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ABSTRACT

Mining Heterogeneous Enterprise Data

by

Xinxin Jiang

Enterprise data is complicated real-world data that is shared by the users of an

organization, generally across departments and geographic regions. Heterogeneity is

becoming one of the key characteristics inside enterprise data, because the current

nature of globalization and competition stress the importance of leveraging huge

amounts of enterprise accumulated data, according to various organizational pro-

cesses, resources and standards. Effectively mining heterogeneous enterprise data is

challenging. First, enormous amounts of enterprise data are being amassed from a

greater variety of sources, which means traditional analysis methods are becoming

less efficient and less effective. Second, enterprise data is becoming more and more

heterogeneous. Primarily relate to social and technological trends and pertain to the

shift in customer needs and expectations, today’s enterprise data have more struc-

tures, greater complexity, and more intricate correlations than in years past. Third,

learning tasks in enterprise applications have become more complex. Enterprise re-

quirements are placing tighter constraints on data analysis, such as imbalanced data,

class distributions, and multiple learning tasks, etc. Therefore, effectively deriving

meaningful insights from complex large-scaled heterogeneous enterprise data poses

an interesting, but critical, challenge.

The aim of this thesis is to investigate the theoretical foundations of mining

heterogeneous enterprise data in light of the above challenges and to develop new

algorithms and frameworks that are able to effectively and efficiently consider het-

erogeneity in four elements of the data: objects, events, context, and domains.

Objects describe a variety of business roles and instruments, for example, the or-



ganisations, departments, people, products, or services involved in business systems.

Object heterogeneity means that object information at both the data and structural

level is heterogeneous. The inherent complexity of heterogeneous objects, and the

dynamic nature of business processes, means that learning heterogeneous business

objects in serial architectures is either computationally infeasible or ineffective be-

cause of heavy pre-processing. However, the cost-sensitive hybrid neural network

(Cs-HNN) proposed in this thesis leverages parallel network architectures and an al-

gorithm specifically designed for minority classification to generate a robust model

for learning heterogeneous objects. Results from experiments with real-world data

indicate that Cs-HNN demonstrates superior performance over baseline procedures.

Events trace an object’s behaviours or the sequence of an object’s activities.

Event heterogeneity reflects the level of variety in business events and is normally

expressed in the type and format of features. Mining event heterogeneity aims to

build effective and efficient mining models by considering the heterogeneous event-

related factors. The natural complexity of event heterogeneity in real-world business

means that traditional pattern mining approaches tend to be insufficient. Most mod-

els are based on the assumption of homogeneity, but real-world events, activities,

and behaviours are more often connected by heterogeneous features types in com-

plex ways. These connections carry critical information for mining fruitful results.

Practical and efficient sequential pattern mining approaches are needed to overcome

these problems. The approach proposed in this thesis focuses on fleet tracking as a

practical example of an application with a high degree of event heterogeneity. Com-

plex fleet rental event patterns are discovered by combining heterogeneous features

with measurement algorithms to provide valuable insights for business. The results

from experiments on real-world datasets verify the effectiveness of the approach.

Context describes the environment and circumstances surrounding objects and

events. Context heterogeneity reflects the degree of diversity in contextual features.

Mining context heterogeneity aims to design algorithms to efficiently analyse com-

plicated, context-aware correlations in business prospects. Again, the complexity

inherent in heterogeneous contexts and the lack of a straightforward way to capture



complicated context-aware factors both present significant challenges to heteroge-

neous data mining. However, the coupled collaborative filtering (CCF) approach

proposed in this thesis is able to provide context-aware recommendations by measur-

ing the non-independent and identically distributed (non-IID) relationships across

diverse contexts using the inter-item, intra-context, and inter-context correlations

between items, users and context-aware factors as the basis for the coupled similar-

ity calculations. The results form a set of experiments that compare and contrast a

range of baseline models to demonstrate the effectiveness of this approach.

Domains are the sources of information and reflect the nature of the business or

function that has generated the data - for example, different industries, or a sales

function vs a supply function. As with the previous types of heterogeneity, domain

heterogeneity is reflected in the number of sources the data has been derived from

and manifests in the both the data type and format. Mining domain heterogeneity

aims to effectively and efficiently model the correlations among real-world heteroge-

neous domains. However, cross-domain deep learning (Cd-DLA) provides a potential

avenue to overcome the complexity and nonlinearity of heterogeneous domains. The

approach presented in this thesis learns the correlations within a domain, across

several domains, and between time-series data, within a parallel multi-task learning

architecture. In a setting that uses multiple financial markets to represent hetero-

geneous domains, Cd-DLA is able to analyse complex domain-related correlations

by capitalising on attention mechanisms and a series of recurrent neural networks

(RNNs), and then predict market trends in the next trading window. Experimental

results on 10 years of financial data prove that this approach produces more accurate

predictions than other baselines.

Each of the approaches, algorithms, and frameworks for heterogeneous enter-

prise data mining presented in this thesis outperform the state-of-the-art methods

in a range of backgrounds and scenarios, as evidenced by a theoretical analysis, an

empirical study, or both. All outcomes derived from this research have been pub-

lished or accepted for publication, and the follow-up work has also been recognised,

which demonstrates scholarly interest in mining heterogeneous enterprise data as a



research topic. However, despite this interest, heterogeneous data mining still holds

increasing attractive opportunities for further exploration and development in both

academia and industry.

Dissertation directed by Professor Chengqi Zhang and Doctor Guodong Long

Faculty of Engineering and Information Technology
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Chapter 1

Introduction

1.1 Background

1.1.1 Mining heterogeneous data

Organisations today have more data than ever at their disposal [26] [48]. How-

ever, deriving meaningful insights from that data and converting it into actionable

knowledge is still quite challenging for most enterprises [48] [62] [95] [118] [180] [190].

Enterprise heterogeneous data mining is the process of discovering patterns in large

enterprise data sets, involving specialized machine learning algorithms and tech-

niques with various data heterogeneities, such as object, event, context and domain

heterogeneities, for better business decision making. It is an interdisciplinary sub-

field of artificial intelligence with an overall goal to extract information (with intelli-

gent method) and transforming them into the valuable patterns and insights. Once

identified, these patterns can help businesses spot sales trends, develop marketing

campaigns, prepare smarter management strategies, and so on.

Heterogeneous data mining algorithms and techniques help industries generate

new business opportunities in several ways.

1)Predicting trends and behaviours: Integrating heterogeneous mining technol-

ogy into business processes can help companies make valuable predictions using

large-scale datasets. Targeted market analysis is a good example of the power of

predictive knowledge, where heterogeneous data mining techniques are used on past

promotional mailings to identify the targets most likely to respond. Such predictions

would help to maximise returns on future mailings. Other predictive problems in-
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clude forecasting bankruptcy or potential loan defaults, or identifying the segments

of a population that are likely to participate in similar events.

2)Discovering hidden patterns: The difficulties with manually analysing large

volumes of data mean that valuable patterns in customer behaviour often go un-

noticed. Heterogeneous data mining can reveal these patterns. For example, i-

dentifying seemingly unrelated products that are often purchased together. Other

pattern discovery problems include detecting fraudulent credit card transactions or

identifying anomalous data.

With the growing accumulation of large-scale data, more and more business

applications are seeing the benefits of mining heterogeneous data [56] [89] [118] [180].

A small selection of these applications follows.

• customer segmentation - identifying the characteristics common to customers

who purchase specific products;

• fraud detection - identifying which transactions are likely to be fraudulent;

• direct marketing - identifying which prospects should be included in a mailing

list to obtain the highest response rate; and

• trend analysis - revealing increases, decreases, or seasonal variations in business

activities over a given time frame.

Given the great benefits data mining brings, scholars have developed a range of

algorithms and analysis techniques to suit a variety of problems common to busi-

ness [56] [89] [96] [180]. These include:

• decision trees [56] - tree-shaped structures that represent sets of decisions.

These decisions generate rules for classifying a dataset;
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• genetic algorithms [89] - optimisation techniques based on the concepts of

genetic combination, mutation, and natural selection;

• nearest neighbour [89] - a classification technique that categorises each record

based on the most similar records in a historical database; and

• artificial neural networks [180] - predictive models that resemble biological

neural networks and learn through training.

However, these numerous legacy applications are continually adding complexity

and diversity to enterprise data, particularly when combined with the immense pro-

cessing power, cheap storage, a multitude of data sources, and the vast and dynamic

landscapes that characterise modern business scenarios [26] [48] [62] [95] [118] [190].

Hence, enterprise data is increasingly becoming large-scale with extremely complex

heterogeneity. As one of the main characteristics of real-world enterprise data, het-

erogeneity presents great challenges to traditional data mining technologies and has,

therefore, attracted a great deal of recent attention in both scholarly studies and

industry endeavours.

A typical end-to-end heterogeneous mining process comprises six phases, as

shown in Table.1.1. The sequence of each phase is not fixed, and moving back-

ward or forward between phases is allowed. However, the output of one phase is

always the input for the next phase.

1.1.2 Types of heterogeneity in enterprise data

Compared to traditional datasets, heterogeneous enterprise data presents dra-

matic challenges to current data mining algorithms and techniques. However, mod-

elling the complexity inherent in heterogeneous data becomes much simpler when

the heterogeneity is broken down by data element and addressed accordingly. Fig

1.1 illustrates the four main type of heterogeneity in enterprise data.
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Table 1.1 : The six phases of an end-to-end heterogeneous mining process

Phase name Description

Understanding business Determining the nature of the business that re-

quires data mining

Data collection Collecting heterogeneous data from various

sources

Data selection Selecting the relevant data features

Data learning Applying various data mining techniques to the

embedded data

Data evaluation Verifying whether the selected approaches and

their results meet business requirements based on

measures

Knowledge presentation Presenting the mined knowledge in a way business

users find easy to interpret
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Enterprise data heterogeneity is defined with four elements: object, event, con-

text, and domain in Fig 1.1. In brief, object represents the business role or instru-

ment in enterprise system, which has various data types and structures, reflecting

the object’s static and dynamic properties in its lifecycle. Event is used to trace the

important behaviours or activities of one or more objects. Then context describes

the contextual environment and circumstance surrounding the objects and events.

Domain reflects the nature of the business or function area that has generated the

objects, events and contexts. These four elements compose the whole picture of

general enterprise data heterogeneity.

Figure 1.1 : Heterogeneity by element: object, event, context, and domain

Object heterogeneity

Objects describe business roles and instruments, for example, the organisations,

departments, people, products, or services involved in business systems. Object

heterogeneity reflects the variety of these roles in a dataset, and is normally found

at the data level or the structural level. For example, an object’s data features
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might vary from department to department, facility to facility, or corporation to

corporation in both the type of data and the structure of that data.

Heterogeneity at the data level means that the data values are stored as a mixture

of types, e.g., integers, floats, characters, texts, images, media, etc., while hetero-

geneity at the structural level means that that data exists in different formats, e.g.,

static properties that tend not to change, and dynamic data that describes how the

object changes over time. Fig. 1.2 illustrates object heterogeneity at the data and

structural levels.

Figure 1.2 : An example of object heterogeneity

Event heterogeneity

Events trace an object’s behaviours or activities. Event heterogeneity reflects

the level of variety in business events and is normally expressed in the type and

format of features. For example, common event features include time, effect, status,

and so on - attributes that describe behaviour or action or reflect the priorities in a

business strategy. Fig. 1.3 demonstrates that heterogeneous events (shown in differ-

ent colours, such as red, green, gray, and yellow), can be evaluated using a similarity

function that compares different features or different aspects of a feature, e.g., usage

or utility. Even if a feature is described using different data types or formats, such

functions are able to measure the effectiveness or efficiency of a business event.
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Figure 1.3 : An example of event heterogeneity

Context heterogeneity

Context describes the environment and circumstance surrounding objects and

events, i.e., the business’s behaviours and activities. Context heterogeneity reflects

the degree of diversity in contextual features. Context heterogeneity is typically

found in the type and format of the data. Fig. 1.4 illustrates a real-world business

example of context heterogeneity with spatial data. Consider a series of devices that

each collect data from a specific geographic location and a range of retail products

that are each linked to a social community. Every piece of data collected would

be sourced from a different context (the geographic location) and be applied to a

different context (the retail product) and both contexts would be characterised by

different data types and formats. Thus, the geographic location, the social rela-

tionships, and the various data types and formats associated with the contextual

features all reflect context heterogeneity. Interestingly, this example also reflects

some of the complexity associated with decision making in modern business.

Domain heterogeneity

Domains are the sources of information and reflect the nature of the business or

function that has generated the data – for example, different industries, or a sales

function vs a supply function. As with the previous types of heterogeneity, domain
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Figure 1.4 : An example of context heterogeneity

heterogeneity is reflected in the number of sources the data has been derived from

and manifests in the both the data type and format. Fig. 1.5 illustrates domain

heterogeneity using tourism, climate, and economics domains as an example. Each

domain has its own business objects, events, and contexts. The internal features

and sequences within a single domain trace the trends associated with that business

or industry, such as historical tourist, accommodation, dining, and transport data

within tourism domain demonstrating the trends of tourism. However, in practice,

the data information associated with one domain often correlate to other heteroge-

nous domains in some regard. In other words, for instance, trends in tourism may

affect, or be affected by, trends in climate, economics or other heterogenous domains.

These relationships are known as cross-domain correlations.

1.1.3 Challenges with mining heterogeneous enterprise data

As a result of the diverse objects, events, contexts, and domains within today’s

business systems, most enterprise data is heterogeneous, which means traditional

data mining techniques often fall short [42] [56] [92] [180]. However, to improve the

quality of products and customer service, and gain an in-depth understanding of

hidden business opportunities, the ability to mine heterogeneous data has become

a basic and fundamental part of doing business. For the most enterprises, the

vast datasets they collect are effectively black boxes of untapped knowledge. The
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Figure 1.5 : An example of domain heterogeneity

methods and techniques needed to extract the valuable information they require from

historical data are either elusive or beyond the technical ability of most managers and

analysts, particularly in small-to-medium-sized enterprises. Further, the learning

curve associated with heterogeneous data mining is growing every day. And, beyond

the complexities associated with heterogeneous data discussed above, the data being

collected may be inaccurate or ambiguous, have missing values or high levels of

redundancy.

In general, most enterprises are confronted with a common set of problems to

overcome when attempting to apply data mining techniques to heterogeneous data.

However, the specific knowledge requirements, and therefore the most significant
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challenges, do vary depending on the organisation [24] [42] [180].

Each of these issues is also rising new challenges for data mining technology. The

major three technical challenges are huge volumes of data, complex heterogeneity,

and diverse business requirements. Mining heterogeneous enterprise data demands

highly suitable strategies and algorithms, more effective preprocessing steps such as

data filtering and integration, advanced parallel learning architecture, and intelligent

and effective user interaction. These common challenges are illustrated in Fig. 1.6.

Huge volumes of data from multiple sources

The enormous volume of data is, arguably, one of the biggest and most common

challenges in heterogeneous data mining [26] [48] [71] [72]. Appropriate and efficient

analysis methods to leverage massive volumes of heterogeneous data often simply

do not exist. This is because different information collectors use their own schemata

to record data, and the nature of different business processes also results in diverse

representations of the data. In reality, trends like e-commerce, mobility, social media

and the Internet of Things are generating so much information that almost every

organisation likely faces this challenge.

• Efficient learning architectures: Typically, the architecture, software, and s-

torage solutions for large-scale data are hosted on cloud computing platforms.

However, to provide efficient solutions for heterogeneous data mining tasks,

most current approaches are based on serial architectures deep learning, for

example. As serial architectures is more adapted to specific learning areas,

feeding the processed data in turn to utilize the advantages of each neural

network without considering what kind of data it is more suitable for process-

ing, processing huge volumes of heterogeneous business data usually results in

performance problems.
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Figure 1.6 : Challenges associated with mining heterogeneous enterprise data
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• Multi-task learning: The high competition in modern business requires real-

world data analysis to be efficient and effective. Multi-task learning is a ma-

chine learning paradigm with the aim of leveraging useful information gleaned

from multiple related tasks to help improve the overall performance of one spe-

cific task. Usually, each task in multi-task learning relies on a limited amount

of training data, which is not large-scale. However, the size of the overall

training set grows as the number of tasks increases, which makes the number

of tasks required to produce the desired result one of the most significant fac-

tors in multi-task learning. Hence, finding an efficient architecture that can

support effective multi-task learning with more tasks is an important problem.

Complex heterogeneity

As previously mentioned, the complexity of heterogeneous data can be defined

more acutely defined through the elements of data: objects, events, context, and

domain (see Fig. 1.2), reflecting a tremendous complexity of interrelated data ele-

ments with diverse types, formats, structures, and sources. Mining enterprise data

regarding such complex heterogeneities, the great challenge is how to investigate the

suitable methods and algorithms unveiling hidden patterns or knowledge dwelt at

the non-linear intersections within heterogeneous enterprise data.

• Data embedding: Data embedding aims to pre-process heterogeneous data in-

to suitably integrated formats for further stages of training and data analysis.

Clearly, improper embeddings will reduce the value of the original data and

may even obstruct data analysis entirely. Hence, studying efficient data em-

bedding methods that are able to represent a range of data types, formats, and

structures is a vital step in developing an effective solution to overcome com-

plexity. Suitable technologies that engender efficiency in subsequent stages of

analysis also need to be explored.
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• Learning algorithms: Traditional machine learning algorithms work well with

homogeneous data, assuming the dataset has been carefully prepared in the

first steps of the knowledge discovery process. However, enterprise data typ-

ically contains a diverse range of data types, formats, and sources. Further,

heterogeneous data usually occupy different positions in the data space. Hence,

using a single learning method or one projection to extract patterns from het-

erogeneous data tends not to produce the accurate learning results. Therefore,

any solid solution to heterogeneous data mining will require a series of learning

algorithms.

• Non-IID data: Another important challenge to overcome is mapping the re-

lationships between complex non-IID data. Most current machine learning

methods typically treat all data features as independent and equal, i.e., IID.

However, in practice, the information about one feature is usually linked to

other features with a coupled relationship, and these non-IID relationships can

have a significant influence over the accuracy or appropriateness of a predic-

tion. For example, a customer’s preferred drink at an airport in the morning

may be very different from their preferred drink at a vacation spot in the

evening, so a good customer recommendation system would need to consider

both the time and location features when making predictions. Even in the

same location, the underlying reasons of items and users may affect user pref-

erences in different moments. Identifying these non-IID relationships presents

another challenge for real-world heterogeneous data mining.

Diverse business requirements

The nature of globalisation and competition is driving the companies to rapidly

turn heterogeneous data into significant insights to guide their marketing, invest-

ment, and management strategies. Diverse business requirements bring the chal-
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lenges of heterogeneous data mining in high competition. For instance, efficiently

learning the relevant knowledge from multiple domains, and accurately gauging cus-

tomer responses to changes in business rules, would produce a powerful competitive

advantage.

• Transfer learning across multiple domains: The widespread use of technology

is bringing greater opportunities for companies to acquire knowledge from

multiple domains. Analysing data from a variety of sources has substantial

power to highlight aspects of business from different meaningful perspectives.

As a result, there is great demand in industry to learn from knowledge that

has been transferred from other domains. However, combining these data sets

usually results in heterogeneity. Traditional approaches to knowledge transfer

mostly focus on historical data from similar domains but suffer from several

shortcomings due to nonlinear data and limitations on the number of features

that can be correlated. Take financial market analysis as an example, most

existing financial analysis methods rely on data from homogeneous markets

and find modelling the complex nonlinear relationships between homogeneous

and heterogeneous markets quite difficult.

• Minority classifications for optimising business: In real business, more and

more enterprises are retooling their operational functions by focusing on lever-

aging the risk response with advancing business strategies. In data analysis,

risks are often characterised by small probability events, which shifts the fo-

cus of the analysis to target minor instance classifications. For example, the

incidence of claims on term life insurance policies is usually only about 0.3-0.5

per thousand, and the incidence of major illness claims is usually only 1-3

per thousand. Small probability rates lead to imbalanced data with extremely

skewed outcomes that are difficult to optimise to meet business objectives. For
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data-driven organisations, developing an effective approach to solving these

heterogeneous data mining challenges is urgent.

1.2 Research objectives

Finding an effective way to exploit the knowledge that heterogeneous data of-

fers has been a long-term challenge for both academia and industry. The business

environment is constantly changing and, without a series of efficient data-driven

methodologies as an intelligence centre to support end-to-end business operations,

organisations gradually become inefficient, inflexible, and unable to meet changing

customer demands.

Therefore, the research objectives of this thesis are to improve the theoretical

foundations of algorithms and models designed to mine heterogeneous enterprise

data, and to develop practical frameworks, algorithms, and analysis techniques for

heterogeneous data that can meet current business demands. The research objectives

in this thesis have been divided into the four types of data heterogeneity. The specific

objectives associated with each type are detailed in the sections below.

1.2.1 Object heterogeneity

Learning efficiency problems and imbalanced data remain the two of the great-

est challenges to addressing object heterogeneity. The serial architectures most

traditional approaches rely on generally require a significant amount of data pre-

processing and lack the learning efficiency required to meet business demands. Addi-

tionally, in business, analysis tasks often need to focus on capturing minority classes

in data with extremely skewed and imbalanced data distributions, rather than the

balanced classifications associated with traditional techniques. Hence, to overcome

these two main challenges, the object heterogeneity research objectives in this the-

sis are to devise a unified, end-to-end architecture and the corresponding learning
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algorithms for mining real-world heterogeneous and imbalanced business objects.

1.2.2 Event heterogeneity

The main research objectives in improving data analysis given event heterogene-

ity, are to improve data processing performance while providing greater insights

into the hidden patterns within the data. Combining an innovative pattern mining

method with appropriate measurement functions may yield these insights. For ex-

ample, in rental industry, timestamps, usage, and the effect of events, among other

fleet tracking factors, are widely considered to be important features in improving

the performance of fleet rental companies and predicting customer preferences. Re-

garding enterprise data in event heterogeneity, customer behaviour is usually linked

to a range of heterogeneous factors. Hence, the research objectives associated with

event heterogeneity in this thesis are to study data mining algorithms and embedding

techniques that unify the formats of heterogeneous event features and to develop a

data mining approach for efficiently discovering event patterns in a specific business

scenario - the fleet rental industry in this case.

1.2.3 Context heterogeneity

Context heterogeneity has historically been addressed by formulating generalised

triadic relationships between two or more heterogeneous contexts. Specially, enter-

prise requirements demand novel approaches that can generate context-aware cus-

tomer recommendations. Further, these approaches need to consider contextual

factors that are not IID, but rather exist in coupled relationships with other fac-

tors. Thus, the main research objective in addressing context heterogeneity is to

design an optimised mining algorithm that can effectively analyse non-IID contex-

tual relationships and reveal the latent factors that influence prediction accuracy.

Efforts will focus on coupled similarity calculations for inter-item, intra-context, and

inter-context correlations among items, users, and contextual factors.
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1.2.4 Domain heterogeneity

Domain heterogeneity is perhaps the most well-studied aspect of enterprise data

heterogeneity with the increasing cross-domain algorithms and applications. There-

fore, the research objectives for this data element focus on a machine learning ap-

proach coupled with suitable attention-based mechanisms to transfer knowledge and

generate aggregated market trend forecasts across heterogeneous domains.

Table 1.2 provides the specific objectives associated with each type of heterogene-

ity. When combined, each contributes to a full and complete research objectives for

mining heterogeneous enterprise data.

Table 1.2 : Research objectives for mining heterogeneous enterprise data

Element Research objective

* Develop a machine learning architecture that can

efficiently analyse diverse data types and format-

s in large-scale complex data with object hetero-

geneity in the same epoch.

Object heterogeneity * Study enhanced optimisation algorithms to de-

velop solutions that can classify minor objects

in real-world heterogeneous data to greatly im-

prove the learning efficiency of business optimisa-

tion models.
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Element Research objective

Object heterogeneity * Design an HNN that can analyse heterogeneity

in a range of objects at both the data level and the

structural level. Then, validate the effectiveness of

the developed approach in enterprise datasets.

* Analyse the problems with discovering utility-

based event patterns in enterprise data given event

heterogeneity.

Event heterogeneity * Study data mining algorithms and embedding

techniques to unify heterogeneous event formats.

Then, develop usage-based similarity functions to

measure the events.

* Develop a data mining approach to discover ef-

ficient event patterns given multiple business sce-

narios.

* Address context heterogeneity by formulating

generalised triadic relationships among heteroge-

neous contexts in enterprise data.

Context heterogeneity * Study optimised mining algorithms to effective-

ly analyse the non-IID relationships between real-

world heterogeneous business contexts.

* Develop an approach to generate context-aware

recommendations using real-world heterogeneous

contextual features for business.

Domain heterogeneity * Design a machine learning approach to analyse

complex cross-domain correlations given domain

heterogeneity using transfer learning techniques.
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Element Research objective

Domain heterogeneity * Study suitable attention mechanisms to analyze

heterogeneous domain data and generate more ac-

curate predictions by capturing time-series, inner-

domain, and cross-domain correlations.

1.3 Thesis organisation

The remainder of this thesis is divided into six parts. The next section contains

a review of relevant literature followed by five chapters. The next four chapters each

present a novel solution to a specific type of heterogeneity in turn: objects, events,

context, and domains, in that order. A brief discussion concludes the thesis. A

detailed roadmap of each chapter follows.

• Chapter 2 Literature Survey: provides a necessary background on previous

research and studies on mining heterogeneous enterprise data.

• Chapter 3 Object Heterogeneity: presents a novel deep learning approach to

solve the problems associated with analysing heterogeneous business objects

at the data and structural levels. The approach involves a Cs-HNN to handle

heterogeneous data that consists of both description and sequence structures.

The network operates within a unified parallel architecture that aggregates

different types of neural networks into the same epoch, which greatly improves

learning efficiency in real-world heterogeneous and imbalanced datasets.

• Chapter 4 Event Heterogeneity: presents a practical processing approach to

solving the problems associated with measuring the effectiveness of heteroge-

neous events given business demand. The algorithms derive valuable patterns

from utility-based sequences in a fleet rental enterprise. Real-world industry

datasets verify the effectiveness of the approach.
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• Chapter 5 Context Heterogeneity: introduces a couple collaborative filtering

model for context-aware recommendations given context heterogeneity. The

model is able to analyse non-IID relationships among heterogeneous contextual

features, such as items and locations.

• Chapter 6 Domain Heterogeneity: combines multi-task and transfer learn-

ing with a bespoke neural network to analyse the nonlinear relationships and

transfer knowledge between heterogeneous business domains. A suitable cross-

domain deep learning method with an attention mechanism is designed to con-

struct effective representations of the complex correlations between financial

domains by capturing time-series, inner-domain and cross-domain correlations.

• Chapter 7 Conclusion: summarises the contents and contributions of this thesis

along with recommendations for future research.
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Chapter 2

Literature Survey

The focus of this thesis is heterogeneous enterprise data mining. Heterogeneous data

has the ability to preserve rich and diverse information and, when analysed, can pro-

vide businesses with deep insights into the dynamics and circumstances surrounding

business activities [16] [18] [48] [157]. Traditional machine learning methods work

well with homogeneous data, assuming the dataset has been carefully prepared in

the first steps of the knowledge discovery process [89] [180]. However, enterprise

data typically contains a diverse range of data types, formats, and sources. Using

a single learning method to extract patterns from heterogeneous data tends not

to produce the accurate and comprehensive learning results, as heterogeneous data

usually occupy different positions in the data space [16] [24]. Directly mining het-

erogeneous data often leads to an in-depth understanding of the relationships and

patterns in and between different types of objects, events, contexts, and domains,

which yields fruitful results [51] [52] [68] [118] [157]. In the thesis, we investigat-

ed recent advancements in deep learning and other machine learning approaches to

solve the problems in mining heterogeneous enterprise data.

Sun and Han proposed the concept of using heterogeneous information networks

to model real-world data [157] [158] [159]. These initial studies structured objects

and their interactions into different types and introduced some general principles and

methodologies for systematically mining such networks. Since then, heterogeneous

network analysis has rapidly become a hot topic in the data mining, database, and

information retrieval fields. Yu introduced latent features based on different types of
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meta-paths to represent the connectivity between users and items [189] [190]. Burke

then extended the concept of meta-paths and presented an approach to recommen-

dations that incorporates multiple relations in a weighted hybrid approach [14].

However, as the scale and complexity of enterprise data has grown, modelling in-

formation using a graph-based network has become a less and less straightforward

process. Further, the time-complexity and computation costs have soared to prepare

the huge graph-based structure in data preprocessing phase [24] [48].

Departing from many existing information network models that view intercon-

nected data as homogeneous or heterogeneous graphs, the series of approaches,

frameworks and algorithms in this thesis leverage the heterogeneity of objects,

events, contexts, domains, and their nonlinear complex relationships in a range

of diverse applications for business. The following literature review provides an

overview of the relevant studies in each of these areas.

2.1 Object heterogeneity

2.1.1 Heterogeneous business objects

In real-world enterprise data, object heterogeneity is composed of complex busi-

ness objects that have different feature types at the data level and may stem from

different data sources at the structural level [38] [62] [128] [166]. Data-level hetero-

geneity means that the data contains a mixture of data value types, e.g., text mixed

the simple data types like integers, floats, characters and etc. Most traditional data

analysis methods focus on a simple format of data. Accordingly, when faced with

heterogeneous data in big data era, these methods will only process a subset of the

available information due to the limits on the number and/or types of features that

can be modelled. As a consequence, objects have incomplete descriptions, important

information is lost, and both the quantity and quality of the data analysis degrades.

To overcome these problems, some studies have used one-hot encoding to transform
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a categorical variable into a numeric representation on the assumption that each ob-

servation has been generated according to a set of conditional Bernoulli distributions

[111] [141]. Given most of the entries are zero, the embedding model typically down-

weights the contribution of the zeros in the objective function. However, Mikolov

used negative sampling [111], where a subset of the zero observations are chosen at

random in embedding model. These approaches correspond to a biased estimate of

the gradient in an exponential Bernoulli family embedding model [141]. In statis-

tics, embedding heterogeneous objects is performed using correspondence analysis

a variant of canonical correlation analysis for count data [53]. Each method relies

on Euclidean distances and constrains the embeddings to normalised values based

on the assumption that distance reflects probabilistic relationships between objects

[52].

More recent studies have extensively investigated an approach called extreme

learning machines (ELM), which is based on training single-hidden layer feedforward

neural networks [64] [65]. ELMs are very interesting form of heterogeneous data

integration because of their structural simplicity, their performance, and their speed.

However, the theoretical basis of ELMs is widely debated, as many scholars consider

them to be similar to, or special cases of, radial basis function networks, random

vector functional link, least squares support vector machines (LS-SVM), or reduced

SVM [63] [124] [177]. Although it has been found that ELMs do not perform well in

applications characterised by noisy data, like image recognition, some most recent

ELM algorithms appear to be overcoming this problem and are providing excellent

generalisation and classification performance [63] [177].

Many studies have also addressed object heterogeneity problems at the structural

level. These studies use a reference data model to reason about the heterogeneity of

objects in a formal way. Levy provide a good definition of a reference data model [93].

This model is based on a relational model augmented with basic object-oriented
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features and provides the minimal core language required for interoperability and

data exchange between relational and object-oriented data sources [18].

Let O = {o1, o2, · · ·, oN} be a collection of N heterogeneous business objects. An

object oi ∈ O is defined as a triple

oi =< n(oi), SP (oi), DP (oi) >, (2.1)

where n(oi) is a unique identity for the object within its collection. SP (oi) =

{sp1, sp2, · · ·, spq} is the set of structural properties for oi, that is, the properties

that describe oi’s dynamic features. DP (oi) = {dp1, dp2, · · ·, dpr} is the set of

descriptive properties for oi, that is, the properties that describe oi’s static features.

In the following learning process, we attach to this formal object model in the data

embedding, which supports diverse information integration of object heterogeneities

at both the data level and the structural level.

2.1.2 Hybrid learning approach

As previously mentioned, using any one particular algorithm alone does not yield

proper results in heterogeneous enterprise data mining. Hence, several hybrid learn-

ing approaches have been developed by combining or merging several algorithms to

improve results, including cascading supervised techniques, and combining super-

vised and unsupervised techniques.

Cascading supervised techniques: The most popular supervised algorithms in-

clude neural networks, Bayesian networks, and decision trees. Scholars have pre-

sented many and varied combinations of these algorithms. Chan used naive Bayes,

C4.5, CART, and Ripper as base classifiers, combining them in a stacked fashion [20].

Phua combined backpropagation neural networks, naive Bayes, and C4.5 as base

classifiers using data partitions derived from minority oversampling with replace-

ments [132]. Farid used a combination of naive Bayes and decision tree algorithms to
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improve the performance of a naive Bayesian classifier and the ID3 algorithm, along

with a hybrid approach that merges decision trees with SVM [40]. Peddabachigari

added a hybrid DT-SVM classifier with weights to the decision tree/SVM ensem-

ble [129]. As demonstrated above, lots of combinations of supervised algorithms are

possible, and have been presented.

Combined supervised and unsupervised techniques: More recently, scholars have

begun to combined supervised algorithms with unsupervised techniques. Yasami and

Mozaffari combined k-means and ID3 in a computer protocol to distinguish between

normal and anomalous data traffic [187]. Agarwal and Mittal developed a hybrid

approach that combines the entropy of network features and SVM, with results that

show the hybrid technique outperforms each single approach on its own [2]. This

is a common finding. The hybrid approaches tend to yield better results because

combining different techniques can help to overcome the drawbacks associated with

each individual technique, resulting in higher accuracy.

Figure 2.1 : : An example of an HNN with a two-step serial framework

As a relative newcomer to the world of heterogeneous data mining, deep learn-

ing approaches have made huge strides in period. Deep learning has the advantage

of dealing with complex input-output relations and accumulated heterogeneous da-
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ta analysis. HNNs combine the strengths of various neural networks and have,

therefore, received great attention in some fields, especially computer vision and

natural language processing [98] [174] [175] [186]. Niu and Suen introduced a hybrid

classification system for objection recognition by integrating the synergies between

convolutional neural networks (CNNs) and SVM with results that show improved

classification accuracy [117]. Liu combined a CNN with a conditional random field.

The CNN extracts the features, and the conditional random field handles classifi-

cation [101]. Extensive experiments on several datasets show better segmentation

performance with the hybrid structure than other methods. Tang’s hybrid structure

integrates a deep neural network (DNN) with an ELM to detect ships in images of

space [162]. A DNN is used to process high-level feature representations and the

classifications, while ELM provides effective feature pooling and does the decision

making.

The main drawback with most current HNNs is that they usually solve classi-

fication problems through a two-step serial framework. For example, CNN-RNN

frameworks learn image captioning through a CNN, then feed the results into an

RNN as the inputs for next model training. This approach requires a significan-

t amount of pre-processing time and data training that is seldom appropriate in

real-world cases [174] [175]. Efficient ways to exploit hybrid deep learning architec-

tures have not been well-studied, particularly with real-world business data or with

parallel architectures, which may improve the strength of various neural networks.

2.1.3 Minority classification

Extant research on minority classification often considers the imbalance value

from 10% to 20% (here an imbalance value of 10% means that the proportion

of minority class to majority class is 10%). However, in reality, datasets can

be far more imbalanced than this. For example, only about 2% of credit card
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accounts are subject to fraud each year. Previous research on class imbalance

problems has mainly centred on data sampling techniques and algorithm optimi-

sation [7] [51] [70] [140] [181] [197]. A brief discussion on the different research

efforts for minority classification follows.

Data sampling approaches: Data sampling manipulates the class representations

in the original dataset by either oversampling the minority classes or undersam-

pling the majority classes to ensure the resulting data distribution is balanced [22].

However, these techniques change the original distribution of the data and, conse-

quently, introduce problems. Undersampling can result in the loss of useful infor-

mation about the majority classes while oversampling artificially increases the size

of the training set and often results in a computational burden. Further, when ex-

act copies of the minority class are replicated randomly, oversampling is prone to

overfitting [22] [113]. Chawla introduced a method, called SMOTE, to address this

overfitting problem, where new instances are generated through a linear interpola-

tion of closely-lying instances of the minority class [22]. However, these synthetically

generated instances may lie inside the convex hull of the majority class instances,

a phenomenon known as overgeneralisation. Hence, to combat overgeneralisation,

several variants of the SMOTE algorithm have been developed [176]. For example,

Borderline-SMOTE only oversamples the minority class instances that lie close to

the class boundaries [55]. Safe-level SMOTE carefully generates synthetic instances

in the so-called ’safe regions’, i.e., where the majority and minority class regions do

not overlap [13]. The local neighbourhood SMOTE considers neighbouring majority

class instances when generating the synthetic minority class instances and reports

better performance than previous variants of SMOTE [107]. Combining both un-

dersampling and oversampling procedures to balance the training data has also been

shown to perform well [7] [70] [140]. However, one drawback with these approaches is

the increased computation costs required for both data pre-processing and training
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the classification model. The computation costs are especially high with real-world

heterogeneous enterprise data given its complexity and heterogeneous correlations.

Algorithm optimisation: Approaches that rely on algorithm optimisation direct-

ly modify the learning procedure to improve the sensitivity of the classifier toward

minority classes. In Zhang and Wang’s approach, the data is divided into smaller

balanced subsets before intelligent sampling [199]; then CoSen SVM learning ad-

dresses problems with imbalance. Gao et al. introduced a neuro-fuzzy modelling

procedure to perform leave-one-out cross-validation on imbalanced datasets [49].

Zhang et al. used a scaling kernel along with the standard SVM to improve the gen-

eralisability of the learned classifiers for skewed data sets [198]. Li emphasises the

minority class samples by setting weights with Adaboost during the training of an

ELM, while, Wang and Japkowicz create an ensemble of soft-margin SVMs via boost-

ing, which performs well on both the majority and the minority classes [94] [168].

Each of these studies hints at the use of distinct costs for different training exam-

ples to improve the learning algorithm’s performance. However, none addresses the

type of imbalanced class learning associated with supervised classification, recog-

nition, and segmentation problems that have recently emerged in computer vision

[51] [181] [197]. Further, most of these approaches are limited to solving binary

class problems [67] [168]; they do not perform joint feature and classifier learning;

nor do they explore computer vision tasks, which have inherently imbalanced class

distributions. In addition, each of these techniques relies on a modified loss function

with a DNN learning algorithm, which usually leads to high computation costs and

less flexibility limiting their application to real-world problems [29][138].
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2.2 Event heterogeneity

2.2.1 Event heterogeneity and utility-based pattern mining

Two types of sequential data that describe events are commonly found in real-

world enterprise data - time-series and sequences - and businesses often rely on

both [56] [194]. A time-series is an ordered list of numbers, for example, amounts

of money, stock prices, temperature readings, or electricity consumption readings.

A sequence is an ordered list of nominal values, for example, a series of letters, the

sentences of a text (sequences of words), the items purchased by customers in retail

stores, or the web pages visited by users. Heterogeneous event mining involves data

that comprises both types of sequential data.

Sequential pattern mining tasks are effectively enumeration problems. The aim

is to enumerate all patterns of subsequences that have a support level of no less than

the minimum support threshold set by the user. Numerous algorithms have been

designed to discover sequential patterns. Some of the most popular are GSP, Spade,

PrefixSpan , Spam , Lapin , CM-Spam and CM-Spade [5] [45] [130] [154] [184] [193].

To reduce the number of sequential patterns found and find more interesting pat-

terns, researchers have also integrated constraints into sequential pattern mining

[131]. Weighted sequential pattern mining is an extension of sequential pattern

mining where weights (generally assumed to be in the [0,1] interval) are associated

with each item to indicate their relative importance [21] [191]. The goal of weight-

ed sequential pattern mining is to the find sequential patterns with the minimum

weights.

High-utility sequential pattern mining (HUSPM) is an extension of weighted se-

quential pattern mining that considers both the item weights and the item quantities

[3] [88] [188]. The goal of HUSPM is to find all the sequential patterns that have

a ’utility’ value of greater than or equal to the minimum utility threshold in the
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database. The utility of a sequential pattern is the sum of the maximum utility

generated by the pattern for each sequence it appears in [3] [88] [188]. HUSPM

is quite challenging as, unlike the support measure traditionally used in sequential

pattern mining, the utility measure is neither monotone nor antimonotone. Thus,

it cannot be directly used to prune the search space. To address this issue, some

HUSPM algorithms incorporate upper-bounds on the utility of sequential pattern-

s to prune the search space, such as the monotone SWU measure [3]. A major

challenge in HUSPM has been to develop tighter upper-bounds on the utility mea-

sure. These upper-bounds allow a larger portion of the search space to be pruned,

which improves performance [3] [88] [188]. HUSPM is a very active research topic,

and the extensions of the HUSPM problem have been studied. For example, hid-

ing high-utility sequential patterns in databases to protect sensitive information or

discovering high-utility sequential rules [134] [204].

Another interesting extension of the problem of sequential pattern mining is

multi-dimensional sequential pattern mining [46] [133] [153]. These approaches

consider an extended type of sequence database where each sequence can be an-

notated with symbolic values representing dimensions. For example, in association

rules (or often called as ’Market Basket Analysis’), a dataset of customer purchase

event sequences might be annotated with three dimensions: gender, education level,

and income. Then, a multi-dimensional sequential pattern mining algorithm can

be used to discover the sequential patterns that are common to various dimension

values. For example, a pattern could be discovered with the dimension values (male;

university; xxxx.xx) indicating that the pattern is common to male customers with

a university degree but with any income. To mine multi-dimensional patterns, there

are two main approaches: mining the dimensions using an itemset mining algorithm,

then mining the patterns; or mining the sequential patterns, then the dimensions

[46] [133] [153].
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2.2.2 Attention neural networks

Strong and recent developments in deep learning technologies have firmly es-

tablished RNNs, long short-term memory (LSTM) [60], and gated RNNs [28], in

particular, as state-of-the-art approaches in sequence modelling and encoder-decoder

architectures. Attention mechanisms have become an integral part of the compelling

sequence models and transduction models for various tasks because dependencies

can be modelled without regard to their distance in the input or output sequences

[6] [82] [144] [145] [146]. Attention neural networks have also been proposed as a

way of computing the alignment scores between elements from two different sources.

Specifically, given the token embeddings of a source sequence x = [x1, x2, ..., xn]

and the vector representation of a query q, attention computes the alignment score

between xi and q using a compatibility function f(xi; q), which measures the de-

pendency between xi and q, or the attention of q to xi. A softmax function then

transforms the scores f(xi; q); i = 1, ..., n into a probability distribution p(z|x, q) by

normalising all the n tokens of x. Here, z is an indicator for which token in x is

important to q in the task; a large p(z = i|x; q) means xi contributes important

information to q. The above process can be summarised by the following equations.

a = [f(xi, q)]ni=1, (2.2)

p(z|x, q) = softmax(a) (2.3)

Specifically,

p(z = i|x, q) =
exp(f(xi, q))∑n

i=1 exp(f(xi, q))
(2.4)

The output of this attention mechanism is a weighted sum of embeddings for all

tokens in x, where the weights are given by p(z|x, q). The process places a large

weight on tokens important to q and can be written as the expectation of a token

sampled according to its importance, i.e.,

s =
n∑

i=1

p(z = i|x, q)xi = Ei∼p(z|x,q)(xi), (2.5)



32

where s can be used as the sentence encoding of x.

Additive attention (or multi-layer perceptron (MLP) attention) [143] [6] and

multiplicative attention (or dot-product attention) [167] [156] are the two most

commonly-used attention mechanisms. They share the same unified form of at-

tention introduced above but are different in terms of the compatibility function

f(xi; q). Additive attention is associated with

f(xi, q) = ωTσ(W (1)xi + W (2)q), (2.6)

where σ(·) is an activation function, and ω ∈ R
de is a weight vector, ωT means

the transpose of ω. Whereas, multiplicative attention uses the inner product/cosine

similarity for f(xi; q), i.e.,

f(xi, q) =< W (1)xi,W
(2)q > . (2.7)

In practice, additive attention often produces higher-quality predictions than multi-

plicative attention, but multiplicative attention is faster and more memory-efficient

due to its optimised matrix multiplication. Self-attention is a special case of the at-

Figure 2.2 : Traditional attention mechanism

tention mechanisms introduced above, where q is replaced with a token embedding
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xj from the source input itself. Self-attention relates elements at different positions

to a single sequence by computing the attention between each pair of tokens xi and

xj. It is a very expressive and flexible approach for both long-range and local de-

pendencies, which used to be modelled by RNN and CNN, respectively. Moreover,

self-attention has a much smaller computational complexity and fewer parameter-

s than RNN/CNN. Self-attention has been used successfully in a variety of tasks

including reading comprehension, abstract summarisation, textual entailment, and

learning task-independent sentence representations [27] [99] [126] [127]. Recent s-

tudies have also witnessed its success in a variety of natural language processing

tasks, such as reading comprehension [61] and machine translation [167].

2.3 Context heterogeneity

2.3.1 Context-aware algorithms

Context provides a background to the environments or situations that surround

business objects, activities and behaviours. With context, businesses can respond to

the customers more accurately and proactively with better understanding their cir-

cumstances and requirements, which makes contextual heterogeneity an important

consideration in any heterogeneous data mining approach for business.

Context-aware algorithms can be built with three distinct techniques [1] [9]:

contextual prefiltering, where a separate model is learned for every context type;

contextual postfiltering, where adjustments are performed after a general context-

unaware model is built; and contextual modelling, where context becomes an essen-

tial part of the training process. The first two techniques are prone to information

loss about the interrelations within a context. However, contextual modelling ex-

tends the dimensionality of the problem to highlight the multi-relational aspects of

context. Therefore, context-aware algorithms are likely to generate more accurate

results for business requirements [80]. Contextual modelling can be formalised as
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follows:

FC : g(Object)×h(Event)×Context1×· · ·×ContextN → RelevanceScore, (2.8)

where g(Object) means the contribution from objects and their correlations, h(Event)

represents the contribution from events and their correlations, and Contexti denotes

one of N heterogeneous contexts.

As context-aware insights are semantic abstractions from low-level contextual

cues, human knowledge and their interpretations of the world must be integrated

into contextual model representations. Most approaches focus on classifying ba-

sic human activities or scenarios without considering richer contextual descriptions

[115]. However, some studies have attempted to acquire high-level contextual in-

sights by incorporating context-aware algorithms. Clarkson proposed a wearable

system capable of distinguishing coarse locations and user situations [30]. Each

user’s locations and situations are isolated and then recognised through a cluster-

ing process that groups audio and video recordings. McCowan takes Clarkson’s

approach a step further with a two-layered framework that models then recognises

individual and group actions in meetings [109]. Brdiczka doubles the number of lay-

ers with a four-layered framework for situation learning [12]. Brdiczka’s framework

captures different aspects of a situation, namely the situations and various roles,

with different levels of supervision. Depending on the number and type of observa-

tions to be recognised, each of these learning-based approaches is able to correctly

recognise situations with an accuracy rate of over 85%.

The recognition of human behaviour is highly dependent on perception, con-

text, and prior knowledge of the most recent event patterns. Research has shown

that real-world decision making in business is contingent on context, such as where

the customer shop located or whether the feedback came from social networking

[1] [125]. Moreover, studies on recommendation systems have also shown that
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extracting items of interest to users based on relevant contextual information us-

ing context-aware algorithms provides more accurate predictions in real-world cases

[23] [149] [202] [203] [195] [74].

2.3.2 Non-independent and identical distribution

In practice, contextual information is usually linked to other entities through la-

tent non-IID relationships that can indicate a customer’s true preferences [15] [16].

However, when business behaviours only occur in specific circumstances, considering

objects, events, and contexts independently may not capture these complex relation-

ships well enough to produce accurate predictions. Most current algorithms do not

thoroughly consider this problem, as most operate on the assumption of IID data.

Further, most context-aware algorithms model contextual factors independently and

are only designed to operate in fairly simple IID environments.

An increasing number of researchers have pointed out that the assumption of in-

dependence often leads to massive information loss [15] [170] [171]. Models designed

for IID environments essentially ignore or simplify complex relationships, including

co-occurrence, neighbourhoods, dependencies, linkages, correlations, and causality,

among other poorly explored and unquantified relationships. By contrast, non-IID

models are better able to capture the complexity of all these interactions, as shown

in Fig. 2.3.

Wang presented a coupled nominal similarity measure to examine both the intra-

coupling and inter-coupling of categorical features [170]. Liu incorporates the cou-

plings between objects, features, and feature values into the classification of class-

imbalanced [100]. Shi builds several non-IID representations of original features

by various graph kernel functions and automatically learns these metric from the

combined non-IID representations [148]. Yet, despite these efforts, analysing non-

IID relationships remains a very challenging undertaking as both the explicit and
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Figure 2.3 : IID data vs non-IID data in real-world data mining

implicit couplings between context heterogeneities need to be considered.

2.4 Domain heterogeneity

2.4.1 Cross-domain algorithms

Traditional data mining usually draws on data from a single domain. However,

in business, the desired outcome from a data analysis task more commonly requires

data from different sources and heterogeneous domains [75] [195]. Cross-domain

learning algorithms can capture insights from each domain and can identify the

relationships between features across different domains, which can be classified into

four groups:

Multi-view-based methods simply treat different domains as different views of

an object or an event. Features are fed into a suite of models to describe each

object from a different perspective. The results are subsequently merged to mutually

reinforce the findings from all models. Co-training is an example of this category.

Similarity-based methods leverage the underlying correlations between different

objects in heterogeneous domains. CCF, also known as context-aware CF, is a
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typical example of this method, where different domains are modelled by different

matrices using common dimensions. Once decomposed, these multiple matrices

produce better results than solely factorising a single matrix.

Probabilistic dependency methods model the probabilistic dependencies between

different domains using graphs as representations. Bayesian network and Markov

random field are representative of this method. These models denote features ex-

tracted from heterogeneous domains as graph nodes.

Transfer learning methods transfer knowledge extracted from one or more source

domains to train a model or improve performance in a target domain. One funda-

mental assumption in traditional transfer learning is that the training and testing

data must be sampled from identical distributions [123] [150] [151] [183]. However,

this assumption is not always valid in real-world business cases. More often, the

only available data for the source domain follows a different distribution than the

limited data available in the target domain, so traditional learning algorithms are

inapplicable. Hence, effective ways to transfer knowledge between heterogeneous

domains has been a highly-explored, yet persistent, obstacle. Some of the strategies

with distinctive intuitions include: sample selection bias correction [39] [66] [68],

which uses a reweighting method to generate an approximately unbiased distribution

for learning; a self-taught learning approach that finds new feature representations

to improve learning performance in the target domain [102] [136]; and a shared la-

tent space or common prior distributions to transfer the knowledge across domains

[106] [137].

2.4.2 Multi-task and transfer learning

Traditional machine learning methods only work well when the training and the

test data have been drawn from the same feature space and share a common distri-

bution. Once the distribution changes, most statistical models must be rebuilt from
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scratch using newly collected training data. In practice, such a process is usual-

ly either too expensive or collecting the required training data is impossible, which

means the model cannot be rebuilt. Hence, multi-task learning and transfer learning

have become desirable tools for dealing with domain heterogeneity, due to valuable

business insights they can draw from heterogeneous domains [120] [121] [75]. Multi-

task learning (MTL) is a subfield of machine learning where models solve multiple

learning tasks simultaneously while exploiting the similarities and differences be-

tween tasks in a unified framework [17] [116]. In addition, deep learning has become

more and more popular for the applications due to its ability to learn nonlinear fea-

tures, including applications as basic models for learning tasks in MTL. Most MTL

methods assume that different tasks share the first several hidden layers, but then

use their own specific parameters to generate outputs [95] [103] [196] [200]. In con-

trast to these deep MTL methods, Misra et al. presented a cross-stitch network to

learn task relations according to hidden feature representations – a similar approach

to learning the relationships between tasks [112].

Figure 2.4 : Knowledge transfer between heterogeneous domains

In the context of MTL problems, transfer learning improves model performance
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by using a related task that has already been learned to support the learning process

for a new task [8] [91]. Several studies show that this approach can result in improved

learning efficiency and prediction accuracy for task-specific models, when compared

to training the models separately [8] [17] [91] [104].

Transfer learning approaches can be divided into four broad categories. Instance-

based transfer learning assumes that certain parts of the data in the source domain

can be reweighting for learning in the target domain [32] [33] [73] [135] [147] [169] [192].

Instance reweighting and importance sampling are two major techniques in these

approaches. Feature-representation transfer learning encodes the knowledge to be

transferred to the target domain into featured representations learned in the source

domain for significantly improved target task performance [10] [11] [31] [81] [105] [139].

Parameter-based transfer learning assumes that the source tasks and the target

tasks share some parameters or prior distributions of the model’s hyper-parameters

[69] [90] [142] [179]. The transferred knowledge is encoded into the shared parame-

ters or priors and, through a discovery process, knowledge can be transferred across

heterogeneous domains. Relational-knowledge transfer learning deals with transfer

learning for relational domains [101]. The basic assumption behind these approaches

is that some relationships between the data in the source and target domains are

similar; therefore, these relationships are transferred [34] [86] [110].

Attention neural networks are a relatively recent addition to the deep learning

approaches in the multi-task and transfer learning fields. Bahdanau et al. was

the first to apply this technique to a machine language translator [6]. An encoder-

decoder framework and an attention mechanism are used to select reference words in

the original language before translating the required text into the foreign language.

Subsequent uses of the attention mechanism include parsing, natural language ques-

tion answering, and image question answering [59] [156] [160] [185]. Unlike these

studies, the research in this thesis explores attention mechanisms for their power to
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transfer inner-domain and cross-domain correlations to support multi-task predic-

tions in heterogeneous financial domains.

In summary, the scope of all existing heterogeneous data mining methods has the

limitations, narrowing complex data into a homogeneous, a balanced, or a simple-

learning data space, with an inefficient process that requires a significant amount of

pre-processing. Mining heterogeneous enterprise data faces the challenges from huge

volume, complex heterogeneity, and diverse business requirements, which requires us

to solve the problems of inefficient learning architectures, multi-task leaning across

multiple domain, Non-IID data, imbalanced classifications, etc. In this thesis, the

unique challenges of mining heterogeneous enterprise data are considered by investi-

gating a series of algorithms and methods associated with each type of heterogeneity

in Chapter 3, 4, 5, and 6.
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Chapter 3

Object Heterogeneity

Objects represent the entities and instruments involved in business activity, for ex-

ample, the organisations, departments, customers, or employees involved in business

transactions, or the contracts, products, and services a business provides. Previous

research on business objects defines object heterogeneity at two levels: the data lev-

el and the structural level [62] [128]. Data-level heterogeneity means that business

objects are described using different types of values, e.g., integers, floats, characters.

Structural-level heterogeneity is defined as a combination of different data formats,

i.e., descriptions and sequences [76] [77]. Descriptions contain the static attributes

of the object that do not change over time. Sequences trace the dynamic attributes

of the transactions that might change over the timeline of the object’s lifecycle.

Further, the most recent efforts to address object heterogeneity tend to rely on

hybrid neural networks (HNNs) in the two-step serial architectures and focus on

classifying the features that reflect most of the objects in the data, i.e., the majority

classes. These techniques perform relatively well when the data is characterised by

fairly simple linear relationships. But with the data complexity increasing, they re-

quire significantly more data pre-processing time and thus hardly meet the efficiency

demands of real-world business competitions.

In the real world, the properties of enterprise data tend to be interconnected

nonlinearly via explicit or implicit relationships, and increasing business classifica-

tion tasks focus on minority classes, such as incidents of fraud or outlying customers.

Unlike traditional approaches, deep learning techniques have the ability to extract
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features and model nonlinear relationships without the need for prior human as-

sumptions. However, the efficiency challenges associated with processing large-scale

data and the technical challenges associated with identifying minority classifications

in complex imbalanced heterogeneous data remain largely unaddressed in the liter-

ature.

Hence, the approach presented in this chapter provides an alternative solution to

the serial architectures associated with traditional techniques, a suite of novel learn-

ing algorithms, and a novel approach to classifying minority features. The approach

comprises a unified, end-to-end Cs-HNN that learns real-world heterogeneous data

via a parallel network architecture. A specifically-designed cost-sensitive matrix au-

tomatically generates a robust model for learning minority classifications. And the

parameters of both the cost-sensitive matrix and the HNN are alternately, yet joint-

ly, optimised during the training process. The results of comparative experiments

on two real-world business cases - insurance fraud detection and demographic classi-

fications for mobile phone users - indicate that the proposed approach demonstrates

superior performance over baseline procedures even at extreme levels of imbalance.

The remainder of this chapter was published as ”Cost-sensitive hybrid neural net-

works for heterogeneous and imbalanced data” at the 2018 IEEE International Joint

Conference on Neural Networks (IJCNN), 2018 by the attributed authors: X. Jiang,

S. Pan, G. Long, J. Chang, J. Jiang, and C. Zhang. The full paper was accepted on

15 March 2018. Amendments have been made to improve the clarity of the language

in the originally published version and to better suit the context of this thesis.

3.1 Introduction

The current nature of globalisation and competition stress the importance of

leveraging valuable knowledge from the vast stores of accumulated data businesses
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are now collecting. Given that DNNs deal with complex input-output relation-

ships, scholarly attention has recently turned to applying these machine learning

techniques to different business applications. However, while these efforts have re-

sulted in major advancements to the analysis and classification of business objects,

real-world classification tasks are not as straightforward when the data are hetero-

geneous and unbalanced. Traditionally, machine learning algorithms work well with

homogeneous and balanced datasets that have been carefully prepared in the first

steps of the knowledge discovery process. However, real-world datasets are usually

derived from information systems that integrate collections of people, products, and

processes. Such datasets are widely characterised as heterogeneous and imbalanced.

Real-world data objects roughly fall into two categories descriptions and se-

quences as shown in as in Fig. 3.1. Descriptions define the properties of an object

that do not change over time. Sequences record transactions that occur over an

object’s lifecycle. Heterogeneous data contains objects in both categories.

Figure 3.1 : An example of a real-world heterogeneous dataset

In addition, heterogeneous data usually occupy different positions in the data

space, so using a single learning method or one projection to extract patterns from

heterogeneous data does not produce a comprehensive learning result. Moreover,

real-world business tasks often focus on minority classes, rather than the balanced
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classifications associated with traditional techniques. As a result, using traditional

techniques with data that have imbalanced class distributions usually produces out-

comes that are extremely skewed. Take fraud detection as an example. Most often,

there are significantly fewer fraudulent transactions in a dataset than normal trans-

actions. Hence, fraudulent transactions become the minority class and are severely

under-represented compared to the other classes.

Despite the recent advancements in deep learning with real-world heterogeneous

and imbalanced datasets, applying DNNs to business applications still faces a lot

of challenges. HNNs leverage the advantages of several different types of neural

networks and have, therefore, received increasing interest in computer vision and

natural language processing. However, while suitable for some learning areas, most

current HNNs attempt to solve classification problems via a two-step serial frame-

work and do not tend to consider which type of data is the most suitable for process-

ing. Further, in practical data analysis, serial frameworks usually demand more data

pre-processing and lack the learning efficiency required to meet real-world business

demands. As yet, hybrid architectures have not been well-studied with real-world

heterogeneous and imbalanced data.

Therefore, to add to the growing researches on heterogeneous data analysis, this

chapter focuses on minority classifications and trend forecasting with imbalanced

data using a deep network solution. Our approach involves learning description-

s and sequences in heterogeneous data and adjusting the cost-sensitive matrix of

imbalanced data through an end-to-end Cs-HNN. To avoid the heavy demand for

pre-processing and the inefficiency problems associated with training heterogeneous

data in traditional serial HNN architectures, the Cs-HNN integrates an MLP and

LSTM within a new parallel architecture that trains descriptions and sequences

within the same epoch during training. To address the problem of imbalanced data,

previous studies on DNNs tend to disturb the data distribution in the training set to
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obtain better classifiers. Whereas, we have directly modified the learning procedure

to incorporate class-dependent costs during the training process.

To this end, we introduce a Cs-HNN specifically designed for heterogeneous and

imbalanced datasets. The key contributions of this chapter are:

• a novel HNN to handle heterogeneous business objects that consist of both

description and sequence data. The network operates within a unified parallel

architecture that aggregates two types of neural networks, MLP and LSTM,

into the same epoch to greatly improve learning efficiency in complex real-

world data analysis.

• an algorithm that jointly optimises the HNN’s parameters and the cost-sensitive

matrix to solve data imbalance problems in DNNs, along with an analysis of

the effect of the modified loss functions by deriving relations for propagated

gradients.

• an empirical study based on real-world datasets to validate the effectiveness

of the presented approach.

3.2 Preliminaries

This statement addresses the problems with analysing real-world datasets in two

respects: heterogeneous input representations and the cost-sensitive classification of

imbalanced outputs.

Let X = {D,S} represent the descriptions and the transactions of the hetero-

geneous data inputs, where D = {A1, · · ·, An} is a set of n-dimensional attributes

that specify the object’s characteristics, and S = {T1, · · ·, Tm} is the set of m trans-

actions that records the object’s activities over its lifecycle within the time-series

sequence S. Each transaction Tm consists of (t1, · · ·, tj), where tj is the jth feature

that describes the context-aware information of the mth occurring transaction.
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Table 3.1 : Descriptive statistics for the heterogeneous and imbalanced datasets

Heterogeneous inputs Imbalanced

Dataset Descriptions Sequences output

XID A1 ... An T1 ... Tm Y

X1 2 ... Z01 (a,6) ... (e,1) No

X2 6 ... Z02 (b,7)) ... (f,2) No

X3 9 ... Z03 (c,8) ... (a,5) Yes

X4 3 ... Z04 (a,2) ... (d,8) No

Our goal is to take a heterogeneous dataset X = {D,S}, with a suitable data

structure, feed the data into a novel unified neural network through a weight and bias

optimisation, and demonstrate that this approach produces superior performance

with real-world heterogeneous and imbalanced datasets.

Within our method, an information table is constructed that maps each de-

scription and sequence into its corresponding attribute or transaction column. The

table, as illustrated by the example in Table 3.1, consists of four samples X =

{X1, X2, X3, X4} and includes: n description columns and the corresponding at-

tributes {A1 −An}; m sequence columns and the corresponding transactions {T1 −

Tm}; and a labelled classification output, column Y.

The output column Y = {No,No, Y es,No} shows the imbalanced classifications

in the input samples X = {X1, X2, X3, X4}. Given a sample X1, the values {T1, · ·

·, Tm} are {(a, 6), · · ·, (e, 1)}, which represents a sequence of m transactions and two

of its features: name and usage. For example, (a, 6) means the transaction T1’s

name is a and six of a have been used.
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Using the constructed information table, the HNN learns a combination of both

the description and sequence representations within a unified training structure, and

a cost-sensitive layer solves the imbalance problems.

3.3 A Cs-HNN for heterogeneous and imbalanced data

This section presents a novel Cs-HNN for analysing heterogeneous and imbal-

anced datasets in the real world. The Cs-HNN’s architecture appears in Fig. 3.2.

It consists of an HNN that analyses heterogeneous inputs, and a cost-sensitive loss

function that solves imbalanced classifications. Each of the different components is

described in the following sections.

Figure 3.2 : The architecture of the Cs-HNN
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3.3.1 An HNN for heterogeneous data

The heterogeneous input X = {D,S} contains both property-based descriptions

and transaction-based sequences. In most real-world cases, traditional monotonous

methods produce low accuracy with such heterogeneous inputs. Hence, to solve

this problem, we have developed a hybrid concept that integrates both the descrip-

tive information and the sequence information within one training procedure. The

proposed HNN contains the following components:

Heterogeneous data embedding

Given a heterogeneous data source with n attributes for description D and m

transactions in sequence S, the data embedding task requires that the heterogeneous

data inputs X are pre-processed into a uniform information table (see Table 3.1 for

an example): X → {{A1, · · ·, An}, {T1, · · ·, Tm}}, where {A1, · · ·, An} corresponds to

the n attributes of description D and {T1, · · ·, Tm} corresponds to m transactions of

sequence S. The categorical variables of the information table are then converted

with one-hot encoding, and the numerical variables are normalised to provide better

performance. The Cs-HNN then processes the heterogeneous data inputs X through

two parallel networks - one for descriptions and another for sequences - with a

training procedure that parses whole epochs.

Description neural network

The description neural network (DsNN) learns the description elements of the

data inputs D = {A1, · · ·, An} in the constructed information table. This network

is essentially an MLP with more than 3 layers {Input → Hidden → Output} and

several nonlinear activation functions, either tanh or logistic sigmoid. Given a 1-

hidden-layer MLP, the description parameter α = {W1,W2, b1, b2}. The inference
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function F (x) follows:

F (x) = σ(b2 + W2σ(b1 + W1x)), (3.1)

where the MLP inference function is formulated by the bias vectors b1, b2 and the

weight matrices W1, W2; σ represents the sigmoid activation function.

Sequence neural network

The sequence neural network (SqNN) processes the sequences S = {T1, · · ·, Tm}

in the constructed information table using a bi-directional LSTM (BiLSTM) for

learning. The BiLSTM orders the sequential inputs in two ways, one from past to

future and one from future to past. Compared to traditional unidirectional LSTMs,

BiLSTM networks combine the hidden states in both directions to preserve the

information for any point in time from both the past and the future. In real-world

sequential cases, BiLSTM networks usually show good results as they are better at

interpreting context. Through the BiLSTM, the SqNN efficiently processes the past,

via forward states, and the future, via backward states, for a specific time frame as:

−→
Ht =

−−−−−−→
LSTMU(Tt), t ∈ [1,m]

←−
Ht =

←−−−−−−
LSTMU(Tt), t ∈ [1,m]

(3.2)

where LSTMU represents a standard unit of LSTM. Given a sequence with m trans-

actions, the hidden outputs of a given transaction input Tt, t ∈ [1,M ] are calculated

from the following subfunctions:

• forget gate: ft = σ(Wf · [Ht−1, Tt] + bf )

• input gate layer: it = σ(Wi · [Ht−1, Tt] + bi)

• new contribution: C̃t = tanh(WC · [Ht−1, Tt] + bC)
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• update cell state (memory): Ct = ft ∗ Ct−1 + it ∗ C̃t

• output gate layer: ot = σ(Wo · [Ht−1, Tt] + bo)

• output to next layer: Ht = ot ∗ tanh(Ct)

where σ represents the sigmoid activation function, and [Ht−1, Tt] is a concatena-

tion of Ht−1 and Tt. The SqNN parameters β = {Wf ,Wi,WC ,Wo, bf , bi, bC , bo} are

a concatenation of the forward hidden state
−→
Ht and the backward hidden state

←−
Ht.

Ht = [
−→
Ht;
←−
Ht], summarises information about the sequence of transactions centred

around Tt.

Neural network aggregation

To aggregate the DsNN and the SqNN into an HNN (see Fig. 3.2), the outputs

of the DsNN and SqNN could be concatenated, multiplied, or averaged. In our

implementation, the outputs of both the description and the sequence networks are

concatenated within a softmax layer for classification:

Comb = softmax(Wcv + bc), (3.3)

where v is a high-level vector of the combined hidden outputs. v = [Hdes, Hseq] is

the concatenation of the hidden outputs Hdes from the description network and Hseq

from the sequence network. A softmax function is then used on the heterogeneous

dataset X = {D,S} for data classification.

3.3.2 Imbalanced cost-sensitive classification

Class imbalance problems are addressed during training. A cost-sensitive clas-

sification function minimises the expected risk R(p|x), where x is an input sample,

and p is the output classification of the classifier. The expected risk can be expressed
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as

R(p|x) =
∑
q

δp,qP (q|x) (3.4)

where the cost matrix δp,q denotes the cost of misclassifying a sample to class q

when it should belong to class p. P (q|x) is the posterior probability over all possible

classes given a sample x.

The cost-sensitive error function is expressed as the loss function over the training

set:

E(α, β, δ) = �(y, ŷ(α,β,δ)) (3.5)

where ŷ(α,β,δ) is parameterised by the HNN, α = {W1,W2, b1, b2} are the weights and

biases in the description network, β = {Wf ,Wi,WC ,Wo, bf , bi, bC , bo} are the weights

and biases of the sequence network, and δ is the matrix of the class-sensitive costs.

y ∈ {0, 1}1×N is the desired output, and N denotes the total number of neurons in

the output layer, which is equal to the number of classes. For example, in Table

3.1, N = 2 according to column Y . Therefore, the objective of the cost-sensitive

classification optimisation is

(α∗, β∗, δ∗) = arg min
α,β,δ

E(α, β, δ) (3.6)

where the optimal parameters (α∗, β∗, δ∗) are the objectives of the learning algorith-

m. These objectives are the minimum possible cost of E in Eq. (3.5). The loss

function �(·) in Eq. (3.5) could be any suitable loss function. Here, we have used a

cross-entropy loss function.

Cost-sensitive cross-entropy loss function: The cross-entropy loss function max-

imises the predictions for the desired output, formulated as

�(y, ŷ) = −
∑
n

y log ŷ(α,β,δ), (3.7)

where y incorporates the class-dependent cost δ. The output is related to the out-

put of the previous combination layer via the softmax function and calculates the
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probability distribution of different possible outcomes.

3.3.3 Learning optimal parameters

The goal in optimising the learning parameters is to jointly learn the three types

of parameters used in the Cs-HNN’s functions. These parameters are the class-

dependent loss function parameter δ, the description hypothesis parameter α =

{W1,W2, b1, b2}, and the sequence hypothesis parameter β = {Wf ,Wi,WC ,Wo, bf , bi,

bC , bo}. Each is solved alternately by keeping two fixed and minimising cost with

respect to the other. Stochastic gradient descent with a backpropagation error op-

timises α and β, while a gradient descent algorithm optimises the cost-sensitive

matrix δ by calculating the direction of the steps to update the parameters.

The following cost function is used for the gradient computation to update δ,

which can be understood as a squared L2 norm of the difference between the vectors

� and δ

f(δ) =
1

2

∑
c

(�c − δc)
2, c ∈ [1, N ] (3.8)

where N is the total number of distinct classes in the training set, and � denotes

the histogram vector that encodes the distribution of classes in the training set.

The minimisation objective to find the optimal δ∗ is expressed as:

δ∗ = arg min
δ

f(δ), (3.9)

The gradient descent algorithm that calculates the direction of updated steps

and optimises the cost function is

∇f(δ) =∇((�− δ)(�− δ)T )

=(�− δ)JT
δ = −(�− δ)1T

(3.10)

where J is the Jacobin matrix. To compute the dependence of f(δ) on the

validation error, we take the update step only if it results in a decrease in the
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Algorithm 1 Learning the optimisations for parameters (α, β, δ)

Input: Training set (XT , YT ), Validation set (XV , YV ), Max epochs (Maxep), Learn-

ing rate (γα, γβ, γδ)

Output: Learned parameters (α∗, β∗, δ∗)

1: Net ← construct-Hybrid-Neural-Net()

2: {Random initialization}

3: α, β ← initialize-Net(Net), δ ← 1, val-err ← 1

4: {Looping in number of epochs}

5: for e ∈ [1,Maxep] do

6: gradδ ← 1, compute-Grad (XT , YT , F (δ))

7: δ∗ ← update-CostParams (δ, γδ, gradδ)

8: δ ← δ∗

9: for b ∈ [1, batchSize] do

10: outb ← forwardPass(Xb
T , Y

b
T , Net, α, β)

11: {Training Description of hybrid neural net}

12: gradbα ← backwardFPass(outb, Xb
T , Y

b
T , Net, α, β, δ)

13: α∗ ← update-FNet-Params(Net, α, β, γα, grad
b
α)

14: {Training Sequence of hybrid neural net}

15: gradbβ ← backwardSPass(outb, Xb
T , Y

b
T , Net, α∗, β, δ)

16: β∗ ← update-SNet-Params(Net, α∗, β, γβ, grad
b
β)

17: α, β ← α∗, β∗

18: end for

19: val-err∗ ← forwardPass(Xb
V , Y

b
V , Net, α, β)

20: if val-err∗ >val-err then

21: γδ ← γδ ∗ 0.01

22: val-err ← val-err∗

23: end if

24: end for

25: return (α∗, β∗, δ∗)
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validation error. The complete parameter optimisation algorithm is provided below

as Algorithm 1.

In the next section, we discuss the impact of the backpropagation algorithm’s

modified loss functions on the gradient computations.

3.3.4 Gradient computation with backpropagation

DsNN backpropagation

In the DsNN, the minimisation objective to find the optimal α∗ is expressed as

α∗ = arg min
α

E(α) (3.11)

The loss function is represented as �(y, ŷ) = 1
2

∑
k(yk − ŷk)2 with the output

as the kth neuron in the training set. Using gradient descent, the mathematical

expression of the gradient at each neuron is

∂�(y, ŷ)

∂vk
= −(yk − ŷk)

∂ŷk

∂vk
(3.12)

where vk is the weighted sum of the input connections. ŷk in sigmoid activation

function is defined as

ŷk = (1 + exp(−vk))−1 (3.13)

Therefore, the partial derivation of ŷk can be given as

∂ŷk

∂vk
=

exp(−vk)

(1 + exp(−vk))2
= ŷk(1− ŷk) (3.14)

SqNN backpropagation

In the SqNN, the minimisation objective to find the optimal β∗ is expressed as

β∗ = arg min
β

E(β) (3.15)



55

The loss function is represented as �(y, ŷ) = 1
2

∑
k(yk − ŷk)2 with the output

as the kth neuron of the training set. Using gradient descent, the mathematical

expression of the gradient at each neuron is

∂�(y, ŷ)

∂vk
= −(yk − ŷk)

∂ŷk

∂vk
, (3.16)

where vk is the weighted sum of the concatenated inputs. The ŷk in the tanh

activation function is defined as

ŷk = σ(Wo · [Hk−1, Tk] + bo) ∗ tanh(Ck), (3.17)

where σ represents the sigmoid activation function. Ck is defined as Update Cell

State in previous section. The partial derivation of ŷk can be given as

∂ŷk

∂vk
= tanh(WiTk + ok · (UiHk−1) + bi) (3.18)

where ok, and the parameters bi and Wi are explained in Section IV.3.

Cost-sensitive cross-entropy backpropagation

The cost-sensitive softmax log loss function begins by calculating the partial

derivative of the softmax neuron with respect to its input:

∂ŷc

∂Combc
= ŷc(1− ŷc), (3.19)

where the output of the previous layer Comb is defined in Section IV.4, c ∈ [1, N ]

and N is the total number of distinct classes in the training set. The loss function

is differentiated as follows:

∂�(y, ŷ)

∂Combc
=−

∑
c

yc
1

yc

∂yc

∂Combc

=− yc +
∑
c

ycŷc = −yc + ŷc,

(3.20)
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Since yc is defined as a probability distribution over all output classes,
∑

c yc = 1.

∂�(y, ŷ)

∂Combc
= −yc + ŷc (3.21)

The result is the same when the cross-entropy loss function does not contain

any cost-sensitive parameters. Thus, the costs affect the softmax output, but the

gradient formulas remain the same.

3.4 Experiments and evaluation

The approach outlined above was evaluated on six real-world heterogeneous and

imbalanced datasets. Three datasets were extracted from the Insurance-FD dataset,

and three were extracted from the Mobile-CD dataset. Insurance-FD contains data

on fraud detection, while Mobile-CD classifies customer demographic information.

Details on each dataset and the experimental settings follow.

3.4.1 Datasets and experimental settings

Fraud detection

Insurance-FD is a real-world dataset derived from the information systems of

a large Chinese life insurance company. It contains over 138,200 samples, and 411

dimensions narrowed from an original 2457 dimensions. The data objects are in-

surance policies, and the samples describe each policy’s properties in terms of 341

attributes (descriptions) including product lists, agents, sales channels, the insured

parties, and the policies’ beneficiaries. The policies are also classified into seven

different types of transactions. These transactions contain the sequence informa-

tion, such as cooling-off periods, insurance premiums or deductions, loans, claims,

surrenders, account changes, and changes to the listed parties or other information.

For the purposes of this study, these sequence features are considered to belong to

positive (fraudulent) and negative (non-fraudulent) classes.
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Experimental setting : To evaluate the Cs-HNN on datasets of various scales,

three datasets of different sizes were extracted from Insurance-FD and converted

into information tables, as described in Section 3.2. To represent different degrees of

imbalance in the data distribution, we reduced the representations of one of the two

classes in each extracted dataset to 20%, 10%, and 5%. For instance, an imbalance

value of 5% means 5% of the samples fall into the minority class compared to the

majority class. The neural networks settings for Insurance-FD for each compared

method are shown in Table 3.2.

Table 3.2 : Network settings for the Insurance-FD dataset

Compared Learning Hidden Layer

Method Rate Neutron Setting

DNN: MLP γ=0.01 {input→ 512 → 256 → output}

RNN: BiLSTM γ=0.01 {input→ 256 → 256 → output}

input : n ∼ description

HNN: γα=0.01 {n→ 512 → 256 → h}

Hybrid NN γβ=0.01 input : m ∼ sequence

{m→ 256 → 256 → h}

Cs-HNN: γα=0.01 input : n ∼ description

Cost- γβ=0.01 {n→ 512 → 256 → h}

sensitive input : m ∼ sequence

Hybrid NN γδ=0.0001 {m→ 256 → 256 → h}

Demographic classification

Mobile-CD is a real-world dataset from Kaggle-TalkingData. It contains mobile

user demographics and behavioural data about more than 70% of the 500 million
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Table 3.3 : Network Settings for the MOBILE-CD Data Set

Compared Learning Hidden Layer

Method Rate Neutron Setting

DNN: MLP γ=0.01 {input→ 64 → 32 → output}

RNN: BiLSTM γ=0.01 {input→ 1024 → 1024 → output}

input : n ∼ description

HNN: γα=0.01 {n→ 64 → 32 → h}

Hybrid NN γβ=0.01 input : m ∼ sequence

{m→ 1024 → 1024 → h}

Cs-HNN: γα=0.01 input : n ∼ description

Cost- γβ=0.01 {n→ 64 → 32 → h}

sensitive input : m ∼ sequence

Hybrid NN γδ=0.0001 {m→ 1024 → 1024 → h}

mobile devices that are active daily to help the companies better understand and

interact with their audience. The dataset contains more than 6500 descriptions of

mobile devices and app activities that are used to predict the demographic char-

acteristics of mobile users. The descriptions and transactions in Mobile-CD have

996 dimensions, narrowed from an original 6513 dimensions. We extracted three

datasets of different sizes covering two demographic groups from this dataset.

Experimental settings : To represent different levels of imbalance in the data

distribution, we reduced the representative samples of one of the two classes in each

dataset to 20%, 10%, and 5%. Again, a 5% imbalance value means the dataset

contains 5% minority samples with the remainder as majority samples. The three

datasets were then converted into information tables. Table 3.3 lists the neural
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networks settings for each compared method for Mobile-CD.

Comparison baselines

The following DNN, RNN, and HNN algorithms were selected as appropriate

comparisons to evaluate Cs-HNN’s performance:

• DNN: an MLP network trained on the description data;

• RNN: a BiLSTM network trained on the sequence data; and

• HNN: Our proposed parallel HNN without the cost-sensitive matrix, trained

on both the description and sequence data.

All neural networks were trained on one dataset during the training procedure.

80% of the samples in each dataset were used as the training set; the remaining 20%

were used as the test set. Each network was evaluated on the three versions of each

dataset, reflecting different levels of imbalance and used to make predictions in the

subsequent testing procedure.

Evaluation metrics

Two commonly-used classification metrics were used to evaluate prediction per-

formance: F-measure and area under curve (AUC) [41].

3.4.2 Experimental results

In general, accurately classifying the minority class rather than the majority

class is more important when the data is imbalanced. Without loss of generality,

we mainly focused on classification performance in the minority class the positive

class in these experiments.

The results of the experiments on the three Insurance-FD datasets and the three

Mobile-CD datasets are shown in Tables 3.4 and 3.5, respectively.
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Table 3.4 : Evaluation with the Insurance-FD dataset

Datasets F-measure

Experimental settings DNN RNN HNN Cs-HNN

Insur + Imb. level 20% 0.67778 0.68493 0.72922 0.74487

Insur + Imb. level 10% 0.47099 0.57576 0.58084 0.67085

Insur + Imb. level 5 % 0.46258 0.46953 0.56410 0.60645

Datasets AUC

Experimental settings DNN RNN HNN Cs-HNN

Insur + Imb. level 20% 0.77104 0.78183 0.84283 0.82634

Insur + Imb. level 10% 0.67185 0.76185 0.83767 0.84204

Insur + Imb. level 5 % 0.67377 0.64297 0.74412 0.75761

Imb. denotes imbalance

With each dataset, we observed that the more imbalanced the data, the worse

the classification performance, as illustrated by the general downward trend in terms

of both F-measure and AUC as the degree of imbalance increased. However, and

more importantly, both the Cs-HNN and the HNN network based on Cs-HNN but

without the cost-sensitive matrix did show better classification accuracy on most

of the datasets than the baseline DNN and RNN networks at the same levels of

imbalance. Additionally, the Cs-HNN showed obvious improvements in terms of F-

measure and AUC in datasets with an extreme imbalance of 5%. This is a promising

result for effectively classifying imbalanced datasets.

We also tested Cs-HNN in terms of the loss value trend when training and

testing the three Insurance-FD datasets at an imbalance level of 5%, as shown in

Fig. 3.3. Even with highly imbalanced heterogeneous datasets, Cs-HNN significantly
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Table 3.5 : Evaluation with the Mobile-CD dataset

Datasets F-measure

Experimental settings DNN RNN HNN Cs-HNN

Mobil + Imb. level 20% 0.63917 0.21052 0.95302 0.94891

Mobil + Imb. level 10% 0.30769 0.12500 0.72000 0.86957

Mobil + Imb. level 5 % 0.24590 0.25882 0.42307 0.50909

Datasets AUC

Experimental settings DNN RNN HNN Cs-HNN

Mobil + Imb. level 20% 0.73485 0.50374 0.97251 0.96569

Mobil + Imb. level 10% 0.59090 0.48649 0.81067 0.94412

Mobil + Imb. level 5 % 0.57537 0.59973 0.67332 0.71560

Imb. denotes imbalance

decreased the loss value trend during both the training and testing procedures as

the number of epochs increased. This result empirically verifies the theoretical

analysis in the previous sections, demonstrating that Cs-HNN can deliver effective

classification performance on real-world heterogeneous and imbalanced datasets.

In summary, our investigation into the problems associated with object hetero-

geneity when mining heterogeneous real-world enterprise data explored an alterna-

tive solution to the serial architectures traditionally used with most existing HNNs.

We argue that the serial architectures require more data pre-processing and lack the

learning efficiency demanded by real-world business needs. Additionally, real-world

business tasks often focus on minority classes, not the majority classifications ex-

isting techniques are designed to provide. The solution presented in this chapter

relies on a novel, unified, end-to-end architecture and learning algorithms that are
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Figure 3.3 : Cs-HNN loss values with an increase in the number of epochs using the

Insurance-FD dataset and an imbalance level of 5%, Cs-HNN effectively decreases

the loss value.

designed to operate within a Cs-HNN. The Cs-HNN feeds a heterogeneous infor-

mation table into a network architecture that processes descriptions and sequences

in parallel. Alternating optimisation algorithms then efficiently learn the resulting

imbalanced cost-sensitive matrices along with the Cs-HNN’s parameters at the e-

poch level. The results of the experiments with six real-world heterogeneous and

imbalanced datasets demonstrate that this approach is able to generate the types

of object classifications commonly required by real-world businesses with superior

performance over other baseline neural networks.
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Chapter 4

Event Heterogeneity

In this chapter, we explore and analyse event heterogeneity through effective and ef-

ficient pattern mining models that consider event heterogeneity. Due to the natural

complexity of heterogeneous enterprise data, traditional pattern mining approaches

tend to be inefficient and inaccurate. Most are based on the assumption of homoge-

neous data, whereas heterogeneous event-related features carry critical information

that influence both the accuracy and relevance of the insights derived from data

analysis tasks.

As one of the most well-known methods of customer analysis, general sequential

pattern mining methods mostly focus on major events to provide deep insights into

the activities and behaviours that characterise a business. However, in the real-

world business events are often linked to many other factors [78] [178]. Hence,

this chapter presents a practical and efficient sequential pattern mining approach to

discover valuable event patterns by mining events with heterogeneous features using

two different measuring algorithms, each providing specific insights into important

aspects of business activity.

The work in this chapter was supported by the Australian Research Council

Linkage grant (LP120100566). This investigation of event heterogeneity focuses

on a real-world case study in the fleet rental industry. In fleet tracking, vehicle

location and usage time are widely considered to be important features for increasing

operational efficiency, improving the quality of customer service, and predicting

future customer requirements. The solutions presented in this chapter, therefore,
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focus on identifying frequent location and usage patterns in fleet tracking data.

Experimental results on real-world datasets verify the effectiveness of this approach.

The remainder of this chapter was published as Discovering sequential rental pat-

terns by fleet tracking at the International Conference on Data Science. Springer,

2015 pp. 4249 by the attributed authors: X. Jiang, X. Peng, and G. Long. A-

mendments have been made to improve the clarity of the language in the originally

published version and to better suit the context of this thesis.

4.1 Introduction

In fleet rentals, the quality of a company’s products and services depends on

how successful they are at getting vehicles to the place a customer requires and at

the time the customer needs [79] [152] [164]. Fleet tracking information, such as the

locations of all the vehicles and the operating hours of the business, has been widely

recognised as an important part of improving work performance, predicting customer

preferences, and improving a company’s competitive advantage [4] [152] [164].

As one of the most well-known methods of customer behaviour analysis, sequen-

tial pattern mining reveals frequent subsequences in a given database and represents

them as patterns [114] [133] [193]. In fleet rentals, these patterns, when combined

with fleet tracking information, are an effective way to identify high-utility vehicles

or highlight highly-profitable services.

Fig. 4.1(a) illustrates an example of general sequential pattern mining. Here,

the sequence comprises vehicles rented by different customers. The identified rental

pattern in the rectangle (red, grey, yellow) has the highest frequency but has ignored

the actual vehicles used at different customer sites. In reality, the vehicle rented by

one customer may service two different work sites. Hence, analysing this pattern

as a single sequence is likely to decrease the accuracy of the results. Fig. 4.1(b)
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demonstrates an example of location-based sequential pattern mining. The sequence

is divided into two different locations A and B. Here, two different rental patterns

replace the single pattern identified by general pattern mining techniques with more

accuracy a (red, grey) pattern is discovered for location A and a (yellow, green)

pattern at location B. Fig. 4.1(c) depicts usage-based sequential pattern mining.

This type of analysis mines patterns associated with vehicle use, according to time

in this case, e.g. daily (yellow, red, green). Detecting high-utility vehicles by the

amount of time they have been used can identify patterns with even more accuracy

and far deeper insights to support prediction about future rental behaviour.

Figure 4.1 : Three sequential pattern mining approaches (a) general (b) location-

based (c) usage-based

With the aim of improving the accuracy, efficiency, and the potential insights pro-

vided by sequential pattern mining for the fleet rental industry, this chapter presents

a novel sequential pattern mining framework and two corresponding modelling al-

gorithms. The algorithms identify frequent itemsets in fleet tracking information

according to location and use. Further, the performance of the approach is verified

through experiments on real-world fleet tracking datasets. The specific contributions

of this chapter are:

• an analysis of the problems associated with discovering sequential rental pat-

terns in fleet tracking data;

• a sequential pattern mining framework to efficiently discover rental patterns;
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• two algorithms that reveal location-based and usage-based sequences, respec-

tively;

• comparative experiments with real-world fleet tracking data that verify the

effectiveness of the approach.

4.2 Preliminaries

4.2.1 Basic concepts and definitions

Several sequential pattern mining algorithms have been proposed to support the

discovery of frequent patterns in customer purchasing behaviour, such as Spade, Pre-

fixspan, and SPAM [5] [57] [193]. These algorithms typically result in the identified

patterns, but most are either incomprehensible or irrelevant to businesses. While

those that are relevant to a business’s needs, but have a lower frequency than the

given support threshold, are ignored [50] [114] [131] [165] [201]. To overcome these

problems, many studies have explored ways to improve sequential pattern discov-

ery. For example, Kumar used multiple minimum supports to enhance performance

[84] [85]. Liao proposed a depth-first spelling algorithm for biological sequences

analysis [97]. And Lan applied a utility measure to discover patterns with high u-

tility [88]. Each of these endeavours has improved the great potential of sequential

pattern mining in various applications.

However, in terms of the fleet rental industry, the problem definitions and the way

information is analysed and used in the above studies have some major shortcomings.

The most significant of these is a lack of understanding about what information the

customer actually needs to provide quality products and services, such as high-

quality fleet tracking patterns from real-world data [4] [164] [165].

Sequential pattern mining. Given a database of sequences gathered by an

IoT-enabled device and a minimum support threshold, the main objective of a se-
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quential rental pattern mining task is to find a complete set of sequential rental

patterns.

Let I = {i1, i2, · · ·, in} be a set of all items, with an itemset representing a subset

of these items. A sequence is an ordered list of itemsets. A sequence s is denoted by

< s1s2 · · ·sl >, where sj is an itemset, i.e., sj ⊆ I for 1 ≤ j ≤ l. sj also represents an

element of the sequence, denoted as (x1x2 · · · xm), where xk is an item, i.e., xk ⊆ I

for 1 ≤ k ≤ m. The number of instances of items in a sequence is referred to as the

length of the sequence. A sequence with length l is denoted as l-sequence.

A sequence database S is a set of tuples < sid, s >, where sid is the sequence-

id and s is the sequence. A tuple < sid, s > is said to contain a sequence α,

if α is a subsequence of s, i.e., α � s. Support for a sequence α in a sequence

database S is measured by the number of tuples in the database containing α, i.e.,

supports(α) =| {< sid, s >| (< sid, s >∈ S)
∧

(α � s)} |. Given a positive integer ξ

as the minimum support threshold, a sequence α is identified as a sequential pattern

in database S if the sequence contains at least ξ tuples, i.e., supports(α) ≥ ξ. A

sequential pattern of length l is denoted as l-pattern.

Fleet tracking. With the integration of devices, sensors, information, software

instructions, and communications technologies, fleet tracking data contains the con-

nections between machines and business transactions [4]. Further, in the fleet rental

industry, fleet tracking has attracted considerable interest as a way to evaluate how

well a company does business. It can reflect how well a company has optimised its

services or how much value it is bringing to its customers. By knowing the location

and use of every vehicle in a fleet, a company can manage their vehicles in a more

efficient and effective manner. The standard features in fleet tracking data include:

vehicle location with time and date; the total operating hours of the vehicle, again

with time and date; and the amount of fuel used by the vehicle during the 24 hours
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prior to a specific time and date [164] [4].

4.2.2 Technical framework

The proposed framework combines sequential pattern mining techniques with

fleet tracking information. A general framework, comprising four steps, is shown

on the left of Fig. 4.2. These steps are data acquisition, item detection, pattern

mining, and prediction. Once complete, these steps can be re-executed using the

resulting evaluation and updated model parameters to provide higher performance

for future predictions. The components on the right side of the graph provide more

specific details on how to undertake pattern mining with fleet tracking data.

Figure 4.2 : A rental pattern mining framework with fleet tracking data

The transaction dataset in the above framework above is a set of fleet track-

ing records derived from business transactions, and the item sequence conversion is

designed to operate these events assuming relevant corresponding tracking informa-

tion. Each event (itemset) comprises a set of items within the fleet tracking data.
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The pattern algorithms identify the subsets of items within each itemset that meet

a given threshold according to a set of parameters. The discovered rental patterns

are stored as prediction rules in a knowledge base, which can be used to predict

future rental behaviours using current business fleet tracking data as inputs.

4.3 Rental event pattern mining

Event pattern mining discovers frequent subsequences in a sequence database

and represents them as patterns. This technique has proven to be a useful tool

for analysing order-based businesses and customer behaviours. An assumption that

transactional data reflecting past customer behaviour effectively reflects future cus-

tomers behaviour lies at the core of this premise. Hence, to avoid capturing the

patterns with low utility typically derived from traditional sequential mining meth-

ods, our approach relies on both transactional data and fleet tracking information

to focus on high-performance events and identify the most valuable customer be-

haviours in real fleet rental circumstances.

4.3.1 Data acquisition and item detection

The sequence data is composed from two sources of information: business trans-

actions and fleet tracking data. The data acquisition process samples then convert

real-world business transactions and vehicle information into a series of database ta-

bles that can be manipulated during the item detection phase. Each step in the data

acquisition process is managed by a series of extract, transform, and load programs

developed using various general-purpose programming languages.

The importance of location. Traditional sequential item detection techniques

focus on the rental behaviour of a customer. However, in practice, a customer’s fleet

requirements depend on the characteristics of the project the vehicle is required for,

and these characteristics tend to be location-specific. Therefore, determining where
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a vehicle is used will often capture specific features that improve the accuracy and

potential insights of predictions.

The importance of use. Vehicle use sits at the very core of fleet rental compa-

nies and is perhaps the most important feature for identifying high-utility vehicles.

As maintaining high utilisation is the key to business stability and profitability,

analysing customer rentals for high-utility vehicles is a crucial requirement for most

fleet rental businesses.

4.3.2 Event pattern mining and behaviour analysis

The problem objective As mentioned above, the overall aim of this approach

is to discover high-utility sequential rental patterns. However, this objective needs

to be defined in more detail, and suitable parameters need to be defined to fulfil the

algorithm. In the case of fleet rentals, these objectives are: 1)Identify the vehicles

customers prefer to hire with high frequency in sequential order. 2)Predict the

vehicles customers are likely to be interested in hiring in the near future.

Pattern mining algorithm The event pattern mining algorithm is presented

in the Algorithm 2. Given a sequence s =< s1s2 · · · · ·k >, a k-sequence represents

a sequence with k items. Lk is a set of frequent k-sequences, while Ck is the set

of candidate k-sequences. The goal is to generate a candidate set of all frequent

k-sequences, given the set of all frequent (k − 1)-sequences.

Behaviour analysis In this setting, learning is performed off-line. The outcome

is a set of pattern rules that provide information about the probability of specif-

ic rental behaviours occurring when certain preconditions are satisfied. Business

transaction data and fleet tracking information form the inputs for the algorithm.

The pattern rules and these two data sources are used to determine the likelihood

of future rental behaviours.
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Algorithm 2 The event pattern mining algorithm

Generate the candidate sequences in C1

Save the frequent sequences in L1

Iteratively find the sequences with kth pass:

Generate the candidate sequences in Ck from the frequent sequences in Lk−1.

{Join Phase:}

Join Lk−1 with Lk−1

Join if ( s1 first item) is the same as (s2 last item), s1 join with s2.

{Prune Phase:}

Delete candidate sequences Ck that have a contiguous (k− 1) subsequence whose

support count is less than the minimum support.

Terminated until: No more frequent sequences Lk are found. No candidate se-

quences Ck are generated.

4.4 Testing and results

Extensive experiments were conducted to verify the ability of this framework to

produce the desired results and to evaluate four different item detection strategies

in terms of computational cost, memory usage, number of patterns, and length of

patterns.

The data was provided by a real-world fleet rental company and contains 180,613

customer transactions with related fleet tracking data between January and Decem-

ber 2014. The four different detection strategies, DS1 to DS4, are described as

follows.

• DS1 - solely mined customer rental transactions;

• DS2 - mined customer rental transactions and fleet tracking data with location

information;
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• DS3 - mined customer rental transactions and fleet tracking data with usage

information; and

• DS4 - mined customer rental transactions and fleet tracking data with both

location and usage information.

Figure 4.3 : Execution time and number of patterns for the four detection strategies

Fig. 4.3 shows the execution times and number of patterns discovered for each

detection strategy. As illustrated in the figure, by considering the fleet tracking

factors with rental pattern mining, more useful event patterns are discovered under

same conditions. Especially for DS4, with the combination of multiple heterogeneous

factors, which takes more execution time tracking with both location and usage as

the minimum threshold decreased. However, the results show that it was able to
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Figure 4.4 : Comparison of the four detection strategies (a) number of patterns (b)

execution time

extract more sequential rental patterns in less execution time. The results also show

that DS2, DS3, and DS4 took less time to execute given the same threshold as DS1,

which did not use any fleet tracking data. For example, DS1 took 1719 seconds,

while DS2 only took 106 seconds.

Fig. 4.4 shows the effectiveness of each strategy. We observe that the execution

time dramatically decreased with fleet tracking approaches as (DS2 ∼ DS4), yet

the number of patterns detected, given a suitable threshold, stayed a high level.

For instance, DS1 took 1719 seconds to execute and discovered around 25,000 pat-

terns, while DS4 took 258 seconds to execute and discovered 24,196 patterns. The

results also show that incorporating multiple fleet tracking features into the analy-

sis yielded better execution times and discovered more patterns than either of the

single-featured approaches.

To further verify the results of these experiments, we asked several fleet rental

industry experts to evaluate the results. Each expert randomly chose a selection

pattern identified through each of the strategies (DS1 ∼ DS4) grouped in lengths

of (2 ∼ 6) and evaluated the results according to their own domain knowledge. They



74

Figure 4.5 : Evaluation of the four detection strategies with length of patterns

then selected the patterns they deemed to be of high utility (more important event

patterns) from each group. Fig. 4.5 shows the results of these expert evaluations as

the percentage of qualified patterns selected from each group. Although the percent-

ages vary somewhat by pattern length, each of the strategies that incorporated fleet

tracking data resulted in a higher percentage of valuable patterns for every group.

These results further support the effectiveness of the fleet tracking strategies.

In summary, this chapter demonstrates a novel and practical data mining method

for learning complex heterogeneous events in real-world business. We argue that

the traditional sequential pattern mining approaches tend to require more data pro-

cessing and lack accuracy or deep insights into business activities as they ignore

important heterogeneous event-related features and information. The practical and

efficient sequential pattern mining approach presented in this chapter is able to

discover valuable event patterns by combining heterogeneous enterprise data with
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measurement algorithms using real-world business transactions and fleet tracking

data as evidenced by the results from experiments with real-world enterprise data

and the supporting evaluations by industry experts. By effectively mining heteroge-

neous event data, this pattern mining approach is able to reveal valuable patterns

about customer service requirements that will help fleet rental companies ensure

they can deliver vehicles to customers when and where they are needed while main-

taining high vehicle utilisation to enhance stability and improve profitability.
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Chapter 5

Context Heterogeneity

This chapter explores context heterogeneity. Heterogeneous contextual features have

been widely recognised as important factors in many enterprise applications. These

factors are non-IID and are usually linked to other factors by coupled relationships

that have a latent influence on customer behaviours and business activities. Ig-

noring these coupled relationships can significantly detract from the accuracy of

recommendations and predictions, which could otherwise provide deep insights for

business.

Hence, the data analysis models presented in this chapter reflect a novel approach

to address context heterogeneity in one of the most popular enterprise applications

– recommender systems. Collaborative filtering is a fundamental part of the tra-

ditional recommender systems. However, integrating contextual information into

recommendations is not straightforward with most existing techniques. Therefore,

to improve recommendations with contextual features, the model presented here

is based on coupled collaborative filtering and measures heterogeneous contextual

information through non-IID relationships. Coupled similarity computations are

calculated based on the inter-item, intra-context and inter-context correlations be-

tween items, users, and contexts. Comparative experiments with different types of

collaborative filtering models demonstrate the effectiveness of this approach.

The remainder of this chapter was published as Coupled collaborative filtering for

context-aware recommendation at AAAI, 2015, pp. 41724173 by the attributed

authors: X. Jiang, W. Liu, L. Cao, and G. Long. Amendments have been made to
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improve the clarity of the language in the originally published version and to better

suit the context of this thesis.

5.1 Introduction

In recent years, information technology has led to dramatic changes in the busi-

ness world. Products and services have been reshaped and, more importantly, the

nature of competition has changed. Recommender systems analyse patterns of user

interest in products or services and then, based on that analysis, provide personalised

recommendations. Recommender systems are now widely accepted as an effective

means of predicting consumer preferences and enhancing a business’s competitive

edge [1] [155]. Traditionally recommender systems only take users and items in-

to consideration when making predictions [155]. However, research on consumer

behaviour has shown that customer purchasing behaviours are contingent on the

context in which decisions are made [1]. Contextual information, such as time, loca-

tion, and social networking, can influence user preferences, which in turn affects the

accuracy of predictions [1] [23] [149] [202]. Therefore, personal recommendations

might be significantly improved by incorporating relevant contextual information

into a recommender system.

As the most successful approach to building recommender systems, collaborative

filtering uses a matrix of items rated by users to predict other topics or products

those users might like. Generally, collaborative filtering recommender systems only

rely on two types of entities for recommendations, users and items, while ignoring

the contextual factors that drive a user’s preferences. Further, these two entities

are typically contained in one data source, which is a set of user ratings for other

items, as shown in Fig. 5.1(a). The context-aware recommender system shown in

Fig. 5.1(b) considers user preferences for items given the context of location. This

type of system provides more information for us to understand what the real pref-
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erence of customers in the context they rate. Current contextual recommendation

methods typically treat users, items, and locations as independent and identically

distributed (IID). However, in practice, contextual information is usually linked to

other entities by non-IID coupled relationships and latently act on customer inten-

tion prediction [15], as shown in Fig. 5.1(c). Thus, in certain circumstances, simply

considering users, items, and locations independently may not provide appropriate

recommendations. For example, a person’s preferred drink at an airport may be

very different from their choice at a vacation spot, underlying the reasons of items,

users and contextual may affect each other and drive user preferences latently.

In this chapter, we address the issues associated with recommendations based

on context from a new perspective. The approach designed here is based on the

assumption that product ratings are determined by both personal factors and the

coupled contextual information. Fig. 5.2 illustrates an example of our approach

using the context of ’location’: the non-IID coupled relationships between users,

items, and locations, are modelled and analysed through three interaction formula-

tions: inter-item, intra-context, and inter-context. The intra-context formulation is

used to measure the correlations between user ratings for different items in the same

location, the inter-item formulation is used to measure the correlations between user

ratings for items in different locations, and the inter-context formulation is used to

measure the complex correlations between all items in different locations.

These three formulations are modelled using Pearson’s correlation coefficient

[47], which measures the extent to which two variables linearly relate to each oth-

er. To generate context-aware recommendations, novel contextual weighting and

prediction functions are used to calculate the coupled similarities between different

items. The specific contributions of this chapter are:

• a formulation for a generalised triadic relation between users, items, and con-
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Figure 5.1 : Collaborative filtering (a) User ratings for items. (b) An example of

context-aware recommendation. (c) Non-IID coupled relationships with contextual

information.

texts to address the problems associated with coupled context-aware relation-

ships;

• a CCF approach that incorporates couplings between and within users, items,

and contexts;

• a CCF weighting algorithm for item-based context-aware recommendation;

and

• comparative experiments to evaluate the ability of these algorithms and models

to generate accurate, insightful recommendations.

5.2 Preliminaries

Research on customer behaviour has shown that customer purchase behaviours

are contingent on the context in which a decision is made [1]. With the aim

of identifying items of interest to users based on relevant contextual information

[23] [149] [202], context-aware recommender systems usually provide more accurate

predictions in real-world situations. Chen [23] was among the first to use Pearson’s

correlation coefficient to extend collaborative filtering models for context-aware rec-

ommendations. However, Chen’s model is based on the assumption of independent
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Figure 5.2 : Contextual coupled similarity where the context is ’location’.

contextual factors, which is only applicable to straightforward non-IID environ-

ments. Further, an increasing number of researchers argue that the assumption

of independence often leads to massive information loss [15] [171]. More recent-

ly, Wang et al. [171] proposed the concept of using coupled similarity to assist

classification and clustering tasks in unsupervised settings, with some success. Yet,

despite these advancements, no reported study has systematically taken coupled

relationships into account for context-aware recommendations.

5.3 CCF for context-aware recommendations

Calculating the similarities between items and users is a critical step in collabora-

tive filtering algorithms. In our approach, coupled similarity is calculated in terms of

inter-item, intra-context, and inter-context interactions regarding non-IID relation-

ship among users, items and contexts. Each of these three interaction formulations

and the coupled similarity calculation, are formalised below.

A common method of exploring similarity is to calculate a Pearson correlation

coefficient [47] [23] as a measure of the extent to which two variables linearly relate

to each other. Taking an item-based collaborative filtering algorithm as an example,

the Pearson correlation between items p and q is
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Corp,q =

∑
u∈U(ru,p − rp)(ru,q − rq)√∑

u∈U(ru,p − rp)2
√∑

u∈U(ru,q − rq)2
(5.1)

where u ∈ U denotes the set of users that rated both items p and q, ru,p is user

u’s rating for item q, and rq is the average rating of the qth item by all users in U .

Following traditional similarity calculation techniques, the non-contextual infor-

mation is first arranged into an initial user rating matrix (L×K), which represent

L different items rated by K different users. The contextual information contains N

different values. Hence, for context-aware recommendations, the user rating matrix

can be represented as an (L×K ×N) extended preference cube tensor. The corre-

lations between each pair of users and item ratings can then be calculated for each

contextual feature to reflect the globally coupled relationships given context.

5.3.1 Coupled similarity calculations

This subsection introduces the fundamental definitions used to calculate coupled

similarity given contextual features.

Definition 1 The inter-item interaction measures the correlations between con-

text i and j is quantified as as an L× L matrix M Ie(i, j), in which the (p, q) entry

represents the correlation between each pair of item ratings 〈ri〉
p and 〈rj〉

q.

M Ie(i, j) =

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

mIe
11(i, j) mIe

12(i, j) · · · mIe
1L(i, j)

mIe
21(i, j) mIe

22(i, j) · · · mIe
2L(i, j)

...
...

. . .
...

mIe
L1(i, j) mIe

L2(i, j) · · · mIe
LL(i, j)

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

(5.2)

where mIe
pq(i, j) = Cor(〈ri〉

p, 〈rj〉
q) is the Pearson’s correlation coefficient between

values 〈ri〉
p and 〈rj〉

q between different items p and q.

Taking the numbers of rating matrix as an example in Fig.5.2, the inter-item
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below shows the correlation between each item pair of Location 1 and Location n.

M Ie(1, n) =

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

1 0 −0.327 −1

0 −1 0 −1

−1 0.866 1 −1

0 −1 −10 −0.189

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

(5.3)

Thus, the inter-item relationship between Location 1 and Location n is captured

as a correlation coefficient between the items in different contexts.

Definition 2 The intra-context interaction within a context i is represented as

an L×L matrix M Ia(i), in which the (p, q) entry measures the correlation between

the values 〈ri〉
p and 〈ri〉

q.

M Ia(i) =

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

mIa
11(i) mIa

12(i) · · · mIa
1L(i)

mIa
21(i) mIa

22(i) · · · mIa
2L(i)

...
...

. . .
...

mIa
L1(i) mIa

L2(i) · · · mIa
LL(i)

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

(5.4)

where mIa
pq(i) = Cor(〈ri〉

p, 〈ri〉
q) is the Pearson’s correlation coefficient between

the ratings of items p and q in context i.

Again, based on Location 1 data in Fig. 5.2, the intra-context measurement

between Item 1 and Items 2, 3, and 4) would be

M Ia(c1) =

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

1 0 −1 −1

0 1 0 1

−1 0 1 0

−1 1 0 1

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

(5.5)

where c1 represents the context ’Location 1’. We then capture the intra-context
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relationships within Location 1 as a correlation coefficient between items in the same

context.

Based on previous intra-context calculation result, the inter-context interaction

aims to measure inter correlation among different contexts.

Definition 3 The inter-context interaction between context i and j is represent-

ed as an L× L matrix M Ia(i, j), in which the (p, q) entry describes the correlation

between the intra-context of M Ia(i) and M Ia(j). 〈mIa(i)〉p represents the vector of

M Ia(i) for item p. While 〈mIa(j)〉q is for the vector of M Ia(j) for item q.

M Ia(i, j) =

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

mIa
11(i, j) mIa

12(i, j) · · · mIa
1L(i, j)

mIa
21(i, j) mIa

22(i, j) · · · mIa
2L(i, j)

...
...

. . .
...

mIa
L1(i, j) mIa

L2(i, j) · · · mIa
LL(i, j)

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

(5.6)

where mIa
pq(i, j) = Cor(〈mIa(i)〉p, 〈mIa(j)〉q) is the Pearson’s correlation coeffi-

cient for mIa(i),mIa(j) between different items p and q. And

M Ia(i) =

[
mIa

p1(i) mIa
p2(i) · · · mIa

pL(i)

]
, M Ia(j) =

[
mIa

q1(j) mIa
q2(j) · · · mIa

qL(j)

]
.

5.3.2 Coupled similarity integrated-weight

With above three definitions, the coupled similarity integrated-weight is designed

to measure the total weight wi,j,v of correlations between two different contexts i

and j for a specific item v.

Definition 4 The coupled similarity integrated-weight between context i and j

is represented as:

wi,j,v =
‖M Ie

v (i, j)‖F + λ‖M Ia
v (i, j)‖F

1 + λ
(5.7)
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where ‖M Ia
v (i, j)‖F =

√∑
k∈L(mIa

vk(i, j))2, reflecting the inter-item relationship

between context i and j,

‖M Ie
v (i, j)‖F =

√∑
k∈L(mIe

vk(i, j))2, reflecting the inter-context relationship be-

tween context i and j.

Further, the coupled similarity integrated-weight is incorporated into a prediction

function reflecting the couplings within and between different contexts.

5.3.3 Prediction calculation

Definition 5 In CCF, coupled similarities are used to predict contextual ratings.

Here, we use a simple weighted average to predict the rating Pu,v,ci for user u on

item v given the context ci [155].

Pu,v,ci =

∑
cj∈N

ru,v,cjwci,cj ,v∑
cj∈N

| wci,cj ,v |
(5.8)

where the summations are over all other rated contexts cj ∈ N on item v by user

u. wci,cj ,v is the weight between the contexts ci and cj for item v, and ru,v,cj is user

u’s rating for item v given the context cj.

5.4 Experiments

The experiments were conducted on a real-world GPS location dataset recorded

from April 2007 to October 2009 in Beijing [202]. CCF was compared to several

other approaches to evaluate its performance.

5.4.1 Data preparation

The datasets were recorded by GPS devices covering a total of 139,310 square

kilometres and divided into five different types of activities: ’Food & Drink’, ’Shop-

ping’, ’Movies & Shows’, ’Sports & Exercise’, and ’Tourism’ across 168 locations for
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the purposes of this study. Since frequency indirectly reflects the user preferences,

we normalised the frequency counts for each user and activity.

5.4.2 Metrics and comparison methods

To measure the quality of the rating predictions, we used the most widely-used e-

valuation metrics, mean absolute error (MAE) and root mean squared error (RMSE)

[155]:

MAE =
∑

i,j |pi,j−ri,j |

n
, RMSE =

√∑
i,j(pi,j−ri,j)2

n
,

where n is the total number of ratings over all users, pi,j is the predicted rating

of user i for item j, and ri,j is the actual rating given.

The following approaches were selected as comparisons.

• UBCF: a traditional recommender system based on a user collaborative fil-

tering method [155]. The five closest users were considered to be the neigh-

bourhood.

• UBCF: a traditional recommender system based on an item collaborative

filtering method [155]. Again, the five closest users were considered to be the

neighbourhood.

• MF: The most well-known matrix factorization. This method minimises the

squared error with stochastic gradient descent [83].

5.4.3 Results

Table 5.1 and Fig. 5.3 show the results of all comparison methods in a context-

aware recommendation task.

As Table 5.1 shows, the CCF method delivered much better performance than

the traditional collaborative filtering methods in terms of RMSE. To verify the
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Figure 5.3 : MAE comparison for all models

significance of the performance improvements, we conducted paired t-tests. The low

p-values shown in the bottom of Table 5.1 demonstrate the significant advantages

of our method. Fig. 5.3 plots the results on bar charts, illustrating that CCF better

captures the contextual factors for use in rating predictions. In terms of MAE, our

proposed model resulted in a minimum 12% improvement over the UBCF, IBCF,

and MF models in all test cases.

Table 5.1 : RMSE comparison for all models

Model UBCF IBCF MF CCF

Food & Drink 2.50835 2.60468 1.71146 1.33885

Shopping 2.70816 2.75476 1.79297 1.42321

Movies & Shows 3.06439 3.15677 1.87627 1.61924

Sports & Exercise 2.47597 2.50778 1.46167 1.21474

Tourism 1.65684 2.46739 1.27661 1.03623

T-test 0.0112 0.0001 0.0005 Base
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In summary, this chapter investigates context heterogeneity by formulating gen-

eralised triadic relationships between contexts in heterogeneous real-world enterprise

data. We argue that existing contexts-aware methods do not provide a straight-

forward way of integrating non-IID heterogeneous contextual relationships into the

algorithms from a business perspective. Whereas, this novel CCF approach provides

context-aware recommendations by fully leveraging the value of heterogeneous con-

textual information for real-world business scenarios. Heterogeneous context-aware

factors provide valuable information for analysing customer behaviour. By measur-

ing the non-IID relationships between items, customers, and contexts, the proposed

CCF describes inter-item, intra-context, and inter-context correlations through cou-

pled similarity calculations to make context-aware predictions about which products

or services customers are likely to prefer. Experiments comparing different types of

collaborative filtering models demonstrate the effectiveness of our design.
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Chapter 6

Domain Heterogeneity

This chapter explores domain heterogeneity in the context of financial markets.

Globalisation has resulted in a steady increase in cross-border financial flows around

the world, and the complexity and nonlinearity of these flows is challenging for

traditional machine learning approaches to model. However, recent developments

in deep learning are opening up new opportunities for much more detailed data

analyses of complex relationships, such as those found in financial markets.

The cross-domain deep learning approach (Cd-DLA) presented in this chapter

is designed for forecasting and predicting market trends in multiple financial mar-

kets. An abstract representation of real-world financial market landscapes is built

by identifying and structuring three different types of correlations between homoge-

neous (e.g., the stock markets in two different countries) and heterogeneous (e.g., a

stock market and a currency market) markets. The mining architecture integrates

the times-series, inner-domain, and cross-domain features and relations to compose

multi-task predictions by transferring the heterogeneous domain knowledge. An

RNN captures the time-series correlations, while two attention mechanisms identify

the inner-domain and cross-domain correlations, respectively. Once captured, all

the correlations are aggregated within a parallel deep learning multi-task framework

that uses transfer learning to generate market trend forecasts. Experimental results

with 10 years of financial data on the currency and stock markets in three countries

demonstrate the effectiveness of the design.

The remainder of this chapter was published as ”Cross-domain deep learning ap-
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proach for multiple financial market prediction” at the 2018 IEEE International

Joint Conference on Neural Networks (IJCNN), 2018 by the attributed authors: X.

Jiang, S. Pan, J. Jiang, and G. Long. The full paper was accepted on 15 March

2018. Amendments have been made to improve the clarity of the language in the

originally published version and to better suit the context of this thesis.

6.1 Introduction

Financial analysis is used to evaluate economic trends, set financial policy, build

long-term plans for business activity, and identify projects or companies for invest-

ment. Successful predictions about future financial market trends have the potential

to yield significant profit and may also help to overcome many other business chal-

lenges as well. The global financial system is a structured worldwide framework of

legal agreements, institutions, and economic actors, all of which facilitate the inter-

national flow of financial capital for the purposes of investment and trade financing.

The financial analysis of global markets is extremely complex as multiple factors

interact across mutiple markets, each influencing the others. For example, a real

estate bubble in the US triggered the financial crisis of 2007 and 2008. However,

that bubble was financed by foreign capital from many different countries. In the

wake of the crisis, the total volume of world trade in goods and services fell 10%

from 2008 to 2009, with much of this loss concentrated in emerging markets.

Fig. 6.1 illustrates some of the complex relationships in global financial markets.

In addition to other factors, the movement of stock markets is affected by three

major types of correlations: inner-domain correlations, which are the interrelation-

ships between homogeneous markets, for example, the UK stock market and US

stock market; cross-domain correlations, which are the interrelationships between

heterogeneous markets, such as the US currency market and the US stock market;

and time-series correlations, which represent the transitional influences in different
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time periods of the markets. Such correlations are embedded within and between all

financial markets and countries and all need to be considered for accurate financial

market forecasts.

Figure 6.1 : Complex correlations among multiple financial markets

However, analysing the complex correlations between multiple financial markets

comes with some significant challenges. First, these correlations are driven by hidden

features that are not directly observable from market data. Methods are needed

to model factor-driven influences so these hidden factors can be discovered and

analysed. Second, the three major types of correlations illustrated in Fig. 6.1

represent highly nonlinear and dynamic movements that fundamentally challenge

existing approaches to financial market prediction and substantially increase the

learning difficulty for models.

Traditionally, financial analysis has been approached with two main methods:

time-series methods and model-based methods. Both focus on historical data from

the market itself and, hence, both suffer from several shortcomings associated with

data nonlinearity and feature limitations [19]. Time-series methods, such as logistic

regression [87] [44], use historical data to infer market trends, but they are limited
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to capturing linear relationships between markets. Model-based methods, such as

artificial neural networks and hidden Markov models (HMMs) [58] [54], are able to

forecast market movements based on hidden factors and the models can learn non-

linear relationships. However, most existing model-based methods can only process

data from a single market and struggle when modelling the complex correlations in

heterogeneous data.

Compared to traditional approaches, deep learning approaches have the advan-

tage of extracting features and modelling nonlinear correlations without relying on

econometric assumptions or human expertise. For these reasons, they have recently

attracted growing interest in financial market prediction [37] [43] [35] [36]. CNNs

[37] use convolution instead of general matrix multiplication to extract the most

representative global financial features. RNNs [36] and LSTM [43] have both been

used in financial analysis due to their good performance in sequential application-

s. However, in analysing the complex inner-domain, cross-domain, and time-series

correlations between financial markets, transfer learning [35] [8] and attention mech-

anisms [108] [6] are among the few methods that allow knowledge to be aggregated

and transferred from a related task that has already been learned in a deep learning

framework.

In this chapter, we propose a novel cross-domain deep learning approach for

prediction across multiple financial markets. The approach builds on a parallel MTL

framework. First, using an RNN, we capture the time-series correlations along with

the hidden features for all markets. These correlations and hidden features are then

fed as inputs into a designed attention mechanism and the inner-domain and cross-

domain correlations are modelled. The resulting trained model can then be used

to forecast trends across multiple homogeneous and heterogeneous markets. The

proposed approach was evaluated with 10 years of financial data on the currency and

stock markets of three countries - the US, China, and India. The key contributions
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of this chapter are:

• a novel cross-domain deep learning approach (Cd-DLA) based on a deep learn-

ing network that operates within a unified parallel architecture that models

and analyses the complex inner-domain and cross-domain correlations of multi-

ple homogeneous and heterogeneous markets in the same epoch, e.g., currency

and stock markets in the US and India;

• a specifically-designed attention mechanism for constructing effective repre-

sentations of the complex interactions in global financial markets by capturing

inner-domain, cross-domain, and time-series correlations;

• a joint optimisation algorithm for learning the deep learning network parame-

ters and attention weights given inner-domain, cross-domain, and time-series

influences for multiple financial market prediction; and

• an empirical study using real-world financial datasets that validates the effec-

tiveness of our proposed approach.

6.2 Preliminaries

This section introduces some of the concepts used in this chapter and formalises

the complex correlations in financial markets, followed by a brief background on

financial market analysis and attention mechanisms, which are key components of

our model.

6.2.1 Problem formalisation

Suppose there are J countries, and each country has I financial market domains.

Let mij represent the observation values from the market domain i in country j.
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In this chapter, we focus on representing three types of correlations: inner-

domain, cross-domain, and time-series correlations. The corresponding definitions

follow.

Definition 1. Inner-domain correlation. These are the correlations between

the homogeneous domains of all countries. Formally, an inner-domain correlation

with respect to market i is represented as

δi = {IdcJj=1(mij)} (6.1)

where Idc denotes a correlation between homogeneous markets with respect to

domain i.

Definition 2. Cross-domain correlation. These are the correlations between the

heterogeneous domains of all countries. Cross-domain correlations are represented

as

η = {CdcIi=1(δi)} (6.2)

where Cdc denotes a correlation between heterogeneous markets with respect to

heterogeneous domains.

Definition 3. Time-series correlation. These correlations influences are derived

from historical data. The representation of n time-series correlations with respect

to δi is given by

δi,t|{mij,t−n,t−1}
J
j=1 (6.3)

which denotes a representation of an inner-domain correlation at time t influenced

by the past period from t− n to t− 1.

The representation of n-order time-series correlation with respect to η is
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ηt|{δi,[t−n,t−1]}
J
j=1 (6.4)

which denotes the representation of a cross-domain correlation at time t influenced

by the past period from t− n to t− 1.

6.2.2 Financial market analysis

Financial market analysis has been studied in a variety of fields, but most ap-

proaches are highly dependent on historical observations and input variables. Lim-

ited studies can be found that address the underlying complex correlations between

market indicators that fundamentally drive global market movements.

Machine learning methods have been increasingly explored for financial market

analysis. Typical models include the logistic method and HMM, which check for

any systematic patterns in the time-series data, then use those patterns to make

predictions [58] [87]. However, these methods suffer from several shortcomings due

to the difficulty of capturing the nonlinear relationships that characterise complex fi-

nancial markets. But the recent emergence of the concept of multi-layered networks

now allows DNNs to be used as prediction tools [25] [96] [119] [122] [172] [182]. For

example, stacked restricted Boltzmann machines have been used as autoencoders

to extract features [161] [173]. RNNs have shown promising results in a variety of

sequential applications [160] [163]. LSTM, as a class of RNNs with sophisticated

recurrent hidden and gated units, have been particularly successful due to their

ability to learn hidden long-term sequential dependencies [25] [28]. Yet, although

these neural network techniques have explored temporal and hidden correlations,

few studies have effectively addressed the inner-domain and cross-domain correla-

tions among homogeneous and heterogeneous markets for making predictions about

multiple financial markets.
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6.2.3 Attention mechanisms

In recent work on deep learning, attention mechanisms have been proposed as a

way of computing the alignment scores between elements from two different sources.

As an example, consider a source sequence x
ij
t = [xij

1 , x
ij
2 , ..., x

ij
n ] from market i in

country j and a vector representation of a source influence g from another mar-

ket. An attention mechanism computes the alignment score between x
ij
t and g with

a compatibility function f(xij
t , g), t = 1, ..., n, which measures the dependency be-

tween x
ij
t and g. A softmax function then transforms the scores into a probability

distribution p(a|xij, g) by normalising all the n sequence of xij. Here, a is an indi-

cator of which sequence in xij is important to g in the task. The above process is

illustrated in Fig. 6.2 and summarised by the following formulations.

p(a|xij, g) = softmax([f(xij
t , g)]ni=1) (6.5)

Specifically,

p(a = t|xij, g) =
exp(f(xij

t , g))∑n

i=1 exp(f(xij
t , g))

(6.6)

The output of this attention mechanism is the weighted sum of all time-series

in xij, where the weight assigned to each value is calculated with a compatibility

function for sequence x
ij
t in market i in country j and another correlation to market

g. In this way, the domain heterogeneity could be learned across heterogeneous

markets.

6.3 A cross-domain deep learning approach for multiple fi-

nancial market prediction

In this section, we focus on analysing the three types of correlations in global

financial markets, as formalised in Definitions 1, 2, and 3 in Section 6.3. We propose

a novel cross-domain deep learning approach (Cd-DLA) to model these complex

correlations.
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Figure 6.2 : The attention mechanism u
ij
t denotes alignment score f(xij

t , g).

6.3.1 Financial market prediction framework

This section demonstrates an example of how the Cd-DLA framework analy-

ses the three types of correlations between currency markets and stock markets

in multiple countries. Fig. 6.3 illustrates the overall architecture of the Cd-DLA

framework.

To analyse the time-series correlations between the temporal data inputs across

all markets, Cd-DLA leverages a recurrent neural network (RNN). An inner-domain

attention neural network (Id-ANN) captures the inner-domain correlations for ho-

mogeneous markets, and a cross-domain attention neural network (Cd-ANN) models

the cross-domain correlations for heterogeneous markets. Market forecasting is han-

dled in the prediction layer. Each of these components is described in more detail

in the following sections.
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Figure 6.3 : The architecture of the cross-domain deep learning approach in currency

and stock markets prediction.
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Global financial data embedding

Suppose there are two types of global financial markets, for example, a currency

domain C and a stock domain S, and any of these markets may be located in any

country. Each market has t sequences of market values in all the countries. The

objective of a data embedding task is to pre-process the complex data inputs X of the

global financial markets with a uniform expression: X → {{xC
1 , ···, x

C
t }, {x

S
1 , ···, x

S
t }}

, where {xC
1 , · · ·, x

C
t } corresponds to t sequences in the currency market C and

corresponds to t sequences in the stock market S, respectively.

The items xC
t =< xuk

t , xus
t , · · ·, xau

t >C and xS
t =< xuk

t , xus
t , · · ·, xau

t >S represent

the vectors of the countries’ market values in the tth time period for each type of

market. Once the data embedding process is complete, Cd-DLA can process the data

inputs X for each financial market through the RNN and the attention mechanisms

to reveal the complex correlations as a whole epoch training procedure.

A neural network for time-series correlations

To model the nonlinear time-series correlations between market values, we rely

on a deep learning approach with a bi-directional RNN and an LSTM unit. The

bi-directional RNN orders the sequential inputs in two ways, from past to future

and from future to past. Unlike traditional unidirectional RNNs, a bi-directional

RNN combines both directions of the hidden states to preserve the information for

any point in time from either the past or the future. This means the RNN can

efficiently process the past via forward states, and the future via backward states,

for a specific time t as:

−→
ht =

−−−−−−→
LSTMU(xt), t ∈ [1, T ]

←−
ht =

←−−−−−−
LSTMU(xt), t ∈ [1, T ]

(6.7)
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where LSTMU represents a standard unit of long short-term memory. Given a

sequence with T items, the hidden outputs of a given transaction inputXt, t ∈ [1, T ]

are produced from the following subfunctions:

• forget gate: ft = σ(Wf · [ht−1, xt] + bf ),

• input gate layer: it = σ(Wi · [ht−1, xt] + bi),

• new contribution: C̃t = tanh(WC · [ht−1, xt] + bC),

• update cell state (memory): Ct = ft ∗ Ct−1 + it ∗ C̃t,

• output gate layer: ot = σ(Wo · [ht−1, xt] + bo), and

• output to next layer: ht = ot ∗ tanh(Ct)

where σ represents the sigmoid activation function, and [ht−1, xt] is a concate-

natation of ht−1 and xt. The parameters are a concatenation of the forward hidden

state
−→
ht and the backward hidden state

←−
ht . ht = [

−→
ht ,
←−
ht ], summarises the sequence

information for all transactions centred around xt.

A neural network for inner-domain correlations

To model the inner-domain correlation within homogenous markets, we add

inner-domain attention to the previous output ht = [
−→
ht ,
←−
ht ]. The inner-domain

neural network (IdNN) includes an attention function finner(ht) → finner([
−→
ht ,
←−
ht ]),

where
−→
ht = {

−→
huk
t ,
−→
hus
t , · · ·,

−→
hau
t } and

←−
ht = {

←−
huk
t ,
←−
hus
t , · · ·,

←−
hau
t }. These functions are re-

sponsible for linking and fusing the hidden temporal outputs from the RNN network,

and a feature vector u(inner) summarises the attention weights. The result Ainner is

obtained by aggregating the feature vector u(inner) and the previous hidden output

ht. The IdNN’s attention mechanism and aggregation functions are explained in

Section 6.2.
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A neural network for cross-domain correlations

To model the cross-domain correlations between heterogeneous markets, we add

cross-domain attention to the previous outputs. For instance, the heterogeneous

currency market C and stock market S shown in Fig. 6.3. The cross-domain neural

network (CdNN) includes an attention function fcross(h
C
t , h

S
t ) for linking and fusing

the temporal outputs from multiple financial markets, where hC
t = [

−→
ht ,
←−
ht ]

C repre-

sents the currency market and hS
t = [

−→
ht ,
←−
ht ]

S represents the stock market. Then,

the feature vectors u(cross), like the vectors uSC and uCS in Fig. 6.3, are used to

summarise the cross-domain attention weights in two directions, where uSC focuses

on the influence direction from the stock market to the currency market, and uCS

focuses on the influence direction from the currency market to the stock market.

The result Across in the CdNN is obtained by aggregating the feature vector and the

previous hidden output. CdNN’s attention mechanism and aggregation functions

are explained in Section 6.2.

Multiple financial market prediction

To generate predictions for multiple markets, each pair of outputs from IdNN

and CdNN is concatenated [Ainner, Across], followed by a softmax layer to predict

whether the trend in each financial market will increase or decrease in the next

trading window:

Pred = softmax(Wpv + bp), (6.8)

where v is a high-level vector that represents the aggregated hidden outputs

Ainner and Across. The inner-domain attention outputs Ainner from the IdNN net-

work, and the cross-domain attention outputs Across from the CdNN network. Each

heterogeneous market has its own softmax function to predict future trends in mar-
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ket value. In the complex financial dataset X → {{xC
1 , · · ·, x

C
t }, {x

S
1 , · · ·, x

S
t }}, two

prediction functions are then used to generate market predictions for the currency

and stock domains, as shown in Fig. 6.3. The vector v that aggregates Ainner and

Across is explained in Section 6.2.

6.3.2 Using attention in a learning approach

To effectively model the complex interactions between multiple financial markets,

Cd-DLA incorporates three attention mechanisms: one for inner-domain attention,

which captures the interactions between homogeneous markets; one for cross-domain

attention, which captures the interactions between heterogeneous markets; and an

overarching Cd-DLA attention mechanism, which combines the inner-and cross-

domain attentions to model transitional influences over different time periods.

Inner-domain Attention

This section explains how the Cd-DLA framework captures correlations in homo-

geneous markets using currency markets as an example. In the neural network for

time-series correlations, we use hidden outputs from the RNN to learn the time-series

correlation between markets. However, even within a domain, financial markets are

usually influenced by each other. However, not all hidden values contribute equally

to these influences. Hence, an inner-domain attention mechanism is introduced to

extract hidden temporal values, which can then be used to learn the level of influence

each factor has on a specific country. Specifically, an aggregated representation of

those hidden temporal values is used to construct an inner-domain feature vector.

finner(h
(1)
t ) = W T

inner tanh(Wh · h
(1)
t + bh) + binner (6.9)

where tanh(·) represents the activation function, and h
(1)
t represents the hid-

den outputs from the RNNs for all countries. The function finner(h
(1)
t ) measures
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the attention of other countries to a specific country. Then, the following formula

transforms the scores finner(h
(1)
t ), t = 1, · · ·, T into a probability distribution:

u
(inner)
t =

exp(finner(h
(1)
t ))∑

t exp(finner(h
(1)
t ))

(6.10)

The inner-domain attention Ainner is calculated as a weighted probability vector

u
(inner)
t for each hidden output ht:

Ainner =
∑
t

u
(inner)
t · h

(1)
t (6.11)

To compute the inner attention for stock markets, h
(1)
t is simply replaced with

the hidden values hC
t from the stock domain outputs.

Cross-domain attention

Again using currency markets as an example, an attention mechanism is used

to capture the correlations between heterogeneous domains, e.g., stock markets. A

cross-domain feature vector measures the importance of each hidden value in each

market:

fcross(h
(1)
t , h

(2)
t ) = W T

cross tanh(W
(1)
h h

(1)
t + W

(2)
h h

(2)
t ) + bcross (6.12)

where tanh(·) represents the activation function, h
(1)
t represents the hidden cur-

rency market values for all countries, and h
(2)
t denotes the hidden stock market

values for all countries. fcross(h
(1)
t , h

(2)
t ) measures the cross-domain attention from

the stock market to the currency market for all countries. Then, a softmax for-

mula transforms the scores fcross(h
(1)
t , h

(2)
t ) into a probability distribution u

(cross)
t as

follows:
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u
(cross)
t =

exp(fcross(h
(1)
t , h

(2)
t ))∑

t exp(fcross(h
(1)
t , h

(2)
t ))

(6.13)

Cross-domain attention Across is calculated as a weighted probability vector

u
(cross)
t for each hidden value h

(1)
t .

Across =
∑
t

u
(cross)
t · h

(1)
t (6.14)

To calculate cross-domain attention from stock markets to currency markets, h
(1)
t

is replaced with the hidden values hC
t from the currency domain.

Cd-DLA’s attention mechanism

Global financial markets usually work together and influence each other through

nonlinear relationships. To capture these influences over time, an overarching Cd-

DLA attention mechanism aggregates the components of the inner-domain attention

Ainner and the cross-domain attention Across explained in the previous sections using

the following fusion functions F :

F = σ(W (f1)Ainner + W (f2)Across + b(f)) (6.15)

v = F � Ainner + (1− F )� Across (6.16)

where σ represents a sigmoid active function, and W (f1),W (f2) and b(f) are the

learnable parameters of the aggregation layer.

6.3.3 Learning optimal parameters

The parameters for the learning optimisation algorithm are divided into two

categories: α and β. The parameters for α govern currency domains and include:

• RNN: αrnn = {Wf ,Wi,WC ,Wo, bf , bi, bC , bo}
C
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Algorithm 3 Learning optimisation for parameters (α, β)

Input: Training set (XT , YT ), Validation set (XV , YV ), Max epochs (Maxep), Learn-

ing rate (γα, γβ)

Output: Learned parameters (α∗, β∗)

1: Net ← construct-Attention-Neural-Net()

2: {Random initialization}

3: α, β ← initialize-Net(Net)

4: val-err ← 1

5: {Looping in number of epochs]}

6: for e ∈ [1,Maxep] do

7: for b ∈ [1, batchSize] do

8: outb ← forwardPass(Xb
T , Y

b
T , Net, α, β)

9: {Training currency market of attention neural net}

10: gradbα ← backwardFPass(outb, Xb
T , Y

b
T , Net, α, β, δ)

11: α∗ ← update-CNet-Params(Net, α, β, γα, grad
b
α)

12: {Training stock market of attention neural net}

13: gradbβ ← backwardSPass(outb, Xb
T , Y

b
T , Net, α∗, β, δ)

14: β∗ ← update-SNet-Params(Net, α∗, β, γβ, grad
b
β)

15: α, β ← α∗, β∗

16: end for

17: val-err∗ ← forwardPass(Xb
V , Y

b
V , Net, α, β)

18: val-err ← val-err∗

19: end for

20: return (α∗, β∗)
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• IdNN: αinner = {Winner,Wh, bh, binner}
C

• OdNN: αcross = {Wcross,W
(1)
h ,W

(2)
h , bcross}

C

• MMP: αpred = {W (f1),W (f2), b(f)}C

While the parameters for β govern the stock domain and include:

• RNN: βrnn = {Wf ,Wi,WC ,Wo, bf , bi, bC , bo}
S

• IdNN: βinner = {Winner,Wh, bh, binner}
S

• OdNN: βcross = {Wcross,W
(1)
h ,W

(2)
h , bcross}

S

• MMP: βpred = {W (f1),W (f2), b(f)}S

The goal in optimising these parameters is to jointly learn both groups of pa-

rameters using stochastic gradient descent with backpropagation errors.

6.4 Experiments and evaluation

The proposed approach was evaluated for its ability to generate accurate pre-

dictions about multiple financial markets on two real-world datasets. The datasets

were extracted from the International Monetary Fund and Yahoo Finance. One

dataset spans the financial crisis period (2007-2009); the other spans a non-crisis

period (2010-2017). The details of each dataset and the experimental settings used

follow.

6.4.1 Datasets and experimental settings

Financial crisis period (2007-2009)

This dataset contains historical prices for various market indexes in three coun-

tries: the Unites States(US), China, and India. These countries were chosen because,
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according to the International Monetary Fund, they account for more than 40% of

the world’s total GDP. Two types of financial domains for each country were includ-

ed, the stock market and the currency market. The data comprises the daily closing

prices from Jan 2007 to Dec 2009, and those prices decoded into returns according

to RIt = PIt−PIt−1

PIt−1

, where RIt and PIt are the return and closing prices at time

t, respectively. Given that different markets may trade on different days, we only

included data for the days on which all markets traded.

Non-crisis period (2010-2017)

This dataset covers the same markets and countries as the crisis period dataset

but contains the daily closing prices for the period Jan 2010 to Dec 2017, along with

the decoded prices returns according to RIt = PIt−PIt−1

PIt−1

, where RIt and PIt are the

return and the closing prices at time t, respectively. Again, only data for the days

where all markets traded were included.

Specific details on the stock and currency markets used in both datasets are provided

in Table 6.1.

Table 6.1 : Data preparation: trading indexes

Domain United States China India

Currency Markets SDR/USD SDR/CNY SDR/INR

Stock Markets ∧DJI ∧SSEC ∧BSESN

Comparison methods

The following RNN, Id-ANN, and Cd-ANN algorithms were selected as appro-

priate comparisons to evaluate Cd-DLA’s performance.
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• RNN - a BiLSTM network trained on sequence data from homogeneous mar-

kets;

• Id-ANN - an inner-domain attention network trained on the sequence data

from homogeneous markets; and

• Cd-ANN - a cross-domain attention network trained on the sequence data from

heterogeneous markets.

Experimental settings

Each record in each dataset was converted into an information input X as out-

lined in 6.3. All neural networks were trained on each dataset during the training

procedure. 80% of the samples in each dataset were used as the training set, with

the remaining 20% used as the testing set. The neural network settings for each

compared method appears in Table 6.2.

Evaluation Metrics

Two commonly-used classification metrics were used to evaluate the prediction

performance: F-measure and area under curve (AUC) [41].

6.4.2 Experiment results

The results of the experiments conducted on the crisis and non-crisis datasets

are shown in Tables 6.3 and 6.4, respectively.

With each dataset, Cd-DLA outperformed all comparison methods in terms of

both F-measure and AUC. We also observed that the two attention-based methods,

Id-ANN and Cd-ANN, showed better prediction performance on most of the datasets

than the baseline RNN network for all homogeneous and heterogeneous markets.

Additionally, Cd-DLA showed obvious improvements in terms of F-measure and

AUC with the dataset spanning the financial crisis period. This effectively reflects
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Table 6.2 : Network settings for the financial data sets

Compared Lrn. Hidden Layer

Method Rate Neutron Setting

RNN γ=0.01 {input→ 256 → 256 → output}

γ=0.01 {input→ 256 → 256 → h}

Id-ANN {h→ 512 → 64 → u(inner)}

input : c ∼ currency domain

γα=0.01 {c→ 256 → 256 → hα}

Cd-ANN input : s ∼ stock domain

γβ=0.01 {s→ 256 → 256 → hβ}

{hα, hβ → 512 → 64 → uα
(cross), u

β

(cross)}

input : c ∼ currency domain

{c→ 256 → 256 → hα}

γα=0.01 input : s ∼ stock domain

Cd-DLA {s→ 256 → 256 → hβ}

γβ=0.01 {hα → 512 → 64 → uα
(inner)}

{hβ → 512 → 64 → u
β

(inner)}

{hα, hβ → 512 → 64 → uα
(cross), u

β

(cross)}
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Table 6.3 : Evaluation on financial crisis data set

Experiment Setting F-measure

Domain Country RNN Id-ANN Cd-ANN Cd-DLA

US 0.4427 0.04233 0.5039 0.6111

Currency China 0.5241 0.5161 0.5655 0.6052

India 0.4640 0.4444 0.5390 0.5714

US 0.4962 0.4671 0.5625 0.6154

Stock China 0.4748 0.5263 0.6000 0.6154

India 0.5067 0.4615 0.4932 0.6329

Experiment Setting AUC

Domain Country RNN Id-ANN Cd-ANN Cd-DLA

US 0.5142 0.5413 0.5881 0.6090

Currency China 0.5715 0.5654 0.6276 0.6367

India 0.5409 0.5649 0.6149 0.7718

US 0.5344 0.5420 0.5021 0.5663

Stock China 0.5388 0.5457 0.5305 0.5465

India 0.5122 0.5414 0.5072 0.5589

the practical influence between the markets of different domains during periods of

significant global financial crisis.

We also tested Cd-DLA in terms of loss values with the financial crisis dataset,

as shown in Fig. 6.4. Cd-DLA significantly decreased the loss values during both

the training and testing procedures as the number of epochs increased. This result

empirically verifies the theoretical analysis in the previous sections, demonstrating

that Cd-DLA can deliver effective classification performance on real-world datasets
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Table 6.4 : Evaluation on non-crisis data set

Experiment Setting F-measure

Domain Country RNN Id-ANN Cd-ANN Cd-DLA

US 0.4040 0.4204 0.5161 0.5372

Currency China 0.3724 0.4986 0.5159 0.5269

India 0.5239 0.5361 0.5299 0.5398

US 0.4115 0.4741 0.4916 0.5668

Stock China 0.4500 0.5108 0.6694 0.6958

India 0.4104 0.4250 0.5927 0.6322

Experiment Setting AUC

Domain Country RNN Id-ANN Cd-ANN Cd-DLA

US 0.5160 0.5468 0.5341 0.5528

Currency China 0.5268 0.5357 0.5459 0.6052

India 0.5170 0.5278 0.5197 0.5960

US 0.5345 0.5541 0.5025 0.5643

Stock China 0.5163 0.5253 0.5085 0.5352

India 0.5319 0.5486 0.5062 0.5573

in multiple financial markets.

In summary, this chapter presented a data mining algorithm and associated tech-

niques for analysing domain heterogeneity in real-world financial markets. We argue

that the existing machine learning approaches require more data pre-processing and

lack the efficiency to model the complicated and nonlinear relationships associated

with the world’s financial markets, particularly the financial flows between hetero-

geneous domains. We proposed a novel cross-domain deep learning approach (Cd-
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Figure 6.4 : Cd-DLA’s number of epochs: Cd-DLA effectively decreases the loss

value with an increase in the number of epochs on the financial crisis dataset of

the multiple financial markets from currency and stock market domains, regarding

forecasts for the stock market in the United States.

DLA) with a parallel MTL architecture and several attention neural networks model

three types of complex correlations for multi-domain financial forecasting. The re-

sults of the experiments with two real-world financial datasets desmonstrated that

Cd-DLA demonstrates superior performance over other baseline neural networks.
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Chapter 7

Conclusion and Future Work

7.1 Conclusion

Effectively deriving meaningful insights from complex enterprise data and con-

verting knowledge into business strategy remain challenging problems. First, huge

volumes of data are being amassed from an increasing number of sources. Further,

emerging applications, such as e-commerce and mobility, and the nature of different

business processes results in a diverse range of data representations. Both the scale

and the diversity of today’s data are presenting significant challenges to traditional

analysis methods. Hence, new methods that can overcome these issues are required

to efficiently and effectively leverage information. Second, data is becoming more

and more heterogeneous. In a variety of data domains, such as social networks and

internet of things, enterprise data can no longer be represented by a few instance-

feature tables. Rather, today’s enterprise data contains complex structures that

reflect dependencies, correlations, and implicit relationships. Third, learning tasks

in real-world business applications has become more and more complicated, with a

range of constraints on the number of labelled data, the type of class distributions

that can be analysed, or the number of learning tasks that can be handled, and so

on. Given these challenges, this thesis has presented a range of novel learning meth-

ods and algorithms for mining heterogeneous enterprise data with four specific types

of heterogeneity: object heterogeneity, event heterogeneity, context heterogeneity,

and domain heterogeneity.

Chapter 3 introduces a Cs-HNN for learning heterogeneous objects within a par-
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allel network architecture, and a robust model that is generated with a specifically-

designed cost-sensitive algorithm for minority classification. Experiments with real-

world data demonstrate that the proposed approach demonstrates superior perfor-

mance over baseline procedures.

In Chapter 4, event heterogeneity is explored through a sequential pattern mining

approach that considers heterogeneous event-related factors. By combining hetero-

geneous fleet tracking features with several purpose-built measurement algorithms,

this approach represents a practical and efficient solution for deriving valuable in-

sights in the fleet rental industry.

Chapter 5 investigates context heterogeneity in enterprise data given the as-

sumption of non-IIDness. The CCF approach presented in this chapter is able

to generate context-aware recommendations by measuring non-IID relationships in

heterogeneous business contexts.

Finally, in Chapter 6, the research focus turns to the complex and nonlinear

relationships between heterogeneous domains. The correlations within and between

time-series and static data across multiple domains are learned through a novel

cross-domain deep learning approach (Cd-DLA) in a parallel MTL architecture.

An attention mechanism, based on an RNN, then analyses these complex domain-

related correlations to forecast market trends for the next trading window in multiple

financial markets.

Each substantive chapter of this thesis is supported by at least one accepted or

published conference/journal paper. More encouragingly, several of the approaches

proposed in this thesis have been successfully applied to real-world business cases,

such as insurance operation optimisation, fraud detection, customer segmentation,

device management, recommendation systems, and multiple financial market analy-

sis, with relevant papers recognised by research peers. Therefore, the contributions
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in this thesis to research related to heterogeneous data mining are of great sig-

nificance, and the practical implementations of this work validate its potential for

real-world business applications.

7.2 Future work

All the proposed algorithms and techniques in this thesis are based on solving

the challenges associated with mining heterogeneous enterprise data. However, ap-

plying data mining methods to complex, dynamic, and diverse enterprise tasks is

far from straightforward and dramatically challenging. In reality, real-world enter-

prise data have complicated characteristics, and the level of complexity is heavily

dependent on how heterogeneous objects, events, contexts, and domains are as-

sessed and characterised. There is much work still to be done. The ongoing work

and future directions for the approaches presented in this thesis, and for heteroge-

neous enterprise data mining in general, follows. These endeavours fall roughly into

three categories: business understanding and data pre-processing, data learning and

model evaluation, and knowledge presentation.

7.2.1 Business understanding and data processing

Each of the approaches presented target real-world business requirements for

heterogeneous data analysis: classifying minority classes, improving learning effi-

ciency, discovering and transferring knowledge across domains, or finding hidden

patterns in nonlinear data. Investigations currently in progress focus on enriching

the parallel architectures used to support these approaches for minority classifica-

tions with semi-structured non-IID data. Future work will seek to extend this work

to classification tasks, such as fraud detection, with real-world Big Data.
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7.2.2 Data learning and model evaluation

A range of machine learning techniques and deep learning algorithms were ap-

plied to heterogeneous data mining in new ways in this thesis, including neural net-

works, sequential pattern mining, attention mechanisms, MTL, transfer learning,

non-IID algorithms, and nonlinear algorithms. Each of these techniques provided

some measure of improvement to dynamic data-driven business processes but, more

importantly, new insights into innovative ways of expanding and repurposing tra-

ditional techniques to new problems. Hence, future efforts will extend this range

of techniques to include multi-modality and large-scale reinforcement learning to

further improve business outcomes and performance.

7.2.3 Knowledge presentation

The results and insights derived from the approaches in this thesis are current-

ly presented in relatively simplistic formats, such as reports, tables, and graphs.

While these presentation styles meet some business requirements, there are some

possibilities for improving the ease, acuity, and interpretability of the knowledge

gained. There are also lots of opportunities to develop more sophisticated tools to

explore and present insights from heterogeneous enterprise data, such as intelligent

platforms that can interact autonomously with diverse business systems, explainable

AI, and general AI with a focus on enterprise data-driven insights.
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