
ployed. In the search result only original research articles and review article including systematic

reviews were retained. The search query for the three databases were:

e ScienceDirect: Title, abstract, keywords: (“soccer” OR "football”) with article type "Review
Article" and "Research Article"

o PubMed: “soccer”[Title/Abstract] OR "football”[Title/Abstract] AND ((Journal Article[ptyp] OR
Review[ptyp] OR systematic[sb]) AND hasabstract[text] AND "humans”[MeSH Terms] AND En-
glish[lang])

o Web of Science: (TS=("soccer” OR "football”) OR TI=("soccer” OR "football”)) AND LAN-
GUAGE: (English) AND DOCUMENT TYPES: (Article OR Review)

After doing an initial search using the keyword combinations, the results were retrieved from all
databases and downloaded for further processing and analysis.

Text Processing & Exploratory Analysis

The name of the database, query terms used in the search and number of papers are listed in
(Table 2.1). In the initial screening phase only accessible abstracts written in English relating to
original research, review and systematic review articles were considered. The Web of Science
database contained the majority of the results followed by PubMed and ScienceDirect. A pa-
per could appear in multiple databases creating duplicate records in the combined results. To
remove such duplicates, the search results were combined and duplicate titles were removed.

After removing duplicate results, 28,115 abstracts were available to create a corpus for analysis.

The search results included a few early publications from the 1930s where the primary area
of research concerned the treatment of fractures [Hen33] in general and not specifically in sports.
Research appearing in the 1950’s [Ats57] focused on the coordination between the coach and
team physician to determine whether a player should play or be substituted, and explored treat-
ment approaches for various injuries such as temporary fixation by metallic lag screws to repair
ligament structures [MGT57], treatment of elbow joint dislocation of athletes [Lip58] and the
treatment of shoulder girdle injuries in football [Pat6o].
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Repositories Searched Queries Papers
ScienceDirect Title, abstract, keywords: ("soccer" OR "football") 2801
PubMed "soccer"[Title/ Abstract] OR "football"[Title/Abstract] AND | 9382

(Journal Article[ptyp] OR Review[ptyp] OR systematic[sb])
AND hasabstract[text] AND "humans"[MeSH Terms] AND En-
glish[lang])

Web of Science | (TS=("soccer" OR "football') OR TI=("soccer" OR "football")) | 25071
AND LANGUAGE: (English) AND DOCUMENT TYPES: (Ar-
ticle OR Review)

Total 37254

Table 2.1: Number of articles searched in different repositories (including duplicate titles)

There was a noticeably rapid increase in publications from 2000 to 2010 where the search results
exceeded 1500 papers per year (Figure 2.15). This rapid increase is due to ongoing technological
advancements in the development of wearable devices used in athlete monitoring. Such devices
include GPS monitors and motion sensor cameras to track and quantify movement, sleep sensors
to monitor sleep hygiene and analysers for point of care testing (e.g. blood and saliva bio-
markers). The ability to capture and store player monitoring data in real time has created new
research opportunities and subsequent publications in sports, as evidenced by the emergence
of specialised journals in sports science. This is particularly evident in research relating to
soccer, one of the most popular sports worldwide, where research is primarily focused on player

monitoring to optimise performance while minimising the incidence of soft tissue injuries.
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Figure 2.15: Number of paper per year

The top 10 Journals, in terms of the number of papers in the search results, are given in (Fig-
ure 2.16). A Journal with over 1000 papers (Figure 2.16) appeared in the search results are the
ones focused on sports medicine but also included journals that focus on training, performance
and sports psychology.

After combining the initial search results and removing duplicate entries a total 28115 abstracts
were available for further analysis. Clean texts were obtained (as discussed in Text processing
and exploratory analysis section) by removing numerals, stop-words, common words and sparse
words. The collection of 'clean” abstracts were then converted into a document term matrix for
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Figure 2.16: Top 10 Journals (based on frequency of papers in the search result)

unigram and bigram analyses to identify the most frequent words used in the abstract corpus.
The top 50 words in the unigram highlighted the depth of research activity in injury, performance
analysis and training(Figure 2.17a). Top 50 bigram statistics indicated the more granular level of
injury detail. Interestingly, significant difference (Figure 2.17b) stood out as the top terms used in
the abstract corpus suggest an excessive reliance on statistical significance based on reporting

p-values as opposed to interval estimation (Figure 2.17).

The document-term matrix (DTM) for unigram and bigram contained 50856 and 1151815 words;
that is, for unigram there were 50856 unique words (column of DTM), and for bigram a total
of 1151815 columns. After removing sparse words (words with zero frequency for almost every
document in the corpus) from the DTM 5057 and 210 words remained for unigram and bigram
to use in topic modelling. Based on the frequency of word use in the abstracts over time, it
is evident that the majority of research reported was focused on injury, injury treatment and
sometimes injury prevention. In recent years, research on performance analysis is emerging as
the frequency of words related to performance analysis has continued to increase (Figure 2.18

and 2.19).

Before performing topic modelling on the document term matrix, a visualisation of the high
dimensional matrix as a two-dimensional scatter plot was created to investigate whether any
obvious clusters existed among the abstracts. A t-distributed Stochastic Neighbour Embedding
(t-sne) [MHo8] analysis was used to reduce the dimensionality followed by k-means clustering
algorithm to explore potential cluster memberships of the abstracts. The k-means algorithm was
tuned using average Silhouette resulting in 48 potential clusters (Figure 2.20).

modelling & visualisation

In the LDA modelling step, tuning was performed as discussed in section 2.3.4 to select the value
of k. The optimal number of topics k is selected from the lower limit of the range of probable val-
ues in order to maintain balance in granularity level while avoiding excessive topic aggregation.
A value of k = 48 was used to fit the final LDA model. The x-axis (Figure 2.21) represents the
number of topics and the y-axis represents the LDA model evaluation metric. For this analysis
k = 48 was chosen and the topics based on this choice were extracted from the abstract corpus.

29
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t-sne algorithm, here x and y both are the projected axis from the original DTM)
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Upon selecting the number of topics based on tuning, a topic model using LDA was fitted and
the underlying topics from the DTM extracted. The probability of each “term” for a given topic
was then estimated. The “terms” with highest probability for each topic were then visualised
and interpreted based on the composition of the “terms” within each topic. There was a total of
48 topics identified and top 10 “terms” from each topic was visualised in Figure 2.22, 2.23, 2.24
and 2.25.

Each of the topics can be interpreted based on the composition of “terms” within each topic
e.g. topic 1 can be considered as knee injury and performance related whereas topic 2 is more
about player’s strength training. On the other hand topic 10 is more about head injury and topic
22 about hamstring injuries.
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Figure 2.21: Tuning LDA model for select metrics where vertical lines represents possible lower and upper
limit of k

The previous examples have highlighted the usefulness of text mining and topic modelling to
augment a traditional literature review. In order to make this process accessible to researchers in
general, a tool, in the form of a web application, has been developed and deployed as outlined
in the following section.

2.5 A SHINY APP

A web application has been developed to automate the approach discussed in this chapter which
can be used to analyse collections of abstracts, apply topic modelling and visualise the results to
identify latent research themes and how the topics have changed over the time. Users will be able
to investigate the growth rate of research in any area of interest where electronic publications are
available . This R shiny app has the potential to be a valuable tool when undertaking a literature
review in any domain of interest. The shiny app has the following functionality;

e to pre-process plain text;
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Figure 2.22: Probability of top 10 “terms” for topics 1-12 (x-axis is the probability of a word given a topic

i.e. P(wordsl|topic))
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Figure 2.23: Probability of top 10 “terms” for topics 13-24 (x-axis is the probability of a word given a topic
i.e. P(wordsl|topic))
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Figure 2.24: Probability of top 10 “terms” for topics 25-36 (x-axis is the probability of a word given a topic

i.e. P(wordsl|topic))
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Figure 2.25: Probability of top 10 “terms” for topics 37-48 (x-axis is the probability of a word given a topic
i.e. P(wordsl|topic))
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to explore the term frequencies of uni-gram and bigram;

to fit an LDA model (with tuning) to find an optimal number of topics;

to visualise the composition of words for each topic;

to perform document clustering;

to visualise the network of words and topic to see how each topic are connected to each
other based on the words within each topic.

litReview: Shiny App Demo

Screen shots of the litReview app are now given to highlight the functionality of the app and the

options available to investigate different configurations.

Select

Browse bib files... ~ Nofiles

Home

litReview =

bib files

NUI Galway

Insighte

OF Gaillimh

litReview
Analysing collection of abstracts

Text Processing

Overview

Term Frequencies

Topic Model

Document Clustering

Figure 2.26: litReview: Shinyapp screen-1 (Users can import bibtex files into the app for further analysis,

note that the bibtex files must contain abstracts)
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Figure 2.27: litReview: Shinyapp screen-2 (Options to configure text pre-processing and removing user
defined common words, and then create Document Term Matrix)
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Figure 2.28: litReview: Shinyapp screen-3 (Plotting number of abstracts against publication years)
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Figure 2.29: litReview: Shinyapp screen-4 (Finding top publication sources)
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Figure 2.30: litReview: Shinyapp screen-5 (Most frequently used words across all abstracts)
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Figure 2.31: litReview: Shinyapp screen-6 (Most frequently used words across all abstracts across different
years)
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Figure 2.33: litReview: Shinyapp screen-8 (Example of document clustering using t-sne algorithm)

2.6  SUMMARY

A new approach to perform a literature review using topic modelling is presented in this chap-
ter including a publicly available web application. In theory the approaches presented in this
chapter can be used to augment a traditional literature review in any research domain where
publications are available in electronic format.

The developed web application will enable non-technical users to quickly summarise a collection
of many abstracts, possibly thousands. The summarised results will give an indication of the
common sub research themes of relevance in the specific domain based on the composition of
words within all the abstracts in the final set. This approach, coupled with domain knowledge
and of course reading the key papers of interest, should make the difficult task of dealing with
the vastly increasing number of published research more manageable.

The concept of a statistical depth function for detecting outliers in multivariate data was in-
troduced briefly in this chapter and an overview of the literature relating to this topic was
presented. In the next chapter statistical depth functions will be explored in more detail and a
novel extension will be presented in the context of outlier detection.



3 OUTLIER DETECTION IN MULTIVARIATE
DATA

3.1 INTRODUCTION

There is a natural tendency to be attracted towards things that appear as ’strange” or ’different’.
For example, in sports spectators usually notice a player who played particularly well or par-
ticularly poorly compared to the squad as a whole. When watching a game these phenomena
are visible to the viewers. Identification of atypical (good or bad) player performance is more
challenging when considering player data alone (e.g. running speed, distance covered with and
without possession of the ball). The level of complexity in identifying an atypical performance

increases as the numbered of measured characteristics increases.

Data visualisation is an intuitive and effective way to represent data but it is challenging to
visualise multivariate data in a meaningful way when the size of the data is vast. Dimension
reduction techniques are a popular and useful technique allowing visualisations of a smaller
number of composite scores derived to represent as much of the variability in the larger set. If
multivariate data could be converted into a single score (e.g. a single player performance score)
then it should be possible to distinguish atypically good and poor performance based on visual-

isations of the marginal distribution of this single variable.

In this chapter a new outlier detection method is presented which is an extension of a classi-
cal data depth approach for outlier detection in multivariate data. The chapter begins with a
discussion on outliers and anomalies followed by an introduction to the concept and properties
of a statistical depth function. A newly proposed modified depth function is then presented

based on Mahalanobis Distance.

The results of a comprehensive simulation study, using benchmark data constructed to repre-
sent real-world data, are given to show the performance of the proposed approach.

3.2 OUTLIERS FROM A STATISTICAL AND COMPUTER SCIENCE PER-
SPECTIVE
As outlined in Chapter 2, in Statistics extreme, atypical, unexpected of unusual observations are

termed as “outliers” while in Computer Science the term “anomaly” is more popular. For a
comprehensive overview see [BLy4; Haw8o; RLos; BC83; HAo4; CBKog; GU16].
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Though these two terminologies are used interchangeably in the literature, there is a concep-
tual distinction between them. In statistics, one of the earliest definitions of "outlier" was ‘an
observed value of a random variable in a dataset that deviated remarkably from the majority of
the points present in the same variable” [Gru6g]. The noun anomaly comes from the Greek word
anomolia. The literal meaning of it is uneven or irregular and is used in a more general sense than

outlier, which is primarily a statistical concept.

An outlying observation could be due to an extreme manifestation of random variability as-
sociated with the variable of interest. Alternatively, the outlying observations could arise due to
an experimental procedure or recording error or an error in the calculation of the values (e.g. a
miscoded GPS signal due to poor calibration). If the outlying observation occurs due to random
variability, the data point should be retained for all subsequent analyses, whereas, if it is due to
a recording error (non-random) then it can be discarded from a subsequent analysis [Gru69].

From a statistical perspective, the definition of an outlier by Grubbs, implies the notion of dis-
tance when defining and identifying outlying observations in data. In the case of data with one
random variable, the distance from its centre is easy to calculate and to understand how far
an individual data point is from the centre of the distribution of the random variable. Let’s
consider X to be a random variable from a random sample of size with n with observations
X(1) < X(2) < X(3) * < X(n) to be the ordered value of the random variable X. If the largest
value x(y) is a doubtful value (potential outlier), then according to Grubbs [Gru69], the test

criterion Ty

o= F (3.1)

where s is the sample standard deviation, can be compared with a theoretical value under a null
hypothesis that x(,,) is not an outlier at a pre-selected level of significance o« , (e.g. 0.05,0.01
etc. If the calculated value is larger than theoretical value under the null hypothesis, then x 1,
considered as an outlying observation. On the other hand if the smallest point x() is the
observation under consideration then, the test criterion is defined as:

X—X(1)

T = (3-2)

S

and the same procedure applies as of x(,,). As per the Grubbs criterion, the outlying observation
could only occur in either of one extremes (smallest or largest). If the distribution of the underly-
ing random variable has multiple modes, then this method fails to identify outlying data points

with respect to a local mode.

Later on in the mid 70’s Tukey proposed a graphical tool, namely the boxplot [Tukyy] for ex-
ploratory data analysis in the univariate case. The boxplot is well known and a popular method
for visualising and exploring the sample distribution along with highlighting potential outlying
data points of a univariate random variable. Typically a boxplot is constructed by displaying
a five number summary: minimum, maximum, median, first quartile (Q1) and third quartile
(Q3). Apart from these five numbers, potential outlying observations are also marked based on
a measure of distance namely 1.5 x IQR; IQR is the inter quartile range (Q3 — Q1). In a boxplot,
the lower edge of the box is the first quartile and upper edge is the third quartile. The median is
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placed within the box, and a line drawn from upper quartile to the maximum data point within
1.5 x IQR distance, a similar line is drawn from first quartile to the minimum data point within
1.5 x IQR distance. All other points beyond 1.5 x IQR are marked (displayed individually) as
potential outliers Figure 3.1. The region (Q1 — 1.5 x IQR, Q3 + 1.5 x IQR) contains 99.3% of the
data points which is equivalent to the 30 rule for Gaussian data.

The construction of a boxplot uses the distance from the centre (median) of the distribution

5.0

o ® o

2.54

Values of numeric variable

0.0

-2.51

Figure 3.1: Tukey’s Univariate Boxplot

as a method to identify potential outlying data points. In the case of a single random variable,
measuring this distance is straightforward and uses the concept of order statistics; i-th smallest
value of a continuous random variable is defined as i-th order statistics. In a univariate boxplot
approximately 50% of the data are contained inside the box. The box goes from [n/4]-th quartile
to [3n/4]-th quartile with the centre of box is at [n/2] which is the median. Though there is no
natural generalization of order statistics from univariate to bivariate (or multivariate) the notion
of halfspace depth; where halfspace depth is defined for a point x € RY is the smallest number of
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points contain in a closed half space through the point x [Tuky5] is considered as a generaliza-
tion of order in multivariate data. Roussseeuw et.al. [RRT99] used this notion of halfspace depth
to propose a bivariate version of the boxplot and named it is a Bagplot. The primary component
of a Bagplot is the bag which contains at least 50% of the data points, a ferice which is a boundary
between the inlier and outlier and a loop indicating data points outside the bag but inside the
fence. The bag is essentially a convex polygon containing at least 50% of the points and inflating
the bag by a factor of 3 to obtain the fenice. The points that are outside the fenice are marked as po-
tential outliers. The outlying points indicated in red in Figure 3.2. The classification of outlying
points is intuitive in the case of bivarate random variable and can be highlighted visually using
a Bagplot.

Figure 3.2: An example of a Bagplot using simulated bivariate data

The central idea in defining an outlying point is again the notion of distance; this distance could
be simple Euclidean distance of a point from a specified location of the underlying probabil-
ity distribution, or it could be a probability measure of a certain point based on an assumed
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probability distribution for the random variables in question. If a data point falls in a very low
probability density region then that point could raise a suspicion that it could have been gener-
ated from a different probability distribution [Haw80].

From the prospective of Computer Science, methods for anomaly detection can be categorized
into six different approaches (Figure 3.3), each with its own set of underlying assumptions
[CBKo9].

Categories Assumptions
N Classification [ i Assumption: A classifier that can distinguish between normal and anomalous classes can be learnt in the given
Based +| feature space
Ngarest Assumption: Normal data instances occur in dense neighborhoods, while anomalies occur far from their closest
> Neighbor > neighbors
Based
BN Clustering EEEEN Assumption: Normal data instances belong to a cluster in the data, while anomalies either do not belong to any
Based cluster
Anomaly
Detection
N Statistical EEEEN Assumption: Normal data instances occur in high probability regions of a stochastic model, while anomalies
occur in the low probability regions of the stochastic model
RN Information [:: 3] Assumption: Anomalies in data induce irregularities in the information content of the data set
Theoretic
% Assumption: Data can be embedded into a lower dimensional subspace in which normal instances and
—> Spectral I " - "
anomalies appear significantly different

Figure 3.3: Categorisation of Anomaly Detection Methods [CBKog]

The definition of an anomaly in Computer Science is not unique and varies based on the ap-
plication domain. Though it is more common that anomalous instances are considered as rare
observations when compared to the dataset as a whole, in some application domains anomalous
instances are those that occur more frequently in number. The assumption of rare instances
might be appropriate in certain application domains. As a result, an anomaly detection tech-
nique developed for one application might not be applicable to other domain without modifi-
cation or adjustment. The assumptions presented by [CBKog] might not always be true and
there could be deviations. High density regions and short distance might not always indicate
a non-anomaly, the local geometry of the distribution along with domain knowledge should be
takes into consideration. Moreover, the choice of distance metric is challenging for mixed data
types and measuring density for high dimensional data is not straightforward.

Visually identifying an outlying data point is often limited to three or fewer dimensions. In a d-
variate random variable if outlyingness is checked for each component marginally, this will not
be adequate; one observation could be outlying with respect to one of the d variables whereas
the observation could be within the central region of another observation (e.g. normal body-
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weight but high cholesterol).

In a multivariate data an outlying data point could be attributed to one variable only or a
combination of several variables or it could be due to all variables in the dataset. Being an outly-
ing data point in one variable does not necessarily indicate the same data point will be outlying
with respect to another variable. A data point that is outlying only with respect to a subset of
variables from a multivariate data could be categorised as "component-wise" outlier whereas an
outlier with respect to all variable can be categorised as "Structural" outlier [AVY+o9].

A "component-wise" outlier is assumed to be an independently contaminated data point from
other variables in the dataset, in 2016 Rousseeuw and Van Den Bossche introduced "cell-wise"

outliers where the individually independent contamination assumption is not required [RV16].

Approaches are needed therefore that take the underlying geometry of the random variable
into account, moreover, approaches that could take local geometry into account while maintain-
ing the global structure. In the remainder of this chapter a new algorithmic approach combining
Mahalanobis distance and k nearest neighbours is developed to address this need.

Using this approach, a score derived from a modified statistical depth function is calculated
for each observation of each multivariate random variable as a measure of outlyingness relative
to its nearest neighbours and the direction of variability associated with the random variable of
interest.

3.3 STATISTICAL DEPTH, OUTLYINGNESS FUNCTIONS AND PROP-

ERTIES

A statistical depth function, a mapping from R? to R (where d is the number of variables), is
a method to generate a univariate score for multivariate data. Such a score can then be used
to study properties of the distribution of multivariate random variables such as multivariate-
location [DG+92] and confidence regions around multivariate-location [YS97].

Different types of depth functions and their mathematical properties are covered by Mosler
[Mos13] and reviews on depth functions by Serfling [Liuo6; Sero6] and Cascos [Cas10]. Statisti-
cal depth functions have been used in various statistical application such as clustering [Hoboo;
JVZo2; JCS+16; Jorog; DDP+o7] and classification [GCos; MHo6; CLY08; DG11; LCL12; DG12]
problems, outliers detection, anomaly detection [CDP+08; DS10; Ven11]. The original data are
mapped into a kernel induced feature space and then the spatial depth function has been used to
detect outliers from multivariate data [CDP+08]. The complexity or limitation of this approach
is that there is a need to choose a proper kernel to map the data into the feature space. More-
over each kernel function has its own hyper-parameters which also need to be tuned. In 2010,
Dang [DS10] applied depth functions in outlier detection and discussed their robustness prop-
erties but they did not highlight the need to capture the local geometry of the distribution. The
concept of data-depth has been extended to include outlier detection in functional data [LRoo;
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FGGo8].

To visualise multivariate data the depth function has been also used in rainbow plots, bag-
plots and plots of functional data [HS10]. Depth functions have also been used in supervised
classification problems [LCL12; PMD16].

More formally, let X be a univariate random variable from a random sample x1,x3,...,xn of
n observation. The ordering of the values of X is clearly understood and unambiguous. In the
case of a continuous random variable the values can be ordered by increasing order of magni-
tude such as x(1) < x(2) < x(3) < ... < X(y)- The subscript with parenthesis indicates the ordered
value of the random variable X. In the univariate case the ordered values x(;),i =1,2,3,..,n are
defined as order statistics. The ordering of univariate values can also be done with reference to
a specific value e.g. a; where a is any real number, and the absolute distance from that specific
value to all other values. Consider a be a reference point, the value of X can then be ordered as
a < x(1) < X(2) € oo < X()- This type of reference point is useful in the multivariate context.
Having the ability to order the values of a random variable, the intrinsic features of data [Bar76]
can be explored in more detail. The order directly reflects ‘extremeness” which leads to some of
the well-known treatments of robust methods such as trimming and winsorization (e.g. trimmed
mean, trimmed regression, winsorized mean, winsorized regression) [Bary6]

The generalisation of univariate order statistics to a multivariate context is not straightforward
however. Tukey (1975) [Tukys] in his seminal article proposed an alternative approach to de-
fine order in multivariate random variables where he introduced the concept of ‘data-depth’ as
and ad hoc approach for ordering. The data-depth, or simply depth function, is a bounded
non-negative function that maps from R¢ — IR; (here IR represents the set of real numbers), pro-
viding a centre-outward ordering of multivariate observations. In the univariate case, the order
of the data points follows a linear pattern where the values can be organised easily by increasing
order of magnitude, eventually corresponding to the cumulative distribution function (cdf) F
of the corresponding random variable X. Thus for the univariate case, the ordering of X’s and

corresponding p — th quantile function can be defined as,
Q(p) =inf{x e R:p < F(x)} (3-3)

This definition of a quantile function cannot be generalised to IRY with d > 2. By introducing or
orienting the center of the data cloud this can be compensated, which results in a centre-outward
ordering of multivariate points with nested contours. For example, Tukey (1975) [Tuky5] defined
location depth, also known as halfspace depth (HD) for a d dimensional multivariate data point
x € R? as the smallest number of points contained in a closed halfspace through the point x, i.e.

HD(x;F) = D(x;F) = inf{P(H) : H a closed halfspace ,x € H},x € R¢ (3.4)

Here, HD; stands for halfspace depth, D; represents depth, F is the cumulative distribution
function of a random variable X, and P is the probability measure over F. The above definition
can be simplified for the univariate case where the location or HD of a univariate point x is given
by:

minf#{x; < xJ,#{x; > xJ} = min[F(x), 1 - F(x)} (3.5)
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The depth-function therefore provides a centre-outward ordering of the values of multivariate
random variable. The value of the depth-function decreases as the distance of a points increases
from its central value. The maximum depth value is attained at the center, which is also known
as a point of maximal depth or deepest point. The most central region or points also serve as a
median of a multivariate random variable.

In summary:

» Depth Function: Let X be a d-variate random variable on IR¢ having a probability distri-
bution function F. A non-negative bounded function D(x,F) for each point x € R% is a
mapping from R? — [0, 1] that provides a centre-outward ordering of the points is termed
a depth-function, here x € IRY. The larger values of D(x, F) represents the higher centrality
of the points with the points having maximal depth value is considered as the center of the
distribution.

¢ Outlyingness Function: A function O(x, F), is an equivalent of depth-function D(x, F) of
a multivariate random variable X on IRY, that maps a point x € R — R which also
provides a center-outward ordering of the multivariate data points. The higher value of
O(x, F) represents higher outlyingness. Mathematically O(x,F) =1—D(x, F)

There have been several types of depth-functions proposed such as, convex hull peeling depth
[Bar76], Oja depth [Oja83], simplical depth [Liu+9o] with the aim to define order in multivariate
observations and to study other properties of the distribution of multivariate random variables.
Though there have been many depth functions proposed there was a lack of clear definition of
the unified properties of a such functions. Zuo & Serfling [ZSoo] outlined four criteria that a

depth-function should possess, namely:

1. P1. Affine invariance: The depth D(x,F) of a point x € R should not depend on the
underlying scale of measurement of the random variable X. That is the deepest point
should not change based on the coordinate system of the random variable X

2. P2. Maximality at Centre: In a distribution F of a random variable X with uniquely defined
centre, the depth D(x,F) should be a maximum at the centre. The central point usually

serves as the point of symmetry of the distribution.

3. P3. Monotonicity relative to deepest point: If the point x,, € R with maximal depth
value of D(xm, F), then for any « € [0,1], D(y,F) < D(xm + a(y —xm), F) fory € RY. That
is, if a point moves away from the centre then the corresponding depth-value of that point
decreases.

4. P4.  Vanishing at infinity: This is related to property P3; for a point x € IRY the depth
value should go towards zero while |[x|| — oo

Based on the proposed criteria P1 to P4, a general definition of depth-function, known as statis-
tical depth function, [ZSo00] is given as:
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o Statistical depth function: Let F be the family of distribution on IRY, and Fx be the
distribution of a random variable X, if the mapping D(.;F) : RY x ¥ — R is bounded
non-negative and satisfies properties P1 to P4, the mapping D(.;F) is called a statistical
depth function. The empirical version can be written as D(.;,F) where F is the empirical
distribution function.

The general properties of a statistical depth function and its definition enables the construction
of various types of statistical depth functions. For a more detailed discussion refer to Serfling
[ZSoo]. In this thesis only the Type C statistical depth function based on Serfling [ZSoo] is
considered and a specific version of it is highlighted based on the use of distance between points.
Compared to other types of statistical depth function constructors the Type C is more intuitive to
understand and to define the distance metric for a multivariate observations X.

« Type C depth function: Let X be a random variable on IR¢ with a probability distribution
F and a function O(x, F) : RY — R* is the outlyingness of a point x € IRY with respect the
centre of the distribution F. A corresponding bounded function D(x, F) defined by

D(x,F) = (1+0(x,F)~! (3.6)

is called Type C depth function. Based on the type of distance metric used in O(x, F) the

specific version of Type C is different.

Projection Depth: Let X be a random variable on R¢ with a distribution function F, then for a
point x € RY is the worst case outlying point with respect to the univariate median with any

one-dimensional projection of X with u a projection vector of unit norm; [[u|| = 1, that is,

[utx — Med(utX)|
MAD (1t X)

O(X,F) = Supl\ul\:1 (37)

The corresponding bounded function PD(x, F) is known as projection depth function [ZSoo]:

1

PD(x,F) = T700H (3.8)
where PD stands for Projection Depth, Med(x) is the median of X and MAD(x) is the median
absolute deviation from the median. The projection depth function is straightforward for univari-
ate random variables. When considering multivariate random variables however, the direction
of projection could be any random direction and the depth of a point is not uniquely defined.
In practice multiple depth-values have been calculated and then averaged over different direc-
tions. The projection depth function satisfies the properties of a statistical depth function P1 to
P4 [ZSoo; Mos13].

[,-Depth: For a random variable X on IRY with a probability distribution function F. The
average depth of a x € R% is defined as:

1

Di, (x,F) = m (3.9)
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Here E represents the mathematical expectation of a random variable. The corresponding sample

version can be written as: :

D F) =
]_Z(X, ) ]_|_]/TLZ{l 1HX_X’1H

(3.10)

where n is the sample size. The L,-depth function does not satisfy the property P1 (affine in-
variance) moreover the orders induced by this depth do not produce a sensible ordering of the
dispersion [ZSoo; Mos13]. L,-depth does satisfy other properties P2 to P4 but under certain

transformation an affine invariance version of L;-depth can be constructed.

Mahalanobis Depth: Instead of using Euclidean distance between two points of a multivariate
random variable X, Mahalanobis [Cha+36] defined a new distance metric between two points
by taking the direction of the variance of the random variables into consideration. For any two
points x and y in R¢, the distance between these two points with respect to a positive definite
matrix M of order d x d is:

3 (xy) = (x—y)'M T (x —y) (3.11)

Consider a bivariate random variable X with the following characteristics:
pn=(05,0.5);X5x2 =(0.3,0.2,0.2,0.3)

Also consider two more points B = (0,1) and C = (1.5,.5). We are interested in calculating
the distance of B and C from the mean vector u. The data along with the points B, C and p are
represented as green, blue and red respectively in Figure 3.4. The Mahalanobis distance between
two points in multivariate space takes into account the direction of maximum variance whereas
Euclidean distance ignores this property.

Using Mahalanobis distance between two points an equivalent statistical depth function is de-
fined by Zuo and Serfling [Liug2; ZSoo] as:

mahD(x, F) (3-12)

 T+dE (% u(F)
Here, F is the distribution function of a d-variate random variable X with mean vector w(F) and
covariance matrix X(F). In 1993 Liu and Singh [LS93] noted that the mean vector and covari-
ance matrix is not robust and fails to attain the maximum at the centre of the distribution. To
overcome this non-robust property, a robust location vector and covariance matrix could be used
such as minimum volume ellipsoid (MVE) or minimum covariance determinant (MCD) [RLS87;
LR+91]. The Mahalanobis depth function satisfies all the required properties P1-P4 to be a sta-
tistical depth function

The depth function enables the properties of distribution of a multivariate random variable
to be studied; detailed theoretical discussions on depth functions are covered by Zuo and Ser-
fling [ZSoo; Mosoz]. In the following section, an overview of the use of depth function in
anomaly (outlier) detection will be given.



3-3 STATISTICAL DEPTH, OUTLYINGNESS FUNCTIONS AND PROPERTIES \

2+ .
.
.
N .l. .
. * .0 .
.
.
. 3
o« o . . .
o e *
1 ] .« 8° . 4
.
a" %o . .
. L4
.o c. v
> . e, e
. . .' .
. .
. -
. .
04 S . .
. S, . * .
.
.
hd .
.
14 .
-1 0 1 2

X

Figure 3.4: Demonstration of the difference between Euclidean distance and Mahalanobis distance. The
Euclidean distance of the point B; “green” to the sample mean ; “red” is 0.71 and the distance
of the point C; “blue” to the sample mean ; “red” is 1.4. Whereas the Mahalanobis distances
of points B and C from mean are 5 and 4 respectively
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3.3.1 Statistical Depth Function in Anomaly Detection

It is not always straight forward to generalize univariate outlier/anomaly detection methods
to multivariate data. Moreover, extending univariate methods to a multivariate context creates
challenges due to lack of natural ordering and limited visualisation methods for such data. The
first principal component score from the principal component analysis (PCA) has been used in
social science and public health research to construct a univariate score from multivariate data:
specifically PCA has been used to construct an asset index to understand the socio-economic cat-
egories based on the index and it is one of the popular methods to do so [FPo1]. In a simulation
experiment to assess whether a PCA based index constructed from multivariate data can retain
the order of individual data points, the results showed that only less than 5% of the individual
data preserve their actual order. This simulation study suggests that a PCA based index from

multivariate data may not be suitable and should be used with caution [SNA+14].

Having a univariate depth score from multivariate data points enables us to define the outly-
ingness of that point. The points that have very small values of depth score are considered as
outlying points with respect to the centre of a multivariate random variable. This approach
works based on computational geometry where a layer is constructed based on a convex hull of

each multivariate point, the outer layer is more outlying than the inner layer [TIR98].

A depth function such as halfspace depth that satisfies properties P1-P4 [ZSoo] of a statistical
depth function but produce more false positive outlying points compared to other depth func-
tions [DS10]. The definition of halfspace depth involves infinitely many directional projections,
the exact computation for a random variable on R¢ with d > 2 is computationally expensive.
Moreover, as halfspace depth is calculated based on an implicit assumption of a global centre
(uni-modal distribution) of a multivariate random variable, it can only identify outlying points
with respect to that centre. If a random variable has multiple local groups then halfspace depth

is unable to capture the local structure.

The Mahalanobis distance based statistical depth function has been used in outlier detection
because of it satisfying mathematical properties P1-P4 above. The Mahalanobis depth func-
tion based approach produces low false positive outlying points compared to other depth func-
tions [DS10]. The covariance matrix used in Mahalanobis distance is however highly affected by
extreme points present in the dataset. To overcome the effect of extreme points in estimating the
location and scale parameter for a random variable, a variety of robust approaches have been
proposed [DGo3; Atkgg; RWg6; RDgg]. As pointed out by Zuo & Serfling [ZSoo]; a statistical
depth function should possess four properties, the Mahalanobis distance based depth function
should satisfy those properties and the fast and robust covariance matrix estimation make it
feasible to use this method for high dimensional data. Like the halfspace depth, Mahalanobis
depth also calculates the depth of a data point from the center of the distribution. As a result,
this approach can only detect outlying points that are far away from the center of the distribu-
tion and completely ignores points that are outlying with respect to its neighbouring groups i.e.
it produces centre-outward ranking of multivariate data points which completely ignores local
groupings. A point could be outlying with respect to its neighbouring groups but might not
be outlying with respect to the global centre of the distribution. The existing depth functions



3.4 PROPOSED MODIFIED MAHALANOBIS DEPTH IN ANOMALY DETECTION \

that are used in anomaly detection work better with respect to global centre of the distribution
ignoring local grouping [Liug2; ZSoo; Zuo+o03], spatial depth [VZoo; Seroz].

Mahalanobis distance is used in outlier detection without being transformed into a statistical
depth function. In 2016 Goldstein [GU16] discussed the use of Mahalanobis distance in outlier
detection in a comparative study of unsupervised outlier detection algorithms. In particular,
Mahalanobis distance was used to calculate an outlyingness score of a multivariate data point
from its nearest cluster; the clusters were identified by applying k-means clustering algorithm
at the first stage. The potential limitation of this approach is that at the first stage a clustering
algorithm needs to be chosen and then the covariance matrix estimated for each of the clusters
separately in order to estimate the outlyingness score of a point.

In the following section, a new modified depth function is introduced which will be able to
capture local outlyingness while calculating depth of a multivariate observation. To do so one
of the four desired properties of a statistical depth function needs to be modified to reflect the
local structure of the distribution.

3.4 PROPOSED MODIFIED MAHALANOBIS DEPTH IN ANOMALY DE-

TECTION

A new algorithmic approach is presented by modifying the original definition of Mahalanobis
depth that is able to detect outliers in multivariate data with respect to the local neighbouring
center of the distribution. Let X be a d variate random variable with probability distribution Fx,
where n is the number of observations in the dataset, my is the mean of the k nearest neighbour
points of query point x4 and S the covariance matrix of X with respect to location m. The
classical definition of Mahalanobis depth is:

1

MDy =
T 4 (xq —m)tST T (xqg —m)

(3-.13)

which measures the depth of a query point x4 from the centre of the data. As a result it ignores
the local structure and will fail to detect local anomalies. The range of MD q is between 0 to 1,
the smaller the value the higher the indication of outlying point. To take the local structure into
account, the above definition of Mahalanobis depth is modified using the mean of the k nearest
points as:

1
T+ (xg —mu) ST (xq — my)

kMMDy, = (3.14)

This modified Mahalanobis depth will consider the global and local structure of the data. The
covariance matrix has been calculated using the global mean whereas the distance of the point
in question has been calculated from the local mean. The range of the modified Mahalanobis
depth also lies between 0 and 1, with smaller values indicating anomalous points. The steps for
calculating the modified Mahalanobis depth are as follows:
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o For each data point xq;q = 1,2,3,---,n find the k nearest points based on Euclidean
distance

Calculate the mean my of the k-nearest points

o Estimate the covariance matrix S from the data using the global mean m

Calculate the modified Mahalanobis depth kMMD for each data point with respect to my
and S

The proposed modified Mahalanobis depth function satisfies all four desired properties of a
statistical depth function proposed by Zuo & Serfling [ZSoo] but with respect to the local centre
of the distribution. That is:

e P1: Affine invariance; this property does not depend on the centre of the distribution
o P2: Maximality at the local centre; that is multiple deepest point
e P3: Monotonicity relative to local deepest point

o P4: Vanishing at infinity with respect to the corresponding local centre of the distribution

In the proposed approach we do not need to calculate clusters beforehand which mitigates the
steps to select clustering algorithms and their respective hyper-parameter tuning. Also, as we do
not need to calculate clusters, we are no longer required to estimate multiple covariance matrix
for each clusters, rather only one covariance matrix for the entire data will adequate. There is no
need to use k-mean algorithms as we are not applying the clustering steps, rather we are using
a mean of k-nearest neighbour points. These above points are primary differences with the
approach discussed in [GU16]; especially with clustering based approach where Mahalanobis
distance is being used to detect outliers.

3.5 EVALUATION OF PROPOSED APPROACH

To evaluate the proposed approach, several datasets were considered including simulated data,
artificial benchmark data and benchmark data derived from a real world dataset. In all of the
evaluations the outlier status of each observation is known, i.e. an observation is or is not an
outlier. For each of the algorithms, we have used the Area Under the ROC curve (AUC) as
an evaluation metric because to calculate the AUC we do not need a specific cut-off to decide
whether a point is an outlier or not. A higher AUC value indicates better performance of an
algorithm.

3.5.1 Simulation Study

To evaluate the proposed kMMD approach to detect outliers, simulated datasets have been gen-
erated to mimic configurations with global and local outliers. The kMMD approach has been
evaluated on each of the datasets and compared with Mahalanobis depth (mahD) and k-nearest
neighbour (kNN).
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e Scenario-1: A bivariate dataset was generated with outliers and non-outliers present. The
non-outliers were generated from a bivariate Gaussian distribution as: N(ny,[0,0]%,1),
N(nz,[0.5,0.5]%,1), N(n3,[-0.5,0.5]*,1), N(ng,[-0.5,—0.5]',1), N(ns,[0.5,—0.5]*,I) where
I is an identify matrix of order 2. A total of ng outliers was then generated from a bivariate
Uniform distribution over the range of -10 to +10. That is, the outliers were generated from
a bivariate Uniform distribution over the region of [-10, 10]x[—10, 10]. The total sample size
of this dataset is n = ny +ny +n3 +ng + ns5 +ng. Here N represents normal distribution
and the ny’s represents the sample size of corresponding portion of the data.

e Scenario-2: A bivariate dataset was generated with outliers and non-outliers present. The
non-outliers were generated from bivariate Gaussian distribution as:
N(nq,[0,01%, 1), N(ny, 3,314, 1), N(ns, [-3,3]4, 1), N(ng, [-3,—3]%,1), N(ns, [3, 3], 1) where
I is an identify matrix of order 2. A total of ng number of outliers were then generated
from a bivariate Uniform distribution over the range of -10 to +10.

e Scenario-3: A bivariate dataset was generated with outliers and non-outliers present. The
non-outliers were generated from a bivariate Gaussian distribution as: N(ny,[0,0]%,1),
N(ny, [5,5]%,1), N(n3, [=5,5]%, 1), N(ng, [-5,—5]%,1), N(ns, [5,—5]%,1) where I is an iden-
tify matrix of order 2. A total of ng number of outliers was then generated from a bivariate
Uniform distribution over the range of -10 to +10.

e Scenario-4: A bivariate dataset was generated with outliers and non-outliers present. The
non-outliers were generated from a bivariate Gaussian distribution as: N(ny,[0,0]%,1),
N(ny, (7,714, 1), N(n3, [=7,714, 1), N(ng, [—7,—71%, 1), N(ns,[7,—71',1) where I is an iden-
tify matrix of order 2. A total of ng outliers was then generated from a bivariate Uniform

distribution over the range of -10 to +10.

For each of the datasets, five different groups of points were generated from a bivariate normal
distribution with a different location vector while the covariance matrix was fixed at the identity.
Specifically, 200 points were generated from a bivariate normal distribution for each location
vector (i.e. Ny = ny = n3 = ng = ns = 200) and 30 outliers (i.e. ng = 30) generated from a
Uniform distribution. Each dataset contains a total of 1030 points where approximately 3% rep-
resents outlying observations. The distribution of both non-outliers and outliers are displayed
in Figure 3.5 where the red points are the known outliers and the objective is to identify those
points by applying the proposed kMMD approach.

For each of the simulated datasets, the area under the ROC curve (AUC) has been calculated
for the proposed kMMD, Mahalanobis depth and kNN and the calculation has been repeated
one thousand times to estimate the uncertainty in the AUC by calculating a bootstrap confidence
interval for the true AUC for each scenario. For the proposed approach kMMd, the mean and
95% confidence interval of mean AUC for each of the simulated dataset has been reported in the
table 3.1.

Figure 3.6 shows the distribution of AUC for each of the simulation scenarios and for the differ-
ent algorithms. The raincloud plot in Figure 3.6 suggests that the value of AUC corresponding
to Mahalanobis depth reduces when moving from scenario-1 to scenario-4. Note that scenario-1
represents the outliers from a global perspective whereas the other datasets represents outliers
arising from local structure in the data 3.5. The distribution of AUC for the proposed kMMD is
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Figure 3.5: Simulated Dataset: Outliers are in Red

Simulated Data | Mean AUC | Standard Deviation of AUC 95% CI
Scenario-1 0.9776 0.01954 | (0.976383, 0.978808)
Scenario-2 0.9156 0.03631 (0.91333, 0.91784)
Scenario-3 0.9117 0.03579 (10.90950, 0.91394)
Scenario-4 0.9145 0.03614 (0.91224, 0.91673)

Table 3.1: Area Under the ROC Curve (AUC)
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consistent irrespective of the nature of the structure of the simulated data. As the local structure
gets stronger, the Mahalanobis depth performs consistently poorer than the proposed kMMD
approach. The kNN approach also follows the kMMD for this simulated experiment but might
perform poorly when applied to other data as shown by Goldstein [GU16]. The raincloud plot
also reveals that the anomaly detection technique that takes the local structure into account could
produce more false positives, this is also true for the proposed kMMD approach as indicated in
the top left panel of Figure 3.6.
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Figure 3.6: Distribution of AUC for simulated dataset. Here mahD is the Mahalanobis depth, kNN is the
k-nearest neighbour approach and kMMD is the proposed modified Mahalanobis depth

3.5.2 Atrtificial Benchmark Data

The second experiment involved data consisting of two continuous variables, generated from
four Gaussian clusters where outliers where again generated from a Uniform distribution. This
artificial dataset (displayed in (Figure 3.7) has been used by Goldstein [GU16] to evaluate unsu-
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pervised anomaly detection algorithms as it contains both global and local anomalies along with
micro clusters. The AUC for the proposed kMMD method was 0.9999 whereas the Mahalanobis
depth based approach produces an AUC of 0.7397. This result is similar to and aligns with the
results presented based on the simulated data. The AUC for kNN was 0.994 which was similar
to the proposed kMMD approach. In the next section benchmark data created from real-world
data will be considered and then the proposed approach evaluated.
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Figure 3.7: Artificial Dataset with global and local outliers (in red) along with micro clusters)

3.5.3 Benchmark Data Derived from Real World Data

The simulated data presented before might not resemble real world scenarios as data generated
from an assumed probability distribution may not reflect the correct distribution of a real-world
phenomena. For example, outliers may not be just those observations occurring in the extreme
tail of a certain distribution, rather it could come from a completely different probability distri-
bution (e.g. a mixture). In 2013, Emmott et.al [EDD+13] pointed out four necessary requirements



3.5 EVALUATION OF PROPOSED APPROACH \

for a benchmark dataset that is used in evaluating algorithms for anomaly detection. According
to the criteria, an anomaly detection benchmark data should satisfy the following points:

e A1: Non-outliers should be drawn from a real-world data generating process.

e A2: Outliers should also be from a real-world process that is semantically distinct from the
process that generates non-outliers.

e A3: Many benchmark datasets are needed.

o A4: Benchmark datasets should be characterised in terms of well defined and meaningful

problem dimensions that can be systematically varied.

Goldstein’s [GU16] in 2016 proposed benchmark datasets to evaluate anomaly detection algo-
rithms that satisfies A1 and A4.

Based on the criteria A1-A4, Emmott et.al [EDD+13] proposed an algorithmic steps to construct
benchmark dataset derived from real-world data. The proposed approach for constructing bench-
mark data that satisfy the above-mentioned four requirements (A1-A4) can be summarized as:

1. Fit a binary classification model P(ylx) with y = 1 represents a non-outlier and y = 0
represents an outlier

2. Calculate P(y = 1|x) for the candidate outliers with y =0
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3. Take a random sample from the candidate outliers with outlier proportion 0.001,0.005,0.01,0.05

and 0.1. That is the number of outliers will be n x “outlierproportion”

4. Use the pre-defined difficulty score based on P(y = 1|x) for y = 0 for each value of the
proportion, that is a total of 20 possible combinations of difficulty level and proportion of
outliers

e Easy: P(y =1Ix) € (0,0.16);y =0

e Medium: P(y = 1|x) € [0.16,0.30);y =0
e Hard: P(y =1|x) € [0.3,0.5);y =0

e Very Hard: P(y =1Ix) € [0.5,1);y =0

5. To ensure semantic variations and clusteredness select candidate outliers that are either

close to each other based on Euclidean distance

There are few limitation of the proposed approach, the model used to calculate P(y|x) should
represent the data well, that the model should be able to estimate the probability as correctly
as possible, but there is no such assessment of model quality presented. Moreover, some the
data points that originally belong to the non-outlier class could exhibit a very small estimated
probability if the model is not a good fit. This lower probability for non-outliers will affect the

benchmark data and will compromise the very first criteria.

To overcome the smaller probability of non-outliers in the benchmark data, such observations
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were dropped in the process of generating benchmark data keeping only those observations that
has P(y = 1|x) >= 0.5 with y = 1. Also, as the objective is the estimate the probability as cor-
rectly as possible, an over-fitted classification model or complex ensemble model could be used.

A series of benchmark dataset has been created from MAGIC Gamma Telescope data [DG17]
using the method and configuration discussed above. AUC has been calculated for all three
algorithm mahD, kNN and kMMD.

The following configuration was used to create a series of benchmark dataset:
e Anomaly proportion = 0.001; proportion of data points out of the total sample size
o Level of difficulty = easy (0.15), medium (0.15-0.30) and hard (0.30-0.50)

e Number of benchmark datasets generated = 1000

Based on the above configurations, three thousands benchmark datasets were constructed, one
thousands benchmark dataset for each difficulty level. The proposed kMMD approach applied
to each of the datasets and anomaly score was calculated. The AUC was then calculated for each
dataset for the Mahalanobis and kNN depth approaches. The following raincloud plot depicts
the distribution of the AUC for each configuration.

In Figure 3.8, the top left panel shows that the distribution of AUC for the Mahalanobis depth
approach is quite flat with individual AUC values stretched over the x-axis. On the other hand
the distribution of AUC for the proposed kMMD and kNN methods are concentrated on the
right side of x-axis indicating better performance. As the level of difficulty goes up, the per-
formance of all approaches falls downward. For the medium difficulty level the proposed new
approach performs better than Mahalanobis counterpart. In the case of the hard difficulty level
the performance of all models is similar. If the difficulty level is hard it indicates that the input
variables do not have enough signal to differentiate between outlying points and non-outlying
observations.

3.6 coNcLUSION

In this chapter, outlier detection techniques have been presented from a statistical point of view
and the notion of a statistical depth function introduced. The use of depth functions in detecting
outliers in multivariate data has been presented along with a discussion of potential limitation
of existing approaches. A new approach has been introduced by modifying the classical exist-
ing Mahalanobis depth function and the (empirical) performance compared using a variety of
simulation experiments. The proposed approach shows promising results in the experimental
scenarios under investigation.

In the next chapter methods will be presented to incorporate the proposed outylingness score
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Figure 3.8: Distribution of AUC for Benchmark data derived from Real Data (Top left corner represents the

configuration of easy (0.15), top right corner represents the configuration of medium (0.15-0.30),
and lower left panel represents hard (0.30-.050) difficulty level)
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into visualisations of multivariate data in order to visually identify potential outliers in an effi-

cient manner.



VISUALISING MULTIVARIATE DATA

4.1 INTRODUCTION

The primary aim of this chapter is to present graphical approaches to identify potential outliers
while incorporating the modified Mahalanobis depth function for multivariate data introduced
in this thesis.

To achieve this aim, classical and modern methods to visualise multivariate data are presented
and adaptations to these methods for outlier detection are presented that can augment many of
the typically used graphical techniques in data analysis.

A case study relating to motion tracking in elite soccer is presented. A random sample of
181 players from a particular season was chosen and data on 22 continuous variables extracted
(Table 4.1). The aim was to use data visualisation to identify players that had an atypical pattern
(outlier) across the set of motion tracking variables recorded. An outlier in this context could be
considered a positive or negative outcome (e.g. impressive high intensity running or fatigue due
to excess distance covered) that occurred during a game.

4.2 CASE STUDY: MOTION TRACKING IN ELITE SOCCER

In this chapter a case study using motion tracking data is used as an exemplar. The dataset
is comprised of 22 variables (Table 4.1) collected in game from a random sample of 181 soccer
players across a season. The players names and positions have been removed from the dataset.
The objective is to visualise the dataset in a way to identify players whose movement (e.g. dis-
tance covered, top speed, high intensity running) is atypical and to identify which variables are
responsible for this outlyingness.

4.3 VISUALISING UNIVARIATE AND MULTIVARIATE DATA

Uncovering meaningful insight from data is one of the primary objectives in all phases of a sta-
tistical analysis from exploratory analysis to model checking to model translation. For example,
in an exploratory data analysis numerical summaries are often inadequate when conveying valu-
able information on the underlying structure of the data; visualisation plays a critical role for
effective communication of information that is inaccessible through the use of summary statis-
tics alone. The Anscombe Quartet is a celebrated example of this case in point. The quartet is
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Variable Name | Description Variable Name | Description

V1 Distance vi2 High Speed Run Dis-
tance Team in Pos-
session (TIP)

v2 Standing Vi3 Sprint Distance TIP

v3 Walking vig No. of High Inten-
sity Runs TIP

v4 Jogging V15 Distance (OTIP)

v5 Running V16 High Speed Run Dis-

tance Other Team In
Possession (OTIP)

v6 High Speed Running viy Sprint Distance
OTIP

vy Sprinting viy No. of High Inten-
sity Runs OTIP

v8 No. of High Intensity Runs V19 Distance Ball Out of
Play (BOP)

vg Top Speed V20 High Speed Run Dis-
tance BOP

V10 Average Speed v21 Sprint Distance BOP

Vi1 Distance Team In Possession (TIP) | v22 No. of High Inten-
sity Runs BOP

Table 4.1: List of variables of a multivariate dataset

comprised of four different datasets each containing two numerical variables. The number of
data points in each dataset is 11.

Property Value Accuracy Level
Mean of x’s 9 Exact
Mean of y’s 7.50 Two decimal places
Sample Variance of x’s 11 Exact
Sample Variance of y’s 4.125 Plus/Minus 0.003
Pearson correlation between x & y 0.816 Three decimal places
Linear regression line y =3.00+0.500x | to two and three decimal places
R? of linear regression 0.67 Two decimal places

Table 4.2: Summary statistics of Anscombe Quartet

Based on the summary statistics alone, it could be concluded that all four dataset show the same
pattern as the mean and variance of x and y are same as is the sample correlation up to two
decimal places. Moreover, the simple linear regression equation is the same for each dataset as
is the coefficient of variation. The actual relationships in each dataset are only evident once the
data are presented graphically.

The message behind the Anscome Quartet was extended further in 2017 by Matejka and Fitz-
maurice [MF17] in the Datasauras Project where they created 12 dataset with different structures
despite each having identical summary statistics. (Figure 4.2). Once again the within dataset
mean, standard deviation and Pearson correlation coefficients are same up to two decimal places

but a simple scatter plot highlights the different, and novel, relationships evident in each dataset.

Visualizing multivariate data is a well studied topic in Statistics with excellent references such
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as Tufte [Tufo1], Grammar of Graphics [Wil12], Unwin [Unw1s; Unw1g9].

Using visualisation to identify an outlier is not straightforward however and becomes increas-
ingly difficult when the number of variables is vast.

For example a scatter plot using different colours, shapes and sizes for data points could be
used to visualise 5 random variables concurrently. In the situation of multivariate data with
more than 5 variables alternative visualisations are needed to represent the data in a manner
such that outliers can be identified more easily.
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Figure 4.1: Anscombe’s Quartet: The dots represents (x,y) pair in the dataset and the line is the best fit
linear regression line

One approach is to visualise each variable marginally and look for potential outlying points in
each separate plot. This approach is not ideal as an outlying observation in one variable might
not be an outlier in another variable. The boxplot is one such example.

4

4.3.1 Boxplot

The boxplot [Tuky7] is a well known and a popular method for visualising and exploring a uni-
variate random variable with a mechanism to highlight potential outliers. An observation is
deemed to be a potential outlying observation if its distance from the median is greater than
1.5 x IQR; where IQR is the inter quartile range (Q3 — Q1).

For example, boxplots of the 22 variables from the Case Study data are given (Figure 4.3). The
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Figure 4.2: Twelve dataset with various shape while their summary statistics similar up to 2 decimal places
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red points are potential outliers based on the marginal distribution of each variable. A boxplot
is clearly useful when considering the univariate distribution of a random variable, it is less
effective in identifying outlying points in a multivariate context nor does it give detail about the
shape of the underlying probability distribution for the variable in question or the size of the
sample.
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Figure 4.3: A boxplot of each of the 22 variables. Red points represents potential outliers from marginal
point of view

4-3.2 Raincloud Plot

A density plot (using a suitable smoother) is a popular method to visualise the distribution of
a random variable in order to infer the likely data generating mechanism (i.e. population distri-
bution). The Raincloud [APW+19] plot is a recent extension to a density plot as in addition to
providing information about the likely probability distribution an indication is also given as to
potential outlying points from a marginal perspective.

A Raincloud plot is presented at Figure 4.4 to visualise the likely probability distribution of
each of the 22 variables in the case study. By including a boxplot underneath the density plot
information on the classic ‘5-number summary’ is given in addition to the density. The jittered
dots overlaid on the boxplot gives an indication of the sample size and shows the position of
each individual data point with potential outlying points either far to the left or right of the cen-
tre of the distribution. Like a boxplot however a Raincloud plot also only considers a variable
marginally.
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Figure 4.4: A Raincloud plot of motion tracking data with 22 variables, displaying the empirical probability
distribution of each variable along with individual data points
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4.3.3 Scatter plots

A scatter plot is an easy to understand visualisation of a pair of continuous variables. Using a
scatter plot it is easy to see if there are any outlying points, to summarise the likely relationship
between the pair of variables and to identify possible clusters of observations. When there are
a large number of variables this approach is clearly limited as the number of scatter plots can
increase dramatically. For example there will be a total of 231 (i.e. (22¥21)/2) scatter plots needed
for the Case Study data which is not a feasible exercise. A subset of scatter plots is presented in

Figure 4.5, 4.6, and 4.7.
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Figure 4.5: Scatter plot of a subset of variables (Part-1)

4-3-4 Bagplot

To overcome the limitation of a univariate boxplot, a bivariate extension of univariate boxplot
which is known as Bagplot [RRT99] was presented in 1999.

The primary component of a Bagplot is the Bag which contains at least 50% of the data points,
a fence which is a boundary between inlier and outlier and a loop indicating data points outside
the Bag but inside the fence. The Bag is essentially a convex polygon containing at least 50% of

73



| VISUALISING MULTIVARIATE DATA

74

vO v10 vil vi2 vi13 vi4 v1l5 v1l6
(=)
~—
>
n
b
>
<
P
=
: k
~—
=
«®
. S
o~ o
b
>
®
()
WO& L] > 00” h@ ¥
—J - il
= lo > )
> 7
4. &
I
@ @ @
@ =~
- w ﬁ w © ﬁ ﬁ & Fo
~—
= o
o
b | 1 1.9 L
P - —
o
‘2 ] ° =) ™ ® @l ) ° ®
IS5 TSI Llolz ng LS S SR S AP

Figure 4.6: Scatter plot of a subset of variables (Part-2)
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Figure 4.7: Scatter plot of a subset of variables (Part-3)
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the data points and by inflating the Bag by a factor of 3 a fence is constructed. The points that
are outside the fenice are marked as outliers (Figure 3.2).

The generalization of a univariate boxplot to a Bivariate Bagplot provides a valuable visual
tool to explore the joint distribution of two continuous variables. Such a graph displays several
important and interesting characteristics such as depth median (bivariate median), spread (i.e.
size of the Bag), correlation between variable represented by the orientation of the bag, skewness
represented by the shape of the bag and loop and the identification of outliers with respect to the
two variables represented. A subset of Bagplot is presented using the variables in the case study

(Figure 4.8, 4.9 4.10).

Though a Bagplot is useful and intuitive to understand in a bivariate context, extensions are
needed for multivariate data with many variables as the construction of a Bagplot for each pair
faces the same challenges as a scatter plot i.e. 231 Bagplots are needed. To produce the Bagplots
the R package aplpack and ggplot2 has been used.

The set of scatter and Bagplots presented suggest the presence of two clusters in the data dis-
tinguised by values relating to distance covered and the presence of potential outlying points in
some of the bivariate distributions considered. The next step is to provide graphical summaries
that help identify outliers in general across all variables collected.

4.3.5 Andrew’s Curve

An Andrew’s curve is one of the early attempts to visualise multivariate data that can be easily
understood while preserving key properties of the data. The idea is to map a multivariate data
point to a curve and then plot each of the data points as a function over negative 7 to positive .

Mathematically, the multivariate data x1,x5, - - -, X}, is projected on
(1/1/(2), sin(t), cos(t), sin(2t), cos(2t), ...)

as:
fx(t) = xq /\/(2) +x2sin(t) + x3cos(t) + x4sin(2t) + xscos(2t) + - - - (4.1)

This function then plotted on —m < t < 7. The representation of multivariate data points into
this function has some useful and important properties.

o The function preserves the mean of multivariate data point. That is the function corre-
sponding to the mean vector of the multivariate data is the point-wise mean of the function,
Le. fx(t) = 1IN fiy (1)

o The function representation also preserves the distance between data points, specifically,
the distance between two functions is proportional to Euclidean distance between two data

points.
e This function representation also yields a projection on to a single dimension

The one dimensional representation is useful in identifying patterns in multivariate data. Since
the function preserves most of the properties, anything derived from the projected data is a true
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Figure 4.8: Bagplots of a subset of variables. The red points are the potential outliers with respect to the
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representation of the original multivariate data.

The Figure 4.11 is the Andrew’s curve corresponding to the case study data. Looking at the
curve, we may infer that there are two clusters in the data but it is difficult to identify outlying
points if there are any. The advantage of this curve is that it takes all the available variables in
the dataset and converts it into a function. The groups visible in this curve is a representation of

grouping in a multivariate context as well.

The limitation of the Andrew’s curve is that if the number of data points is large then it can

be difficult to identify structure within the plot.

20000+

10000 1

AndrewsValue

Figure 4.11: Andrew’s curve of a dataset containing 22 variables. Each curve corresponds to one row of
the data

4.3.6 Parallel Coordinate Plot

In mid 80’s Inselberg proposed a new way of visualising multivariate data [Ins85; ID87]. The
variables are represented as parallel axes instead of using perpendicular axes. Each data point is
then plotted on each of the vertical axis line and then connected the points with a line for each

of the individual data points. The plot using parallel axes, is know as parallel coordinate plot.

This plot can reveal patterns that exist in the dataset. For example, the parallel coordinates
plot in Figure 4.12 displays the case study data containing 22 continuous variables. There is
again clear indication that there are two major groups in the dataset. Moreover, a parallel coor-
dinate plot can reveal which variables are responsible for grouping of the individual data points.
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In this case of Figure 4.12 variables number 4 to 19 (except 13) are those that appear to distin-
guish the two cluster in the dataset.

Though parallel coordinate plots gained popularity in visualising high dimensional data they
are of limited use in identifying ‘real” patterns in data if the number of variables is too high. One
solution is to reduce the dimensionality in the data and then generate parallel coordinate plots

on the smaller set of composite variables.

64
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Figure 4.12: Parallel coordinate plot of a dataset containing 22 variables, each of the variables is being
standardized before constructing the plot

4.3.7 Principal Component Analysis

Principal Component Analysis (PCA) is one of the most popular techniques to reduce the dimen-
sionality in large data. The primary objective of PCA is to reduce dimensionality of a dataset
with correlated variables, while retaining maximum variance with a few linearly uncorrelated
variables from the source data by applying orthogonal transformations. PCA was originally
proposed by Karl Pearson in the early 2oth century [Peao1] and later on it was independently
developed and named by Hotelling [Hot33].

Though the primary objective of PCA is to reduce dimensionality often time it has been used as
an unsupervised algorithm to identify clusters [YRo1] or patterns in data by examining plots of
the first few components. In particular, scatter plots and biplots of PC1 and PC2 has been used

to visualise the data to uncover patterns such as clusters and outliers.
Apart from visualisation, a first principal component score has been used as a composite score
representing the rank of multivariate data; in social science research the PC score has been used

to represent asset index [FPo1].

Though PCA is one of the popular techniques for dimensionality reduction and index construc-
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tion, the first PC score does not always preserve the order of an individual data point in a
multivariate context [SNA+14]. The figure below explains how PCA works in reducing dimen-

sionality and visualizing multivariate data to uncover patterns.

The Figure 4.13 indicates that two variables are linearly correlated and the variance is spread
in both dimensions. After applying PCA on this data, the axes are rotated in such a way that the
correlation between the rotated axes is zero. The direction of the first Principal component is in
the direction of maximum variance. The Figure 4.14 shows that the rotated axes are uncorrelated
and the maximum variance is in the direction of first PC. It can be clearly seen from Figure 4.14
that the larger variation is in the direction of first principal component and there is smaller vari-
ation in the second principal component. When the number of input variables is larger than 2,
the first few principal components account for most of the variation in the data whereas the last

few principal components account for the least amount of the variance in the original data.

5.0-

Pearson Correlation
Coefficient (r) = 0.77

25~

0.0

X2

—25-

-5.0-

-5.0 25 0.0 25 50
x1

Figure 4.13: Scatter plot of two linearly correlated variables

The Figure 4.15 is a scatter plot of first two principal components derived from the case study
dataset of 22 variables. We can see there are two obvious clusters in the dataset and some of the
individual points are far away from majority of points which is an indication of outlying points.

The principal component analysis is optimised to find the linear combination of original vari-
ables that maximises the variance in the data, that is finding a few linear combinations that
contain most of the variation in the original variables. PC is not optimised to find clusters but
if there are inherent groups present in the data then plotting the first few PC could reveal this
structure. That said, a PCA cannot be used to identify exceptions or anomalies in data, as it is
not designed to do so. Moreover, though the first few PC could reveal inherit hidden grouping
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Figure 4.14: Scatter plot of two PC scores

but it cannot provide a single score that could determine whether the point should be consider

as an anomalous observation.

On the other hand, PCA is designed to handle linear relationships between input variables.
If the input variables are not linearly correlated then the first few PC are not enough to capture
the major variation in the data. Also, if the input variables are not correlated then PCA is not
useful in visualising the dataset. The classical PCA is designed to handle numeric variables only,
to accommodate mixed type of variables polychoric PCA [KAo4] could be used but again this is

only maximise the variance along the first few principal components.

4.3.8 Generalized Low Rank Models

In real world applications a dataset could contain various types of variables ranging from nu-
meric, binary, nominal and ordinal. Uncovering hidden patterns in such complex data is usually
challenging and the visualisation of such data is not straight forward. While a PCA could be
used to reduce the dimensionality of a dataset, while retaining maximum variance, PCA how-
ever is not suitable for data with mixed types of variables. Despite this PCA is one of the most
popular techniques in dimensionality reduction and often used as an unsupervised learning al-
gorithm to find groups in data. Moreover, if there are any missing values in any one of the
variables then the corresponding data points are dropped from the analysis. A more general
framework for low rank approximation has been developed as an extension to the ’classical’
PCA known as Generalized Low Rank Models (GLRM) [UHZ+16]. In GLRM arbitrary types of
variables can be handled along with techniques to handle missing data. The original PCA could
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Figure 4.15: Scatter plot of first two PC derived from a dataset of 22 variables
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be defined as a special case of GLRM.

In GLRM a new loss function has been used that is appropriate for data with mixed variables,
by replacing the least-squares error loss function. Apart from the new loss function a regulari-
sation of the low dimensional factors has been introduced to uncover structure such as sparsity
in low dimensional factors. The new optimisation problem consists of an approximation error
along with regularisation of low dimensional factors, it produces the similar low dimensional
representation as that of PCA and it can be used to visualise high dimensional data in lower
dimensional spaces. The proposed optimisation is non-convex and cannot be solved globally
and efficiently. In GLRM, the original input data matrix is factored into two matrices so that
their product can approximate the original data matrix as close as possible. If X is a data matrix
with p input variables and n data points, then the data matrix X can be written as a product of

two other matrices of n x k and k X p, as:
X'rL><'p N Tnxk X kap (4-2)

Here k is user defined number of dimensions on the projected space and is usually small in num-
ber compared to p. The rows of Z are the new variables, called archetypal features, derived from
the columns of original input matrix X. The rows of Y corresponds to the rows of input matrix
X but projected onto a smaller dimensional space k << p. The matrices Y and Z reconstruct the
original input matrix X approximately with a rank k lower than p. The projection is similar to
the projection in an original PCA but the linear combination in this case is not orthogonal. If the
linear combination used here is orthogonal then a GLRM is the same as a PCA and this explains
why a GLRM is an extension of PCA and alternatively PCA is a special case of GLRM.

The lower dimensional projection of the original data matrix is used to visualise high dimen-
sional data into lower dimension. Since this is an approximation of the original data matrix, the
proximity between data points on the projected space is proportional to the proximity of the

data points in the original high dimensional space.

A scatter plot of a lower dimensional projection of the case study data is presented in Figure 4.16.
In Figure 4.16 it is evident that there are two broad clusters present along with a few potential
outliers with respect to the clusters. As there is no outlyingness score associated with the points
in a GLRM it it not possible to distinguish outliers from non-outliers. An outlyingness score

would be useful here to visually identify outlying points.

4.3.9 t-SNE

The primary aim of any dimensionality reduction technique is to preserve the structure of data
as much as possible on the lower dimensional projected space. As discussed earlier, the biggest
limitation of PCA is that it while it maps data into lower dimensional spaces using the (global)
covariance matrix based on a linear projection, it cannot capture non-linear structure of data. An
alternative approach could be to map a high dimensional point into lower dimensional space in
such a way that that the distance between points in the high dimensional space is as similar as
possible as in the lower dimensional projection. In 2008 Maaten and Hinton [MHo8] proposed
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Figure 4.16: Low rank projection of case study data of 22 variables
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a new technique to visualise high dimensional data into lower dimensional spaces namely a
t-Distributed Stochastic Neighbour Embedding (t-SNE) based on non-linear projection of the in-
put data into lower dimensional space while keeping local structure intact.

Their approach can be considered an extension of the original Stochastic Neighbour Embed-
ding (SNE). A SNE suffers from a problem termed as the crowding problem and the associated
cost function is difficult to optimise. In high dimensional data projecting points into lower di-
mensional space tend to squeeze points next to each other due to curse of dimensionality. In
the original SNE technique a Gussian distribution has been used to recreate the lower dimen-
sional space. Since the Gaussian distribution is not a long tail distribution the projected points
squashed and deteriorated the structure of the data which ultimately caused such crowding. In
a t-SNE the crowding problem is easily handled by incorporating a long tail distribution, such

as a t-distribution briefly explained as follows:

In the first stage of t-SNE a probability distribution is assumed and the parameters estimated
based on the neighbouring points. In the second stage the distribution is re-created using a long
tail Student’s t-distribution. For example, if we pick a single data point x;, the probability of
picking a point from the same data which will be a neighbouring point is written as:

_ eXP(*HXi*XjHZ/ZGiZ)
Ty zrexp(—lxx —x112/202)

Pij (4-3)
This is a Gaussian distribution with mean at x; and variance criz. The value of O‘iz is chosen in such
a way that the number of neighbours for each data points is roughly the same. Alternatively, we
can say that the value of o7 chosen as a smaller value for highly dense areas and larger for sparse
regions. This flexibility of choosing o7 gave the ability to keep a balance between the number of
neighbouring points corresponding to each point in the dataset. Once the probability of picking
neighbouring points in higher dimensional space is determined, the probability distribution in

a lower dimensional projected space can be written as:

_exp(=iyi —yjll*/207)
Tiarexp(—llyx —yill2/207)

qij (4-4)
Here y; are the points in lower dimensional space corresponding to the point x; in the original
higher dimensional space. This lower dimensional representation of the probability density still
uses a Gaussian distribution and it will suffer from the crowding problem in lower dimensional
space. To overcome this, a Student’s t-distribution has been used with one degree of freedom

which is essentially a Cauchy distribution. The new representation is:

Oty -yl
Lo (14 llye —wll?) !

qij (4-5)
Once the lower dimensional distribution is defined then the optimisation is done using gradient
descent on the KL-divergence between two distributions (lower dimension and high dimension),

q and p respectively. The gradient descent is of the form:

5C B
5y, — 5Py — i)y —y;)00 + i —y; 1) (4.6)
1
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The updated gradient function can represents the strength and direction of attraction/repulsion
between two points. A positive gradient represents an attraction, whereas a negative gradient
represents a repulsion between the points. This “push-and-pull” eventually makes the points
settle down in the low-dimensional space. One important thing to note in the t-SNE technique is
that it does not have any parameter like classical PCA rather it directly optimises the embedding
on to lower dimensional space. In effect a t-SNE gives better lower dimensional embedding and

may produce better visualisation it cannot be used to train a model for future data points.

The cost function of a t-SNE is a non-convex function with multiple local optimum and there-
fore there is a risk of getting stuck in a local optimum. Moreover, a t-SNE is non-deterministic
in nature, so every time the technique is applied on the same data different results will result.
Even though a t-SNE is a non linear projection of high dimensional data it still poses implicit
assumptions of linearity in the local manifold and the distance between points defined by Eu-
clidean distance. A t-SNE could be used to describe a dataset as a whole but it cannot be used
as a model for future data points and it cannot be used as a way to find out ‘exceptional” data
points. A lower dimensional embedding could indicate that some of the points are atypical
compared to the majority of the data but still it cannot provide a single score of outlyingness
multi-dimensional data.

The t-SNE algorithm was applied to the case study data to extract and visualise a 2-dimensional
projection (Figure 4.17. The Figure 4.17 displays the original case study data on a lower dimen-
sional projection. It is again clear that there are at least two/three major groups of individuals
in the dataset. There are a few points that seems isolated from the majority of the data and these
isolated points could be outlying data point in a multivariate context.

As the primary objective is to create a visualisation to identify outlying data points from a mul-
tivariate point of view, a t-SNE although useful for identifying potential clusteres in a dataset it
is not very useful in identifying outlying data points. Moreover, the non-deterministic nature of
a t-SNE creates another level of difficulty in maintaining the same clustering over multiple run

with the same parameter settings.

4.3.10 Multivariate Outliers and O3 Plot

An outlying data point in one variable does not necessarily indicate the same data point will
be outlying with respect to another variable. Various method of outlier detection may produce
different results but why a certain data point is outlying and in which variable is contributing to
the outlyingness is crucial information.

In 2019, Unwin [Unw19] introduced a new approach to visualise multivariate outliers called
an Outlier O3 plot. Such a plot is used to identify outliers for every possible combination of
variables in a dataset by applying the HDoutliers [Wil16] technique and then displaying only
those combinations of variables that has at least one outlier along with the case number of the
outlying data point. An O3 plot is useful to explain why a certain data point is outlying and
what are the variables responsible for the outlyingness. The major limitation of this plot is that
for a large dataset it is necessary to investigate every possible combination of variables which
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Figure 4.17: A 2-dimensional embedding using t-SNE of the sports data with 22 variables
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is often not feasible. For example, in the case study with 22 variables an evaluation of several
hundred thousand combinations of variables is required to identify outlying points. One option
proposed in this thesis is to project the multivariate data onto a lower dimensional space using
a PCA [Hot33], GLRM [UHZ+16] or t-SNE [MHo8], and then generate an O3 plot to identify
which projected component scores are responsible for a point being considered an outlier.

An O3 plot using the first three principal component scores of the case study data is presented
in Figure 4.18 where the individual players who are identified as outliers can be identified quite
easily for the first three PC scores. To produce the Figure 4.18 OutliersO3 R package has been

used.
03 plot of outliers found by HDo
(‘red for 0.05 outliers)
CEE ST PITII e Fpe L PP

Figure 4.18: O3 plot of case study data. Each row represents the combination of variables for which
at least one outlier was found; dark gray colour represents the presence of the variable in
the combination. Red cells are the outlying data point with corresponding individual ID
represented by X*

4.4 APPLICATION OF DEPTH-FUNCTION IN VISUALISING OUTLIERS

As described in the previous chapters, a statistical depth function is a mapping from R¢ to R
(where d is the number of variables), is a method to generate a univariate score for multivariate

data. Such a score can is used to study properties of the multivariate distribution.

In Chapter 3, a novel modified Mahalanobis depth (kMMD) was presented and its properties in-
vestigated. In this chapter, the proposed kMMD is applied to the case study data in order to
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create an ‘outlyingness’ score which is then used to augment classical visualisation to identify

potential outlying observations.

By definition of a depth function, a higher value indicates a point that is surrounded by the
majority of other points within close proximity with a gradual reduction in the value of the
depth function as a point moves away. For ease of visualisation, the reciprocal of the depth
function is calculated and its probability distribution inspected (Figure 4.19) such that the higher
the value of the reciprocated depth function the higher the outlyingness.

From the distribution of the outlyingness scores, a right tail distribution, values at the tails
are values corresponding to potential outlying data points. Now if this outlying score is incorpo-
rated into any of the “classical” visualisations used the score can be used to indicate outlyingness
that is not necessarily evident in the plot at hand.
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Figure 4.19: Probability distribution of outlyingness score (kMMD) calculated from the case study data
with 22 variables. The red points in the boxplot indicate potential outliers based on the
boxplot ‘rules’, these points can be investigated further to see why they are showing high
outlyingness scores

For example, Figure 4.20 is a bagplot of two of the original variables from the case study data
where this time each point is sized by its corresponding outlyingness score while red points are
potential outliers based on the Bagplot algorithm. It is clear from the Figure 4.20 that there are
potential outliers, based on the outlyingness score, that the Bagplot fails to identify, in particular
points at the boundary of the fence. Moreover, some of the points inside the loop have a higher
outlyingness score as those points are away from their closed neighbours in a multivariate con-
text.
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Using the outlying score in this way, potential outlying points can be easily identified that might
not be visible in a two-variable plot (Figure 4.21) but when all variables are taken into consider-
ation using the outlying score, outliers in general are easily identified. Using the outlying score
in this way makes it easy to isolate observations with relatively high outlyingness scores, along
with their k-nearest neighbours, and do further investigation a either numerically or visually.
One possible way could be to highlight these observations in the corresponding parallel coordi-
nate plot and to calculate summary statistics and compare them with the summary statistics to

observations small outlyingness scores.

The observation with the highest outlyingness score was extracted along with its k-nearest neigh-
bours and parallel coordinate plot was created (Figure 4.22). The red line is the individual with
the highest outlyingness score and the dark-green lines are its 15-nearest neighbours. It can be
seen that for variables "v2 and "v21" the values are extreme compared to the neighbours and
these two variables are 'driving’ the higher outlyingness score of the individual. In Figure 4.22,
we can see what variables are responsible for an individual observation to be considered an

outlying point in a multivariate context.

In the Bagplot Figure 4.21 the point with highest outlyingness score seems to surrounded by
other points and cannot be easily distinguished as an outlying point or not based on this bivari-
ate view. When all variables are considered and the outlyingness score calculated, it is clearly
visible that the point is far away from its nearest neighbour and needs further investigation. The
points with higher outlyingness scores also coincided with the points identified by the O3 plot
using a PCA projected space.

The advantage of embedding the outlyingness score in a classical scatter plot or Bagplot is that
potential outliers, in a multivariate context, can be easily identified. The outlyingness score is
larger if a data point is outlying in any combination of variables from a multivariate data and,

unlike the O3 plot, it is not required to evaluate every possible combination to calculate the score.

4.5 SUMMARY

Data visualisation is one of the most important and effective way of communicating information
in data. The ability to identify and visualise a point that is atypical in the context of multivari-
ate data is of particular relevance, in particular when considering 'big data’. In this chapter,
different visualisation approaches were presented from single variable plots to visualisation for
multivariate data. Though all of them convey useful information they lack the ability to visually

identify atypical data points in an efficient manner.

The limitation of existing classical visualisation were presented with an example using a case
study involving 22 variables representing player’s movement during a soccer game. The exam-
ple started with a visualisation using a univariate boxplot followed by a two variable scatter plot
and a bagplot. Dimension reduction techniques such as PCA, GLRM and t-SNE were then used
and the results visualised. A more recent visualisation approach outliers O3 was then presented
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Figure 4.20: A bagplot of two selected variables from sports data. The size of the points are the outlying
score; higher value indicate high potential to be outlying point in multivariate context
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Figure 4.21: A bagplot of two selected variables from sports data where not outlying points were marked.
The size of the points are the outlying score; higher values indicate high potential to be an
outlying point in a multivariate context
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Figure 4.22: A parallel coordinate plot of potential outlying points and non outlying points filtered based
on outlyingness scores

along with a discussion of its limitation in multivariate data when a large number of variables
are present and a potential work-around was proposed.

The use of embedding the proposed statistical depth function outlying score into data visual-
isations was proposed in order to identify potential outlying points in general. Using this score
as an additional graphical parameter, outliers can be identified more easily for further investiga-
tion.

In the chapters to date examples of the application of data science have been given to iden-
tify patterns and anomalies in textual and numerical data. The remaining chapter continues this
theme where modern approaches in statistics and computer science are used again, this time in
the domain of clinical research.
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5 PREDICTING THE SEVERITY OF KNEE
OSTEOARTHRITIS: A DATA SCIENCE CASE
STUDY

5.1 INTRODUCTION

Osteoarthritis (OA) is the result and observable status of inflammatory processes in a joint lead-
ing to functional and anatomical impairments. The resulting status often shows irreversible
damages to the joint cartilage and the surrounding bone structures [ABC+14; Eyrog].

Swelling, joint pain, and stiffness are the prominent symptoms among others, such as restric-
tions in movement including walking, stair climbing, and bending [Hei11]. The symptoms
worsen over time and elderly patients are affected more frequently than patients in other age
groups. The presence of knee OA (KOA) reduces activity in daily life and eventually leads to
disability, which can incur high costs related to loss in productivity [Alt1o].

Considering the impact of KOA on disability and the subsequent unavoidable economic bur-
den, there is a need to quantify the severity of KOA during the early stages of development.
KOA severity level helps in determining appropriate treatment decisions and for the monitoring

of disease progression [BG12].

In this chapter the results of a collaborative project, involving investigators across the Insight
nationally, are given to investigate where statistical modelling could be used to quantifying
KOA severity. In a previous study[AMM-+17], we introduced a fully convolutional neural net-
work (FCN) was introduced to automatically detect and extract the knee joints from an X-ray
image, and trained CNNs from scratch to predict the KOA severity in both discrete and contin-
uous scales using classification and regression respectively[ AMO+16; AMM+17].

The primary goal of this study is to extend this work to develop a predictive model of KOA

severity using patient questionnaire data only while addressing the following questions:

e To what level of accuracy can a statistical model predict the severity score of knee os-

teoarthritis using patients’” data without using X-ray images of knee?

e What is the prediction accuracy of the proposed statistical model to predict the severity

score of knee osteoarthritis of the same patient using an X-ray image only?

e Are the predictions from patient data alone comparable to the predictions made using
X-ray images?
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In this chapter information is given on the available relevant data sources, the statistical ap-
proaches used and an assessment of the suitability of the proposed final model. Several sta-
tistical approaches are considered to predict the severity of KOA using patient questionnaire
data. Furthermore, a convolution neural network (CNN) model is proposed to predict the same
outcome using corresponding X-ray images for the same patients. The performance of both the
approaches has been compared using the calculated root mean squared error on a validation set.
As a secondary goal, key variables with the strongest predictive ability were identified, which
may be useful to monitor a patient over time and design early interventions for prolonging
healthy life in patients of concern.

5.2 KNEE OSTEOARTHRITIS

The knees are the most commonly affected joints in the human body and knee osteoarthritis
(KOA) is more prevalent in females aged 60 years or more compared to males of the same age
(13% vs 10%) [MLP+11]. Severity of KOA amongst females aged 55 and over is higher compared
to their male counterparts and the severity of KOA is typically higher compared to other types
of OA [Z]10; PMCo1]. Approximately one in every six patients consult with a general practi-
tioner in their first year of an OA episode [Z]10; PMCo1]. The incidence of KOA has a positive
association with age and weight and the prevalence is more common in younger age groups,

particularly those who have obesity problems [BCog].

It is estimated that functional impairment of the knee and the hip are the eleventh highest dis-
ability factors [CSH+14] contributing to considerable socio-economic burden with an estimated
cost per patient per year of approximately 19,000 Euro [PZ15]. The estimated prevalence of dis-
ability due to arthritis is expected to reach 11.6 million individuals by the year 2020 [DC+94],
which is greater than the estimated risk of disability attributable to cardiovascular diseases or
any other medical condition [GFA+94]. Total joint replacement surgery is the most favorable
option to treat advanced stage OA. However, diagnosing the status of KOA at an early stage
and providing behavioral interventions could be beneficial for prolonging a healthy life for a
patient [KML+16].

The classical way of quantifying KOA severity is by inspection of X-ray images of the knee
by a radiologist who then grades the images according to the KL scale (from o for “normal” up
to 4 for “severe” stage) [KL57]. This approach suffers from high levels of subjectivity as there is
no gold standard grading system: the semi-quantitative nature of the KL grading scale creates
ambiguity, thus giving rise to disagreements between raters (for details please refer to [KL57;
GJM+08; SCM+15]).

To reduce the influence of subjectivity in quantifying KOA severity from X-ray images, computer-
aided diagnosis has been very helpful [DH89]. To date the sample size of available images has
been the main limiting factor to train an efficient model [SFF+10; WPS+12; SLS+09; TOF+15]. The
Osteoarthritis Initiative (OAI) [EMHo7] and the Multi-centre Osteoarthritis Study (MOST) [SNG+13]
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mitigated this small sample size limitation by making thousands of patients” data and X-ray im-
ages available. Recently, several researchers have used these resources to develop an automatic
approach for quantifying KOA severity by analyzing X-ray images [SLS+09; OMA+08; AMO+16;
AMM+17; TTR+18]. Although there have been multiple attempts to quantify KOA severity based
on an automated analysis of X-ray images, so far there has been no attempt to build a predictive
model on a patient’s assessment data such as signs, symptoms, medication and other charac-
teristics about a patient (later on referred as patient’s questionnaire data) and to compare this
approach against the X-ray based prediction. Developing predictive models using patient data
other than X-ray images offers additional advantages such as identifying those variables that
contribute strongest towards predicting the severity of KOA. A good predictive model based
on patient’s questionnaire data could reduce treatment costs and could also contribute to a pro-
longed healthy life of a patient due to early behavioral intervention.

In a review of possible risk factors of KOA, Heidari [Hei11] concluded that age, obesity, gen-
der (i.e., female), repetitive knee trauma and kneeling are the most common risk factors for
KOA. The common symptoms include pain, functional impairment, swelling and stiffness. The
severity of KOA and the pain status is measured based on the Kellgren and Lawrence (KL) scale

of o to 4 by visual inspection of the knee X-ray images [KL57].

5.3 OSTEOARTHRITIS INITIATIVE

The Osteoarthritis Initiative (OAI) is a multi-center longitudinal study for men and women
sponsored by the National Institute of Health (NIH) to better understand KOA. Data collected
through the OAI can provide useful information about the marginal distributions of relevant
patient characteristics, their demographics, signs & symptoms and medication history. To date,
there are more than 200 scientific publications that have used data collected through the OAI
including several attempts to automate the KL grade quantification using X-ray images. But to
date no study (or publication) has tried to predict KOA severity based on patient questionnaire
data. Our primary goal is to compare the prediction accuracy of a statistical model based on

patient questionnaire data to the prediction accuracy using X-ray images only.

5.3.1 Obtaining & Tidying Dataset

The OAI data used in this study are available for public access at http://www.oai.ucsf.edu/.
The specific dataset used is labeled 0.2.2; data from the multi-center longitudinal and prospective
observational study of KOA. The baseline dataset has been used for this work. The description

of each variable used in our analysis is given in our corresponding published paper [AAM+19].

The baseline dataset contains a large number of variables related to patients” characteristics,
their vital signs, symptoms of KOA, medication history, and functional impairment. At the early
stage of the analysis, a manual inspection of each of the variables was carried out and a subset of
candidate variables selected that were clinically relevant and previously reported risk factor for
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KOA [Hei11; HMKo8]. The completeness of the data was inspected in terms of missing values.
The amount of missing values (in percent) was calculated for each variable. The variables that
had at least 85% non-missing values were kept for further analysis. If it can be assumed that
missing data are missing at random (i.e. missingness is explained by the covariates available)
a multiple imputation step is unnecessary if a linear mixed model is used as the likelihood is
correctly specified under this assumption. Moreover, we excluded categorical variables with
very low discriminatory power, for example, the variables with very low frequency in one of the
categories compared to the rest within the same variable. The reduced set of candidate variables
was used for further processing and analysis. The dataset was split into two parts, training and
validation sets, by taking a random sample of 70% of the data for training and the remaining 30%
for validation. To make valid comparisons, the same validation set was used in the models de-
veloped on patient’s questionnaire data and the model developed using X-ray images [AMO+16;
AMM-+17]. The data pre-processing steps are summarized in (Figure 5.1).

Figure 5.1: Data pre-processing work flow: (a) Inspection of the entire dataset manually to identify subsets
of relevant candidate variables, (b) calculation of the percentage of missing values for each
variables and also the sparsity of categorical variables. Drop variables that had more than 15%
missing values or very low e.g. less than 5% into one category in a binary variable, (c) creation
of dummy variables from multi-category variables and then splitting the dataset into training
and test data for predictive model building.

To summarise and explore the explanatory variables, descriptive statistics were calculated: mean
and standard deviation for numeric variables, frequency and percentage for categorical variables.
The relationship among predictors was also explored by calculating the Pearson correlation be-
tween numerical variables, polyserial correlations between numerical and categorical variables
and polychoric correlation between categorical variables [KAo4].

The KL grade score was recorded on an ordinal scale from o: normal to 4: severe. To model
an ordinal outcome, ordinal logistic regression [McC8o; And84] is the typical approach used.
An ordinal logistic regression model was fitted, but the prediction performance was poor. In
this analysis the severity score was also treated as a continuous response to investigate if this
would improve predictive ability. Moreover, the data are hierarchical in structure; each patient
had data for both knees. To capture this structure appropriately a linear mixed effect model
incorporating a random effect at the subject level [LW82]was used .
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5.3.2 Exploratory Analysis

The OAI dataset contains data for 4, 796 individuals. After initial pre-processing, 2,951 patients
with sufficient data on potential candidate explanatory variables were selected, representing
62% of the original patients. The remaining 38% of individuals did not have enough data for
the potential explanatory variables and were not included in the analysis. The list of candi-
date variables, their labels and type (binary, numeric and categorical) has been outlined in a
paper [AAM+19].

To train and validate the predictive models a training and validation data split was used as
shown in Table 5.1 (roughly a 70% - 30% split). To make valid comparisons, the same valida-
tion set was used in the models developed using the patient questionnaire data and the model
developed using X-ray images [AMO+16; AMM+17]. The validation set contained data for both
knees for 846 patients, i.e. 1,692 data points for a knee in total. The training set for the predictive
models included data from 2, 105 patients, i.e. 4,210 knees.

Severity level | Training: Freq (%) | Validation: Freq (%) | Total: Freq (%)
Level o 1818 (43.2) 685 (40.5) 2503 (42.4)
Level 1 728 (17.3) 312 (18.4) 1040 (17.6)
Level 2 1045 (24.8) 416 (24.6) 1461 (24.8)
Level 3 503 (12.5) 237 (14.0) 740 (12.5)
Level 4 115 (2.7) 42 (2.5) 157 (2.7)

Table 5.1: Distribution of KOA severity between training and validation data

The validation data that contains 30% of the original patients data are the same patients infor-
mation that has been used in X-ray image based modelling. To make the results comparable
with X-ray based prediction the same validation patients information was used, although cross
validation was used to check sensitivity of the entire analysis. The cross validation result is con-

sistent with the original 70-30 split.

Relevant summary statistics for patient characteristics are given in Table 5.2 for the entire dataset
and for the training and the validation subsets. Good balance is evident when comparing the
mean and variability for each patient characteristic across the training and validation data and
it is plausible that they can be considered as representative samples taken from the same overall
population. Maintaining a similar distribution of patient characteristics between the training and
validation data is paramount for making reliable inference. An individuals recorded occupation
was dropped from the patient characteristics table and from subsequent analysis as this variable

had more than 30% missing data.

Characteristics Training: Mean (SD) | Validation: Mean (SD) | Total: Mean (SD)
Age 60.3 (9.2) 61.1 (8.9) 60.5 (9.1)
Female (Freq. %) 1177 (56.0) 454 (53-7) 1631 (55.3)
Height (mm) 1685.2 (93.2) 1687.3 (92.6) 1685.8 (93.0)
Weight (kg) 80.7 (16.3) 80.5 (15.7) 80.6 (16.1)
BMI (kg/m?) 28.3 (4.8) 28.2 (4.6) 28.3 (4.7)
Systolic 123.3 (15.9) 123.7 (16.7) 123.3 (16.1)
Diastolic 755 (9-8) 75-4 (9:6) 75:5 (9-8)

Table 5.2: Summary statistics of patient characteristics between complete, training and validation data
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The box-plot (Figure 5.2) displays the distribution of several patient characteristics. Minor dis-
placement quantity (jitters) were introduced along the horizontal axis and alpha-blending was
used to make the display of the distribution of the points clearer. The level of KOA severity ap-
pears to be higher among elderly people. Height, weight and BMI show similar patterns but in
contrast the distribution of blood pressure measurements does not indicate any strong obvious

pattern with severity score. (Figure 5.2).
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Figure 5.2: Boxplots of patient characteristics by Knee Osteoarthritis Severity

The data contain a mixture of continuous, binary, and categorical predictors. To observe the rela-
tionships among such a collection of predictor variables the Pearson correlation was calculated
between continuous predictors, polyserial correlations between continuous and categorical pre-
dictors and polychoric correlation between categorical predictors [KAo4]. The correlation matrix
(Figure 5.3) depicts the relationship among the predictor variables of interest where a higher
colour intensity indicates a stronger correlation between variables. The blue colour indicates
a positive correlation and red colour indicates a negative correlation. We can observe that the
predictor variables are positively correlated with each others to a moderate degree. Patients sex,
height and weight shows weak negative correlation with other variables but only sex and height
show a strong negative correlation. The upper block represents correlation among signs and
symptoms in the left knee whereas the lower right block represents correlation among signs and
symptoms of the right knee. The lower left block is the correlation between signs and symptoms
of left to right knee. Other than the three blocks of correlation there are some variables that
represent neither of the knees; rather, those variables represents medication history and other
characteristics (Figure 5.3). What is clear from Figure 5.3 is the large number of candidate predic-
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tors and the presence of multicollinearity amongst predictors which will have to be accounted

for accordingly in any subsequent model.
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Figure 5.3: Correlation among predictors (dark colour indicates stronger correlation)

Among the five levels of KOA severity there were very few (2.7%) patients with severity level 4
(KL grade) in comparison to other categories. Overall 42% of patients were from severity level o
indicating the normal knee followed by mild severity level 2 with 24% and doubtful severity level
1 with 17%. The distribution of severity level frequencies across the training and the validation
data is well balanced indicating that it is plausible that the training and validation data came

from same underlying population (Table 5.1.)

5.3.3 Statistical modelling

Several approaches were used build the predictive models needed and the merits of each are

discussed below.
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Elastic-net Regression

Elastic Net regression is a combination of ridge regression and LASSO, and this model is ap-
propriate in the presence of correlated predictors [ZHos]. We denote the outcome variable: KL
grade score by Y (considered as a continuous variable) and all predictors by Xj,X>, ..., Xp. The
Elastic Net regression linearly combines Ly and L, penalties as follows:

n P P
SSE=) (yi—y)?+Al1—a) > 07+ ) [6s] (51)

i=1 j=1 j=1

Here v is calculated using linear regression with 0; be the regression coefficients. The L; penalty
is defined as the sum of absolute value of the regression coefficients and the L; = Z}j:1 105/ and
L, penalty is defined as the sum of squared values of the regression coefficients: L, = }D=1 6]-2.
The amount of mixing between two penalty terms is controlled by a mixing parameter o. If the
value of @ = 0 then it leads to a ridge regression whereas a value of @ = 1 leads to a LASSO
regression. The hyper-parameter A controls the amount of shrinkage of regression coefficients
for various values of «. A higher value of A leads to shrink the regression coefficients towards
zero and a very small value of A has little effect on the regression coefficients. Using both the
L; and L, penalty enables the selection of appropriate variables that have higher predictive
power by shrinking some of the regression coefficient to zero using an appropriate value of
hyper-parameter A. To estimate the most suitable value for the shrinkage parameter A repeated
cross validations were performed with fixed values of the mixing parameter x = 0.5 and the
value of A that minimizes the root mean squared error (RMSE) chosen. Figure 5.5, shows the

cross-validation results while selecting A.

Random Forest

Random Forests (RF) are an ensemble method that combine the predictive ability of multiple
decision tree models. The RF model is an extension of the original work of Tin Kam Ho [Hog5]
who developed the algorithm for random decision forests. Leo Breiman [Breo1] used the idea of
bagging (bootstrap aggregating) and random variable selection. The principle of a random forest
is to combine multiple tree based models to form a single model that can achieve better accuracy
compared to its individual counterparts. This method takes a random sample with replacement
from the original data, then builds a decision tree model based on a random selection of variables
at each branch in the tree. This process is repeated for multiple trees and stores the prediction
from each tree. The predicted value is then the mode (for a categorical response) for the mean
(for a continuous response) across the forest. The random forest model is popular because it
can reduce the variance of single tree models and also overcomes the problem of correlated
predictors as it takes only a subset of candidate predictor variables in each of the individual
trees.

Linear Mixed Effect Model

There is a clear hierarchical structure in the dataset as we have patient level data along with
knee level data. A linear mixed effect model (LMM) [LW82] is an extension of a linear model
that accounts for such hierarchical structure in data. The primary benefit of using a LMM in this
analysis is that the uncertainty in knee level prediction is now correctly adjusted for through
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the introduction of a suitable random effect. This approach will account for measurements on
both knees collected for each subject correctly. The Intra-class correlation has been reported that
indicates how much variation in the dependent variable is due to the random effect component
in the LMM model. A random effect model can be formulated as:

Uij :X},]B—’_u;’Yl—’_el]/I: 1/2//m/] = ],2,"',Tli (52)

Here yyj is the KL grade of i-th knee of j-th patient, x;; the covariate of vector of j-th member of
cluster i for fixed effects; ui; covariate vector of j-th member of cluster i for random effects; v;
is the random effect parameter, m is the the number of clusters (in our case m = 2 representing
left and right knee), 3 is the regression coefficient of the fixed effect covariates.

Convolution Neural Network

In a machine learning based approach to automatically assess the KOA severity, the first step
is to localize the region of interest (ROI), that is to detect and extract the knee joint regions
from the X-ray images, and the next step is to classify the localized knee joints based on KL
grades. In our previous study[AMM+17], we introduced a fully convolutional neural network
(FCN) to automatically detect and extract the knee joints, and trained CNNs from scratch to
predict the KOA in both discrete and continuous scales using classification and regression re-
spectively[AMO+16; AMM+17]. Baseline X-ray images from the OAI dataset were used to train
the CNN model. After testing different configurations, the network in Table 5.3 was found to
be the best for classifying knee images. The network contained five layers of learned weights:
four convolutional layers and a fully connected layer. Each convolutional layer in the network
is followed by batch normalisation and a ReLU activation layer. After each convolutional stage
there is a max pooling layer. The final pooling layer (maxPoolg) is followed by a fully connected
layer (fcs) with output shape of 1024 and a softmax dense (fc6) layer with output shape of 5
representing five level of KOA severity. To avoid overfitting, a drop out layer with a drop out
ratio of 0.25 is included after the last convolutional (convyg) layer and a drop out layer with a
drop out ratio of o.5 after the fully connected layer (fcs). Also, a L2-norm weight regularization
penalty of o.01 is applied in the last two convolutional layers (conv3 and conv4) and the fully
connected layer (fc5). Applying a regularisation penalty to other layers increases the training
time whilst not introducing significant variation in the learning curves. The network is trained
to minimize categorical cross-entropy loss using the Adam optimizer with default parameters:
initial learning rate () = 0.001, 1 = 0.9, 2 =0.999, ¢ = le=8. The inputs to the network are
knee images of size 200x300. This size is selected to approximately preserve the aspect ratio
based on the mean aspect ratio (1.6) of all the extracted knee joints.

After training, this network achieves an overall root mean-squared error 0.771 on the test data.
Figure 5.4 shows the learning curves whilst training this network. The learning curves show
proper convergence of the training and validation losses with consistent increase in the training
and validation accuracy until they reach constant values.

5.3-4 Model building, evaluation, and comparison

Initially an Elastic Net regression [ZHos], a weighted combination of LASSO and Ridge regres-
sion, was fitted. An Elastic Net regression model can be used to select variables with high pre-
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Layer Kernels Kernel Size Strides Output shape
convi 32 11X11 2 32X100X150
maxPool1 - 3X3 2 32X49X74
convz 64 5X5 1 64 X49X74
maxPool2 - 3X3 2 64x24%36
convsi 96 3X3 1 96x24x%36
maxPool3 - 3X3 2 96X 11X17
conv4 128 3X%3 1 128X 11X 17
maxPoolg - 3X3 2 128x5%8
Table 5.3: Best performing CNN for classifying the knee images

Loss [ Accuracy

0.0

1] 10 20 3o 40 50 B0
Epochs

Figure 5.4: Learning curves: training and validation losses, and accuracy of the fully trained CNN.

dictive power. The weighting is controlled by the mixing parameter o that controls the amount
of mixing between LASSO and Ridge penalties, whereas the parameter A controls the amount
of shrinking in the regression coefficients. To estimate a suitable value for the shrinkage param-
eter A repeated cross validation using a fixed o = 0.5 was performed, which corresponded to
the minimum cross-validation RMSE. Using this value of « the value of A that also minimizes
the RMSE (Figure 5.5) was selected. The contribution (i.e. direction and magnitude) of each
predictor variable has been extracted from the corresponding estimated regression coefficients
(Figure 5.6).

A Random Forest [Breo1] regression model was then fitted using differing numbers of trees
where the RMSE was calculated for each scenario. Based on these evaluations, it was found
that using 100 trees produced the lowest RMSE in the validation set. Those predictors with high-
est variable importance Were identified in terms of improved predictive ability of the final forest.

The overall RMSE for the Elastic Net regression model is 0.97 and the RMSE for the random
forest model is 0.94. Both models gave higher accuracy for the prediction of the severity levels
1 and 2 in contrast to the other categorical levels. The RMSE from the X-ray image based CNN
model is 0.77, which is slightly lower than the RMSE from the Elastic Net regression and the
Random Forest model. The advantage of using Elastic Net regression over a Random Forest
regression model and X-ray image based CNN model is that the variables that have high predic-
tive power can be easily identified as can the direction of the contribution of each variables by

looking at the magnitude and sign of their regression coefficients (Figure 5.6).

The Elastic Net regression model produced higher prediction accuracy for severity level 1 and 2,
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in comparison to other levels. A similar result is noted in the predictions by the Random Forest
model. The overall RMSE of Elastic Net regression and Random Forest regression models are
0.974 and 0.943. The overall accuracy of the CNN model is higher than Elastic Net and Random
Forest regression. The performance of each of the three models show their lowest outcome for
the KOA severity level 4 as there is less data available in that category. Relatively higher accu-
racy in predicting KOA severity using an X-ray based CNN model has been observed however,
the margin of difference between the RMSE of the predictions from the X-ray image based CNN
model in comparison to the predictions from the patient’s questionnaire data models is consid-
erably small. Table 5.4 shows the RMSE for the models trained with patient data (Elastic Net
and Random Forest)and the model trained with X-ray images (CNN regression).

94 94 90 86 79 73 63 47 32 23 23 171 9 3 2 2
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Figure 5.5: Estimation of hyper-parameter A for Elastic net regression model. The Y-axis displays the RMSE
for different values of A whereas the upper horizontal axis represents the number of predictors.
The RMSE increases as the number of predictors decrease but stabilizes after a certain number
of predictors are added. The red points represents RMSE and the gray line segments represents
a 95% confidence interval corresponding to each RMSE. The optimal value of A is the minimum
value corresponding to a steady-state RMSE.

Both the Elastic Net and Random Forest models allow the variable importance of the individual
predictors on overall predictive ability to be calculated. There are some variables commonly
identified by both these models with higher contribution towards the final predictions. However,
the variables identified by the Elastic Net have more interpretable properties than the variables
selected by the Random Forest model. The sign of the regression coefficients in an Elastic Net
regression allows provide an understanding of the direction of the contribution; whether it in-

creases the severity score or reduces it. A negative sign indicates a reduction in the overall
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Figure 5.6: Contribution of each variable on KOA severity score prediction by Elastic Net Regression

Severity Level Elastic Net Re- | Linear Mixed | Random Forest | CNN  Regres-
gression Model (LMM) Regression sion

Level o 0.917 0.920 0.909 0.816

Level 1 0.563 0.591 0.511 0.485

Level 2 0.881 0.895 0.853 0.840

Level 3 1.320 1.320 1.270 0.795

Level 4 2.140 2.10 2.02 0.846

Overall 0.973 0.978 0.943 0.770

Table 5.4: Estimated RMSE from different models for each level of KOA severity level

severity score for increasing values of the predictor, whereas a positive sign indicates an increase
in the severity score for increasing values of the predictor. The direction of the contribution by
predictors selected by the random forest model is unclear as it gives similar importance to both
directions. Figure 5.6 shows the sign and magnitude of the contribution for each of the selected
variables. The positive sign indicates an increase in the severity score whereas a negative sign
indicates a decrease in the severity score. The identified variables could be a proxy indicators of
patient knee’s anatomical structure which ultimately indicates the level of severity.

As the data have a hierarchical structure (i.e. knee nested within patient) the number of repli-
cates at the individual level is more appropriately modeled using a mixed effects model with
a random effect to capture the correlation between knees within an individual. To explore the
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random effect of patient level information, a linear mixed effects model was fitted using the
predictor variables initially selected from the Elastic Net regression. There is clear evidence for
the need of random effects due to the study design. In addition a small p-value (less than 0.001)
was evident for the test for the need of the random effect term due to subject level within knee
correlation in the model. The intra-class correlation coefficient is 0.265 which indicates that the
proportion of the variance explained by the random effect component (patient level information)
in the population 26.5%. The overall RMSE for the linear mixed effects model is 0.978, which is
almost the same as the RMSE from the Elastic Net regression. However, the predicted severity
levels, and more importantly the corresponding uncertainty, is correctly adjusted to account for
the within patient correlation.

5.4 SUMMARY

Judging the impairment for patients with KOA requires a thorough understanding of the dis-
ease condition. Expert radiologists or clinicians assess the functional knee impairments and the
KOA severity level from the X-ray images. Ideally, the image analysis should give an objec-
tive measure of the impairments; however, in reality not all functional impairments show up
in anatomical transformations of the knee, and the patho-physiological evaluation relies on the
subjective perception of the patient and the physician jointly.

The primary goal was to explore whether the prediction accuracy of a statistical model based
on patient’s questionnaire data is comparable to the prediction accuracy based on X-ray im-
age based modelling to predict KOA severity. It has been demonstrated that statistical models,
using patients’ questionnaire data, could predict KOA severity level with a good level of accu-
racy (RMSE: 0.974 & 0.943). The prediction performance of the statistical models presented in
this chapter are comparable to models using X-ray image data based on model performance as
assessed by RMSE measures [AMO+16; AMM+17; TTR+18]. In particular it has been demon-
strated that functional impairment at severity levels 1 and 2 can be predicted by our statistical
models (Elastic Net & Random Forest and LMM) trained from the patients’ assessment data
to a level of accuracy similar to the accuracy achieved on the basis of CNN model trained on
X-ray images. There are very subtle structural variations in the knee joints (minimal joint space
narrowing (JSN) and osteophytes formation) belonging to grade o and grade 1, and these are
not fully reflected in the KL grades. Also, there are relatively large overlaps in the JSN measure-
ments for KL grades o and 1 compared to the other grades [HS03]. These factors make them
challenging to distinguish by inspecting the X-ray images. Also, patients share almost similar
distribution on their characteristics, signs, symptoms and functional impairments. Due to very

subtle differences of the predictors between KOA levels the prediction accuracy gets affected.

The key variables that contributed most to the predictive ability in the models can be monitored
over time to assess the progression of KOA severity. The strong indicator variables are reporting
on knee baseline radiographic OA status for the right or left knee (Po1LXRKOA, Po1RXRKOA)
and on treatments such as surgery on the right or left knee (Po1KSURGR, Po1KSURGL) as well as
other reasons to see the doctor (Po1ARTDOC). A patient’s sex also plays an important role in pre-
dicting KOA severity. The next indicator variables cover medication (Po2KPMED) and functional
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impairments, pain or other symptoms to the right or left knee (VooWPRKN1, VooKSXLKN3,
VooKSXRKN5, VooKSXRKN1, VooKSXLKN1, VooWPLKN1, PoitKPNREV, Po1KPACT30). An
additional variable of interest is whether a doctor “ever said you have rheumatoid arthritis or
other inflammatory arthritis” (Po1RAIA). The predictors variable found as important predic-
tors of KOA severity were also those important risk factors reported in previous studies [Hei11;
HMKo8].

Importantly, an early behavioral intervention could be developed based on the identified vari-
ables to prolong the healthy life of a patient. By observing the identified variables that have
higher predictive ability to predict KOA severity, subjects can be identified who are currently
taking medication for pain relief and facing functional difficulty in their daily life. Variables rep-
resenting limited knee functions in particular are the potential indicators for quantifying KOA
severity that could lead to developing targeted interventions for further treatment and medica-

tions.

When making predictions the LMM is favored as it is the only approach that correctly adjusts
for the hierarchical structure present in the data. It is interesting that the severity levels 1 and
2 can be predicted with good accuracy in all the four models (EN, RE, LMM, and CNN), while
the other levels of severity are more challenging to predict. For higher severity levels, i.e. levels
3 and 4, this could be due to the lack of patient data, i.e. the sample sizes at these levels are
smaller than for levels 1 and 2 (Figure 5.2 & table 5.2).

As a conclusion based on the results in this paper, it can be concluded that patient question-
naire data can predict KOA severity level with good accuracy and it is comparable with the
prediction based on X-ray images. Patient assessment data also enables an identification of some
of the key variables that can be used to design early interventions and monitor the patients over
the treatment period. The accuracy of the model developed using patient’s assessment data is
almost comparable to the CNN model. Moreover, the statistical models have an edge over the
CNN model by identifying key variables that helps the physicians to design interventions and

helps the patients for further treatment.

There is at least one potential limitation in developing any statistical model to predict KOA
severity, that is the KL grade score itself is not a gold standard and suffers from subjectivity. The
KL grade is dependent on the perception of the radiologist who is inspecting the X-ray images.
i.e. a quasi-gold standard outcome. Considering this potential limitation, one way to improve
the prediction accuracy could be to build a model of the X-ray image data in combination with
the patients’ assessment data. The prediction of KOA severity based on patients data shows
comparable accuracy, it would be interesting to see the performance of prediction based on a
statistical model combining both patient’s questionnaire data and with X-ray images.



SUMMARY, CONCLUSIONS & FURTHER
WORK

In this thesis the overall goal was to use modern approaches in data science to develop and
evaluate a new approach to identify and visualise outliers in multivariate data. The proposed
approach was evaluated using simulated and benchmark data. Examples from specific real
world applications were also presented. In this chapter, a summary of each chapter is presented
while highlighting the new scientific contribution in each.

6.1 SUMMARIES PER CHAPTER

6.1.1 Chapter-2: Data Science Approach to Literature Analysis

In the process of scientific discovery or in any research project, one of the most important steps is
to look back in time and evaluate and critique published evidence. This step is usually achieved
by conducting a systematic review. This step is becoming increasingly complex in domains with
a large number of previous research studies and a manual review to cover all published material
is not a feasible option. A semi-automated analysis of the texts retrieved from a scientific publi-
cations could be a useful companion tool and it could enhance the knowledge synthesize process.

In this chapter, the difficulties of manual systematic reviews of a large number of scientific
publications is presented. To overcome the difficulty, a workflow is presented to augmented
undertaking a literature review under these constraints. The proposed workflow is presented
with specific discussion on data collection, cleaning, exploratory analysis, text mining and visu-
alisation of the results.

One of the major steps in the proposed workflow is the analysis of text data using topic mod-
elling. A brief description of classical topic modelling was presented. The primary goal is to
uncover research sub themes which might not be easy to uncover by manual review. The hid-
den themes could give an indication of emerging research areas within a research application or

could indicate common themes that most of the research studies are focusing on.

An open source web application (shiny app) is being developed that follows the workflow
presented in this chapter. The web app will enable non-technical users to quickly and easily
summarise collection of many research studies, especially abstracts. Using the web application
a user can interact with the collection of abstracts to uncover underlying latent research themes
and to visualise them in a meaningful way. Moreover, users can identify if there are any clusters
among the abstracts.
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In conclusion, the workflow and the web application presented in this chapter can be used
to enhance traditional literature reviews by allowing the researcher gain a better understand-
ing of constructs within the complete corpus that may be missed when reviewing manually.
Furthermore, the tool can be used to explore the existing body of knowledge which ultimately
helps to generate new research hypotheses. This chapter concludes with a small introduction
of statistical depth function which is the primary topic of next chapter. An analysis of existing
literature related to injuries in elite sport and on the use of depth functions and outlier detection
is presented using the method and tool presented in this chapter.

6.1.2 Chapter-3: Outlier Detection in Multivariate Data

The concept of order statistics is an easy to understand statistical concept in the univariate set-
ting. For a situation with more than one variable, the concept of order is not straightforward.
The ability of extend the idea of ordering in multivariate data opens up many areas of study
of the properties of multivariate distributions. In this chapter, a discussion of such an idea is

presented as motivation for the chapters that follow including potential areas of application.

A statistical depth function, a mapping from RY to IR (where d is the number of variables),
is a method to generate a univariate score for multivariate data and provides an ordering of mul-
tivariate data points. The order is defined from the centre of the distribution; a point that moves
away from the centre of the distribution has a low depth value with the the deepest point at the
centre. Such a score can be used to study properties of multivariate distributions, especially in
identifying potential outlying points that might not be easy to identify in a marginal context.

In this chapter, the concept of statistical depth function is presented and its potential applica-
tion in outlier detection discussed along with potential limitations. A new novel algorithmic
approach is proposed, a modified Mahalanobis depth (kMMD), which is then evaluated using
simulated data to assess it’s ability to identify outlying data points in multivariate data.

The simulation experiments shows that the proposed approach works well and perform bet-
ter than original existing algorithms. This new algorithm also been evaluated using benchmark
dataset where the status of a data point is known (outlying or non outlying) beforehand. The
proposed algorithm performed better in the simulated data as well as in benchmark data in

terms of identifying outliers in multivariate data.

The proposed modified Mahalanobis Depth function has the potential to be used in any do-
main to identify probable outlying data points in multivariate data. The score that is being
generated using the depth function can enhance any classical visualisation as a method to dis-
play the outlyingness of an observation. The application of the proposed depth function in data
visualisation is presented in Chapter 4.
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6.1.3 Chapter-4: Visualising Multivariate Data

Visually representing information from raw data is one of the most important aspects in data
analysis and presentation. In the case of a single variable scenario, visualisation is easy but the
difficulty arises as the number of variables increases. In this chapter, different visualisation ap-
proaches are presented starting from a single variable to the multivariate context with the goal
to identify potential outlying data points (in multivariate context) visually while using classical
plots. Such plots are augmented by the inclusion of the outlying score, calculated using the pro-
posed statistical depth function, to enhance the ability to display the potential outlying points in
a multivariate context regardless of the graphical approach used.

Visualising potential outlying data points is important to identify observations that may be in-
fluential in any statistical analysis or that have a very distinct characteristics compared to the
majority of the data points. In a univariate situation, a potential outlying point can be easily
visualised using a boxplot but the same idea is not generalizable to multivariate data. A Bivari-
ate boxplot, namely a Bagplot, is an extension of a univariate boxplot and can display potential
outliers in a bivariate context. When the number of variables variables is large this method for

visualising outliers is not feasible however.

The limitation of existing classical visualisations in outlier detection is presented with an ex-
ample using sports data; a dataset containing 22 variables measuring player movement during
a soccer game. The example starts with univariate boxplots continuing to two variable scatter
plots and Bagplots. Plots of composite variables using dimensionality reduction techniques such
as PCA, GLRM and t-SNE are then considered. Each of these plots is useful in the sense of
visualising data either for a marginal distribution (univariate plot) or using multivariate plots
but are again limited in terms of outlier detection.

To overcome the limitation of these visualisation approaches, an outlying score using statistical
depth function was calculated for each observation and was included as a graphical parameter
to identify potential outlying points. The outlyingness score can be used in this way in any ex-
isting visualisation technique which displays the raw (or composite) data. Using this additional
graphical parameter, users can identify and isolate atypical data points for further investigation.

6.1.4 Chapter-5: Predicting the Severity of Knee Osteoarthritis: A Data Science Case Study

In this chapter a collaborative project in developing and evaluating a predictive model to predict
knee osteoarthritis severity is presented.

Expert radiologists or clinicians assess the functional knee impairments and the KOA sever-
ity level from the X-ray images. Ideally, the image analysis should give an objective measure
of the impairments; however, in reality not all functional impairments show up in anatomical
transformations of the knee, and the patho-physiological evaluation relies on the subjective per-
ception of the patient and the physician jointly.

It has been demonstrated that the prediction performance of the statistical models presented
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in this chapter are comparable to models using X-ray image data based on model performance
as assessed by RMSE measures [AMO+16; AMM+17; TTR+18].

As a conclusion based on the results, it can be concluded that patient questionnaire data can
predict KOA severity level with good accuracy and it is comparable with the prediction based
on X-ray images. Patient assessment data also enables an identification of some of the key vari-
ables that can be used to design early interventions and monitor the patients over the treatment
period.

6.2 FUTURE DIRECTIONS

In this thesis several novel ideas are presented with very good potential of practical application.
Each of the ideas presented in this thesis could be further improved.

In Chapter 2, a new workflow along with an open source application (shiny app) for performing
literature reviews is presented. The workflow could be further improved by incorporating net-
work analysis of highly cited papers along with author network so that users can identify a new
collaborative research network. The topic modelling section of the workflow could be further
improved by including the most recent modelling techniques and the ability to perform topic
network analysis to further enhance the applicability of the proposed workflow. Adding more re-
cent document clustering algorithms in the document clustering part of the web application will
provide the flexibility to investigate more rigorously and visualise the results to get further in-
sights. A way to filter out the non-relevant topic and re-run the entire analysis could be added in
a future version so that researcher can deep dive into more granular topic within a broader topic.

In Chapter 3, a new statistical depth function is proposed and evaluated. The proposed approach
can be further improved in several aspects. Currently, the proposed approach is applicable to
independent and identically distributed data. In future work, this could be extended to handle
longitudinal data and functional data (i.e. the datum is a function) .

In the current proposed modified Mahalanobis depth function, one important property a depth
function is relaxed. A rigorous mathematical investigation is required so that the effect of relax-

ing this assumption can be studied in more detail from mathematical perspective.

In terms of computational cost, the primary cost is to invert the co-variance matrix which is
a once off calculation. This can be improved by incorporating more efficient algorithmic ap-
proaches.

For visualisation, an open source web application to implement the proposed modified Ma-
halanobis depth function in data visualisation could be useful.

In Chapter 5, an approach to modelling knee osteoarthritis severity is presented, where pa-
tient baseline characteristics and symptoms were used as potential predictors of severity level.
It would be interesting to see if the proposed depth function could identify certain patients that
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are ’different’ from other patients and to investigate whether using the depth score to achieve
this could improve the performance of the predictive models.
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