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Abstract 

The behaviour of Australian superannuation customers is lightly researched resulting in 

limited understanding of the antecedents, manifestation, and consequences of critical 

customer behaviour. The majority of Australian superannuation customers are portrayed 

as being disengaged from their superannuation. Low engagement increases the 

likelihood of inadequate retirement adequacy and longevity outcomes. Yet currently, 

there are only general classifications of superannuation engagement levels and their 

indicators, meaning that the level of engagement an individual has with their 

superannuation is not visible. Through the development of survey instruments and the 

application of data mining, in addition to quantifying levels of customer engagement, I 

identify novel approaches to prevalent data issues in Australian superannuation of 

engagement, cost-sensitivity, and class imbalance. This research advances the 

understanding of Australian superannuation customer behaviour and introduces a 

method for measuring and observing engagement levels. In doing so this research 

affords intervention opportunities to improve retirement outcomes of Australian 

workers. 

Key Words – Data Mining, Customer Engagement, Measuring Engagement, 

Superannuation Engagement 
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1. Introduction 

1.1. Thesis 

That superannuation customer engagement can be quantified and associated activities of 

acquisition and churn can be predicted by data mining. 

Data mining is defined as: “the process of discovering interesting patterns and 

knowledge from large amounts of data” (Han, Kamber & Pei, 2011, p. 8). It does so by 

either categorising subjects in a data set into common segments based upon their 

associations, or by performing induction on the data set for prediction of future 

outcomes (Han, Kamber & Pei, 2011). As a process data mining is very adept at 

creating knowledge that is neither self-evident, nor easily discernable or discoverable by 

other means (Huang et al. 2008; Huang et al. 2015; Zheng et al. 2015). 

Customer engagement lacks a consensus definition, but Hollebeek (2011) defines it as 

the level of a customer‟s motivational and context-dependent state of mind as 

characterised by specific levels of cognitive, emotional, and behavioural activity. Such a 

definition represents the majority view of customer engagement being a construct 

comprising multiple dimensions. Similarly Vivek, Beatty, and Morgan (2012) define 

customer engagement as “the intensity of an individual‟s participation in and connection 

with an organisation‟s offerings” (p. 133). 

Measuring engagement can be defined as attempting to quantify the connectedness 

between a person and an agent or object (Calder and Malthouse 2008; Calder, Isaac, & 

Malthouse 2016). While the constructs of engagement and its creation have been 

conceptually and empirically researched, measuring engagement is a new and lightly 

researched field (Brodie et al. 2011).  

Superannuation engagement is poorly defined in the literature (De Zwaan, Brimble & 

Stewart 2015), but in essence it is the level of interest an Australian superannuation 

investor has with their superannuation investment. To expand, an investor with a high 

level of superannuation engagement would likely pay close attention to their account 

and would take an active approach to managing it. Conversely, a person with low 
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superannuation engagement would probably have little to no knowledge of their 

account or its features and performance and would likely be passively uninvolved. 

 

1.2. Introduction to Superannuation 

Mandated in 1992 by Australian government legislative change, superannuation 

comprises two of three mainstays in the Australian retirement system (Agnew 2013): 

i. Mandatory employer paid superannuation guarantee contributions; 

ii. Tax advantaged voluntary contributions by individuals into their superannuation 

account(s); and 

iii. The Federal government funded means-tested age pension 

Unsurprisingly, given the legislated mandate, over 90% of employed Australians have 

some superannuation holdings that are intended to provide personal retirement income 

funding. Accordingly the industry has grown substantially from 1992 so that by 30 June 

2019 superannuation assets totalled $2.87 trillion. In fact, Australia is the 4th largest 

private pension fund market globally behind only the United States, Japan, and United 

Kingdom (APRA 2019). Regardless of the omnipresent nature of superannuation within 

Australia, and possibly due to its compulsory nature, Clark et al. (2013) and Bateman et 

al. (2014) established that investor superannuation engagement is low and likely 

widespread. Burnett et al. (2014) and Gerrans et al. (2015) then linked low engagement 

to poor retirement outcomes. But to date, research has not provided a means for 

remotely observing or quantitatively measuring which individuals are engaged, which 

are disengaged, and those who are in between. Nor is there evidence to suggest that any 

data driven approaches have ever been applied to predict customer behaviour at critical 

moments in the lifecycle of the superannuation customer: such as acquisition (in the 

form of additional contributions), or attrition (closure of account).  

Generally, research into methods to measure engagement are rare and employ 

qualitative approaches focused on making general classifications rather than anything 

quantitative that seeks to enumerate individual engagement levels (Brodie et al. 2011; 

Gummerus et al. 2012). Specifically, the existing research of investor engagement in 

superannuation is limited two-fold. First that the amount of research conducted is 
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scarce. In large part this is because of the lack of access researchers have to the data 

required to conduct superannuation engagement research in a meaningful manner. 

Second that the conclusions of the research are rudimentary and only succeed to 

characterise superannuation engagement and its determinants in simplistic terms with 

broad generalisations. This is demonstrated in research by Bateman et al. (2014), Cheah 

et al. (2015), and Clark et al. (2013), where conclusions are repeatedly prefaced with 

conditional qualifications of „appear to‟ and „seems to‟. Such a lack of precision in 

existing research findings is a by-product of the simplistic approaches that have been 

employed to date in lieu of sophisticated data mining techniques. 

The extant approaches applied to research superannuation engagement can be placed 

into three categories or some combination of each: 

i. The analysis of survey data (Heeringa et al. 2010) as demonstrated by Agnew, 

Bateman and Thorp (2012), and Ali et al. (2015); 

ii. Interviewing/Focus groups (Kitzinger 1995; Smith 1995; Morgan 1996) as 

demonstrated by Cheah et al. (2015), and Delpachitra and Rafizadeh (2014); or 

iii. Statistical analysis of cross-sectional data (Dixon & Massey 1957) as 

demonstrated by Bateman et al. (2014), De Zwaan, Brimble and Stewart (2015), 

and Feng, Gerrans and Clark (2014). 

A downfall of these existing approaches is that there is no measurement of investor 

superannuation engagement; instead only broad classifications of superannuation 

engagement have been produced based upon high level attributes of groups of investors, 

rather than for an individual. Even the more recent research of Deetlefs et al. (2018) 

serves to only segment the customer base into five archetypes of SE based upon three 

survey questions and a handful of features from an administrative dataset from the 

involved superannuation fund UniSuper. As a result, with all of the extant approaches, it 

is not possible to observe SE change over time or to illustrate engagement levels of a 

fund. Further, nor is it possible from the existing research to predict retirement 

outcomes for investors. Rather the existing imprecise research simply proposes rules of 

thumb about the indicators and engagement levels. These rules can only be observed in 

a generic fashion that at best affords limited opportunity for application. For example, 

Clark et al. (2013) suggest gender to be a differentiator of engagement by proposing that 
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men are likely to have higher levels of superannuation engagement than females. Even 

in the unlikely event that the significance of gender is not altered by other factors and 

gender could be observed as being a determinant of engagement, there are no 

meaningful ways to apply such a simplistic insight. To demonstrate, this basic rule of 

thumb does not create an opportunity to compare by what amount one male is more or 

less engaged than a second male. Extending this, such generic classifications of 

engagement defined by the existing research that are based upon attributes such as 

gender do not enable meaningful observation of the variance in retirement outcomes 

resulting from different superannuation engagement levels. 

This research will be the first to apply data mining techniques and approaches to the 

challenge of quantifying superannuation engagement, acquisition, and attrition. 

 

1.3. Stakeholders, Aims, Objectives, and Significance 

There is significant interest and benefit in an understanding of superannuation 

engagement, and superannuation customer behaviour concerning additional 

contributions (acquisition), and account closure (attrition or churn) that is data driven.  

1.3.1. Stakeholders 

The stakeholders of this research are those who have a substantial interest in 

superannuation being successful. Separated, the stakeholders include the federal 

government (and in particular the department of treasury), superannuation funds, 

financial planners, and superannuation investors. This thesis is important to these 

groups because of the dependency superannuation outcomes have on superannuation 

engagement (Burnett et al. 2014; Gerrans et al. 2015). 

Foundational to this research one of Australia‟s largest superannuation funds is 

providing access to their customers and their data. Colonial First State (CFS) is a 

superannuation provider owned by the Commonwealth Bank of Australia. With $87bn 

in superannuation assets, CFS is the 7th largest superannuation provider in Australia 

(APRA 2019) and more than 1 million Australian workers have a superannuation 

account with CFS. In providing access to their customers and data, through this research 
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CFS desires to better understand the SE conundrum so that in turn low superannuation 

engagement may be addressed for improved retirement outcomes of Australian workers. 

1.3.2. Aims 

Given low superannuation engagement results in sub-optimal stakeholder outcomes 

(Gerrans, Clark-Murphy & Speelman 2010), the common aim of the stakeholder groups 

is one of increased understanding of superannuation engagement. Although, as each 

individual stakeholder benefits differently from greater knowledge and any subsequent 

increase in superannuation engagement, while the aim of increased understanding of 

engagement is shared, the outcomes it drives are different and thereby can be used to 

differentiate each of the stakeholders: 

i. For the federal government, increased length and percentage of self-funding of 

retirement so that the burden on the general tax revenue funded means-tested age 

pension is lessened; 

ii. For the superannuation funds and financial planners, improved acquisition of 

contributions and retention of investors to increase funds under management that 

can be drawn upon for business revenue; and 

iii. For Australian workers and retirees, an improved retirement in terms of 

independence and lifestyle 

1.3.3. Objectives 

This research will deliver improved understanding of superannuation customers and 

will introduce data driven techniques to implement for improved retirement outcomes. 

In sequence, the deliverables are: 

i. The development of a Multiple Source based Transfer Learning Framework for 

Marketing Campaigns (MS-TLMC) method which can extract knowledge of 

both data and models from multiple source domains and use it to improve the 

learning performance in a given target domain; 

ii. Creation of a novel approach based on ensemble learning for churn prediction 

that considers multiple sampling approaches to account for relative weighting of 

multiple classes; 
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iii. A survey of superannuation investors analysed to detail levels of superannuation 

engagement. The successful survey will contain enough responses from a 

representative cross-section of the fund to allow significance to be determined in 

the identification of predictive variables for superannuation engagement levels; 

and 

iv. Utilising the independent and dependent variables collected through the investor 

survey, a data mining process (a model) will be developed to convert fund held 

inputs into measures of superannuation engagement levels. To be useful for 

stakeholders, this will need to encompass all investors in the fund, be aggregated 

for the fund, and be repeatable and accurate. 

1.3.4. Significance 

The role of superannuation as a means for Australians to self-fund their retirement is 

one of increasing importance for both the government, and individuals. First for 

government, Australia is currently undergoing extensive demographic change that is 

increasing both the number and percentage of retired Australians (Hugo 2014). This 

ageing demographic is being driven by increasing life expectancies, and the retirement 

of 5.5 million baby boomers between 2011 and 2030. The resultant shift in the balance 

from employed to retired workers will place significant pressure on general tax revenue 

to continue to fund the means-tested age pension. Second, for individuals a self-funded 

retirement affords a more comfortable standard of living than what can be enjoyed 

through the meagre means-tested age pension (Gerrans et al. 2015). Yet despite the 

evident benefits of self-funded retirement built through superannuation, the level of 

engagement Australian workers have with their superannuation investment is commonly 

categorised as heavily disengaged. This apathy toward personal investments of tens and 

hundreds of thousands of dollars that are likely to determine the timing and quality of 

retirement is irrational. But investor disengagement is so prevalent that it is the norm 

rather than the exception (Bateman et al. 2014; Clark et al. 2013; Gallery, Newton & 

Palm 2011). Significantly, disengaged investors are less likely to exercise an active 

approach to their superannuation by implementing strategies that will improve their 

retirement adequacy or longevity (Burnett et al. 2014; Gerrans et al. 2015). As a result, 

the majority of Australians are unable to sustain funding of their own retirement, and 
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inevitably they become dependent on the Australian government and the means-tested 

age pension (Gerrans, Clark-Murphy & Speelman 2010). 

Transparency and understanding of superannuation engagement levels is critical if 

superannuation is to produce desired outcomes. But as yet only high level, small 

sample, cross-sectional, qualitative research has been conducted resulting in minimal 

impact and limited progression. Attempts to understand engagement and its indicators 

have stopped short of employing quantitative approaches such as data mining to predict 

superannuation engagement levels for an individual or a fund. Once achieved, 

quantified levels of engagement will enable the comparison of one individual to 

themselves (by time series) and to others. Similarly, the aggregated level of engagement 

for a superannuation fund will be able to be observed. Ultimately, the causal 

relationship between engagement levels and retirement outcomes will be observable. 

Through data mining I will predict levels of superannuation engagement. Then in future 

applications it may be possible for intervention treatments to be applied so that 

engagement can be increased and outcomes improved. 

Engagement is one dimension of tenet of Customer Relationship Management (CRM): 

acquisition, engagement (management), retention. CRM as an approach to building 

relationships between customers and businesses is enabled by technology as it is a data 

driven approach (Richards & Jones 2008). Within the Australian superannuation setting, 

little is currently understood about the lifecycle of the customer, their acquisition, 

engagement, and their retention. 

The improvement of superannuation engagement and consequent outcomes will only be 

possible once levels of investor engagement are quantified and understood. While my 

research will not alter levels of investor superannuation engagement, it will provide 

necessary but currently non-existent transparency of engagement levels so that future 

research can subsequently increase engagement. Through my research, the validity of 

data mining as an approach to measuring the superannuation engagement of investors 

will be verified. Additionally, the outcomes will demonstrate conclusively that 

superannuation levels are a factor in determining retirement outcomes. It will also be 

made clear which investors and which attributes are to be addressed to improve 

engagement and therein retirement outcomes and the successfulness of superannuation. 
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1.4. Research Method 

Three data driven approaches, as well as the development of a novel superannuation 

engagement survey instrument will be applied to reach the thesis objectives. 

1.4.1. Data Mining to Increase Acquisition 

The rapid growing number of marketing campaigns demands an efficient learning 

model to identify prospective customers to target. Transfer learning is widely 

considered as a major way to improve the learning performance by using the generated 

knowledge from previous learning tasks. Most recent studies focused on transferring 

knowledge from source domains to target domains which may result in knowledge 

missing. To avoid this, I propose a multiple source based transfer learning framework to 

do it reversely. The data in target domains is transferred into source domains by 

normalizing them into the same distributions and then improving the learning task in 

target domains by its generated knowledge in source domains. The proposed method is 

general and can deal with supervised and unsupervised inductive and transductive 

learning simultaneously with a compatibility to work with different machine learning 

models. The experiments on real-world superannuation acquisition (contributions) 

campaign data demonstrate that the proposed method outperform state-of-the-art 

methods. 

1.4.2. Data Mining to Reduce Churn 

Churn prediction is vital to companies as to identify potential churners and prevent 

losses in advance. Although it has been addressed as a classification task and a variety 

of models have been employed in practice, superannuation presents several special 

challenges. One is that superannuation data is extremely imbalanced since only a tiny 

proportion of customers leave every year. Another is a unique cost-sensitive learning 

problem, i.e., costs of wrong predictions for churners should be related to their account 

balances, while costs of wrong predictions for non-churners should be the same. To 

address these issues, this research proposes a new churn prediction model based on 

ensemble learning. In our model, multiple classifiers are built using sampled datasets to 

tackle the imbalanced data issue while exploiting data fully. Moreover, a novel 

sampling strategy is proposed to deal with the unique cost-sensitive issue. This model 



 

9 

 

has been deployed in CFS which is one of the leading superannuation companies in 

Australia, and its effectiveness has been fully validated in real applications. 

1.4.3. A Survey to Analyse Engagement and Capture Class Labels 

Given the low cost and the ease of access to large numbers of customers, an online 

survey will be conducted of CFS superannuation customers. The survey will borrow 

from the earlier work of Agnew, Bateman and Thorp (2012), and Ali et al. (2015) but 

rather than being conducted in an employer sponsored fund, will be conducted in a retail 

fund, and will be conducted with substantially more investors. Additionally the nature 

of the survey scale will enable responses to be converted to a quantitative value which is 

novel in the context of SE research. The purpose of performing the survey is three-fold. 

Firstly, to understand and descriptively detail investor engagement levels with the 

superannuation fund. Secondly, to obtain additional investor attributes that are not 

known to the fund but that may be used to understand and characterise investor 

engagement levels. Thirdly, to obtain class labels for data mining that will be conducted 

in 1.4.4. 

Online surveys that rely upon self-reported responses of critical variables are 

susceptible to erroneous responses. For example, due to unconscious social desirability 

bias (Furnham 1986); respondents may unwittingly report traits that they believe are 

more acceptable, although less true. The research of Couper (2000) and Wright (2005) 

provides guidance that will be followed on questionnaire design to alleviate such issues 

and elicit more true responses. Still though, to assess their quality and consequent 

usability, responses will be corroborated against expected values from observable 

interactions within the fund held data. 

1.4.4. Data Mining to Measure Engagement 

Data obtained in the customer survey will be combined with the corresponding 

customers demographic, transaction, and interaction data held by CFS. Then through a 

series of data mining approaches and techniques (Han, Kamber & Pei, 2011), a process 

will be developed to quantify superannuation engagement. Developing a model that 

enables observation and understanding of investor superannuation engagement would 

be a substantial technical and industry breakthrough both in the superannuation industry 

and also for the measurement of engagement in general context. Validated against 
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extant SE hypotheses and historical macroeconomic events, the construct of SE presents 

its own challenges as does the heterogeneity of the fund held customer data. The 

developed data driven solution should be efficient to execute (in isolation from any 

required contact with the customer to obtain data ongoing), and precise enough to 

meaningfully discern customers and their engagement with the fund. 

 

1.5. Results 

With support from CFS in the form of access to the data and customers critically 

required to support the methodology, all four data driven objectives related to 

superannuation customer behaviour were successfully completed and are introduced 

following. 

1.5.1. Cost-sensitive churn prediction 

I developed a novel data driven method for predicting the churn of superannuation 

customers. It accounts for imbalanced datasets with a sampling framework based on 

ensemble learning. It addressed cost-sensitivity (which is particularly important with 

superannuation churn) through a weighting mechanism. The model is validated using 

real world data from CFS and the superiority of our approach over traditional methods 

is confirmed. 

1.5.2. Multi-source based transfer learning 

I developed a novel data driven method for superannuation customer acquisition 

campaigns. The process is a general transfer learning framework that can be used to 

model marketing campaigns. The benefit of our approach is the efficiency, and the 

ability to utilise a small number of class labels. The approach is validated using real 

world data from CFS and the performance of our approach is confirmed as being 

superior to extant state-of-the-art transfer learning methods and also as being 

compatible with a number of machine learning models. 

 

 



 

11 

 

1.5.3. Superannuation engagement survey 

I conducted a novel survey of CFS members to measure and analyse their level of 

superannuation engagement. The survey instrument can be reused in other 

superannuation funds, and also in other contexts. Our survey identified that 

superannuation is not binary as it is currently portrayed in the extant literature and in the 

national discussion; rather it exists on a continuum. The survey also served to provide 

the data necessary to build a model for engagement. 

1.5.4. A model for engagement 

I achieved the meaningful and novel numeric prediction of superannuation engagement. 

Our quantification demonstrated that the existing depiction of Australian workers as 

disengaged from their superannuation is a gross generalisation. Our research illustrates 

that many Australian workers are knowledgeable about superannuation and are trying to 

make choices and take actions that will enhance their outcomes in retirement. The 

outcome of such a finding is that the extant lazy narrative of superannuation 

engagement in Australia depicting almost every Australian worker as apathetic to their 

superannuation needs to become more sophisticated. To expand, the research now needs 

to move to understanding not only the impacts of superannuation engagement but also 

how it can be improved to lessen the negative impacts. Individuals who are engaged 

with their superannuation should not be treated like those who are not and vice versa. 

 

1.6. Structure of the Dissertation 

The dissertation is arranged in 9 sections as follows: Section 1 is the overview of the 

research concerning the thesis itself and the definition of keywords, background 

information on the topic, and details the research stakeholders, aims, objectives, and 

significance. Section 1 also includes an introduction to the research methodology and 

the results of the research. Section 2 is a literature review of customer engagement, 

superannuation engagement, and data mining in the context of this dissertation. Section 

3 introduces the methodology considered to conduct the research. The applied 

methodology is covered in detail in sections 4 to 7. Section 4 is a paper accepted to the 

International Conference on Database Systems for Advanced Application (DASFAA) 
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covering the 1st objective of the thesis that transfer learning can be applied with success 

in the superannuation industry. Section 5 is a paper accepted to the International 

Conference on Neural Networks (IJCNN) covering the 2nd objective of the thesis that 

churn class imbalance and cost impacts specific to superannuation can be addressed 

through machine learning. Section 6 is a journal article currently under review in the 

Journal of Financial Services Marketing covering the 3rd objective of the thesis that SE 

can be quantified. Section 7 is a journal article currently under review in the 

Australasian Marketing Journal covering the 4th objective of the thesis that 

superannuation engagement can be meaningfully predicted. Section 8 is a conclusion 

recapping the research and the knowledge gained from it. Lastly, section 9 lists the 

references cited in this dissertation, including all citations within sections 4 to 7. 
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2. Literature Review 

The literature review that follows is divided into four sections: 2.1 The definition and 

history of Customer Engagement in general context, its measurement, and the construct; 

2.2 Superannuation Engagement, a history, its measurement and factors; 2.3 Data 

mining applications and techniques applicable to this thesis; and 2.4 A summary. 

 

2.1. Customer Engagement  

The review of literature detailing research of Customer Engagement (CE) has been split 

into three sections: 2.1.1 a history and definition of engagement and CE; 2.1.2 the 

measurement of CE; and 2.1.3 the construct of CE. 

2.1.1. Definition 

The concept of engagement, in a general setting, has an extensive history that can be 

traced back to the 17th century (Oxford English Dictionary, 2009). Then, engagement 

was accepted to represent a number of meanings including moral or legal obligations, 

tie of duty, betrothal, employment, and/or military conflict. Presently, Brodie et al. 

(2011) explain that more volitional (Jennings & Stoker 2004) and/or discretionary 

(Frank, Finnegan & Taylor 2004) interpretations are representative of engagement. 

Further, engagement is now considered to represent notions such as „connection,‟ 

„attachment,‟ „emotional involvement,‟ and/or „participation‟ (Brodie et al. 2011). 

Supporting this definition, Higgins (2006) posits that “to be engaged is to be involved, 

occupied and interested in something” (p. 442). 

The research of engagement in a scholarly or business setting has a recent history with 

attention only being turned to it from the start of the 21st century. Initially the focus was 

from social sciences and management fields, with marketing scholars following (Vivek 

et al. 2014). The research of engagement was general in context to begin, with sub-

forms of engagement research with specific focus only beginning once the research of 

engagement became more prevalent. Examples of context specific research of 

engagement include, „international engagement‟ (Resnick 2001) which proposed a 

model of engagement as an alternative approach for political policy outcomes; „social 

engagement‟ (Huo, Binning, and Molina 2009) which studied how levels of social 
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engagement varied by racial/ethnic group; „employee engagement‟ (Catteeuw, Flynn 

and Vanderhorst 2007) that undertook to understand how varying levels of work 

engagement impacted performance quality or tenure of employment; and „student 

engagement‟ (Bryson & Hand 2007) which researched linkage between student 

engagement and improved learning outcomes. 

CE research emerged from the heavily researched field of customer management 

(Verhoef, Reinartz, & Krafft 2010) as a framework to observe customers and their 

decision making (Brodie et al. 2011). Within this field a multitude of concepts already 

served to measure strength and quality of relationship. For example customer 

satisfaction, loyalty, and Net Promoter Score (Palmatier et al. 2006) are all heavily 

quantified in a variety of contexts. However CE is viewed as a new and different 

construct in both academia and business, developed from the earlier research of 

engagement as a new specific context within the customer management field. 

Specifically, despite lacking consensus of how or why, CE researchers view CE as 

being distinct from predecessor and similar customer management concepts of 

commitment (Alloza 2008), empowerment (Shaw et al. 2006), participation (Bolton & 

Sazena-Iyer 2009), and involvement (Sawhney et al. 2005; Mittal 1995; Zaichkowsky 

1994), loyalty (Kerr 2009), and satisfaction. For example, Gummerus et al. (2012) posit 

that CE is different to traditional customer behaviour concepts because CE considers 

more inputs and relationships and is therefore a more comprehensive model. 

Alternatively, Marbach, Lages and Nunan (2016) posit that the main difference between 

CE and older concepts of customer involvement and participation is that CE reflects 

interactive co-creative experiences whereas traditional concepts do not. Verleye, 

Gemmel, and Rangarajan (2013) suggest that CE refers to voluntary and discretionary 

behaviour toward a business whereas the traditional concepts did not. Differently, 

Bowden (2009) suggests that earlier concepts such as loyalty are a consequence of CE. 

Van Doorn et al. (2010), Brodie et al. (2011), and Vivek, Beatty, and Morgan (2012) 

agreeably take a view that traditional relational concepts such as „involvement‟ and 

„participation‟ are antecedents of CE rather than comparable CE concepts or 

dimensions. In particular, they emphasise that participation is integral to CE, but is 

distinct from it. Further they view that “value, trust, affective commitment, word-of-

mouth, loyalty, and brand community involvement” are consequences (p. 134). Islam 
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and Rahman (2016) summarise CE as a means to creating, building and enhancing 

customer relationships as a strategic imperative for sustainable competitive advantage. 

Irrespective of the lack of consensus definition or point of difference to the traditional 

customer concepts, CE academics collectively envision that CE will provide 

contributions to help explain and predict customer behaviour beyond the earlier 

customer relationship paradigms (Oviedo-Garcia et al. 2014; Hollebeek 2011). They 

concur that CE extends further and is more meaningful that factors of satisfaction and 

loyalty, then as a result achieving CE affords a legitimate competitive advantage for 

business success. 

Confirming the lack of consensus achieved to date, recently Kumar (2015) described the 

concept of CE as an emerging research area relatively novel to both academia and 

business. In fact, research into CE appears to have begun in earnest only in 2005 as very 

few articles cite CE prior to then (Brodie et al. 2011; Marbach, Lages & Nunan 2016). 

Islam and Rahman (2016) measure only 2 CE studies from 2005 to 2008, and then from 

2009 to 2012 a substantial increase occurred as 21 studies were published. The rate of 

research increased again between 2013 and 2015 as 43 CE studies can be identified. 

Further, until 2012, research of CE was largely general in terms of context, but 

afterwards more focus was placed on specific contexts including brands, online 

communities, and services (Islam & Rahman 2016). Additionally, in the period from 

2013 to 2015 more applications of empirical research methodology are observable 

beyond conceptual research.  

Despite more than fifteen years of research, a common definition of CE does not exist, 

so a number of definitions must be considered. Islam and Rahman (2016) define CE in a 

general fashion as “the readiness of a customer to actively participate and interact with a 

focal object” (p. 2019). Likewise, Vivek, Beatty, and Morgan (2012) define CE as “the 

intensity of an individual‟s participation in and connection with an organisations 

offering or organisational activities…CE may be manifested cognitively, affectively, 

behaviourally, or socially.” (pp.133-134). Differently, and more specifically, Van Doorn 

et al. (2010) define CE as being observable via a customer‟s behavioural manifestation 

toward a brand or firm as a result of motivational drivers. In such a definition, the 

critical difference is the emphasis on the behavioural manifestation of CE. Similarly, 

Pham and Avret (2009) echo a behaviourally based definition by stating CE as being 
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observable from a pattern or the absence of a pattern of action with respect to a target 

object. Contrastingly, Brodie et al. (2011) view CE not as a behavioural construct, but 

as “a psychological state that occurs by virtue of interactive, cocreative customer 

experiences with a focal agent/object” (p. 260). In a more complex definition, Patterson 

et al. (2006) suggest broader dimensionality than just behaviour or psychological by 

defining CE as the level of a customer‟s physical, cognitive, and emotional presence in 

their relationship with a service organisation. Applying a similarly complex paradigm, 

Hollebeek (2011) describe CE as a complicated construct that represents the level of a 

customer‟s motivational and context-dependent state of mind which is characterised by 

specific levels of cognitive, emotional, and behavioural activity. Possibly, the lack of a 

consensus CE definition is a reflection of the lack of any existing empirical research to 

validate the numerous proposed constructs. 

Definitions of CE are only the tip of the various icebergs that are the CE construct. 

Beneath these definitions exists a number of different academic concepts of the 

dimensions, the antecedents, the manifestation of CE, and the outcomes that result. 

Although commonality exists across the numerous definitions, a consensus definition 

does not exist. Chiefly this is caused by two factors. Firstly some definitions are context 

specific and as such are not applicable in a general context. Such definitions include 

customer brand engagement (Hollebeek 2011). Secondly and more importantly for this 

research is that different definitions are the by-product of a lack of agreement for the 

underlying dimensions and drivers of CE (Islam & Rahman 2016; Marbach, Lages & 

Nunan 2016). Agreement fails to exist across not only across specific and general 

contexts, but also across both academia and business. To explain further, it must be 

understood that CE research can largely be segmented based upon the number of 

dimensions in the construct: be it one-dimensional or multi-dimensional. Within the CE 

literature, Vivek, Beatty and Morgan (2012) assert that multi-dimensional concepts are 

the most prevalent, and are supported by academics such as Patterson et al. (2006), 

Hollebeek (2011), and Vivek et al. (2014). Alternatively, Islam and Rahman (2016) 

estimate that 40% of the literature, and not just the earliest research, support one-

dimensional models. Irrespective of a single or multi-dimensional approach, the 

dimensions regularly employed in the literature are behavioural (e.g. Oviedo-Garcia et 

al. 2014; Jaakkola & Alexander, 2014), psychological/cognitive (e.g. Bowden 2009; 
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Brodie et al. 2011), emotional (e.g. Catteeuw et al. 2007; Roberts & Davenport 2002). 

Additionally, a fourth dimension more recently an increasingly commonly referenced of 

social can be observed (e.g. Baldus et al. 2015; Gambetti et al. 2012) and is stressed by 

researchers such as Vivek et al. (2014) as being important to the determination of CE. 

Marbach, Lages and Nunan (2016) submit that where one dimension is employed to 

explain the CE construct, such as in the research of Van Doorn et al. (2010), or Oviedo-

Garcia et al. (2014), the dominant research view is of CE as a behavioural 

manifestation. Whilst such a simple construct may have validity in certain contexts such 

as retail purchase behaviour, it appears unlikely at least within a superannuation setting 

to explain the CE construct given the complexity of superannuation engagement. Rather 

whilst behaviour is more observable and easier to identify as the manifestation of CE, it 

is more likely that a multi-dimensional construct with consideration of emotional, 

cognitive, and behavioural dimensions such as those of Brodie et al. (2011), Vivek, 

Beatty, and Morgan (2012), or Hollebeek (2011) will provide for a better observation of 

superannuation engagement. Abbas, Gao and Shah (2018) urge that CE is a state of 

mind that determines customer behaviour. They view CE as psychological as it is more 

than just a different set of behaviours. Critically, they flag that engagement behaviours 

differ from context to context. They elaborate that the dimensions of CE from their 

point of view are cognitive, emotional, and behavioural. They also assert that customers 

with high engagement are more loyal than those without. 

Beyond defining CE, or observing and detailing the dimensions of the CE construct, 

research has also applied a range of theories to explore and comprehend CE. The work 

of Brodie et al. (2011, 2013), Hollebeek (2011), and Vivek et al. (2014) applied 

relationship marketing theory (Gronroos 1990) and service-dominant logic (Vargo and 

Lusch 2004, 2008). In each of these theories, CE is accepted as being interactive. That 

is, the nature of the engagement between the customer and the focal point is multi-

directional insofar as the customer is an active contributor to the interaction. In the 

relationships described by these theories, the customer is able to elect the amount of 

psychological/cognitive, emotional, and/or physical resources they will devote (Higgins 

& Scholer 2009). Islam and Rahman (2016) identify further theories such as social 

penetration theory, social practice theory, and social exchange theory have been used by 

Hollebeek (2011), Verleye, Gemmel, and Rangarajan (2013), Bitter, Grabner-Kräuter 
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and Breitenecker (2014), and Hwang et al. (2015). Commonly these theories exert that 

customer behaviour toward an object is a response to an interaction or exchange. This is 

similar to the reciprocity theory as applied by Cambra-Fierro et al. (2013, 2016). 

Additional theories employed by scholars to investigate CE are personal behaviour 

theories. These include the affordance theory (e.g. Cabiddu et al. 2014), stimulus-

organism-response model (e.g. Mollen & Wilson, 2010; Claffey & Brady 2014), theory 

of planned behaviour (e.g. Bitter, Grabner-Kräuter & Breitenecker 2014), and 

expectancy-value (e.g. Higgins 2006). These theories consider opportunity or value of 

action and what may promote increased activity. Lastly, more recently social theories 

have been applied such as in the research of Brodie et al. (2011, 2013) or Javornik and 

Mandelli (2012). These theories suggest the formation of CE is not an individual 

construct and that likely CE may be at least in part influenced by interaction in a larger 

community setting. In such a setting, experiences and values of acquaintances may 

determine the CE of the individual. The importance of theories within the context of 

measuring CE is that if a theory of engagement holds, the variables that represent the 

inputs of the theory need to be obtained so measurement can occur. For instance, how 

can value be identified or measured so that it can be factored into any CE measurement. 

In summary, limited agreement exists for a definition of CE, or substantial consensus 

for its indicators and causes. The variety and number of theories employed to 

understand and explain CE illustrates the substantial complexity of the CE concept and 

the challenge to understand and define it. If CE is only viewed as being a reflection of 

an individual taking or not taking action, that is overly simplistic. It is likely that a CE 

process is occurring with superannuation context for the customer. Possibly that 

involves some psychological/cognitive process, and additionally some emotionally 

based decision making, and even some social interaction. For example, looking more 

deeply at just one of the theories applied in the research of CE, the challenge to 

observing and measuring CE is highlighted. The theory of expectancy-value (Ajzen & 

Fishbein 1996) that originates in decision science (Higgins 2006) asserts that when a 

choice has a positive outcome (value), if there is increased expectancy of the outcome, 

there is a correspondingly increased attractiveness of that choice. As expectancy of 

attaining an outcome increases, Higgins (2006) suggests that the outcomes might be 

perceived by the customer as being less imaginary and as such less psychological 
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distance exists which results in increased strength of engagement. Such a trait is 

undoubtedly difficult to observe as there is no behaviour visible to the fund, let alone 

measure, but likely it is important within the superannuation context to any observation 

or understanding of engagement. To expand, given that superannuation is an investment 

with a lifespan from when a customer is first employed, until they are deceased, feasibly 

the length of the investment is in excess of 70 years. This has relevance with respect to 

the expectancy-value theory of decision making, as Higgins (2006) stresses that the 

value component of the decision is not known and is being anticipated or predicted by 

the customer. This imagining of value then changes over time likely resulting in a 

change to the level of CE. Likely a multi-dimensional concept with behavioural, 

cognitive, emotional, and social factors is required to explain and measure 

superannuation engagement. Consequently, a construct of all four of these commonly 

suggested dimensions will be the focus of this research. 

Maslowska, Malthouse and Collinger (2016) analytically declare that despite extensive 

discussion in academia and industry, there remains no consensus of what constitutes 

CE, or what its antecedents or consequences are. Consequently, in stark contrast to the 

extant literature on CE, given the lack of progress with unpacking the CE construct, 

they unnervingly posit that the term CE should be jettisoned by research to be replaced 

with the more holistic: customer engagement ecosystem. Their justification is that the 

interactions between the underlying dimensions of CE are too complicated to be 

explained simply and require an explanation that considers the interconnected nature of 

the environment. To expand, they contend that the inability of academia to agree on the 

definition of a term (such as CE) is disconcerting. Marti, Bigne and Hyder (2014) 

apportion blame for differences in interpretations of the CE construct to their belief that 

CE is a context specific. Maslowska, Malthouse and Collinger (2016) contend the 

solution to solving this problem is to establish an ecosystem of CE and to then ask 

scholars to use more specific terms for the numerous components of engagement that 

exist within the ecosystem and in doing so they propose four components of CE: 

customer brand experience, brand dialogue behaviours; brand consumption, and 

shopping behaviours. 

A number of researchers have studied the implications of CE. In order of most recent to 

oldest, the most relevant research includes Agyei et al. (2020) who researched the 
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interplay of dimensions of trust and loyalty with CE in the context of life insurance. 

They found that trust drives a significantly higher level of CE. Further, they identified 

the directionality of the construct is such that CE in turn significantly enhances 

customer loyalty. They naturally conclude that it is critical for businesses to build 

customer trust if they are to improve CE (and therein competitive advantage) and 

consequently improve customer loyalty. Also quite recently, Deetlefs et al. (2018) 

researched the interplay of trust and interest with CE in the context of superannuation 

and identified contrasting results. They found that the impact of trust was mediated by 

interest so much so that members with high levels of trust can be observed to engage 

less, and members with low levels of trust can be observed to engage more. Their 

conclusion ultimately was that increasing customer interest should be the objective, 

rather than increasing trust. Van Tonder and Petzer (2018) echo the importance of CE in 

creating sustainable competitive advantage for businesses as in an insurance context, 

they examine the relationship between trust, customer satisfaction, commitment and 

perceived value. They confirm in their research that these factors are antecedents of four 

dimensions of CE as identified by So, King and Sparks (2012): interaction, attention, 

absorption, and affection. They assert that businesses should focus on meeting and 

exceeding customers‟ expectations. If achieved, they assess it will achieve increased 

customer satisfaction and therein, critically, increase customer trust. Businesses should 

err away from inflating the expectations of the customer as failing to deliver has a 

negative impact on trust and commitment. A customer‟s sense of value was also 

identified by Van Tonder and Petzer (2018) to be important as customers who perceive 

they have received good value are more likely to trust the organisation. They believe 

that a customer‟s emotion toward a business is also critical to building the trust an 

individual has with that business and how they engage. Kumar and Pansari (2016) 

identify that increasingly, products and services alone do not create enough opportunity 

for a business to succeed, given heated competition and that most products and services 

are homogenous. They urge that to succeed in the business environment of today, a 

business must create an overall positive experience for the customer to which they then 

engage. Uniquely, Kumar and Pansari (2016) suggest that a focal point of the business 

must be on lifting employee engagement: only through high levels of engagement 

amongst the employees that the organisational goals will be achieved. Conversely, if the 

employees of the organisation are not engaged, the needs of the customers will not be 
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focused on to the extent that is required to create high levels of CE. Vivek, Beatty, and 

Morgan (2012) propose a positive association between involvement levels and the 

intensity of CE. Supporting this assertion with behavioural research, they insist that 

involvement is an antecedent to CE. Bolton (2011) proposed future research 

opportunities to understand how businesses might build loyalty or create new methods 

of customer relationship management based upon measures and segments of CE. He 

suggested that this would require understanding of the CE dimensions of emotion, 

social influences, and social experiences.  

Clearly, while many scholars are effusive on the value CE, more research is required to 

define it. 

2.1.2. Measurement and construct 

Measuring engagement can be defined as attempting to quantify the connectedness 

between a person and an agent or object (Calder and Malthouse 2008; Calder, Isaac, & 

Malthouse 2016). Researchers such as Van Doorn et al. (2010) provide theoretical 

support for such an endeavour. They surmise that individual characteristics can 

influence cognitive processes and decision making to such an extent that resulting 

engagement behaviours may be predicted. However, Gambetti and Graffigna (2010) 

posit that “engagement is a very complex concept strongly influenced by psychological, 

social, interactive, relational, experiential, and context-based components…by nature it 

is multi-faceted, mutable and difficult to predict since it involves interaction between 

individuals, and between individuals and their context.” (pp. 821-822) Understanding 

such a complex concept has proven difficult, let alone the achievement of measuring CE 

(Kumar et al. 2010; Schulz and Peltier 2013). Hollebeek (2011) conveyed the 

disappointment of Appelbaum (2001) that the focus of conventional relationship and 

behavioural constructs had been upon past experience such as customer satisfaction. 

That approach had proven inadequate and unable to explain, let alone predict CE. 

Comparatively, the constructs of CE have been more heavily researched than the 

measurement of CE. Brodie et al. (2011) assert that the measurement of engagement is a 

newer and more lightly researched area. In 2008, Calder and Malthouse declared that 

only a small number of attempts had been made to measure and quantify customer 

engagement. Eight years on, by 2016, Islam and Rahman identified that some, but few 
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attempts had been made by researchers to develop a scale of CE (e.g. Hollebeek, Glynn 

& Brodie 2014; Vivek et al. 2014; So, King & Sparks 2014; Baldus et al. 2015). 

Additionally they emphasised that research to develop a scale of engagement was 

context specific and did not generalise into other contexts. Further, the limited attempts 

to measure CE were chiefly aimed at creating descriptive qualitative observations of 

engagement levels rather than quantification. In fact, few scales have been developed 

that can generalise at all, let alone to the superannuation context. Vivek et al. (2014) 

produced what at that time was the most complete CE measurement scale. Termed the 

„Customer Engagement Scale‟, the 10-item scale was validated in a small number of 

contexts. However this only served to estimate CE for a business or a brand, rather than 

to estimate it for an individual. Further the underlying construction of the scale was 

completed on a sample of less than 300 participants and leveraged customer panels. Not 

all captured by Islam and Rahman (2016) in their survey of CE literature, three separate 

pieces of research (Kumar & Pansari 2016; So, King & Sparks 2016; Thakur 2016), 

amazingly all delivered in 2016 are the leading examples of attempts to measure 

engagement. Kumar and Pansari (2016) undertook to develop a CE scale using a survey 

instrument comprised of sixteen questions relating to four dimensions of CE: 

transactions, referral, social, and feedback. To create their CE scale, the responses of the 

customer to the sixteen questions were scored simply on a 5-point Lickert scale and 

aggregated. A score of 16-31 being identified as lowest CE, 32-47 middling CE, 48-63 

was identified as moderate CE and 64-80 was classified by the researchers as super CE. 

The response rate to the survey was 32% which is an amazingly high response rate, 

making it very questionable although to authors provide no explanation. Studying the 

number of responses it does appear that the businesses are small businesses given the 

average number of customers per firm ranges from 596 to 1,604 in the information 

provided by Kumar and Pansari (2016). If the businesses are small, it is more likely 

close relationships exist with the customer that would not be possible in a medium or 

large company. The survey of CE with customers of a number of Business-to-Customer 

service companies are conducted over two time periods 12 months apart. After the 1st 

survey, strategies are implemented to improve CE. They identify increases in CE link 

that increase to both a 5.6% increase in revenue, and a 5.4% increase in profit. All 

results are provided at an aggregated average for the business, rather than looking at the 

individual customer and their demographics. No attempt is made by the researchers to 
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predict CE or to measure the impact of a change in CE. Similarly, So, King and Sparks 

(2016) also develop a scale for the measurement of CE in the tourism and hospitality 

industries. Concurring that CE is a construct with many dimensions, they identify: 

identification, attention, enthusiasm, absorption, and interaction. Tested conceptually, 

rather than in reality with an actual tourism or airline brand, they created a survey 

instrument of twenty-five questions with a 7-point Lickert scale for recording responses. 

Additionally they ask four questions relating to loyalty to test a hypothesis that CE and 

loyalty have a causal linkage. No information is provided regarding the nature of the 

responses of a panel of customers to the twenty-five questions. Rather So, King and 

Sparks (2016) identify association between calculated CE and intended loyalty (NB. 

This is stated loyalty from a research panel rather than observed loyalty from a group of 

customers). An argument could be made that the CE scale of Kumar and Pansari (2016) 

and So, King and Sparks (2016) are scales of Customer Brand Engagement rather than 

CE. The focus of these researchers has been narrowed to focus on brand rather than to 

remain more general to a „focal object‟ as defined by Islam and Rahman (2016) and 

Brodie et al. (2011). So, King and Sparks (2016) narrow their definition of CE and their 

research further to specify that their scale is measuring engagement outside of “a 

customers‟ personal connection to a brand as manifested in cognitive, affective, and 

behavioral actions outside of the purchase situation.” (pp. 7-8). Whilst this is not the 

direct focus of our research, given the limited number of examples of CE scale 

development, I include the research of both Kumar and Pansari (2016), and So, King 

and Sparks (2016). Similarly to Kumar and Pansari (2016) and So, King and Sparks 

(2016), Thakur (2016) in a watershed year for the research of CE measurement, creates 

another scale of CE, this in the specific context of shopping with mobile devices. 

Underlying the scale are six dimensions of CE specific to online shopping: monetary 

experience, social facilitation, intrinsic enjoyment, utilitarian, self-connect, and time 

filler. As with So, King and Sparks (2016), Thakur (2016) also has an ultimate focus via 

the measurement of CE at an end goal of predicting loyalty (of online shoppers). With a 

survey instrument of nineteen questions and a 7-point Lickert scale for recording 

responses, similar to the research of So, King and Sparks (2016), Thakur (2016) doesn‟t 

provide any information on the distribution of individual responses. This is unsurprising 

given the quantification of engagement is not the intended purpose of their research. 

Through her research, Thakur (2016) is able to demonstrate a scale for CE and 



 

24 

 

empirical evidence of a positive correlation between CE and loyalty. Perhaps most 

interesting is the finding that monetary value (usually thought as being the primary 

driver for shopping with mobile devices) is not as significant as a driver of CE as other 

dimensions. Such a finding provides additional support for the value of CE in 

understanding customer behaviour and methods of customer relationship management. 

In essence, it remains that very limited research has been conducted to empirically 

measure CE specifically. Of the research that has been conducted for the purpose of 

measuring CE, none has been conducted in a general context that will allow (given the 

underlying dimensions) for it to generalise to superannuation. Additionally, of the four 

identified examples of measuring engagement, one is a measure of business 

engagement, two could be classified as measures of Customer Brand Engagement), and 

the fourth the focus is on the impact of CE on loyalty rather than to quantify CE for an 

individual. 

Based on the extant literature, it is possible to apportion accountability for the lack of 

progress on the measurement of CE to eight causes: 

i. Construct complexity – the CE construct is complex, likely including the four 

dimensions of behavioural, psychological/cognitive, emotional, and social. A 

consensus understanding of the interplay of these dimensions and their 

comprising factors remains unachieved. As a result, there is no agreement of 

which factors need to be collected and input into any measurement of CE; 

ii. Number and type of variables – the number of variables that may need to be 

collected is immense. Challengingly, due to the lack of consensus for the 

construct of CE, there is limited guidance of which attributes are critically 

predictive and those that are not; 

iii. Variable availability – the variables required to form accurate predictions may 

not be available; either to the researcher, or in that they‟re not practically 

available. For instance, many behavioural attributes will be easy to observe and 

obtain. Alternatively, for example, word-of-mouth between social networks will 

either be less visible or less available. It may then be that the attributes available 

to researchers are not the attributes required to predict CE. Van Doorn et al. 

(2010) elicited that many customers will not exhibit CE behaviours or at least 

not exhibit CE behaviours that are observable and hence measureable. Given 
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that behaviours are viewed by a number of CE researchers as being a key 

dimension of CE, without visibility of them, absolute measurement, or 

observation of a change in CE is difficult. For instance, a number of factors that 

determine or shape CE are suggested by Van Doorn et al. (2010). Yet these 

factors are inherently difficult to observe or to measure. For instance, Brodie et 

al. (2011) contend CE is likely moderated by individual and contextual factors 

such as personality. This is true within the superannuation context for the 

measurement of SE as it is a particularly difficult construct to understand and 

observe as the behaviour of the customer is largely unseen, only surfacing when 

they transact or make contact. 

iv. Variable context – CE attributes must be observed with the appropriate context. 

Van Doorn et al. (2010) explain the contextual nature of CE behaviours (or the 

absence of behaviour). For instance, research conducted by Gregoire, Tripp, and 

Legoux (2009) concludes that the propensity of a customer to complain declines 

over time, while inversely their desire to avoid dealing with a business increases. 

Additionally, to further support the complexity of the challenge to measure SE, 

it may be that I need to study preceding events to understand the likelihood that 

a customer remains highly engaged but dissatisfied. This is supported by Clow, 

Kurtz, and Ozment (1998) who submit that any assessment of a specific 

interaction should be done in reference to prior interactions. Equally, Johnston 

and Fern (1999) demonstrated that multiple or successive adverse events can 

produce a stronger CE response. Similarly, a positive or negative critical 

incident can influence CE behaviour (Bitner, Booms, & Tetreault 1990; Van 

Doorn & Verhoef 2008). Lastly, the resources available to a customer may 

determine CE engagement. For instance, a customer who works part-time may 

be highly engaged but they have limited money available hence a number of CE 

engagement behaviours are not realistically available to them. Two individuals 

shouldn‟t be compared to each other as having the same opportunity for 

engagement in that the relative importance of CE determinants likely changes 

over time (Van Doorn et al. 2010). Some comparisons of CE levels are possible, 

but any comparisons would be more relevant when made between contextually 

similar groups of customers. For instance, the comparison of CE levels between 

an unemployed 25 year old and a retiring 67 year old are likely to show that the 
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latter is more engaged. A more interesting measure would identify an average 

level (or a distribution profile for the purpose of comparison) of engagement that 

is specific to a number of contexts and would afford comparison between those. 

In terms of a profile, it is likely that superannuation has a U-shaped engagement 

curve as described by Van Doorn et al. (2010). That is, engagement may be high 

in the initial phases of joining a fund, and then would likely subside until the 

onset of retirement whereupon it would increase to a higher level of 

engagement. This level of engagement is likely higher than at commencement 

given the immediacy of the benefits. Other contextual factors such as changing 

ease or cost of CE behaviour also need to be considered when comparing CE 

across time. For example, today it is much simpler for a superannuation investor 

to change their investment option than it was at the turn of the century. Now, the 

transaction can be completed online in a matter of minutes whereas previously it 

would require a written and mailed instruction. Context-based antecedents put 

forward by Van Doorn et al. (2010) include political and environmental factors. 

Within the superannuation setting, both of these factors are likely significant. 

For instance when legislation change results in different rules, information flow 

is greater which likely causes more awareness, and results in CE behaviour such 

as calling contact centres, or performing transactions. Equally, negative press 

during situations such as the Global Financial Crisis are likely to have impacted 

CE within superannuation during 2007-08, similarly the Hayne Royal 

Commission in 2018 (Hayne 2018). Some contexts are micro, rather than macro 

and impacting a population. As an example, personal circumstance may result in 

a context where CE increases (or decreases). Marketing activities may also 

impact CE. Psychological factors such as perceived cost to engage are also 

antecedents for CE. That is, Van Doorn et al. (2010) posit that when a customer 

perceives the cost of engaging to be too high, they are likely discouraged from 

engaging. Demonstrating how extensive the antecedent factors of CE are, Van 

Doorn et al. (2010) raise the research of Borle et al. (2007) who demonstrated 

that the completion of a customer satisfaction survey can engage a customer 

more deeply with a firm in a positive manner; 

v. Unclear construct – A lack of consensus exists of which factors are antecedents 

and what are consequences. In essence, the challenge becomes determining 
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which attributes are lead indicators of CE and which attributes are driven by or a 

result of CE. For instance, behaviour could be a consequence, or could be an 

antecedent. This is supported by Van Doorn et al. (2010) who posit that the 

obvious result of increased CE is increased observable CE behaviours such as 

transacting. It is clear from the literature that there are a number of factors that 

need to be considered when measuring CE. In an attempt to understand better 

the construct of CE, research has attempted to classify the factors in the 

relationship as antecedents or consequences of CE, so that they may be 

understood in a causal relationship. Within that setting, akin to the lack of 

consensus that exists about the underlying dimensions of CE, Brodie et al. 

(2011) observe that within the literature there is a lack of consensus of which 

factors are antecedents, concurrent factors, and/or consequences. A simple 

comparison between the CE models of Van Doorn et al. (2010) and Brodie et al. 

(2011) exemplifies this. Van Doorn et al. (2010) suggest a conceptual model for 

CE that involves antecedents, CE behaviours, and consequences. Antecedents 

are grouped by their research into three categories: customer-based, firm-based, 

and context-based. Consequences are similarly grouped into three categories: 

customer, firm, and other. The premise Van Doorn et al. (2010) put forward is 

that high (or low) levels of antecedent factors can lead to CE. For instance 

customer attitudinal factors such as satisfaction or specific goals likely increase 

CE. Also, they posit that individual customer traits are likely to affect both the 

likelihood and level of CE. Contrastingly, Brodie et al. (2011) assert that this is 

possibly due to two factors. Firstly, they posit that CE is a cyclical and dynamic 

process where relational consequences of CE may in turn become antecedent‟s 

in future iterative cycles. As an example, engagement may lead to participation, 

which may lead to involvement, which may then drive increased engagement. 

Secondly, it is possible that for different customers a factor that is an antecedent 

of CE for one customer may possibly be a factor is a consequence for the other. 

In that setting, stage of CE cycle needs to be considered when determining 

antecedent or consequence. To clarify, Brodie et al. (2011) put forward an 

example where „trust‟ or „commitment‟ are antecedents of CE for existing 

customers, but consequences for new customers; 
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vi. Temporal context – CE changes over time, so Van Doorn et al. (2010) posit 

that CE can be temporal where it may change between a momentary increase 

and then subside, or it may be ongoing. This type of view is supported most 

heavily by researchers who view CE as a behavioural only construct. That is, 

because their position asserts CE is demonstrated by behaviour, they theorise 

that CE is a binary state where a customer is either engaged or disengaged. For 

these researchers, there is no consideration to the quantification of CE on a 

spectrum or continuum. Yet at least in the context of superannuation, while CE 

may only manifest in behaviours such as transactions or queries, it is highly 

probable that significantly more than two engagement states exist. Further is it 

possible that customers can be plotted along a range of CE levels and that 

behaviour, while being a significant determinant of CE, will not be the only 

determinant. Likely the model for engagement within superannuation, given the 

length of the product almost across the lifetime of the investor, activity isn‟t 

going to always be the best indicator of engagement or disengagement; 

vii. Binary or continuum – Conjecture exists in the research of whether CE is a 

binary state or exists on a continuum. Brodie et al. (2011) contend that CE exists 

on a spectrum from disengaged to engaged, and additionally that CE may range 

from relatively stable to highly variable. Similarly, Bryson and Hand (2007) in 

their research of student engagement ascertain that a student might exhibit 

varying engagement levels along a disengaged-engaged continuum. They also 

recognise that states of engagement reflect a likely fluctuation of engagement 

levels. Such a view contrasts with the general industry view where engagement 

is repeatedly referred to and depicted as a binary state, i.e. an individual is 

engaged or they are not (PC 2018); 

viii. Time series – CE evolves over time; therefore there is a need for longitudinal 

observation (Menard 2002) rather than just cross-sectional study (Islam & 

Rahman 2016). The assertion from Islam and Rahman (2016) is that while 

numerous factors have been proposed by researchers as CE antecedents or 

consequences, most of these factors have only been proposed conceptually. 

Further, those studies that have looked to understand CE empirically are based 

on cross-sectional research (e.g. Bowden 2009; Gummerus et al. 2012; Brodie et 

al. 2013; Cabiddu et al. 2014; Cambra-Fierro et al. 2016). An opportunity exists 
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to research CE in a time series. In conducting such analysis, differences in CE 

may be evident and an opportunity could present to identify causal relationships. 

Further, the factors driving such change might be validated empirically (Islam & 

Rahman 2016). It will only be through the development of segments based upon 

varying levels of CE, and the observation of such segments over a time series 

that experiments may be conducted to understand and influence the CE levels of 

individuals. 

In summary, CE is a relatively new construct of customer management. It is however 

predicted to be meaningful in future evolution of the customer to business relationship. 

Given that, it will be important to be able to observe and measure CE. Maslowska, 

Malthouse and Collinger (2016) identify the measurement of CE as meritorious of 

future research. Only through the measurement of CE do they content will the true value 

of CE be grasped. But measuring CE is a substantial challenge, as yet unfulfilled. 

Consequently, the measurement of CE is awash with opportunities for research. It is 

evident that research is required to elucidate the CE construct, but that does not preclude 

research from commencing on methodology to measure CE. In that respect, given the 

changed landscape of industry and the view that engagement of the customer is critical 

(in a paradigm where businesses must understand the value they can provide to the 

customer rather than the value a customer can provide to the business), it is undeniable 

that CE will become more paramount to business success and as such more resources 

are likely to be devoted in coming years to understanding the CE construct and 

measuring the engagement of customers.  

 

2.2. Superannuation Engagement 

SE has been poorly defined to date, consequently a consensus definition of SE does not 

exist (De Zwaan, Brimble & Stewart 2015). This is not surprising given the ongoing 

lack of agreement among researchers for the underlying SE construct. The absence of 

progress with the understanding of SE is not due to a lack of effort as within Australia 

and with assistance from academics globally, research has been undertaken over the 

past twenty years. But despite such research, a number of fundamental research 
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questions that will define SE remain unanswered: what are the indicators or 

manifestation of SE, what are the antecedents and outcomes of SE, and importantly for 

Australian workers how can SE be influenced. Section 2.2 comprises a review of 

literature relating to SE. It provides an understanding of the current state of research 

into SE and is structured as follows: 2.2.1 The framework of defaults and choices in 

Australian superannuation that is critical for understanding the context; 2.2.2 Views of 

SE; and 2.2.3 the measurement of SE. 

2.2.1. Choice framework 

Critical to understanding SE is a basic knowledge of the framework for Australian 

superannuation. There, it must be understood that while choices exist, it is not necessary 

for Australian workers to make them as defaults allow them to avoid making even one 

of any of the possible decisions. The value of the defaults in place for members to fall 

back on is debateable within the Australian superannuation industry. The argument 

against the defaults being that they are influencing the decision making of 

unsophisticated superannuation members (Carlin, Gervais & Manso 2013) to the 

detriment rather than the support of their end retirement income outcomes. An example 

is provided as an illustration of a standard default in Australian superannuation. 

Traditionally, the first experience an individual will have in Australia with 

superannuation is when they commence employment. Essentially, as it is mandated that 

9.5% of an employee‟s salary be paid into a superannuation fund, the employee needs a 

superannuation fund when they commence employment. Since 2006, Australian 

workers have had the opportunity to choose their own fund in lieu of being required to 

use the fund nominated by their employer. If the worker doesn‟t choose a fund, their 

9.5% (Superannuation Guarantee) contributions will default to be paid into the fund 

nominated by their employer. It may be that the worker trusts their employer and 

believes they have selected the best superannuation fund for them and in turn they make 

an active decision to default into the fund of their employers‟ choice. Critically they 

make that decision without benchmarking other funds. A second example for 

illustration is an additional common decision faced by the worker regarding which 

investment option their contributions should be paid into. Again it is common for the 

fund to have a default option for contributions to be allocated to in the event the worker 

does not select an investment option themselves. Again it is probable that the worker 
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may make an active decision to default into the investment option „selected‟ by their 

employer or the fund. They may make such a decision based on trust of their employer 

or the fund, or because a lack of financial literacy to choose a different investment 

option (Bateman et al. 2016). Similarly, another common question asked at the 

commencement of working and/or joining the fund that does not require a decision 

concerns the type and amount of insurance desired by the worker. It should be 

understood that the decisions made to these two questions have the potential to make a 

substantial difference to the outcomes of the member. In the worst case (but anecdotally 

not uncommon), in the context of deciding an investment option, a poor performing (i.e. 

low return) selection can make a difference of hundreds of thousands of dollars and will 

obviously have a significant impact on retirement outcomes. In the worst case (but 

again anecdotally not uncommon) context of the type and amount of insurance, if an 

event occurs that requires a claim from the fund member, the choices they have made or 

the defaults they have used could mean they have no insurance to claim, or the benefits 

available to them are insufficient to cover the costs of the event. An additional myriad 

of choices occur throughout the lifecycle journey of the Australian worker and their 

superannuation. At times these are obvious (e.g. the choices presented when joining a 

new fund), but more likely they are obscure. Choices available to superannuation fund 

members include but are not limited to: making additional contributions (various types) 

to help increase the amount of savings, changing investment options, altering insurance 

arrangements, changing superannuation fund, and when to retire and with what type of 

benefit.  

Historically, the research of SE categorised superannuation fund member decisions as 

being default or non-default with investors who fail to make an active choice and who 

subsequently use the default being classified as unengaged. Such a view has proven 

more recently to be overly simplistic at best and misleading at worst. 

2.2.2. View of SE levels 

The extant research that has formed the existing academic view of SE in Australia is 

summarised here, organised into XYZ themes: 

i Level of SE – Much of the academic literature and the mainstream press 

espouse the view that within Australian superannuation, there is an illogical lack 
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of engagement between customers and their superannuation (Agnew, Bateman 

& Thorp 2012; Ali et al. 2015; Bateman et al. 2014; Cheah et al. 2015; Clark et 

al. 2013; Delpachitra & Rafizadeh 2014; Gallery, Newton & Palm 2011; 

Gerrans et al. 2015). Low levels of engagement are perceived to be so common 

among customers that disturbingly, customers who are disengaged are in the 

majority. While there is academic agreement on the low level of engagement, 

the understanding of engagement and of which investors are engaged and which 

are disengaged is poorly understood. Possibly this is because the interplay of 

attributes and behaviours relating to engagement is complex. This is exemplified 

by Bateman et al. (2014) who observe that in relation to self-reported levels of 

engagement in superannuation, moderate levels are needed for most active 

decisions, but intense interest does not make non-default activities more likely;  

ii SE factors – Demographics are obvious factors that are easily and confidently 

identifiable. Yet starting with age, given the importance of it in the context of 

the retirement industry (in as much as older investors are likely nearer to 

retirement so logically should be more engaged with their superannuation), it is 

not always significant in the observation of engagement. Bateman et al. (2014) 

posit that while generalisations can be made about older investors being more 

likely to choose a non-default investment option, or to buy additional insurance, 

age is not significant when determining likelihood of other activities such as 

making additional contributions, or engaging online. That the impact of age can 

be moderated by other factors such as gender, income, job tenure, and 

employment industry, makes obvious how challenging it is to identify from a 

distance the comparative level of engagement between just a handful of 

individuals, let alone throughout a fund or across the industry. Less obvious than 

age or gender, an alternative factor of account balance is suggested by Clark et 

al. (2013) as being an effective indicator of engagement. They argue that largest 

balance investors are the most active, but do not provide anything beyond a very 

limited description of what cut-off may serve to categorise a balance as being 

significantly large enough. To further demonstrate the challenge at hand, while 

Clark et al. (2013) produce high level gender truisms such as men being more 

likely to make active investment choices, Gerrans et al. (2015) and Gerrans, 

Clark-Murphy and Speelman (2010) advocate that the significance of gender in 
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determining engagement is mitigated by a range of other factors including 

income and financial literacy / knowledge. To further complicate matters, other 

less observable attributes also play a role in determining engagement levels. 

These include but are not limited to psychological variables such as an 

individual‟s aversion to loss. In that situation, an individual with a loss aversion 

assesses reductions in wealth more heavily than a comparative increase in 

wealth (Clark et al. 2013; Gallery, Newton & Palm 2011). Even more esoteric 

but possibly influential are factors such as social interaction and peer influence 

where individuals are often compelled to behave similarly to other members of 

their social group (Gallery, Newton & Palm 2011); 

iii Financial literacy – While demographic and socio-economic factors such as 

age, gender and account balance are easily identifiable, financial literacy is more 

difficult to observe. Investor-assessed financial literacy levels are studied by 

Gallery, Newton and Palm (2011). By linking them to investment choice 

decisions they conclude that superannuation policy and design is forcing 

investors to make financial decisions that many people are not equipped to 

make. This is significant as the impacts of poor decisions can be far-reaching 

with serious consequences on retirement situations of the individuals. For 

example, likely because of a lack of confidence in selecting an alternate fund or 

investment option, the vast majority of Australians are in the default 

superannuation fund selected by their employer, and within their fund they are 

highly likely to be invested into the default investment option – a scenario that is 

unlikely to maximise the retirement benefit. Gerrans, Clark-Murphy and 

Speelman (2010) believe that only 30% of the investors are outside the default 

investment option in industry funds, and more alarmingly, Gallery, Newton and 

Palm (2011) believe it to be around 18%, while Clark et al. (2013) believe that it 

could even be as low as 15%. Limited research has been conducted to study 

financial literacy in the context of the superannuation industry but generally it 

has been characterised as being lower for females than males, and lower among 

the young, highest among the middle-age, and declining beyond that (Gallery, 

Newton & Palm 2011). With an opposing, more simplistic view, Agnew, 

Bateman and Thorp (2012) believe financial literacy is positively correlated with 

age. A lack of knowledge and interest persists amongst investors despite being 
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aware of the personal importance of superannuation, especially young investors, 

females and the unemployed. Possible explanations are time from retirement, 

inexperience with financial decision-making, and alternative financial priorities. 

Contrastingly, education levels were not consistently significant when 

segmenting investors for financial literacy (Agnew, Bateman & Thorp 2012; Ali 

et al. 2015). It is apparent that there is no simple explanation for the role 

financial literacy or knowledge plays in determining engagement, but 

irrespective, there is much to be gained nationally and individually if financial 

literacy impacts and needs can be identified; 

iv Importance of SE – The importance of SE is confirmed in research by Ali et al. 

(2015) and Burnett et al. (2014) who demonstrate disengaged investors are less 

likely to exercise an active approach and implement strategies that provide for a 

comfortable retirement. Even recently, Deetlefs et al. (2018) identified that 

despite Australian superannuation reaching a quarter of a century since the 

introduction of mandatory contributions, many Australians need greater 

engagement with the superannuation and subsequent decisions if they are to 

optimise their retirement income by avoiding insufficient contributions, 

excessive fees, unsuitable insurance cover or poor investment selections. As an 

example, despite the mandatory employer contribution of 9.5% not being 

sufficient to create a comfortable or adequate retirement (Burnett et al. 2014), 

only between 10 and 20% of investors are making supplementary voluntary 

contributions (Bateman et al. 2014; Feng, Gerrans & Clark 2014). It is therefore 

clear, that disengagement is creating a funding gap in superannuation between 

what an investor will have at the point of retirement, and what they require for a 

comfortable retirement to last them until they reach their life expectancy. The 

funding gap is so substantial that Gerrans et al. (2015) conclude that only 22% 

of individuals (53% of couples) will achieve the level of income required for a 

comfortable retirement; and Burnett et al. (2014) detail that individuals aged 

between 40 and 64 are expected to drain their superannuation 20 years before 

reaching their life expectancy (13 years for couples). This failure of 

superannuation is placing undue pressure on the Australian government and on 

tax payers (Gerrans, Clark-Murphy & Speelman 2010). There is no respite likely 
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as the issue is only being magnified by the current ageing demographic change 

within Australia; 

v Non-default behaviour – Research of the factors and indicators of SE focuses 

has often focused on the presence or absence of active choices in lieu of 

employing the default offered by legislation or the superannuation fund 

(Bateman et al. 2014; Feng, Gerrans & Clark 2014). First an example of active 

choice is when a member switches (transfers) their investment from one 

superannuation fund to another. Commonly an explanation for such an event 

might be given as dissatisfaction with the existing fund or change of job. The 

drivers of switching superannuation funds were investigated by Delpachitra and 

Rafizadeh (2014). Their conclusion was that the limited movement of investors 

between funds is a sign of disengagement. More likely though, is that the 

Australian superannuation industry is achieving some maturity as it passes 25 

years since being made compulsory. In that context, funds are possibly 

becoming commoditised with very little to separate them in the minds of the 

investor resulting in less impetus to switch funds. Irrespective, individuals are 

unlikely to rollover between funds more than a handful of times in a working 

career meaning that it is a poor indicator of engagement unwisely selected by 

Delpachitra and Rafizadeh (2014). Second, investment in the default was 

anecdotally assumed to be an indicator of low engagement (at least within 

observed industry or employer funds), but investment in the default option was 

concluded by Bateman et al. (2014) as not being a proxy for disengagement. 

Rather they hypothesized that the taxonomy for engagement is likely a 

combination of a number of investor attributes and interactions which 

demonstrates the complexity involved with identifying indicators of engagement 

within the Australian superannuation environment. Third, instead of looking at 

the investment option, but rather by looking at voluntary contributions. Given 

that default contribution rates are known to not be significant enough to produce 

an adequate retirement (Burnett et al. 2014) would logically lead investors to a 

conclusion that they need to make additional voluntary contributions. Yet rates 

of voluntary contributions are observed to be unbelievably low, in the vicinity of 

15% (Bateman et al. 2014) across the industry and are only more prevalent with 

older investors faced with looming retirement. Fourth, SE has been researched 



 

36 

 

through investor transactions in their fund. The general hypothesis of researchers 

being that superannuation customers with low SE are more likely to only make 

the mandatory contributions (eg. Superannuation Guarantee) to the fund without 

any voluntary contributions (eg. Additional rollovers or Personal Contributions). 

Lastly, outside of transactions, other interactions between an investor and their 

fund are likely to be significant factors in observing levels of engagement. These 

include registering for online access to the superannuation fund information 

systems, or calling the fund contact centre (Bateman et al. 2014) 

As can be seen from the breadth of research of SE, many factors are potential causes or 

indicators of SE. It remains though that the complexity and inaccessibility of 

superannuation (investors are not able to access their funds until preservation age is 

reached which traditionally occurs at age 65) does not serve to encourage the vast 

majority of Australians to actively participate. In this type of setting where an individual 

does not perceive value in return for expending time and effort, factors such as the 

design of product brochures and the provisioning of information and options are likely 

to play a part in determining engagement. Cheah et al. (2015) assert that there is little 

evidence to illustrate individuals are thriving in a setting of superannuation investment 

choice. An example being that when individuals are given a range of investment options 

that includes a default (or initial) selection, they have been observed to maintain the 

default option. Delpachitra and Rafizadeh (2014) take a stronger view arguing that 

when fund information is presented as an indicator of performance it is practically 

useless in helping investors to make an investment decision. This is at least partially 

supported by Clark et al. (2013) and Gerrans, Clark-Murphy and Speelman (2010) who 

propose that choices are influenced by how information is presented to individuals. 

Moving forward, the two most recent examples of academic research of SE. Deetlefs et 

al. (2018) research the relationship between attitudes (e.g. interest and trust) and 

customer SE. Critically they note that within their research they self-define engagement 

as evidenced by a customers‟ non-default choices. The researchers even go as far as to 

call out that whilst labelling it as an investigation of engagement, they do not adhere to 

any of the most popular and applicable definitions of CE such as Brodie et al. (2011) 

and an engagement construct of emotional, behavioural, and cognitive elements. For the 

purpose of this dissertation, although the researchers are working to a novel definition 
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of engagement, I include the research of Deetlefs et al. (2018) given there are so few 

examples of SE research. Looking then at their research, they conclude that there is a 

positive correlation between levels of interest and SE. They also conclude that inverse 

correlation exists between trust and SE so that when an individual has high trust, they 

have low SE. Given the existing research of CE in a general context, it seems unlikely 

that trust and interest are the antecedents of SE. More likely interest is an indicator of 

SE, and trust is a consequence. In the very least, the dependency on non-default choices 

as being an indicator of SE is simplistic given other factors are likely to moderate SE. 

Such a view is supported by Bateman et al. (2014) who observe that intense interest 

does not make non-default activities more likely. Then, ultimately for the research of 

Deetlefs et al. (2018), it is probable that that the limited definition and limited dataset is 

driving an overly simplistic conclusion. Bateman et al. (2019) investigate the 

relationship between SE and the act of taking out a mortgage. They identify a link 

between superannuation members who take a residential mortgage and their 

contribution behaviour either before or after taking out the mortgage. In the extant 

research, other research illustrating a relationship a life events and SE is non-existent. 

Such research, being recent and resulting from a dataset that is complicated to obtain 

and query, can be viewed as a demonstration of the evolution of SE research. That is, 

moving beyond the interrogation of simple variables such as demographics and basic 

interactions between a member and the superannuation fund such calling the contact 

centre, to a higher order of data such as obtaining and matching additional non-

superannuation data. There this is an example of the futuristic application of data for 

new insights unachievable with traditional data as imagined by Ascarza et al. (2018). 

2.2.3. Measurement 

Research to quantify engagement in any field is lightly researched (Calder, Isaac, & 

Malthouse 2016). This is especially true in the context of superannuation, where there is 

an absence of attempts to quantify the engagement of superannuation fund members or 

the fund collectively. There are few examples in the extant research that estimate or 

rank levels of SE. Those that exist are qualitative rather than quantitative. Examples 

include the research of Deetlefs et al. (2018) where respondents to a survey are placed 

into one of five ordinal categories of engagement. Each category is determined by a 
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clustering approach based on survey responses to questions related to interest and trust. 

Their research makes no attempt to quantify engagement. 

A demonstrated approach for the calculation of SE levels (either directly via an active 

instrument such as a survey, or indirectly through some data driven process) remains an 

outstanding research challenge. Until solved, SE will continue to be presented through 

general characterisations. As a result, while there is existing academic agreement on the 

low level of engagement, the understanding of SE and of which particular customers are 

engaged and which are disengaged will continue to be poorly understood and without 

means to address it for improved retirement outcomes. 

 

2.3. Data Mining 

The literature on superannuation engagement illustrates that the taxonomy of 

engagement is unlikely to be explained merely by a single dimension, or a small number 

of variables, or by a simple equation. Likely, if superannuation engagement levels are to 

be measured, it will be achieved through the application of data mining which has been 

defined as: “the process of discovering interesting patterns and knowledge from large 

amounts of data” (Han, Kamber & Pei, 2011, p. 8). 

Numerous statistical and mathematical techniques now commonly used within the 

process of data mining have origins that can be traced back to the 1950s. However, the 

formation and acceptance of data mining as a cohesive discipline occurred around the 

late 1980s and early 1990s. This observable development at that point in time of a set of 

tools and approaches to extract knowledge from data can be attributed to two critical 

information technology evolutions (Han, Kamber & Pei 2011). Firstly, the evolution of 

database systems that enabled greater storage and querying of data. Secondly, the 

evolution of inexpensive and readily accessible computational processing. Combined, 

these evolutions allowed the approach to analysing data to be more prolific and to shift 

focus from one of computational efficiency, to a focus on mining greater amounts of 

data with more insightful techniques for greater accuracy (Coenen 2011). The 

prominence of data mining and its importance to business intelligence continues to 

grow. In a range of settings and industries data mining has created knowledge that is of 
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benefit to business and their customers (Han et al. 2007; Huang et al. 2015; Liu, Wu & 

Zhou 2009; Zheng et al. 2015). Data mining method include characterisation, clustering, 

association, generalisation, classification, pattern matching, text mining, and data 

visualisation (Liao, Chu & Hsiao 2012). Data mining develops knowledge by either 

categorising subjects in a data set into common segments based upon their associations, 

or by performing induction on the data set to make predictions about future outcomes 

(Han, Kamber & Pei, 2011). Data mining as a process is very adept at creating 

knowledge for businesses that is neither self-evident, nor easily discernable or 

discoverable by other means (Huang et al. 2008; Huang et al. 2015; Zheng et al. 2015). 

Yet despite the evident value, in comparison with other industries such as 

telecommunications, or health, or retail, there is no evidence of data mining being 

applied in the research of CE or in particular to the challenge of understanding investor 

superannuation engagement. 

Within the academic literature and also within industry, data mining is used as an all-

encompassing term for a number of data processes that collectively enable knowledge to 

be extracted from data. There is no consensus of the sub-processes. Not that one is 

necessary, more it is good to understand that the process can be performed differently 

depending on determinants such as the practitioner, the data, or the challenge. Han, 

Kamber and Pei (2011) identify data mining as comprising seven steps: data cleaning, 

data integration, data selection, data transformation, data mining, pattern evaluation, and 

knowledge presentation. Similarly, but more concisely, Aggarwal (2015) identify and 

arrange four sub-process steps: collecting, cleaning, processing, and analysing. 

Irrespective how the steps of the data mining sub-process are labelled and partitioned, 

the essence is that often the data intended to be mined is not available so must be 

collected, then stored for usage. Once available to be used, the data will likely need 

some cleansing to make it fit for processing else information may be wasted. After 

being processed, the output may be analysed for insights and application. Data mining is 

a broad topic requiring text book tomes to cover and explain. For the purpose of this 

dissertation, and the literature review of data mining, the remainder of section 2.3 is 

divided into sub-sections dedicated to elements of data mining techniques and 

approaches applied in completing the objectives of this thesis. Then, the subsequent 

structure is arranged: 2.3.1 Process; 2.3.2 Transfer learning; 2.3.3 Imbalanced data and 
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cost sensitivity; 2.3.4 Supervised learning; 2.3.5 Data mining in superannuation; 2.3.6 

Data mining for acquisition; 2.3.7 Data mining for churn prediction; 2.3.8 Data mining 

for customer engagement. 

2.3.1. Process 

Aforementioned, the process of data mining is arranged by Han, Kamber and Pei (2011) 

as seven steps. These steps are not necessarily linear, but iterative in a cyclical fashion 

where steps may be repeated or revisited. Aside, in order, more detail follows: 

i. Data cleaning – removal of data that is of no predictive value or is inconsistent; 

ii. Data integration – combining data that has been obtained from multiple sources; 

iii. Data selection – the identification of data that will be used for the construction 

of the model. Feature selection (Guyon & Elisseeff 2003; Koutanaei, Sajedi & 

Khanbabaei 2015) includes techniques such as information gain ratio, ranking of 

attributes, causal analysis (Pearl 2009), sequential pattern mining (Zheng et al. 

2015), frequent pattern mining (Han et al. 2007), and FP-growth (Han, Pei & 

Yin 2000). This is a particularly critical phase of the data mining process, for if 

the correct features are not extracted, any resulting models will not perform well. 

Therein it should be understood that the available data is a limiting factor for the 

performance of any data mining model (Aggarwal 2015); 

iv. Data transformation – transforming the imported data into a format suited to 

data mining. This includes making data consistent, and also includes the 

manufacturing of new features. Sub-tasks include cleaning, integrating, 

reduction, and transformation techniques such as normalisation, discretisation, 

and principal component analysis (Jolliffe & Cadima 2016); 

v. Data mining – the modelling of the data. For the purpose of comparison and the 

attainment of the most accurate result, multiple learning methods may be 

employed including ensemble for the purpose of comparison, and ensemble 

methods. Single classifier algorithms may include Decision Trees, Rule 

Induction, ANN, SVM, and Naïve Bayes. Further, ensemble methods such as 

bagging, AdaBoost, and Random Forest are commonly found to improve 

classification accuracy. 
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vi. Pattern evaluation – identification of insights (knowledge) from the output of the 

model. This step is for assessing the quality of the model. In addition to 

assessing the accuracy of the model, classifiers may also be compared on the 

following dimensions: speed, robustness, scalability, and interpretability (Han, 

Kamber & Pei 2011); and 

vii. Knowledge presentation – visualisation of the mined knowledge to the 

stakeholders. 

The process of data mining is without a single predetermined path. An experienced 

analyst, with good domain knowledge of the problem at hand and the data to be utilised 

will more often than not achieve a more efficient, more accurate model than what can be 

achieved by a novice who is without understanding of the data or the problem space. 

2.3.2. Transfer learning 

Transfer learning research dates back to the 1990s and the discriminability based 

transfer method (Pratt 1993). Thrun & Mitchell (1995) raised that in the face of 

increasingly complex learning tasks, a key to improving performance was the retention 

and reuse of previously learned knowledge. A discussion in a workshop at the NIPS 

conference (Thrun & Mitchell 1995) was a watershed moment for transfer learning as it 

has been a major research topic in top machine learning conferences and journals (Pan 

& Yang 2010).Transfer learning applications and research have been rooted in computer 

vision and natural language processing (Taylor & Stone 2009; Aggarwal & Zhai 2012; 

Shao, Zhu & Li 2014) by combined convolutional neural networks, recurrent neural 

networks and deep neural networks. In computer vision, Oquab et al. (2014) 

demonstrated that image representations learned by convolutional neural networks on 

large-scale annotated datasets can be transferred efficiently to other visual recognition 

tasks with a small amount of training data. With an approach founded on that, Shin et al. 

(2016) successfully transferred the learned neural network of ImageNet1 into a 

Computer-Aided system to detect thoracoabdominal lymph node and interstitial lung 

disease from axial CT slides. Zoph et al. (2018) researched learning small common 

block functions that can be used in different convolution neural networks to recognize 

images. For natural language processing, Huang et al. (2013) proposed cross-language 

knowledge by building a shared-hidden-layer multi-lingual deep neural network. 
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Research of Hill et al. (2017) demonstrated that transferring unsupervised (Hill, Cho & 

Korhonen 2016) or supervised (Hill et al. 2017) word meaning learned in context is 

possible by sharing word embeddings learned by neural machine translation models 

trained by bilingual texts. Recent comprehensive literature surveys of transfer learning 

in computer vision and natural language processing have been accomplished by a 

number of researchers (Pan & Yang 2010; Weiss, Khoshgoftaar & Wang 2016; 

McCann et al. 2017). The above research of transfer learning focused mainly on 

transferring model components such as model inputs (feature space), small functional 

blocks, or model parameters because training and fine-tuning a deep neural network 

model is challenging. However, deep neural networks are infrequently applied on 

regular datasets as features of images and texts have strong local correlations while the 

features of regular datasets are often independent. The research of transfer learning on 

regular datasets mainly focused on short life-cycle learning tasks such as real-time and 

online learning (Hastie, Tibshirani & Friedman, 2009) which allow a limited amount of 

time to train a model. Initial research centred on increasing the number of training 

samples by transferring instances or instance feature space to target domains. Wang and 

Pineau (2015) selected samples with similar distributions to samples in the target 

domain. Zhao, Pan and Yang (2017) proposed to use boosting to adjust the weights of 

selected samples from source domains. A relatively recent focus of transfer learning 

research is knowledge transfer (i.e. learned models). In that context, Perlich et al. (2014) 

proposed an optimization method based upon minimizing loss functions and adding 

regularizations while Long et al. (2014) added kernel functions in objective functions. 

Such approaches demonstrated an acceleration of the learning process with objective 

functions converging quickly in target domains, but a failing is the learning 

performance remains heavily reliant on a substantial labelled training dataset. It is clear 

that proposing a general framework of transfer learning is a substantial research 

challenge as it is required to deal with multiple types of learning questions. Contingent 

on the source and the target domains, transfer learning tasks can be categorized into 

inductive and transductive learning. Then depending on the availability of class labels in 

target domains, these learning tasks can be supervised and unsupervised. The majority 

of extant transfer learning research has focused on addressing a single question or a 

specific contextual problem instead of building a general, scalable framework to address 

universally. The application of transfer learning to real world challenges such as 
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superannuation acquisition for additional contributions to enhance the retirement 

outcomes of Australian workers will need to deal with all these questions 

simultaneously. 

2.3.3. Imbalanced data and cost sensitivity 

Very few datasets have perfectly balanced classes and nearly all datasets would have 

some unequal distribution of classes. So while technically most datasets could be 

classified as imbalanced, commonly it is only those datasets with significant and even 

extreme differences in class (i.e. 100:1 or greater) that are referred to as imbalanced (He 

& Garcia 2009). In the example of superannuation churn experienced by CFS, the 

minority class of churners represents around 5% of the population which is clearly an 

imbalanced distribution. The majority of standard learning algorithms expect class 

distributions to be balanced or for costs of misclassification to be equal (He & Garcia 

2009). Then, if presented with an imbalanced dataset or the algorithm fail to represent 

the distribution of the data and accuracy of the model is impacted negatively. Therefore, 

imbalanced data must be addressed or the learning process will skew toward the 

majority class, placing less or even no emphasis on the minority class. Already 

problematic, this is worsened when the cost implication of misclassification is varied by 

class or instance. Method transformation and data transformation are the two primary 

strategies available to deal with imbalanced data (Galar et al. 2011). Method 

transformation adapts learning methods to enable them to handle imbalanced data 

directly. For instance, decision trees adopt a skew-insensitive splitting criterion (Cieslak 

& Chawla 2008). By contrast, data transformation seeks to create datasets that are 

balanced so that existing methods expected balanced distributions can be used without 

adaptation. Oversampling and undersampling are the two most common methods for 

obtaining a balanced dataset by varying the size of data of one particular class (He & 

Garcia 2009). Since useful information could be missed in undersampling, ensemble 

learning based methods have become popular recently. Both methods follow the same 

approach with the sampling of multiple subsets. However they differ in the function of 

the weighting mechanisms in the sampling process. (Chen, Liaw & Brieman 2004; Liu, 

Wu & Zhou 2009; Galar et al.2013).  

Cost-sensitive learning relates to the research challenge presented when the cost of 

misclassification is not equal (Elkan 2001). In the context of superannuation churn, cost 
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of misclassifying a churner as a non-churner is linked to the value of the customer. That 

is, while two customers may have the same likelihood of closing their account, if 

customer A has an account balance of $10,000 and customer B has an account balance 

of $100,000, then the cost of misclassifying customer B is ten times greater than the 

cost of misclassifying customer A. Research has shown that cost-sensitive learning and 

learning from imbalanced data are strongly connected. So much so that cost-sensitive 

techniques can be employed as an alternative to sampling methods for imbalanced 

learning scenarios (He & Garcia 2009). Obviously then cost-sensitive learning is related 

closely to imbalanced data and has been used as a weighting mechanism to make data 

balanced (Sun et al. 2007). As stated above, there could be a class-dependent cost or an 

instance-dependent cost. Rather than creating balanced datasets via different sampling 

strategies, cost-sensitive learning applies cost matrices that assign different costs to the 

misclassification of different data samples (Domingos 1999). The weighting of 

instances by their relevant cost is another method of accounting for the cost differential 

in the learning process (Zadrozny, Langford & Abe 2003). It can then be understood 

that the weighting of instances is an effective method for dealing with both imbalanced 

data and cost-sensitive learning issues. 

2.3.4. Supervised learning 

Supervised learning (or the interchangeable term classification) is a machine learning 

data mining task. Fundamentally it is the process of building a model that describes a 

class of data (Han, Kamber & Pei 2011). Critical for supervised learning are data 

objects of which the class labels are known (i.e. training data). Training data is used to 

construct the model. Then, once constructed, the model is applied to predict the class of 

the unlabelled data (commonly referred to as validation). A number of algorithms are 

available for constructing classification models including: decision tree, Support Vector 

Machines, Bayesian classification, and regression (Coenen 2011). The data mining 

process of classification is used for predicting categorical labels. On the other hand, 

regression is the data mining process by which numeric values are predicted. Keenly, 

Han, Kamber and Pei (2011) establish that prediction as a term refers to both numeric 

and class label prediction. Supervised learning is one of four methodologies of learning 

(Han, Kamber & Pei 2011). The others are unsupervised learning, semi-supervised 

learning, and active learning. Unsupervised learning is synonymous for clustering and 
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can be used as a means to identifying clusters in a set of data. For example Deetlefs et 

al. (2018) apply an unsupervised learning method to identify engagement clusters. 

Semi-supervised learning uses both labelled and unlabelled instances to define the 

model. Often this approach is applied when a small number of labelled instances are 

available. Active learning is a machine learning task where a human is engaged as a 

subject matter expert to assist with labelling of instances with which the model is 

learned. 

Supervised learning performance is usually assessed as a measure of accuracy (but can 

also be assessed based on the efficiency of the algorithm, or how well the model 

addresses challenges of complex data). But for accuracy as a measure of supervised 

learning, the observation for a prediction is that it is correct if it agrees with the actual 

class label of the case, or conversely is it incorrect if the prediction does not match the 

actual value of the case. Commonly applied methods of measuring the accuracy of a 

classifier include lift charts, ROC curve, and recall-precision curve (Witten et al. 2016). 

For numeric prediction, the model training techniques that works for classifiers (i.e. a 

separate test set of data, a hold-out sample, or cross-validation) also applies. However 

the method for determining the accuracy of the predictions are different and include but 

are not limited to mean-squared error, root mean-squared error, mean absolute error, 

and relative absolute error. Larose and Larose (2014) submit that mean-squared error is 

a common method for evaluating the accuracy of model estimation given its 

effectiveness in addressing both bias and variance. Therein it is important when 

constructing supervised learning models to understand the trade-off between variance 

and bias. Variance is the level of error for the model when run on the validation dataset, 

and bias being the level of error when run on the training dataset. Larose and Larose 

(2014) demonstrate that the ideal level of complexity (with respect to underfitting or 

overfitting) in a supervised learning model is at the point of the minimum error rate on 

the validation dataset.  

2.3.5. Data mining in superannuation 

Limited applications of data mining have been applied within the context of 

superannuation. In the least, few attempts to research superannuation through data 

mining have been published. This is attributable to three causes: i. A lack of access for 
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academic researchers to the requisite data; and ii. Absence of academic capability as the 

preeminent superannuation academics within Australia possess a background in 

economics and finance favouring data analysis rather than information technology and 

data science; and iii. The academics that possess the necessary skills to conduct data 

mining research have traditionally not been interested in the superannuation industry, 

instead preferring to focus elsewhere. Additionally, given the relative immaturity (as 

compared to retail, health, fast moving consumer goods, telecommunication, insurance 

or banking industries) and the resultant limited sophistication of any data science 

approach within many of Australia‟s superannuation funds it is unlikely that data 

mining has been conducted to any serious degree within industry either. 

Then with the understanding that data mining has been lightly applied, I address the few 

extant applications of data mining in superannuation research. In 2008, Huang et al. 

researched Support Vector Machines (SVMs) as a means to model financial literacy. 

They applied SVMs in three Australian use cases (credit cards, loans, and 

superannuation) in an attempt to identify if financial decisions could be used to model 

financial literacy. In the superannuation experiment, they concluded that SVMs 

achieved a significant result and outperformed a multi-layer back propagation approach. 

In summary they believed that the application of data mining to financial industry 

challenges had merit. No other academic papers applying data science can be identified 

in the literature until Chu et al. (2016) apply data mining to predict customer churn 

(account closure) in the setting of an Australian superannuation fund. They create 

Logistic Regression, Naïve Bayes, SVM, and Random Forest algorithms to estimate 

which customers are most likely to close their superannuation account. Various levels of 

accuracy are achieved, with Random Forest being the best performed with Chu et al. 

(2016) concluding that data mining has business value in superannuation. In 2017, Chu 

et al. expand upon their earlier application of data mining to the research problem of 

churn in superannuation. Here, they propose a method that enables the use of 

heterogeneous data, namely a mix of both static data and time series data. Their 

algorithm (TS-F) is based on an application of XGBoost and they find it outperforms 

boosted trees and Linear Regression for a number of evaluation metrics. Again the 

conclusion being that data mining has merit in superannuation. In 2018, Culbert et al. 

similarly applied data mining to predict customer churn. Within their research they echo 
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the view that data mining and machine learning has been rarely researched in the 

superannuation industry. For the purpose of performance comparison, they use a 

number of classifiers: decision tree, random forest, and XGBoost. For the purpose of 

benchmarking, they also estimate a logistic regression model. They identify best 

performance from the XGBoost model. Further they conclude that a simplistic approach 

such as logistic regression is somewhat ineffective for modelling churn in 

superannuation. They reach this assessment based on their evaluation that a logistic 

regression can only model linear relationships between independent and dependent 

variables, whilst tree based algorithms can work with more complex data relationships 

to model outputs. Deetlefs et al. (2018) applied unsupervised learning cluster analysis to 

dimensions of interest and trust to achieve the segmentation of UniSuper 

superannuation customers into five categories of engagement. Once segmented, they 

then run rudimentary logistic regressions to attempt to estimate engagement behaviours. 

They succeed only in identifying basic observations without achieving any significant 

development in understanding of superannuation engagement. Vo et al. (2018) maintain 

focus on the theme of customer churn. Differently though, they complement the use of 

structured data by also utilising the unstructured data of call logs (the transcripts of calls 

from the customer to the call centre of the superannuation fund). Text mining 

approaches of Semantic Information, Word Importance, and Word Embedding are 

employed to create the text features, with XGBoost employed as the classifier for the 

prediction model. The outcome of the research claimed by Vo et al. (2018) is that in 

comparison to existing churn models, being able to use the unstructured text data 

enhanced the accuracy of the churn prediction by more than 5%. In summary, it can be 

understood that firstly, there are applications for data mining in superannuation. 

Secondly, the volume of extant research to apply data mining to superannuation is 

scarce. 

2.3.6. Data mining for acquisition (direct / customer marketing) 

Modelling acquisition behaviours and how they can be influenced by marketing is 

imperative for effective customer management (Oblander et al. 2019). To that effect, the 

development of data mining tools and technologies delivered new opportunities to 

understand the customer and to conceive innovative ways to form relationships 

(Rygielski, Wang & Yen 2002). In particular, such technological advances gave way to 
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concepts such as one-to-one marketing that imagined tailored personalisation of the 

right offer being made to the right person at the right time. More recently, the focus has 

shifted from the progress of new methodologies to leveraging new sources of data that 

hold more predictive insight than simple and traditional demographics (Bijmolt et al. 

2010). Such sources of include unstructured data resulting from an uptick of consumer 

online and social activity. Oblander et al. (2019) speculate that insights generated by 

machine learning from new sources of data (as distinguished from new machine 

learning methodologies) will be a key growth area for understanding the acquisition 

behaviour of customers in the near future. Within the setting of Australian 

superannuation, and in the context of SE, given the importance of dimensions such as 

social, it is highly likely than an understanding of social networks will be a future 

research horizon to better understand SE and its construct. Other research horizons 

identified in the literature for the application of data mining to customer acquisition 

include predicting consumers‟ likelihood of engaging in co-creation activities, and 

agent-based simulation models for their likely aptitude in observing and measuring the 

critical consumer behaviour of word of mouth (Bijmolt et al. 2010). 

Customer acquisition in the Australian superannuation industry is poorly understood 

beyond anecdotal musings. Little is understood from a perspective of rigorous academic 

research as to the causal factors for superannuation customer acquisition. 

2.3.7. Data mining for churn prediction 

Customer churn as an area of focus occurred in the late 1990s and early 2000s (Ascarza 

2018). Arising from the field of marketing with a genesis in customer relationship 

marketing, the initial research of churn focused on understanding the drivers of 

retention: quality of service, and customer satisfaction. The retention of customers can 

be seen as the 3rd of three dimensions in the context of a customer engagement strategy 

(Bijmolt et al. 2010). Ascarza (2018) provides a classification of three approaches to the 

reduction of churn: i. Proactive – the focus of our research which is the identification of 

the customers most likely to churn; ii. Reactive – at the point of churning the customer 

is encouraged to remain with the company; and iii. Untargeted – the drivers of churn are 

a focus for improvement within the business and therein for all customers not just those 



 

49 

 

with highest likelihood of churn (e.g. improving service to reduce general likelihood of 

attrition). 

The prediction of churn can be viewed as the best manner to approach the retention of 

customers at risk of churning. This view is driven by two underlying factors. Firstly, 

predicting the customers most likely to churn allows resources and capital to be 

allocated sparingly. Secondly, effective identification allows time to intervene and 

change the outcome. Contrastingly, a reactive approach to reducing churn can often 

occur at a point in time too late to change the decision of the customer. Equally, an 

untargeted approach can be costly or ineffective as it is often too general to make a 

difference. Then, the key for proactive churn programs is to be precise in the 

identification of which customers should be targeted (Ascarza 2018; Bijmolt et al. 

2010). As a result, the methods utilised to identify at risk customers are under close 

scrutiny and focus for development. These include classification and prediction tools 

such as decision trees, bagging, boosting, and random forests as well as neural network, 

support vector machines, and logistic regression in various applications and settings that 

include telecommunication, insurance, banking, retailing, travel, manufacturing and 

health. Additionally, research has also investigated the cost of attrition. To explain, even 

if the likelihood of two customers churning is equal, it is probable that the cost to the 

business of one customer churning is different to the cost of the other customer 

churning. As an example, within the superannuation context, where revenue for the 

business may be calculated as a percentage of the monetary balance of the account 

rather than a flat fee irrespective of account balance, the cost of the customer with the 

higher balance closing their account is greater and should therefore demand a higher 

priority for any retention initiative. Existing research for varying cost of churn has 

historically addressed cost on the basis of class or instance (Zhang & Zhou 2009). The 

cost of churn prediction in the superannuation industry belongs to neither. The cost is a 

hybrid of class and instance dependent cost and I am unaware of any extant approaches 

to deal with this particular issue. 

Ascarza et al. (2018) expound that 85% of customers claim businesses could do more to 

retain them which suggests companies are not excelling at approaches to retention. With 

that in mind, a historically neglected but now a more active research topic (Ascarza 

2018), the next horizon for the research of churn is the challenge of response modelling: 
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which customers are most likely to respond positively (or negatively) to the actions of 

the business. If a business understands not only who is most likely to churn, but also 

how they are likely to respond, improved outcomes for churn programs are achievable 

for with respect to both cost to conduct the program, and reduced churn rates. Ascarza 

(2018) uniquely tests the relationship between customers based on their likelihood of 

churning and the effectiveness of retention interventions. In her research, Ascarza 

conducts two real world experiments and concludes that approaches based upon 

response modelling rather than churn prediction achieve improved results. In the first 

experiment, the response modelling approach achieved a 6.0% reduction in churn 

compared to a 1.9% reduction based on churn prediction. In the second experiment, the 

response modelling approach achieved a 4.3% reduction in churn while alarmingly the 

churn prediction approach failed to reduce churn and in fact increased churn by 4.4%. 

Emphatically, even only based upon this limited research, greater investigation of which 

customers should be targeted for retention is warranted at least at the expense of 

continued research on infinitesimal improvement to existing churn prediction 

approaches. Finally, with respect to future directions of customer retention 

management, Ascarza et al. (2018) identify that valid approaches warranting academic 

investigation include the design of reactive campaigns, who is at risk, why churners are 

at risk, who should be targeted for retention, what incentives should be applied, when 

interactions should be employed, the measurement of churn, the usage of improved 

data, multiple campaign management, and the strategic integration of retention into the 

strategic planning and allocation of resources. Congruently, Bijmolt et al. (2010) 

identify retention as a pillar of a CE strategy and with an eye to the future of churn in 

the context of CE; they envisage future approaches that are more holistic of the 

ecosystem of CE and the impact on churn. This suggests both a prescriptive analytics 

approach and an approach that utilises additional and more complex data. For instance, 

the suggestion of Bijmolt et al. (2010) may mean the application of time dependent 

variables representative of varying states of engagement. Such models may be produced 

from a data driven methodologies such as a time-varying coefficient model, or hidden 

Markov model, or a dynamic linear model. 

Ascarza (2018) echo the sentiments of many scholars and industry practitioners in 

stating the obvious importance to a business of managing attrition. Her research though 
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is unique in thinking, as it challenges the common practice of identifying and targeting 

the customers who are most likely to churn. In contrast Ascarza (2018) contends that the 

focus of the business, the application of prediction should be to identify those customers 

most likely to be influenced by being targeted by an organisation. Such thinking stands 

to reason. That is, if an individual is identified via a sophisticated and highly accurate 

data mining approach as going to churn, it makes sense that targeting them would have 

little impact as they have such high probability to churn. Instead, it would make sense 

for the business to instead focus their effort and their resources on identifying the 

customers with the “highest sensitivity to the intervention.” (Ascarza 2018, p.1). 

Ascarza (2018) demonstrates in her research that a customers‟ likelihood of churning is 

not correlated to their sensitivity to a retention intervention. 

In summary, the application of data mining for the prediction of churn has been heavily 

applied in a multitude of industries, but regardless, opportunity remains for 

improvement both in terms of approach and outcomes. 

2.3.8. Data mining for customer engagement 

Okazaki et al. (2015) applied data mining using tweets about the company IKEA in 

order to research CE. Active learning was employed in creating the labels for the 

classification model which utilised a multitude of algorithms: Naïve Bayes, K-nearest 

neighbour, support vector machine, decision trees, and artificial neural networks. Their 

research serves to highlight the linkage between customers‟ emotional state and their 

sharing of favourable experiences within their social networks. Such research is an 

excellent illustration of the opportunities that exist in both datasets and in new ways to 

understand customers and their behaviour. Most recently, Deetlefs et al. (2018) 

employed an unsupervised learning (clustering) approach to the challenge of identifying 

CE classes that were based upon attitudes of interest and trust. Subsequently, they 

created a logistic regression model to predict SE behaviours and concluded that an 

understanding of interest and trust is meaningful for SE. Also recently, Bateman et al. 

(2019) employed a data driven approach to defining a regression model to understand 

how taking out a mortgage is interrelated with SE. Their conclusion was that CE 

activities with products outside of Superannuation could be predictive of SE. Such a 

finding challenges both industry and academia to strive for greater understanding of 
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customers through innovative use of data and application of techniques. Despite that, 

these three approaches are some of the very few to have applied data mining in the 

context of CE. Bijmolt et al. (2010) do not conduct practical or theoretical research, 

rather they speculate about conceptual applications of data mining to the research 

challenge of modelling CE. They believe that CE, once modelled, will enable the 

conversation to move beyond customer transactions to behavioural manifestations other 

than purchases. Bijmolt et al. (2010) cite numerous methodologies to model CE that 

include linear regression, CHAID, hidden Markov model, neural networks, fuzzy 

inference engine, support vector machine, and agent-based modelling. They deem the 

application of these methodologies could be applied to understand CE behaviour such 

as referrals, or variance in customer behaviour from different acquisition channels. 

Additionally Bijmolt et al. (2010) discuss barriers to implementing data driven 

applications for understanding and modifying CE. There, they list issues such as data 

size, quality, and complexity, but also profoundly the usability of the results in that the 

findings may be too complex to be adopted into the process of the company. 

Kunz et al. (2017) assess that the research of CE has focused on the benefits that can be 

achieved for business through increased engagement of customers. It is their view that 

such blinkered focus has mostly ignored the customers‟ perspective. In response, in 

their research, believing that data mining can play a significant role in evolving a deeper 

understanding of CE, they propose a value creation framework founded in data driven 

customer engagement. Kunz et al. (2017) consider that the collection, management, and 

interpretation of data related to CE is a formidable, but conquerable challenge. The 

value is created (for the customer and the business) as a result of synergy between the 

strategic application of business resources to the task of understanding (and in turn 

delivering upon) the customers‟ motives, their context, and their engagement 

preferences: how, why, what, where, when. Such understanding may only be achieved 

through data driven approaches. Without argument, the concept of value creation as a 

means to achieving mutually beneficial outcomes is timely in the context of Australian 

superannuation. Following closely on the Royal Commission (Hayne 2018), where 

superannuation funds were portrayed as being overly focused on the outcomes of the 

business, it is obvious that more needs to be done by superannuation funds to ensure 

that they are meeting the needs of the customers. To achieve true value creation 



 

53 

 

(Prahalad & Ramaswamy, 2004), it is clear that customers will need to able to play a 

more active role in determining the products, service, and experiences being produced 

by Australian superannuation funds. 

 

2.4. Summary 

The extant research demonstrates that despite an increasing amount of research having 

been conducted in the past decade, CE remains a difficult construct to define. It is likely 

that the dual challenge of defining the CE construct and obtaining appropriate access to 

customers explains why this has been a lightly researched field for academics. Then in 

the specific context of Australian superannuation, it is evident that SE is poorly 

researched and the resulting existing understanding of SE is best described as broad 

generalisations based upon limited research. It is also evident from the literature review 

that consensus exists for the value of CE as a means of observing customers and their 

behaviour. Within the Australian superannuation setting, the extant research states that 

firstly, the majority of Australians are disengaged with their superannuation. Secondly, 

this indifference is resulting in a significant number of Australians creating a retirement 

benefit that will neither afford them a comfortable retirement, nor last the length of their 

retirement. This current failing of superannuation is then placing undue pressure on the 

federal tax system, and is creating sub-optimal retirements for Australians. 

To date, research to quantify engagement in any field is only lightly researched, but in 

particular, research into the indicators and drivers of superannuation engagement has 

been unsophisticated resulting in achieving only general characterisations about the 

factors that might determine and indicate engagement. Often throughout the literature, 

conclusions are of limited practical use as they are so vague in their findings. Likely this 

lack of precision is a result of the use of a combination of small samples, qualitative 

methods, and shallow analysis techniques. It is probable that if an effective 

categorisation of customer engagement in superannuation can be documented, it would 

include a combination of multiple factors analysed by data mining techniques. They 

may include attributes that are time-based, are not binary or static, but that perform 

differently in different situations or sequences. Understanding the relationships between 
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such a large number and variety of factors is an ideal application for data mining. It has 

repeatedly proven to be successful at discerning patterns and creating knowledge in an 

array of challenging data and business settings. Significant opportunity and justification 

exists to apply data mining to conduct novel research into customer engagement in 

superannuation so that improved retirement outcomes may be achieved. 

The intent of this research is to apply data mining techniques and approaches to create a 

quantitative representation of an individual‟s level of superannuation engagement and 

their associated activities of acquisition and churn. The research seeks to illustrate 

variance between individual‟s levels of superannuation engagement, and variance of an 

individual‟s level of superannuation engagement over time. For the purpose of this 

research, the CE definition of Hollebeek (2011) will be the conceptual foundation that 

CE is a state of mind. Transacting may well be the behavioural representation of CE 

that can be observed by the service organisation, but it is not CE itself and as such 

features representing the other dimensions of CE will be required. This representation 

will be created through a number of data points that include behavioural, 

psychological/cognitive, emotional, and social attributes. In this research, I am not 

seeking to demonstrate the factors that are driving the level of superannuation 

engagement, nor am I seeking to demonstrate the impact upon outcomes for the 

investor; that result will need to follow at a later date. In terms of further research 

opportunities, the work of Vivek et al. (2014) asserts that “CE should produce several 

relational outcomes, such as trust, commitment, connection, value perceptions, loyalty, 

WOM activity, affective commitment, and brand-community involvement”. Whilst 

there is merit in observing and measuring the linkage between CE levels and outcomes, 

particularly within the setting of superannuation and superannuation engagement, that 

research is outside the scope of this study. Lastly, the balance of the literature is heavily 

weighted to a concept of positive outcomes resulting from increased CE. However in 

some limited instances (e.g. Brodie et al. 2011) the possibility that increased 

engagement might drive negative outcomes is considered albeit it lightly. Irrespective, 

our research is focused on applying data mining techniques and methodology to 

demonstrate that superannuation engagement can be quantified rather than upon the 

outcomes that result from differing levels of engagement. 
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3. Research Methodology 

This section introduces the methodologies and approaches applied in this research that 

are covered in detail respectively in sections 4-7. 

A range of issues related to data mining and SE will be addressed through this research 

in a number of tasks. Foundational to accomplishing those tasks is the involvement of a 

superannuation fund. Only through collaboration with a superannuation fund will the 

necessary access be available to superannuation customers and their data. Colonial First 

State (CFS) is a superannuation provider owned by the Commonwealth Bank of 

Australia. With $87bn in superannuation funds under management, CFS is the 7th 

largest superannuation provider in Australia (APRA 2019). More than 1,000,000 

Australian workers have a superannuation account with CFS. As detailed previously, a 

relationship has been established by researchers such as Burnett et al. (2014) and 

Gerrans et al. (2015) linking low investor superannuation engagement with poor 

retirement longevity and adequacy outcomes. As such, CFS has a social responsibility 

and a vested interest in increased levels of investor superannuation engagement. A 

measure of superannuation engagement would allow CFS to target low engagement for 

improvement with an end goal of enhancing customer retirement outcomes. 

Consequently, CFS is making their data and customers available for this research. 

The extant research on investor engagement in superannuation has been restricted to 

small scale surveys, focus groups, and to the statistical analysis of cross-sectional data. 

Simply, the absence of deeper, more sophisticated approaches can be attributed to two 

causes. Firstly, researchers have limited access to data held by superannuation funds. 

Such data includes longitudinal information of investor transactions and interactions 

and without it data mining cannot reasonably be conducted. Secondly, researchers have 

limited access to superannuation investors. Access to customers is important as it is 

only through investigative interaction with the fund members that class labels can be 

created. Additionally, access to customers is required to obtain critically discriminative 

cognitive, emotional, or social data features that will be coalesced with fund held 

behavioural data. Issues and approaches for this research relating to obtaining, 

managing, and analysing data have been grouped into six subsections as follows: 3.1 

Conducting a survey of superannuation fund customers; 3.2 Obtaining and integrating 
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data from multiple sources; 3.3 Creation of class labels; 3.4 Addressing imbalanced 

data; 3.5 Characterising and extracting features that determine levels of engagement; 

and 3.6 Prediction of superannuation engagement levels. 

 

3.1. Conducting a survey of superannuation fund customers 

A survey to suit our purpose of quantifying, classifying, and describing SE does not 

exist. Similarly class labels for the data driven process for the prediction of SE do not 

exist. As a result I will need to develop and apply the most comprehensive and wide 

reaching SE survey conducted in Australia. This online survey of CFS customers will 

enable two outcomes. Firstly, the novel quantitative measurement of SE. The associated 

analysis and characterisation of SE will utilise data features representative of the four 

Customer Engagement (CE) dimensions (behavioural, cognitive, emotional, and social). 

The features to support these dimensions will be derived from the survey data 

(responses) and from the data provided by CFS (demographics, account, interaction, 

and transactions). Secondly, the survey will also facilitate the creation of a dependent 

variable for the class labels to be used in the data mining supervised learning process 

that will predict levels of SE. 

The survey will originate from the research of Agnew, Bateman and Thorp (2012), and 

Ali et al. (2015) but in the retail setting of CFS rather than an employer fund, with 

unique questions, measurement scale, and with substantially more customers. As online 

surveys are reliant on self-reported responses of critical variables they are susceptible to 

erroneous responses. The research of Couper (2000) and Wright (2005) provides 

guidance on questionnaire design to alleviate such issues and elicit more true responses. 

Still though, to assess quality the responses will be corroborated against expected values 

from observable interactions within the fund held data. The survey will be comprised of 

12 questions that can be placed into three themes. The first seven questions are intended 

to ascertain information about customer awareness, and interest in superannuation; the 

next four questions obtain responses to assess a customer‟s level of superannuation 

knowledge; and the final question is an instructional manipulation check (Oppenheimer, 

Meyvis & Davidenko 2009) intended to identify more genuine responses. Additionally, 

a further 15 questions will be asked to obtain information about the education, 
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employment, marital status, and other socio-economic and demographics that may be 

used to analyse and understand SE. Importantly, the matching of the survey responses to 

the demographics and behaviours of those customers in their superannuation fund 

allows for a unique view and advancement of the field of research beyond espoused 

theories to theories in use. 

 

3.2. Obtaining and integrating data from multiple sources 

To complete the research of this thesis, and to produce the highest quality prediction of 

SE, multiple sources of data concerning various entities from heterogeneous sources 

need to be integrated to form a complete view of customers. In addition to the task to 

capture the survey responses and match them back to the CFS customer, integration of 

other primary data sources comprising thousands of variables is required. Then the 

research will quickly move to data linkage and integration of multiple databases that 

define SE and its related variables and features. These include but are not limited to 

demographics (e.g. gender, age), account information (e.g. account open date, balance, 

number of investment options), transactions (e.g. making a contribution), and 

discretionary behavioural interactions (e.g. changing investment options, calling the 

contact centre of the fund, logging onto the customer internet portal). 

Depending on the variable, the data from CFS is either a cross-sectional snapshot of the 

fund members, or as a 6-monthly time series. For the longitudinal data, the values 

provided date from January 2013 to June 2019. To amalgamate such large and diverse 

data into a single integrated dataset is a substantial challenge. All of this data is valuable 

on its own, but it is advisable that all related data be coalesced to acquire a more 

comprehensive understanding of customers. Challengingly though, data from multiple 

sources is generally heterogeneous and formatted differently, thus cannot be integrated 

directly without appropriate transformation (Zheng 2015). Therefore, a significant 

research issue is how to transform and integrate data to provide a comprehensive and 

informative view of investors, in a manner that paves the way for further analysis. 

3.3. Creation of class labels 
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Labels for SE classes do not currently exist. Through the online survey (refer to 3.1) I 

intend to obtain information that will allow us to create SE class labels. Essentially, 

responses to the survey for questions pertaining to SE will be converted through a 

numerical scale. To ensure each answer carries the same weighting, the resultant scores 

will then be transformed using a normalisation function. Once normalised, the scores 

will be aggregated to create a novel score of SE for each respondent. Using such an 

approach will allow class labels to be attached to all survey respondents and to their 

associated data held by CFS. In turn, aside from allowing for analysis and 

characterisation of the SE of the survey respondents, these calculated class labels will be 

applied in 3.6 when SE values are predicted for the remainder of the customers in the 

fund. Depending on the response rate of the survey, it is still likely that only few 

customers will have a SE label. One way in which I may address the lack of class labels 

on which to train our models may be to consider transfer learning (Weiss, Khoshgoftaar 

& Wang 2016). This approach is suitable where there is limited labelled data meaning a 

small training set is sufficient to significantly improve model performance. 

 

3.4. Addressing imbalanced data 

It is likely based on both the common superannuation industry view, and the extant 

academic literature, a minority of superannuation customers will be engaged. If so, the 

dataset of class labels calculated in 3.3 will be imbalanced being biased heavily toward 

disengaged customers. Learning on imbalanced data is a common classification problem 

(Liu, Wu & Zhou 2009) yet many algorithms are ineffective when faced with such a 

challenge. The techniques of dealing with imbalanced data will be researched and 

incorporated into ensemble learning to make the models more capable of dealing with 

imbalanced data. 

Imbalanced data needs to be addressed else the learning process will overly focus on the 

majority class, ignoring the minority class. Two principal approaches can be applied to 

deal with imbalanced data, i.e., method transformation and data transformation (Galar et 

al. 2011). Method transformation adapts learning methods to handle imbalanced data 

directly. Conversely data transformation adapts the data so existing learning methods 

can be applied without adaptation. Ensemble learning based methods are preferred more 
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recently as a solution to the loss of useful information in more traditional undersampling 

approaches (He & Garcia 2009). Ensemble methods follow the same pattern in which 

multiple subsets are sampled, but differ from each other in terms of weighting 

mechanisms in the sampling process (Chen, Liaw & Brieman 2004; Liu, Wu & Zhou 

2009; Galar et al.2013). Motivated by the EasyEnsemble method (Liu, Wu & Zhou 

2009), our technique should adopt the ensemble learning approach to create balanced 

subsets and to utilise all available data. 

Costs in existing approaches are either instance-dependent or class-dependent (Zhang & 

Zhou 2009). Challengingly, the cost of churn or engagement in superannuation belongs 

to neither. On one hand, the cost of an incorrect prediction for a churner should be 

proportional to the account balance making the cost instance-dependent. Alternatively, 

incorrect predictions for non-churners could be the same loss (irrespective of account 

balance), which is less than the loss associated with any churner, making these costs 

class-dependent. As a result, cost in this setting is a mix of class and instance. A novel 

approach is required to solve these issues. Our solution is based on ensemble learning 

and a unique approach to sampling as detailed in section 4. 

 

3.5. Characterising and extracting features that determine levels of 
engagement 

Given that the behavioural dimension is critical to understanding and representing levels 

of customer engagement, these CFS data that are full of behavioural attributes is of 

crucial importance to the measurement of SE and the success of this research. Then the 

main task to characterise and extract features that determine SE is to define attributes 

and features so that they can be input for analysis. This will include the representation 

of simple and complex engagement behaviours. Domain knowledge is a critical input 

for this task given a good understanding of the context for the data is informative to 

discovering underlying data driven patterns more easily. This is important as with 

respect to the issue of investor SE, it is already challenging to appropriately define a set 

of features that characterise and represent investor engagement due firstly to the 

available original data comprises thousands of features about the investors, and most of 

them are likely irrelevant or of poor quality. Through assumptions and domain 
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knowledge, the most significant features must be identified. Secondly, the original 

features require further transformation to be more discriminative.  For example, cross 

features created by combining several original features may be more predictive than 

individual attributes. 

Then, five types of features should be extracted: i. Customer demographics – such as 

age, and gender; ii. Customer behaviour – past behaviours or interactions with CFS 

likely possesses meaningful information about a customer‟s future behaviour. Features 

typical of this type include call frequency, and online access frequency; iii. Account – 

includes two types of features; the first relates to an account's current status, such as 

tenure and balance. The second describes historical change for an account, e.g. balance 

change, and option change; iv. Fund performance – what is the performance of the 

customer‟s account in terms of return on their investment in the past 12 months, e.g. 

fund return; v.  Financial adviser – by looking at the detail and activity of the customers 

associated with them, features can be inferred for the adviser, e.g. number of churn 

customers, and average fund return. As a result, more than 125 features will be defined 

with every customer having a final feature vector that is the combination of the above 5 

feature types. 

Existing feature selection techniques such as filter, wrap, and embedded method, and 

also the classical feature importance measure like chi-square, information gain (Guyon 

& Elisseeff 2003), will be investigated and used to form the baseline for comparing with 

other new techniques. Due to the large dimensionality of our data, I plan to research 

how to use low-rank theory and models such as PCA and matrix decomposition to map 

original data into a low-dimensional space without losing much information. To design 

more discriminative features, I plan to use pattern mining techniques (Han et al. 2007; 

Zheng et al. 2015) with other models such as gradient boost to learn the patterns as 

cross features. 

 

3.6. Prediction of superannuation engagement levels 

Once the features of SE have been defined, the final research issue will be to calculate 

SE levels for both individual investors and the overall superannuation fund. This task 

will require time series analysis so that the change in engagement level can be observed 
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at both the customer level and the macro fund level. To achieve this, it will be critical in 

step 3.2 that data is obtained over a number of years. Additionally, this task will entail 

the application of suitable data mining algorithms and performance measures to ensure 

that the SE predictions are meaningful and able to be reproduced both efficiently and in 

a timely manner. Values from the online customer survey will be critical to the training 

and the assessment of the model for predicting levels of SE. the main difficulty of this 

task will come from having so few instances of class labels, and also from likely class-

imbalance given it is expected that so many customers will have low SE. 

The survey introduced in 3.1 quantifies SE for respondents to the survey. Then a 

process can be created to measure the SE of survey respondents, it is not practical or 

achievable to obtain the necessary responses from every customer to quantify SE for all 

fund members. As a result, to measure SE for all members, knowledge in the survey 

data must be extracted and generalised. In this work, I hypothesise that demographic, 

transaction, and interaction information can be used as a proxy to transfer the 

knowledge from surveyed members to all other members. Specifically, I propose to 

employ machine learning algorithms to create a SE prediction model supervised by the 

survey data. The resultant classification model will be applied to quantify SE for all 

members of the fund who are not surveyed or did not respond to the survey. 

Predictive models like logistic regression and neural networks may be investigated to 

understand SE. Besides the classical models, ensemble learning models like random 

forest and boosting have been widely used in practice and show good performance 

(Breiman 2001). Random forest is a type of machine learning technique composed of 

random decision trees that are an ensemble learning method for classification, 

regression and other tasks. They operate by constructing a multitude of decision trees at 

training time and outputting the class that is the mode of the classes (classification) or 

mean prediction (regression) of the individual trees. Random forests are able to address 

the decision trees habit of overfitting to their training set. Gradient boosting machine 

(Chen & Guestrin 2016) can be used to learn the classifiers to improve the performance 

further. These models will be given more priority in the research while focusing on how 

to ensure the ensemble learning addresses the research issues of class imbalance, limited 

class labels, and cost-sensitivity.  
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4. Cost-sensitive Churn Prediction in Superannuation 

Brownlow, J., Chu, C., Fu, B., Xu, G., Culbert, B. & Meng, Q. 2018, 'Cost-Sensitive 

Churn Prediction in Fund Management Services', International Conference on 

Database Systems for Advanced Applications, Springer, pp. 776-88. 

 

4.1. Criticality to the Thesis 

In the context of the doctoral research, data driven understanding of customer churn is a 

critical enabler for customer management (Buttle 2004) in superannuation where a 

customer‟s lifecycle can extend beyond 50 years. Additionally, churn is an opportunity 

to address challenges with imbalanced data. 

 

4.2. Introduction 

Fund management services refer to the institutions that help customers achieve their 

wealth goals by providing them with a range of investment options, i.e. funds. Since a 

customer could have an investment of thousands or even millions of dollars, it is vital 

for them to retain their valuable customers. To this end, a practical approach is to 

predict which customers would quit, (i.e., churners) as soon as possible, then a retention 

campaign which targets these potential churners could be launched. Churn prediction 

can be viewed as a binary classification task, which is one of the fundamental concepts 

in data mining. Basically, a set of customers classified as churner or non-churner aka a 

training set is used to learn a predictive model, which is used to predict churn 

probabilities of customers whose classes are unknown. Nowadays, churn prediction is 

receiving increasing attention from both academia and industry. A multitude of methods 

such as boosting (Lu et al. 2014), random forest (Chen, Liaw & Brieman 2004), and 

neural network (Ismail et al. 2015) have already been investigated and employed for 

churn prediction in various applications, including telecommunication (Lu et al. 2014; 

Huang et al. 2015), online community (Rowe 2013), and social game (Runge et al. 

2014), and so forth. 
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Despite these achievements in other industries, the superannuation industry has its own 

particular challenges, meaning that existing methods cannot be employed directly. One 

is that superannuation data is even more imbalanced compared with other industries. 

Sampling techniques like undersampling are commonly used to cope with this issue (He 

& Garcia 2009). However, how to sample a set of informative and diverse subsets still 

needs further investigation. Another major challenge is that a unique cost-sensitive 

problem is presented. Costs in existing applications are either class-dependent or 

instance-dependent (Zhang & Zhou 2009). However, the cost of churn prediction in the 

financial industry belongs to neither of them. On one hand, costs of wrong predictions 

for churners should be proportional to their account balance, so these costs are instance-

dependent. On the other hand, wrong predictions for non-churners could be the same 

loss which should be less than the loss associated with any churner, so these costs are 

class-dependent. Thus the cost here actually is a hybrid of class-dependent cost and 

instance-dependent cost. To our knowledge, there are few approaches for dealing with 

this special type of cost at the moment. 

To tackle these challenges, I propose a novel approach based on ensemble learning for 

churn prediction in this paper. Specifically, multiple balanced sub-sets are sampled from 

the original dataset; multiple classifiers are then learnt and combined using these 

subsets. Although similar paradigms have been used by Chen, Liaw and Brieman 

(2004), as well as Liu, Wu and Zhou (2009), I introduce a new sampling strategy that 

consists of two separate sampling steps with different weighting mechanisms for two 

classes respectively. The advantages of our approach include: (1) this novel sampling 

strategy uses different weighting mechanisms for different classes, thus the special cost-

sensitive issue can be handled properly; (2) sizes of the subsets are determined 

randomly, so they are varied instead of the Liu, Wu and Zhou (2009) approach where 

they are fixed; this additional randomness could increase the diversity of classifiers and 

achieve better performance accordingly. Gradient boosting machine (Chen & Guestrin 

2016) is used in our approach to learn the classifiers to improve the performance 

further. To summarize, this paper makes the following three main contributions. (1) A 

new weighting mechanism and sampling strategy is proposed to deal with the 

imbalanced data and special cost-sensitive problem. (2) The concrete process of how 

this approach has been deployed in real production is introduced. (3) Extensive 

experiments with real-world data have been conducted to validate the effectiveness of 
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our approach. The rest of this paper is organised as follows: Section 4.2.1 and 4.2.2 

previews related work. Section 4.3 gives the notations used throughout this paper as 

well as a formal formulation of the learning task. Section 4.4 introduces the specific 

implementation of our proposed model in the real scenario. Section 4.5, 4.6, and 4.7 

present the experiment and the results, followed by conclusions in Section 4.8. 

4.2.1. Churn Prediction 

Over the last decade, churn prediction has been applied in various fields, e.g. 

telecommunication, social networks, and mobile application (Huang et al. 2015; Runge 

et al. 2014; Rothenbuehler et al. 2015). In most cases, it is solved as a classification 

problem through learning a predictive model using a set of customers whose classes are 

known. A customer is usually represented as a vector of features, and the relationship 

between a customer's features and class could be captured by the model. Generally, 

there are two keys to learn a good model, one is how to define a set of discriminative 

features that could cover underlying factors, and the other is how to determine the form 

of model that is suitable for current data. Every particular application has its distinctive 

data from which features can be derived. For example, business data and operation data 

are exploited in the telecom industry (Huang et al. 2015), question and comment data 

are analysed in online question answering services (Dror et al. 2012), etc. Although 

each application has its unique features, existing classification methods can be used in 

these applications commonly. Popular methods such as boosting, random forest and 

logistic regression have already been employed (Lu et al. 2014; Huang et al. 2015; Dror 

et al. 2012), and a comprehensive review of methods used in the telecom industry is 

also given by Mahajan, Misra and Mahajan (2015). 

4.2.2. Imbalanced Data and Cost-Sensitive Learning 

Imbalanced data must be carefully handled otherwise the learning process will be 

skewed towards the majority class while the minority class is ignored. Two primary 

strategies can be employed to cope with imbalanced data, i.e., method transformation 

and data transformation (Galar et al. 2011). The former adapts learning methods to 

enable them to handle imbalanced data directly. For instance, a skew-insensitive 

splitting criterion is adopted in decision tree (Cieslak & Chawla 2008). By contrast, the 

latter aims to obtain balanced datasets, so existing methods can be used without 

adaptation. For example, oversampling and undersampling techniques obtain balanced 
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data via varying the size of data of one particular class (He & Garcia 2009). Since 

useful information could be missed in undersampling, ensemble learning based methods 

have become popular recently. These methods follow the same paradigm in which 

multiple subsets are sampled, but differ from each other in terms of weighting 

mechanisms in the sampling process (Chen, Liaw & Brieman 2004; Liu, Wu & Zhou 

2009; Galar et al.2013). Cost-sensitive learning is closely related to imbalanced data 

and has been used as a weighting mechanism to make data balanced (Sun et al. 2007). 

As stated above, there could be a class-dependent cost or an instance-dependent cost. A 

classical strategy of dealing with class-dependent cost is to define a cost matrix and 

determine predictions using Bayes optimal rule (Domingos 1999). In addition, 

weighting instances according to their relevant costs is another typical strategy of 

encoding costs into the learning process (Zadrozny, Langford & Abe 2003). From 

aforementioned work, it can be observed that assigning appropriate weights to instances 

is a critical way of dealing with imbalanced data as well as the cost-sensitive learning 

issue. Inspired by the EasyEnsemble method (Liu, Wu & Zhou 2009), our approach also 

adopts the ensemble learning paradigm to obtain balanced subsets as well as take full 

advantage of available data. The key difference is that a novel weighting mechanism 

based on customers' balance is designed in our approach to handle the special cost-

sensitive issue. 

 

4.3. Problem Formulation 

Let   *(    )+    | | be a dataset of minority class in which  i denotes the ith 

customer whose class is 1, i.e. churner. Similarly, let   *(    )+    | | be a 

dataset of majority class in which every customer  i' class is 0, i.e. non-churner. The 

size of N should be considerably larger than the size of P, i.e. | |  | |. A customer   

is represented as a feature vector   (          ), and these features could be 

demographic information and behavioural patterns extracted from historical 

transactions. The task of classification is to learn a predictive model   based on a 

training set      . Essentially, a model   is a function that establishes a mapping 

from instance space to class space as shown in Equation 1: 
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 ( )      *   + 
Equation 1 

 

Given an instance     is the class predicted for it by  . The output   could also be a real 

value  (     ) which indicates the probability of    . In order to learn a good 

model, aforementioned imbalanced data and the cost-sensitive learning issue must be 

handled properly. An effective strategy to handle imbalanced data is undersampling. 

Specifically, a subset    is sampled from  , and a model is then learnt based on training 

set        . Usually we choose |  |  | |, so    is balanced. One issue of 

undersampling is that the majority of   is excluded, resulting in much useful 

information being unexploited. Hence, recent methods often follow the paradigm of 

integrating ensemble learning with sampling as shown in Algorithm 1: 

 

 
 

In Algorithm 1, every classifier    is learnt using a balanced dataset   , and   is fully 

exploited through multiple samplings. Methods that follow this paradigm differ mainly 

on: (1) how to set the weights of instances in   and  , (2) the size of    and   , and (3) 

the method used to learn classifiers. For example, in the EasyEnsemble method,    is 

sampled evenly from   with every instance having the same weight,    is simply set as 

  so that |  |  |  |  | |, and AdaBoost (Liu, Wu & Zhou 2009) is used to learn 

classifiers. Our approach also adopts this paradigm, and the remaining problem is how 

to design weighting mechanisms, determine sizes of subsets, and combine multiple 

classifiers to deal with the special cost-sensitive issue. The solution is introduced in 

following section. 
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4.4. Model Design and Implementation 

In this section, our proposed approach is introduced. In particular, the framework and 

steps of its implementation in practice are also presented. 

4.4.1. Our Learning Approach 

Two types of wrong predictions could possibly happen, i.e., predicting a churner as a 

non-churner and predicting a non-churner as a churner. The former is costly because 

failing to identify a churner could lead to loss of the customer and their money. The 

more money he or she has, the greater the cost will be. Consequently, the cost of a 

wrong prediction for churners should be proportional to their account balance. 

However, the latter would not incur much loss and has nothing to do with customers' 

account balance. Hence it is reasonable to set the cost of wrong predictions for non-

churners as a fixed value. With this assumption, the weight    assigned to every 

instance    in dataset N and P is set according to Equation 2 in our approach: 

 

   

{
 

 
 

| |
        

  

       
       

 

Equation 2 

 

Here    is   ‟s account balance. It can be seen from Equation 2 that weights assigned to 

churners are proportional to their individual account balance, while weights assigned to 

non-churners are the same which is a class level value. Next, instances should be 

sampled from   and   according to their weights to take costs into consideration when 

learning models. Instances with greater weights would appear more times in the new 

training set, thus the likelihood of making wrong predictions for them is reduced. Here a 

key point is how to determine the sizes of sampled subsets. Instead of setting |  | and 

|  | always as | |, we use a straightforward method to introduce randomness in the 

sizes of subsets. Specifically, when sampling a subset    from  , a subset    of size | | 

is sampled according to Equation 2. Firstly, then these instances which exist in   but 

not in    will also be added into    to form   . In this way, the size of    is a random 

value which ranges from | | to  | |   . A subset    of size of |  | is then sampled 
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from  , so that       is a balanced dataset. We can see that now the imbalanced data 

and the cost-sensitive issue are well addressed in this way. Furthermore, Xgboost (Chen 

& Guestrin 2016), which is a popular implementation of the gradient boosting machine 

model, is employed in our approach to learn models. It is an additive model which 

consists of multiple submodels, and every submodel is obtained through minimizing the 

residuals produced by previous models. Now, all the key issues are solved, and the 

details of our approach are specified in Algorithm 2: 

 

 
 

The output of Xgboost for binary classification is a real value in [0; 1] which denotes 

the probability of being a churner. After obtaining multiple models, we simply use the 

average of their outputs as the final prediction for x as shown in Equation 3: 

 

 ( )   
 

 
 ∑  ( )

 

   

 

Equation 3 

 

Here    is the  th model learnt in the  th iteration. It can be observed that our approach 

has several advantages: (1) weights based on account balance are introduced, so it is 

less likely to make wrong predictions for high value churners; (2) line 3 of Algorithm 2 

indicates the size of every subset is randomly determined, so models learnt using these 

subsets would be more diverse and the performance could be improved via reducing 

variance accordingly; (3) the size of subset    is larger than | |, so more information 

about the majority class could be exploited when learning models compared with other 

methods like EasyEnsemble. 
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4.4.2. Model Implementation 

Our approach has been applied in a superannuation company in Australia. In this 

section, the practical preparation of data and definition of features is introduced. 

Data Sources - Multiple sources of data regarding various entities exist in reality, and 

data from heterogeneous sources should be integrated to get a comprehensive 

understanding of customers. In our implementation, the primary types of data that have 

been exploited are: (1) customer demographic information, (2) customer behaviour, 

such as call log and online system login, (3) account status, (4) transaction records, (5) 

fund performance such as daily records of fund price, (6) insurance records, and (7) 

interaction with advisers such as records of adviser fees etc. 

 

Feature Engineering - Six types of features as follows are extracted. (1) Customer 

demographic features. These features provide information regarding customers' profiles, 

such as gender, age, and occupation etc. (2) Customer behavioural features. Customers' 

past behaviours or interactions with a company contain some useful clues for their 

future behaviours. Typical features of this type includes call frequency, survey rating, 

and so on. (3) Account level features. Two types of account level features are extracted. 

The first one relates to an account's current status, such as tenure and balance. The other 

describes change for an account in the past, i.e., balance change, and option change. (4) 

Fund performance. Customers are usually sensitive to their investment returns. 

Therefore, we also extract features like fund performance to measure the growth rate of 

a customer's investment in the past year. (5) Adviser and dealer features. Although we 

do not have much data about advisers and dealers, we can infer their features through 

customers associated with them. Features such as number of customers, and number of 

churn customers are constructed under the assumption that if many customers who 

belong to an adviser have left, other customers belonging to the same adviser are also 

likely to leave in the near future. (6) Employer features. We also extract a set of features 

regarding employers. Features like number of employees, number of churn employees 

are extracted to measure the impact of an employer on its employees. Around 120 

features are defined totally. For every customer, his or her final feature vector is the 

combination of features of all above six types. 
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Figure 1 - Framework of model implementation 

 

The overall framework of model implementation is outlined in Figure 1. As shown, for 

every customer, multiple sets of features are extracted from different perspectives. 

These features are then combined into a single feature vector. Therefore, a unified view 

which covers the influential factors as much as possible is obtained, increasing the 

probability of building a reliable model. 

 

4.5. Experiments 

In this section, extensive experiments using data from real applications are conducted to 

validate the effectiveness of our approach. 

4.5.1. Datasets 

Datasets of four different funds are used in experiments. They are retail superannuation, 

corporate superannuation, pension, and investment. To generate these datasets, data 

between Jan 2016 and Dec 2016 (observation window) are extracted to generate 

features that are introduced in previous section, and data between Jan 2017 and Jun 

2017 (label window) are extracted to determine classes. A customer is classified as a 

churner if his or her account is closed in the specified label window, otherwise is 

classified as a non-churner. The purpose here is to use a customer's information in the 

past one year to predict his decision in the next six months. After excluding outliers and 
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customers whose accounts are opened within the observation window because they do 

not have sufficient historical data, Table 1 gives the summary of the four datasets in 

detail. 

 

 
Table 1 - Description of datasets 

 

In Table 1, | |, | |, and | | is the size of the whole population, non-churners, and 

churners respectively, and churn ratio is the ratio of churners in the population, i.e., | |

| |
. 

It can be observed that all of these datasets are extremely imbalanced. 

4.5.2. Evaluation Metrics 

In practice, churn prediction models are used to predict the churn probabilities or 

attrition scores of existing customers. These scores are then ordered descending, so a 

retention campaign could focus on the most likely churners, i.e., the top   customers. In 

this case, a model can be evaluated in two manners. One is the number of true churners 

in top   customers, and the other is the sum of true churners' account balance in top   

customers. Accordingly, two evaluation criteria are used in our experiments. The first 

one is recall, and its definition is given in Equation 4: 

 

    
∑       ( )  

| |
 

Equation 4 

 

Here    ( ) denotes the top   customers.    is customer  's label, and it could be 1 or 

0, 1 indicates   is a churner and 0 indicates the opposite. The second one is balance 

recall, which is defined in Equation 5: 
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Equation 5 

 

Here    ( ) and    have the same meaning as above, and    is customer x's account 

balance. For both of these two criteria, a greater value means a better model 

performance. 

 

4.6. Baselines and Settings 

We compare our proposed method with three classical methods of coping with 

imbalanced or cost-sensitive data. These methods are:  

i.  Balanced random forest (Chen, Liaw & Brieman 2004). In its  th iteration of 

learning a decision tree, a subset    and   (|  |  |  |  | |) is evenly 

sampled from   and  ; 

ii. WeightGBM. It is Xgboost with class-dependent weights (Chen & Guestrin 

2016). Weights of instances in   are set as | | | | in this method; 

iii. EasyEnsemble (Liu, Wu & Zhou 2009). In its  th iteration, only a subset 

   is sampled from  , and     ; and 

iv. CostGBM, our proposed approach. 

 

The purpose of comparing our approach with these baselines is to validate the 

effectiveness of the weighting mechanism designed in this paper, especially in terms of 

the criterion balance recall. To make the comparison fair and convincing, Xgboost is 

also used in EasyEnsemble instead of Adaboost. The size of Balance random forest, i.e., 

number of trees is set as 200. In all other 3 methods, the number of iterations is 10 and 

an Xgboost model with 200 trees is learnt in every iteration. When learning Xgboost 

model, 'binary:logistic' is chosen as the objective function, and the optimal learning rate 

is chosen from 0.05-0.3 through multiple trials. All these methods are implemented in R 

environment, and the R package Xgboost is used to learn Xgboost models. 
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4.7. Results and Analysis   

Datasets are split into training set (80%) and test set (20%). Models are then built using 

the training sets and evaluated using the test sets. All these methods generate numeric 

predictions as churn probabilities, and the population as in test sets are ranked in terms 

of their predictions in a descending order. To begin with, these methods are evaluated 

and compared in terms of recall, and the results on the four datasets are depicted in 

Figure 2: 

 
Figure 2: Model performance in terms of recall 

 

For any point in Figure 2, its   value is the top percentage of the whole population, and 

its   value is the recall. We can see that while EasyEnsemble performs slightly better on 

these datasets, our proposed method also shows competitive performance in terms of 

recall, even it places more focus on high value customers. When it comes to balance 
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recall, our proposed method outperforms the other three methods significantly on all 

datasets as shown in Figure 3: 

 

 
Figure 3: Model performance in terms of balance recall 

 

Take the results on corporate superannuation as example, when we look at the top 10% 

of the population, the balance recall of Balanced random forest, WeightedGBM, 

EasyEnsemble, and CostGBM is around 0.1, 0.1, 0.15, and 0.35 respectively. We can 

see that the total balance of true churners identified by our method is around 2 times 

greater than those identified by other methods. Given the volume of corporate 

superannuation, it means the improvement gained by our method could be millions of 

dollars. 

 

4.8. Conclusions 

This paper introduces a novel method for churn prediction in fund management services 

and its implementation in a fund management company in Australia. A sampling 
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framework based on ensemble learning and a new weighting mechanism based on 

account balance are proposed to deal with imbalanced and cost-sensitive issues with 

financial data. The practical steps of model implementation are also introduced, 

especially how various data from heterogeneous sources are exploited and integrated to 

gain a unified view of customers. Evaluation using real word data validates our model's 

superiority in capturing high value churners compared with traditional methods. 

Moreover, our method has been applied in real applications and assists the marketing 

team to narrow down their campaign target. In future work, strategies of incorporating 

account balance based cost into other advanced models will be investigated, and more 

features will also be extracted to enhance learning performance. 
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5. Multi-source based transfer learning for marketing campaigns  

Brownlow, J., Chu, C., Xu, G., Culbert, B., Fu, B., Meng, Q. 2018, „A Multiple Source 

Based Transfer Learning Framework for Marketing Campaigns‟, International 

Conference on Neural Networks (IJCNN) 

 

5.1. Criticality to the Thesis 

In the context of the doctoral research, data driven understanding of acquisition is a 

critical enabler for both a superannuation fund given the competitive landscape of 

Australian superannuation, and for the customer given the relationship between active 

contributions and retirement outcomes (Ali et al. 2015; Burnett et al. 2014). 

Additionally, acquisition is an opportunity to address the research challenge of a lack of 

class labels. 

 

5.2. Introduction 

Nowadays, as business competition is increasingly fierce, marketing campaigns 

especially online, are delivered more frequently than ever before (de Vries, Gensler & 

Leeflang 2017). As a result, how to efficiently and accurately identify prospective 

customers who are most likely to respond for the first time in the near future (like one 

month) after receiving a campaign has become one of the top priority questions in 

marketing strategy (Solomon 2011). After all, spam email is annoying, expensive, and 

has limited positive impact for the sender or receiver. The early approaches of 

identifying prospective customers is chiefly based on customer segmentation which is 

heavily reliant on traditional data mining and machine learning algorithms including 

rule-based methods (Brin, Motwani & Silverstein 1997; Wong et al. 2005; Linoff & 

Berry 2011), tree models (Albrecht 1996; Cho, Kim & Kim 2002; Wang et al. 2015), 

and linear or non-linear regression methods with various kernel functions (Schmitt 

1999; Plant et al 2010; Coussement, Van de Bossche & De Bock 2014). However, 

nearly all of these methods share the same assumption that data distribution maintains 

the same. Rather, as time goes, the profiles and behaviour patterns of customers are 
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likely to change which could result in a change of data distribution. This means that 

trained models are obsolete and cannot perform well on new data because it has a 

different data distribution to the training data. On the other hand, it is impractical to 

train a model for each campaign. Firstly, recollecting training data, rebuilding models 

and fine-tuning parameters are time-consuming and costly. Meanwhile, the lifecycle of 

marketing campaigns is generally short. Over 80% of marketing campaigns run less 

than three months (Dietrich, Rundle-Thiele & Kubacki 2017). This makes training a 

model for each campaign even harder to achieve. Secondly, labelled training samples 

are often few and sometimes there is no labelled data, e.g. a new campaign. Without 

sufficient labelled data, training an accurate model is not possible. Recently, transfer 

learning (Weiss, Khoshgoftaar & Wang 2016) has been proposed to deal with the above 

two issues. This method aims to extract the knowledge of previously trained models 

from source domains and use it to facilitate the training procedure of the learning tasks 

in target domains where there may be limited labelled data. Until now, transfer learning 

has been widely applied in image recognition (Karpathy et al. 2014; Long, Shelhamer & 

Darrell 2015; Shin et al. 2016), natural language process (Huang et al. 2014; Lu et al. 

2015; Conneau et al. 2017) and robotics (Devin et al. 2017), to great success. Yet, the 

applications in marketing campaign analysis are few. The initial work in this field 

focused on transferring important samples into an untrained dataset. These selected 

samples from source domains follow the same distribution with the untrained dataset in 

target domains so as to increase the number of labelled samples. Bickel et al. (2009) 

formalized the problem of identifying prospective customers of advertising into a 

transfer learning problem. This study proposed a transfer learning model to identify 

customers‟ socio-demographic features such as gender, age and marital status based on 

their internet surfing history and in turn delivering advertisements to users based on 

their identified socio-demographic features. Their transfer learning procedure focused 

on resampling data that follows the similar distribution of given target data. Other 

methods based on transferring important samples includes active learning based 

resampling (Zhao, Pan & Yang 2017), heuristic methods (Long et al. 2014) and 

boosting methods (Wang & Pineau 2015). However, transferring instances from source 

domains to target domains is inefficient as it is costly to select many, and few samples 

contribute little to improve the learning performance in target domains. Meanwhile 

these methods can only be applied on the scenario that the learning tasks of source 
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domains and target domains are the same. Otherwise, the labels of selected samples are 

not valid in target domains. However, in the real world, marketing campaigns are very 

likely to have different purposes. Then another online advertising study (Perlich et al. 

2014) considered using models of source domains to generate new features of data in a 

target domain. This practice can accelerate the training process but fail to deal with the 

issue of lacking sufficient labelled data. Further the effectiveness of this transfer heavily 

depended on the selection of hype parameters. To deal with such issues, we propose a 

Multiple Source based Transfer Learning Framework for Marketing Campaigns (MS-

TLMC) method which can extract knowledge of both data and models from multiple 

source domains and use it to improve the learning performance in a given target 

domain. The proposed method has a concise, scalable framework to explicitly control 

the transferring process and also gives solutions for common issues in campaign data, 

including class imbalance and outliers. The main contributions can be summarised as: 

 

i The proposed method can work to extract knowledge of multiple source 

domains simultaneously; 

ii Instead of selecting important samples that have a similar distribution of the data 

in a target domain, the proposed method can normalize data of source and target 

domains to have the same distribution; 

iii This method is able to deal with supervised and unsupervised inductive and 

transductive learning tasks in target domains; 

iv The proposed method is compatible with different traditional classification 

methods; 

v It can deal with issues of imbalance and outliers which are common in campaign 

data; and 

vi A novel cross validation framework is proposed to evaluate the performance of 

transfer learning methods. 

 

To evaluate the performance of the proposed MS-TLMC method, we firstly compare it 

with the scalable transfer learning framework on a series of campaign data and further 

test its compatibility with different classification models including Logistic Regression, 

Support Vector Machines, and XGBoost (Chen & Guestrin 2016) followed by an 

efficiency evaluation. 



 

79 

 

 

5.3. Literature Review 

The research of transfer learning can be traced back to the 1990s where the earliest 

work is the discriminability based transfer (DBT) method proposed by Pratt (1993). The 

later “Learning to Learn” workshop about lifelong machine-learning in the NIPS 

Conference (Thrun & Mitchell 1995) argued that retaining and reusing previously 

learned knowledge in new learning tasks was a key to improve performance as learning 

tasks became increasingly more complex. This workshop triggered a wide discussion 

about transfer learning which has been a major research topic appearing in top machine 

learning conferences and journals (Pan & Yang 2010). Until now, most research and 

successful applications of transfer learning are concentrated in computer vision and 

natural language processing (Taylor & Stone 2009; Aggarwal & Zhai 2012; Shao, Zhu 

& Li 2014) by combined convolutional neural networks, recurrent neural networks and 

deep neural networks. For example, in computer vision, Oquab et al. (2014) showed that 

image representations learned by convolutional neural networks on a large-scale 

annotated datasets can be efficiently transferred to other visual recognition tasks with a 

limited amount of training data. Based on this, Shin et al. (2016) successfully 

transferred the learned neural network of ImageNet1 into a Computer-Aided system to 

detect thoracoabdominal lymph node and interstitial lung disease from axial CT slides. 

Zoph et al. (2018) considered learning small common block functions which can be 

used in different convolution neural networks to recognize images. For natural language 

processing, Huang et al. (2013) proposed a cross-language knowledge by building a 

shared-hidden-layer multi-lingual deep neural network. The research by Hill et al. 

(2017) demonstrated that transferring unsupervised (Hill, Cho & Korhonen 2016) or 

supervised (Hill et al. 2017) word meaning learned from context are possible by sharing 

word embeddings learned by neural machine translation models trained by bilingual 

texts. Comprehensive surveys of transfer learning in computer vision and natural 

language processing can be found in (Weiss, Khoshgoftaar & Wang 2016; Pan & Yang 

2010; McCann et al. 2017). The above research of transfer learning mainly focused on 

transferring model components such as model inputs (feature space), small functional 

blocks, or model parameters because training and fine-tuning a deep neural network 

model is challenging. However, deep neural networks are rarely applied on regular 
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datasets. One of the main reasons is that features of images and texts have strong local 

correlations while the features of regular datasets are often independent. This makes the 

performance of deep neural networks on regular datasets not satisfied. Thus, proposing 

an efficient and effective transfer learning framework on regular datasets such as 

campaign data has been increasingly urgent because of a massive input data and a 

growing demand on marketing campaign delivery. Currently, the research of transfer 

learning on regular datasets mainly focused on short life-cycle learning tasks such as 

real-time learning and online learning (Hastie, Tibshirani & Friedman, 2009) which 

allow a very limited time to train a model. The initial research focused on transferring 

instances or instance feature space to target domains to increase the number of training 

samples. Wang and Pineau (2015) selected samples that have the similar distributions 

with samples in target domain. Zhao, Pan and Yang (2017) proposed to adjust the 

weights of selected samples from source domains by boosting. Later, the research focus 

of transfer learning moved to knowledge transfer (learned models). Perlich et al. (2014) 

proposed an optimization method based on minimizing loss functions and adding 

regularizations. Long et al. (2014) added kernel functions in objective functions. These 

methods can accelerate the learning process and have objective functions converged 

quickly in target domains but the learning performance is still heavily reliant on a large 

labelled training dataset. Indeed, proposing a general framework of transfer learning is 

challenging as it needs to deal with multiple types of learning questions. According to 

the difference of source and target domains, transfer learning tasks can be categorized 

into inductive and transductive learning and according to the availability of class labels 

in target domains, these learning tasks can be supervised and unsupervised. Most 

previous research focused on solving one or several questions rather than build a 

general, scalable framework to address all of them systematically. Real-world 

applications often need to deal with all these questions simultaneously. Thus, this paper 

proposes a general, multiple-source based transfer learning framework that can deal 

with all above mentioned problems. It focuses on making a full use of generated 

knowledge of both data and models in multiple source domains to improve the learning 

performance in target domains and it is also compatible with different learning methods. 
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5.4. Preliminaries 

This section defines notions and terms used in this paper followed by a formal 

definition of the transfer learning problem in the context of marketing campaign 

analysis.  

5.4.1. Multiple Source based Transfer Learning 

Transfer learning is proposed to improve the learning performance in a target domain 

based on the learned knowledge from multiple source domains. Specifically, a domain 

( ) here generally has a feature space   where instances      follow a distribution  . 

In this domain, a learning task   is considered to include a class label   and a mapping 

function   parameterized by   which is learned to represent the relationship between 

instances X and their corresponding class labels  . Transfer learning aims to improve 

the learning efficiency and effectiveness of the mapping function    in    based on the 

knowledge    learned from   source domains (         ) where        and or 

       (Pan & Yang 2010). For the transfer of knowledge to be effective, the learning 

function     and    should be correlated. According to the difference of source and 

target domains and their learning tasks, transfer learning can be roughly categorized into 

inductive transfer learning (Lu et al. 2015) and transductive transfer learning (Long et 

al. 2014). 

5.4.2. Multiple Source based Inductive Transfer Learning 

Consider n source domains, marked as           with their corresponding learning 

tasks           for a given target domain    and its learning task   , multiple source 

based inductive transfer learning is proposed to improve the learning performance of    

in    based on the learned knowledge from           where not all source learning 

tasks are the same with the target learning task (        
   ). 

5.4.3. Multiple Source based Transductive Transfer Learning 

Consider   source domains, marked as           with their corresponding learning 

tasks          , for a given target domain    and its learning task    , multiple source 

based transductive transfer learning is proposed to improve the learning performance of 

   in    based on the learned knowledge from           where not all source domains 
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are the same with the target domain (        
   ) but their learning tasks are the 

same (       
   ). 

5.4.4. Multiple Source based Transfer Learning for Marketing Campaigns 

Marketing campaign analysis is naturally suitable for multiple source based transfer 

learning. Specifically, a marketing campaign ( ) can be considered as one domain ( ) 

with an attached learning task ( ). Most marketing campaigns share the correlated 

objectives such as customer a acquisition, customer retention and product promotion 

which is the prerequisite for effective knowledge transfer from learned domains to 

unknown ones. However, applying transfer learning is challenging. 
 

 
Figure 1 - Three types of transfer learning questions in marketing campaign analysis 

 

As illustrated in Figure 1, there is a marketing campaign pool containing a group of 

previous learned campaigns including either online or offline ones. For Type I transfer, 

as time goes, same campaigns are conducted repeatedly. But the previous domains 

(      
 and       

) may change, e.g. data distribution due to new imported data 

including new transactions, changes of customer profiles and products. Even in the 

same time slot (Type II transfer), models are required to learn for new campaigns 

(      
 and       

). Type III transfer refers to transferring old domains and 

learned campaigns to new domains and unknown campaigns. In fact, Type II 

transferring tasks are few, as the domains are very likely to change because even though 

they are from the same data sources, different data sampling techniques and filters are 
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very likely to break original data distribution. It can be seen that Type I transfer is 

transductive learning while the other two are inductive learning. Meanwhile according 

to the availability of class label    in   , the transfer learning process can be supervised 

or unsupervised. In this paper, we aim to propose a general multiple source based 

transfer learning framework to solve these problems. 

 

5.5. A Multiple Source Based Transfer Learning Framework for 

Marketing Campaigns 

The proposed multiple source based transfer learning framework for marketing 

campaigns (MS-TLMC) method is a general transfer learning framework for modelling 

marketing campaigns which mainly consists of three stages including domain transfer, 

task transfer and a final optimization stage. 

5.5.1. Campaign Model 

Before describing the proposed MS-TLMC method, we firstly model marketing 

campaigns in the context of transfer learning. Consider a marketing campaign (  

(   )) where instances   in the feature space   follow a distribution  . 
 

 
Figure 2 - This figure illustrates the working process of the proposed Multiple Source based Transfer Learning 

Framework. Unlike the traditional transfer learning method of acquiring knowledge from source domain and applying 

in a target domain, our method achieved it reversely by mapping target data into source domains. 

 

The corresponding class label is marked as   and the mapping relation between   and   

can be achieved by a learning function   parameterized by  . The objective learning 

function ( ) of this campaign is defined as: 
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    ( (   )  ) ( )  ( ) 
  

 

where   is the loss function between prediction ( (   )) and actual value ( ) and   

is the weight function to deal with imbalance of class labels because the campaign data 

is often very imbalanced with a very low response rate. The term   is the penalty of the 

model ( ) to avoid over-fitting. In this paper, the loss function ( ) of campaign models 

is Huber loss function (Zinkevich et al. 2010) which is able to limit the disturbance of 

outliers and it is defined as: 
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where   is a hyper-parameter. The weight function ( ) (Wang et al. 2016) is defined 

as: 

 

 (   
)  

|   
|

| |
  

 

where |   
| is the number of instances with class label   . The proposed multiple source 

based transfer learning framework uses the knowledge learned from previous campaigns 

(         ) in the learning process (  ) of target domains. 

5.5.2. Domain Transfer 

The first step of the proposed multiple-source transfer learning is to map target domains 

into source domains if they are different (      
) which refers to either different 

feature space   (   ) or different distribution  . The major difference between    

and     lies in data distribution because most marketing campaign systems generally 

capture customer and product data with the same features. In earlier research, a 

distribution-based normalization (DBNorm) method (Meng et al. 2017) was established 

as an R package (Ripley 2001) and can be accessed via GitHub2. DBNorm enables to 

normalize    into the same distribution with    . Specifically, DBNorm can adjust 

values from one scale to the other and keep the order of the original values unchanged 
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which means that after normalization, minimum, maximum and median should be the 

same. Here assume that    and     are different, their probability density functions are 

marked as    and    
 respectively. Given an element       , the probability of    

is   (  ): 

  (  )    ,     -  ∫   

  

  

( )   

 

To maintain the order of data in    unchanged after normalizing to    
, we need to find 

an element in    
 which satisfies the probability of    in    being equal to the 

probability of   
  in    

. This can be expressed in the following equation where the 

probability of    under the probability density function    is the same with the 

probability of   
  under the probability density function    

: 

 

  (  )     
(  

 )  ∫   
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It can be found that after domain transfer, transductive transfer learning problems are 

cast into inductive transfer learning ones if their learning tasks are different or normal 

learning problems if their learning tasks are the same as they share the same domains 

(      
). 

5.5.3. Task Transfer 

The performance of knowledge transfer lies in the similar of learning task. In this paper, 

the similarity of learning functions are quantitatively measured by a modified cosine 

similarity (Sidorov et al. 2014) of class labels. Here the similarity of the learning task 

  in target domain    and the learning task    
 of  th source domain (   

) are measured 

via the similarity of    and    

  i which is defined as: 
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And the weights of learning tasks from source domains are normalized as: 

 

   
 

   

 

∑    

  
   

 

 

where    

  is the learning results generated by learning function    
 from source domain 

   
 on target domain instances  . The reason of introducing a threshold function (   ) 

is that the value range of cosine is from -1 to 1 where negative values mean that vectors 

are negatively correlated, while positive values mean they are positive correlated. Then 

the threshold function allows the proposed multiple source based transfer learning 

model to only consider those learning tasks of source domains that are positively 

correlated to   .  

5.5.4. The Learning Framework of MS-TLMC 

After transferring a given target domain    and its learning task    into   source 

domains (         ) and their corresponding learning tasks (         ), it is possible 

to apply learned knowledge to facilitate the learning process of the target learning task. 

Then objective function ( ) of the target learning task is: 
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where    
    

(   
(  )    

). The symbol    is the number of labelled samples and 

|  | is the number of all samples in the target domain while    
 is the number of labelled 

samples and |   
| is the number of all samples in the  th source domain. Function     is a 

model learned from the target domain instances    and new features generated by 

source domains and     is the similarity between the learning task of target domain and 

the learning task of  th source domain. Function    
(  ) is a normalization process to 

normalize target instances    into  th source domains so as to let them have the same 
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distribution and    
 is the learned model in  th source domain. It can be found that    

have two parts, one is from target domain and the other one is from source domains. 

The contributions of the models learned from the target domain and source domains are 

determined by the ratio of the number of labelled samples to the number of all samples 

and the weights of source domains are determined by the similarity of learning tasks in 

source domains and it of the target domain. This practice is able to make a full use of 

the data from the target domain and knowledge from source domains. Another 

advantage is that it can make the proposed MS-TLMC general to deal with supervised 

and unsupervised learning tasks. Specifically, if there are labelled samples in the target 

domain, the model result is determined by both data in target domain and learned 

knowledge from source domains; and if there is no labelled data in the target domain, 

    , the model result is determined by source domains which is unsupervised. In this 

method,     can be learned by the following objective function: 

 

   (  (      
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where   is the loss function,    represents instances with a class label       
   

 is the 

new feature generated by the  th source domain, the learning model is    parameterized 

by    and   is the function to deal with the imbalance issue of the class label. The term 

‖  ‖ is L2-regularization of    and   is a hyper-parameter to adjust the weight of 

regularization.  

 

5.5.5. Evaluation 

Inspired by Leave-One-Out-Cross-Validation (Hastie, Tibshirani & Friedman 2009), 

this paper also proposes a similar cross-validation method, named Leave-One-Domain-

Out-Cross-Validation (LODOCV), to evaluate the performance of transfer learning 

method. Specifically, assume that there are   domains, this evaluation method 

iteratively selects one of the domains as the target domain and considers the other 

    domains as source domains to evaluate the performance of the proposed MS-

TLMC on the chosen target domain based on the other source domains until all domains 
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are selected. Then the performance of the transfer learning method is measured by the 

averaged result of all iterations. 

 

5.6. Datasets 

The experimental dataset is provided by the Australian superannuation company 

Colonial First State who has over 1 million customers. In this paper, we randomly 

selected ten marketing campaigns from 2015 to 2017 and 57 features of customers are 

collected covering their demographics, financial status, income & employment, 

products & super contributions and engagement. For each marketing campaign, the 

snapshot data of customers are captured before it is delivered and different marketing 

campaigns share the same feature space. 

 

5.7. Experiment 

The experiment firstly compares the performance of the proposed Multiple Source 

based Transfer Learning for Marketing Campaigns (MS-TLCM) method against one 

state-of the-art transfer learning methods (the Scalable Transfer Learning, STL). Then 

we evaluate its compatibility with Logistic Regression (LR), Support Vector Machines 

(SVM) and XGBoost. Meanwhile, in order to demonstrate the capability of the 

proposed method in dealing with a small training dataset, the above experiments are run 

with different proportions of training data. The last part investigates the model 

efficiency with different number of source domains and training samples. 

5.7.1. Comparison Experiment 

This section compares the performance of our proposed MS-TLCM method to STL on 

the collected campaign data. Here we do Leave-One-Domain-Out-Cross-Validation 

(LODOCV) to iteratively choose one campaign as a target domain and take the rest of 

them as source domains. Because the class labels of the campaign data is very 

imbalanced with a low response rate ranging from 0.2% to 7%, the binary classification 

result of the learning task in a chosen target domain are evaluated by Area Under the 

Curve (AUC) (Alpaydin 2014) regarding to the minor class. 
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Figure 3 - Averaged AUC results by STL and MS-TLMC in terms of different proportions of training data 

 

In this experiment, we use different proportions (0%, 20%, 40%, 60%, 80% and 100%) 

of training data to train models. If the proportion of training data is 0%, it means that all 

samples are unlabelled and the learning task is unsupervised; otherwise, there are 

labelled data and learning task is supervised. This setting allows us to test the model 

performance on different types of learning tasks.  

 

 
Table 1 - Averaged AUC results by LODOCV 

 

The averaged AUC results of these two transfer learning methods by LODOCV are 

listed in Table 1 and Figure 3. It can be found that the proposed MSTLCM method 

outperforms STL in terms of the averaged AUC values on the minor class and the 

advantage of MSTLMC is more distinguished when training data is small. In 

unsupervised learning where the proportion of training data is 0, both methods achieves 
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the lowest averaged AUC values at 0.317 and 0.175 for MS-TLMC and STL 

respectively and the their performance gets better as the proportions of training data 

increase. For 20%, the averaged AUC values of MS-TLMC and STL are 0.469 and 

0.216 and the gap between them grows until the proportion of training data is 60%. This 

demonstrated that compared to STL, the proposed MS-TLMC method can achieve a 

better learning result when training data is small which can dramatically increase the 

efficiency of training a model and decrease the workload of labelling training samples. 
 

 

Figure 4 - Averaged AUC Results by STL and MS-TLMC in terms of different proportions of training data. 

 

This also means that the proposed MS-TLMC method has a potential to facilitate the 

sample labelling work. After 60%, the gap between them decreases gradually and their 

performance is close. 

5.7.2. Compatibility Experiment 

Then we further evaluate the compatibility of the proposed transfer learning method 

with other machine learning methods including Logistic Regression (LR), Support 

Vector Machines (SVM) with Gaussian Kernel function and XGBoost. Specifically, we 
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replace learning function     in Equation 8 and change the loss functions in Equation 9 

correspondingly. For a selected learning method, its performance is evaluated by the 

averaged AUC of all domains and for each domain; its performance is evaluated by ten-

fold-cross-validation while the performance of the corresponding customized MS-

TLMC method is evaluated by LODOCV. Then the comparable results of these three 

machine learning methods are listed in Table 2. It can be found that the customized MS-

TLMC methods generally outperformed their corresponding machine learning methods 

and the huge gap of AUC values stays at around 40% to 60% which demonstrates that 

the proposed transfer learning method can efficiently train a model with a small amount 

of training data. The performance of both LR and SVM is worse as they are weak when 

dealing with imbalanced data while their customized MS-TLMC methods worked much 

better as there is a weighting function to balance class labels. XGBoost achieves similar 

performance with its customized MS-TLMC method when training data is large. This 

shows that the proposed transfer learning method can achieve similar learning 

performance with training a new model. Another interesting finding from this table is 

that the proposed MS-TLMC achieves stable performance with different machine 

learning methods because it is constructed as an ensemble classification framework. 

 

 
Table 2 - AUC results of the compatibility experiment 

 

5.7.3. Model Efficiency Test 

Finally, we evaluate the efficiency of the proposed transfer learning methods in terms of 

using different numbers of source domains and training samples. Specifically, its 

efficiency is measured by the number of training epochs to converge and the 

convergence threshold is chosen as 0.0001. Figure 4 illustrates that the proposed 

method runs for more epochs to converge as the number of domain sources and training 
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samples increases. We also find that with the same number of training samples, 

increasing the number of source domains did not cost many more epochs to converge. 

 

5.8. Conclusion 

To fully utilize knowledge generated by source domains, the proposed method 

considers the transfer of both instances and models. In this way, the learning process in 

target domains is very efficient and a small training set is sufficient to significantly 

improve model performance. The experimental results demonstrated that the proposed 

MS-TLMC outperformed the scalable transfer learning framework on a set of campaign 

data in supervised and unsupervised inductive and transductive learning. The proposed 

transfer learning framework is also flexible. It can be compatible with different machine 

learning models including Logistic Regression, Support Vector Machines and XGBoost. 

In the future, we plan to further explore its usage to other fields and test its performance 

on balanced datasets. Another potential research direction is to extend it to deal with 

regression problems. 
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6. Online survey to measure superannuation engagement 

Brownlow, J., Xu, G., Liu, S. (In Review), „Quantification of Customer Engagement: 

Measurement and analysis of Australian superannuation customer engagement via 

online survey and comparison to observed superannuation fund interaction‟, Journal of 

Financial Services Marketing 

 

6.1. Criticality to the Thesis 

In the context of the doctoral research, data driven understanding of Superannuation 

Engagement (SE) is a critical differentiator for a superannuation fund given the 

increasingly competitive landscape of Australian superannuation. The extant research of 

SE is scarce and the methodology has been limited to small sample, or qualitative 

analysis more often than not in an industry fund. Consequently, the quantification and 

subsequent detailed analysis of SE has not been performed meaning that the 

stakeholders of SE have no meaningful way in which to observe a customer‟s SE, let 

alone any approach to address SE so that retirement outcomes may be improved.  

 

6.2. Introduction 

This paper investigates Customer Engagement (CE) in the context of the Australian 

superannuation industry – SE. We conduct an online survey of customers in one of 

Australia‟s largest superannuation funds and subsequently transform the responses into 

a novel quantitative SE score. By matching the calculated SE scores to customer data 

from the superannuation fund we validate our survey and characterise SE. The results 

show that rather than the popular view of binary engagement, SE exists on a spectrum 

with varying levels of SE from customer to customer. Our research demonstrates that 

CE can be quantified and is discerning for customer segmentation and outcomes. 

Opportunity then exists to differentiate services to customers based on their engagement 

score. 

 

 



 

94 

 

6.3. Background 

SE has been poorly defined (De Zwaan, Brimble & Stewart 2015) so that a consensus 

definition of SE does not exist, but it can be understood that SE is the level of interest 

an Australian superannuation customer has with their superannuation investment. 

Mandated in 1992 by Australian government legislative change, superannuation 

comprises two of three mainstays in the Australian retirement system (Agnew 2013): 

i. Mandatory employer paid superannuation guarantee contributions; 

ii. Tax advantaged voluntary contributions by individuals into their superannuation 

account(s); and 

iii. The Federal government funded means-tested age pension. 

Over 90% of employed Australians have some superannuation holdings. Accordingly, 

in September 2018, Australian superannuation assets totalled $2.8 trillion. In fact, 

Australia is the 3rd largest private pension fund market globally behind only the United 

States and United Kingdom (APRA 2016). Yet despite the substantial volume of funds 

within the Australian superannuation industry, the retirement income adequacy and 

longevity outcomes realised by superannuation customers are insufficient to self-fund 

retirement to even a modest standard (ASFA 2018) or to last the duration from 

retirement until the end of life. Here, it should be understood that existing research such 

as Ali et al. (2015) and Burnett et al. (2014), explains that SE is vital to retirement 

income adequacy and longevity outcomes. Additionally, the extant research confirms 

that disengaged customers are in the majority and they are less likely to pay attention to 

their superannuation and actively implement strategies that improve the wealth created 

through superannuation. Actions that would confirm SE engagement could include 

contacting the superannuation fund, logging into the online secure fund portal, making a 

voluntary contribution, or updating account details and investment selection. 

Conversely, a person with low SE would likely have little to no knowledge of their 

superannuation or its features and performance, and demonstrably would be passively 

uninvolved with their superannuation. 

In our research, we investigate CE in the context of Superannuation i.e. SE. 

Specifically, we quantify SE by conducting a novel online survey with customers of one 

of Australia‟s largest superannuation funds. To then characterise SE, we match the 
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responses from the survey to fund held data of the survey respondent, their 

superannuation account, and their interaction with it. The survey expands upon the 

earlier work of Agnew, Bateman and Thorp (2012), Bateman et al. (2014) and Ali et al. 

(2015) with a broader set of questions and a greater number of responses. As online 

surveys are reliant on self-reported responses of critical variables they are susceptible to 

erroneous responses. Then, to assess quality of the responses we implement an 

instructional manipulation check (Oppenheimer, Meyvis & Davidenko 2009), and we 

corroborate answers against expected values from observable interactions within the 

fund held data. For instance, do respondents classified as highly engaged by their self-

reported responses also display behaviour and have interaction with the fund that 

suggests their SE is high? We find that our method to calculate SE is legitimate in 

quantifying and observing SE. By making SE transparent, opportunity is created for 

superannuation funds, financial advisers, and the government to facilitate interactions 

with superannuation customers to improve their SE and their subsequent retirement 

outcomes. 

 

6.4. Literature Review 

6.4.1. Customer Engagement 

Presently, engagement is considered to represent notions such as „connection,‟ 

„attachment,‟ „emotional involvement,‟ and/or „participation‟ (Brodie et al. 2011) and is 

discretionary (Frank, Finnegan & Taylor 2004). Supporting such a definition, Higgins 

(2006) posits that “to be engaged is to be involved, occupied and interested in 

something” (p. 442). Out of the heavily researched customer management field 

(Verhoef, Reinartz, & Krafft 2010), CE research only emerged at the start of the 21st 

century as a framework to observe customers and their decision making (Brodie et al. 

2011). Within the field of customer management, a multitude of concepts already serve 

to measure strength and quality of relationship. However CE is viewed as a novel 

construct (Kumar 2015) more valuable (Oviedo-Garcia et al. 2014; Hollebeek 2011) 

than predecessor concepts such as commitment (Alloza 2008), empowerment (Shaw et 

al. 2006), participation (Bolton & Sazena-Iyer 2009), involvement (Sawhney et al. 

2005; Mittal 1995; Zaichkowsky 1994), loyalty (Eisingerich & Bell 2006; Kerr 2009), 
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satisfaction (Ndubisi 2006), and Net Promoter Score (Palmatier et al. 2006). Gummerus 

et al. (2012) theorise that CE is different to traditional customer behaviour concepts 

because CE considers more inputs and relationships and is therefore a more 

comprehensive model. Van Doorn et al. (2010), Brodie et al. (2011), and Vivek, Beatty, 

and Morgan (2012) agreeably take a view that traditional relational concepts such as 

„involvement‟ and „participation‟ are antecedents of CE rather than comparable CE 

concepts or dimensions. For instance, they emphasise that participation is integral to 

CE, but is distinct from it and that “value, trust, affective commitment, word-of-mouth, 

loyalty, and brand community involvement” are consequences (p. 134). Lacking a 

consensus definition, Vivek, Beatty, and Morgan (2012) define CE as “the intensity of 

an individual‟s participation in and connection with an organisation‟s offering or 

organisational activities…CE may be manifested cognitively, affectively, behaviourally, 

or socially.” (pp.133-134). Given such a challenging construct with multiple 

dimensions, few attempts have been made to quantify CE, with Vivek et al. (2014) the 

most well-known, but does not generalise to a Superannuation context. 

6.4.2. Superannuation Engagement 

The extant research of SE can be placed into three categories: 

i. The analysis of survey data (Heeringa et al. 2010) as exemplified by Agnew, 

Bateman and Thorp (2012), and Ali et al. (2015); 

ii. Interviewing/Focus groups (Kitzinger 1995; Smith 1995; Morgan 1996) as 

exemplified by Cheah et al. (2015), and Delpachitra and Rafizadeh (2014); or 

iii. Statistical analysis of cross-sectional data (Dixon & Massey 1957) as 

exemplified by Bateman et al. (2014), De Zwaan, Brimble and Stewart (2015), 

and Feng, Gerrans and Clark (2014). 

Application of such methodologies have established: the illogical lack of engagement 

between customers and their superannuation and the impact on retirement income 

(Agnew, Bateman & Thorp 2012; Ali et al. 2015; Bateman et al. 2014; Cheah et al. 

2015; Clark et al. 2013; Delpachitra & Rafizadeh 2014; Gallery, Newton & Palm 2011; 

Gerrans et al. 2015); and a relationship between a customers SE and their behaviour that 

expounds disengaged superannuation customers are less likely to be involved or take 

action that will improve the adequacy or longevity of their retirement income (Ali et al. 
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2015; Burnett et al. 2014). Additionally, SE researchers have investigated interaction 

between customers and their superannuation fund such an making additional 

contributions, an investment selection, or contacting the fund (Bateman et al. 2014; 

Gerrans, Clark-Murphy & Speelman 2010; Gallery, Newton & Palm 2011; Clark et al. 

2013; Cheah et al. 2015) but no definitive conclusion is reached. Other research 

attempting to characterise SE has focused on single demographic attributes such as age 

(Bateman et al. 2014), and gender (Clark et al. 2013; Gerrans et al. 2015; Gerrans, 

Clark-Murphy & Speelman 2010). Also, financial knowledge and literacy (Worthington 

2013) has been shown by researchers (Bateman et al. 2014; Gallery, Newton & Palm 

2011; Agnew, Bateman & Thorp 2012) to be indicative of SE whereby customers who 

have lower financial literacy are less likely to engage with their superannuation. Lastly, 

factors such as social interaction and peer influence where individuals are often 

compelled to behave similarly to other members of their social group (Gallery, Newton 

& Palm 2011) have also been researched with respect to SE. 

Despite the proven criticality of SE for individuals and their income in retirement, a 

failing of the existing SE research is that it is scarce, void of consensus, and does not 

quantify SE. Furthermore, the existing research only applies attributes singularly rather 

than in combination, so the insights can only be observed in a static (non-time series) 

generic fashion that affords no opportunity for application, and no transparency of a 

customer‟s level of SE. 

 

6.5. Methodology 

Our research improves upon the existing study of SE. We do so by developing and 

applying one of the most comprehensive SE surveys to the broadest number of 

Australian superannuation customers and in doing so, we provide a quantitative 

measure of SE. In addition, the matching of the survey responses to the demographics 

and behaviours of those customers in their superannuation fund allows for a unique 

view beyond espoused theories to theories in use. 
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6.5.1. Survey of Superannuation Customers 

To assess SE levels, access was provided to customers and their associated data 

(demographics, account, interaction, and transactions) with one of the top ten largest 

Australian superannuation funds (APRA 2016). On December 13 2017, 11,972 

customers were emailed an invitation to participate in an online survey before it was 

closed on January 14 2018. Adapted from the earlier work of Agnew, Bateman and 

Thorp (2012), and Ali et al. (2015), the survey comprised 12 questions that can be 

aggregated into three groups. The first seven questions ascertained information about 

customer awareness, and interest in superannuation; the next four questions obtained 

responses to assess their level of superannuation knowledge; and the final question was 

an instructional manipulation check (Oppenheimer, Meyvis & Davidenko 2009) 

intended to identify more genuine responses. 

6.5.2. Superannuation Fund Data 

A data extract from the superannuation fund provided attributes to match with all 

11,972 customers included in the survey. Attributes included demographics of age, 

gender, and account information for account balance, the number of investment options 

invested in, and the account open date. Detail of interactions and transactions between 

the customer and the superannuation fund in the 2017 calendar year were also provided 

including: additional contributions; calling the customer contact centre, logging into the 

secure fund internet portal, or changing the investment options in which their 

superannuation was invested. 

 

6.6. Data Analysis & Results 

6.6.1. Survey Participants 

The survey received 1,091 responses, but 63 customers failed the instructional 

manipulation check. To understand the composition of the customers who provided the 

remaining 1,028 valid responses, we segmented customers using four factors commonly 

associated in the literature with SE: customer age, account balance, age of account, and 

gender. The majority of responses were received from customers aged 50-59, with 

account balances between $100,000 and $199,999, who opened their account between 1 
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January 2005 and 31 December 2009 (i.e. at the time of the survey these customers had 

an account tenure between 8 and 13 years). For response rates, we find no difference 

based on gender (Male 8.5% and Female 7.9%) compared with the overall survey 

response rate of 8.25%. But for age (refer to table 1) we observe below average 

response rates for people less than 49 years of age at the time of the survey, and above 

average response rates for those 50 and older. We infer that age is positively correlated 

with SE. 

 

Table 1 - Survey Responses vs Customer Age 

Table 2 shows that for account balance, the highest response rate was from customers 

with account balances between $500K and <$1M: 22.25% which was almost 3 times 

the average rate of response for the survey. The lowest account balance based response 

rate came from accounts with a balance <$10K. The inference is that customers with 

higher account balances have higher SE. 

 

Table 2 - Survey Responses vs Account Balance 

 

 

Age Surveyed Split Responses ResponseRate RR - Mean
<20 63 0.51% 1 1.59% 1.59%

20-29 823 6.60% 38 4.62% 4.62%
30-39 2592 20.80% 107 4.13% 4.13%
40-49 3243 26.02% 210 6.48% 6.48%
50-59 3086 24.76% 302 9.79% 9.79%
60-69 2060 16.53% 282 13.69% 13.69%
70-79 564 4.53% 83 14.72% 14.72%
80-89 31 0.25% 5 16.13% 16.13%

12462 1028 8.25%

Account Balance Surveyed Split Responses ResponseRate RR - Mean
<10,000 1739 13.95% 99 5.69% 5.69%

10K-49,999 3731 29.94% 214 5.74% 5.74%
50K-99,999 2573 20.65% 174 6.76% 6.76%

100K-199,999 2299 18.45% 224 9.74% 9.74%
200K-499,999 1601 12.85% 204 12.74% 12.74%
500K-999,999 400 3.21% 89 22.25% 22.25%

>1M 119 0.95% 24 20.17% 20.17%
12462 1028 8.25%
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6.6.2. Analysis of Responses 

The responses provided to seven questions pertaining to SE, and to the aggregated result 

of the questions forming an assessment of the investors‟ superannuation knowledge 

form the basis of eight data points for the analysis in this section. 

The first of the seven questions asked respondents to use a 7-point scale to consider if 

they have a greater level of interest in superannuation than their friends. As shown in 

figure 1, 55.2% of respondents identified themselves as having greater interest in 

superannuation than their friends. Only 16.0% of respondents identified themselves as 

having less interest in superannuation than their friends. 28.9% of respondents saw 

themselves as having an equivalent level of interest in superannuation. For gender, of 

individuals agreeing with the statement, 61.1% of respondents were male. That 

contrasted with 52.5% of respondents who neither agreed nor disagreed with the 

statement being male, and a more obvious contrast of only 45.7% of respondents who 

disagreed with the statement being male. For account balance, respondents who agreed 

with the statement had an average balance of $248,074 compared to $177,117 of those 

who neither agreed nor disagreed, and $121,900 for those who disagreed. Finally, for 

single investment option, 40.8% of respondents who agreed with the statement had their 

account invested in a single option, compared with 45.8% of those who neither agreed 

nor disagreed, and 62.8% of those who disagreed. For age, there was no difference with 

respondents who agreed and respondents who disagreed both having an average age of 

53.8 years. 

 

Figure 1 - Compared to my friends I have a greater level of interest in superannuation 

The same 7-point scale was used in the second question where respondents rated 

themselves as to if they knew how much money they had in their superannuation. As 
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shown in figure 2, a stronger affirmative response was received to this question, with 

92.5% of respondents answering with some form of agreement to the statement. Of the 

respondents who disagreed with the statement, only 33.3% of them were male, and their 

average account balance was $131,514 compared with 60.8% and $213,428 for 

respondents who agreed with the statement. 

 

Figure 2 - I know how much money I have in my superannuation 

For the third question (refer to figure 3), the same 7-point scale was employed for the 

customer to rate themselves as to whether they knew which investment options their 

superannuation was invested in. Within the responses the average account balance of 

customers who agreed with the statement was $227,146 compared to $141,951 for those 

who disagreed. Almost double the percentage of males who agreed with the statement 

(64.2%) to those who disagreed (35.5%). However, based on age, in a Two-sample t-

Test, statistical significance is not confirmed (p-value > 0.05) for respondents who 

answered in agreement (average age of 54.5) compared with those who disagreed 

(average age of 52.6) with respect to knowing which options they were invested in. Of 

the customers who agreed with the statement, 43.0% were invested in a single option, 

compared to 53.0% of the customers who disagreed. That fewer customers agreed with 

this statement compared to the account balance statement (92.5% vs. 79.5%) is 

validation for the survey given a customer is more likely to know their account balance 

better than their investment options given both importance and complexity. 
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Figure 3 - I know which investment options my superannuation is invested in 

For the fourth question depicted in figure 4, the same 7-point scale was employed for 

the customer to rate themselves as to whether they knew the investment performance of 

their superannuation in the last 12 months. Substantial disparity is again observable 

based on gender between respondents who agreed (63.5% male) with the statement 

compared to respondents who disagreed (39.8% male). Customers who agreed with the 

statement had an average account balance of $225,209 compared to $141,570 for 

customers who disagreed. Customers who agreed averaged 55.1 years against 51.0 

years for those who disagreed. 

 

Figure 4 - I know how my superannuation performed in the last 12 months 

For the fifth question, shown in figure 5, a different 7-point scale was employed for the 

customer to rate themselves as to how often they think about their superannuation. 

Instead of a level of agreement with the statement, the respondents were asked to self-

rate themselves in terms of time recurrence. Of the customers who think about their 

superannuation at least monthly, 69.4% of them are male, with an average age of 56.1 

years, an average account balance of $239.487, and 44.8% investment in a single option 
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compared to customers who think about their superannuation more infrequently who are 

43.6% male, an average age of 51.2 years, an average account balance of $138,726, and 

51.3% invested in a single option. Surprisingly, given the extant literature on the 

widespread nature of low SE, of the respondents, 55.5% of them think about their 

superannuation at least monthly suggesting that people are more engaged with their 

superannuation than is commonly assumed. 

 

Figure 5 - I think about my superannuation 

The same 7-point time scale was used in the sixth question (refer to figure 6) that asked 

customers to consider how often they talk to family and friends about superannuation 

and for assessment the respondents are split by those who responded most positively 

(Daily, Weekly, or Monthly), and those who responded most negatively (6 monthly, 

Annually, or Never). With respect to customer attributes of age, account balance, 

gender, or single investment option, respectively we observe 54.2 years vs. 54.1, 

$223,559 vs. $191,067, 64.9% male vs. 56.2% and 43.5% single option vs. 47.7%. 

 

Figure 6 - I talk to family and friends about superannuation 
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A 3-point scale was used for the seventh question shown in figure 7 that asked 

customers to confirm if they had read their bi-annual statement that is sent to them by 

the fund. Of the respondents who said they read their statement, 63.0% were male, had 

an average account balance of $221,682, an average age of 55.0, and 43.4% were 

invested in a single option, compared with those who did not or could not recall 

receiving a statement who were 45.2% male, with an average account balance of 

$158,047, an average age of 51.5, and 53.9% of them were invested in a single option. 

 

Figure 7 - Do you read your bi-annual statement 

Then, within the survey, four questions were asked to test the superannuation 

knowledge of the customer. The ordering of the questions was randomised from 

customer to customer to remove any answering bias, then in order of difficulty from 

easiest to hardest (based on the percentage of correct responses), the superannuation 

knowledge questions were: 

A. The current Superannuation Guarantee rate (that is, the rate of contribution your 

employer is legislated to pay) is…? 

B. Before tax (concessional) payments that you or your employer might make into 

your superannuation fund are taxed at…? 

C. The annual limit for concessionally taxed payments into your superannuation 

fund is…? 
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D. The three-year limit for after-tax (non-concessional) payments into your 

superannuation fund is…? 

 

The percentages of correct responses to these questions were 70.7%, 61.9%, 36.7%, and 

20.0% respectively. We use the results of the four questions to create a single 

superannuation literacy score. If a customer answered one of the questions correctly that 

was scored as 25%, two questions 50% and so on respectively. 

 

Figure 8 - Superannuation literacy result 

As shown in figure 8, only 13.4% of respondents were able to answer all four questions 

correctly, and slightly more than a third of respondents (33.6%) were able to answer 3 

or more questions correctly. Studying table 3, and in conjunction with some statistical 

analysis, it can be observed that almost a fifth of the respondents (18.2%) were unable 

to answer a single superannuation literacy question correctly. A One-way ANOVA 

confirmed no statistical significance (p-value > 0.10) between gender and 

superannuation knowledge. But minor interaction was confirmed between age and 

superannuation knowledge (p-value < 0.05) with a One-way ANOVA indicating 

difference in the mean age of respondents getting all 4 questions wrong compared to 

respondents getting all 4 questions correct. There is an observable inverse relationship 

between superannuation knowledge and the likelihood for the customer to make an 

investment into more than one option (noting a common hypothesis in the 

superannuation industry is that customers with less knowledge are more likely to invest 

18.2% 
21.4% 

26.8% 

20.2% 

13.4% 

0% 25% 50% 75% 100%
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in one option). Also there is also marginal relationship between superannuation 

knowledge and account balance (One-way ANOVA p-value < 0.05). 

 

Table 3 - Superannuation literacy quiz results 

 

6.7. Quantification of Superannuation Engagement 

Uniquely, we then aggregate responses to the initial eleven questions to create an 

amalgamated view of a customer‟s engagement with their superannuation. To achieve 

this we created a numerical scale for each of the questions. As shown previously, the 

scaling for the responses varies for each of the eleven questions of interest. Then, for the 

first four questions we awarded scores as follows: Entirely disagree = 0, Mostly 

disagree = 1, Somewhat disagree = 2, Neither agree nor disagree = 3, Somewhat agree = 

4, Mostly agree = 5, and Entirely agree = 6. For the fifth and sixth questions we 

awarded scores as: Never = 0, Annually = 1, 6 Monthly = 2, Quarterly = 3, Monthly = 

4, Weekly = 5, and Daily = 6. Following, for the seventh question we awarded scores: 

No = 0, I don‟t recall receiving a statement = 0, Yes = 1. Lastly, for the superannuation 

literacy quiz result we scored: 0% = 0, 25% = 1, 50% = 2, 75% = 3, 100% = 4. Next, to 

avoid bias from scores recorded on a single question with a larger maximum scale score 

value (for instance, a question that has a maximum possible score of 6 as the maximum 

affirmative response would weigh more heavily than the response to a question with a 

maximum score of 1) the raw score must be transformed through a feature 

normalisation process. For our purpose, one appropriate normalisation function is a 

min-max normalisation where the formula can be given as shown in Equation 1.  

    
     ( )

   ( )      ( )
 

Equation 1 

Result Male Balance Age 1 Option
4 correct 68.8% 267,483$ 51.4 33.3%
3 correct 57.5% 234,327$ 54.2 41.3%
2 correct 64.4% 208,057$ 55.4 44.7%
1 correct 54.5% 168,870$ 53.5 50.0%
0 correct 55.7% 177,720$ 55.6 56.1%
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This scaling function transforms the raw scoring for each of the customer responses 

from a possible range of 0 to 6, into a new range with a minimum of 0 and a new 

maximum of 1 and shown in tables 4, 5, and 6.  

 

Table 4 - Questions 1 to 4 normalised scale scoring 

 

Table 5 - Questions 5 to 6 normalised scale scoring 

 

 

Table 6 - Question 7 normalised scale scoring 

 

Using the new normalised scoring scales, all 1,028 respondents have a value calculated 

for the responses to the eight questions by aggregating the normalised response values 

for each respondent as shown in Equation 2: 

 

                 (  )               
  

Equation 2 

Entirely agree = 6 --> 1.00
Mostly agree = 5 --> 0.83

Somewhat agree = 4 --> 0.67
Neither agree nor disagree = 3 --> 0.50

Somewhat disagree = 2 --> 0.33
Mostly disagree = 1 --> 0.17

Entirely disagree = 0 --> 0.00

Daily = 6 --> 1.00
Weekly = 5 --> 0.83

Monthly = 4 --> 0.67
Quarterly = 3 --> 0.50

6 Monthly = 2 --> 0.33
Annually = 1 --> 0.17

Never = 0 --> 0.00

Yes = 1 --> 1.00
I don't recall receiving a statement = 0 --> 0.00

No = 0 --> 0.00
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The resultant normalised ES values from our survey are shown plotted in figure 9. The 

calculated ES can be observed in a range with a minimum of 0.25 and maximum of 

8.00, having a mean of 5.16, a median 5.42, a mode of 5.5, a standard deviation of 1.48, 

a positive kurtosis of 0.41, and a negative skewness of 0.78. Separating the ES into four 

segments: segment 1 0.25 to ≤ 2.0, segment 2 2.01 to ≤ 4.0, segment 3 4.01 to ≤ 6.0, and 

segment 4 6.01 to ≤ 8.0, 4.0% of respondents fall in segment 1 while 50.3% are situated 

in segment 3. Clearly while there is a good range of ES created by our method, the 

distribution is not even. Possibly the left-skewed distribution is a result of more engaged 

individuals completing the survey, with less engaged individuals failing to respond. The 

full distribution of ES is shown in table 7. 

 

 

Table 7 - Superannuation literacy quiz normalised scale score 

 

Figure 9 - Normalised engagement score by number of respondents 

By observing differences based upon account balance, age, single investment option, 

and gender, we analyse further the customers comprising the four engagement score 

based segments (the summary results are shown in table 8).  

100% = 4 --> 1.00
75% = 3 --> 0.75
50% = 2 --> 0.50
25% = 1 --> 0.25
0% = 0 --> 0.00
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Table 8 - Customer attributes of engagement score by scoring band 

Immediately a number of simple observations can be observed. Firstly, the average 

account balance is lowest for customers with an engagement score from 0 to ≤ 2 at 

$100,463 and increases for each engagement score range: to $126,856 for ES of 2.01 to 

≤ 4.0, $200,163 for ES of 4.01 to ≤ 6.0, and $279,285 for ES of 6.01 to ≤ 8.0. While it is 

not clear if account balance is an antecedent or a manifestation of SE, it is clear that 

people with higher account balances have higher SE. A One-way ANOVA of account 

balance versus engagement score segment confirms statistical significance with a p-

value < 0.05. Although the interaction is low with an R-Squared value of 2.82% and a 

Tukey comparison that confirms it is only segment 4 (the highest ES score segment, 

6.01 to ≤ 8.0) that is statistically different from the other three segments given the mean 

and standard deviation of the segments. Secondly, the percentage of male customers is 

lowest for customers with an engagement score from 0 to ≤ 2at 37% and increases for 

each engagement score range: to 41% for ES of 2.01 to ≤ 4.0, 57% for ES of 4.01 to ≤ 

6.0, and 66% for ES of 6.01 to ≤ 8.0. Again, it is clear that males responding to our 

survey have higher SE than females. This is confirmed by employing a Chi-Square 

Analysis using Cross-Tabulation of engagement score segment and gender to produce a 

p-value < 0.05. Thirdly, while less apparent, the percentage of customers who have their 

superannuation account invested in a single investment option is high for customers 

with an engagement score from 0 to ≤ 2 at 59%, highest at 60% for ES of 2.01 to ≤ 4.0, 

before reducing to 45% for ES of 4.01 to ≤ 6.0, and reducing again to 37% for ES of 

6.01 to ≤ 8.0. Therein, while the ES segments are not in perfect descending order, there 

is a clear inverse relationship between engagement score and the instances of single 

investment option accounts. Lastly, for age, a One-way ANOVA of customer age versus 

engagement score segment produces a p-value <0.05 confirming that there is statistical 

significance. Segments 1 and 2 are determined to be similar, but different from 

segments 3 and 4. This result for age could be interpreted as older customers have 

higher engagement than younger customers. 

Score Count Balance Age 1 Option % Male
0 to ≤ 2 41 100,463$  48.70 59% 37%

2.01 to ≤ 4.0 137 126,856$  51.79 60% 41%
4.01 to ≤ 6.0 519 200,163$  54.89 45% 57%
6.01 to ≤ 8.0 301 279,285$  55.20 37% 66%
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Table 9 - Superannuation engagement segment by switching rate 

Turning then to observe the interaction between the calculated ES segments and 

behaviour, we analyse against activity in the fund. Firstly, we observe change of 

investment options (switching), where segment 4 has a substantially higher rate of 

changing investment options (refer to table 9) than in the other segments. There, almost 

1 in 4 (24.81%) customers in the segment changed their investment option at least once 

in 2017. Whereas, only 2.56% of customers in segment 1, and 3.85% of customers in 

segment 2 switched investment options. Secondly we observe instances of customers 

making additional contributions. There, we identify incremental change to the rate of 

additional contributions, lowest in segment 1 (10.26%) and highest in segment 4 

(35.93%). Thirdly, we observe customer usage of the secure online portal of the 

superannuation fund. Customers can use this portal to engage with their superannuation 

investment. We identify the same pattern of engagement behaviour (refer to table 10). 

Customers most likely to not login at all in 2017 are in segments 1 and 2. Customers 

most likely to log in and to do so more than ten times are in segment 3 and 4.  

 

Table 10 - Superannuation engagement segment by online portal login 

Lastly, we observe customers calling the superannuation fund contact centre. The 

pattern again repeats, with segment 4 customers most likely to call more than once in 

2017. Whereas segment 1 customers are most likely to have not called at all (refer to 

table 11). 

 

Table 11 - Superannuation engagement segment by call centre contact 

 

Segment 1 (%) Segment 2 (%) Segment 3 (%) Segment 4 (%) Total (%)
Switch 2.56 3.85 11.18 24.81 13.53

Segment 1 (%) Segment 2 (%) Segment 3 (%) Segment 4 (%) Total (%)
No Login 64.1 64.74 36.29 13.33 35.57

< 10 35.90 29.49 39.45 28.52 34.50
≥ 10 0.00 5.77 24.26 58.15 29.93

Segment 1 (%) Segment 2 (%) Segment 3 (%) Segment 4 (%) Total (%)
No Calls 69.23 59.62 58.44 54.07 57.83

Call Once 17.95 20.51 16.46 14.81 16.72
Call More Than Once 12.82 19.87 25.11 31.11 25.45
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6.8. Conclusion and Implications 

In summary, this research quantifies CE in a superannuation context for 1,028 

individuals who responded to our survey. We are able to recreate a number of 

commonly observed SE truisms such as: males are more engaged than females, people 

with higher account balances are more engaged than those with low balances, people 

who are engaged with their superannuation are more likely to make active decisions 

such as selecting multiple investment options, and older people are more engaged with 

their superannuation. More generally, this research demonstrates that SE is not binary, 

and that lazy stereotypes of superannuation customers as disengaged are no longer 

appropriate given the evidence that SE exists on a continuum and there are many 

superannuation customers who are knowledgeable about, involved with, and highly 

engaged in their superannuation. Now, opportunity exists to extend this research by 

quantifying SE for the other customers of the superannuation fund. It is likely that this 

will be achieved through the application of a supervised learning data mining approach 

that creates a model for the estimation of SE. If achieved, more can be done to help 

individuals who have low engagement and who are consequently on track for a 

retirement with a poor standard of living. 
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7. Data mining to quantify superannuation engagement 

Brownlow, J., Xu, G., Liu, S., Zhou, Z., Chu, C. (In Review), „Data mining to quantify 

Australian superannuation customer engagement‟, Australasian Marketing Journal 

 

7.1. Criticality to the Thesis 

In the context of the doctoral research, data driven quantification of Superannuation 

Engagement (SE) for each individual customer in a superannuation fund is novel and a 

significant technical challenge given the nature of the construct and the heterogeneity of 

data. A calculated score that reflects the SE of the customer, and that can be aggregated 

for the fund is both a critical differentiator, and a substantial opportunity to improve the 

retirement outcomes of the fund members.  

 

7.2. Introduction 

In Australia, superannuation is a tax concessional environment in which workers are 

encouraged to create wealth for future use as retirement income. Extant research has 

established positive correlation between the engagement a superannuation customer has 

with their superannuation fund and resultant retirement income adequacy and longevity. 

Critically, while the relationship has been established, existing classification of SE does 

not extend beyond general, qualitative classifications. Devoid of methods to 

quantitatively measure SE at any point in time for hundreds of thousands of customers, 

historically no opportunity existed for timely, large-scale measurement, and subsequent 

intervention. Then, by employing a data mining approach with customer survey, 

demographics, transaction, and interaction data from one of Australia‟s largest 

superannuation funds, we create a methodology to quantitatively measure SE: as a 

snapshot and in a time series, for individual fund members and collectively for the 

superannuation fund. Validated against existing SE hypotheses and against 

macroeconomic events, our research affords segmentation and intervention 

opportunities to target customer engagement (CE) in superannuation and thereby 

improve retirement outcomes. 
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7.3. Background 

Measuring engagement is defined as attempting to quantify the connectedness between 

a person and an agent or object (Calder and Malthouse 2008; Calder, Isaac, & 

Malthouse 2016). Researchers such as Van Doorn et al. (2010) provide theoretical 

support for such an endeavour. They surmise that individual characteristics can 

influence cognitive processes and decision making to such an extent that resulting 

engagement behaviours may be predicted. Comparatively, the constructs of CE have 

been more heavily researched than the measurement of CE. Brodie et al. (2011) assert 

that the measurement of engagement is a newer and more lightly researched area. This 

is confirmed by Islam and Rahman (2016) who identified that that some, but few 

attempts had been made by researchers to develop a scale of CE (e.g. Hollebeek, Glynn 

& Brodie. 2014; Vivek et al. 2014; So et al. 2014; Baldus et al. 2015). Further, the 

limited attempts to measure CE have chiefly been aimed at creating descriptive 

qualitative observations of engagement levels rather than quantification. This is also 

true in the superannuation context even with the most recently published research such 

as Deetlefs et al. (2018). Then, it can be observed that to date research has not been 

published on the quantification of SE – either specifically, or in a CE context that 

generalises to superannuation. 

To understand the lack of progress on quantifying SE, the complexity of the CE 

construct should be appreciated. Existing research has presented two main views on the 

CE construct. The first, more simplistic view is presented by researchers who contend 

that CE comprises a single dimension. Marbach, Lages and Nunan (2016) submit that 

where one dimension is employed to explain the CE construct (Van Doorn et al. 2010; 

Oviedo-Garcia et al. 2014); the dominant view is of CE as a behavioural manifestation. 

The second more complex view, contends that whilst behaviour is more observable and 

easier to identify as the manifestation of CE, it is more likely that a multi-dimensional 

construct exists with consideration required of additional emotional, cognitive, and 

social dimensions (Brodie et al. 2011, Vivek, Beatty, and Morgan 2012; Hollebeek 

2011). Whilst the former more basic construct may have validity in certain contexts 

such as retail purchase behaviour (Childers et al. 2001), it is unlikely that a single 

dimension could signal SE given both the apparent complexity and that an Australian 

worker may hold a superannuation investment across the length of their potentially 50 
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year working lifetime. Beneath the dimensions a secondary layer of CE attributes 

grouped by antecedents, concurrent factors, and consequences also requires 

consideration. The premise Van Doorn et al. (2010) put forward is that high (or low) 

levels of antecedent factors can lead to CE. For instance customer attitudinal factors 

such as satisfaction or specific goals likely increase CE. Also, they posit that individual 

customer traits are likely to affect both the likelihood and level of CE. Brodie et al. 

(2011) suggest that CE is a cyclical and dynamic process where relational consequences 

of CE may in turn become antecedent‟s in future iterative cycles. As an example, 

engagement may lead to participation, which may lead to involvement, which may then 

drive increased engagement. Brodie at al. (2011) also believe it to be possible that for 

different customers a factor that is an antecedent of CE for one customer may possibly 

be a factor is a consequence for the other. Also, CE changes over time, so Van Doorn et 

al. (2010) suggest that CE can be temporal where it may change between a momentary 

increase and then subside, or it may be ongoing. This type of view is supported most 

heavily by researchers who view CE as a behavioural only construct. That is, because 

their position asserts CE is demonstrated by behaviour, they theorise that CE is a binary 

state where a customer is either engaged or disengaged. For these researchers, there is 

no consideration to the quantification of CE on a spectrum or continuum. Yet at least in 

the context of superannuation, while CE may only manifest in behaviours such as 

transactions or queries, it is highly probable that significantly more than two 

engagement states exist. Brodie et al. (2011) contend that CE ranges from relatively 

stable to highly variable and exists on a spectrum from disengaged to engaged. As such, 

it would be possible to plot customers along a range of CE levels. 

Given a construct with such complexity, likely, if SE levels are to be quantified, it will 

be achieved through the application of data mining which has been defined as: “the 

process of discovering interesting patterns and knowledge from large amounts of data” 

(Han, Kamber & Pei, 2011, p. 8). Numerous statistical and mathematical techniques 

now commonly used within the process of data mining have origins that can be traced 

back to the 1950s. However, the formation and acceptance of data mining as a cohesive 

discipline occurred around the late 1980s and early 1990s. This observable development 

at that point in time of a set of tools and approaches to extract knowledge from data can 

be attributed to two critical information technology evolutions (Han, Kamber & Pei 
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2011). Firstly, the evolution of database systems that enabled greater storage and 

querying of data. Secondly, the evolution of inexpensive and readily accessible 

computational processing. Combined, these evolutions allowed approaches to analyse 

data to be more prolific and to shift focus from one of computational efficiency, to a 

focus on mining greater amounts of data with more insightful techniques for greater 

accuracy (Coenen 2011). The prominence of data mining and its importance to business 

intelligence continues to grow. In a range of settings and industries data mining has 

created knowledge that is of benefit to business and their customers (Han et al. 2007; 

Huang et al. 2015; Liu, Wu & Zhou 2009; Zheng et al. 2015) as data mining as a 

process is very adept at creating knowledge for businesses that is neither self-evident, 

nor easily discernable or discoverable by other means (Huang et al. 2008; Huang et al. 

2015; Zheng et al. 2015). Yet despite the evident value, in contrast with heavy 

application in other industries such as telecommunications, health, and retail, there is 

little evidence of data mining being applied in the research of CE or in particular to the 

challenge of understanding SE. 

Existing research states that firstly, the majority of Australians are disengaged with their 

superannuation (Agnew, Bateman & Thorp 2012; Ali et al. 2015; Bateman et al. 2014; 

Cheah et al. 2015; Clark et al. 2013; Delpachitra & Rafizadeh 2014; Gallery, Newton & 

Palm 2011; Gerrans et al. 2015). Secondly, this indifference is resulting in a significant 

number of Australians creating a retirement income that will neither afford them a 

comfortable retirement, nor last the length of their retirement (Ali et al. 2015; Burnett et 

al. 2014). This current failing of superannuation is then placing undue pressure on the 

federal tax system, and is creating sub-optimal retirements for Australians. To date, 

research into the indicators and drivers of CE in a general setting has been limited 

(Gummerus et al. 2012), and research to quantify engagement in any field is only lightly 

researched (Calder, Isaac, & Malthouse 2016). This is equally true for the 

superannuation context, where limited research of SE has resulted in only general 

characterisations existing about the factors that influence and indicate engagement. As a 

result, while there is existing academic agreement on the low level of engagement, the 

understanding of SE and of which particular investors are engaged and which are 

disengaged is poorly understood. Resultantly, the conclusions of existing research are of 

limited practical use as they are so vague in their findings (Bateman et al. 2014, Cheah 
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et al. 2015, and Clark et al. 2013). Likely this lack of precision is a result of the use of a 

combination of small samples (Delpachitra & Rafizadeh 2014), qualitative methods 

(Gerrans et al. 2015), and shallow analysis techniques (Agnew, Bateman & Thorp 

2012). As CE evolves over time; therefore there is a need for longitudinal observation 

(Menard 2002) rather than just cross-sectional study (Islam & Rahman 2016). The 

assertion from Islam and Rahman (2016) is that while numerous factors have been 

proposed by researchers as CE antecedents or consequences, most of these factors have 

only been proposed conceptually. Further, those studies that have looked to understand 

CE empirically are based on cross-sectional research (e.g. Bowden 2009; Gummerus et 

al. 2012; Brodie et al. 2013; Cabiddu et al. 2014; Cambra-Fierro et al. 2016).  

A significant opportunity exists to employ supervised learning techniques to achieve a 

data driven solution for quantifying SE. Such a solution would enable measurement 

remotely without need for involvement of the superannuation customer, efficiently 

either at any point in time or for alternatively for observation of change longitudinally. 

Quantification of SE would drive improved understanding of SE and enable the focus of 

research to move from conceptual argument to application of approaches that improve 

the retirement outcomes of Australian workers. 

 

7.4. Methodology 

In December 2017, a survey was conducted by the superannuation fund to quantify SE 

for 1,028 of its members (Brownlow, Liu & Xu 2019). While the SE of surveyed 

members can be determined, it is impractical to require every member to respond to 

such a survey. To measure the degree of engagement for all members, knowledge in the 

survey data must be extracted and generalised. In this work, we hypothesise that 

demographic, transaction, and interaction information can be used as a proxy to transfer 

the knowledge from surveyed members to all other members. To be specific, we 

propose to create a SE prediction model through machine learning algorithms 

supervised by the survey data. The SE prediction model will be applied to quantify SE 

of an additional 229,465 members of the superannuation fund. Though the ground truth 

SE of non-surveyed members remains unknown, we validate the prediction against 

existing SE hypotheses and macroeconomic events in the Australian economy for the 
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period between 2013 and 2019. The rest of this section describes details about the 

predictive modelling and validation strategy. 

7.4.1. Modelling Engagement Score 

In this study, the demographic, transaction, and interaction information are represented 

by 75 variables. Considering this data dimension together with the limited number of 

surveyed members, simple models such as linear regression can easily overfit or 

underfit and are unable to model the interactions among demographic, transaction, and 

interaction variables. Therefore, we propose to employ the Gradient Tree Boosting 

(GTB) (Chen & Guestrin 2016) algorithm for its capability of modelling high-order 

non-linear interactions on small sets of data. The approach of GTB is similar to the 

well-known Random Forest method (Liaw & Wiener 2002), which ensembles multiple 

decision trees to make a final decision. However, instead of building multiple trees at 

the same time, GTB takes a boosting strategy. The model starts with creating one 

decision tree, and then builds and includes subsequent trees focusing on difficult 

examples (i.e., incorrectly labelled by previous trees). In this way, trees are built 

sequentially and incorporated into an ensemble model. More specifically, the following 

objective function is used: 

    ∑ (    ̂ 
( )
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 ∑ (  )

 

   

 

where the first term gives the prediction errors between the ground-truth    of each 

sample   and the prediction  ̂ 
( ) of the tree   . The second part is the regularisation term 

controls the complexity of every tree   . The function  ( ) is the loss function and mean 

squared error (MSE) is used in our study. The prediction by tree    is obtained 

recursively: 
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which eventually reduces to the first tree   (  ). 

Once the trees are built and ensembled, the predictions can then be made. One 

advantage of the tree-based model is its interpretability. Though not as transparent as 
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linear models, the importance of each feature (variable) can be extracted by examining 

the tree structures. For example, the following two metrics can be used for our model: 

i Gain: calculate the average information gain of all node splits of each feature. 

This metric shows the importance of each feature for making base predictions, 

i.e., reasonable predictions can be obtained with the set of high-gain features; 

and 

ii Coverage: calculate the total number of times each feature is used in the nodes 

of the trees to split the data. The coverage indicates the contribution of each 

feature to the further refinement of the reasonable predictions of high-gain 

features. 

7.4.2. Validation Strategy 

Calculated SE scores for 1,028 survey members (Brownlow, Liu & Xu 2019) are used 

as labels to train the GTB model. Though the trained GTB model can predict for the rest 

of the members, the validity of the predictions needs to be verified differently given the 

ground truth is unknown. In this research, we validate the predictions of unlabelled data 

by checking the predictions against existing SE hypotheses and macroeconomic events. 

For example, it is generally agreed by superannuation researchers such as Clark et al. 

(2013) that account balance is positively associated with the level of engagement; 

similarly researchers such as Bateman et al. (2014) suggest age to be positively 

correlated with SE. Bateman et al. (2014) also identify interactions a member has with 

their fund as being indicators of engagement. Such interactions that we can analyse 

include using online access to the fund, and calling the contact centre of the fund. In 

addition to testing the validity of our predictions against such hypotheses, we will also 

analyst the prediction validity against macroeconomic events that are expected to affect 

the engagement of superannuation members. For instance, given the breadth of not only 

industry but also mainstream media coverage during the Australian “Royal Commission 

into Misconduct in the Banking, Superannuation and Financial Services Industry” 

(Hayne 2018), it is reasonable to hypothesise that fund members increased their SE 

during 2018. Then, if our approach to predicting SE scores is effective, we expect that 

our scoring would reflect (toward the end of 2018 given the relevant timing of events 
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within this particular Royal Commission) an increase to the cumulative average of SE 

within the fund. 

To observe the associations, the engagement score is processed in the following way: 

when displaying scores for groups of members, then the originally predicted scores are 

used for aggregation; when displaying scores for individual members, then the ranking 

of engagement score is used, e.g., ranked top 10% among all members. This helps 

distinguishing clusters of members having very close scores. 

 

7.5. Results 

7.5.1. Dataset 

Besides the 1,028 surveyed members, an additional 229,465 unlabelled members are 

included in our experiment. Noting that members who have held an account with the 

superannuation fund for less than 12 months have been excluded from the analysis. For 

longitudinal analysis, we obtained snapshots of each member‟s account from December 

2013 to June 2019 with an interval of 6 months. This resulted in a total of 3,011,819 

account snapshots; each will be predicted by the GTB model. To describe the 

population of unlabelled members: as shown in Table 1, the majority are aged from 

  

Table 1 – Dataset composition by age 

50-59 (28.2%), followed by 40-49 year olds (25.5%); the split of account balances (as 

shown in Table 2) is largely between $10,000 and $49,999 (28.5%) followed by 

balances between $50,000 and $99,999 (23.0%); for gender, 56.17% are male, and for 

 

Table 2 – Dataset composition by account balance 

tenure of account (refer to Table 3) the majority of members have held their account for 

between 10 and 15 years (28.01%), followed by 6 and 8 years (17.61%). 

<20 20-29 30-39 40-49 50-59 60-69 70-79 80-89
Age 0.1% 3.6% 17.1% 25.5% 28.2% 21.1% 4.2% 0.2%

<10,000 10K-49,999 50K-99,999 100K-199,999 200K-499,999 500K-999,999 >1M
Balance 12.3% 28.5% 23.0% 20.5% 12.8% 2.5% 0.4%
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Table 3 – Dataset composition by account tenure 

 

7.5.2. Cross-validation Results 

Ten-fold-cross-validation was employed to validate the GTB model on the survey data 

as well as for parameter tuning. The mean absolute error averaged over ten folds is 

0.9826, and the mean squared error averaged over ten folds is 1.6012. 

7.5.3. Distribution 

Overall the predicted engagement score follows a Gaussian distribution as shown in 

Figure 1: 

 

Figure 1 - Distribution of predicted engagement scores 

A distribution of SE with a high peak is not unexpected for two reasons: i. The model is 

predicting values based upon a labelled population 0.45% the size of the unlabelled 

population (i.e. 1,028 into 229,465); and ii. The labelled samples also display a similar 

pattern of distribution. Analysing the predicted results further (as shown in Figure 2), 

the predicted SE can be observed in a range of 5.83 with a minimum of 1.84 and 

maximum of 7.67, having a mean of 4.41, a median 4.35, a mode of 4.45, a standard 

deviation of 0.67, a positive kurtosis of 0.67, and a positive skewness of 0.47. 

Separating the SE into four segments: segment 1 0.25 to ≤ 2.0, segment 2 2.01 to ≤ 4.0, 

1-2 2-4 4-6 6-8 8-10 10-15 15-20
Tenure 7.11% 14.85% 17.61% 18.12% 12.56% 28.01% 1.71%
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segment 3 4.01 to ≤ 6.0, and segment 4 6.01 to ≤ 8.0, 0.002% of respondents fall in 

segment 1 while 71.4% are situated in segment 3. Clearly while there is a good range of 

SE created by our method, the distribution into four equally measured segments of SE is 

not even and not as well distributed as the results of Brownlow, Liu & Xu (2019). 

Irrespective, a normal distribution of SE can be observed with acceptable kurtosis in 

both Figure 1 and Figure 2: 

 

Figure 2 – Calculated SE score by number of customers 

By observing differences based upon account balance, age, single investment option, 

and gender, we analyse further the customers comprising the four engagement score 

based segments (the summary results are shown in Table 4). 

 

Table 4 - Customer attributes of SE score by scoring band 

Upon excluding the results for the customers in the SE band 0 to ≤ 2.0 (given only 5 

customers had a predicted value in that range), immediately a number of simple 

observations can be observed for the three SE score segments. Firstly, the average 

account balance is lowest for customers with an engagement score from 2.01 to ≤ 4 at 

$55,025 and increases for each engagement score range: to $132,983 for ES of 4.01 to ≤ 

Score Balance Age % Male 1 Option
2.01 to ≤4 55,025$     42.82 48% 61%
4.01 to ≤6 132,983$   53.75 58% 42%
6.01 to ≤8 229,594$   54.63 77% 6%
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6.0, and $229,594 for SE of 6.01 to ≤ 8.0. While it is not clear if account balance is an 

antecedent or a manifestation of SE, it is clear that our prediction model is predicting 

customers with higher account balances to have higher SE. A One-way ANOVA of 

account balance versus SE score segment confirms statistical significance with a p-

value < 0.05. Secondly, the percentage of male customers is lowest for customers with 

an engagement score from 2.01 to ≤ 4 at 48% and increases for each engagement score 

range: to 58% for SE of 4.01 to ≤ 6.0, and 77% for ES of 6.01 to ≤ 8.0. Again, it is clear 

that our prediction model is identifying males as having higher SE than females. This is 

confirmed by employing a Chi-Square Analysis using Cross-Tabulation of engagement 

score segment and gender to produce a p-value < 0.05. Thirdly, the percentage of 

customers who have their superannuation account invested in a single investment option 

is highest for customers with an engagement score from 2.01 to ≤ 4 at 61%, lower at 

42% for SE of 4.01 to ≤ 6.0, before substantially reducing to 6% for SE of 6.01 to ≤ 8.0. 

Therein, there is a clear inverse relationship between SE score and the instances of 

single investment option accounts. Lastly, for age, a One-way ANOVA of customer age 

versus engagement score segment produces a p-value <0.05 confirming that there is 

statistical significance. Segments 4.01 to ≤ 6 and 6.01 to ≤ 8 are determined to be 

similar, but different from segment 2.01 to ≤ 4. This result for age could be interpreted 

as older customers have higher engagement than younger customers but that would be 

an oversimplification. 

Turning then to observe the interaction between the calculated SE score and behaviour, 

we analyse against activity in the fund. Firstly, we observe change of investment 

options (switching), where the 6.01 ≤ 8 band has a substantially higher rate of changing 

investment options (refer to Table 5) than in the other segments. There, almost 1 in 4 

 

Table 5 – Rate of changing investment option by SE score band 

(24.34%) customers in the scoring band changed their investment option at least once in 

the 12 months from July 2018 to June 2019. Whereas, only 9.91% of customers in the 

scoring band 2.01 to ≤ 4, and 10.40% of customers scored between 4 to ≤ 6 switched 

investment options. Secondly, we observe customer usage of the secure online portal of 

2.01 to ≤ 4 4.01 to ≤ 6 6.01 to ≤ 8 Total
Switch 9.91% 10.40% 24.34% 10.60%
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the superannuation fund. Customers can use this portal to obtain information about their 

superannuation investment. We identify the same pattern of engagement behaviour 

(refer to Table 6). Customers most likely to not login in are in the score band 2.01 to ≤ 4 

where 97% of these customers did not login.. As unlikely as these customers are to 

login, the customers scored from 6.01 to ≤ 8 are almost as likely with 88% of them 

logging in during the 12 months from July 2018 to June 2019. This is a significantly 

different result given 80% of the customers in the unlabelled dataset did not login once. 

We are then observing a very different login behaviour in the customers who are scored 

from 6.01 to ≤ 8. 

 

Table 6 – Online portal login recurrence by SE score band 

Lastly, we observe customers calling the superannuation fund contact centre. The 

pattern again repeats, with the band 2.01 to ≤ 4 customers most likely to not call – only 

1 in 10 customers called the contact centre in the 12 months to June 2019. That 

compared to band 6.01 to ≤ 8 customers where 1 in 3 customers called the contact 

centre (refer to Table 7). 

 

Table 7 – Call centre contact recurrence by SE score band 

7.5.4. Association and Longitudinal Analysis 

The first hypothesis we test is the positive correlation between account balance and 

engagement. The hypothesis is founded in the popular notion that customers will have 

lower engagement when their account balance is lower. It follows that the hypothesis 

exerts SE will be higher when the account balance of the customer is higher. Even 

superficially such an argument appears logical. That is to say, given the balance of the 

superannuation account is one day going to provide funding for the retirement income 

2.01 to ≤4 4.01 to ≤6 6.01 to ≤8 Total
No Login 97% 76% 2% 80%

<10 3% 18% 10% 14%
≥10 0% 6% 88% 6%

2.01 to ≤4 4.01 to ≤6 6.01 to ≤8 Total
No Calls 90% 79% 67% 81%

Call Once 7% 13% 16% 11%
Call More Than Once 3% 8% 17% 7%
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of the Australian worker, it stands to reason that the customer would become more 

engaged when there are more funds at stake. This is supported by the research of Clark 

et al. (2013) who identified differences in behaviour (more activity vs. less) for 

superannuation customers who hold larger account balances. 

Then, the two variables relating to the first hypothesis (account balance vs 

superannuation engagement) are shown in Figure 3: 

 

Figure 3 - Relationship between account balance and SE score 

Note that account balances have been rescaled to 0-1 (0 being the lowest balance and 1 

being the highest). Each point in the plot then represents a group of members having a 

similar balance, and the y-axis shows the average SE score of the group. In agreement 

with the hypothesis of superannuation academics, Figure 3 clearly shows positive 

correlation between account balance and the predicted SE score. Noticeably, the plot is 

not linear; rather the chart displays a U-shape curve of SE. This pattern of engagement 

for superannuation was predicted by Van Doorn et al. (2010) and the result is explained 

with a theory that customers with a low balance would have higher SE as a substantial 

percentage of low balance customers would be in the process of joining the fund and as 
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such they would likely have higher engagement. Over time, that level of engagement 

then decreases before increasing later as the value of the account increases. 

The second hypothesis to be tested is that engagement should vary by age. The 

relationship between age and engagement is shown in Figure 4. Each point in the plot 

represents a group of members having a similar age, and the y-axis shows the average 

engagement score of the group. This plot shows that people start to have consistently 

increasing engagement since from age 35 toward 70. However, the level of engagement 

 

Figure 4 - Relationship between SE score and age 

varies for people younger than 35 or older than 70. An argument can be put forth that 

SE scores when viewed through a lens of age is multi-modal because younger 

customers are joining a fund and as such have a period of increased SE. Their level of 

SE then is reduced (especially in the mid-thirties), to increase again at two critical 

phases in an individual‟s retirement journey: i. the commencement of planning for 

retirement in the mid-40‟s; and ii. the onset of retirement from the late-fifties. 

Engagement with superannuation may be high in the early phases of joining a fund, and 

then would likely subside until the onset of retirement whereupon it would increase to a 

higher level of engagement. Interestingly, Figure 3 demonstrates than SE levels are even 
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higher for older (~64+ years of age) customers than those customers who have higher 

engagement when they are younger (~20 years of age). Nicely, this provides support for 

the validation of our model as this can be easily explained that the SE level of older 

customers is higher than at commencement given the immediacy of the benefits (in the 

phase transition from superannuation accumulation to the commencement of a paid 

income stream). That the result for age vs. SE score is less obvious than account balance 

vs SE score is validated by the research of Bateman et al. (2014) who posited that age is 

not significant for determining engagement with superannuation as it is likely 

moderated by a number of other factors. 

 

Figure 5 - Relationship between SE score and login frequency 

The third hypothesis to be tested is the theory that members with a higher level of 

superannuation engagement will tend to interact with their accounts more frequently, 

e.g., log into the online portal for account enquiry and management. Such a belief is 

supported by Bateman et al. (2014), and Deetlefs et al. (2018) and from our experiment, 

we confirm this is partially true. Figure 5 shows the relationship between SE score and 

login frequency. We observe that there is a strong positive relationship between the 

engagement and login frequency for the top 20% of members with the highest SE score. 

However, for the bottom 80% of members, the login frequency is consistently low and 
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there is not much difference among them. Irrespective, we can observe that our 

prediction model is discriminating the SE level of customers based upon the frequency 

of them logging into the secure online portal of the superannuation fund. 

For the final experiment, we test a hypothesis put by Van Doorn et al. (2010). They 

surmised that that it was possible for context-based antecedents (e.g. political and 

environmental) to impact upon the CE level of an individual. The notion that 

macroeconomic events can affect the SE level of superannuation members is without 

support amongst superannuation academics. This lack of academic arguments linking 

macroeconomic events to changes in the engagement of superannuation members is 

unsurprising for two reasons: i. the common assertion in the literature is for widespread 

disengagement of superannuation members which makes it highly unlikely for an  

 

Figure 6 – Overall averaged fund engagement over time 

argument to be formed that macro events would create a change in engagement; and ii. 

the to-date lack of an instrument with a measurement scale sensitive enough to be able 

to measure broad quantitative changes to levels of SE. Given our view that 
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disengagement is over estimated, and that we have developed an instrument to measure 

change at scale, we attempt to test this hypothesis. 

To validate this argument, the trained GTB model is applied to 3,011,819 account 

snapshots from 2013 to 2019. The predicted engagement scores are then aggregated per 

timestamp and are shown as a box plot in Figure 6. Overall, the level of engagement for 

the superannuation fund as a whole is quite smooth except for the peak in December 

2018. Looking initially at the December 2018 spike, an argument can be put that the 

increase in levels of SE is due to the Australian “Royal Commission into Misconduct in 

the Banking, Superannuation and Financial Services Industry” event (Hayne 2018). 

Specifically, the median engagement score in December 2018 is 4.87, which is 14% 

higher than the median engagement score of 4.27 for the rest of the observations. The 

Royal Commission focused on Superannuation in April to June 2018 and generated an 

unprecedented level of coverage in Australian media. Therefore is it satisfying to see 

our model showing a change in the overall engagement level of the fund in the correct 

timestamp „2018-12‟ in Figure 6. Correspondingly, increased activity (that would be the 

result of increased engagement) is confirmed by Mather (2019) who informs that in the 

resultant activity, outflow from retail funds (most impacted by the Royal Commission) 

tripled year on year from 2017 to 2018. It is then undeniable that the behaviour of 

superannuation members changed in 2018 resulting in a shift in the flow of funds within 

the superannuation industry. Pleasingly our model identified the increased engagement 

from members with their superannuation funds. Then, in this final experiment, given the 

capability to identify change at the aggregated fund level, we can conclude two 

statements: i. that our method for calculating the quantitative level of SE is valid; and ii. 

that the SE level of Australian superannuation members is impacted by macroeconomic 

events. 

Feature Importance 

Table 8 and Table 9 show the most important features in our model for determining the 

SE score. The ten features in Table 8 are generally the most important features for 

quantifying SE. Following, the ten features in Table 9 are the top “nice-to-have” 

information to quantify the SE score more precisely. 
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Analysing the ten most important features (as shown in Table 8), five features are 

related to direct interaction with the fund by the member: Login Frequency, Login 

Recency, Call Recency, Option Changed, and Postcode Change. Two features are basic 

details about the member: Female (Gender), and Number of Accounts. Another two 

features relate to the nature of the advised (financial planner) involvement on the 

member account: Adviser Revenue Frequency, and Adviser Revenue Types. The last 

feature is related to the performance of the account: Account Growth. This feature is a 

Feature Gain 

Login Frequency 0.1269 

Postcode change 0.0546 

Login Recency 0.0480 

Number of Accounts 0.0293 

Adviser Revenue Frequency 0.0290 

Female 0.0266 

Adviser Revenue Types 0.0261 

Option Changed 0.0253 

Call Recency 0.0247 

Account Growth 0.0225 
 

Table 8 - Top features measured by average information gain 

by-product of the decisions of the member and the performance of the economy and 

fund manager. Interestingly, we do not see features such as age, or account balance, or 

additional contributions in the top ten features. This is telling given the common 

narrative and historical study of SE in Australia. 

Turning then to the ten features (as shown in Table 9) that help to improve the precision 

of our predictions, we only observe three repeating features (Option Changes, Adviser 

Revenue Types, and Call Recency) with seven different features. Of the seven different 

features, five are related to contributions: Spouse Contribution Amount, Contribution 

Feature Coverage 

Option Changed 0.0375 
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Insurance Stopped 0.0375 

Spouse Contribution Amount 0.0375 

Adviser Revenue Types 0.0375 

Contribution Recency 0.0373 

Call Frequency 0.0371 

Spouse Contribution Recency 0.0366 

Rollover Recency 0.0361 

Salary Sacrifice Amount 0.0355 
 

Table 9 - Top features measured by average times the feature appeared across trees 

Recency, Spouse Contribution Recency, Rollover Recency, and Salary Sacrifice 

Amount. The remaining two features for precision are: Option Changed and Insurance 

Stopped – both of which are historically anecdotally and logically strong indicators of 

engagement activity in superannuation. 

 

7.6. Discussion and Conclusions 

First and foremost, we have demonstrated that superannuation engagement levels can be 

meaningfully quantified. Such an outcome is important to the superannuation industry: 

for the members, the superannuation funds, and for policy makers. Such quantification 

can be achieved through a process of data mining that allows for the sophisticated 

consideration of large datasets of many heterogeneous features. The resultant calculated 

SE values can be used at any point in time to distinguish customers on the basis of 

differing behaviour, interactions, and ultimately their retirement income outcome. 

Opportunity now exists to investigate and empirically validate causal relationships 

between SE and potential factors (Islam & Rahman 2016). Also to demonstrate how 

different customer segments can be developed to understand and manage customers 

based on variance within SE so that the retirement outcomes of Australian workers can 

be improved. 

Secondly, the existing generalisations of Australian superannuation members as 

disengaged are untrue and critically unhelpful to the development of a full 
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understanding of the SE construct. For example, an absence of interaction with or 

activity in an account should not be taken to be a sign of disengagement. The nature of 

SE is obscure and requires erudite and committed research to understand it. Overt 

behaviour that is easy for academics to access or observe should not be lazily relied 

upon as the only indicator of SE. Lessons need to be taken from engaged 

superannuation members and to understanding why they have greater engagement with 

their superannuation than that of their peers. 

Finally, our findings are encouraging. They illustrate that people care about their 

superannuation and funding their retirement. More needs to be done to help people to 

understand how they can maximise their retirement outcomes. 

 

7.7. Appendix 

An explanation of the top features in the model from section 7.5.3 follows: Login 

Frequency – the number of times the superannuation customer logged into the 

superannuation fund secure online portal in the 12 month period; Postcode Change – a 

change of postcode on the customer account in the 12 months; Login Recency – days 

since customer last logged into the superannuation fund secure online portal; Number of 

Accounts – total number of accounts belonging to the same customer; Adviser Revenue 

Frequency – the number of months in the 12 in which the financial adviser charged fees; 

Female – account gender is female; Adviser revenue types – number of types of adviser 

fees charged in the 12 months; Option Changed – a change in the 12 months to the 

investment selection of the account; Call Recency – days since the last inbound call 

from the customer; Account Growth – percentage of the customer‟s account that was 

invested in growth assets at the end of the 12 months; Insurance Stopped – the account 

had insurance (Death or Total Permanent Disability) at some point during the 12 

months, but not in the last month; Spouse Contribution Amount – total amount 

contributed in the 12 months by the spouse of the account holder; Contribution Recency 

– days since last contribution; Call Frequency – number of inbound calls from the 

customer; Spouse Contribution Recency – number of days since last contribution made 

by the spouse of the account holder; Rollover Recency – number of days since last 
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inbound rollover into the account; Salary Sacrifice Amount – total dollar amount 

contributed into the account through salary sacrifice contributions. 

A full list of features used in the construction of the model: Postcode; Channel; Gender; 

Age; Number of Accounts; Account Tenure; Account Balance; Number of Investment 

Options; Type of Online Access; Statement Preference; Marketing Preference; Returned 

Mail Count; Retained Benefit; Block Flag; Has Email; Has Work Telephone; Has 

Mobile; Number of Contacts; Change in Number of Accounts; Change in Account 

Balance; Change to Number of Investment Options; Change in Number of Contacts; 

Ratio of Change in Number of Accounts; Ratio of Change in Account Balance; Ratio of 

Change in Number of Investment Options; Postcode Change; Number of Changes to 

Adviser; Change of Email; Change of Home Telephone; Change of Work Telephone; 

Change of Mobile Telephone; Change of Type of Online Access; Change of Statement 

Preference; Change of Marketing Preference; Change of Investment Option; 

Performance of Account; Account Growth; Change in Account Growth; Customer 

Tenure; Number of Accounts Closed; Frequency of Changing Adviser; Change of 

Adviser Recency; Frequency of Changing Dealer; Change of Dealer Recency; 

Frequency of Login; Login Recency; Call Frequency; Call Recency; Outflow 

Frequency; Outflow Recency; Outflow Amount; Outflow Ratio; Frequency of Adviser 

Revenue; Adviser Revenue Amount; Adviser Revenue Recency; Adviser Revenue 

Types; Insurance Frequency; Insurance Amount; Insurance Recency; Insurance 

Stopped; Insurance Types; Superannuation Guarantee Frequency; Superannuation 

Guarantee Amount; Superannuation Guarantee Recency; Superannuation Guarantee 

Stopped; Salary Sacrifice Frequency; Salary Sacrifice Amount; Salary Sacrifice 

Recency; Spouse Contribution Frequency; Spouse Contribution Amount; Spouse 

Contribution Recency; Personal Contribution Frequency; Personal Contribution 

Amount; Personal Contribution Recency; Rollover Frequency; Rollover Amount; 

Rollover Recency; Other Contribution Frequency; Other Contribution Amount; Other 

Contribution Recency. 
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8. Conclusion 

Oblander et al. (2019) make the claim that “the success of a business depends on its 

ability to effectively manage relationships with its customers, including attracting new 

customers and retaining and upselling existing customers.” (p.1). Accurately modelling 

and ultimately influencing the acquisition, engagement and retention behaviour of 

customers is a source of advantage for a business to be successful, possibly even more 

so in the mandated savings infrastructure of the Australian superannuation industry. 

Given the compulsory nature, a superannuation fund does not need to create a customer 

given they already exist. Yet, data mining has an increased role to play in 

superannuation to help funds to understand their customers and how to maximise 

retirement outcomes for those customers. New data is being proliferated via the internet 

of things and future research will assist with understanding which of these data is 

predictive for superannuation engagement and outcomes. Undoubtedly though, 

advances in data mining and the application of new and different sources of data 

(especially unstructured) in not only supervised but also semi and unsupervised learning 

will play a large part in creating the insights and learning‟s that improve the retirement 

outcomes of Australian workers. In the research I apply data driven techniques to move 

forward the understanding of superannuation customers and their behaviour. 

 

8.1. Findings 

A number of contextual factors are critical to understanding the nature of this research 

and its conclusions. To begin, the population of Australia is ageing, rapidly transitioning 

toward an increasing percentage of the population being retired from the workforce. For 

those retirees, the means tested federal tax funded government pension is meagre and 

barely provides income to support even the most modest retirement lifestyle. When 

superannuation was mandated by the federal government over a quarter of a century 

ago, it was intended to be a means for individuals to self-fund their retirement. Then and 

now it stands to reason that a self-funded retirement should afford an increased standard 

of living and would also reduce pressure on government funding. Extant academic 

research in the public domain for almost ten years has demonstrated a lack of 

engagement from customers with their superannuation results in poor retirement income 

adequacy and longevity. The explanation provided for this pattern is that customers are 
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not engaged enough with their superannuation to make the necessary actions to 

maximise their retirement outcomes. A problem pattern in isolation, the extant academic 

research shows that the issue is compounded as many Australian workers are 

disengaged from their superannuation. This research intended to provide solutions long 

lasting system wide problems in the Australian superannuation industry: under-

investment by customers, unnecessary churn, and a perceived lack of customer 

engagement. 

This research had four objectives all centred on the application of data driven 

techniques to the management and understanding of customers in the setting of 

Australian superannuation. The first objective was to develop a multiple source based 

transfer learning framework that would improve the learning performance of predictive 

models given the ability to extract knowledge of both data and models from multiple 

source domains for application in a target domain. The second objective was the 

development of a novel ensemble based learning approach that considered multiple 

sampling approaches to account for weighting variance of multiple classes in a churn 

prediction model. The third objective was to develop and conduct a survey to analyse 

levels of superannuation engagement. In doing so the aim was to obtain class labels and 

to identify predictive variables of superannuation engagement. The fourth objective was 

to utilise the dependent and independent variables obtained from the investor survey to 

develop a data mining process that quantified investor superannuation engagement. 

Each of the four outcomes successfully completed resulted respectively in the following 

deliverables: 

i. In the context of superannuation acquisition, a demonstrated novel approach 

to transfer learning which is an efficient classification methodology well-

suited to supervised learning when only a small number of labelled instances 

exist on which to learn a model; 

ii. A novel data driven methodology for dealing with the dual issue of class 

imbalance and cost-sensitivity. Such is the nature of attrition in 

superannuation that customers who churn are the minority class, it also 

occurs that the cost of churn is not equal. As a result the outcomes of this 

research delivers a solution for modelling customer attrition that is cost-
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sensitive for incorrect predictions and also highly accurate despite a small 

percentage of accounts to learn on; 

iii. New knowledge driven by data of Australian superannuation CE, including 

insights that stakeholders of SE do not need to rely on anecdotal and 

unsophisticated measures of superannuation engagement. It is now clear that 

SE is not binary and should therefore superannuation customers should not 

be lazily categorised as „engaged‟ or „disengaged‟, rather SE exists on a 

continuum, where it is not constant and that in contrast with the extant 

thinking and beliefs, many customers are engaged with their superannuation 

– and in fact many Australian superannuation customers are very 

knowledgeable about technical aspects of the superannuation framework and 

as such highly engaged with their superannuation; and 

iv. The development of a novel method for the meaningful and efficient 

quantification of CE via data mining techniques. The resultant quantification 

allows for tailored interaction with superannuation customers based on their 

level of SE. It also creates an opportunity for the investigation of the SE 

construct and its impact on superannuation customer outcomes. 

From this thesis, it can subsequently be concluded that data mining can be applied to 

create novel information in the context of superannuation. Through such an approach, 

this research has demonstrated that SE can be meaningfully and efficiently quantified. 

Consequently, the level of engagement an individual has with their superannuation can 

made transparent. In knowing the superannuation engagement levels of the 

superannuation fund members, opportunity now exists for CFS to tailor interactions 

with the members of the fund predicated upon the quantified SE level of the customer. 

For instance, for individual retirement outcomes to be maximised, superannuation 

customers with low engagement would warrant different services and communication to 

those with high engagement. Our development of a data driven methodology to enable 

observation of engagement is an important achievement and a substantial breakthrough 

in the superannuation industry. 
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8.2. Opportunities for future research 

Opportunities to extend this research with future study include quantifying the effects of 

engagement against outcomes that are important within the context of superannuation. 

Once the factors that influence investor engagement and changes within it have been 

quantified and their impacts observed on critical outcomes, the opportunity and intent is 

to predict outcomes for individual customers. Outcomes should be viewed from two 

perspectives. In the first instance, from the perspective of the customer, the 

superannuation balance at retirement is the most important outcome given it heavily 

determines the longevity and adequacy of the individuals‟ retirement income. In the 

second, from the perspective of the fund, the overall funds under management (FUM) 

are an important measure given it determines revenue for the business. In both 

perspectives, the commonality is that a number of investment choices (such as option, 

or additional contributions, or main superannuation fund) determine the outcome. The 

obvious next research issue then is to demonstrate the effect of engagement levels on 

account balance and FUM. Additionally, another obvious opportunity for future 

research echoed recently (Van Tonder & Petzer 2018) but unanswered is to confirm the 

construct of superannuation engagement; what are the antecedents and what are the 

consequences. Such information is critical to being able to prescriptively improving 

superannuation engagement levels. This information would be invaluable for 

superannuation funds and to government so that critical intervention can be 

implemented to assist customers who have critically low levels of superannuation 

engagement. Opportunity also exists for the policy makers to review standards 

especially with regard to defaults that enable low engagement. Equally, education can 

now be targeted to those customers who require assistance to engage sufficiently with 

their superannuation investment. In closing, the data driven knowledge created by this 

thesis, allows for changes in the superannuation industry that would improve the quality 

(adequacy and longevity) of Australian workers retirement outcomes. 
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