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Abstract

The structure of the data in a mixed database can be a barrier when clustering that

database into meaningful groups. A hierarchically structured database necessitates ef-

ficient distance measures and clustering algorithms to locate similarities between data

objects. Therefore, existing literature proposes hierarchical distance measures to mea-

sure the similarities between the records in hierarchical databases.

The main contribution of this research is to create and test a new distance measure

for large hierarchical databases consisting of mixed data types and attributes, based on

an existing tree-based (hierarchical) distance metric, the pq-gram distance metric. Sev-

eral aims and objectives were pursued to fill a number of gaps in the current body of

knowledge. One of these goals was to verify the validity of the pq-gram distance metric

when applied to different data sets, and to compare and combine it with a number of

different distance measures to demonstrate its usefulness across large mixed databases.

To achieve this, further work focused on exploring how to exploit the existing method

as a measure of hierarchical data attributes in mixed data sets, and to ascertain whether

the new method would produce better results with large mixed databases. For evalu-

ation purposes, the pq-gram metric was applied to The Health Improvement Network

(THIN) database to determine if it could identify similarities between the records in the

database. After this, it was applied to mixed data to examine different distance mea-

sures, which include non-hierarchical and other hierarchical measures, and to combine

them to create a Combined Distance Function (CDF).

The CDF improved the results when applied to different data sets, such as the hi-

erarchical National Bureau of Economic Research of United States (NBER US) Patent

data set and the mixed (THIN) data set. The CDF was then modified to create a New-

CDF, which used only the hierarchical pq-gram metric to measure the hierarchical at-

tributes in the mixed data set. The New-CDF worked well, finding the most similar data

records when applied to the THIN data set, and grouping them in one cluster using the

Balanced Iterative Reducing and Clustering using Hierarchies (BIRCH) clustering al-

gorithm. The quality of the clusters was explored using two internal validation indices,

Silhouette and C-Index, where the values showed good compactness and quality of the

clusters obtained using the new method.
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Chapter 1

Introduction

Handling mixed large data, especially data that is in a tree-based structure, is one of

the most important topics on the agenda of contemporary researchers in the computer

science domain. To manage these data types, powerful knowledge discovery tools, such

as data mining techniques are essential. One of the most interesting data mining tech-

niques available to manage mixed large data is the clustering technique, which groups

data into clusters containing objects that are more similar than those in other clusters.

To measure the similarity between data objects, proximity measures are used, and these

are the basic building blocks of clustering techniques.

Recently, many hierarchical measures have been proposed to perform clustering

by measuring the similarities present in hierarchical data. This thesis investigates the

role of a new distance measure created based on an existing hierarchical distance met-

ric, the pq-gram distance metric, to measure similarities between hierarchical data in

a mixed database. This chapter first provides the background and motivation for the

current study and then introduces its aims and objectives. It also gives an outline of the

thesis organisation and concludes by describing the work’s anticipated contribution to

the field.

1
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1.1 Background and Motivation

Big data can be defined as a data set where the larger it becomes the more difficult it

is to process it using traditional database tools or database pre-processing applications

[26]. It consists of three main data types: (i) unstructured data that does not follow

any specified format or rules and the contents of which do not fit in a database, e.g.

text or word processing documents such as those displayed in Figure 1.1; (ii) semi-

structured data, e.g. csv files or XML data as shown in Figure 1.2, and (iii) structured

data, in which information is arranged in rows and columns within tables or in tree-

like structures, e.g. all databases in database management systems and hierarchical

databases (as illustrated in Figure 1.3).

Figure 1.1: Example of an unstructured data

Figure 1.2: Example of a semi-structured data

Extracting knowledge from large mixed databases, including hierarchical ones, is

a significant challenge in the world of computer science and knowledge discovery. The
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Figure 1.3: Example of a hierarchical data structure

extraction of information from such databases requires efficient techniques and tools,

such as data mining and machine learning. The fundamental characteristic of data min-

ing is that it is applied to large and complex data sets, comprising a very large number

of objects describing various types of attributes and variables [49]. Thus, data mining

algorithms need to be scalable and capable of dealing with different data types with

various attributes. However, the scalability feature of most data mining algorithms is

currently weak when applied to very large data sets, since they were initially developed

for applications other than data mining, which involved small data sets [49].

One of the most important data mining tools is clustering, which aims to detect

groups of similar objects within data to find structure present in the data set [8]. Despite

the difficulties encountered when applying clustering to large mixed data [112], it is

considered as a useful tool because it partitions the data into groups and can find hidden

information in raw data. When clustering, an object is described either by a set of

measurements or by a list of features [115]. Cluster analysis does not use category labels

to tag objects with prior identifiers; this distinguishes cluster analysis from other forms

of analysis, such as pattern recognition and decision analysis. The objective of cluster

analysis is simply to find a convenient and valid approach to the organisation of the
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data. Thus, it does not seek to establish rules for separating future data into categories

[54]. To perform a cluster analysis, the data needs to have been deliberately prepared to

avoid the high computational complexity and the occurrence of redundant and irrelevant

features [15]. Thus, feature selection and feature extraction are two important steps

when validating a clustering application to obtain suitable features for clustering [53]

[129].

Different clustering algorithms exist for clustering mixed databases, including par-

titional or point assignment algorithms and hierarchical clustering algorithms. The most

well-known partitional clustering algorithm is the k-means clustering algorithm [92],

where k-means refers to the means of the groups represented which have been adjusted

k times. This clustering algorithm was extended in [49], such that it can now efficiently

cluster mixed data sets that contain different data types and attributes.

The second type of clustering algorithms is hierarchical clustering. This is used

to produce a nested series of partitions sequentially, based on the application of simi-

larity measures for merging or splitting clusters [53]. The result of hierarchical clus-

tering is a tree-like nested structure termed a dendrogram, which represents the nested

grouping of patterns and the similarity levels between all objects [129]. Recently, the

data mining community has developed a number of fast hierarchical clustering algo-

rithms that can cluster very large data sets, such as Clustering Algorithm based on Ran-

domised Search (CLARANS) [81], Density-Based Spatial Clustering of Applications

with Noise (DBSCAN) [33], and Balanced Iterative Reducing and Clustering using Hi-

erarchies (BIRCH) [131]. The latter, BIRCH, is a well-known hierarchical algorithm

for big data sets and is classified as a sample-based clustering technique [112]. These

sampling-based algorithms perform clustering on a sample from the selected data set,

which speeds up the computation process, and then generalise the results to the entire

data set [112]. The BIRCH clustering algorithm has its own data structure, called a

Cluster Feature (CF) tree, which it uses to solve the problem of large-sized data con-

trasted with memory size; i.e. the problem that the I/O cost dominates computational

time. CF delivers a concise summary of each cluster, representing the data points or

records in each cluster.
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Many data sets, including hierarchical data sets, have been clustered using the

aforementioned clustering algorithms such as the spatial data set [33] and network

traffic data set [77]. A hierarchical data set is a collection of data records connected

to each other through links, where each data record consists of a collection of at-

tributes or variables each containing only one data value [113]. Examples of the hi-

erarchical mixed data sets are longitudinal databases, patent databases, spatial data sets

and XML data. These data sets either have hierarchical structures, such as the Na-

tional Bureau of Economic Research of United States (NBER US) Patent database

[45], or some attributes that are hierarchically structured, like the READ codes in

The Health Improvement Network (THIN) data set (https://www.ucl.ac.uk/pcph/

research-groups-themes/thin-pub/database). The fundamental characteristics

of hierarchical structures are the compactness and dependence on the nature of the data.

The hierarchical data structure can also save space, time and simplify operations such

as search [106] since it can be based on the principle of recursive decomposition [107].

Currently, data mining clustering techniques for hierarchical data sets are an impor-

tant consideration, since they comprise mixed data types including hierarchical data

attributes. Also, since these data sets require the implementation of efficient structural

similarity measures, which are not very commonly proposed, the data mining tech-

niques employed for hierarchical data sets might be more sophisticated than those em-

ployed for non-hierarchical data sets.

As mentioned above, when clustering hierarchical data sets, efficient proximity

measures need to be implemented to measure the similarity between the objects in the

data sets, particularly the hierarchical distance measures specifically designed to man-

age such data sets. The hierarchical pq-gram distance metric was introduced to match

hierarchical data from large data sources approximately, and this metric has been proven

to be more efficient and provide less complexity in terms of time than other hierarchi-

cal distance measures, such as the edit distance metric [5]. This motivates users to use

the pq-gram metric to measure the similar distances between the data records in large

hierarchical databases. This work evaluates the pq-gram metric for the development of

a new distance measure for a mixed data set like THIN.

https://www.ucl.ac.uk/pcph/research-groups-themes/thin-pub/database
https://www.ucl.ac.uk/pcph/research-groups-themes/thin-pub/database
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The hierarchical data sets used in this work are the NBER US Patent and THIN

data sets. The hierarchical NBER US Patent data set has been clustered in the literature

and has been used to resolve different problems with different proximity measures [68]

[59] [80]. However, using tree-based measures to measure the similar distances between

patent data records is uncommon, which motivates the application of the hierarchical

pq-gram distance metric in this study. Whilst different data mining techniques have

been applied to the THIN database [96] [97] [72] [98], no clustering techniques have

been applied to it to date. This is another motivation for this study, which aims to apply

the clustering technique to such hierarchical databases, as well as to use the hierarchical

pq-gram distance metric to measure the similarity between database records.

Several hierarchical measures and metrics (see the difference in Chapter 2, Sec-

tion 2.4) have been introduced to measure the similarity in hierarchical databases such

as pq-gram distance metric [5], Edit distance metric [118], Hierarchical Similarity mea-

sure 1 (HS M1) [77] and others. The first two metrics are compared with four other dis-

tance metrics that are suitable for use with non-hierarchical data sets, Minkowski [23],

Euclidean, Manhattan [41] and Hamming [48] [86] distance metrics. The comparison,

as explained in Chapter 4, investigates which of the distance metrics, specifically focus-

ing on the pq-gram metric, performs better and is most suitable for handling THIN data

in order to cluster patients with similar data records [47].

The pq-gram distance metric, as mentioned earlier, is used to approximately match

hierarchical data from large sources between ordered labelled trees [5]. In this work,

the metric is applied to different data sets, including simple non-hierarchical sets like

the Iris [35] and lenses (https://archive.ics.uci.edu/ml/datasets/Lenses)

data sets, a hierarchical data set named the NBER US Patent data, and finally a mixed

data set named the THIN data set. Since the performance of the hierarchical metric is

thought to be poor for non-hierarchical data sets, relatively good for hierarchical data

sets, and good for the mixed data set, this metric may produce better results if used

only to manage the hierarchical attributes within a mixed data set. However, using the

pq-gram distance metric to measure the similarity between hierarchical attributes only

within mixed data type records has not yet been investigated. Thus, to do so, the metric

https://archive.ics.uci.edu/ml/datasets/Lenses
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has to be combined with other hierarchical and non-hierarchical distance measures,

in a combined distance function (CDF), similar to the measure proposed in [77], as

illustrated in Chapter 2, Section 2.4.3, so it can be used to group similar mixed data

type records in a single cluster.

Further investigation is performed by adding weights to the different aspects of the

CDF, specifically, the pq-gram distance function. This process aims to show the role of

the pq-gram distance function among other hierarchical distance functions when mea-

suring the similar distances between database records, as will be illustrated in Chapters 5

and 6.

By adding the weights to the parts of CDF with the pq-gram distance function,

a new combined distance function can be obtained by choosing not to consider the

other hierarchical distance measures like the Hierarchical Similarity Measure1 (DHS M1)

[77] by giving them the weight 0. The new combined distance function, termed the

‘New-CDF’ combines the pq-gram distance function for hierarchical attributes, the Eu-

clidean distance function for numerical attributes, and a histogram of the frequencies

with which the categorical attribute values appear. In this New-CDF, the aim is to in-

vestigate how effective the pq-gram distance function is at finding similar data records

when used to replace the other hierarchical distance functions in the CDF, and when

applied to the mixed data set THIN.

1.2 Aims and Objectives of This Thesis

The ultimate goal of this research is to design a new distance measure for mixed data

sets, including hierarchical data, which combines the advantages of the pq-gram dis-

tance metric and other distance measures to deliver better overall performance. As

mentioned earlier, the pq-gram distance metric first needs to be applied to different data

sets to test its validity (simple non-hierarchical, hierarchical, and a mixed data set). It

then needs to be improved prior to investigating whether the new measure proposed

could produce better results when applied to mixed data sets. Several research ques-

tions and hypotheses were identified for this project and underlie this work. In addition
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to being hierarchical, databases like the NBER US Patent and THIN are mixed and very

large. Clustering of the hierarchical patent data set has been described in the literature,

but this did not involve using hierarchical distance measures. In terms of the mixed

medical THIN database, clustering of the data set using hierarchical distance measures

to determine the similarity between data records has not yet been explored. Further-

more, a comparison of distance metrics for hierarchical data has not been conducted

previously. This gap in the knowledge led to the formulation of the following research

questions:

1. Can the pq-gram distance metric be applied to any data set to identify similarity

between data objects reliably?

2. What is the performance of the pq-gram distance metric compared to other mea-

sures when measuring the similarity between the mixed THIN data and is the

metric suitable for clustering the entire patient population from the data set?

3. How can the pq-gram metric improve the results when measuring the similar

distances between mixed data type records in large databases if it produces poor

results?

4. Can improvements be made by using or combining different distance measures

for mixed data type attributes in large databases?

5. While combining between the different distance measures, can the new measure

be useful for hierarchical data sets to find the similar distances between the data

records and can it be suitable for clustering large mixed data sets while clustering

using the hierarchical BIRCH algorithm?

In order to answer the research questions, the following objectives were identified:

1. To apply the pq-gram distance metric to simple non-hierarchical, hierarchical and

mixed data sets for the purpose of a feasibility study.

2. To compare the pq-gram metric with other different distance metrics, hierarchical

and non-hierarchical, to measure the similarities between the mixed data in THIN
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database, and to show its usefulness and suitability for clustering the data set

using the k-means clustering algorithm.

3. To create a new distance measure, using the pq-gram metric and different distance

measures for the mixed data set, to investigate if the new measure produce better

results.

4. To combine the distance functions of each data type within a mixed data record

(hierarchical and non-hierarchical) for the creation of the new distance function

that measures the similarity between data records and then cluster these using the

BIRCH clustering algorithm.

5. To add weight to the different aspects of the combined distance function (CDF)

to illustrate the impact of the attributes, particularly, the pq-gram distance metric,

while calculating the distances between the data records using the CDF.

6. To replace the other hierarchical distance measures in the CDF using the pq-

gram distance metric, and to combine it with other distance functions for non-

hierarchical data to create a new CDF, New-CDF.

7. To investigate the suitability of the New-CDF for clustering patient populations

in THIN data using the hierarchical BIRCH clustering algorithm.

1.3 Thesis Organisation

This thesis is structured as follows.

Chapter 2 presents a literature review of the data mining clustering task over very

large hierarchical databases within the process of knowledge discovery in databases, and

describes the concepts of hierarchical and non-hierarchical data sets. It also reviews

general clustering techniques, details the clustering of two hierarchical databases and

two non-hierarchical data sets as described in the literature. Furthermore, it offers a

general description of proximity measures and the rules needed to create a hierarchical

similarity measure are reported. The proximity measures for both the hierarchical and
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non-hierarchical data sets used in this work are then reviewed to distinguish between

them, and to explain how they can be combined to handle mixed data type entries,

while clustering is described based on literature.

Chapter 3 describes all the research methodologies applied in this work, from the

databases used to the techniques for validating the results. It begins by providing some

general background about the four data sets and describes the preparation process for

each data set prior to commencing the clustering task. Then to explain the similarities

between the data sets, the hierarchical distance metrics for the hierarchical data sets

and the distance metrics for non-hierarchical data sets are described. The chapter ends

by describing the cluster validation techniques used, which include the internal and

external validation indices.

Chapter 4 starts by performing a feasibility study to assess the validity of the pq-

gram distance metric when applied to different data sets (non-hierarchical, hierarchical,

and a mixed data set). The study of the non-hierarchical classified data sets is designed

to check the level of agreement between the resulting clusters from these data sets, using

the k-means clustering algorithm with the pq-gram distance calculation, and the original

data set classes.

In addition, Chapter 4 compares two different groups of metrics for two types of

data structure applied on subsets of the THIN database, namely Minkowski, Euclidean,

Manhattan and Hamming metrics for the first group, and pq-gram and Edit Distance

metrics for the second group. The comparison shows the pq-gram distance metric de-

livers good performance when measuring the similarity between the patients’ data from

the subsets.

In chapter 5, a new distance measure was created for mixed hierarchical data sets.

This was done by employing different distance measures to different data types of data.

In this chapter, the hierarchical NBER US Patent database is explored as a new data

set to determine if the method could be applied to this data set to produce similar data

records for mixed data types by using a CDF.
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The pq-gram metric is applied to measure the similarity between NBER US Patent

database records. The metric is first combined to work alongside another hierarchi-

cal distance function, named the DHS M1 for hierarchical attributes and non-hierarchical

measures for numerical and categorical attributes. The distance functions for the final

two attributes are the Euclidean distance function and the histogram of frequencies for

the categorical attribute values. The CDF produced good results. The quality of the

clusters was evaluated using cluster validation indices, internal indices such as the Sil-

houette and C-Index and external indices such as the Rand and Jaccard indices. Some

of the clusters provided were more similar in terms of their data records than others ac-

cording to their attributes. Adding the pq-gram distance function to the CDF produced

slightly better results than when not using it. Thus, in order to concentrate more fully on

the pq-gram distance function role along with the CDF, weights were added to different

aspects of the CDF. The weighted pq-gram distance function influenced the results, and

in some examples led to improved results.

The New-CDF is then created, consisting of only the pq-gram distance function for

hierarchical attributes and other distance functions for non-hierarchical attributes. After

applying the New-CDF, the resulted clusters were not suitably compact and separated

when compared to the previous results that use the pq-gram distance function alongside

the CDF. In addition, in this chapter, the Iris data set is used as a validation data set to

ascertain whether the BIRCH algorithm could produce the same original classes of Iris

(setosa, versiclor and virginica flowers) using CDF and New-CDF.

In Chapter 6, the new distance measure is investigated as a tool for use with the

medical UK mixed THIN database. This database has the characteristic of multiple data

records belonging to an individual patient, which provides an opportunity to develop

well-separated and compact clusters with similar data records for patients. The new

method is applied to three different data sets for three different medical drugs compris-

ing three data sets; the New-CDF worked and produced the most similar data records in

one cluster when clustering the data using the hierarchical BIRCH clustering algorithm.

The results when using the CDF without the pq-gram distance function and the
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CDF with the pq-gram distance function were slightly different, but in general the clus-

ters were judged to be compact and well separated when their quality was evaluated

using the cluster validation indices.

The final chapter of this thesis, Chapter 7, concludes the work, emphasising its

main contributions and highlighting several possible directions for future research.

1.4 Contributions to Knowledge

Three main contributions to knowledge result from this work. Firstly, it provides a

comparison between the pq-gram distance metric and other different measures for hier-

archical and non-hierarchical data management when determining the similarity of the

objects in the mixed THIN database records. The comparison shows the pq-gram dis-

tance metric can measure similar distances and group them in one cluster by clustering

the data using the k-means clustering algorithm. This research work led to a conference

paper detailing this contribution, as set out in Chapter 4.

Secondly, this thesis creates a new distance measure using the pq-gram distance

metric by looking at different distance measures that can be combined for mixed data

types of attributes in large databases. This used to measure the similar distances between

the data records. The CDF is produced, which consists of hierarchical measures for

hierarchical attributes including the pq-gram distance metric to work along with the

new measure, the Euclidean distance metric for numerical attributes and the histogram

of frequencies of categorical values. The new approach delivered slightly better results

when applied to mixed databases.

Finally, the objective of using the pq-gram distance function to measure only

hierarchical attributes, in combination with other distance functions to measure non-

hierarchical attributes, using a new combined distance function (New-CDF) has been

accomplished. New-CDF, the new measure, produced reasonable results when applied

to the mixed THIN database to group the most similar data records into one cluster.
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The quality of the clusters was ascertained by the indices values used: Silhouette and

C-index.



Chapter 2

Literature Review

This chapter provides a literature review of general clustering techniques, as well as

those clustering approaches applied in studies of hierarchical mixed databases. It also

reviews the distance measures used for hierarchical and non-hierarchical data sets, and

examines the possibility of combining them into one distance function. One of the

contributions of this work is the use of hierarchical distance measures to measure the

similarity between hierarchical data in hierarchical databases. Therefore, this chapter

also discusses previously published literature on hierarchical databases and hierarchical

distance measures.

The aim of this chapter is to present relevant background information concerning

all the research subjects previously used in the clustering of hierarchical data sets and to

highlight gaps in the body of knowledge. This underscores the motivation of the thesis

to apply hierarchical based-distance measures, specifically application of the pq-gram

distance metric to mixed databases to measure the similar distances between databases

entries.

2.1 Non-Hierarchical Data

Data, in general, comprises facts, such as numbers, words, measurements, observations,

or simply descriptions of things. It is actual information used as a basis for reasoning,

14
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discussion or calculation. Data can be stored in computers as processed information and

can be of any type, e.g. text, numeric, video, audio clips, software programs, images,

logical, hierarchical. Based on the size of the data sets, it can be divided into two

categories, small data and big data. Small data includes specific attributes derived from

big data to address specific problems, e.g. the small data sets used for the experiments

in Chapters 4, 5 and 6. The second category is big data, which is defined and divided

according to three main types, as described in the previous chapter (see section 1.1).

Figure 2.1 provides a diagram of data types.

Figure 2.1: The data diagram

There are different ways in which data can be organised. It can be sorted, un-

sorted, structured, semi-structured, or simply unstructured. This study is interested in

structured types of data, which include hierarchical and non-hierarchical data. The non-

hierarchical data structure describes types of data that fit databases and which are not

organised as tree-like structures. Data sets that have such a structure can be called non-

hierarchical data sets. Examples of non-hierarchical data sets are: breast cancer data

set, seeds data set, User Knowledge Modelling data set (http://archive.ics.uci.

edu/ml/datasets.html) and others, which may contain either only numerical, only

categorical, both numerical and categorical data or others.

Non-hierarchical data sets have been explored in different fields, such as data min-

ing classifications for breast cancer data set [14], data mining regression for the breast

http://archive.ics.uci.edu/ml/datasets.html
http://archive.ics.uci.edu/ml/datasets.html
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cancer Wisconsin data set [13] and data mining clustering on the numerical User Knowl-

edge Modelling data set [60]. The latter data mining task, clustering, requires utilisation

of proximity measures to measure the similarity between data set objects, which can be

any of non-hierarchical measures as will be illustrated in Section 3.7 in the next chapter.

On the other hand, the type of structured data that is most interesting to study in this

work is the hierarchical data structure (described in the next section), which can also fit

into a database, but can be organised as a tree-like structure.

2.2 Hierarchical Data

Hierarchical data, as mentioned in the previous section, is data that can be organised

as a tree-like structure, for example, READ codes as in Figure 2.2. Thus, data sets

comprising such data are known as hierarchical data sets. The latter is defined as “a col-

lection of data records that are connected to each other through links where each data

record, in turn, consists of a collection of attributes or variables that each contains only

one data value” [113]. This collection of attributes or variables may contain hierarchical

attributes, as well as other types of data attributes. The fundamental characteristics of hi-

erarchical structures data are the compactness and dependence on the nature of the data.

The hierarchically structured data can also save space, time and simplify operations

such as search [106] since it can be based on the principle of recursive decomposition

[107] which is similar to the divide and conquer method [128]. Longitudinal databases,

patent database, spatial data, XML, and gene expression microarray data, are examples

of mixed and hierarchical data sets or data sets with some hierarchical attributes. Many

data mining techniques have been applied to hierarchical data sets, such as association

and sequential patterns with the THIN database [96] [97], supervised classification with

the gene expression microarray data [31] and unsupervised classification (clustering) of

XML data [69] [22] [73] [68].

Clustering hierarchical mixed databases is an immense challenge in the world of
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Figure 2.2: Example of a branch of the THIN READ code tree reproduced from [99,
p.200]

data mining and knowledge discovery. Thus, the clustering data mining task is de-

scribed, in the next section, in terms of the data mining process and knowledge dis-

covery, including a review on the clustering of two hierarchical databases, NBER US

Patent and THIN.

2.3 Data Mining and Knowledge Discovery

One of the Knowledge Discovery in Databases (KDD) process steps is data mining

which includes the application of data analysis and discovery algorithms to obtain

particular patterns or models over large databases [34]. Some researchers have syn-

onymised data mining and knowledge discovery, and others have identified it as the

main step in knowledge discovery. Data mining consists of some major tasks that are

applied to large-scale databases, for instance, data description, association, classifica-

tion, prediction and clustering [17]. Each of these tasks can be processed in the data-

mining step of the knowledge discovery process, as shown in Figure 2.3. In the next

subsections, the iterative steps of the knowledge discovery process are described for
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Figure 2.3: Data Mining and Knowledge Discovery Process [34]

when clustering data mining tasks are applied to big databases, such as the NBER US

Patent and THIN databases.

2.3.1 Data Pre-processing

Data integration, data cleaning, data transformation and data selection are examples of

data pre-processing [17]. The data pre-processing prior to the clustering data-mining

task consists of Feature selection or feature extraction. The process of feature selection

is to select an effective subset of original and important features for clustering, while the

process of feature extraction is to create useful and notable features from one or more

transformations of original features. Both techniques are important for the validation of

clustering applications and either or both are used to obtain the most crucial subset of

features for clustering [53] [129]. This step is important to avoid high computational

complexity and the occurrence of redundant and irrelevant features [15]. For the NBER

Patent and THIN databases, important features are selected as data pre-processing steps

for clustering in Chapter 5, Section 5.3 and Chapter 6, Section 6.2, respectively.

2.3.2 Clustering Data Mining Task

Clustering is the process of assigning a set of data points or objects into groups called

clusters, such that the data points or objects that belong to one cluster are more similar

than those belonging to other clusters. Thus, the goal of clustering is to determine
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essential groupings in an unlabelled data set [120] [53]. In data mining, clustering

and classification are two types of learning methods and both partition a data set into

subsets, but the difference between them is that the classification approach is based

on supervised learning and is provided with a collection of pre-classified patterns. In

contrast, the clustering approach is unsupervised and has no predefined classes, thus, it

learns about the data from the data itself [38].

Proximity measures are used in cluster analysis to measure the similarity or dis-

tances between patterns in clustering data [15]. Although the similarity and distances

measures are conceptually alternatives, there is a little difference in practice. For ex-

ample, the distance measure is a complement of the similarity measure. The choice of

similarity/distance measures depends on the representation of objects and the underly-

ing problem [16]. The most used are the Euclidean distance and correlation coefficients.

Proximity measures for both hierarchical and non-hierarchical data, as well as consider-

ations of how to combine them, are reviewed in detail in Section 2.4, and the measures

used in this study will be described in Chapter 3, in Sections 3.6 and 3.7.

Clustering is a powerful data mining technique and a useful tool for analysing

mixed large data. Thus, this thesis reviews use of the clustering data mining tech-

nique for two known hierarchical databases, namely the US NBER patent database [45]

and the UK THIN database (https://www.ucl.ac.uk/pcph/research-groups-themes/thin-

pub/database).

2.3.2.1 Clustering for the NBER U.S. Patent Database

The NBER U.S. patent data set is considered a very good source of data, containing

inventions and studies of technical changes. Recently, a number of research studies have

been undertaken using the patent data set surrounding the problem of matching data. For

example, identification of a co-authorship network of inventors from the data set has

been achieved using a disambiguation algorithm and applying a Bayesian supervised

learning approach [68]. The data were prepared in [68] by creating primary data sets

named, ASSIGNEE, INVENTOR, PATENT, and classification data from the NBER



Chapter 2. Literature Review 20

database and the US Patent and Trademark Office (USPTO), as well as used data from

secondary data sources. These small data sets are merged, parsed, cleaned and then

fed into the algorithm for the disambiguation process. This work uses almost the same

process of patent data preparation for clustering but applies it only to the US NBER

patent data set.

In [59], when clustering the patent data set it was considered as a text document and

a clustering algorithm used to solve the problem of high dimensionality since the data

set has the characteristics of a highly dimensional structure. Jun et al. [59] highlighted

that because of the sparseness and highly dimensionality of the patent data set, it is

difficult to cluster the document using traditional clustering approaches, like hierarchi-

cal and k-means clustering algorithms. Although traditional clustering approaches can

prove challenging, this study used an efficient hierarchical clustering algorithm named

BIRCH to cluster the mixed data types and represent the high dimensionality of the

patent data set.

The duplicate detection problem has been addressed in the U.S. patent data set

to overcome the company name matching problem [80] using string based-measures

mentioned in [7]; i.e. the Levenshtein edit distance measure [71] and an agglomerative

clustering algorithm like the Greedy Agglomerative Algorithm. The work concentrated

on the ASSIGNEE field, which contains the name of the company owning the patent.

The main goal of Medvedev and Ulanov’s work [80] was to group names relating to

the same company where more than two instances of the same company may have

misspelling or simply different spellings. To do that, the authors used an approach of

dividing the large data set into overlapping subsets similar to the approach used and

described in [79].

The clustering techniques have been used in the patent data set using different

similarity or distance measures as mentioned above. However, it is necessary to show

that hierarchical distance measures are infrequently used while clustering patent data.

Although the string based measures used by Medvedev and Ulanov [80] can be con-

sidered hierarchical, such as the Levenshtein edit distance measure, these measures are

also known to have the drawback of worse case time complexity, at O(n4) which is high.
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Thus, in order to cluster data sets with hierarchical attributes, hierarchical distance mea-

sures with low time complexity are better. For example, the pq-gram distance metric,

which has time complexity equal to O(n log n) and the Hamming distance metric is a

lower bound of Levenshtein edit distance measure. In this study, both metrics are ap-

plied and used with the mixed THIN data set to measure the similar distance between

the data set records.

2.3.2.2 Clustering for the THIN Database

The THIN database is a known UK medical database with hierarchical attributes, named

READ codes (see Figure 2.2), which refer to the medical events codes. Recently, a num-

ber of researchers [96] [97] have studied the THIN database using data mining tech-

niques, such as association and sequential patterns. The aim is to detect associations

between patient attributes (e.g. age, gender, medical history) and adverse events asso-

ciated with drugs. Another study using case-control studies [72] of THIN data, aimed

to detect the association between different diseases and between diseases and drugs, as

well as the validity of the database to support pharmacovigilance. In 2014, Reps et al.

[98] also presented a framework (computational meta-analysis) using semi-supervised

clustering, which was able to signal many known rare and serious side effects for differ-

ent drugs. No other data mining technique has since been applied to the THIN database,

such as the unsupervised clustering technique. However, in order to cluster THIN data,

clustering techniques require distance measures to represent similarities between data

objects, such as patients with similar medical data or reported side effects from taking

a specific drug. Furthermore, because the THIN database consists of mixed data types

including hierarchical attributes, suitable distance measures are required to represent

the similarities between the mixed data. Thus, hierarchical distance measures are the

measures investigated in reference to such mixed data.

In order to select or design an appropriate clustering strategy, the characteristics of

the problem outlined must be investigated first. Once this step is achieved, the outcome

of clustering can be hard or fuzzy. Hard clustering partitions the data into groups (each

data point belongs to only one cluster); while in fuzzy clustering, each pattern has a
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degree of belonging to each of the output clusters. This chapter describes hard clus-

tering. The main categories into which types of clustering are placed are hierarchical

and partitional clustering. In each category, many subtypes and variants are applied to

diverse types of clustering problems [53] [119].

In the following subsections, vital literature pertaining to both hierarchical and

partitional clustering is identified and analysed.

2.3.3 Partitional Clustering

The aim of partitional clustering is to partition a data set into non-overlapping subsets or

clusters such that each data object in the data set is in exactly one cluster or subset [119].

This clustering strategy obtains a singleton cluster (e.g. k-means clustering algorithm)

from the data in contrast with hierarchical clustering strategies [53]. Partitional methods

are advantageous in applications involving large data sets, for which the construction

of a dendrogram is not computationally possible. The first process of clustering using

partitional algorithms involves selecting a cluster centre, in which all the data objects

that lie within the distance threshold are included in the resultant cluster. However, the

problem with using a partitional algorithm is the choice of a number of desired output

clusters, which either may be decided in advance, or determined as part of a procedure.

Partitional techniques usually produce clusters by optimising a criterion function that is

either defined locally (on a subset of the patterns like the Euclidean square-error mea-

sure criterion) or globally (defined over all of the patterns). Combinatorial search of a

set of possible labelling to establish an optimum value of a criterion is clearly computa-

tionally prohibitive. In practice, therefore, the algorithm is typically run multiple times

from different starting states, and the best configuration is then obtained based on the

most frequent clustering (by majority vote) [62].

The squared error criterion is a criterion function commonly used in partitional

clustering techniques, which tends to work well with separated and compact clusters.

Consider a data set X = {x1, x2, ..., xn}, containing n patterns, which is to be clustered

into k groups. Let us call C = {c1, c2, ..., ck} the corresponding set of centres and k j the
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number of patterns in cluster j; also assuming that each pattern can only belong to one

cluster. The squared error e2 can be expressed as:

e2 =

n∑
j=1

k j∑
i=1

∥∥∥xi − c j

∥∥∥2
(2.1)

where xi is the i-th pattern in the j-th cluster, c j is the j-th cluster centre, and
∥∥∥xi − c j

∥∥∥
is the Euclidean distance between xi and c j [53] [62].

2.3.3.1 K-means Algorithm

The algorithms that belong to the partitional clustering category are also known as point-

assignment algorithms. The k-means method it the most commonly used and the ear-

liest algorithm established of this type, and it employs a squared error criterion [92].

The aim of the algorithm is to minimise the squared error criterion e2 in Equation ( 2.1).

Stated informally, the k-means procedure starts simply with a random initial partition

and keeps reassigning the patterns to clusters based on the similarity between the pattern

and the cluster centres until a convergence criterion is met (e.g., there is no reassign-

ment of any pattern from one cluster to another, or the squared error ceases to decrease

significantly after some number of iterations). The k-means term refers to the means of

the groups represented which are adjusted k times. The k-means clustering algorithm

procedure can be described as follows [53]:

1. Choose k points that represent k cluster centres rather than those in different clus-

ters.

2. Assign the points to their closest cluster centroids according to the similarity mea-

sure used.

3. Recalculate the positions of the k cluster centres based on current cluster mem-

berships using the formula:

c j =
1
k j

k j∑
j=1

xi (2.2)
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where j = 1,..., c and as for Equation ( 2.1), k j is the number of patterns in cluster

j, xi is the i-th pattern in the j-th cluster, and c is the total number of clusters.

4. Reassign each pattern to the closest cluster centre.

5. Go to (3) if the centroids no longer move (i.e. the convergence criterion not met).

The typical convergence criteria means no (or minimal) reassignment of patterns

to new cluster centres.

2.3.4 Hierarchical Clustering

To provide a general overview of hierarchical clustering, it is first defined as a pro-

cess that produces a nested series of partitions sequentially, based on some similarity

measures for merging or splitting clusters [53]. A tree-like nested structure termed a

dendrogram results from hierarchical clustering and represents the nested grouping of

patterns and the similarity levels between them all [129].

For general data to be analysed using a standard method, a proximity measure as

described in Section 2.4 is constructed for each pair of objects and consists of similarity

and distance measures. Based on its algorithmic structure and operation, hierarchical

clustering can be further divided into two approaches: agglomerative and divisive-

algorithms [53] [93].

• The first algorithm uses bottom-up clustering and works by starting with each

point in its own cluster, then larger clusters are agglomerated in each successive

iteration by combining two smaller clusters when they satisfy established simi-

larity criteria. The representations of the clusters, the decision as to which two

clusters can be merged, and the decision to stop combining clusters are decided

by the chosen agglomerative algorithm [92].

• The second algorithm is the divisive clustering approach, or top-down approach,

which works in the opposite direction. Initially, all the objects are merged into

a single cluster, after which they are gradually divided. In the cluster, the object
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with the greatest dissimilarity from other objects is then separated to form a splin-

ter group, and the remaining objects in the original cluster examined to ascertain

whether additional elements should be added to the splinter group [40]. The re-

sult of the first step will then be two clusters. Next, the largest distance between

observations in the same cluster referred to as the diameter of each cluster is com-

puted to see which one is greater. The steps above are repeated with the cluster

that has the greatest diameter until there are n singleton clusters.

2.3.5 Distance Measures for Hierarchical Clustering

Different methods can be used to define the distance for separate clusters for both the

hierarchical clustering approaches (agglomerative and divisive approaches); such as the

single linkage, complete linkage, average linkage and minimum-variant (Ward) algo-

rithms [53] [55] [127]. In single linkage clustering, the distance between two clusters

is taken as the minimum of all possible pairwise distances (nearest neighbour). This

method finds the two objects separated by the shortest distance and places them in the

first cluster. Then the next shortest distance is found, and either a third object then joins

the previously formed cluster, or a new two-object cluster is formed. This process con-

tinues until all objects are in one cluster. In contrast, the distance between two clusters

in complete linkage clustering is taken to be the maximum for all possible pairwise

distances (furthest neighbour). In average linkage clustering, the distance between two

clusters describes the average of the pairwise distances between two elements, one from

the first cluster and the other from the second. The minimum-variant algorithm is dis-

tinct from all other methods, because it uses an analysis of variance approach to evaluate

the distances between clusters. In short, this method attempts to minimise the sum of the

squares of any two (hypothetical) clusters that can be formed at each step. Other types

are centroid clustering, median clustering and Ward’s hierarchical clustering [127].
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2.3.6 Distinction Between the Partitional and Hierarchical Cluster-

ing Approaches

In both agglomerative and divisive clustering, the membership of an object or cluster is

fixed once the cluster that it belongs to has formed during the clustering process. This

means that once a cluster is formed, it cannot be split and it can only be combined with

other clusters [40]. However, partitioning methods such as the k-means clustering algo-

rithm can reconsider cluster assignments at every stage. This is an important distinction

between hierarchical and partitioning (non-hierarchical) clustering strategies. Another

important distinction is that, in hierarchical clustering procedures, the data is clustered

regardless of type, whilst partitioning clustering requires that data be summarised by a

set of representative entities, e.g. centroids in k-means clustering. For instance, there is

no natural centroid underlying categorical and hierarchical data, and so the data needs

to be modified while clustering. In contrast, hierarchical clustering requires a distance

measure only and is applicable to many data types including categorical and hierarchical

data. The hierarchical databases used in this thesis, such as NBER US Patent database

and the THIN database, include multiple data types like, numerical, categorical and hi-

erarchical. Thus, in order to cluster such data sets, hierarchical clustering algorithms

could be a suitable method for grouping the data using appropriate distance measures

that can measure the similarity between patterns of different data types.

Generally, partitional clustering is faster than hierarchical clustering [91] [53], but

the disadvantage of it is that it can often be difficult to know how many clusters there

should be, resulting in a considerable amount of repeated analysis. Another drawback

of conventional clustering is that it can be very sensitive to the choice of initial cluster

centres, so there is a need to try different approaches to assess their impact [95] [21].

However, the hierarchical clustering requires only a similarity measure and does not

need input parameters.
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2.3.6.1 The Hierarchical BIRCH Clustering Algorithm

BIRCH is a clustering algorithm that can be used to perform hierarchical clustering

over very large data sets. It also has the ability to cluster multi-dimensional metric data

points incrementally and dynamically [131] [53]. The advantage of this algorithm is that

it produces the best quality clustering for the given memory and time constraints [131].

In most cases, BIRCH only requires a single scan of a database. In addition, Zhang et

al. [131] claim that BIRCH is the “first clustering algorithm proposed in the database

area to handle noise (data points that are not part of the underlying pattern) effectively

comparing to other hierarchical clustering algorithms”. The core of the BIRCH cluster-

ing algorithm is the CF (Cluster Feature) tree. Each CF in the tree represents a compact

sub-cluster, which itself represents a cluster of records. The CF sustains a triple sum-

mary of the information about each cluster as a vector of three variables:

Definition 2.1. Cluster Feature: ”Given N d-dimensional data points in a cluster:
−→
Xi,

where i = 1, 2, . . . ,N, the clustering feature (CF) vector of the cluster is defined as a

triple: CF = (N,
−−→
LS , S S ), where N is the number of the data points in the cluster,

−−→
LS is

the linear sum of the N data points, i.e.
∑N

i=1
−→
Xi, and S S is the sum of squares of the N

data points, i.e.
∑N

i=1
−→
Xi

2” [131, p.3].

The CF tree, as shown in Figure 2.4, is constructed dynamically as new data ob-

jects are inserted. In the figure, B is called the branching factor which represents the

maximum number of entries that a non-leaf node has and L represents the maximum

number of CF entries that a leaf node has (leaf node capacity), each of which satisfy

a threshold T ∈ [0 − 1], where the threshold determines the size of the clusters in the

CF tree. Each CF in the figure consists of a number of data records instead of having

a single data record. The CF tree is used to guide every new insertion into the correct

sub-cluster for clustering purposes. The insertion of the data entry into the CF tree

proceeds by identifying an appropriate leaf node starting from the root. Then the entry

descends the CF tree choosing the closest child node according to the distance metric

being used. The advantage of the BIRCH algorithm is that it scales linearly to larger
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sizes of databases, which produce good clusters with a single scan and improves the

quality of the clusters with additional scans. The second advantage is the computational

complexity O(n), where n is the number of objects.

The drawbacks of the algorithm are that it can handle and work with numerical

data only, and it is sensitive to the order of the data records [90], with the result that

the algorithm does not provide highly accurate clustering [6]. This work addresses the

drawback of handling only numerical data by enabling the algorithm to handle different

data type attributes (including the numerical attribute) to produce reasonable clusters

when clustering large databases.

BIRCH has been used to solve two real-life problems: one is building an iterative

and interactive pixel classification tool [66] [67], and the other is generating an initial

codebook for image compression [132].

Figure 2.4: The Structure of CF Tree taken from [131]
.

2.4 Proximity Measures

The proximity between data objects can be measured according to distance or similar-

ity, where the difference between them must be considered, especially during compu-

tations [15]. However, here it is important to outline the fundamental properties of the

proximity measures. These measures can be divided into two groups: the metric and
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non-metric, or simply called a measure [15]. For both types of measures, and for any

given pair of points x, y ∈ X, where X is a set that has the concept of distance d(x, y)

between the pair of points, the following must be true [92] [85] [64] [15]

1. d(x, y) ≥ 0 ∀ x, y ∈ X. (Non-negativity).

2. d(x, y) = 0 ⇐⇒ x = y (Identity).

3. d(x, y) = d(y, x) ∀ x, y ∈ X. (Symmetry).

Distances and similarities are metric in the mathematical sense, only if triangular in-

equality holds. This implies that a metric d on a set X is a function of d: X × X → R

such that for all x, y and z ∈ X:

d(x, y) ≤ d(x, z) + d(z, y) (2.3)

The proximity measure is the main requirement for several data mining and knowl-

edge discovery tasks, such as clustering. For data mining clustering, the basic problem

is the choice of proximity measures when summarising the similarity or dissimilarity

of patterns. Therefore, a measure of the similarity between two patterns drawn from

the same feature space is essential to most clustering procedures. It is necessary for

similarity measures to be chosen carefully, because of the variety of feature types and

scales involved [15] [43].

In cluster analysis, the data used can be either numerical, categorical or hierarchi-

cal. However, it will be more sophisticated when it comprises a mixture of different

types of variables. This is because in cluster analysis there needs to be some way of

measuring the distance between observations, and the type of measure used depends on

the type of data. In this thesis, the distance measures are divided into two new groups,

distance measures for hierarchical data and distance measures for non-hierarchical data,

which are reviewed in the following subsections.
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2.4.1 Distance Measures Used for Hierarchical Data

The database system should consider the structure and the content features of the data

objects when searching for similar objects. The key feature of applications utilised

with mixed databases, for example, to classify new objects or to cluster database ob-

jects, is the need to use an efficient search to locate similar objects in the databases.

As mentioned in Section 2.2, hierarchical data is the data type that can be organised

as a tree-like structure, such as the READ codes in the longitudinal healthcare (THIN)

database. Many different distance measures or metrics have been proposed in the lit-

erature to measure the similarity between hierarchical (tree structure) data types [61]

[56] [110]. These measures have been applied, for example, to XML documents [82],

web site analysis [125] and shape recognition [109]. The general issue affecting the

measures proposed for hierarchical structure data is computational complexity, which

renders the measures unsuitable for large databases [61].

2.4.1.1 Background on Edit Distance Metric

An editing algorithm named tree-to-tree editing for ordered labelled trees was proposed

by Selkow et al. in 1977 [110], and was the first step towards the edit distance metric

tree similarity which is used for string matching. The latter distance metric, as described

in Section 3.7.1, is the most common and well-studied metric, so far proposed for the

comparison of two trees. It is defined as the minimum cost sequence of edit opera-

tions (insertion, deletion and rename) that transforms one tree into another, as shown

in Figure 2.5. The edit distance metric was first introduced by Tai in 1979 [118], as a

generalisation of the well-known string edit distance problem [124], to determine the

distance between two ordered labelled trees, T1 and T2. This assumes the sizes of the

two trees are n and m, such that n ≥ m and nleaves and mleaves representing the number of

leaves in each tree. Also, nheight and mheight denote the corresponding height of each tree,

which can be as large as n and m, respectively. The time complexity for Tai’s algorithm

requires O(n × m × (nleaves)2 × (mleaves)2) time and space. This time complexity corre-

sponds to the worst-case complexity O(n3m3) = O(n6). This edit distance metric was
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applied to do automatic error correction for the programming languages as well as to

determine the largest common subtrees between two trees. A dynamic algorithm then

was proposed in 1989 by Zhang and Shasha [130] to improve the time of the Tai’s al-

gorithm. The algorithm as stated by the authors is much simpler and easy to understand

comparing to the previously proposed algorithms and can be computed also for the same

two ordered labelled trees T1 and T2 inO(n×m×min(nheight, nleaves)×min(mheight,mleaves))

time and the worst case complexity required O(n2m2) = O(n4). It was also used to find

the distance between ordered labelled trees and it is efficiently parallelisable and can be

generalised to approximate tree matching problems.

Figure 2.5: An example of the Edit Distance Operations

Later in [63] and [18], the edit distance metric was further improved and developed,

by producing an O(m2n log n) = O(n3 log n) worst case complexity time algorithm and

demonstrating that it is optimal under a reasonably wide class of algorithms. Better run-

time complexities were found by Demaine in 2007 [25] with the worst case complexity

time O(nm2(1 + log n
m ) = O(n3) for the same ordered labelled tree T1 and T2 determined

above. Another edit distance with low complexity named as the bottom-up distance is

proposed by Valiente in 2001 [122], where the computation can be achieved in O(n)

time, i.e. it can be computed in a time linear to the size of the trees on rooted labelled

ordered trees of unbounded degree. The bottom-up distance seeks to find the largest

possible common sub-trees from each of two trees, taking the leaf nodes as starting

nodes. In 2005, a distance measure named q-gram, which is a sub-tree with q nodes, was

proposed for ordered unlabelled trees [84]. A tree consists of (q - 1) different q-gram

shapes and represented by a q-gram vector with (q – 1) dimensions. Each dimension

counts the q-grams of a specific shape. The q-gram distance between two trees can be
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calculated using the L1 norm distance (Taxicab norm or Manhattan distance) between

the q-gram vectors and it has a linear time algorithm to compute the q-grams.

2.4.1.2 Background on pq-gram Metric

As mentioned in the previous section, the principal limitation of the edit distance metric

relates to the computational complexity, with worse case O(n2) time, as well as the data

objects with exact matches that represent the same real-world objects often failing due

to a lack of common keys. As a result, a new metric was presented by Augsten et al.

in 2010 [5], known as the pq-gram distance metric, to be used to approximately match

hierarchical data for large sources. It also defines between ordered labelled trees as an

effective and efficient approximation of the fanout weighted tree edit distance. The pq-

gram metric time complexity is computed in O(n log n) and O(n) space. The pq-grams

for a tree are all its sub-trees that have a specific shape; such that if two trees have

many pq-grams in common, they are considered similar. The shape of the pq-grams is

specified by two parameters, p and q, and by adjusting them a new distance measure

will allow control of the relevance of the tree structure.

Arguably, the empirical results of [5] showed that the pq-grams are a good approxi-

mation of the tree edit distance. Then, it has been extended with real world experiments

on XML data and proven that the pq-gram distance provides a lower bound for the

fanout weighted tree edit distance. Moreover, the normalisation used by Augsten et

al. in 2005 [3] was not a metric from the outset, in particular, it does not satisfy the

triangle inequality. Later, the authors provided the normalisation to satisfy the triangle

inequality in 2010 [5]. In 2012, Augsten et al. [2] proposed the Windowed pq-grams to

approximate the tree edit distance between unordered trees, where the sibling order is

not relevant, while in 2010 they assumed ordered trees, where sibling order matters. The

pq-grams have been extended for consideration in addition to the structural similarity

between trees and the string similarity between leaf nodes [102].
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2.4.1.3 Rules for Hierarchical Similarity Measures

The design of hierarchical measures is based on the requirements of the underlying

problem domain. They may work well for one type of domain and may not work well

in another. In [77], six hierarchical measures were used by Mahmood et al. in 2008 to

exploit the hierarchical structure of the Network Traffic database called Echidna, and

were tested based on some of the rules desired for hierarchical similarity measures.

The first three measures are: Generalised Cosine Similarity Measure (GCSM), Opti-

mistic Genealogy Measure (OGM) and Similarity-Based Cosine Metric (SS), which are

mentioned in detail in [37] and [58], respectively. The author went through them and

discovered they are not suitable based on the following rules established. The rules are:

• Rule 1: The similarity measure should be symmetric. For example, for any two

nodes I and J, S (I, J) = S (J, I).

• Rule 2: The similarity between a node X and its ancestor Y should be greater than

the similarity between X and a sibling Z of Y .

• Rule 3: The similarity between a node and its parent should be less than the

similarity of a node to itself.

• Rule 4: Siblings at lower levels should be more similar to each other than siblings

at higher levels.

• Rule 5: Any two non-sibling nodes at the same level should be at least as similar

as one of the nodes and the other node’s parent.

Since these rules are important when inventing new hierarchical measures, Mah-

mmod et al. proposed three new measures: Hierarchical Similarity Measure1 (HSM1),

Hierarchical Similarity Measure2 (HSM2) and Hierarchical Similarity Measure3 (HSM3)

based on them. He then tested these measures and found that HSM1 is the only mea-

sure that satisfies the properties of a hierarchical similarity measure, and is the best for

exploiting the hierarchical structure of hierarchical data sets.
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Based on these rules, and using an example from the Patent data set, as will be

illustrated in Chapter 5, Section 5.2, these measures have all been tested. S HS M1, and by

chance, S HS M2, are the two similarity measures among the other measures that follow

all the rules. In this study, only S HS M1 will be used, in combination with other measures

used for numerical and categorical attributes, to measure the similarity between the data

records in the Patent data set.

2.4.2 Distance Measures Used for Non-Hierarchical Data

Examples of non-hierarchical data types are numerical, categorical, nominal and others.

Many distance measures in the literature have been proposed for use with clustering al-

gorithms for non-hierarchical data types. Most of these distance measures are metric

functions, and the most common metrics used in cluster analysis include Euclidean,

Manhattan [41], Minkowski [23] and hamming distance metrics [48] [86]. The first

three metrics are also geometric measures and are generally used in partitional algo-

rithms. The distance measure Minkowski is a general metric that measures the distance

between two multivariate points in continuous data sets. The two most widely used dis-

tance measures for continuous data are Manhattan (Minkowski Distance of order 1) and

Euclidean (Minkowski Distance of order 2). The key observation regarding the above

measures is that they are independent of the underlying data set to which the two points

belong [12]. They are easy to test and implement, and are easily generalised to higher

dimensions. The drawbacks of the metrics are that they do not work well for image data

and document classification, and the results from the Euclidean metric are influenced

greatly by those variables with the largest value [86].

In [114], the geometric measures were used with the k-means clustering algorithm

on dummy data to find similar objects and compare the performance of the algorithm

with the basic k-means algorithm, which was implemented via the Euclidean distance

metric for two-dimensional data. The comparison showed the distortion in k-means

using the Manhattan distance metric was less than that of k-means using Euclidean dis-

tance metric. Another comparison was made between the geometric metrics and actual

measures, to estimate the distance in spatial analytical models (to estimate distances
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from patient residence to hospital)[111]. The results give more accurate measurements

for actual distances (road distance and travel time measurements) than geometric met-

rics. A new distance measure [49] for categorical attributes, based on total mismatches

of the categorical attributes of two data records, is proposed for the k-modes algorithm.

In the literature, two distance measures have been used for mixed data types (numer-

ical and categorical attributes), the weighted sum of Euclidean distance for numerical

data with the k-prototypes algorithm, and the proposed distance measure for categorical

attributes. In reference to the weighted sum of Euclidean distance, Huang et al. [49]

claimed that choosing improper weights might result in biased treatment of different

attribute types, thus the weights need to be determined in advance.

Vijay et al. in [123] used the concept of hamming distance for categorical data.

The data was transformed into its binary representation during the processing step. They

then used proposed algorithm to group data points into clusters. To analyse the perfor-

mance of their work, the authors experimented with data sets from the UCI machine-

learning repository and demonstrated promising results using their proposed algorithm.

Recently, a comparison has been made for [47] between metrics for hierarchical

data like Edit distance and pq-gram distance and metrics for non-hierarchical data like

geometric and hamming distances metrics. The comparison was to find, particularly for

the pq-gram distance metric, the similarities in patients’ data (in the THIN database),

for patients who have the same close distances as well as suitable metrics for clustering

the entire patient population using the k-means clustering algorithm. The results showed

the two groups of metrics performed differently, as they represented different data struc-

tures. For the first group of metrics, a tree-like structure is used . For the second group

of metrics, the data is converted into a frequency table or matrix. Nevertheless, all

the metrics could represent some similarities in patient data, as well as discriminating

sufficiently well when clustering the patient population using the k-means clustering

algorithm.
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2.4.3 The Technical Details of Combining Distance Measures

Since the efficiency of the distance/similarity measures depends on the size of the data

[28], as well as each of them having its own drawback, it is worth searching for an alter-

native way to show the best performing similarity measures while applying clustering

data mining techniques to mixed data sets. Furthermore, a specific technique may be

good when used for some measures and poor for others. Thus, using a combination of

distance measures to weight performance is provided in many fields, such as time series

classification [29], content-based image retrieval [1], Protein Fold Classification [117],

the clustering of fiber tracts in Diffusion Tensor Imaging (DTI) [104], and biological

networks and gene expression data [46].

In [77], a Combined Distance Function (CDF) was proposed for mixed types of

attributes, including numerical with real values, categorical with unranked nominal val-

ues and hierarchical attributes for a one-pass hierarchical clustering algorithm. The key

issue raised by Mahmood et al.’s work is how to represent a distance function such that

it can incorporate hierarchical attributes to help find meaningful clusters, while cluster-

ing multidimensional network traffic data using the BIRCH clustering algorithm [131]

(the BIRCH clustering algorithm was described in the previous chapter, Section 2.3.6.1)

The CDF as in Equation 2.15 is represented for comparisons between records with

three types of attributes, e.g. numerical, categorical, and hierarchical. In this section, the

following equations ( 2.4) to (2.10) have been reproduced from [77] for the numerical

and categorical attributes. The notation in the equations has been changed to follow the

notation employed in this thesis, the cluster C becomes Cl, the N data points becomes

K, a data point in a cluster x [i] becomes s [i] and the centroid c̄ becomes cen. For the

hierarchical attributes, this work uses a different calculation, since it is different from

the hierarchical attribute used in [77]. Thus, to do the calculation for each attribute, the

following notation for records and clusters are defined.

R represents the real number field , the set of Integers is represented by Z and Rd is

the d-dimensional vector space on R. Cl represents a cluster with K points or records,

that is, Cl = (X j : j = 1, ...,K), where X is a d-dimensional vector representing a point
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in the cluster, X = (s [i] : i = 1, ..., d). For example, if the data points are described by

continuous attributes, then X ∈ Rd, s [i] ∈ R.

• To represent the numerical attribute, a scalar s [i] ∈ R is used. For a numerical

attribute i in a cluster of K points, the centroid cenn [i] of it is given by:

cenn [i] =
1
K

K∑
j=1

s j [i] (2.4)

Also for a numerical attribute i, the distance disn between the centroids of two

clusters Cl1, Cl2 is calculated using the Euclidean distance metric as follows

disi
n (Cl1,Cl2) =

∥∥∥cenn1 [i] − cenn2 [i]
∥∥∥ =

[(
cenn1 [i] − cenn2 [i]

)2
] 1

2 (2.5)

• For the categorical attributes, a vector is given as s [i] ∈ Zc, where c is the number

of possible values that a categorical attribute i can take. For a d-dimensional

vector X of categorical attributes, the i-th attribute s [i] is represented as s [i] =

(x1, x2 · · · xc), where xk ∈ (0, 1). In a record, each categorical attribute can only

take one value at a time. If xk = 1, then x j = 0 ∀ j , k so that the sum of xk of a

single record is always one, that is,

c∑
j=1

xk = 1, xk ∈ s [i] (2.6)

To represent the centroid cenc [i] of a categorical attribute i in a cluster Cl having

K points, a histogram of the frequencies of the attribute values is used:

cenc [i] =
1
K

K∑
j=1

s j [i] =

( I1

K
,

I2

K
, · · · ,

Ic

K

)
(2.7)

Where

Ik =

K∑
j=1

xk, j, s j [i] =
(
x1, j, x2, j, · · · , xc, j

)
(2.8)

and
c∑

j=1

Ik = K (2.9)
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The distance between clusters Cl1, Cl2 for the single categorical attribute i is given

by

disi
c (Cl1,Cl2) =

∥∥∥cenc1 − cenc2

∥∥∥ =
1
K

 c∑
k=1

(
Ik,1 − Ik,2

)2


1
2

(2.10)

For example, by considering an attribute x [i] that represents Fruits, which has

values Banana, Apple, Orange. A value x [i] ∈ (1, 0, 0) represents the fruit Ba-

nana. In addition, if considering a cluster C1 contains five records described by

the Fruit attribute and there are three instances of Banana, two instances of Apple,

and zero instances of Orange, then cc [i] = (0.6, 0.4, 0)

• In the case of hierarchical attributes of the network traffic data from [77], equa-

tions ( 2.13) to ( 2.15) also have been reproduced with some changes to notations

to follow the notations employed in this thesis. The calculation of the hierarchi-

cal distance function dish depended on two main definitions, namely, Prefix of an

IP address and CommonPrefix. The generalisation hierarchy has been formed by

the set of all prefixes on the domain of 32-bit IP addresses, where a prefix IP=p

corresponds to a node at level p in the generalization hierarchy.

Definition 2.2. Prefix of an IP address. ”Given a 32-bit IP address, the p-bit

binary prefix of an address IP is defined as the p most significant bits of the

address IP and written as IP=p, where 0 ≤ p ≤ 32. Note that a prefix IP=p

corresponds to a set of 232−p different IP addresses. For example, 203.190.32.0/24

has the prefix p = 24, and it represents a group of 28 different IP addresses, all

having the first 24 bits in common” [77, p.758].

Definition 2.3. CommonPrefix and AggregateIP. ”The CommonPrefix(IP1; IP2)

is the longest prefix p such that IP1/p = IP2/p. The CommonPrefix is equivalent

to

|path (root, n1) ∩ path (root, n2)| (2.11)

AggregateIP. The definition of the AggregateIP(IP1, IP2) of two IP addresses

IP1 and IP2 as IP = p, such that p = CommonPrefix(IP1, IP2), and the

least significant 32-p bits of IP are set to zero. Note that it is trivial to
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extend this definition to a set of IP addresses. For example, AggregateIP

(203.190.32.127; 203.190.32.128) = 203.190.32.0/24” [77, p.758].

Based on these definitions, the hierarchical distance measure can be derived as

a complement of the hierarchical similarity measure as the following example

reproduced from [77, p.758]:

”DHS M1 (n1, n2) = 1 − S HS M1 (n1, n2)

= (L − |path (root, n1) ∩ path (root, n2)|) /L” (2.12)

The centroid cenh of the hierarchical attribute i in a cluster Cl that corresponds to

an IP address is represented by an IP prefix IP/p, which is the aggregate of the IP

addresses in that cluster. The hierarchical distance dish between two clusters Cl1

and Cl2 with centroids IP1 = p1 and IP2=p2 is

disi
h (Cl1,Cl2) =


(32 − p) /24 p > 8

1 p ≤ 8
(2.13)

where p = CommonPre f ix (IP1 = p1, IP2 = p2).

By using the distance functions disn, disc, and dish, the combination of these for

comparisons between records having all three attribute types is simple. Thus, the dis-

tance functions Disi (x, y) for the numerical, categorical, hierarchical attributes is as

follows, based on type of attribute, i:

Disi (Cl1,Cl2) =


disi

n (Cl1,Cl2) , i ∈ numerical attribute,

disi
c (Cl1,Cl2) , i ∈ categorical attribute,

disi
h (Cl1,Cl2) , i ∈ hierarchical attribute.

(2.14)

The CDF will be as follows:

Dis (Cl1,Cl2) =

 d∑
i=1

Disi (Cl1,Cl2)


1
2

(2.15)
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Generally, to find the distance functions for both numerical and categorical at-

tributes, it is possible to use the Equations 2.5 and 2.10, respectively. However, finding

the distance function for hierarchical attributes will depend on how the centroid of the

hierarchical attribute will be calculated.

In this thesis and in the case of hierarchical attributes, the distance measure can be

derived as a complement of the hierarchical similarity measure, like in Equation 2.12,

and the centroid for each cluster is represented by the Least Common Ancestor (LCA)

of the generalisation hierarchy in each cluster. The Least Common Ancestor between

any two nodes in a tree T is defined as the node of greatest depth that is an ancestor of

those nodes in T . For example, if the root of a tree is A and its children are B, C and D,

the children of B are E and F, then the LCA(B, C) is A and LCA(B, F) is B.

2.4.3.1 Adding Weights to the CDF

Using different similarity measures for a data set might not reveal which similarity

measure is best suited for the chosen data set. For this reason, some authors [117]

[29] [1] have proposed combined distance functions that consist of distance functions

{Dis1,Dis2, ...,Disn} similar to that in Equation 2.15 in the previous section, where n is

the number of distance functions, by assigning them as weights {w1,w2, ...,wn} to make

the combined distance measure applicable to their data sets. For example, using the

combined distance function in Equation 2.15 with weights will appear as follows:

Dis (Cl1,Cl2) =

 d∑
i=1

Disi (Cl1,Cl2) × wi


1
2

(2.16)

The reason for assigning weights to combined distance measures is to test the perfor-

mance of the measures, and the impact of one measure among others when measuring

the distances between data objects. It can also be done to replace measures that have a

weak impact with new measures; for example, replacing an existing hierarchical mea-

sure with a new hierarchical measure.
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2.5 Summary and Conclusions

This chapter has provided a general overview of both the clustering techniques used

within the literature, and the distance measures used for clustering large mixed data

sets. The purpose of clustering is to group objects so that those within the same cluster

have the greatest similarity, while those belonging to different clusters have high dis-

similarity. Furthermore, the clustering process used for large data sets that consist of

mixed data types, and different distance measures used and defined in literature were

also discussed. As one of the principal objectives of this study is to emphasise the im-

portance of clustering large mixed data sets that include hierarchical attributes, general

consideration was given to both kinds of clustering techniques (partitional and hierarchi-

cal), and particular consideration given to the different hierarchical distance measures

previously developed for representing similarity between hierarchical data objects. To

achieve a clearer overview of the measures used when clustering large mixed data sets,

a general description of proximity measures was reviewed for both hierarchical and

non-hierarchical data, in order to distinguish between them.

Different data sets have also been used herein; two data sets that have mixed data

types, including the NBER US Patent data set and the UK THIN database with hier-

archical attributes. This chapter presented a brief literature review of these data sets

and the data mining fields they were used in (see Section 2.1 and 2.2). The technical

details of these data sets and two non-hierarchical data sets will be presented in the

next chapter. In order to determine if the distance metrics sufficiently discriminate the

data sets while clustering, a partitional clustering algorithm and a hierarchical clustering

algorithm have been used.

To conclude, a number of aspects remain open for further investigation. Firstly, it

appears that a comprehensive and systematic comparison of distance metrics for hier-

archical data has not been carried out yet. This gap in the knowledge can be filled by

determining which of the metrics is useful for a hierarchical data set and by compar-

ing different distance metrics for hierarchical and non-hierarchical data. Moreover, this

comparison will resolve the first and second research questions in this study.
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Secondly, it is also clear from the published literature that the hierarchical patent

data set has been clustered using different clustering techniques, while finding the simi-

lar distances between data records using hierarchical distance measures has not yet been

exploited widely. Thus, using hierarchical distance measures while clustering the Patent

data set is one of the goals of this study.

Finally, different data mining techniques have been used on the medical THIN

database, as presented in the literature; although, the clustering data mining technique

has not yet been explored for this type of mixed data set. Thus, clustering this data is

another objective of this study, because both the Patent data set and THIN data consist

of mixed data types, and different distance measures will be used for measuring the

similar distances between their data objects. For clustering inputs with mixed data

types, it is challenging to measure distances using a single measure. Therefore, some

authors [29], [1], [117], [104] and [46] have combined distance measures by assigning

distance functions with some weights to create a combined distance measure to suit their

data set. Using the pq-gram distance metric for hierarchical attributes, in combination

with distance metrics available for measuring other different data types has not yet been

explored which leaves scope for further investigation.

In the next chapter, an overview of the data sets, and background information rel-

evant to this thesis as well as a description of how the data has been collected will be

given. It will also describe, the methods used in this thesis when applying distance met-

rics for both hierarchical and non-hierarchical data, as well as the clustering validation

techniques used.
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Methodology

This chapter introduces the research methodology used for this study and explains how

it guided the data preparation, analysis and development of theory. Firstly, essential

background and fundamental guidelines common to different data sets are provided.

The first four sections describe the data preparation of four different data sets. This

chapter also includes technical details about the distance measures used for both the

hierarchical and non-hierarchical data sets, as well as the validation techniques for clus-

tering, which include internal and external validation indices.

3.1 Background on Lenses Data Set

The original Lenses data set has three classes, numbered 1, 2 and 3 (http://archive.

ics.uci.edu/ml/datasets/Lenses). The first class refers patients who should be

fitted with hard contact lenses, the second class refers to patients who should be fitted

with soft contact lenses, and the last class to patients that do not require contact lenses.

The data has 24 instances and four attributes. The first attribute is the age of the patient,

which is described by one of three data values: (1) young, (2) prepresbyopic, and (3)

presbyopic. The second attribute is the spectacle prescription: (1) myope, (2) hyper-

metrope, the third attribute refers to if the patient has astigmatic: (1) no, (2) yes. The

final attribute is tear production rate, which is classified as: (1) reduced, or (2) normal.

43
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Four of the patients are classified as suitable for fitting with hard contact lenses, and five

patients are classified as needing to be fitted with soft contact lenses, and the remaining

15 patients are classified as not to be fitted with contact lenses.

3.2 Background to the Iris Data Set

The Iris flower data set [35] is a non-hierarchical data set (see Chapter 2, Section 2.1).

It comprises multivariate data, consisting of 150 data observations and four variables.

The 150 data rows represent 150 samples of the Iris flower from three species (classes),

named iris setosa, iris virginica and iris versicolor. Each species class contains 50 sam-

ples, and four features from each sample were measured; i.e. the length and width of the

sepals and petals in centimetres. Based on Fisher’s linear discriminant model [35], this

data set has become a typical test case for many classification techniques in machine

learning, such as the support vector machine [121]. The use of this data set in a clus-

ter analysis, however, is uncommon, since the data set only contains two clusters with

rather obvious separation. One of the clusters contains Iris setosa, while the other clus-

ter contains both Iris virginica and Iris versicolor, and is inseparable from the species

information used by Fisher [35] [78]. In this work, the data set is used as a validation

data, i.e. to determine if the clustering process using the BIRCH algorithm produces

the same original Iris classes of data.

3.3 Background to the NBER US Patent Data Set

The NBER U.S. Patent data set [45] consists of detailed information about approx-

imately 3 million patents awarded between 1963 and 1999. The citations for these

patents number over 16 million and were added between 1975 and 1999. In addition,

other details are included, such as data about inventors, assignees, grants, dates, etc.

Patent data sets are considered an excellent source of information for studies into inno-

vation and technical change.
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The criteria when patenting an invention, according to USPTO (United State Patent

and Trademark Office), are novelty, and non-triviality, and the patented object must have

commercial application, although not all inventors meet these criteria. Another limita-

tion is that patent files were not originally entirely computerised because of the very

large size of the data. However, fast progress in computer technology has removed

virtually all these difficulties, such that now the entire set of data resides in personal

computers, and can be analysed with the assistance of standard personal computer soft-

ware.

The main data set extends from January 1963 through to December 1999 (37

years), and includes all utility patents granted during that period, totalling 2,923,922

patents; this refers to the patent file. The file includes two main sets of variables, the

original variables from the Patent Office and the constructed variables created from

them. The citations file includes all the citations made by patents granted in 1975-1999,

totalling 16,522,438 citations. In addition, the data includes details on inventors, as-

signees, etc. The patent data itself was procured from the Patent Office, except for the

citations from patents granted in 1999, which came from the MicroPatent. The patent

file occupies less than 500 MB, and the citation file is about 260 MB. This inventor file

contains the full names and addresses of each of the multiple inventors listed in each

patent (most patents have multiple inventors, the average being over 2 per patent). Both

the names of the inventors and their geographical locations offer a wealth of research

data that has yet to be exploited fully. Further details can be found in [45].

3.3.1 Patent Data Pre-processing

For this thesis, the NBER US Patent data set was downloaded from the NBER website

http://www.nber.org/patents in compressed (.zip) format: ASCII comma sepa-

rated variable (.csv) file. The data files were then loaded from the source to the Mi-

crosoft SQL server 2008 R2, then each file was cleaned by removing all the records

with missing values, to generate one complete table per data set. The tables for the

data sets used are: Patent, Inventor and Assignee (see Figures A.10, A.11 and A.12 in

Appendix A). These small data sets were consolidated and then fed into the algorithm

http://www.nber.org/patents
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Figure 3.1: A screen shot of the created Patent data table

used for hierarchical clustering (BIRCH clustering algorithm), by creating one table

(374,230 data records) containing all the information. Figure 3.1 is an example of a

patent data table created in this way.

3.4 Background to the Medical THIN Database.

The THIN database is an example of an electronic health-care longitudinal database.

It contains electronic medical records for over 3.5 million patients and 11.5 million

patients in total, extracted directly from over 500 General Practices (GPs) throughout

the United Kingdom [42]. The number of GPs included within the database is constantly

expanding, which results in concurrent expansion of the database over time. These types

of databases contain temporal medical data about patients, which accrue over many

years [74]. The database contains information about each patient registered within each

general practice, including their personal details, such as gender, date of birth, date of

registration, and family connections. In addition, the data on all drugs prescribed and

the associated sets of symptoms based on the drug prescribed are also included. Blak

et al. [9] found that the THIN database offers a suitable representation of the UK, and
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that because of the validation procedures applied to the database, it is unusual to find

duplicated or missing data.

The structure of the THIN database is detailed in Figure 3.2 [32], which includes

all the related tables. The THIN database structure contains raw files, and is simple

and flexible. The data is organised first by practice, then by patient ID, and then by

dates, to ensure all the information and records pertaining to a single patient are kept

together. All the practice data is partitioned into four standard ASCII fixed width text

files and three linked files. The four partitions in the file are patient, medical, therapy

and additional health data (AHD) (which includes information on preventive health-

care, tests and immunisations). The three linked files are postcode variable indicators

(PVI), consultants, and staff [32]. The first three partitions are the main tables, shown

in the Figures A.13, A.14 and A.15 in Appendix A, and each patient within the THIN

database is represented by a unique patient id, named the combid. The patient table

contains the attributes of each patient, e.g. year of birth, smoking habits, registration

date and date of death if they have died. The medical table stores the patients’ temporal

medical events data. The therapy table contains records regarding drug prescriptions,

each of which contain the combid, referring to the patient being prescribed the drug, a

drugcode corresponding to the drug being prescribed, and the date of the prescription.

The drugcode is introduced due to database normalisation and has no clear structure.

However, each drugcode is linked to three British National Formulary (BNF) codes,

corresponding to the main chemical components of the drug [99].

In the medical table, the most important attribute is medical events, which are

represented by codes, named READ codes. The READ codes arise from database nor-

malisation [99], and the advantage of using READ codes rather than string descriptions

to represent a medical event is that they have a hierarchical structure, which is useful

when applying a data analysis. All Read Codes consist of up to seven characters, which

may be either a digit 0-9, or a character A-Z, a-z excluding upper and lower case I,

V, W and X. The code is hierarchical, from left to right. The medical events become

more specific as the level increases, an example of the THIN READ codes is given in

Figure 2.2 [99]. The drawbacks of the READ codes are they have redundancies and a
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Figure 3.2: THIN Database Structure

single medical event might have multiple corresponding READ codes found in widely

disparate branches of the READ code tree. There are also problems with READ code

usage inconsistencies by medical staff. For example, some staff may frequently enter

high-level specific READ codes, while others may have a tendency to enter low-level

less specific READ codes.

3.5 The Hierarchical BIRCH Clustering Algorithm

Data clustering has been studied in many areas including machine learning, statistics

and databases communities, and involves using different methods. The approaches used

in areas like the probability-based and distance-based approaches result in difficulties

when dealing with large data sets that must fit the main memory; i.e. the main memory

is typically much smaller than the size of the data set required to perform clustering

accurately, while keeping the cost of the input/output low.
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The BIRCH clustering algorithm [131] was introduced to tackle the above prob-

lems by making the time and memory constrains explicit, so that they would be appro-

priate to large data sets. It also introduces some additional advantages, as mentioned

in Chapter 2, Section 2.3.6.1. To understand how the algorithm works, the definition

and use of the centroid, radius and diameter are described for a cluster based on the

terminology of vector space as follows: Given N d-dimensional data points in a cluster:
−→
Xi, where i = 1, 2, . . . ,N, the centroid

−→
X0, radius R and diameter D of the cluster are

defined as:

−→
X0 =

∑N
i=1
−→
Xi

N
(3.1)

R =


∑N

i=1

(
−→
Xi −
−→
X0

)2

N


1
2

(3.2)

D =


∑N

i=1
∑N

j=1

(
−→
Xi −
−→
X0

)2

N (N − 1)


1
2

(3.3)

R is the average distance from the member points to the centroid and D is the

average pairwise distance within a cluster. These are two alternative measures of the

tightness of the cluster around the centroid. Furthermore, Zhang et al. in [132] and

[131] have defined five alternative distances for measuring closeness between two clus-

ters named: D0, D1, D2, D3, D4. The first two distances are the centroid Euclidean

distance and centroid Manhattan distance between two clusters, and the last three are

the average inter-cluster distance, average intra-cluster distance and variance increase

distance between the two clusters, respectively. D3 is actually D of the merged cluster

and
−→
X0, R and D are treated as properties of a single cluster, and D0, D1, D2, D3 and

D4 describe the properties between two clusters.

The core of BIRCH clustering are the Cluster Feature (CF) and the CF tree (see

Definition 2.1 in the previous chapter, specifically Section 2.3.6.1). Figure 3.3 illustrates
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the main steps of the clustering algorithm, which consists of four phases: Loading, Op-

tional Condensing, Global Clustering, and Optional Refining. The main task in Phase 1

is to scan all the data and build an initial in-memory CF-tree, using the given amount of

memory and recycling space available on the disk. This CF-tree tries to reflect the clus-

tering information of the data set in as much detail as possible, subject to the memory

constraints. Once crowded data points are grouped into sub-clusters, and sparse data

points are removed as outliers, this phase creates an in-memory summary of the data.

Figure 3.3: The BIRCH algorithm overview adapted from [131]

After Phase 1, subsequent computations in later phases will be: fast because no

I/O operations are needed, and the problem of clustering the original data has been

reduced to the smaller problem of clustering the sub-clusters in the leaf entries; accurate

because the outliers can be eliminated, and the remaining data is described at the finest

granularity that can be achieved given the available memory; and less order sensitive

because the leaf entries of the initial tree form an input order, containing better data

locality compared with the arbitrary original data input order.

Phase 2 is an optional phase. It acts as a cushion between Phase 1 and Phase 3

and bridges the gap between them: the leaf entries in the initial CF-tree are scanned to
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rebuild a smaller CF-tree, while removing more outliers and grouping the more crowded

sub-clusters into larger ones.

After Phase 3, a set of clusters that captures the major distribution patterns in the

data are obtained. However, minor and localised inaccuracies might exist because of the

rare misplacement problems and the fact that Phase 3 is applied to a coarse summary

of the data. Phase 4 is optional and entails the cost of additional passes over the data

to correct inaccuracies and refine the clusters further. Up to this point, the original data

has only been scanned once, although the tree may have been rebuilt multiple times.

Phase 4 uses the centroids of the clusters produced by Phase 3 as seeds, and redis-

tributes the data points to the closest seed to obtain a set of new clusters. Not only does

this allow points belonging to a cluster to migrate, but it also ensures that all copies

of a given data set point to the same cluster. Phase 4 can be extended with additional

passes if needed which provide better clusters [39]. As a bonus, during this pass, each

data point can be labelled with the cluster that it belongs to, if the identification of data

points in each cluster is required. Phase 4 also provides the option to discard outliers.

Thus, a point that is too distant from its closest seed can be treated as an outlier and

excluded from the results.

To explain how the algorithm works, the BIRCH hierarchical clustering algorithm

takes each record from a chosen data set and iteratively builds a hierarchical CF tree.

The cluster formation performs by adding each data input record X to a cluster C in

a leaf node of the CF tree, such that C is closest to X using a distance function or a

CDF similar to that described in Section 2.4.3. If the addition of X to C would cause

the radius R of the cluster to grow above a threshold T ∈ [0 − 1], then a new cluster is

created. After the insertion, the CF vector describing sufficient statistics of the cluster

is updated with X. If a node (sub-cluster) is full, that is, there is no more space in the

node for a new CF entry, then the node is split into two, which creates a new node.

Three main parameters should be considered when constructing the CF tree: the

first is the threshold, T , which determines the size of the clusters. The tree size is a

function of T . The larger T is, the smaller the tree and the faster the algorithm. If the CF

tree outgrows the present memory limit, M (the second parameter), then the threshold
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is increased, and all the CFs at the leaf level are re-entered into the tree based on the

new threshold, T . The third parameter is the branching factor, B, which determines the

maximum number of entries to the CF tree at each non-leaf node. This parameter affects

the training and testing time and might influence detection accuracy [131] [77].

3.6 Geometric and Hamming Distance Metrics for Non-

hierarchical Data Sets

As mentioned in Section 2.4.2 and according to [86], geometric and hamming metrics

are easy to test and implement, as well as easily generalised to higher dimensions. They

are also metrics, which satisfy all the distance properties (see Section 2.4). Of these, the

Euclidean distance metric is still the most used geometrical tool by applied scientists,

despite the development of different types of geometry [41]. The following are the non-

hierarchical distance metrics used in this thesis for clustering the THIN database and are

compared in the next chapter with the hierarchical distance metrics used for the same

purpose.

3.6.1 Euclidean Distance Metric

The Euclidean metric measures distance d on the space Rn × Rn → R is defined as a

distance between any two points in space Rn × Rn → R that one would measure with

a ruler [41]. It is the straight-line distance between two points. In one dimension, the

distance between two points on the real line is the absolute value of their numerical

differences. Thus, if (x and y) are two points on the real line, then the distance between

them is given by:

d(x, y) =
√

(x − y)2 (3.4)

For two dimensions and in the Euclidean plane, if x = (x1, x2) and y = (y1, y2) then the

distance is given by

d(x, y) =
√

(x1 − y1)2 + (x2 − y2)2 (3.5)
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In general, for an n-dimensions space, the distance is:

d(x, y) =
√

(x1 − y1)2 + (x2 − y2)2 + ... + (xn − yn)n (3.6)

where x = (x1, x2, ..., xn), y = (y1, y2, ..., yn) [41].

3.6.2 Minkowski Distance Metric

The Minkowski metric is a p-metric between n-dimensional points x = (xi) and y = (yi)

defined as:

d(x, y) =
p

√√
n∑

i=1

|(xi − yi)p| (3.7)

If p = 2 it is called Euclidean distance and if p = 1 it is called Manhattan or city block

distance. If p = ∞, then it is called Chebyshev or maximum distance [23].

3.6.3 Manhattan Distance Metric

The Manhattan distance metric is a special case of the Minkowski metric when p = 1

[23]:

d(x, y) =

n∑
i=1

|(xi − yi)| (3.8)

where x = (x1, x2,..., xn) and y = (y1, y2,..., yn).

3.6.4 Hamming Distance Metric

Hamming distance is an upper boundary of the Levenshtein edit distance measure [71],

where two strings are the same size. It is used for the detection and correction of errors

in digital communications, and is defined as the number of different symbols between

two equal length sequences. It is equal to the minimum number of substitutions that

transform one string into the other, or the minimum number of errors that could trans-

form one string into the other. For example, the hamming distance between ”toned”

and ”roses” is 3 and between 217389 and 213379 is 2.
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3.7 Hierarchical Distance Metrics for Hierarchical Data

Sets

In order to understand the Edit distance [118] and pq-gram [5] metrics computations,

some notations and basic concepts must be introduced here. Firstly, the definition of a

tree T is a directed, acyclic, connected graph with nodes N(T ) and edges E(T ), where

each node has a maximum of one incoming edge. A forest F is a graph in which each

connected component is a tree; each tree is also a forest. Each node has a label, which

is not necessarily unique. The nodes of forest F, such as v and w, are strictly and totally

ordered such that v > w for any edge (v,w) ∈ E(F). The tree traversal that visits all

nodes in ascending order is the postorder traversal.

In an edge (v,w), node v is the parent and w is the child: p(w) = v. A node can

have at most one parent, and nodes that share the same parent are siblings. A total order

< is defined for each group of sibling nodes. Two siblings s1, s2 are contiguous if and

only if s1 < s2 and they have no sibling x such that s1 < x < s2. A node c is the i-th

child of v if and only if i = |x ∈ N(T )/(v, x) ∈ E(T ), x ≤ w|. The number of children of

v is its fanout fp. A node with no parent is a root node, a node without children is a leaf.

Node x is an ancestor of node v if an only if x = p(v) or x is an ancestor of p(v), x is a

descendant of v if and only if v is an ancestor of x. A node v is to the left (right) of w if

and only if v < w (v > w) and v is not a descendant (or ancestor) of w [88] [5].

Example 1 The nodes of tree T (in Figure 2.5 in Section 2.4.1.1) are N(T ) =

{a, b, c, d}, the edges are E(T ) = {(a, b), (a, c), (a, d)}. The root of T is r(T ) = a, and

|T | = 4. Ta is the subforest of T with N(a) = {b, c, d} and E(a) = {(c)}, rL(a) = b,

rR(a) = d

3.7.1 Edit Distance Metric

According to Kialing et al. [61], the definition of the Edit Distance measured between

two trees T1 and T2 is the minimum cost of all edit sequences that transform T1 to T2:

Edit Distance(T1, T2) = min{c(S )\S and a sequence of edit operations transform T1
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into T2}. Kialing et al. claimed the advantage of using the edit distance as a similarity

measure was that it provided a mapping between the nodes in two trees during the term

of the edit sequence (Insertion, Deletion and Relabeling nodes in a tree T ). The main

drawback of the Edit distance metric is that the cost of all the change operations are

performed in the same way and to the same value [36]. Regardless of cost/weights,

a key advantage is its property, which comprises all of the edit distances: When x

and y share a common prefix, this prefix has no effect on distance. In other words,

when x = uv and y = uw, then d(x, y) = d(v,w) [108], this allows the speeding up of

multiple computations involving edit distance and edit scripts, since common prefixes

and suffixes can be skipped in linear time. The example in Figure 2.5 illustrates the

edit distance operations (the insertion, the deletion and the renaming). In brief, the Edit

Distance distances are equal to the minimum number of edit operations (insert, delete

or rename nodes) when converting one tree to another. Each edit operation has a cost

1 and is based on the distance being equal to the minimum cost of converting T1 to T2.

The Tree Edit Distance Normalisation (TED NORM) is:

T ED NORM(T1,T2) =
T ED(T1,T2)
(|T1| + |T2|)

(3.9)

Where (|T1| + |T2|) means the sum of the two trees’ nodes.

3.7.2 Pq-gram Distance Metric

Pq-grams distance metric [5] is different from the Tree Edit Distance metric, and it is

defined as a measure of similarity between two trees which is based on the number of

pq-grams that are different between the indices or profiles of the two trees. The pq-

grams of a single tree are all sub-trees of a specific shape. The specific shape can be

adjusted by applying two integer parameters: p and q, where both are greater than 0.

After adjusting the two parameters, the new distance measure allows the user to control

the relevance of the tree structure and two trees are considered similar if they have

many pq-grams in common. Augsten et al. [5] proposed the pq-gram distance metric
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to match ordered labelled trees approximately. They show that the metric is an effective

and efficient approximation of the fanout weighted tree edit distance and that it can be

computed in O(n log n) time and O(n) space for two trees of size n. The authors also

show that the normalisation of the pq-gram distance satisfies the triangle inequality by

comparing the study in [5] to their work in 2005 [3]. To include each node of a tree

T in at least one pq-gram, the tree has to be extended with new nodes called dummy

nodes or null nodes (*), as shown in Figure 3.4, such that the pq-grams are defined as

sub-trees extracted from the extended tree.

In order to form the extended tree, T p,q, from a tree T and the two parameters p and

q, the dummy nodes should be inserted as follows: add p-1 nodes called ancestors to

the root node, insert q-1 nodes (children) before the first and after the last child of each

non-leaf node, and add q children to each leaf node of T . Then, from the extended tree,

T p,q , a pq-gram can be extracted and defined such that a pq-gram is a sub-tree of T p,q

and has q leaf nodes and p non-leaf nodes. All leaf nodes of the pq-gram are children

of a single node with fanout q, called the anchor node, and they are also consecutive

siblings in T p,q [5]. Examples of the pq-gram patterns with different values for p and

q and a bag of 2, 3-grams are shown in Figures 3.5 and 3.6, respectively. The bag of

pq-grams represents the pq-gram profile or index (as in Figure 3.7) of size O(n) and

defined for a tree T with l leaves and i non-leaves is as follows:

|Pp,q (T )| = 2l + qi − 1. (3.10)

Where the leaf nodes are 4, non-leaf nodes are 2 and q is 3, then the size of the

pq-gram profile in the Figure 3.7 is 13.

From all above, the pq-gram distance, distp,q(T1,T2), between two trees, T1 and

T2, where each tree has a pq-gram profile or index, I1 = I p,q(T1), I2 = I p,q(T2), with

p > 0, q > 0 can be defined as the symmetric difference between the respective indices

[5]:

distp,q (T1,T2) = |I1 ] I2| − 2 |I1 ` I2| (3.11)
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The pq-gram indices I1 and I2 are also known as the bags of Label-tuples for all

pq-grams of T1 and T2, respectively. The bag, also known as multiset, is an unordered

collection of elements that are allowed to appear more than once. For instance, in

Figure 3.6 and 3.7 the pq-grams (a, b,*,*,*) and (a, b,*,*,*) are similar and appear

twice and both should be used in the calculation of the pq-gram distance. The symbol ]

refers to the bag or multiset union between I1 and I2 and the symbol ` refers to the bag

intersection between the same indices. Since the same number of different pq-grams

may be considered as a small change if the two trees are large and as a big change if the

trees are small, the normalisation of the pq-gram distance considering the tree size has

been defined [5]. The normalised pq-gram distance is 1 if two trees share no pq-grams

and 0 for identical trees.

dist norm(p,q) (T1,T2) =
dist(p,q) (T1,T2)
|I1 ] I2| − |I1 ` I2|

(3.12)

Figure 3.4: A graphical representation of tree T 2,3 and its extended tree reproduced
from [4]

Figure 3.5: A pq-gram pattern with different examples reproduced from [4]
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Figure 3.6: The 2,3-grams of the example of tree T 2,3 reproduced from [4]

Figure 3.7: The 2,3-grams profile of tree T 2,3 reproduced from [4]
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3.7.3 Other Hierarchical Distance Measures

According to [77], six hierarchical measures have been used to exploit the hierarchical

structure of Network Traffic data in a clustering approach named Echidna. The first

three measures are: Generalised Cosine Similarity Measure (GCSM), Optimistic Ge-

nealogy Measure (OGM) and the Similarity-based Cosine Metric (SS), mentioned in

detail in [37] and [58], respectively.

The GCSM is a new generation of the traditional cosine similarity measure of the

vector space model where the similarity relies on the size of the smallest sub-tree in a

hierarchical tree. The OGM measure is also a new generation, but for the Dice’s coef-

ficients and computes the similarity between collections of objects rather than between

pair of nodes and the SS measure is used to measure the similarity between user sessions

of Web access logs. This measure uses the modified cosine similarity metric between

two user sessions, i.e. two elements representing URLs at the leaf level.

The other three measures that have been proposed by Mahmood et al. [77] are

named as Hierarchical Similarity Measure1 (HSM1), Hierarchical Similarity Measure2

(HSM2) and Hierarchical Similarity Measure3 (HSM3). Based on the hierarchical sim-

ilarity rules (see Section 2.4.1) and using the example given in Chapter 5 taken from a

data set used in this work, it was determined that HSM1 and by chance HSM2 also, are

the only two measures that follow the rules that match the requirements of this work.

However, only HSM1 will be used in this work, as it is the best hierarchical measure

amongst those found in the literature. The description of the last three hierarchical

similarity measure, as described in [77], is as follows:

1. HSM1:

The length of the common segment between the paths from nodes n1 and n2 to

the root of a hierarchical tree is determined by the hierarchical similarity measure

1 comparing this distance to the maximum depth L which is the depth of the tree.

It is as follows:

S HS M1 (n1, n2) =
|path (root, n1) + path (root, n2)|

L
(3.13)
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For example, in Figure 3.8 the S HS M1 (h, j) = 1/3 = 0.333, where the numerator

is the common paths from h and j to the common root between the two nodes

which is at level 1. The depth of the hierarchical tree is 3.

2. HSM2:

The hierarchical similarity measure 2 measures the similarity between two nodes

in a hierarchical tree using the path length between them, rather than the length

of the common segment in the paths to the root. It is defined as:

S HS M2 (n1, n2) = 1 −
|path (n1, n2)|

(depth (n1) + depth (n2))
(3.14)

Using the example from Figure 3.8, S HS M2 (h, i) = 1 − 0.3333 = 0.6667

3. HSM3:

This measure is similar to the previous one, except that in this case, like HSM1,

the normalisation is performed using the depth of the tree as follows:

S HS M3 (n1, n2) = 1 −
|path (n1, n2)|

2L
. (3.15)

Using the example from Figure 3.8, S HS M3 (h, l) = 0.

Figure 3.8: Example of a hierarchy tree

In this thesis, a CDF was created from both kinds of distance measures (hierarchi-

cal and non-hierarchical). The CDF is used for three types of attributes: hierarchical,

numerical and categorical attributes. It has been used to compare the data records of
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the Patent and THIN data sets, since they consist of mixed data types. The distance

for numerical attributes between the centroids of two clusters, and using the Euclidean

distance metric is calculated using the Equation 2.5, while the distance for categorical

attributes between the centroids of two clusters and using a histogram of the frequencies

of the attribute values is calculated using Equation 2.10. In the case of a hierarchical

attribute, the distance measure is derived as a complement of the hierarchical similarity

measure, for example DHS M1(n1, n2) = 1 − S HS M1(n1, n2) and the Least Common An-

cestor (LCA) of the generalisation hierarchy in each cluster represents the centroid of

each cluster.

3.8 Cluster Validation

Cluster validation is considered an important step in cluster analysis, since it may an-

swer some questions regarding the quality of the partition, and even whether there is a

better way to partition the data [129] [119]. This step may assist assessment of the clus-

tering procedure output, by using suitable validation indices. Several validity indices

were mentioned in [27] [103] that can be used to validate the robustness and separation

of clusters resulting from clustering techniques.

In clustering processes, predefined classes are not determined in advance, nor are

examples given to show what kind of desirable relations would be valid among the data.

This is why it is called an unsupervised process [44]. Therefore, the choice of an optimal

number of clusters is one of the most important issues to consider in cluster analysis to

assess the resulting clusters produced by a single algorithm [115]. Conceptually, they

measure the compactness of each cluster and the separation of cluster centres [65]. In

general, clustering result validations may answer questions like “how many clusters are

there in the data set?”, “does the resulting clustering scheme fit our data set?”, and “is

there a better partitioning for our data set?” [44] [101] [115].

Generally, cluster validation studies are divided into three types, named below

[126] [115] [53] [44].
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• External criteria: Measure performance by comparing a clustering structure to a

priori structure. An external criterion can also measure the degree to which data

confirms a priori ideas without performing a formal cluster analysis.

• Internal criteria: Assess the fitness between the structure and the data, using only

the data itself. For example, an internal criterion would measure the degree to

which a partition, obtained from a clustering algorithm, is justified by the given

proximity matrix.

• Relative criteria: Compare two structures and determine which is better in some

sense, such as being more stable or more appropriate for the data.

The fundamental idea of these validation criteria (for the first two criteria) is to

determine whether results are meaningful or not. It is also to check the validity of the

clustering structure, i.e. to ascertain if the clustering structure has occurred by chance

(randomly structured or not) or as an artifact of a clustering algorithm [115]. In addition,

the indices related to these approaches aspire to measure the degree to which the data

set conforms to a pre-specified clustering scheme. The fundamental idea for the third

criteria is to look for the best clustering structure from a set of schemes, defined based

on pre-specified criteria, as well as not involving statistical tests [44]. The drawback of

cluster validity indices is that they cannot work well with arbitrary shaped clusters. The

reason for this is that they choose a representative point from each cluster and calculate

the distance of these points and some additional parameters based on these points [65]

[24].

To verify the quality and correctness of a clustering algorithm’s results, and to eval-

uate its performance, appropriate criteria and methods need to be used. The evaluation

procedure must be performed on the clustering algorithm results, since the clusters are

not known a priori. Where priori knowledge is not available from a data set, internal

validation indices are used. On the other hand, when priori information is required from

a data set, external validation indices are used.

In this study, the first two types of validity indices are produced. Although there is

no global definition of good clustering [10], these indices are used to measure how good
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the clustering results are in comparison with others created using alternative clustering

algorithms or others created using the same algorithms but different parameter values

[65]. Nevertheless, several evaluation criteria have been applied in the study belonging

to the internal categories. These include the Silhouette index [105] and C-index [50],

to evaluate the results when clustering the NBER US Patent and THIN databases, the

external category, Rand [94] and Jaccard [51] indexes, and to evaluate the results of

clustering the Iris data set.

3.8.1 Silhouette Index

The Silhouette Index [105] is a method of interpretation and validation of clusters of

data, which describes how well each data object lies within its cluster by providing a

graphical representation. Its range is [-1, 1] and the better the clustering the closer the

index to 1. Mathematically, it is defined as follows:

For a cluster C j, the silhouette technique assigned to the i-th sample of a quality measure

is s(i) = (i = 1, ...,m), known as the silhouette width. This value is a confidence

indicator on the membership for the i-th sample in the cluster C j and is defined as:

s (i) =
(b (i) − a (i))

max {a (i) , b (i)}
(3.16)

where a(i) is the average dissimilarity of i with all the other data in the same cluster

and b(i) is the lowest average dissimilarity of i to any other cluster. Both are calculated

based on the following formula:

s (i) =


1 − a(i)

b(i) , i f a (i) < b (i) ,

0, i f a (i) = b (i) ,

b(i)
a(i) − 1, i f a (i) > b (i) .

(3.17)

and −1 ≤ s(i) ≤ 1
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3.8.2 C Validity Index

The C-index [50] [19] is a method of evaluating the clustering models by comparing

the pairwise dissimilarities within clusters with those directly observed in the data set

irrespective of the cluster membership. Mathematically it is defined as:

C =
S − S min

S max − S min
(3.18)

Where S is the sum of distances over all pairs of objects n from the same cluster, and

S min is the sum of the n minimal distances when considering all pairs of different in-

stances from the data set. Whereas, S max is the sum of the n maximal distances of the

same pairs. The C-index is limited to the interval [0, 1] where the smaller the value the

better the clustering; thus this value should be minimised.

3.8.3 Rand Index

Rand index [94] measures the number of pairwise agreements between the set of dis-

covered clusters K and a set of class labels C, as given by:

R =
a + d

a + b + c + d
(3.19)

where a denotes the number of pairs of data points with the same label in C, assigned

to the same cluster in K; b denotes the number of pairs with the same label, but in

different clusters, c denotes the number of pairs in the same cluster, but with different

class labels; and, d denotes the number of pairs with a different label in C that were

assigned to a different cluster in K. The indexing results in 0 ≤ R ≤ 1, where a value of

1 indicates that C and K are identical. A high value for this index generally indicates a

high level of agreement between clustered and natural classes.
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3.8.4 Jaccard Index

The Jaccard index [51] is used to assess the similarity between different partitions of

the same data set, the level of agreement between a set of class labels C and a clustering

result K is determined by the number of pairs of points assigned to the same cluster in

both partitions:

J =
a

a + b + c
(3.20)

where a denotes the count of pairs of points with the same label in C and is assigned

to the same cluster in K, and b denotes the count of pairs with the same label, but

in different clusters, and c denotes the number of pairs in the same cluster, but with

different class labels. The index results in 0 ≤ J ≤ 1, where a value of 1 indicates C and

K are identical.

3.9 Cluster Visualisation Based on PCA

After clustering, the clusters need to be visualised to demonstrate how they are pre-

sented. Various methods are available to display the results when clustering a data set.

One of the methods is to use the Clusplot function [89] from R software, in which all

observations are represented by points on the plot using principal components or multi-

dimensional scaling. The principal components (PCs) are the underlying data structures.

They are the directions in which there is the most variance, or where the data is most

spread out.

PCA [70] is a statistical procedure mainly used to reduce the dimensionality of a

data set with a large number of correlated variables, to retain as much as possible of the

variation present in the data set [57]. This can be achieved by transforming it into prin-

cipal components (PCs), which are ordered and uncorrelated variables such that the first

few retain most of the variation present in the original variables [57]. In other words,

the transformation aims to rotate the original axes to produce uncorrelated orthogonal

axes. The procedure of rotating involves a linear transformation of the original data

set and all information is preserved if the variables are included in this procedure [52].
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The first component can be described as an orthogonal projection into one dimension,

which maximises the variance of the projected points; removing this dimension and its

associated variance. The second component is the projection into one dimension, which

maximises the variance of the projected new array of points, and so on [30].

The Clusplot function represents the data points in a bivariate plot, and the clusters

as differently sized and shaped ellipses; Pison et al. first introduced this function in

[89] to display multidimensional data. It is a bivariate plot of objects relative to the

first two principal components (PC) (i.e., it projects the data onto the first two PCs).

When the data is two-dimensional from the start, it displays the data relative to the PCs

rather than to the original axes. On the other hand, for the k-dimensional data set X ={
(xi1 , xi2 , · · · , xik), i = 1, · · · , n

}
, the dimensions need to be reduced to two dimensions

using the PCA, yielding a first component with maximal variance, and then a second

component with a second maximal variance perpendicular to the first component. The

ellipses resulting from the clusplot are based on the average and covariance matrices of

each cluster, and their size is such that they contain all the points of their cluster, which

is why an object exists on the boundary of each ellipse.

Another way of visualising the resultant clusters in this work is to use the function

called Multi-Dimensional Scaling (MDS) [11], which is defined as a means of visual-

ising the level of similarity for individual cases in a data set. It is a technique used in

information visualisation, particularly for displaying the information contained in a dis-

tance matrix. The number of dimensions of an MDS plot can exceed 2, and when N =

2 it optimises an object’s location for a two-dimensional scatterplot. In R, the function

used is cmdscale.

3.10 Summary

All the methodologies used for this study were presented in this chapter. Four data sets

were described for later use in subsequent chapters for clustering. The Lenses and Iris

data sets are numerical data sets, which are used as validation data. The other data sets

are the main research databases in this study; i.e. the NBER US Patent database and
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the UK medical THIN database. Both these databases are considered to be mixed hier-

archical databases, containing hierarchical attributes in addition to other attributes. The

research on these databases aims to measure the similarity between the data records,

using hierarchical similarity measures in combination with measures for other non-

hierarchical data attributes, while clustering the data.

Since the big hierarchical databases comprise mixed data types (numerical, cate-

gorical, hierarchical, etc.) it might be difficult to determine which similarity measures

best suit the chosen data sets. This is because different distance metrics are combined

for different data types in one distance function. The CDF is intended to measure the

similarity between the data records, particularly the hierarchical distance measures for

hierarchical attributes.

The pq-gram distance metric is contributed in the CDF in two steps to create the

New-CDF. The first step is to work along with the CDF and the second step is to replace

the other hierarchical distance measures in the CDF. Applying the pq-gram to work

along with the CDF means adding the pq-gram to the CDF, because it is considered an

entire database entry, while other hierarchical measures (like DHS M1) are considered as

only one column for each data entry (record). In the second step, the pq-gram metric

replaces the hierarchical distance measures to create a new CDF, New-CDF. Both the

CDFs were then tested on the patent and THIN databases to determine the distances

between the data records while clustering using the BIRCH algorithm. Experiments

and details will be presented for the US NBER Patent database in Chapter 5 and for the

THIN database in Chapter 6.

Different validation techniques have been described for the results attained when

clustering using the BIRCH algorithm. Two internal validity indices (Silhouette and C

index) are used for validating the results of the clustering patent and THIN data, as they

do not provide a priori clusters from the data sets. Two external validity indices (Rand

and Jaccard) for validating other data sets, that provide a priori information from the

sets. The validation indices aim to validate the compactness of the clusters.
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After clustering the data, clusters will be visualised using R - which is a free soft-

ware environment for statistical computing and graphic functions - using clusplot and

cmdscale functions.



Chapter 4

Apply the pq-gram Distance Metric to

Different Data Sets

4.1 Introduction

In this chapter, the first contribution is to answer the first two research questions. The

aim of this chapter is also to apply the pq-gram distance metric to a mixed data set.

Before achieving this aim, the validity of the distance metric needs to be examined first

by applying it to very simple non-hierarchical data sets, such as Iris and lenses, the

hierarchical NBER US Patent data set and then mixed (THIN) data set. The application

of the pq-gram distance metric to the THIN data set involves a comparison between this

metric and other different hierarchical and non-hierarchical metrics.

The THIN data should be converted into a tree-like structure for the hierarchical

group of metrics. For the non-hierarchical group of metrics, the data is converted into

a frequency table or matrix, and for all metrics the distances are found and normalised.

This is to attempt to ascertain the similarities in the patient data and the suitability of

the metrics for clustering the entire patient population, using the k-means clustering

algorithm.

69
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4.2 Apply the pq-gram Metric to Non-hierarchical Data

Sets

4.2.1 Lenses Data Set Pre-processing

The data set used for the purpose of the pq-gram feasibility study is the Lenses data set

https://archive.ics.uci.edu/ml/datasets/Lenses, as shown in Table 4.1 and

described in Section 3.1 in the previous chapter.

Table 4.1: The original Lenses data set

age spectacle astigmatic tear Class
1 1 2 2 1
1 2 2 2 1
2 1 2 2 1
3 1 2 2 1
1 1 1 2 2
1 2 1 2 2
2 1 1 2 2
2 2 1 2 2
3 2 1 2 2
1 1 1 1 3
1 1 2 1 3
1 2 1 1 3
1 2 2 1 3
2 1 1 1 3
2 1 2 1 3
2 2 1 1 3
2 2 2 1 3
2 2 2 2 3
3 1 1 1 3
3 1 1 2 3
3 1 2 1 3
3 2 1 1 3
3 2 2 1 3
3 2 2 2 3

The data set holds information about patients, and the number of patients is the

number of data instances, which is equal to 24. However, the data set does not have

https://archive.ics.uci.edu/ml/datasets/Lenses
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a unique ID or code referring to each patient, such that the pq-gram metric could dis-

tinguish patients’ records from one another. The data set places the age attribute in the

first column, and there are only three values, each of which will provide a unique root

for a pq-gram tree creation. This means, there will only be three pq-gram trees for the

whole data set, as shown in Figure 4.1.

Figure 4.1: The three pq-gram trees of Lenses data set

Consequently, in order to cluster the data set using the k-means algorithm and

pq-gram distance metric, there will only be three data points (pq-gram trees) to be clus-

tered to calculate the distances between them. The trees are a pq-gram tree for all the

patients in age category 1 (young), a pq-gram tree for all patients in age category 2 (pre-

presbyopic) and a pq-gram tree for all patients who are in age category 3 (presbyopic).

Based on this, the number of observations made is three; because there are three classes

for the data set, the number of k (clusters) cannot equal the number of observations.
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Thus, it can be said that applying the pq-gram distance metric to the Lenses data set is

not possible if the number of clusters required is three.

4.2.2 Apply the pq-gram Distance Metric to the Iris Data set

The Iris data set, as described in Section 3.2, is a non-hierarchical data set that has

only numerical data attributes. However, although the pq-gram distance metric is a

hierarchical measure used for hierarchical data, it is applied to this data set to measure

the distances between Iris data species, and to investigate if the metric can produce the

same classes as the original numerical data set. The pq-gram distance metric generates

small trees from the data set, where each one has a unique root node representing the

attribute value from the first column of the Iris data set, and the branches are from data

records belong to the same root or attribute values, as shown in Figure 4.2.

Figure 4.2: A Sample of Iris Data and a pq-gram tree example

Each pq-gram tree from the data is expanded, and the pq-grams are extracted to

create the pq-gram profile. From each of these two profiles, the distances and their

normalisation are calculated using Equations 3.11 and 3.12. By taking two examples

of the p and q values, such that the values of p = 1 and q = 3 and p = 2 and q = 2, the
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results when clustering the Iris data using the k-means algorithm are given in Figures 4.3

and 4.4.
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Figure 4.3: 1, 3-gram of Iris data using pq-gram metric
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Figure 4.4: 2, 2-gram of Iris data using pq-gram metric

In Figures 4.3 and 4.4, the clusters are well separated, but the data points in each

cluster are not similar to those in the original classes. This is because of the method used

for calculating the distances using the pq-gram distance metric, as mentioned above.

Each data point in a cluster represents a pq-gram tree generated from the original Iris

data set (see the example in 4.2). For example in the original Iris data set, the data
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records beginning with 4.3, 4.4 and 4.5 are in one cluster, representing the Iris setosa

species, while in the new clusters both 4.3 and 4.5 are assigned to both cluster 2 and 4.4

to cluster 3. Thus, based on the comparison between the original classes and the new

clusters, the pq-gram distance metric could not produce the necessary classes. However,

the resultant clusters could be new classes for the Iris data, although it is hard to interpret

them. The accuracy of the new clusters when compared to the original classes is shown

in the following figure, and reveals low agreement between the existing classes and the

new clusters.

Figure 4.5: The confusion matrix and statistics for the clusters of Iris data set

It can be concluded from the above experiments that the performance of the dis-

tance metric was not good using these data sets, since the pq-gram metric is a hierar-

chical metric designed for hierarchical data sets only. Therefore, in the next section,

the distance metric will be applied to the hierarchical NBER US Patent data set to in-

vestigate its validity and feasibility, using a sample extracted from the hierarchical data

set.
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4.3 Apply the pq-gram metric to a hierarchical data set

In this section, the pq-gram distance metric is applied to a sample of the Patent data

set, consisting of 100 data records extracted from Table 3.1. It aims to investigate if the

metric can perform better when clustering this type of data set than when handling a

non-hierarchical data set. The sample consists of five attributes: patent ID, last name of

the inventor, first name of the inventor, the category that the patent belongs to and the

city the patent was awarded in. The data set is clustered into three clusters using the

k-means clustering algorithm.

Figure 4.6: The clusters of 100 patent data set using pq-gram metric

The data set was converted into 52 pq-gram trees, representing those inventors that

have the same patent. Since each patent has few records that relate to it, the pq-gram tree

for the patent will not be big enough to express similarity to other patent trees. Thus,

a small number of pq-gram trees share similarity, as most were allocated in cluster

number 1 in Figure 4.6. For example, two pq-gram trees of patent codes, 3882154,

3882156 have a distance similarity of 0.583333. The two trees are associated with

the same inventors’ names (Henrick Clive and Siddall John), the same patent category

number (1), and the same city (Palo Alto). The other clusters contain pq-gram trees

with no similarity distances between each other, which are equal to 1, and distributed

between cluster number 2 and cluster number 3.
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From this experiment, it is apparent that the pq-gram distance metric produced

relatively good results because the data records that have similarity in distances are

grouped in one cluster. Also, the results could be better for each patent in the data set if,

for example, there were lots of data records creating bigger pq-gram trees, which may

increase the chances of finding similar pq-grams between each two patents’ pq-gram

trees. In the next section, the medical THIN data set, which is a hierarchical mixed data

set, will be used to ascertain whether the pq-gram distance metric could produce better

results (clusters) than when used the patent data set. This data set has the advantage of

containing many data records belonging to someone or something, i.e. data records that

relate to each patient in the data set.

4.4 Material and Methods for the Comparison

4.4.1 THIN Data Set Preparation

This experiment was trialled on a group of patients aged between 0 and 17 years old,

who are considered children, since the clinical trails on this group are very difficult.

Thus, an algorithm or new method that could work for this group will be more valuable.

The information shown in Table 4.2 was extracted from the THIN data set, providing

information about two kinds of drugs that were chosen based on the number of prescrip-

tions and because they have sufficient amount of data. These drugs with some others

also have been tested before by Reps et al. in 2013 [100], but for different groups of pa-

tients to enable a comparison between different existing electronic healthcare database

signal detecting algorithms. Because the same drugs have been used in other works,

this means that these drugs are of good quality and can be used in this work as well.

The first drug, DESLORATADINE is from the group ‘Antihistamines’, and was

widely prescribed to treat allergies. The second drug was less heavily prescribed, and

is from the family ‘Tricyclics’ that are used as antidepressant drugs [20]. For the ex-

periments, for the first drug, a sample size of 9949 prescriptions for 30 days of the drug
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(representing 988 patients), out of a total 53,995 prescriptions (representing 18,293 pa-

tients), were tested to find the similarities between them. For the second drug, all the

prescriptions (1172), for 30 days of drug use (representing 42 patients), were tested.

Table 4.2: A subset of information from the database for two kinds of drugs

DESLORATADINE DOXEPIN
All drug’s codes in THIN data set 6 15

All prescription 358,768 72448
All patients 81,000 6152

All prescription(0-17 years) 53,995 2014
All patients (0-17 years) 18,293 60

All presc.(0-17) after 30 days 9949 1172
All Patients(0-17) after 30 days 988 42

4.4.2 Distance Metrics Used for the Comparison

The distance metrics used in this chapter for comparison were six metrics, as described

in Chapter 3, Section 3.6 and 3.7, respectively. For the pq-gram distance metric, an-

other example is shown here, although using the THIN database.

The pq-gram distance [5] is mainly used for computing distances between ordered la-

belled trees; for a single tree, that is all sub-trees of a specific shape. The parameter

values of p and q are the basis for determining the specific shape of the pq-grams. The

tree T shown in Figure 4.7 is expanded by inserting dummy nodes (*) to make sure that

each node appears at least in one pq-gram.

The expansion of each tree is done by inserting p−1 before the root node, inserting

q−1 before the first and after the last child of each non-leaf node, and inserting q nodes

into each leaf node (see Section 3.7.2); for example p = 2, q = 3 in Figure 4.8. After

the expansion process, the 2, 3-grams are extracted to produce a list of pq-grams. In

the example of a single 2, 3-gram, which is given in Figure 4.8, p = (*, a6706022p) is

the stem and q = (*,*, 1) is the base. The trees that have a large number of common

pq-grams are considered more similar than those with less; furthermore, the pq-gram

distance is used to match hierarchical data from large sources using Equation 3.11, and

to ensure the normalisation of the pq-gram distances using Equation 3.12.
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Figure 4.7: Example of a tree T and its 2, 3-Extended tree
.

Figure 4.8: Example of a single pq-gram from a THIN data tree
.

The pq-gram metric was proposed originally to match similar hierarchical in-

formation from autonomous sources that might have a different representation in the

sources approximately [5]. The pq-gram metric has the advantage of computational

efficiency, and can be computed in O(n log n) time and O(n) space. Another advantage

of the pq-gram distance is that it can be tuned by adjusting the two parameters p and q

[116]. The determination of p and q values depends on the underlying semantics of the

data. In general, increasing the values of p and q makes the distance between the two
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trees more sensitive to the structure of the trees rather than to the data, while decreasing

them makes the distance more sensitive to the data. For instance, different values of p

and q: for p = 1 and q = 3 and for p = 2, q = 3 are used in the experiments and the

results are shown in Table 4.4 and 4.6. The results reveal that better distances are ob-

tained when p = 1 and q = 3, which means that the obtained distances are more sensitive

to the data than to the structure of the trees. In other words, the pq-grams were more

similar to each other in the data that they consist of rather than that in the structure of

the trees.

4.5 Data Pre-processing

The THIN data is converted into trees before applying it to the pq-gram and Edit Dis-

tance metrics, while the data for the geometric and Hamming distance metrics is con-

verted into a frequency table. The data extracted from THIN is based on different pa-

tient’s attributes, such as unique ID, gender, age when first taking the specified drug,

and the medical codes related to the drug. The medical events are chosen at level 3 (the

first three digits of the codes read like H33). Figure 4.9 shows part of this information

as represented in THIN for three patients, which have unique identifiers in the database

(a6706013B, a6706015R, a670601o8).

4.5.1 Pq-gram and Edit Distance Preparation

From the data in Figure 4.9, each patient’s records were converted into a tree, as depicted

in Figure 4.10, to enable the computation of both pq-gram and Edit Distance metrics.

For the pq-gram metric, each tree is expanded in the same way as shown in Figure 4.7,

and for the experiments, (p = 1, q = 3) and (p = 2, q = 3) were used. After the process of

tree expansion, the pq-grams were extracted for each tree. Figure 4.11 shows the 2, 3-

grams for the tree in Figure 4.10. The pq-gram distance between the two trees is created

by all the common pq-grams between them, and computed using Equation 3.11; while

the calculation of the distances for the Edit Distance is performed by inserting, deleting
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Figure 4.9: Part of the THIN data extracted based on specific attributes
.

or re-labelling nodes to convert one tree into another. The single edit operation cost

1 and the Edit Distance between two trees is equal to the minimum cost or minimum

number of edit operations needed to convert one tree into another.

Figure 4.10: A tree representation from THIN data
.

4.5.2 Geometric and Hamming Metrics Preparation

The THIN data for the Euclidean, Minkowski, Manhattan and Hamming metrics was

converted into a frequency table, as shown in Table 4.3. The table represents how many

times each patient had a specific symptom after taking the specified drug, for example,
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Figure 4.11: The 2, 3-grams of a tree T
.

patient a6706015R had symptom F58 twice and symptoms 195 and 168 once. The

Table 4.3: The frequency table from THIN data

Patient’s ID The medical events Patient’s ages Sex
168 171 195 19C 1A5 730 F58 H17 M0. M26 N24 N32 SD. SL. ZL5 10 11 12 15

a6706013B 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1 1
a6706015R 1 0 1 0 0 1 2 0 0 0 0 0 0 0 0 1 0 0 0 2
a670601o8 0 1 0 1 1 0 0 1 1 1 1 1 1 1 0 0 0 1 0 1
a670601yJ 0 0 0 0 0 0 0 0 0 1 0 0 0 0 1 0 1 0 0 2

table also contains additional columns, one for the patient’s gender (In THIN, 1 = male,

2 = female) and others for the age classifications of each patient taking the drug. In

Table 4.3, the ages of the patients are 10, 11, 12 and 15.

4.5.3 Distances Calculation

The distances, using all six metrics and as applied to the THIN data, are calculated

and normalised. The normalisation of the distances is to demonstrate that the small

distances close to 0 indicate similar patients, while the large distances near to 1 indicate

dissimilar patients. In the case of Euclidean, Minkowski and Manhattan metrics, the

data in Table 4.3 was used to calculate the distances using Equations 3.6, 3.7 and
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3.8, respectively. For the calculation of Hamming distances, the number of different

values between two equal length sequences from Table 4.3 was taken into account. The

normalisation of the distances was then calculated using the formula:

norm − dist (x) =
x −min (x)

max (x) −min (x)
(4.1)

where x refers to the distance between two patients, min (x) is the minimum distance

value among all the distances and max (x) is the maximum distance value among all the

distances.

Regarding the pq-gram metric, the distance between the two trees of patients is

defined as the symmetric difference between the two sets of pq-grams using Equa-

tion 3.11; while the normalisation of the pq-gram distances is calculated using Equa-

tion 3.12. Conversely, the Edit Distance distances are equal to the minimum number of

edit operations (insert, delete or rename nodes) when converting one tree into another.

Each edit operation cost is 1, and was based on the distance being equal to the minimum

cost of converting T1 to T2. Equation 3.9 is used to normalise the tree’s Edit Distances.

The results when calculating the distances using all six metrics are summarised in 4.4

and Table 4.6 for DESLORATADINE and DOXEPIN, respectively. The tables contain

the smallest normalized distances for patients (the most similar data) among the other

distances.

The results for the first drug show geometric and hamming metrics could define

similar patients as the distances between two patients is equal to zero. In contrast, the

pq-gram and Edit Distance metrics produced few similar patients, like (a670605Up,

a670602uS) and (a67340327, a681001KN), alongside others who have some similar-

ity or close to identical distances between patients. The reason for this relates to the

structure of the data, which is a hierarchical tree structure.

On the other hand, the experiment for the second drug also produced a number

of similar patients relative to medical events, based on the geometric and hamming

metrics, as shown in Table 4.6. Although, for the pq-gram and Edit Distance metrics

the table showed no similar distances. The reason for this could be the lack of data
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Table 4.4: Smallest normalised distances for patients taking DESLORATADINE drug

The Normalised Distances
patient’s ID EuclideanMinkowskiManhattanHammingEdit Distance1, 3-Grams2, 3-Grams

a670605Up, a670602uS 0 0 0 0 0.25 0 0
a6732002X, a673200WF 0 0 0 0 0.25 0.888889 1
a6732002X, a673201@y 0 0 0 0 0.25 0.888889 1
a673200tm, a673201j7 0 0 0 0 0.25 0.888889 1

a673201@y, 673200WF 0 0 0 0 0.25 0.888889 1
a673201Wt,a6732025y 0 0 0 0 0.25 0.888889 1
a673201wI, a678701pI 0 0 0 0 0.6666 0.888889 1

a67340327, a681001KN 0 0 0 0 0.25 0 0
a677505bO, a677505pe 0 0 0 0 0.25 0.888889 1
a683104@Y, 677505bO 0 0 0 0 0.6666 0.888889 1
a683104@Y, a677505pe 0 0 0 0 0.6666 0.888889 1
a673201wI, a777805mH 0 0 0 0 0.25 0.888889 1
a673402zw, a683105Bk 0 0 0 0 0.25 0.888889 1
a678701pI, a777805mH 0 0 0 0 0.25 0.888889 1
a791600uB,a777806FG 0 0 0 0 0.25 0.888889 1
a7916065T, a777800Gj 0 0 0 0 0.25 0.888889 1

Table 4.5: The Shared Medical Events for Patients in Table 4.4

.

Patient’s ID The medical events For
the first patient

The medical events for
the second patient

The description of the event

a670605Up, a670602uS 1B8 1B8 Itchy eye symptom
a6732002X, a673200WF 17Z 17Z Respiratory symptom NOS
a6732002X, a673201@y 17Z 17Z Respiratory symptom NOS
a673200tm, a673201j7 ZL5 ZL5 Referral to orthopaedic surgeon

a673201@y, 673200WF 17Z 17Z Respiratory symptom NOS
a673201Wt,a6732025y 740 740 Submucous diathermy to turbinate of nose
a673201wI, a678701pI H05 H05 Upper respiratory tract infection NOS

a67340327, a681001KN 171 171 Cough
a677505bO, a677505pe 8B3 8B3 Medication requested
a683104@Y, 677505bO 8B3 8B3 Medication requested
a683104@Y, a677505pe 8B3 8B3 Medication requested
a673201wI, a777805mH H05 H05 Upper respiratory tract infection NOS
a673402zw, a683105Bk H17, 8B3 H17, 8B3 Hay fever or pollens, Medication requested
a678701pI, a777805mH H05 H05 Upper respiratory tract infection NOS
a791600uB,a777806FG H17 H17 Hay fever or pollens
a7916065T, a777800Gj A78 A78 Verrucae warts or Molluscum contagiosum

Table 4.6: Smallest normalised distances for patients taking DOXEPIN drug

The Normalised Distances
patient’s ID EuclideanMinkowskiManhattanHammingEdit Distance1, 3-Grams2, 3-Grams

a793901c8,a9910027z 0 0 0 0 0.4761 0.971 0.967
b977401S1,a999104cU 0 0 0 0 0.4 0.923 1
g989501KB,a999104cU 0 0 0 0 0.375 1 1
g989501KB,b990804AL 0 0 0 0 0.5 1 1
b990804AL, a999104cU 0 0 0 0 0.375 1 1

records for each patient regarding the second drug. In other words, the more the data

there is regarding a patient, the larger the pq-gram tree and then the more chances for

the pq-gram profile to have the same pq-grams with another pq-gram profile of another

patient’s pq-gram tree.
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To conclude from the tables of both drugs, the pq-gram distance metric could not

be the metric that produces better results or similar distances compared to the other

metrics. The reason could be that the THIN data set contains mixed data that is not all

hierarchical (i.e. consists of only one attribute that is hierarchical) and the pq-gram is

designed for only hierarchical data. In other words, the pq-gram metric could produce

better similar distances if it uses to measure the similarity for only hierarchical attributes

in a mixed data.

4.5.4 Clustering the Distances

The results in Table 4.4 and Table 4.6 show the similarities and closest distances be-

tween patients using the previously mentioned metrics. The following step is to use a

clustering method to give the first insight into how the data looks and to determine if

the pq-gram distance metric can represent similar distances better than other metrics.

The clustering process will also show whether all the similar distances in Tables 4.4

and 4.6 fall into one cluster, or if they are distributed over all or some clusters. In this

chapter, the k-means method is used and three clusters are chosen. For the first drug,

Figures 4.12 to Figure 4.17 show the clusters of patients using all the distance met-

rics. Figures 4.18 to Figure 4.23 show the clusters of patients using the same metrics

for the second drug. Generally, all the distance metrics produce similarity between the

patient data for both DESLORATADINE and DOXEPIN. The geometric and hamming

distance metrics provide greater similar data than the hierarchical metrics, as do the

number of identical distance values between the patients. Also, the pq-gram and Edit

distance metrics produced some identical distances, as illustrated in Tables 4.4 and 4.6;

although when compared to the geometric and hamming metrics it cannot be considered

better than the other distance metrics.

Since the k-means algorithm is known to be biased by the starting positions, it

needs to be re-run more than once. Consequently, more than one outcome may be

obtained. The figures of the clusters represented in this work result from the most

frequent clustering (the majority vote, after running the experiment 10 times). In order

to distinguish between the clusters, Tables 4.7 and 4.8 describe the number of patients
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Figure 4.12: The clusters of patients using Euclidean metric, DESLORATADINE drug
.

Figure 4.13: The clusters of patients using Minkowski metric, DESLORATADINE
drug

.
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Figure 4.14: The clusters of patients using Manhattan metric, DESLORATADINE
drug

.

Figure 4.15: The clusters of patients using Hamming metric, DESLORATADINE drug
.
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Figure 4.16: The clusters of patients using pq-gram metric, DESLORATADINE drug
.

Figure 4.17: The clusters of patients using Edit Distance metric, DESLORATADINE
drug

.
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Figure 4.18: The clusters of patients using Euclidean metric, DOXEPIN drug

.

Figure 4.19: The clusters of patients using Minkowski metric, DOXEPIN drug
.
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Figure 4.20: The clusters of patients using Manhattan metric, DOXEPIN drug

.

Figure 4.21: The clusters of patients using Hamming metric, DOXEPIN drug
.
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Figure 4.22: The clusters of patients using pq-gram metric, DOXEPIN drug
.

Figure 4.23: The clusters of patients using Edit Distance metric, DOXEPIN drug
.
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in each cluster for the first and second drug, respectively. Cluster1 in the tables contains

the number for all patients who are similar to each other, whereas Cluster2 contains all

patients who have large distances between them. The remaining patients are grouped in

Cluster3.

Table 4.7: The number of patients in each cluster for DESLORATADINE drug

Cluster 1 (similar) Cluster 2 (Non-similar) Cluster 3 others
Euclidean Metric 513 114 361
Minkowski, p=3 578 89 321
Manhattan Metric 602 89 304
Hamming Metric 579 75 334
pq-gram Metric 409 164 415

Edit Distance Metric 284 332 372

Table 4.8: The number of patients in each cluster for DOXEPIN drug

Cluster 1 (similar) Cluster 2 (Non-similar) Cluster 3 others
Euclidean Metric 23 3 16
Minkowski, p=3 81 7 17
Manhattan Metric 23 3 16
Hamming Metric 23 3 16
pq-gram Metric 15 15 12

Edit Distance Metric 16 15 11

4.6 Discussion

In this chapter, the pq-gram distance metric was applied to different data sets to test

its validity and feasibility when used to cluster mixed data sets. The Lenses and Iris

data sets were the simplest data sets used and they are non-hierarchical. The pq-gram

metric has forced these data sets to be hierarchical when applied to them. In case of

Lenses data set, the data set could not be clustered, since the number of observations

(pq-gram trees) obtained after using the pq-gram metric was equal to the number of

clusters required, which is equal to the number of the data set classes as well. In the

case of Iris data set which is also non-hierarchical data, the data also has been forced

to be hierarchical and the clusters obtained to some extent were good in separation,

but they were not similar to the original classes of the data sets. In other words, the
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results when applying the pq-gram distance metric to this classified data did not show

good results (the agreement between the new clusters and the existing classes was very

low 0.3067), as each new cluster has many dissimilar data points, despite the excellent

separation between clusters.

After this, the NBER US Patent data set was used, which is hierarchical. The

results, as expected were reasonable when compared to the non-hierarchical data sets,

since the data did not need to be forced to be hierarchical by the pq-gram metric. The

pq-gram metric produced some similarity between the objects in the data sets. The dis-

advantage of this data set was the lack of data records for the patents, which makes it

difficult for the pq-gram metric to find similar pq-gram trees between, for example, each

of two patents. Thus, a mixed data set, named the THIN data set was used. This data

set comprises rich data records for almost every patient in the data set. The pq-gram

distance metric was been applied to THIN when comparing between the pq-gram met-

ric and a number of other distance metrics. In total, six different distance metrics were

applied to the THIN database to isolate details pertaining to the drugs DESLORATA-

DINE and DOXEPIN. The main objective was to find which metric is most useful for

measuring distances in THIN data, with an emphasis on the pq-gram metric because it

is designed for hierarchical data, such as the READ codes present in THIN. The dis-

tance metrics were implemented using two different types of data structures, and their

results compared. The two data structures were the tree-like structure of the pq-gram

and Edit Distance metrics groups, as shown in Figure 4.10, and the frequency table or

matrix for the group of geometric and Hamming metrics, as shown in Table 4.3.

Regarding the pq-gram, the distances were found to depend mainly on the number

of intersected pq-grams between two trees, as well as the values of the parameters p

and q. Choosing the correct values for p and q requires trade-offs. In [116], Srivastava

et al. analysed the sensitivity of pq-gram distances when comparing values p and q,

and concluded that increasing p relative to q implies greater importance is being given

to the ancestors than to the children of the trees; i.e. two nodes are considered to be the

same only when they share p common ancestors. Thus, in this case the smaller the value

of p relative to q, the greater the probability of finding intersected pq-grams between
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two trees and the more importance is given to the data rather than the structure of the

trees. Based on this, the results in the seventh column in Tables 4.4 and 4.6 are better

compared to the results in the eighth column of the same tables.

In general, the pq-gram metric performed well, compared to that when using the

aforementioned data sets, but it was not the best metric because it depends on many

parameters (p, q and the tree structure). It was able to highlight some similar patients

by measuring the similarity between their data, as shown in Table 4.4 (e.g. patients

a670605Up, a670602uS and patients a67340327, a681001KN). On the other hand, Ta-

ble 4.6 contains some non-similar distances produced by the pq-gram and Edit Distance

metrics; for example, the two patients (g989501KB and a999104cU) have a normalised

distance equal to 1, which means there is no similarity between these patients’ data.

The reason for this could be the lack of data about the drug DOXEPIN. That is to say,

the more data (data records) are available the greater the probability that there will be

similar data for patients in the THIN database.

After finding all the distances using the chosen metrics, the results were verified

by considering the entire patient populations for each drug and by checking whether

these distance metrics discriminate sufficiently using clustering of the patient popula-

tion. Figures 4.12 to Figure 4.17 for the first drug and Figure 4.18 to Figure 4.23 for

the second drug show the results of clustering using the k-means algorithm. The latter

details the simplest clustering method and requires the number of clusters to be known

in advance. Hence, here it was defined that the number of clusters should be equal to

3. However, more accurate data analysis is required for future work, so more than three

clusters might be considered.

The clusters were plotted using the clusplot function from R software, which rep-

resents all the observations by points in plots using the Principal Component Analysis

(PCA) [75], see Chapter 3, Section 3.9. Here, PCA is used in the data set for the purpose

of visualisation and no feature selection has been carried out. The clusters are labelled

using numbers (1, 2 and 3) as shown in Figure 4.12 and the geometric and Hamming

metrics discriminate successfully between the populations for both drugs. Tables 4.7

and 4.8 show the number of patients in each cluster. The patients in Table 4.4 are
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grouped in cluster1 for all the metrics used, while the patients in Table 4.6 are grouped

in cluster1 for the geometric and Hamming distance metrics only. In contrast, the dis-

tances for the same patients using the pq-gram and Edit Distance metrics have very poor

similarity. Thus, cluster1 for both metrics contains some similar distances other than

those in Table 4.6. The probable reason for this is the lack of data related to the second

drug. In general, cluster1 in Table 4.7 and Table 4.8 contains similar patients, all of

whom have medical events related to the drug in common, while cluster2 contains non-

similar ones. The remaining patients, i.e. those not in cluster1 or cluster2, are grouped

in cluster3, as shown in Figures 4.12 to 4.23.

4.7 Summary and Conclusion

The pq-gram distance metric was applied to three different data sets to test its feasibility

and reliability when measuring the distances for mixed data sets. It was not effective

for managing simple non-hierarchical data sets, or for producing the same classes as

the original data sets. Then, it was applied to large hierarchical databases, including

the NBER US Patent data, so the metric could improve performance by providing some

similarity between the pq-gram trees for the data set. This provided motivation to ex-

pand the investigation by using the pq-gram metric on mixed data sets, such as the

THIN data set. The metric was applied to the data set during the process of compar-

ing different distance metrics, including the pq-gram metric, to measure the similarity

between the THIN data set objects.

The comparison shows that, generally, all the metrics produced similarity in dis-

tances between the patients’ data. Regarding the pq-gram metric, it was not the best

metric for the THIN data, but it could measure similar distances and group them into

one cluster. That is to say, it highlighted some known medical events related to the drugs

taken, for example cough and itchy eye symptoms related to the drug DESLORATA-

DINE. Based on this experiment, it was apparent that the pq-gram distance metric can

be used to measure similarity in the THIN data, but that the results are not outstanding

when compared to other distance measures. Thus, to prompt the hierarchical distance
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measure to produce better results and to investigate whether it is suitable for use with

large mixed databases the pq-gram distance metric was used in different way, to work

for hierarchical data attributes only. For example, by combining the hierarchical pq-

gram metric for hierarchical attributes and other distance metrics for non-hierarchical

attributes into one distance function to create a new distance measure.

Use of the pq-gram distance metric in a CDF has not been carried out yet, and

this gap in knowledge can be filled by creating CDFs from the hierarchical distance

measures for hierarchical attributes and non-hierarchical measures for other types of

attributes, and then clustering the data sets using the BIRCH hierarchical clustering

algorithm.

In the next chapter, a new distance measure will be introduced named as the Com-

bined Distance Function (CDF) using the pq-gram distance metric for hierarchical at-

tributes. It will be used to measure the similarity between data records in the NBER US

Patent data set. The data will also be clustered using the hierarchical clustering algo-

rithm BIRCH, but will first be applied to the Iris data set to determine if it produces the

same original classes as Iris.



Chapter 5

Improve the Pq-gram Distance Metric

for Mixed Data Sets

5.1 Introduction

There is a growing need for efficient distance measures and clustering algorithms to find

similarities between data objects in hierarchical mixed data sets that include hierarchical

attributes. Such hierarchical data sets can also contain different data types, such as

numeric and categorical attributes; in which case they are called mixed data sets. In

the previous chapter, the performance of the hierarchical pq-gram distance metric was

found to be better when producing similarity data from the mixed THIN data set, than

when applied to non-hierarchical and hierarchical only data sets. In this chapter, the

pq-gram distance metric is used in a different way to deliver better performance and

functionality for large mixed data sets. The aim is to use different distance measures

for attributes with mixed data types, such that the pq-gram metric, in combination with

other distance measures, produces a novel distance measure for mixed data sets.

The new distance measure, the CDF, will be first applied to non-hierarchical and

hierarchical only data sets, to investigate its performance. This will provide a simple

comparison between the performance of the pq-gram metric for the data set in the pre-

vious chapter and the new distance function detailed in this chapter. A hierarchical

96
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algorithm, named BIRCH is applied in this chapter, which is a well-known hierarchical

algorithm for big data sets. It can be used to perform clustering on samples of data sets,

to speed up the computation, and then generalise it to the entire data set. The results of

the clustering are visualised using R software functions and evaluated using validation

indices.

5.2 Comparison Between the Hierarchical Measures Based

on the Hierarchical Similarity Rules

According to [77], six hierarchical measures were used to exploit the hierarchical struc-

ture of the Network Traffic data, called Echidna. The first three were unsuitable, based

on the desired rules and hierarchical similarity measures (see Chapter 2, Section 2.4.1.3).

The final three measures were proposed by Mahmmod et al. [77], and only one, the Hi-

erarchical Similarity measure 1 (HSM1), was deemed suitable for their work. In this

chapter, when comparing these hierarchical measures, the six measures were tested

based on rules, using an example from the Patent data set. Table 5.1 illustrates the sim-

ilarity between the various nodes in a patent hierarchical tree, as shown in Figure 5.1.

This comparison was intended to help illustrate the appropriateness of the hierarchical

similarity measures, in terms of the requirements and rules set.

• Rule1: the symmetry rule shows that all of the measures are symmetric except

for S OGM whose value depends on the node used as the basis for comparison

in the denominator. For example, S OGM(3939720, Aaen) = 0.333333; whereas,

S OGM(Aaen, 3939720) = 1.

• Rule2: Similarity to ancestor is higher than similarity to the ancestor’s sibling,

S GCS M is the only measure that does not follow this rule, because S GCS M(Olav, Aaen)

= S GCS M(Olav, Aa f jes) = 0.

• Rule3: Similarity to closer ancestor is higher than similarity to distant ances-

tor, S S S does not follow this rule, since both S S S (3939720, 3939720) = 1, and

S S S (3939720, 3945451) = 1.
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Figure 5.1: Example of a Hierarchy Patent Data

• Rule4: lower level siblings are more similar than higher level siblings, all the mea-

sures follow this requirement for all measures, such as, S (3939720, 3945451) ≥

S (Aaen, Aa f jes).

• Rule5: a node should be at least as similar to a sibling at the same level as to

a parent of a non-sibling, S GCS M and S HS M2 following the rule based on this

example S (3939720, 4094212) ≥ S (3939720,Herman) = 0, although based

on [77], the two measures failed. S HS M3 failed in following this rule, because

S (3939720, 4094212) < S (3939720,Herman) = 0.

Based on the example shown in Figure 5.1, the hierarchical similarity rules, S HS M1,

and by chance, S HS M2, are the two similarity measures that follow all the rules from

among the measures available. Since the distance measures can be derived as a comple-

ment of the similarity measures, for the experiments the hierarchical distance measure

DHS M1, which is derived from the hierarchical similarity measure S HS M1 for the hier-

archical data in the database, was used. This hierarchical distance measure was used

in combination with other distance functions for the numeric and categorical data types

to determine the distances when clustering using the BIRCH algorithm and Equation

2.15.
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Table 5.1: Similarity Values between Various Nodes in the Tree in Figure 5.1

First Node Second Node S GCS M S S S S OGM S HS M1 S HS M2 S HS M3

Aaen Aafjes 0 0 0 0 0 0.8
Olav Herman 0 0 0 0 0 0.6
Olav Aaen 0 1 0.5 0.2 0.666667 0.9
Olav Aafjes 0 0 0 0 0 0.7

3939720 Aaen 0 0.5 0.333333 0.2 0.5 0.8
3939720 Olav 0.4 1 0.666667 0.4 0.8 0.9
3939720 3939720 1 1 1 0.6 1 1
3939720 3945451 0.666667 1 0.666667 0.4 0.666667 0.8
3928730 3999215 0.666667 1 0.666667 0.4 0.666667 0.8

Einar Robert 0 0 0 0 0 0.6
3939720 Aafjes 0 0 0 0 0 0.6
3939720 Herman 0 0 0 0 0 0.5
3939720 4094212 0 0 0 0 0 0.4
3939720 Einar 0 0 0 0 0 0.5
3939720 3945891 0 0 0 0 0 0.4

Aaen 3939720 0 0.5 1 0.2 0.5 0.8

As described in Chapter 3, section 3.5, the BIRCH algorithm takes each record

and iteratively builds a hierarchical tree of clusters called a CF tree (see Definition 2.1).

As the tree is built, each record is inserted into the closest cluster, using the CDF for

all attributes. In Figure 5.2, the hierarchical data has to possess the same length for

data comparison, to locate the similarity between them in the records. Each character in

an attribute on the record is compared with a corresponding character in other records

in order to reveal the similarity between them. This is also a way to find the similarity

between, for example, the misspelled names of inventors, to group them into one cluster.

5.3 Data Pre-processing

The data sets used in this chapter were the Iris data and the U.S. NBER Patent database.

The data source preparation process consisted of loading the data sets from the source to

the Microsoft SQL server. The Iris data set is an existing data set, which does not need

any reprocessing, while the patent database needs to be cleaned first by removing all

the records with missing values, removing excess white-spaces and removing tags, and
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Figure 5.2: Hierarchical data have the same length

then generating one complete table from different smaller tables. The tables from the

data sets used are the Patent, Inventor and Assignee. These small data sets are consoli-

dated and then fed into the BIRCH clustering algorithm by creating one table (374230

data records) containing all the information in the tables being combined. Figure 3.1

exemplifies the patent data table created.

5.4 Clustering and Visualising the Iris Data Set using

BIRCH

In order to validate the new method when using the pq-gram distance metric in a CDF

for a mixed data types, the method was first applied to a simple data set, Iris data. It is an

existing known data set that consists of 150 data records and three species. It is used to

verify the new method by examining whether the method can produce the same existing

classes of Iris data, i.e. to determine how much agreement there is between the new

clusters and the original classes. Firstly, the CDF is used without the pq-gram metric,

then the pq-gram distance metric is added to work alongside the CDF. Figures 5.4 and
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5.5 produced the clustering of the Iris data using both kinds of CDFs and the BIRCH

clustering algorithm.

The results when clustering are visualised using two plotting functions: cmdscale

and clusplot in R. Figure 5.3 visualises the clusters in a multidimensional scale way

(MDS). Cluster number 1 is the most divisible, and it is contains the first species of

iris flower, called setosa, with the exception of two misclassified setosa’s. While the

other two clusters in both figures are not suited to separation, because they contain iris

versicolor and iris virginica samples in common. Figure 5.4 shows how BIRCH labelled

all the setosa’s perfectly, but made some mistakes with two other species, selecting far

too many flowers for cluster 1. This is because it plots with the clusplot function, giving

the Iris raw data the function of input, instead of a distance matrix; while the cmdscale

function requires the matrix as input. When clustering the Iris data, it was easy to use

the raw data because it is numeric and does not require transformations for the attributes

to be used as input for the clusplot. Subsequently, for the Patent data set, the distance

matrix was necessary as an input for the clusplot, because the patent data attributes are

of different types (numeric, hierarchical and categorical). However, the patent raw data

can be used as an input to the clusplot function in two cases only; first, if the selected

data set are all numeric; second, if the raw data is used as a data frame, which is one of

the options that the plotting function has as a data input, (see Section 5.8).

In 2009, Park et.al [87] clustered the Iris data using the k-means clustering algo-

rithm and a proposed clustering algorithm named the k-medoids algorithm. The clus-

tering accuracy with the k-means algorithm was 88.7%; whereas, it was 92% with the

proposed method. The Iris data was clustered in this chapter using the BIRCH algo-

rithm, and evaluated using a method for estimating accuracy, and by comparing the

BIRCH cluster assignments with Iris data with the real Iris classification to ascertain

how much agreement there was between them. The accuracy of the data obtained was

88% and this value seems reasonable based on the ranges that belong within maximum

range 1, as well as when comparing this with the accuracy involved in clustering the

Iris data using the k-means algorithm in [87]. The similarity between the BIRCH clus-

ter assignments and the Iris data with the real Iris classification was also measured using
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Figure 5.3: Multi-dimensional scaling plot for Iris data set using the distance matrix

Figure 5.4: Plotting Iris data using CDF without pq-gram distance function

validation indices, such as the Rand index and the Jaccard index, which are described

in Chapter 3, sections 3.8.3 and 3.8.4. The values obtained for both were 0.8679 and

0.6728, respectively. Figure 5.6 shows the calculation of the accuracy, sensitivity, and

specificity of each class in the data.

Although the Iris data consists of numerical attributes only and the CDF is for

different types of attributes, the CDF did measure the similarity between the Iris data

records such that only the distance functions for the numerical attributes were worked
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Figure 5.5: Plotting Iris data using CDF with pq-gram distance function

Figure 5.6: The confusion matrix and statistics for Iris data using CDF without pq-
gram
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Figure 5.7: The confusion matrix and statistics for Iris data using CDF with pq-gram

and the others not. This can be achieved by giving the algorithm a tuple record for

attribute types (Numerical, Numerical, Numerical, Numerical) corresponding to four

numerical attributes (Sepal Length, Sepal Width, Petal Length, Petal width). For the

BIRCH algorithm to cluster the Iris data set, the following parameters were taken: the

maximum nodes entries B = 150 nodes, the distance threshold T started at value 0.3 and

incremented each time, running by 1.005, until three clusters were obtained without any

further changes.

The pq-gram distance metric alongside with the combined distance function, was

also applied to the Iris data set, and then the distances clustered using the BIRCH clus-

tering algorithm. The results of the clustering showed a slight difference compared to

that when using the CDF without the pq-gram distance function. The difference was an

improvement, based on the new accuracy provided by the new clusters of Iris data, at

0.8933. Figure 5.5 shows the resultant clusters when using the CDF with the pq-gram

distance metric, and their accuracy is shown in Figure 5.7, which is higher than that in

Figure 5.6.
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The results obtained using the pq-gram distance metric with the CDF for the dif-

ferent data sets show an improvement in performance compared to that when using the

pq-gram metric only. The new clusters are more reasonable and more similar to the ex-

isting classes of the original Iris data set, which are approved by the accuracy provided

by clustering the data set and by the hand checking to every data point in the original

Iris data set and the new clustered data set.

5.5 Using the New Measure for Patent Data Set

The input data was extracted from the Patent data set as 5-tuple records (LASTNAM,

FIRSTNAM, PATENT, CAT, CITY), where the CAT field is a numeric attribute, refer-

ring to the category the patent belongs to. CITY is a categorical attribute, and the other

three attributes are hierarchical: the last name, first name of the inventor and patent

ID number. Hierarchical means the attributes have a hierarchical relationship between

each other (implicitly structured like trees). To measure the similar distances between

the data records, the CDF, CDF with pq-gram and CDF with weighted pq-gram were

used, which consists of a hierarchical distance function DHS M1 for each hierarchical

attribute (LASTNAM, FIRSTNAM, PATENT), the Euclidean distance function for nu-

merical attribute (CAT), the histogram of frequencies of the categorical attribute value

(CITY) and the pq-gram distance function for each input data record.

The construction of the CF tree was based on the threshold T = 0.5, which was in-

creased by 1.005 each time (the higher it is, the faster the convergence). The maximum

number of entries B, was set at 200, 500 and 1000 data input, to clarify the results and

the memory limit (Max. Node Entries * 1024 * 1024). In this example, three clusters

were chosen for 200 data records, four clusters for 500 data records and five clusters

for 1000 data records. Then the resulted clusters were plotted using the R software

function: clusplot. After clustering the patent data set using the BIRCH algorithm, the

resulting clusters and the distances matrix were saved in two separate (.csv) files, then

in R the saved files were processed and plotted.
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5.5.1 Clustering the 200 Data Records Using the CDFs and BIRCH

Algorithm- Example 1

In this section, the results when clustering the 200 patent data records are displayed

in Figures 5.8, 5.9 and 5.10 using the distances matrix produced with the BIRCH

algorithm and the plotting function clusplot.

Figure 5.8 shows three clusters that resulted when clustering the 200 patent data

records using the BIRCH algorithm and the CDF. The data was scaled to project the

original data onto directions which maximise variance; the first direction was the first

component with maximal variance and the second component had maximal variance

perpendicular to the first component. Thus, the two axes represented the first two prin-

cipal components, which were the linear combination of the original data set. The

ellipses shapes are clusters constructed based on the average and covariance matrixes

of each group. The clusters are labelled as 1, 2 and 3, and the data point’s labels are

numbers, representing the numbers in the Patent data records. For example, cluster 3

has 10 records, as shown in Table 5.2. These records are similar to each other in at

least one attribute; e.g. record number 1 and 2 are similar to the PATENT code number

and the category CAT it belongs to. Records numbered 3, 4 and 5 are similar to each

other, sharing the same attributes as well as the CITY name; thus, the three records that

are similar to the second record and share the CITY name are in one cluster. Similarly,

records number 6 and 7 are similar to each other in LASTNAM, PATENT, CAT and

CITY, and similar to the previous records in that CAT number, so they are in same clus-

ter. The last three records share the CAT number with the records in cluster 3. These

records or data inputs are close to each other in terms of distance when clustering using

BIRCH; thus, they are in one group. Although Table 5.2 shows no similar inventors

with different patent numbers, it still groups the data records based on the similarity of

other attributes and the closeness of distance between each of the two records.

Table 5.3 shows a number of similar data records in cluster number 1, and the

similarity between these data records is greater than that in cluster number 2. In the

table, the different patent codes belonging to the same inventor or inventors who have
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Table 5.2: All the data points (records) of the cluster number 3 in Figure 5.8

Records LASTNAM FIRSTNAM PATENT CAT CITY
1 Ono Minoru 3887407 4 Kodaira
2 Momoi Toshimitu 3887407 4 Tokyo
3 Nakamura Junji 3887435 3 Tokyo
4 Miyashiro Shigeyoshi 3887435 3 Tokyo
5 Okada Hiroshi 3887435 3 Tokyo
6 Harich Jakob 3890212 3 Orlando
7 Harich Franz 3890212 3 Orlando
8 Chetter John 3890196 4 Lytham-St.-Annes
9 Miller Richard 3890258 4 Berwyn

10 Bergeron John 3890202 3 Schenectady

Table 5.3: Some of the patent data records of cluster 1 in Figure 5.8 that have the most
similarity

Records LASTNAM FIRSTNAM PATENT CAT CITY
1 D’Alelio Gaetano 3890272 1 South Bend
2 D’Alelio Gaetano 3890274 1 South Bend
3 Arai Tuhru 3887443 1 Nagoyashi
4 Arai Shinji 3884790 1 Nagoya
5 Henrick Clive 3882154 1 Palo Alto
6 Henrick Clive 3882156 1 Palo Alto
7 Henrick Clive 3882157 1 Palo Alto
8 Shiba Keisuki 3887380 1 Minami-Ashigara
9 Shiba Keisuki 3887381 1 Kanagawa

10 Sato Koji 3882153 1 Iwaki
11 Sato Arkira 3887380 1 Minami-Ashigara

the same last name with different written city names, as in records 3 and 4 in the table,

are all in one cluster. The records are designated to cluster 1 by their category number

(CAT), despite the fact that they differ in some of their other attributes.

In general, it can be seen that the most similar data records in the majority of the

attributes are grouped into one cluster. The other clusters may contain dissimilar data

records, except for one attribute. That is to say, some clusters are better at attaining

similarity between the data records, when compared to the other clusters. For example,

in Figure 5.8, cluster number 1 is better at attaining the most similar data records, as

shown in Table 5.3, which compares it with cluster number 3, the records for which are

shown in Table 5.2.
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Since the pq-gram distance metric considers the entire database entry record and

not just one column of each data record when measuring the similar distances between

two data records, the metric is added to the CDF to work alongside DHS M1 as an another

hierarchical distance metric. Thus, the CDF for the 5-tuple records consists of one

distance function for the numerical attribute, one distance function for the categorical

attributes and three hierarchical distance functions for the hierarchical attributes plus

the pq-gram distance function for the entire 5-tuple record

Figure 5.9 shows the impact on the results when adding the pq-gram metric to

the CDF when clustering the Patent data set. The values for the p and q parameters

are chosen as p = 2 and q = 2 for all the experiments in this chapter (see Chapter 4,

Section 4.4.2) since better distances are obtained when the values are small, while the

pq-gram metric has been applied to THIN data. When comparing Figure 5.9 to Fig-

ure 5.8 some overlap in the clusters is displayed. Clusters numbered 3 and 2 shared

record numbers 57 and 129, and both belong to the same CATEGORY number. It

seems that the pq-gram metric with CDF is trying to force some data records to share or

move to other clusters which have data records that share some of their attributes. For

example, cluster number 3 has two patents in the same category number, which is equal

to 4, and cluster number 2 has only one patent in the same category, thus cluster number

2 shares cluster number 3 with the patent with the same category. It is also noteworthy

that, despite the fact that there are overlapping clusters shown in Figure 5.9, the clusters

may include data records that share similarity in at least one attribute.

To show the impact of one distance function among the others in the CDF, weights

were added to the different aspects of the CDF as described in Equation 2.16, while

clustering the 200 patent data records into three clusters using the pq-gram distance

function along with the CDF. The weight values are equally distributed to the differ-

ent parts of the CDF, with the exception of the part that needs to be investigated. The

latter will have the sum of the other parts’ weights, which means it has the greatest im-

pact on the calculation process. For example, to give the greater impact to the pq-gram

distance function along with the CDF, the weights are added as follows: Dis(Cl1,Cl2) =[
(dish × 0.2) + (dish × 0.2) + (dish × 0.2) + (disn × 0.2) + (disc × 0.2) + (dispqgram × 1)

] 1
2
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where dish, disn and disc represent the distance functions for the hierarchical, nu-

merical and categorical attributes, respectively. dispqgram represents the distance func-

tion for the pq-grams of the data records. The weights are added equally to each part of

the CDF except for the aspect that needs to be investigated, which is given the largest

weight. In the example above, the pq-gram distance function part is given the largest

weight. The result when assigning a weight to the pq-gram distance function gives the

same clusters as are described in Figure 5.9. In this example, it is evident from the

figures that giving a weight to the pq-gram distance function in the CDF did not affect

the results when clustering. Also in both figures ( 5.9 and 5.10), cluster numbers 3 and

2 share records numbered 57 and 129, and both belong under the same CATEGORY

number.

Figure 5.8: Clusters of 200 patent data records using CDF and clusplot function
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Figure 5.9: Clusters of 200 patent data records with 2,2-gram

Figure 5.10: Clusters of 200 patent data records by giving a weight to the 2,2-gram
metric
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5.5.2 Clustering the 500 Data Records Using the CDFs and BIRCH

Algorithm- Example 2

In this section, another sample of the patent database is clustered to illustrate the role

of the pq-gram metric when used with the CDF to measure the similarity between the

data set records more clearly. The sample comprises 500 data records and is clustered

into four clusters, once using the CDF without the pq-gram metric as in Figure 5.11 and

using the CDF with the pq-gram metric as in Figure 5.12.

Figure 5.11: Clusters of 500 patent data records without pq-gram distance function

The comparison between Figure 5.11 and Figure 5.12 shows that using the CDF

with the pq-gram metric in this case produces better clustering than without it. In other

words, where the pq-gram metric is applied, the clusters are well separated and most

of the data records inside have relative similarity. For example, cluster number 1 has

all the data records belonging to patent category (CAT) number 1, which is the most

similar attribute between all the data records, although there are other attributes. Cluster

number 2 has all the data records similar in categories number 5 and 6, which are the

most similar attributes in the data records, besides other similar attributes like the CITY

and LASTNAM. Within the 500 data records, there is only one record with category

number 2, and so it appears in cluster number 4 alone. When looking at cluster number
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Figure 5.12: Clusters of 500 patent data records using BIRCH algorithm and 2,2-gram
metric

4, the data record is seen to have some similarity with other data records within other

clusters like cluster number 3. Thus, to make this data point more apparent in a cluster

with more similarity data records, a weight has been given to the pq-gram distance

function to lend it greater emphasis when clustering the data. This process enhanced

the results and produced Figure 5.13.

Figure 5.13: Clusters of 500 patent data records by giving a weight to the 2,2-gram
metric
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The clusters of Figure 5.13 show more compactness comparing to those in Fig-

ure 5.11 and Figure 5.12. The data point, which was alone in cluster 4, as seen in

Figure 5.12 was added to cluster 3, which comprises all the data records for CAT num-

ber 3, but shares FIRSTNAM with the other data records. This means that the pq-gram

distance function, along with the CDF tried to combine this data record with others shar-

ing some similarity. Cluster number 2 consists of data records with category number 6

and a similar patent number.

5.5.3 Clustering the 1000 Data Records Using the CDFs and BIRCH

Algorithm- Example 3

In this section, the same process as that described in the previous sections was per-

formed, but using 1000 patent data records. The data was clustered to five clusters

as displayed in Figures 5.14 using the distances matrix produced using the BIRCH al-

gorithm and the plotting function clusplot. As with Figure 5.8, the clusters are also

labelled, but to 1, 2, 3, 4 and 5; and the data point labels are numbers representing the

patent data records. Each cluster in the figure contains a number of data records that are

very close in terms of distance and similar to at least one of the attributes. In addition,

the overlap between cluster number 2 with cluster 3 on the right and cluster 5 on the left

arises because some data points in cluster 2 are the same distance from the data points

in clusters 3 and 5.

The comparison between Figure 5.15 with Figure 5.14 shows that the CDF with

the pq-gram metric separates the data records for all patents belonging to category num-

ber 1 in cluster number 1; whereas in Figure 5.14 cluster number 1 includes the patents

that belong to category numbers 1 and 2. Furthermore, cluster number 3 includes all the

data records that have the category attribute 2 and 3 in Figure 5.15, while in Figure 5.14,

the same cluster corresponds with cluster number 4, and includes only the patents be-

longing to category number 3. Regarding the other attributes in the clusters, a variety of

attributes appear in each cluster, and not all the data records in a single cluster share the
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same attributes, with the exception of the patent category number. Generally, the pq-

gram distance metric, used in conjunction with the CDF, offers a slight improvement

in terms of the approach offered when gathering similar patent data records into one

cluster.

Figure 5.14: Plotting 1000 patent data records using clusplot function

Figure 5.15: Clusters of 1000 patent data records with 2,2-gram

In Figure 5.16, the results show four of the clusters are quite well separated while

one overlaps them all. That is to say, the CDF with weighted pq-gram distance function

could not produce better clusters than shown in Figure 5.15.
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Figure 5.16: Clusters of 1000 patent data records by giving a weight to the 2,2-gram
metric

5.6 Replacing the Hierarchical Measures by the Pq-gram

Distance Function

In this section, the hierarchical measures in the CDF have been replaced by the pq-gram

metric, to be combined with measures of numerical and categorical data. Practically, the

replacement process is done by not considering the hierarchical measures in the CDF,

by giving them the weight 0. Thus, the New-CDF will then be a combination of the

distance functions of the pq-gram distance function for hierarchical data, the Euclidean

distance function for numerical data and the histogram of the frequencies of the attribute

values for categorical data. The New-CDF was applied to the same examples as detailed

in the previous sections to show the differences between their results when using the pq-

gram along with the CDF or the New-CDF.

5.6.1 Example 1

In this example, the New-CDF is used to measure the distances between 200 patent data

records, which are clustered into three clusters using the BIRCH algorithm as shown in

Figure 5.17. The three clusters in this figure, when compared to those in Figures 5.8,
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5.9 and 5.10, have almost the same data records, but their distribution in each cluster

is different. Cluster number 3 has the same records as illustrated in Table 5.2 except for

one record (record number 129), which has been moved to cluster number 2, because

its pq-gram distance value differs from the distance values for the other 9 records. Ar-

guably, the overlap between clusters number 2 and 3 is because the pq-gram distance

function gives similar distance values to overlapped records.

Thus, it is concluded from these results that by using the weighted pq-gram dis-

tance function (New-CDF), the aim is to benefit from moving records with the same

pq-gram distances into one cluster. However, this does not happen every time as will be

seen in the next example when clustering the 500 patent data records into 4 clusters.

Figure 5.17: Clusters of 200 patent data records using the New-CDF

5.6.2 Example 2

In this example, New-CDF is used to measure the distances between 500 patent data

records, which are clustered into 4 clusters using the BIRCH algorithm as shown in

Figure 5.18. This figure is very different from previous figures, like Figure 5.11 when

using the CDF without pq-gram, Figure 5.12 using the pq-gram along with the CDF

and Figure 5.13 using the weighted pq-gram with the CDF. The difference is that the

4 clusters are very overlapping, such that it is hard to interpret the data. However,
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the basic interpretation could be that, while the pq-gram distance function is trying to

put all the same records with the same pq-gram distances into one cluster, that cluster

already shares other similar attributes, but with different pq-grams distances, with the

other clusters. Thus, this causes the clusters to overlap, showing they have similar data

records in common.

Figure 5.18: Clusters of 500 patent data records using the New-CDF

5.6.3 Example 3

In this example, the New-CDF is used to measure the distances between 1000 patent

data records, which are clustered into 5 clusters using the BIRCH algorithm (see Fig-

ure 5.19). The clusters overlap heavily, which shows the New-CDF could not produce

any meaning groups for this example.

5.7 Cluster Validation

In this section, three tables were produced to illustrate the indice values for the results

when clustering the 200, 500 and 1000 patent data records in different cases. The indices

are the Silhouette and C-index, which are described in Chapter 3, Sections 3.8.1 and
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Figure 5.19: Clusters of 1000 patent data records using the New-CDF

3.8.2, respectively. Each table shows the index values for the clusters that resulted

when clustering the patent data set using the BIRCH algorithm and the CDF without

the pq-gram distance function; the CDF with the pq-gram distance function; and the

New-CDF, in which the hierarchical distance functions were replaced by the pq-gram

distance function.

Table 5.4: Silhouette and C-index values for the 3 clusters of 200 patent data records

The Silhouette Index C-Index
Using CDF without pq-gram 0.2405 0.0072

Using CDF with pq-gram 0.1858 0.0076
Using the New-CDF 0.2020 0.000028

Table 5.5: Silhouette and C-index values for the 4 clusters of 500 patent data records

The Silhouette Index C-Index
Using CDF without pq-gram 0.2209 0.0159

Using CDF with pq-gram 0.1808 0.0108
Using the New-CDF 0.2295 0.001

The Silhouette index value for the clusters resulted from using the pq-gram dis-

tance metric with the CDF, showing a lower compactness of clusters compared to the

values when using the other distance functions. Alternatively, the C-index value for the
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Table 5.6: Silhouette and C-index values for the 5 clusters of 1000 patent data records

The Silhouette Index C-Index
Using CDF without pq-gram 0.2225 0.0357

Using CDF with pq-gram 0.1722 0.0211
Using the New-CDF 0.2105 0.00104

clusters, which resulted from using the New-CDF, shows the lowest value referring to

good clustering, despite the lack of interpretability of the figures produced using it.

Since the figures resultant from using the New-CDF were not possible to be inter-

preted, although the indices value were relatively good, in the next section, those figures

will be presented using a different method by using different data input to the clusplot

function.

5.8 Using a Different Method to Compare the Results

In this section, a different method is used to compare the results of clustering the patent

data using the CDF with the pq-gram distance function and the New-CDF. The method

is to use another type of input data to the clusplot function. The function according

to [76] can have a matrix or a data frame input, where the latter input is used in this

section. While in Section 5.6, the data input to the plotting function was a matrix

of distance values resultant from the BIRCH algorithm. For only two samples of the

patent data set, 200 and 500 data records, the figures using both CDFs were compared

as follows:

5.8.1 The new figures for 200 data records using both CDFs

Figures 5.10 and 5.17 in the previous sections produced different shapes of clusters and

different distribution of the clusters data points as well as the x and y axes of the figures.

Both figures resulted from plotting distance matrices using the clusplot function. The

pq-gram distance function along with the CDF and the New-CDF produced different

distance matrices, which makes the plotting function produce different clusters. Despite
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all the above, the clusters of both figures are almost the same in having the same data

points in each cluster. Thus in order to show the clusters of both figures in the same

shapes, axes and data point distributions, this section illustrates another way of plotting

the clusters by using the data input as a data frame to the clusplot function.

Figure 5.20: Clusters of 200 patent data records using the CDF with pq-gram

Figure 5.21: Clusters of 200 patent data records using the New-CDF

The new results shown in Figures 5.20 and 5.21 can be compared now, since both

have the same data point distributions, the same axes and produced reasonable shapes

of clusters. Cluster number 1 is exactly the same in both figures, which includes the
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patents that are similar in different data attributes but all share the same CAT number.

The difference between the figures is in the clusters number 2 and 3, which show an

overlapping between almost all the data records except one record in Figure 5.20. This

overlapping is because the data records in each cluster are suitable to share the data

attributes from both clusters. For example, if the data records were gathered in cluster

number 2 because of the CAT number, for instance; and the data records in cluster

number 3 because of the pq-gram distance values. The overlapping could be because

the same data records in cluster number 2 might have the same pq-gram distance values

that need to be in both clusters.

In general, the New-CDF could not produce better, but almost the same, clusters

than that when using the CDF with pq-gram distance function. This was the same

conclusion when comparing the Figures 5.10 and 5.17 in the previous sections. In other

words, the New-CDF has been found not useful for the patent data set, which need to

use another data set that might give better clusters, such as the mixed THIN data set.

5.8.2 The New Figures for 500 Data Records Using Both CDFs

In this section, the same process is done as in the previous section, but with 500 data

records that are clustered to 4 clusters. Figures 5.22 and 5.23 can be compared as they

are similar in the axes limitations and the data record distributions; Both figures are

similar in cluster number 1 which has all the data records that are similar in different

data attributes and all share the same CAT number of the patents that they belong to

that is 1. The other clusters are the difference between the figures, which show the

best separable and compact clusters in Figure 5.22. The same reason as in the previous

section could be for the overlapping between the clusters and that the data records in

each cluster are suitable to share the data attributes from the other clusters.
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Figure 5.22: Clusters of 200 patent data records using the CDF with pq-gram

Figure 5.23: Clusters of 500 patent data records using the New-CDF

5.9 Discussion

In the previous chapter, the pq-gram distance metric was applied to different data sets,

non-hierarchical, hierarchical and mixed. The data sets had to be converted to hierar-

chical structures to suit the metric because the pq-gram metric was only designed for

hierarchical data [5]. The performance of the metric was not suited to non-hierarchical

data sets, and was relatively good for a hierarchical data set. However, the metric did
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produce similarity for the mixed THIN data, i.e. the performance was good; although,

compared to some other distance metrics it was not the best. Therefore, the performance

of the metric has to be improved to deliver better results by investigating different dis-

tance measures together for mixed data types’ inputs.

The improvement intended pertains to using the pq-gram distance metric to mea-

sure the hierarchical attributes only, as other distance measures apply for the other data

attributes. It was hoped to combine the measures into one distance function to cre-

ate a new distance measure for measuring the similarity between the data set records.

The hierarchical NBER US Patent data set was explored in this chapter by applying

the new method. In addition, the simple non-hierarchical Iris data set was explored for

the purpose of method validation and verification (for information on both data sets see

Chapter 3, Section 3.2 and Section 3.3).

The BIRCH clustering algorithm was also applied to the data sets. It is a well-

known and fast hierarchical clustering algorithm for use with large data sets. The al-

gorithm takes each record and iteratively builds a hierarchical tree of clusters called a

CF tree (see definition 2.1). As the tree is built, each record is inserted into the clos-

est cluster using the CDF (as described in Chapter 2, Section 2.3.6.1). Before using

the pq-gram distance metric in the CDF, the distance functions used in this applica-

tion and combined into one distance function were the hierarchical distance function

DHS M1 for the hierarchical attributes, the Euclidean distance function for the numeri-

cal attributes and a histogram of frequencies for the categorical attributes. Then, the

pq-gram distance metric was tested twice; in the first test, the pq-gram metric worked

along with the CDF, i.e. both DHS M1 hierarchical measure and the pq-gram metric were

used to test the hierarchical attributes. In the second test, the hierarchical measures in

the CDF were replaced with the pq-gram metric and worked in combination with the

other non-hierarchical measures to create New-CDF. In both cases, the pq-gram metric

considered an entire database entry (this is how the pq-gram works according to [5]),

while the other hierarchical measures considered only one column in each data entry

(record).
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The simple non-hierarchical Iris data set is used as a validation data set to de-

termine if the BIRCH algorithm could produce classes of Iris (setosa, versiclor and

virginica flowers) that would be almost the same as the original using CDF. The data

was clustered and the accuracy of the data obtained was 0.88 (see Section 5.4). This

value was based on the comparison between the BIRCH cluster assignments, the Iris

data and the real Iris classification, to determine the level of agreement between them.

Although the accuracy value was not as high as the value when using the classifiers, it

seemed to be a good result when clustering the data by assuming the maximum value 1.

The new measure produced better results and almost the same classes.

The second data set used in this chapter was the large hierarchical NBER US Patent

data set, and the aim of the clustering was to group the data into a number of clusters

that might have some similarity; for example, clustering patents by the same inventor

and distinguishing them from patents by other inventors. At the beginning, two samples

were chosen for clustering using BIRCH (200 and 1000 data records). The 200 data

records were clustered into three clusters, and the 1000 data records were clustered into

five clusters. The clusters were then plotted using a plotting function in R software

clusplot, which is a bivariate plot for graphical display. In order to explore the quality

of the clusters, two internal indices were employed: Silhouette coefficients and the

C-Index. Based on the index values, it was found that some clusters are better than

others, and the most similar data records were arranged into one cluster. For example,

Figure 5.8 showed three clusters labelled 1, 2 and 3, and cluster number 1 contained

more similar data records (see Table 5.3) than the other clusters, such as for patents

belonging to the same inventor or inventors who share some similarity in their names or

who are from the same city and patent category.

The pq-gram distance metric was also used in two ways to find the distances while

clustering the patent data sets. An example of 500 patent data records was provided for

clustering into four clusters (see Section 5.5.2). The example showed that clustering

this data using the pq-gram metric along with the CDF (Figure 5.12) produced better

clusters than the CDF without the pq-gram metric, as shown in Figure 5.11. Figure 5.13

gave much better results when a weight was assigned to the pq-gram metric than without
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a weight. In both cases when using the pq-gram metric along with the CDF, it can be

argued that using the metric was useful, as it provided compact and well-separated

clusters and there were similar data records in some clusters.

The aim of adding weights to different aspects of the CDF was to discover which

attribute would be most strongly emphasised when the CDF is used to calculate the dis-

tances (see Equation 2.16). In the examples provided in this chapter, the weighted pq-

gram distance function did not positively affect the clusters resulting from Figures 5.9

and 5.15, except in the example of clustering the 500 patent data records into 4 clus-

ters. In the latter example, the clusters that resulted from using the CDF along with the

weighted pq-gram distance function were improved compared to when not using the pq-

gram metric (see Figures 5.12 and 5.13 in Section 5.5.2). From this it was found that

using the weighted pq-gram distance function to work alongside the CDF sometimes

gives useful outcomes and sometimes not. Therefore, there is no clear answer to the

question: Can the pq-gram distance metric be combined with the other distance mea-

sures (the hierarchical and non-hierarchical) to find the similarity between data records

that have different data types, and what are the influences of adding weights to different

aspects of the CDF, particularly the pq-gram distance function? Thus, the suggestion

was to replace the hierarchical distance functions with the pq-gram distance function,

which would then be combined with the other distance functions for non-hierarchical

attributes to investigate if this delivered better outcomes.

The New-CDF was used to measure the similarity between the hierarchical Patent

data records, and the results (see Figures 5.17, 5.18 and 5.19) revealed that the New-

CDF did not give effectively compacted and separated clusters when compared to the

previous results attained when using the pq-gram distance function along with the CDF.

Thus, because of the good indices values obtained using this measure (as illustrated in

Tables 5.4, 5.5 and 5.6), the clusters have to be plotted in another way in order for the

figures to be compared. The new plotting was to use the data frame as input to the clus-

plot function instead of the distances matrix attained from clustering the data set using

the BIRCH algorithm. New figures were produced and could be compared when using

the two CDFs (CDF with pq-gram and New-CDF). Despite all the aforementioned and
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based on what was concluded in the previous chapter, the patent data set is often lacking

data records regarding something or someone, which affected the pq-gram metric per-

formance. The same drawback could explain why the New-CDF did not perform well

in this chapter for the large patent data set.

5.10 Conclusion

To conclude, the BIRCH clustering algorithm could produce groups of similar data

records with at least one attribute in common. In addition, different versions of the CDFs

(CDF, pq-gram along with CDF, weighted pq-gram along with CDF and New-CDF)

performed differently with the large hierarchical Patent data set. However, the result

when applying the new measure to the non-hierarchical data set was better than that

when using the hierarchical pq-gram metric in Chapter 4. Similarly, the performance

of the new measure for the hierarchical patent data set was also better, except when

New-CDF was used, as the resulting clusters could not be interpreted.

In the next chapter, the new method will be applied to a large mixed data set, the

UK medical THIN data set. Since the results and the performance of the new measure

were better than the performance of the pq-gram distance metric set out in the previous

chapter, it is anticipated that the new measure may give better results here also.



Chapter 6

Apply the New Measure to A Mixed

Data set

6.1 Introduction

In Chapter 4, the pq-gram distance metric was applied to different data sets, including

The Health Improvement Network (THIN) data set, by converting the data into a tree-

like structure. For the latter data set, the results showed the pq-gram distance metric

produces good performance, but improvements are required to obtain better results.

Thus, Chapter 5 evaluated a new distance measure created by combining the pq-gram

distance metric and other distance measures for mixed data type records. This new

measure was then applied to non-hierarchical and hierarchical only data sets and the

results were found to be much better. This provides the motivation to apply an improved

distance metric to the mixed data set THIN.

Therefore, the question in this chapter concerns the new measures that are expected

to be useful for measuring the similar distances in the mixed THIN data set. Clustering

using the BIRCH algorithm and measurements of the similarity distances between data

records using the CDFs are applied to the THIN database. Both the CDF with and

without the pq-gram, as well as New-CDF, are used to ascertain the distances between

data records, and the intention is to find groups of similar patients within the medical

127
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data, e.g. those sharing symptoms or side effects, or those records containing specific

drugs and other information.

6.2 Data Pre-processing

In this section, information extracted from the THIN data for a number of drugs called

DOXEPIN, DESLORATADINE and LEVOFLOXACIN is used. DOXEPIN belongs to

the family of Tricyclics that relate to antidepressant drugs. DISLORATADINE is used

to treat allergies within the group of Antihistamines, and LEVOFLOXACIN belongs

to the Quinolone family, which treats bacterial infections [83]. The drugs sampled are

assessed for patients under 18 years old, who are considered children. This group age is

chosen because the clinical trails for them are difficult and any algorithm or new method

that could work for this age group will be more valuable. The sample size for DOXEPIN

after pre-processing is small and contains 1172 data records representing information

from 42 patients. While for DESLORATADINE, the number of prescriptions in the

chosen age but within 30 days starting from the date of prescription concerns 9949 data

records. The sample size chosen for the experiments in this chapter is 1000 data records,

representing 148 patients, because this sample can be sufficient to represent the similar

distances between patients’ data. For the pre-processing of both drugs, DOXEPIN and

DESLORATADINE, see Table 4.2.

For the third drug used in this chapter, LEVOFLOXACIN, by doing the same pre-

processing as for DOXEPIN and DESLORATADIN, the size of the data by prescriptions

is 576 data records in total representing 14 patients aged 0-17 years old. The samples

of the THIN data for the three drugs are shown in Appendix A, Figures A.16, A.17 and

A.18, respectively. In the Figures, the attributes (FIELD1, FIELD2, FIELD3, FIELD4

and FIELD5) are corresponding to the 5-tuple of the extracted THIN data sets (combid,

sex, medcode, age at intake and time of event) for the three drugs used.

The data was clustered using the BIRCH clustering algorithm. First with the CDF

for hierarchical, numerical and categorical data, and then with the pq-gram distance

metric alongside the CDF. The input data records consist of the following data attributes:
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combid, sex, medcode, age at intake, and time of event. Combid is the patient identifier

(ID) and is hierarchical, medcode is the medical code (READ code) for the symptoms

and is also hierarchical, and sex is the categorical data type. Both variables (age at

intake) and (time of event) are numeric data types, and refer to age when taking the

drug and the time when the medical event occurred after taking the drug within 30 days

starting from the date of prescription.

In the next section, the CDF for two hierarchical attributes, one categorical attribute

and two numerical attributes (DHS M1, the histogram of the frequencies of the attribute

values, DHS M1, Euclidean Distance Function, Euclidean Distance Function) is described

as a measure of the distance similarity between patients’ data records. For the drug

DOXEPIN, the data is clustered into between 5 - 10 clusters to show how the quantity

of data grouped each time in the clusters increases, and to show how far the data records

are similar to each cluster when using CDF. The Figures for the 5-9 clusters will be

shown in Appendix A, while the figure of 10 clusters will be shown in the next section.

Figure 6.1 exemplifies the extracted THIN data.

6.3 Distance Calculation and Clustering Using the BIRCH

Algorithm for DOXEPIN Drug

6.3.1 The Distance Calculation Using CDF

In this section, the distances between the 1172 data records for the patients who took

DOXEPIN were calculated using the CDF, and clustered using BIRCH clustering al-

gorithm. The distance functions were the DHS M1 for the hierarchical attributes, the

Euclidean distance function for numerical attributes, and the histogram of the frequen-

cies for the attribute values for the categorical attribute. The number of clusters chosen

here are 10 and 42 clusters.

The results when clustering the 1172 THIN data records into 5-10 clusters reveal

that the smaller the number of clusters the more compact and separable the clusters are,
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Figure 6.1: Screenshot of a THIN data sample

as shown in Figures A.1 on page 163 to A.5 on page 165. However, the information

about each patient in the data set is only well separated from the other patients’ infor-

mation if the number of clusters increases. For example, in Figure 6.8 on page 136 42

clusters contain information about 42 patients.

In order to show the similar data records in each cluster, an example given, as illus-

trated in Figure 6.5 on page 135. In the figure, cluster number 8, for instance, has 61 data

records, representing information about 2 patients, f992302rM and i982304@w. Both

patients have multiple symptoms from the same hierarchy in common, such as 1737 and

1737.11, which refers to the wheezing symptom, 173B.00 and 171..00 which refer to

cough symptoms, F501.00, F527.00, F52..00 and F52z.00, which refer to the symptoms

for infective otitis externa and H01..00, H02..00, H05z.11, H00..16 and H05z.00, which
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all refer to a variety of mild and acute infection symptoms, like Acute sinusitis, Acute

pharyngitis and Upper respiratory tract infection. It is possible some clusters might not

have good similarity, but in these results each cluster shares some similarities with the

data records with regard to at least one attribute. Thus, it is worth noting that some

clusters are better than others at sharing similarity between the data records.

The next section presents the same scenario as the previous section, but adds the

pq-gram distance metric for the hierarchical attributes to the CDF. The 1172 THIN data

records were clustered into 5-10 clusters using BIRCH algorithm to discover how many

groups the algorithm will suggest as providing a clear classification and to show the

effect on the results when adding the pq-gram distance metric to the CDF.

6.3.2 Using Pq-gram Metric With the CDF

In this section, the 2, 2-gram metric for hierarchical attributes, along with the measures

of other attributes are used in the CDF to find similar distances between the 1172 THIN

data records representing 42 patients taking DOXEPIN. The data was clustered into 5-

10 clusters using the BIRCH algorithm to show what the clusters have in common and to

provide a clear example of how far the new metric influences the resultant clusters. For

example, Figures 6.2, 6.3 and 6.4 show how the clusters to the right side of the figures

are divided, as the number of the clusters increases such that the patients who have the

most similar data records stay in one cluster and non-similar ones remain separate from

them. The left side of the figures remains unchanged, since each cluster has either data

for only one patient or has the same number of patients, each with similar data records

for most attributes. The figures for the 5 and 6 clusters will be shown in the Appendix A.

Later, a comparison will be performed to see the differences when using the pq-gram

metric with and without the CDF. In the examples, the values are p = 2 and q = 2, so

that the pq-gram is 2, 2-gram.

The results of the clustering in this section with the existence of the 2, 2-gram

metric, along with the CDF and without the existence of 2, 2-gram in the previous sec-

tion show that the clustering of 5-10 clusters gives quite good separation in the clusters.
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Figure 6.2: The 7 clusters of 1172 THIN data records-Doxepin drug Using CDF and
pq-gram

Figure 6.3: The 8 clusters of 1172 THIN data records-Doxepin drug Using CDF and
pq-gram

However, it is difficult to say which results are better or worse, although based on the

index values (see Table 6.1), some difference can be noted. In general, the clustering

without the pq-gram is slightly tighter than with the pq-gram, except that in the last

two figures for the 9 and 10 clusters, as in Figures 6.4 and 6.6, where the index values

shown are better. The data records that relate to the patients lie in one cluster and are

more similar to each other in most of the attributes, for example, cluster number 8 of
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Figure 6.4: The 9 clusters of 1172 THIN data records-Doxepin drug Using CDF and
pq-gram

Figure 6.6 on page 135.

6.3.3 Adding Weights to the CDF

Using Equation 2.16 this section describes the results when adding weights to the pq-

gram distance function aspect of the CDF. An example of clustering the 1172 THIN data

records into 10 clusters is used by adding the weight to the pq-gram distance function,

then comparing it to the same example as that in Figure 6.6 on page 135. The difference

is that clusters 3, 4, 6, 8 and 10 are better separated in Figure 6.7 than to those in

Figure 6.6. Thus, some improvements can be noticed using this comparison and these

could relate to the influence of using the weighted pq-gram distance function in the

CDF.

In the example when clustering the 1172 THIN data records into 42 clusters, the

Figures 6.8 and Figure 6.9 were presented. The first figure showed the clustering of

the data using the CDF without the 2, 2-gram metric and the second figure showed the

clustering of the data using the CDF with the 2, 2-gram metric. The two figures showed

only slight difference, but both share the fact that each cluster contains information from

only one patient. By adding weights to the aspects of the CDF lending the concentration
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Table 6.1: Silhouette and C-index values for all the clusters

Clusters The Silhouette Index C-Index

The Combined Distance
Function Without 2,2-gram

2 0.3337 0.0192
3 0.3636 0.0149
4 0.3448 0.0150
5 0.3593 0.01649
6 0.3621 0.02006
7 0.3192 0.0581
8 0.3322 0.0628
9 0.2215 0.07552

10 0.2353 0.0928

The Combined Distance
Function With 2,2-gram

2 0.2760 0.0179
3 0.3083 0.0140
4 0.2978 0.0151
5 0.3126 0.0158
6 0.3149 0.0196
7 0.2930 0.0840
8 0.2986 0.0853
9 0.3157 0.0829

10 0.3067 0.0816

to the pq-gram distance function, the clustering presents different pictures, as shown in

Figure 6.10, comparing to the aforementioned figures. The majority of the clusters are

well separated and each one, as in the previous figures, contains the records for just one

patient.
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Figure 6.5: The 10 clusters of 1172 THIN data records-DOXEPIN drug

Figure 6.6: The 10 clusters of 1172 THIN data records-DOXEPIN drug Using CDF
with pq-gram
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Figure 6.7: The 10 clusters of 1172 DOXEPIN drug data using CDF and weighted-pq-
gram

Figure 6.8: The 42 clusters of 1172 THIN data records-DOXEPIN drug representing
42 patients
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Figure 6.9: The 42 clusters of 1172 THIN data records-DOXEPIN drug Using CDF
and pq-gram

Figure 6.10: The 42 clusters of 1172 THIN data records-DOXEPIN drug Using CDF
and weighted-pq-gram
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6.3.4 Replacing the Hierarchical Measures by the Pq-gram Dis-

tance Function

In the previous sections, the role of CDF with the pq-gram distance function when

measuring the similarity between the data records was slightly better than when not

using pq-gram. Some clusters were better separated than others using the CDF with the

2, 2-gram distance function, as shown before in Figure 6.6.

This section explores the idea of replacing the hierarchical distance function (DHS M1)

with the pq-gram distance function and creating a New-CDF using only the pq-gram

distance function for hierarchical data attributes. The New-CDF comprises the pq-gram

distance function for hierarchical attributes, the Euclidean distance function for numer-

ical attributes, and the histogram of frequency of the categorical attribute values. The

same examples as used when clustering the 1172 data records into 10 clusters and 42

clusters in the previous sections were used here with the New-CDF. The example of

clustering the data set to 10 clusters, which is shown in Figure 6.11, using New-CDF

shows very overlapped clusters that cannot be interpreted. This gives the first insight

that the New-CDF is not able to provide any reasonable clusters, thus more examples

for other drugs have been used in this chapter to see if it can produce better clusters.

Figure 6.11: The 10 clusters of 1172 THIN data records-DOXEPIN drug Using New-
CDF
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To facilitate comparison between the figures in the previous section and the figures

in this section, the figures in the previous section are re-plotted using only two numerical

attributes from the data set from the original 1172 data records: the age of the patients,

and medical events that occurred within 30 days of taking the drug. Further, the figures

resulting when using the New-CDF in this section were plotted over the same period,

using the same two numerical attributes data sets, to compare the figures when using

the different distance functions (CDF with the pq-gram and the New-CDF).

Figures 6.12 and 6.13 were plotted based on two numerical attributes extracted

from the 1172 THIN database sample for the DOXEPIN drug: the age of the patients

and the timing of any events within 30 days of taking the drug. For both figures, PCA

was applied to the data, and the x, y-axes are represented by the first two principal

components, which show the underlying structure of the data, i.e. directions where

there is the most variance and directions where the data is most dispersed (measured

by the standard deviations). In other words, the clusplot function has been forced to

be plotted based on the principal components resulting from the PCA. Since there are

the only two attributes in the sample data set, the x-axis might represent the age of

the patients in days for those aged 0-18 years old and the y-axis might represent the

date of an event. By using the PCA, the original data points can be deconstructed into

eigenvectors and eigenvalues, where the eigenvectors and values exist in pairs: every

eigenvector has a corresponding eigenvalue. An eigenvector is the direction, and an

eigenvalue is a number that describes how much variance there is in the data in that

direction.

The first figure resulted when clustering using the BIRCH algorithm and the pq-

gram distance function, along with CDF, and the second figure resulted from using the

New-CDF. Both figures show identical clusters were produced; e.g. cluster 5, 8 and 9 in

the first figure and clusters 7 (corresponding to cluster 5), 8 and 9 in the second figure.

The other clusters vary between the two figures; for example cluster number 6 in the first

figure and, correspondingly, cluster number 5 in the second figure. Cluster number 6

consists of 3 patients’ records, which all share the same attributes of sex and some med-

codes; these are either identical or from the same hierarchy, e.g. 8B2D.00, 8B3H.00,
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Figure 6.12: The 10 clusters of 1172 DOXEPIN drug data using CDF-pq-gram

Figure 6.13: The 10 clusters of 1172 DOXEPIN drug data using New-CDF

8B41.00 and 8B3V.00. While cluster number 5 adds additional patient records to the

other three in cluster 6, these share gender in common with the 8B3H.00 and 8B31400

medcodes. Thus, using New-CDF is useful as it seeks to put patients who have high

data similarity into one cluster.
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6.4 Distance Calculation and Clustering Using BIRCH

Algorithm for DESLORATADINE

This section introduces the example of another drug from the THIN data set; the drug

is DESLORATADINE. The distance calculation and clustering using the BIRCH clus-

tering algorithm described here was accomplished using a subset of the drug’s data

comprising 1000 data records, representing 148 patients aged under 18 years old. For

the 1000 data records to be clustered, the CDF and the CDF with pq-gram distance

function, as well as New-CDF, were applied to measure the similar distances between

the data records and cluster them using the BIRCH algorithm. The data records were

clustered into 5 clusters and the parameter values given for the pq-gram distance metric

were p = 2 and q = 2.

Figure 6.14: The 5 clusters of 1000 DESLORATADINE data records-using CDF

In Figure 6.14, 1000 data records were measured with CDF that does not use the

pq-gram distance function. According to the figure, clusters numbered 1 and 5 are very

close to each other and share considerable information between the data records, while

clusters 2, 3 and 4 are closer to each other than the first two clusters. Cluster number

2 contains the data records for 45 patients, cluster number 3 the information for 18

patients and cluster number 4 the data records for 15 patients. In each cluster, the data

records have many READ codes in common, as well as some other attributes, such
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as the dates when medical events occurred after taking the drug DESLORATADINE.

However, the overlap between the clusters means that the records share many similar

data attributes. Generally, the five clusters are not well separated, but they do contain a

lot of similar data, as well as between the patient records inside each cluster.

Figure 6.15: The 5 clusters of 1000 DESLORATADINE data records using CDF with
2,2-gram

In Figure 6.15, the pq-gram distance function is used along with the CDF to mea-

sure the similarity between the same 1000 data records, clustering them into 5 clusters

using the BIRCH clustering algorithm. The overlap between the clusters is hard to inter-

pret, since each patient’s records are shared between more than one cluster, e.g. patient

a6706013B who has four data records distributed between cluster 1 and cluster 5. The

explanation for this is that this patient shares some similarity of information with the

patients in cluster 1 and some similarity with the patients in cluster 5 . In general, the

CDF with the 2, 2-gram cannot provide useful information or effective clustering for

such an example.

Figure 6.16 shows the results when clustering the DESLORATADINE data records

using New-CDF. In New-CDF, only the pq-gram distance metric is used for hierarchical

attributes alongside the other non-hierarchical measures, i.e. the hierarchical measures

in the CDF have been replaced with the pq-gram distance metric to create a new distance

function. The replacement was achieved by not considering the hierarchical measure
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Figure 6.16: The 5 clusters of 1000 DESLORATADINE data records using New CDF

while calculating the distances, by giving the weight 0 to those aspects of the CDF,

considering only the non-hierarchical measures with the pq-gram distance function.

The figure shows some overlapping clusters, contrasting with the previous figure,

as seen in clusters 1 and 2. These clusters share some of the pq-gram distance values

between a number of patients, as well as some symptoms and other attribute values.

The pq-gram distance function contribution in this calculation led to this overlapping;

since some clusters shared the same pq-gram distances values.

6.4.1 Using a Different Method to Compare the Results

It could be difficult to compare the results using the CDF with the 2, 2-gram distance

function, as in Figure 6.15, and the results from using the New-CDF, as in Figure 6.16,

since there is a difference in the positions of the data points and the axes of the figures.

In this subsection, the 5-tuple raw data, as described in Section 6.2, is reduced

to only two numerical attributes; that is, the age of the patients and the timing of any

medical event that occurred within 30 days after taking DESLORATADINE. Then the

PCA is applied to the new data set and the results plotted using the clusplot function.

The x, y-axes, as in the results reported in the previous section, are represented by the
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principal components that display the underlying structure of the data. In other words,

the clusplot function has been forced to plot based on the principal components result-

ing from the PCA. Since there are only two attributes in the sample data set, the x-axis

represents the age of the patients in days for ages 0-18 years old and the y-axis repre-

sents the date of any event. Using the PCA, the original data points are deconstructed

into eigenvectors and eigenvalues, where the eigenvectors and values exist in pairs, ev-

ery eigenvector has a corresponding eigenvalue. The first figure results from clustering

using the BIRCH algorithm and the pq-gram distance function, along with CDF, and

the second figure results from using the New-CDF.

It has been found that it is also difficult for new figures to be interpreted well,

because of the very overlapping clusters that were obtained. These are the same as the

original figures, which means also that one patient’s records are shared between more

than one cluster.

Figure 6.17: The 5 clusters of 1000 DESLORATADINE data records using CDF-pq-
gram and PCA
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Figure 6.18: The 5 clusters of 1000 DESLORATADINE data records using New-CDF
and PCA

6.5 Distance Calculation and Clustering Using BIRCH

Algorithm for LEVOFLOXACIN

The drug LEVOFLOXACIN has a small sized data set for patients under 18 years old.

The sample data covers 14 patients, and this was grouped into 3 clusters using CDF

and the BIRCH clustering algorithm. Figure 6.19 shows the three clusters using the

CDF without the 2, 2-gram distance function. The clusters are well separated and the

information provided about the patients in each cluster shows similarity in most of the

attributes, for example cluster number 1 contains six patients all sharing at least one

common attribute; e.g. patients a784008Ay, a998401Gi and h981900Rt have symptoms

F52..00, F502z00 and F4C0.12, which comes from the same hierarchy, F5 and F, and

refers to ear diseases. Cluster number 2 has information about five patients and cluster

number 3 that of three patients.

Using the 2, 2-gram distance function along with the CDF produces almost the

same clusters as those in the previous figure, as the data contained inside shares the same

data records. The difference only emerged in the shapes of the clusters’ ellipses, which

show slightly different directions based on the average and the covariance matrices of
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Figure 6.19: The 3 clusters of 576 LEVOFLOXACIN data records using CDF

each cluster. The same example shows that same data records for the same patients in

each cluster do not change.

Figure 6.20: The 3 clusters of 576 LEVOFLOXACIN data records using CDF with
pq-gram

The New-CDF, where the hierarchical measures are replaced by the 2, 2-gram dis-

tance function, produced better clusters, as shown in Figure 6.21, when compared with

the results from the other drugs’ data shown in the previous sections. Cluster number

1 contains the data records of six patients who have some information in common; e.g.
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patients a784008Ay and a998401Gi are in the same cluster and share symptoms that

come from the same hierarchy F52..00 and F502z00 and refer to ear diseases. In addi-

tion, both have symptoms that occurred at the same age for both patients; one example

is at age 4246 days i.e. 11 years.

In cluster number 3, the information pertains to three patients who also share some

information. Patients a985600ST and a9910039w have the same pq-gram distance val-

ues, as well as being of the same age when they experienced symptoms from taking the

drug. Cluster number 2 contains information about 3 patients, a9856002v, a998400WF

and f996702B2, who all share some data; such as, the first two patients sharing a symp-

tom that comes from the same hierarchy (F511.00 and F52z.11) which also refers to ear

diseases and specifically the infection otitis media.

Figure 6.21: The 3 clusters of 576 LEVOFLOXACIN data records using New CDF

6.6 The Clusters Validation

The following tables, Tables 6.2, 6.3 and 6.4, illustrate the silhouette and C-index val-

ues for the clusters produced by clustering the patients’ data records for three different

types of drugs. The indices in Table 6.2, for the clusters resulting from clustering the

data records for patients who took DOXEPIN, show a high quality of clusters when
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Table 6.2: Silhouette and C-index values for the 10 clusters of 1172 DOXEPIN data
records

The Silhouette Index C-Index
Using CDF without pq-gram 0.2353 0.0927

Using CDF with pq-gram 0.3129 0.0157
Using the New-CDF 0.4028 0.0659

Table 6.3: Silhouette and C-index values for the 5 clusters of 1000 DESLORATADINE
data records

The Silhouette Index C-Index
Using CDF without pq-gram 0.3592 0.08004

Using CDF with pq-gram 0.2828 0.0849
Using the New-CDF 0.2288 0.0505

New-CDF is used. A higher quality of clusters than those in the indices in Table 6.4

are shown when using the New-CDF for patients taking the LEVOFLOXACIN drug. In

contrast, the index values in Table 6.3 show when the New-CDF is used for measuring

the similarity distances between the patients’ data records who took the drug DESLO-

RATADINE. These indicate a lower quality compared with those shown in the other

tables.

Generally, it can be observed that New-CDF could produce good results when

measuring the similarity between data records from subsets of the THIN database. In

other words, the new measure can be a useful and suitable method for clustering data

from the THIN database, despite the poor quality shown in Figure 6.16, with the subset

of data used for the drug DESLORATADINE.

Table 6.4: Silhouette and C-index values for the 3 clusters of 576 LEVOFLOXACIN
data records

The Silhouette Index C-Index
Using CDF without pq-gram 0.44813 0.0457

Using CDF with pq-gram 0.4041 0.0401
Using the New-CDF 0.4659 0.0337
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6.7 Summary and Conclusion

In this chapter, a new distance measure was used and applied to the mixed THIN data

set to investigate its usefulness with this data set. This was achieved by using the pq-

gram distance metric with other different distance measures together with different data

attributes in one distance function. This is instead of using the pq-gram distance metric

for all the data attributes, as used in Chapter 4.

Firstly, the new method, the combined distance function CDF, is used without the

pq-gram distance metric by using a different hierarchical measure for hierarchical at-

tributes named DHS M1, the Euclidean distance metric for the numerical attributes and

the histogram of frequencies of the categorical attributes values. The CDF was tested

on subsets of the THIN data set to show the difference when using the pq-gram distance

metric instead of the other hierarchical distance measures. Then, the pq-gram distance

metric was used along with the CDF, i.e. in combination with the other hierarchical

measures DHS M1, to show the impact when adding the new metric. Later, the hierar-

chical distance functions in the CDF were replaced by the pq-gram distance function,

such that only the pq-gram distance metric was used for the hierarchical attributes, in

combination with the other non-hierarchical distance functions, to create a new function

called New-CDF.

Both the CDF with the pq-gram distance metric and the CDF without it, as well

as the New-CDF, were used to measure the distances between data records in terms

of similar patients’ data, covering symptoms or side effects from a specific drug when

using three different subsets of THIN data. The subsets of the data were extracted for

those patients taking three kinds of medical drugs: DOXEPIN, DESLORATADINE and

LEVOFLOXACIN, and the values of the pq-gram parameters used were p = 2 and q =

2.

For the patients who took the first drug DOXEPIN, 1172 data records were clus-

tered into 5-10 clusters using the BIRCH clustering algorithm in order to show the

clusters and their commonalities as the number of clusters increased. The results when

clustering this group of THIN data showed that the patients in one cluster shared some
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of the same symptoms, gender and some of the same dates in terms of when medical

events occurred. For instance, in Figure 6.6 cluster number 3 grouped information for

two patients (b990801rU and g9987021J) with the symptoms H17..00 and H05z.00, re-

ferring to allergic rhinitis and Upper respiratory infection, respectively. Another two

patients were grouped in cluster number 5 and the information they shared related to

H170.11 and 171..00 symptoms. The 171..00 symptom for both patients emerged on

day 9, so within 30 days of taking the drug. The results also showed that the clusters

from 5-10 for both the CDF with the 2, 2-gram and without 2, 2-gram resulted in slight

differences. This can be seen from the figures provided, as well as in the index values

given in Table 6.1.

Since the differences were not sufficiently clear, a weight was added to the aspects

of the CDF and the pq-gram distance function. Taking the example of clustering 1172

THIN data entries into 10 clusters, it has been seen that the results reported in Fig-

ure 6.7 were slightly better than when no weight was given to the pq-gram. This shows

the pq-gram metric could provide well-separated clusters comprising similar patient

information that nevertheless differs in some attributes.

For the group of patients who takes DESLORATADINR, 1000 data records were

clustered into 5 clusters using the CDF and the CDF with the pq-gram distance function.

The difference between the results when using both CDFs was that the use of the pq-

gram distance function in the calculation led to some overlap between the clusters, since

some clusters shared some of the same pq-gram distance values. This overlapping

influenced the quality of the clusters, as indicated in the tables of indices produced;

see Tables 6.2 and 6.3. Using the New-CDF on this subset of THIN data produced

more overlapping clusters, and the indices show that using the New-CDF resulted in

less compact clusters compared with the other CDFs (see Figure 6.16).

The group of patients that takes LAVOFLOXACIN is a relatively small group of

567 patients; here represented by 14 patients. This data was clustered into 3 clusters

using the CDF and CDF with the pq-gram distance function as well as New-CDF. For

the first two CDFs, the results were almost the same in each cluster, but the quality of

the clusters produced by the validity indices used differed. The validity indices, shown
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in Table 6.4, indicate that using the CDF with the pq-gram distance function produces

more compact clusters than when using the CDF without the pq-gram metric. The

quality of clusters produced using the New-CDF were better than that when using the

CDF and CDF with pq-gram distance function based on the indice values illustrated

in Table 6.4. For this reason, this chapter used another way to compare the figures

resulting when using both CDF with the pq-gram distance function and the New-CDF.

The comparison was made with subsets of data, extracted from the original data set

used initially for the three drugs data, based on two numerical attributes. In the previous

chapter, the subset of patent data set could not be used in the same way since it consisted

of one numerical attribute only. The new data subsets are plotted based on the first

principal components when applying the PCA to the new numerical data sets, and the

figures are compared for both the CDFs used.

In conclusion, using the different versions of the CDF, the CDF without pq-gram,

the pq-gram along with the CDF, the weighted pq-gram along with the CDF and the

New-CDF produced different results when using the THIN data (as reported in this

chapter) and the US NBER Patent data set (as reported in the previous chapter). The

New-CDF was not the better method compared to the other CDFs as it produced very

uninterpreted clusters for most of the examples provided in this chapter. The results

when using New-CDF to measure the similar distances between the Patent data records

in the previous chapter were inferior to the results when using CDF and CDF with the

pq-gram distance function. In contrast, the New-CDF produced some better similarity

for some of the THIN data examples pertaining to patients taking the LEVOFLOXACIN

medical drug.
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Conclusions

This thesis focused on developing and designing a new distance measure to assist in the

classification of entries in mixed data sets, specifically the THIN data set, by combining

an existing hierarchical distance metric with different distance measures. The aim was

to use the existing hierarchical distance measure, the pq-gram distance metric, to cluster

large hierarchical databases to obtain groups of similar data records consisting of mixed

data types of attributes. Furthermore, the research aimed to check whether the pq-gram

distance metric can work for simple non-hierarchical and hierarchical only data sets.

To achieve these objectives, a feasibility study was first performed on the pq-gram

distance metric using a couple of simple non-hierarchical data sets such as Iris and

lenses and a hierarchical only data set named as the NBER US Patent data set. Then

subsequently, the metric was applied to mixed subsets of the THIN data set with some

other different distance metrics, and the results were compared to show the usefulness

of the pq-gram distance metric relative to the data set. It was determined that the pq-

gram metric could not provide similar distances for the simple non-hierarchical data sets

and could produce relatively reasonable clusters for the hierarchical only data set when

clustering using the k-means algorithm. Furthermore, the results of the comparison

showed that the metrics could measure the similar distances between the mixed THIN

data set records, but the pq-gram metric was not the best one among them as shown in

Chapter 4, Section 4.4. Thus, it has to be applied in such a way to provide better results
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for the mixed THIN data set and group the similar data in one cluster while clustering

and distinguish them from data in other clusters.

To overcome the aforementioned issue, a combined distance function (CDF) was

produced, which combine the advantages of the hierarchical pq-gram distance metric

with other traditional distance measures for mixed data sets. The new measure could

provide better clusters for the same data sets used and mentioned earlier, while clus-

tering using the BIRCH clustering algorithm, than when only the pq-gram metric was

applied. Then the CDF was modified to create the New-CDF, which replaced the hier-

archical distance functions in the CDF by the pq-gram distance function such that the

New-CDF consisted of only the pq-gram distance function for the hierarchical attributes

and other non-hierarchical distance functions for the non-hierarchical data attributes for

a mixed data set. The New-CDF could not produce interpretable clusters for the hier-

archical only data set, NBER US Patent data set. In contrast, it produced reasonable

clusters to some extent for the mixed THIN data set when applied to the subset of pa-

tients’ data consuming the LEVOFLOXACIN drug, see Chapter 6, Section 6.5.

In order for the new measure to be applied to other data sets, the data set should

be hierarchical, i.e. it has to have a hierarchical structure like the NBER US Patent data

set or has at least one of the data attributes hierarchical like the READ codes in THIN

data set. This is because the new measure includes hierarchical distance functions to

measure the distances for the hierarchical attributes in a mixed data set. Although the

results when the new measure applied to the Iris data set were better than that when the

only pq-gram metric was used, as illustrated in Chapter 5, the new measure calculated

the distances for the data set such that the numerical distance function in the CDF only

worked and the other distance functions were disabled. Therefore, the data set should

also be mixed (not only numerical or only categorical) in order for the other distance

functions, specifically the hierarchical ones to work on the new measure.

The larger the data set is the better the results can be obtained. In other words,

the larger the number of data records that belong to something or someone in the data

set, like in THIN, the better chance there is for the new measure to obtain the similar

distances between them. For example, the results obtained for the patent data set in
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Chapter 5, Section 5.6 were not satisfied and the clusters were not interpretable for all

the subsets of the data used. In contrast, the new measure, New-CDF, could provide

reasonable separated clusters with the most similar distances between the data records

in each cluster for some of the subsets extracted from the THIN data set. For example,

the subset of patients’ data consuming the LEVOFLOXACIN drug, as illustrated in

Chapter 6, Section 6.5. Examples of other hierarchical data set that are worth trying the

new method on are the spatial data set, XML data set, and gene expression microarray

data.

The data sets for the new measure also need to be prepared very carefully by

removing all the data records that have missing values or NULL values to avoid the

existing incorrect distances values. For instance, the patent data set was prepared by

removing all the data records that have missing values, remove excess white-spaces and

remove tags to generate one complete table from the sub-tables of the data set, as shown

in Chapter 5, Section 5.3.

In the next section, the main contributions of this work are reported, followed by an

explanation of the limitations of those contributions. The aims and research questions

are also evaluated, and finally several directions for future research that may be followed

to complement this thesis are listed.

7.1 Contributions

This work has resulted in the following contributions.

1. Comparison of Distance Metrics for Hierarchical Data in Medical Databases

Six different distance metrics, namely, Euclidean, Minkowski, Manhattan and

Hamming distance metrics, for non-hierarchical data and pq-gram and an Edit

distance metric for hierarchical data were analysed and applied over two subsets

of a mixed THIN database for two drugs taken by patients. To date, a comparison

of these distance metrics on the THIN data set, particularly with the pq-gram

distance metric does not appear to have been performed.
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In chapter 4, the second objective of this research was achieved; the goal was

to discover if the pq-gram distance metric is a useful and suitable measure for

the mixed THIN data set when clustering patients. The above distance metrics

were considered and applied to the data and their results compared. The data was

used in two different structures, a tree-like structure for the hierarchical metrics

group and a frequency table or matrix for the non-hierarchical metrics group. For

both groups of metrics, the distances were found and normalised. Generally,

all the metrics produced good similarity distances between the patients’ data.

For the first drug, DESLORATADINE, the pq-gram distance metric produced

some identical distances (the distance equal to 0 between two patients’ data) and

some additional ones that were similar to each other. While for the second drug,

the DOXEPIN, the similarity distances were not found by the pq-gram distance

metric, as the patients’ trees needed to contain more information, and a limited

number of data records were associated with the patients consuming this drug.

The results were verified after finding all the distances, by considering the entire

population of patients for each drug and checking whether the distance metrics

discriminated sufficiently when using the k-means algorithm for clustering the

patient population.

2. Improving the pq-gram Metric for Mixed Data Sets At the beginning of this

research, the pq-gram distance metric was applied to the non-hierarchical data

set, hierarchical and mixed data sets, to test its validity and suitability. The per-

formance of the metric showed that it was not good for non-hierarchical data

sets, good enough for the hierarchical data set or suitable for the mixed data set.

Thus, the performance of the metric needed to be improved to work better with

the mixed THIN data set, such that it could work for hierarchical attributes only.

In this contribution, two objectives of this research were achieved; both relat-

ing to an improvement in the pq-gram distance metric’s performance, as suitable

for measuring the similarity between mixed data records. First, different dis-

tance measures were considered for the hierarchical patent data set, such that the

pq-gram metric worked only for hierarchical attributes along with other distance

measures for other types of attributes in a single data record.
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A CDF was created for three types of attributes in the Patent database, with an

entry of 5-tuples (hierarchical, hierarchical, hierarchical, numerical, categorical).

The CDF in Equation 2.15 used the DHS M1 for the hierarchical attribute, the Eu-

clidean distance function for the numerical attribute and the histogram of frequen-

cies of categorical attribute value, as well as the pq-gram distance function for the

entire entry of 5-tuples to be added to the CDF. Firstly, the CDF was used without

the pq-gram distance function and the results when clustering the data using the

BIRCH algorithm showed good clusters for the hierarchical data set; they were

well separated and compact and showed similarity between the data records in

each cluster, see Chapters 5, section 5.5 or the patent data set.

By adding the pq-gram distance function to work alongside the CDF, the same

clusters showed a slight difference in terms of an improvement for the Patent data.

Therefore, the idea of adding weight to the aspects of the CDF was proposed as a

way to change the influence of a specified attribute during CDF performance. The

weighted pq-gram distance function, along with the CDF, provided better clusters

only in some examples of the patent data set (see Chapter 5, Figure 5.13).

3. Applying the New Distance Measure to a Large Data Set

The last objective of this research was obtained, whereby the pq-gram metric was

used as a replacement for the other hierarchical measures in the CDF, and as the

only measure for the hierarchical attributes to test its suitability for clustering

large mixed data sets while clustering using the hierarchical BIRCH algorithm.

The pq-gram distance function working alongside the CDF means it is working

as an extra metric added to the CDF, consisting of another distance function for

hierarchical measure, DHS M1. In this contribution, the New-CDF consisted of

only the pq-gram distance function for hierarchical attributes, a distance function

for numerical, and a distance function for categorical attributes. Using the same

examples for the patent data set, the New-CDF did not give good clustering re-

sults. However, it worked for the THIN data, producing good similarities between

the data records, such that each cluster, while clustering using BIRCH algorithm,

consisted of mostly the same data records as those which each of the two patients
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have in common. Thus, it can be concluded that the New-CDF could be useful

if used for a suitable hierarchical or mixed data set, that produces some reason-

able clusters. For example, THIN data contains lots of records for each patient,

which makes it easy to find similarities between records, whereas the Patent data

consisted of few data records or only one record for each patent or for each in-

ventor, which makes it more difficult to find the similarities between the records.

For example, in Figure 5.18, which shows the four clusters of the 500 patent

data records, the records that belong to one inventor can readily be grouped into

one cluster. However, many inventors may be grouped into one cluster without

sharing any information or data records. Meanwhile, for the THIN data (see Fig-

ure 6.21), the data records that locate many patients in one cluster share at least

one attribute. This arises because the large trees that the pq-gram makes from

the many data records belonging to each patient produce a higher probability of

matching two patients who share at least one attribute.

7.2 Limitations of the Contributions

There were limitations that affected the work performed, as discussed below in reference

to each contribution:

1. While all the distance metrics used for the comparison in Chapter 4 produced rea-

sonable similar distances between the THIN data subsets, the pq-gram distance

metric was not the best. The data structure used for the non-hierarchical dis-

tance metrics was found to be very simple when compared to the tree-like struc-

ture used for the pq-gram distance metric and other hierarchical distance metrics

used. Overall, to compare between distance metrics including the pq-gram metric

successfully, it is probably better for the data structure to be the same for all the

metrics used.

2. Using the pq-gram distance metric in the CDF at the beginning did not deliver

a sufficient improvement in results when compared to those obtained without it.
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The idea of adding a weight to the pq-gram distance function aspect in the CDF

helped, to some extent, to achieve better outcomes from the clusters when cluster-

ing using the BIRCH clustering algorithm. However, the use of the weighted pq-

gram distance metric in CDF impacted the performance of the algorithm, slowing

the running time, with the result that it took longer to acquire the results about the

same data sets.

3. Using the New-CDF for different large databases led to different results for clus-

ters, which were good for some databases and not for others. The results obtained

using the NBER US Patent database were not good enough when compared to

those from the THIN database, as the latter produced richer data records with

additional information relating to someone/something in the database.

4. Although the New-CDF produced better results for the THIN database in Chap-

ter 6, when comparing this with the results when using only the pq-gram distance

metric for the same database in Chapter 4, the results were seen to be more com-

plex. This is because the clustering algorithm used was more complicated and

using different distance measures made the results more complicated and difficult

to interpret.

7.3 Evaluation of Aims

The aims and research questions stated in Chapter 1 (see Section 1.2) have been ad-

dressed as follows:

1. Can the pq-gram distance metric be applied to any data set to identify simi-

larity between objects reliably?

This was addressed by applying the pq-gram distance metric to simple non hier-

archical data sets such as the Lenses data set and the Iris data set. The two data

sets then have to be converted to a tree-like structure (hierarchical) to suit the

distance metric and to help study the metric’s ability to measure the similarity in
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simple data sets, as stated in Chapter 4. Since the data sets already contain classi-

fied data, the pq-gram distance metric is applied to determine if the metric could

produce the same similar data objects in each cluster as when clustering using the

k-means clustering algorithm. The accuracy of the clusters for the Iris data was

not very promising (see Section 4.2.2). Regarding the Lenses data set, the data

points that represent the pq-gram trees were not sufficient for clustering as the

number of required clusters was three. Thus, this data set could not be clustered

using the pq-gram distance metric and the k-means clustering algorithm. Apply-

ing the pq-gram distance metric to hierarchical NBER US Patent data set showed

the performance of the distance metric was good and could be improved if there

were lots of data records belonging to the Patents or any attribute of the data set.

2. What is the performance of the pq-gram distance metric compared to other

measures when measuring the similarity between the mixed THIN data and

is the metric suitable for clustering the entire patient population from the

data set?

This was tested by comparing between the different distance metrics, including

the pq-gram distance metric, while applying them to subsets of the THIN data

set. All the distance metrics used produced some similarity between the data sets’

objects; however, the pq-gram distance metric was not the best. By clustering the

patients’ population using the k-means clustering algorithm, the pq-gram distance

metric was suitable to some extent and discriminated sufficiently when clustering

the patient population (see Chapter 4, from Section 4.4 onwards).

3. How can the performance of the pq-gram metric be improved to measure the

similarity between mixed data type records in large databases if it produces

poor performance?

By examining the different distance measures for hierarchical and non-hierarchical

attributes in mixed data type records, a combination between the different dis-

tance measures, including the pq-gram distance metric for the hierarchical at-

tributes, was tested as a measure of the similarity between the data records of a

large hierarchical database, i.e. the NBER US Patent database (see Equation 2.15
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in Section 2.4.3). The CDF was applied to different subsets of the database and

produced good similarity between data records that have been grouped together

into a single cluster when clustering using the BIRCH clustering algorithm (see

Chapter 5, Section 5.5.2).

4. When combining different distance measures, are the new measures useful

for hierarchical data sets to discover similarity between data records and are

they suitable for clustering large mixed data sets while using the hierarchical

BIRCH clustering algorithm?

This was addressed in different steps. Firstly, a new distance measure (the CDF)

was created to measure similarity among mixed data. Secondly, weights were

added to the different aspects of the CDF such that the pq-gram distance func-

tion has the biggest emphasis by giving it a big weight (see Equation 2.16 in

Section 2.4.3.1). Then, the CDF was modified to create a new CDF called New-

CDF, created by replacing the hierarchical distance measures in the CDF with the

pq-gram distance function. The New-CDF was applied to the THIN database to

present better similarities between the data set records, and it discriminated suffi-

ciently well when clustering the patient population using the hierarchical BIRCH

clustering algorithm (Chapter 6, Sections 6.3, 6.4 and 6.5).

7.4 Future Works

A number of research directions may be followed to improve the work in this thesis

further.

• In this work, the data clustering used was hard clustering, which proposes that

each data point should belong to only one cluster. To place the data points in the

clusters, different distance measures were used and the specific one for a hier-

archical data set was the pq-gram distance metric, which controls the formation

of clusters. To show better association between each data point and a particular

cluster, fuzzy clustering can provide advantages by giving the data elements a set
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of membership values, making it possible to assign each one to more than one

cluster.

• In this work, two internal validity indices were used to assess the clustering results

and the quality of the clusters: Silhouette and C-Index. However, one direction

for future research could be to investigate other different indices as instruments to

verify the compactness of the returned clusters

• Using the same THIN database, it would be possible to extract another subset

of the database based on drug dosage attributes, including the hierarchical one

named dosecode. Patients’ records would then be clustered based on the drug

dosage value to determine the association between a medical event and the drug

prescribed for the patients. The drug dosage value has additional variables/at-

tributes related to it. These attributes include the prescription quantity (rxQty),

which can be used with the daily dosage value (dosgval) to determine the number

of days over which a drug was prescribed. The code for each drug dosage is rep-

resented in the database as (dosecode), and the prescription days given (rxdays).

These attributes may help to cluster patients or drugs to find associations between

each medical event and the specified drug. In other words, the information from

the data set would then be represented as follows: for each patient who has a

specific illness, the drugs that the patient takes for that illness will be found. In

addition, for each drug the patient takes, the dosage code and the number of days

prescribed and the prescription days would be known. Based on this theory, the

information pertaining to the patients would be represented in the new data set

and the new method New-CDF applied to find any similarity between the data

records. This might help to determine an association between a specific illness

and the drug prescribed.

• The New-CDF method can be used on another longitudinal database, such as The

Clinical Practice Research Datalink (CPRD). The CPRD is the world’s largest

database of anonymised, longitudinal primary care medical records, also link-

ing with secondary care data sets. The database has clinical and prescription data

and can provide information to support pharmacovigilance (indication, utilisation,
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and risk/benefit profiles of drugs) and formal pharmacoepidemiologic studies, in-

cluding information on demographics, medical symptoms, therapy (medicines,

vaccines, devices), and treatment outcomes (see www.cprd.com for more de-

tails). The new method should be tested further in contexts where it is most

applicable. Specifically, it is best applied to newer databases that share the same

characteristics as the THIN database, comprising multiple records. This is be-

cause the pq-gram distance metric, which measures the similarity between trees,

requires large trees to increase the opportunities to identify similarity between

two database entries.

www.cprd.com
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A.1 The figures of DOXEPIN drug Using CDF

Figure A.1: The 5 clusters of 1172 THIN data records-Doxepin drug
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Figure A.2: The 6 clusters of 1172 THIN data records-Doxepin drug

Figure A.3: The 7 clusters of 1172 THIN data records-Doxepin drug
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Figure A.4: The 8 clusters of 1172 THIN data records-Doxepin drug

Figure A.5: The 9 clusters of 1172 THIN data records-Doxepin drug
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A.2 The figures of DOXEPIN drug Using CDF with pq-

gram

Figure A.6: The 5 clusters of 1172 THIN data records-Doxepin drug Using CDF and
pq-gram

Figure A.7: The 6 clusters of 1172 THIN data records-Doxepin drug Using CDF and
pq-gram
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A.3 The software used and examples of the code

The databases were stored in MS SQL server and the necessary tables needed for this

work were prepared after cleaning the databases by removing the missing values, re-

move of excess white-space and remove tags from NBER US Patent database. While

for the THIN database, some tables are re-created by removing the non-medical events

like the ’ZZZZZ00’, the death events and the patients who transferred to another prac-

tice and still have the registered details in the investigated practice.

The Java programming language and the R software were used, where the first one

used for the clustering process and producing the clusters and the R software is used to

plot the resulted clusters using specific plotting function named as clusplot.

In the Figure A.8, the code of how the pq-gram distance calculated is shown. Ac-

cording to the equation 3.11, the pq-gram distance is calculated by taking the inter-

section of two list of pq-grams (pq-gram profiles), as shown in the first section of the

Figure A.8, subtracting the 2 multiplied by the intersection of the same two list of pq-

grams (the second and third sections in the same figure).

The code shown in Figure A.9 is displaying the steps of running the BIRCH clus-

tering algorithm. It shows how pq-gram parameters were chosen and how to use the

fields of the data set chosen as well. The last function of the code sets the parameters of

the algorithm, which are the maximum number of CF tree nodes, the Threshold T and

the number of clusters chosen by the user to be displayed.
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Figure A.8: The code of how the pq-gram distance calculated

Figure A.9: The code of how to run BIRCH algorithm
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A.4 Figures for Patent and THIN Data Sets

Figure A.10: The Patent table From Patent Data Set

Figure A.11: The inventor table From Patent Data Set



Appendices. Appendix A 170

Figure A.12: The Assignee table From Patent Data Set
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Figure A.13: A screen shot of the medical table contained within the THIN database.

Figure A.14: A screen shot of the patient table contained within the THIN database.
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Figure A.15: A screen shot of the therapy table contained within the THIN database.
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Figure A.16: The DOXEPIN sample data
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Figure A.17: The DESLORATADINE sample data



Appendices. Appendix A 175

Figure A.18: The LEVOFLOXACIN sample data
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