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Executive summary
Artificial intelligence (AI) and machine learning (ML) applications now quietly power
countless automated decision-making, and predictive processes, across university business
areas and throughout the student lifecycle. The recent challenge of the COVID-19 crisis, and
the emergency shift to online learning, has also notably increased institutional interest in the
adoption of AI/ML “business solutions.” While advanced data analytics techniques can be
responsibly deployed to advance student equity interests, if adopted uncritically they can
also amplify social inequalities and historical injustice, often by stealth. Moreover, it is
increasingly difficult for non-specialist university leaders and decision-makers to anticipate
how the AI/ML applications their institutions adopt may be working to undermine their own
strongly held commitments to student equity and diversity. The proprietary nature of
commercial analytics-powered products and services can also serve to frustrate a
university’s attempts to audit the impact of these processes on equity students and equity
interests more broadly.
In this report we identify the potential benefits of advanced analytics for student equity, and
the institutional and cultural changes required for such potential to be fulfilled. We also
argue, however, that the growing use of analytics involves risks and threats to student
equity, further underlining the importance of institutional change, including educative and
regulatory reform. We begin this report by providing a brief overview of the uses of advanced
analytics within the higher education context. Analytic techniques now inform vast areas of
the university and traverse the whole student lifecycle: from the recruitment and admissions
of prospective students, through to the building of employability profiles of graduates. Part 1
also reviews many of the important conceptual and practical challenges involved in the
quantification or datafication of equity, and equity cohorts, within the Australian context.
In Part 2 of this report, we outline the potential of analytics to protect and advance student
equity. We highlight at least three related ways in which improved outcomes might be
delivered for marginalised students, and for the broader cause of equity overall. First,
analytics can help us to discover discrimination, including within historical processes such as
admissions and course guidance. Second, analytics can help us to identify individual
disadvantage, and move beyond our reliance on group membership assumptions. In the
Australian context, this opportunity potentially enables institutions to move beyond the six
conventional equity groups to consider dynamic behavioural indicators at the individual level.
Proponents of analytics have long touted this capacity for a more sophisticated, individuated
understanding of risk and disadvantage. We note, however, that this is a complex and
contested area, and frequently requires consideration of protected characteristics, e.g.,
equity group membership, stereotype risks, and the perils of what has been called a “colour
blind” approach. Third, we argue that analytics provides an opportunity to assess emergent
and contingent forms of disadvantage, such as the impacts of COVID-19.
While the effective use of advanced analytics can demonstrably improve student equity, its
uncritical adoption, and a failure to maintain effective oversight, can result in a dramatic
undermining of equity goals. The report outlines these potential perils, across the four stages
of the machine learning lifecycle: 1) data collection and preparation; 2) model
building/learning or algorithmic training; 3) model evaluation and verification; and 4) model
deployment. We consider various forms of “data bias” including historical bias,
representation bias, measurement bias and aggregation bias, which can have the effect of
reifying stereotypes, misrepresenting individuals, and exacerbating inequity. Further risks
include “algorithmic bias” and interventions based on predictive analytics, such as tailored
communications to “at risk” student. These analytics-driven interventions may be either
ineffective or even counter-productive, in some cases leading to self-fulfilling prophecies of
failure. Threats to privacy are also rising and remain priority areas for ethical and equitable
implementation.
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Collectively, our analysis reveals that advanced analytics is widely used but not closely
monitored for its equity impacts throughout the university and its many business areas.
Where equity protections do exist, these are typically limited to the teaching and learning
functions of the university.
In the final section, we address the Fairness, Accountability and Transparency in Machine
Learning (FATML) movement and provide a brief account of its constituent elements and
limitations. While FATML typically focusses on technical aspects of machine learning, such
as mathematical definitions of algorithmic fairness, we argue that this focus is necessary but
insufficient to support student equity within the university. Defining, conceptualising, and
prioritising equity requires an understanding of existing structural inequity and the broader
frameworks in which advanced analytics operate. Such understanding itself requires
engagement with philosophical, political and policy questions, and the expertise of staff
outside the technology and analytics domains.
Ultimately, we highlight a pressing need for institutions to embed greater data literacy and
equity consciousness across their organisations. Harnessing the potential of analytics to
improve student equity requires a comprehensive institutional approach, and a range of
sophisticated strategies and practices. In our discussion we briefly address the need for
broader education and professional learning among both academic and professional staff.
While not every staff member needs to understand the technical processes of advanced
analytics, this knowledge needs to be distributed across the university, including within areas
responsible for many of the analytics-informed interventions, e.g., student support staff,
academic progression staff, and equity practitioners. Further initiatives could include greater
monitoring and evaluation of the deployment of advanced analytics and of data-informed
interventions. Such oversight could be partly provided by regulatory committees that embody
specialist knowledge and that might operate similarly to existing ethics committees. Greater
oversight and regulation should not, however, be an excuse for stifling institutional
innovation. A program of inclusive analytics should instead provide the appropriate
safeguards within which innovation can be leveraged to benefit all students in a spirit of
inclusivity. Advanced analytics provides both an opportunity and a threat to student equity.
Active engagement, education, and oversight are required to ensure that the emancipatory
promise of technology can be fulfilled in the present age of advanced data analytics.

Stephenson, Harvey & Huang

2

Recommendations
1.
2.
3.
4.
5.

6.
7.
8.
9.

That universities develop data analytics policies and procedures that protect equity
interests throughout the full student lifecycle and across all business areas.
That universities broaden distribution of analytic expertise, particularly within the DVC
(Academic) divisions.
That universities broaden distribution of equity and ethics expertise, particularly
including within data analytics (institutional research and performance), Information
Services, and ICT divisions of the university.
That universities increase professional education of staff, including academics,
engaged with analytics projects at each stage of the development and
deployment process.
That universities establish in-house regulatory structures and professional expertise
to ensure equity and fairness are protected through the deployment of advanced
data analytics, e.g., standing committees to oversee analytics, similar to
ethics committees.
That universities ensure that analytics-informed interventions are tailored, based on
behavioural factors, and designed to reduce self-fulfilling prophecies based on
immutable characteristics.
That universities regularly monitor and evaluate the analytics project lifecycle for
impact on equity and “fairness” interests.
That universities work towards benchmarking/collective agendas, potentially involving
Universities Australia (UA) leadership.
That universities conduct and facilitate further interdisciplinary research into the
intersection of equity in higher education and advanced data analytics as an
urgent priority.
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Part 1: Background - Advanced analytics in
the Australian higher education equity
context
1.1 The proliferation of advanced analytics throughout the
modern university
The effects of advanced data analytics processes are now felt by students long before they
have applied for university admission. Primary and secondary school students are now
exposed to countless commercial algorithms, data collection regimes, and data-hungry
educational technologies well before any decisions are made concerning post-secondary
education options (Williamson & Hogan, 2020). Among the modern university’s many
business functions, marketing departments are among the more eager adopters of data
analytics tools for the purpose of the digital customer, or future student tracking, and the
deployment of targeted marketing campaigns (MacMillan & Anderson, 2019). This is despite
the well-known threats these practices pose to equity and diversity interests by targeting
advertising – thereby impacting student aspirations for particular cohorts – to only those who
embody a selected or “maximized” subset of personal, often demographic, attributes
(Speicher et al., 2018).
Additionally, universities are increasingly using advanced data analytics processes to inform
admissions decisions (Pangburn, 2019) and scholarship allocation (Kurniadi et al., 2018).
Once a student is admitted, advanced data analytics techniques further power all manner of
learning and teaching activities, including for example:
•
•
•
•
•

intelligent or adaptive tutoring systems (Graesser et al., 2018)
automated essay and exam marking (Ge & Chen, 2020; Stephens, 2001; Wang et
al., 2021)
predictive “risk” modelling for student failure and attrition (Anagnostopoulos et al.,
2020; Foster & Siddle, 2020)
automated academic dishonesty detection (Afuro & Mutanga, 2021; Jaramillo-Morillo
et al., 2020)
automated advising or recommender systems for course, unit, or career selection
and sequencing (Engina et al., 2014; Lin et al., 2018).

Each of these applications comes with its own unique set of challenges, and potential harms,
to equity and diversity interests.
The power and reach of these advanced analytics applications, for both good and ill, are
further amplified by the growth in business partnerships between universities and well-known
commercial data aggregators and vendors of cloud computing, digital advertising and
machine learning (ML) and artificial intelligence (AI) products – e.g. Microsoft, Amazon
(AWS), Google, Facebook and IBM (Lacity et al., 2017; Microsoft Australia Education, 2018).
These partnerships, as Phan et al. (2021) have described, are increasingly putting university
researchers in the field of AI Ethics, and affiliated fields, in an ethically “curious position” (p.
9). Wedged between the “Big Capital” of “Big Tech” – which funds much of the current
university research in this area – and their own social, ethical, and professional
commitments, university-based researchers must work to carefully reconcile the values of
academe with the commercial interests of Big Tech that frequently support university
research budgets (p. 10).
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Importantly, the recent disruption caused by the COVID-19 crisis has also worked to
increase the rate of adoption of advanced analytic tools and methods. As the crisis threatens
to disrupt traditional admissions pathways, many universities are considering alternative
predictive analytic models, and novel data sources, upon which admissions decisions may
be based (Barnard, 2020). Additionally, the radical shift to online learning has further stoked
the existing institutional imperative to digitally capture, machine analyses, and predict
student learning behaviours in online environments (Williamson et al., 2020). The severe
financial fallout of the crisis is also likely to quicken existing institutional interest in adopting
cost-reduction strategies that leverage the process-automation afforded by advanced
analytics techniques.
While ML/AI applications can potentially work in the student’s own learning interests, they
also present a demonstrable and, perhaps, insidious threat to the project of student equity
(Eubanks, 2018; MacMillan & Anderson, 2019; O'Niel, 2016). Moreover, it is increasingly
difficult for non-specialist university leaders and decision-makers to anticipate how the ML/AI
applications their institutions adopt, may be working to undermine their own strongly held
commitments to student equity and diversity. The proprietary nature of commercial ML/AI
products and services can also serve to frustrate a university’s attempts to audit the impact
of these processes on equity students and equity interests more broadly (Zuboff, 2019).
Notwithstanding this breadth and depth of activity, the deployment of analytics also occurs
within a broader policy context, and understanding this context is also central to
strengthening student equity.

1.2. Advanced analytics within the equity policy context
Concern for disadvantaged groups, or what are commonly referred to as “equity” groups, in
Australian higher education has a long history (Anderson, 1983; Gale & Tranter, 2011; La
Nauze, 1940) and can be traced back to the founding charters of many Australian
universities, including its first, The University of Sydney (Brett, 2018, p. 18). However, the
last 30 years of this history have been all but exclusively defined in terms first set out in the
Australian government’s policy statement, A Fair Chance for All (Commonwealth of
Australia, 1990). Born out of the wider “Dawkins reforms” of the late 80s and early 90s, A
Fair Chance for All (also referred to as the Framework) has had the effect of firmly
concretizing the way we categorise and quantify equity groups up to today. Moreover, the
Framework has set the tone for how subsequent Australian governments, and the university
sector as a whole, interpret and understand the related although often underdefined terms of
“disadvantage”, “equity”, and “social justice” in Australian universities.
As Harvey et al. (2016) have observed, A Fair Chance for All embodied an “explicitly stated
belief in the need for higher education to promote fairness and social inclusion, interpreted
as proportional representation at the level of class, gender and race” (p. 4, italics added). As
the policy statement indicates:
The overall objective for equity in higher education is to ensure that Australians from
all groups in society have the opportunity to participate successfully in higher
education. This will be achieved by changing the balance of the student population to
reflect more closely the composition of society as a whole.
(Commonwealth of Australia, 1990, p. 2)
Based upon broad sector-wide consultation, the policy document identified six now familiar
equity groups that were determined to be “significantly under-represented in higher
education:
•
•
•

People from socio-economically disadvantaged backgrounds
Aboriginal and Torres Strait Islander people
Women, particularly in non-traditional courses and postgraduate study
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•
•
•

People with disabilities
People from non-English-speaking backgrounds
People from rural and isolated areas” (p. 10).

A Fair Chance for All was also careful to acknowledge that the six identified equity groups
were not mutually exclusive and that “[m]any people suffer from multiple disadvantage…” (p.
10). Finally, the Framework encouraged institutions to explore and address other potential
equity groups that may be incorporated into individual institutional equity plans. Going
forward, however, the six identified groups would become the exclusive focus of a national
data reporting, monitoring, and governance framework. It is important to note both the
extraordinary longevity of the Framework and its limitations, both of which we have
addressed elsewhere (Harvey et al., 2016).
In the decades since its establishment though, policy makers have largely side-stepped the
politically and philosophically difficult task of theorising “equity” and “disadvantage” and
focussed instead on the statistical methodologies implicated in a view of equity as
proportional representation. In this way, equity in Australian higher education is
fundamentally about data and quantification, or a counting of students from identified groups
and analysing their proportional representation within universities. Equity is, in brief, a matter
of counting students and seeking statistical balance – it is fundamentally a challenge of
“seeing” the student population through datafication and analysis.

1.3. Challenges to quantifying equity in the age of advanced
analytics
In addition, there are several important ways in which disadvantage or under-representation
– when conceived as proportional representation – may fail to be adequately registered or
quantitatively “seen”. In other words, there are numerous critically important ways in which
equity status may fail to be registered, quantified or “datafied” – that is, translated from
“reality” into an accurate form of data that is useful for the purpose of governance and
counting (Van Dijck, 2014). These conceptual and quantitative shortcomings in our
operational definition of equity in Australian higher education are likely to be further amplified
as advanced data analytics techniques and processes continue to proliferate within
universities. Analytic processes are fundamentally and inescapably powered by underlying
data. This means that we must remain cognisant of the fact that analytics rely on the always
imperfect datafication of human behaviours and the equally troublesome (or political)
processes of categorising and naming particular human cohorts. These challenges of
“seeing” disadvantage through a process of datafication are numerous, but here we
delineate just four of the main challenges which a project of inclusive analytics must grapple
with.
First, the quantitative or statistical approach to equity has produced the negative effect of
rendering, as statistically invisible, small groups of students who may experience
disadvantage. As a particular group’s size reflects a smaller and smaller portion of the
overall population, it becomes increasingly difficult to establish statistical measures of
proportionality that are significant or meaningful. This has been identified as an issue for
numerous student groups such as: South Sea islanders (Martin, 1994, p. 7): care leavers
(Harvey et al., 2015); caregivers (O'Shea, 2015); students from refugee backgrounds
(Harvey & Leask, 2020); military veterans (Harvey et al., 2020); and prisoners (Willems et
al., 2018). In this way, even when robust data may be available, relatively small groups are
difficult to statistically represent within a proportional representation classification regimen.
Second, the data necessary for identifying disadvantage or under-representation may simply
go uncollected, poorly collected, or undisclosed. In the Australian context, for example, Allen
(2021) has described the way in which census data are collected has served to critically
diminish our view of the country’s ethnic diversity. She argues that “data and related
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infrastructure should not create nor perpetuate unfairness and inequalities, especially in
overlooking diversity” (p. 5). The same could be said of our university student population
data which has been shaped largely by minimum requirements for government reporting.
Third, individuals and groups may be reluctant to engage with institutions or mobile device
applications, both state and private, that are known to collect personal data for bureaucratic
or commercial purposes – or what is increasingly described as “dataveillance” (Van Dijck,
2014). Brennan (2019), for example, has detailed the growing culture(s) of “opting out of
digital media” also described as the “digital temperance movement”. For our purposes, and
for the purpose of the project of inclusive analytics, we must recognise that datafication, or
the increasing digital data capture of our daily lives, does not offer researchers a neutral or
objective paradigm for understanding our diverse social world (Van Dijck, 2014). For a
variety of reasons, whole groups and sub-groups of people may go unrepresented, or
partially represented, in the “big” data sets of universities, governments, or of corporate data
aggregators. Their absence, in many important cases, should not be read as a deficit caused
by a “digital divide”, but as an act of personal agency.
Finally, an inclusive analytics paradigm must engage with emerging claims to Indigenous
Data Sovereignty (IDS), and this may include various forms and instances of opting out of
data collection and analysis. The growing Indigenous Data Sovereignty movement
represents a critically important challenge to the logic of datafication – frequently rendered
via culturally insensitive expropriation – and its presumed statistical objectivity which “is the
data lens by which Indigenous Peoples are made visible” (Walter et al., 2021, p. 2).
Indigenous Data Sovereignty researchers have worked to challenge how government data,
like that collected via national census (Andrews, 2018), are frequently used, and
problematically so, to relentlessly depict Indigenous deficits (Drew et al., 2016; Kukutai &
Taylor, 2016; Kukutai & Walter, 2021; Rainie et al., 2019; Walter, 2016; Walter et al., 2021;
Walter & Suina, 2019).

1.4. Aims and outline of this report: Towards and Inclusive
Analytics
In this report, we reviewed and engaged with extant research from a variety of disciplines.
We aimed to construct an interdisciplinary and conceptual analysis of both the potential
benefits, and likely pitfalls, of machine learning (ML) and artificial intelligence (AI)
applications as they relate to student equity interests and objectives . The report further
considers what steps universities should make towards ensuring the equitable deployment of
advanced data analytics throughout the institution – this is what we are calling a program of
Inclusive Analytics. Towards this end, the report considers and investigates three central
research questions:
• RQ1 How can advanced data analytics techniques and processes be deployed in
the interest of supporting and advancing student equity interests in Australian
higher education?
• RQ2 In what ways does the adoption of advanced data analytics techniques and
processes threaten to undermine student equity interests?
• RQ3 What can universities and equity practitioners do to protect and promote
equity interests in the age of advanced analytics?
Understanding the equity policy context in which advanced analytics programs operate
within Australian higher education is essential to advancing student equity goals in the age
of advanced analytics. In Part 2 of this report, we delineate what we mean by “advanced
analytics” and argue that a broad suite of data analytic practices could help to strengthen the
existing equity policy framework and provide important mechanisms for its reform. In
particular, advanced analytics provides the potential to discover discrimination; identify
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individual disadvantage, and relatedly reduce stereotype threat and deficit assumptions; and
address emergent and contingent forms of disadvantage in new, dynamic ways. These
potential advantages could be leveraged to strengthen and advance existing policies
concerning equity in higher education. Such progress will ultimately require deeper
consideration, however, of the conceptual and theoretical nature of equity, fairness, and
disadvantage as they are understood and defined within Australian higher education.
In Part 3 we describe and evaluate the emerging movement for Fairness, Accountability, and
Transparency in Machine Learning (FATML). We further describe the critical limitations of
the “fairness movement” within the computer and data sciences and delineate its important
contributions to our own project of Inclusive Analytics. Ultimately, we conclude that the
emerging tools and techniques that have been developed within the FATML movement are
necessary, although insufficient in our effort to advance equity interests in the age of
advanced analytics.
Part 3 further concludes with a suite of recommendations for the Australian university sector.
We argue that institutions need to embed greater data literacy and equity consciousness
across their organisations as a matter of priority. Harnessing the potential of analytics to
improve student equity requires a comprehensive institutional approach, and a range of
sophisticated strategies and practices. In this section we briefly address the need for broader
education and professional learning among both academic and professional staff. While not
every staff member needs to understand the technical processes of data collection and
training, advanced analytics knowledge needs to be distributed across the university,
including within areas responsible for many of the related interventions, e.g., student support
staff, academic progression staff, and equity practitioners. Further initiatives include greater
monitoring and evaluation of the deployment of advanced analytics and of data-related
interventions. Such oversight could be partly provided by regulatory committees that might
operate similarly to existing ethics committees.
In summary, we argue that universities will need to increase their efforts to oversee and
harness advanced analytics, in order to ensure equity, efficiency, ethics, and effectiveness.
Collectively, our analysis reveals that advanced analytics is widely used but not well
understood, nor is it well scrutinised for equity impacts across the university. This gap is
particularly problematic because analytics is no more “neutral” than the data it collects.
Further research is required into the equity implications of interventions and initiatives based
on advanced analytics, and deeper engagement is also required with the conceptual
framework of equity. The existing Australian student equity framework, premised on the six
identified equity groups, is increasingly problematic in an age of advanced analytics.
Framework issues include a focus on proportional representation to the exclusion of deeper
notions of disadvantage, including across the student life cycle; the reification of identities;
the challenges of ascribed versus self-defined categories; limitations of a static, point-in-time
approach to equity; and the marginalisation of some “invisible” groups and forms of
contingent and emergent disadvantage. In addition to the recommendations to institutions
outlined within this report, we argue that greater conceptual and policy work is also required
at a national level.
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Part 2: The promise and peril of advanced
analytics applied to equity interests
We began this report by providing a brief overview of advanced analytics within the context
of Australian higher education, including the use of artificial intelligence, machine learning
and educational data mining. Analytics models now inform vast areas of the university and
traverse the whole student lifecycle from the recruitment and admissions of prospective
students to success and progression strategies for current students, right through to the
production of employability profiles of graduates. The ubiquity of analytics presents new
opportunities for the advancement of student equity, though it also presents significant risks
and challenges.
In Part 2, we turn our focus to delineating how a program of inclusive analytics may help to
advance student equity interests and equity research in the Australian context. We further
outline the many potential pitfalls, such as the potential for the stealthy introduction of “bias”
or “unfairness” throughout the analytics lifecycle that are persistent dangers within advanced
analytics processes: machine learning (ML), educational data mining (EDM), and artificial
intelligence (AI).
In sections 2.1 - 2.3 below, we argue that there are at least three related ways in which the
use of analytics might improve outcomes of marginalised students, and the broader cause of
equity overall. First, analytics can help us to discover discrimination, including within
historical processes such as admissions and course guidance. Second, analytics can help
us to identify individual disadvantage, beyond reliance on group membership assumptions.
In the Australian context, this opportunity potentially enables institutions to move beyond the
six identified equity groups to consider dynamic behavioural indicators at an individual level.
Proponents of analytics have long touted this capacity for a more sophisticated, individuated
understanding of risk and disadvantage. We note, however, that this is a complex and
contested area, and requires consideration of protected characteristics, e.g., equity group
membership, stereotype risks, and the perils of what has been called a “colour blind”
approach. Third, we note that analytics provides an opportunity to assess emergent and
contingent forms of disadvantage, such as the impacts of COVID-19.
While the effective use of advanced analytics can demonstrably improve student equity,
analytics can also be used to maintain and even exacerbate inequity. In section 2.4 we
outline the potential perils which advanced analytic practices pose in relation to equity
interests. Our examination runs across the four primary stages of the machine learning
lifecycle: 1) data collection and preparation; 2) model building/learning or algorithmic
training; 3) model evaluation and verification; 4) model deployment. We consider risks here
including historical bias, representation bias, measurement bias and aggregation bias, which
can have the effect of reifying stereotypes, misrepresenting individuals, and exacerbating
inequity. Further risks include interventions based on predictive analytics, such as tailored
communications to “at risk” students, which may be either ineffective or even counterproductive by instigating self-fulfilling prophecies of failure. Threats to privacy are also rising
and remain priority areas for the ethical and equitable implementation of analytics throughout
the modern university.

2.1. Can advanced analytics revolutionise equity efforts in
Australian higher education?
Given the widespread and longstanding recognition of the imperfect nature of our
conventional Australian higher education equity metrics, data collection and cohort
identification processes, it is little surprise that many have seen a possible solution in
“learning analytics”, “educational analytics”, or advanced data analytics more generally
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(Coates et al., 2017; Institute for Social Science Research, 2018; Naylor et al., 2016; Naylor
& James, 2016; Zacharias & Brett, 2019).
The Review of Identified Equity Groups, a broad consultative research report conducted by
the Institute for Social Science Research (2018), advocated for the introduction of “additional
and more granular indicators to improve the monitoring of equity in Higher Education”
(p. 131). They further recommended that:
HE participation data could be supplemented by drawing on universities’
administrative data and learning analytics (e.g., indicators of learning outcomes) to
pinpoint pockets of disadvantage. This would enable a more nuanced and more
precise targeting of people who are disadvantaged in HE. Some stakeholders argued
this move would make the current group-based approach redundant.
(p. 312)
This view that “learning analytics” can and should be deployed to further enrich the equity
picture has also been advanced by Naylor and James (2016) and Naylor et al. (2016). Both
have argued that universities now capture tremendous amounts of potentially useful student
data that extend well beyond simple demographic indicators of group membership. As
Naylor and James (2016) argue:
It is now possible for under-prepared or educationally disadvantaged students to be
identified upon enrollment, and their engagement with subject materials, peers and
teaching staff…and learning management systems can be tracked throughout their
university studies.
(p. 10)
Naylor et al. (2016) argue that analytics may be used in a renewed equity program aimed at
capturing and identifying patterns of what they call individual “hyper-intersectionality”.
Leaving the program of group identification behind, they argue for the
… idea of using intersecting vectors of quantitative metrics to account for
differences in the numerous identity criteria… Using algorithms to connect
student admissions data, educational analytics can predict student performance
in desirable student outcomes such as grades, persistence, and retention… New
typologies predicated on data beyond demographics information will need to be
created.
(p. 270)
What Naylor et al. (2016) propose is a program closely akin to the interests of researchers in
the fields of Educational Data Mining (EDM) and Learning Analytics (LA). This project, they
argue, will require new data sources that will help to delineate more refined pictures of
individual disadvantage. Although recognising that this raises both ethical and privacy
concerns, Naylor et al. (2016) argue for the need to supplement institutional data with “data
from government systems beyond higher education and likely also more data from the
mobile/social technologies that play such a vital role in how people intersect with social and
institutional systems” (p. 271).
In a more delimited application, Campbell et al. (2019) have argued that advanced data
analytics techniques could be used to address the challenge of “undermatching” among low
SES students. In the UK context, undermatching describes a frequently observed situation
where disadvantaged, or low SES students, decline to apply to more selective or prestigious
courses and universities, even though their A level results would likely win them admission.
In an effort to address this challenge, Campbell et al. (2019) argue for the use of automated
course recommendation systems that are “[b]ased on the idea of targeted advertising, as
used by many popular websites such as Amazon and Facebook”. These data-driven
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marketing systems would then be used to identify and target low SES students with strong A
level results. Then, via targeted electronic advertising, these systems would recommend
particular courses “based on their (predicted, or preferably, actual A level (or equivalent))
subjects and grades” and thereby nudge students towards fully “spending”, so to speak, their
A level achievements (p. 79).
The remainder of Part 2 of this report may be read as an extended appraisal of these calls
for renewing Australian higher education equity efforts through the application of what we will
refer to as “advanced analytics” techniques. Our aim is to outline both the promise and peril
of such a program with an eye towards further refining what an inclusive analytics program
should minimally entail. Our guiding research questions in Part 2 are:
• RQ1 How can advanced data analytics techniques and processes be deployed in
the interest of supporting and advancing student equity interests in Australian
higher education?
• RQ2 In what ways does the adoption of advanced data analytics techniques and
processes threaten to undermine student equity interests?

2.2. What do we mean by “advanced analytics”?
In this report, we use the term “advanced analytics” to embody a wide range of data
analytics fields of research and professional practice. For the purposes of outlining the
shape of our proposed program of inclusive analytics, we cast a wide net across the many
disciplinary fields and sub-disciplines that make up the broad interrelated fields of data
analytics and data science. In other words, and for the purposes of this report, we believe it
is unhelpful to get mired in disciplinary boundary disputes between what constitutes the
countless fields of study – frequently expressed as initialisms – that now develop and deploy
advanced data analytic techniques and practices in the university setting: Learning Analytics
(LA), Educational Data Mining (EDM), Educational Analytics (EA), Institutional Analytics (IA),
Artificial Intelligence (AI), Machine Learning (ML), and Artificial Intelligence in Education
(AIEd) to name just a few.
Even within a single field of advanced data analytics, such as Artificial Intelligence, there
exists a surprising level of disagreement concerning the field’s disciplinary boundaries and
the fundamental definition of what constitutes “artificial intelligence”. In a sweeping review of
AI definitions from across the research literature, Wang (2019) offered this diagnosis of the
discord. “The current field of AI”, Wang argues, “is actually a mixture of multiple research
fields, each with its own goal, methods, applicable situations, etc., and they are called ‘AI’
mainly for historical, rather than theoretical, reasons” (p. 28).
Therefore, rather than participate in disciplinary disputes, we use the term “advanced
analytics” to refer to the broad application of data analytics techniques and methodologies to
the sphere of higher education as a whole. As we demonstrate in Part 3 of this report, our
interest in developing a program of inclusive analytics necessarily extends well beyond
“learning analytics” – or to learning and teaching functions alone – to the application of
advanced analytics techniques and processes throughout the whole of the student life cycle,
including the business functions of the university.
Given that this report is not intended to be a highly technical exposition of the many allied
fields which we have included under the banner of “advanced analytics”, we will now provide
a basic outline of its two fundamental building blocks: 1) the various forms of data that now
power advanced analytic processes, and 2) the typical analytic techniques and
methodologies that are applied to these data for the purposes of, for example, prediction,
classification, and automated decision making.
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Advanced analytics: the data
In our current “information age”, the new data sources now collected and available for
analysis within, and outside of, the modern university are potentially vast. This vastness is
typically referred to as “Big Data”, or what Laney (2001) first described as the “three Vs” of
“volume’”, “velocity” and “variety” of data that is now digitally mediated and made available
for analytic and predictive purposes. 1 The difference between old and new analytics
approaches, as Bichsel (2012) has indicated, is that the “data used now are becoming much
more extensive and automatic, and the processes used to extract and analyze data are
becoming repeatable” (p. 7).
What is new in the era of Big Data is the relatively low costs and general ease with which
massive amounts of data can be captured, stored, and analysed. Following Fischer et al.
(2020), it is useful to think of these data as belonging to three high levels of categorisation:
microlevel, mesolevel, and macrolevel. Microlevel data consist of “fine-grained interaction
data with seconds between actions that can capture individual data from potentially millions
of learners” (Fischer et al., 2020, p. 132). Often described as “digital dust”, “digital footprints”,
or “digital exhaust” (Neef, 2015), microlevel data are typically automatically collected as
students interact with university systems, but most commonly within online learning
management systems (LMS). These microlevel interactions produce reams of individual
digital data traces that are often collected for the purpose of maintaining system security –
detecting system errors or hacking efforts – but also for the application of advanced analytics
techniques described below.
Mesolevel data, according to Fischer et al. (2020) includes “computerized student writing
artifacts systematically collected during writing activities in a variety of learning environments
ranging from course assignments to online discussion forum participation, intelligent tutoring
systems, and social media interactions” (p. 132). These largely textual mesolevel data are
frequently analysed using a sub-class of artificial intelligence called natural language
processing (NLP). Mesolevel data can be used to produce insights into students’:
(a) cognitive processes (e.g., cognitive functioning, knowledge, and skills), (b) social
processes (e.g., discourse and collaboration structures), (c) behavioral processes
(e.g., learner engagement and disengagement), and (d) affective pro-cesses (e.g.,
sentiment, motivation).
(Fischer et al., 2020, p. 140)
Macrolevel big data are then inclusive of the more traditional data that have been
traditionally collected at the institutional level for many years and that are used largely for
administrative purposes and government reporting. These data are typically digitally stored
within an institution’s student information system (SIS) and include “student demographic
and admission data, course enrolment and grade records, course schedule and course
descriptions…” (Fischer et al., 2020, p. 143).
The educational big data typology described by Fischer et al. (2020) provides a useful highlevel delineation of the types of data collected by higher education institutions, but it does not
capture the full and global extent of data that are potentially available for analysis
We may wish to call this “global big data”, or data external to the institution that might include
data from government such as census data, tax data, or individual student data that is
collected by government across multiple higher education providers – identified through the
Commonwealth Higher Education Student Support Number (CHESSN). Finally, we must
also acknowledge the availability of the truly staggering amounts of data that may be
IBM would later add “veracity” as a fourth characteristic “V” IBM. The four v's of big data.
http://www.ibmbigdatahub.com/infographic/four-vs-big-data.

1
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commercially available through social media and data aggregation companies such as
Microsoft, Facebook, Google, and Amazon. To give just one example, data relating to the
subsequent employment outcomes of a university’s alumni may be purchased from LinkedIn
(Microsoft) or other big data aggregators.
Taken as a whole, this is what is new about today’s big data landscape: volume, velocity,
and variety. It is a data collection landscape that, in many instances, may be accurately
described as a state of “digital surveillance” or “dataveillance” (Clarke, 1988; Degli Esposti,
2014; Zuboff, 2019). In contrast to the data available to the creators of the original A Fair
Chance for All framework in 1990 – which was limited to relatively poor macrolevel data –
today’s data landscape is, by comparison, far richer and more varied. This does not mean,
however, that these new forms of data are immune to the dangers of classification,
mismeasurement, and opting out that we outlined in Part 1.

Advanced analytics: techniques and methodologies
While there are numerous forms of advanced analytic methodologies and new emerging
sub-fields, we will focus on just two broad techniques/methodologies that are most
prominent in educational settings: artificial intelligence (AI) and machine learning (ML).
Given the seaming ubiquity of the term “artificial intelligence” (AI) in academia, journalism
and popular culture, there remains a surprising level of disagreement among experts in
relation to its fundamental definition and current capabilities. Most of the discord can be
traced to disagreements about what constitutes “intelligence” in relation to computer
generated AI as compared to conventional notions of human intelligence (Emmert-Streib et
al., 2020). Fundamentally, however, AI consists of the ability for computer systems to
perform automated tasks – such as decision making, image recognition, or forms of
automatic adaptation – that are perceived to be reflective of human intelligence. While AI
applications are rapidly gaining ground in educational contexts, as evidenced by the growing
AIEd field of study (Chaudhry & Kazim, 2021), for the purposes of this report we believe it is
most important that we focus on the AI sub-field of machine learning (ML).
The term “machine learning”, is frequently used interchangeably with the terms “data
science”, “data mining” and “analytics” more broadly (Baker, 2021, p. 45). Born out of the
need to analyse increasing amounts of big data in a largely automated fashion, machine
learning can be defined, according to Murphy (2012) “as a set of methods that can
automatically detect patterns in data, and then use the uncovered patterns to predict future
data, or to perform other kinds of decision making under uncertainty…” (p. 1). While there
are many forms of ML, there are two broad methodologies worth noting, even in a nontechnical report such as this one: supervised and unsupervised learning.
In supervised ML, for example, an algorithm may be “trained” on a historical dataset of
student records to find patterns, or mappings, that predict or infer a specific known outcome
or “target variable” – such as predicting the binary (categorical) outcome of whether a
student will pass a given subject (yes/no). The “machine” part of “machine learning” refers to
the algorithm’s ability to automatically “learn” to produce what is called a “model” “of the
relationship between a set of descriptive features and a target feature based on a set of
historical examples, or instances” (Kelleher et al., 2015, p. 3). A “target variable”, or
predicted variable, is very similar to the dependant variable in more traditional inferential
statistical processes. Target variables can be categorical, resulting in classification models,
or continuous numeric variables such as a student’s next semester average mark (0-100). In
the case of continuous target variables, numerous linear regression techniques can be
applied. We then typically speak broadly of either classification algorithms or
continuous/numeric regression algorithms for supervised ML processes.
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While perhaps less common than supervised learning, in unsupervised learning the process
of automated pattern discovery does not have the benefit of a known outcome or target
variable. Instead, the goal of an unsupervised ML process is “to discover ‘interesting
structure’ in the data; this is sometimes called knowledge discovery” (Murphy, 2012, p. 9).
This “interesting structure” is typically found through processes of “clustering” or “cluster
discovery”. As Baker and Siemens (2014) explain:
In clustering, the goal is to find data points that naturally group together, splitting the
full dataset into a set of clusters. Clustering is particularly useful in cases where the
most common categories within the dataset are not known in advance.
(p. 258)
In this report we focus primarily on the predictive methodologies deployed in supervised ML
and the pattern discovery methodologies deployed within unsupervised ML processes. 2
Importantly, ML methodologies that are typically deployed within predictive analytics and
data mining processes are significantly different to inferential research methodologies. While
traditional statistics are concerned with testing hypothesised causal relationships between
variables, or describing the general tendencies within a dataset (Baepler & Murdoch, 2010),
machine learning “treats prediction as sacrosanct – it is not important why a given set of
covariates are predictive, so long as they are” (Barabas et al., 2018, p. 8). It is often said,
therefore, that ML uses the brute-force of massive computational power and “big” data to
find useful correlations and patterns in datasets – although not necessarily meaningful – with
which predictions can be made (Johnson, 2018).
We will further delineate the typical analytics and ML lifecycle in section 2.4 below when we
describe the potential sources of hidden bias throughout the process. But first, we attempt to
describe how big data and advanced analytics methodologies may serve to further equity
interests in Australian higher education.

2.3. The promise of big data and advanced analytics to
promote equity interests
If we were to, for the moment, disregard our concerns regarding poor equity theorisation and
poor data quality – and further postpone our concerns about the introduction of bias
throughout the analytic lifecycle itself (2.4 below) – we can identify what we see as a number
of important ways in which new “big data” sources and advanced analytics may be used to
profitably advance equity interests in Australian higher education.

Analytics for discrimination discovery
The full student life-cycle – from pre-application aspirations through to graduation – is littered
with instances where a student’s fate is left in the hands of institutional decision making that
is often rules-based. These moments of decision making, whether they be human
judgements or automated (algorithmic) decisions, present a multitude of moments where
discrimination and bias may be introduced even without the decision makers’ full knowledge.
Such moments are likely to be found in, for example:
1. the advice students receive during year-12 VCE subject selection and university
course applications
2. university and course admissions decisions, but particularly direct applications
3. scholarship award decisions
4. decisions relating to recognition of pre-existing credit
5. professional placement, or work integrated learning (WIL), decisions
2

We could also mention here natural language processing (NLP) and reinforcement learning (RL) as additional commonly
used forms of machine learning, but given the space limitations we have not covered them in detail for this report.
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6. study abroad application decisions
7. internal course transfer application decisions
8. academic progression and academic integrity decisions.
It is generally thought that data mining and machine learning practices can only add or
compound discriminatory outcomes in high-stakes decisions, and this is certainly possible as
we will outline in section 2.4 below. But researchers have increasingly shown that advanced
analytic methods can be deployed for the purpose of pursuing highly refined projects of
“discrimination discovery” within historical decision records and contemporary, or real-time,
decision processes (Bonchi et al., 2017; Hajian et al., 2016; Kahneman et al., 2021; Qureshi
et al., 2020; Ruggieri et al., 2010; Zhang et al., 2016). Where robust historical data records
of these equity-sensitive decisions exist, advanced data analytics methods, particularly data
mining, can be used to help identify patterns and instances of discrimination. Sophisticated
analytic methodologies have been developed for the detection of both direct and indirect
discrimination. As (Zhang et al., 2016) explain:
Direct discrimination occurs when individuals receive less favorable treatment
explicitly based on the protected attributes. An example would be rejecting a qualified
female applicant in applying to university just because of her gender. Indirect
discrimination refers to the situation where the treatment is based on apparently
neutral non-protected attributes but still results in unjustified distinctions against
individuals from the protected group. A well-known example of indirect discrimination
is redlining, where the residential Zip code of the individual is used for making
decisions such as granting a loan.
(p. 1)
Importantly, the interest in “indirect discrimination” has resulted in the creation of
discrimination discovery methods that focus, not only on singular protected groups or
attributes, but also on intersecting or multiple categories of equity/disadvantage whose
compounding effect may be otherwise obscured (Ruggieri et al., 2010).
We further note that with the rapid expansion of Robotic Process Automation (RPA)
throughout the business functions of the university (Razak et al., 2021; Turcu & Turcu,
2019), widescale and automated discrimination discovery and monitoring is becoming
increasingly important. As van der Aalst et al. (2018) have described, “RPA is an umbrella
term for tools that operate on the user interface of other computer systems in the way a
human would do. RPA aims to replace people by automation…” (p. 269). RPA and other
business process automation techniques are now becoming commonplace in universities
and are frequently overtaking the human role in decision making processes we described at
the beginning of this sub-section. RPA can, for example, be used for automating the
review of student applications for admission on a rules-based, or algorithmic, automation
system. Again, as automated decision making of this kind becomes more commonplace
in universities, the more pressing the need for discrimination discovery and
monitoring processes.
We believe there is considerable scope for Australian equity researchers to submit historical
and contemporary datasets to “discrimination discovery” techniques drawn from the related
fields of advanced analytics. The hope being that where discrimination in decision making
can be clearly defined, it can also be discovered for the purposes of remediation and
ongoing monitoring.
There are at least two significant hurdles that must be overcome if this is to be achieved.
First, analytic discrimination discovery techniques still require a working definition of what
constitutes unacceptable discrimination, or as the fields of analytics now commonly describe
it, “fairness” or “unfairness” (Barocas et al., 2019). This is an important hurdle and one that
cannot itself be submitted to automation. It requires engagement with the often difficult
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ethical and political negotiations that should take place among domain experts. Secondly, a
program of this kind would, of course, be limited by the many types of data distortion that we
have described earlier in this report. It is also likely to be most useful in instances where long
standing equity group membership has been consistently identified in the historical data
record. In this way, discrimination discovery is likely to be most effective when applied to
conventional equity categories and groups for whom we have longstanding, although
imperfect, data.

Analytics for individual “disadvantage”
Perhaps the most frequently expressed hope for big data and advanced analytics, among
Australian equity researchers and practitioners, has been the expectation that these tools
might allow the sector to move beyond, at least in part, the conventional paradigm of equity
as membership within an under-represented group (Institute for Social Science Research,
2018; Naylor et al., 2016; Naylor & James, 2016; Zacharias & Brett, 2019). There are many
motivations behind such a desire, but the problems of deficit thinking, and the limitations of
government recognised equity categories, are frequently cited. The hope expressed has
been that new data sources and new analytic techniques might allow for the emergence of
an equity paradigm that is more individualised and more authentically intersectional (Institute
for Social Science Research, 2018; Naylor et al., 2016; Willems, 2010) – that is one that can
register the compounding effect of multiple disadvantages, or competing power structures,
that are experienced by marginalised individuals (Collins & Bilge, 2020).
There are, perhaps, two primary ways in which advanced analytics might help to better
individualise – assuming, for the moment, that this is a desirable pursuit – our view of
disadvantage within higher education. First, predictive analytics methods can help to shift
equity work from a process of group identification to one of early identification of
academically struggling and disengaged students. Second, and much like the process of
discrimination discovery described above, data mining techniques such as “knowledge
discovery” may find success in identifying new, more individualised, forms of disadvantage
through the “mining” of new and emerging data sources. We have already mentioned
knowledge discovery methods above and will here focus on predictive analytics methods.
We believe there is an important sense in which these hopes are, to a limited degree,
already being realised through the deployment of predictive analytics in Australian
universities. To accept this claim would require a remapping of our conventional
understanding of disadvantage as equity group membership, to a view of disadvantage as,
for example: 1) under-preparation for higher education study; 2) the increased risk or
demonstration of academic under-performance or attrition; or 3) disengagement from the
institution and from learning activities. Taking an international view, these are the typical
applications towards which predictive and/or learning analytics processes have been applied
in relation to student achievement and progress (Anagnostopoulos et al., 2020; Dawson et
al., 2017; Herodotou et al., 2020; Ranjeeth et al., 2020; Seidel & Kutieleh, 2017; Wolff et al.,
2014). Moreover, it appears that the equity researchers we quoted in section 2.1 (above)
have articulated an argument for a remapping of equity of this kind. Again, we take Naylor
and James (2016) as representative when they write that, through the leveraging of
advanced analytics techniques it “is now possible for under-prepared or educationally
disadvantaged students to be identified upon enrollment” (p. 10), not by equity group
membership, but through the many forms of data institutions now collect throughout an
individual student’s studies. What equity researchers such as Naylor and James (2016) and
others (Institute for Social Science Research, 2018; Naylor et al., 2016) have described is
something akin to a program of predictive analytics.
Predictive analytics is one of the most prominent methodologies to be found in the fields of
Learning Analytics (LA) and Educational Data Mining (EDM) (Baker & Siemens, 2014) and
deserves a far more detailed treatment than we can provide in this report. Sometimes
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referred to as Predictive Learning Analytics (PLA) (Herodotou et al., 2020), predictive
analytic processes are now deployed within many Australian universities, for a variety of
purposes, and may be conducted by internal analytics units, by small third-party
consultancies, or by multinational commercial data analytics providers. Given the relative
ubiquity of predictive analytics and related practices throughout the sector, its footprint within
the Australian research literature remains relatively small by comparison (Dawson et al.,
2017; Gasevic, Shum, et al., 2016; Pardo et al., 2016; Seidel & Kutieleh, 2017).
The paucity of published research on predictive analytics programs, but particularly those
that explore the effectiveness of subsequent student support interventions in Australian
higher education, may speak to several factors, including: 1) claims to commercial privacy
and intellectual property on the part of third-party analytics providers; 2) difficulties in
securing human ethics committee approvals; and 3) the fact that evaluating such programs,
and their interventions – particularly in the absence of randomised control trials which can be
difficult to pass ethics committee scrutiny – is particularly difficult (Dawson et al., 2017). At
least one Australian research study has, however, described an interesting partnership
between internal institutional researchers and a third-party analytics consultancy (Seidel &
Kutieleh, 2017). In still other cases, the results of predictive analytics programs – more
specifically, the results of the student support interventions they inform – simply go
unpublished due to the fact that they failed to deliver successful outcomes through their
chosen intervention strategy (Clow et al., 2016).
This raises an important distinction which we believe equity researchers and practitioners
should bear in mind in relation to the deployment of predictive analytics techniques. There is
a distinction to be drawn between predictive analytics outputs – for instance, their
“accuracy”, which itself can be a notoriously slippery term – and the interventions that
institutions decide to pursue based on these predictions. While a discussion of the
technological “neutrality thesis” is beyond the scope of this report (Johnson, 2018; Miller,
2021), we note that an accurate set of predictions may not result in the “inclusive” or
effective use of those predictions.

Protected attributes, stereotypes, and “colour blindness”
The need for more refined understandings of a student’s individual “risk” profile –
determining risk of academic underperformance (failure) and/or attrition that go beyond
simply registering equity group membership – have been demonstrated in numerous studies.
For example, many studies which deploy a multivariate analysis have now shown that
conventional equity group membership is not, in itself, a strong factor or attribute that puts
students at increased risk for non-completion of their course (Harvey & Luckman, 2014; Li &
Carroll, 2017; Walker-Gibbs et al., 2019). Li and Carroll (2017), for example, found that after
controlling for weighted average mark (WAM), students from equity cohorts were less likely
to leave their course in the following year than were students who were not identified as
belonging to an equity group. Moreover, studies that do not have the benefit of using a
student’s individual academic achievement results, such as WAM, have found that factors
unrelated to equity status – such as institutional factors, course study load, and admissions
factors – reveal themselves as much stronger predictors of course non-completion (DESE,
2020; HESP, 2018; Norton et al., 2018). Taken together, these studies suggest that
While equity group membership alone is generally not a risk factor for attrition or noncompletion, members of equity groups are often more likely to be at risk. In other
words, risk factors such as unit failure and low academic achievement, low ATAR,
and part-time study mediate the relationship between equity group membership and
attrition and non-completion.
(Stephenson et al., 2021, p. 9)
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These studies, which deploy a more traditional inferential statistical methodology, raise
important questions concerning the use of equity and demographic data features as “inputs”
within machine learning, or predictive analytics processes.
Researchers in the fields of learning analytics (LA) and educational data mining (EDM) –
which again employ significantly different methodologies as compared to conventional
inferential and descriptive statistics – have asked whether the inclusion of “protected
attributes”, or immutable equity group characteristics, as model input features causes
greater discrimination by unfairly increasing the risk profile for under-represented groups. If
more traditional multivariate inferential statistical studies frequently find that these equity
categories are not predictive of, for example attrition, should we still include equity features
(or variables) in machine learning or predictive analytic processes?
In one of the few Australian research studies on the application of machine learning for
predicting university student attrition, Seidel and Kutieleh (2017) found that of the 50
variables/features they tested for predicting attrition, none of the many demographic or
equity variables trialled were of sufficient predictive power to be included in the final models.
Behavioural data, or data relating to observed academic outcomes and (dis)engagement,
were far more useful to the predictive modelling than were static or immutable demographic
characteristics/variables. As the authors explain:
The inclusion and relative strength of behavioural data in the predictive models
meant that students were identiﬁed and contacted based on their patterns of
behaviour and performance rather than their proﬁle, thus avoiding potential
stigmatisation through stereotyping. These results allowed students within equity
groups, known to have elevated levels of attrition, to be considered equally to all
other students who tend to have lower levels of attrition across the population but
may have elevated predicted attrition risks based on their personal behavioural
characteristics.
(Seidel & Kutieleh, 2017, p. 213)
In a UK study, Foster and Siddle (2020) came to a similar conclusion, but for slightly different
reasons. They tested the efficacy of using a “learning analytics” system to produce “noengagement” alerts – based on (dis)engagement data collected from various institutional
electronic systems – to accurately identify students at-risk of academic underperformance.
The researchers found that while students from low socioeconomic backgrounds had higher
rates of academic underperformance, targeting interventions around observed
disengagement behaviours was more efficient at identifying truly at-risk students than were
demographic attributes. While the authors provide no details on the analytic processes
involved, they conclude that this approach “creates a more neutral framework for any”
interventions and “avoids the potential risk of stigmatising a student’s background…”
(Foster & Siddle, 2020, p. 852).
In a similar study from a large U.S. research university, Yu et al. (2021) tested predictive
analytics models aimed at predicting student attrition after one year. Their research sought
to determine if including four “protected attributes” – gender, first-generation college student,
underrepresented minority, and high financial need – would improve prediction accuracy and
further improve “algorithmic fairness”. We return to the issue of algorithmic fairness below,
but here we may indicate that the researchers were concerned to test whether the
predictions were “fair”, or equally predictive and error prone, for all demographic groups.
They found that “including protected attributes does not impact the overall prediction
performance and it only marginally improves the algorithmic fairness of the predictions” (Yu
et al., 2021, p. 91). Perhaps counterintuitively, the researchers do not conclude that
“protected attributes” should be dropped from ML predictive process, thereby making our
predictive process unaware, or “blind” as they say, of demographic characteristics – in other
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words, simply hiding or dropping these sensitive variables from the dataset. Instead, they
argue that the ML processes that deploy “socio-demographic-aware models” can better
…capture structural inequalities in society that disproportionately expose members of
minoritized groups to more adverse conditions. In addition, the deliberate exclusion
of protected attributes from dropout prediction models can be construed as
subscribing to a “colorblind” ideology, which has been criticized as a racist approach
that serves to maintain the status quo.
(Yu et al., 2021, p. 98)
Žliobaitė and Custers (2016) have made a similar, although more forceful, argument that
sensitive or protected attributes must be collected and used in predictive modelling
processes to adequately detect and correct discriminatory outcomes. In sum, they argue for
an analytics process that is fully “aware” of protected, demographic, or immutable
characteristics. In a practical sense, this means that “collecting sensitive personal data is
needed in order to guarantee fairness of algorithms, and law making needs to find sensible
ways to allow using such data in the modelling process” (Žliobaitė & Custers, 2016, p. 199).
We can see then that predictive analytics may aide us in moving from conventional notions
of equity as group membership to more behavioural indicators of under-preparedness or
academic underperformance and attrition. The actual methodology of predictive analytics, as
we review further below, can smuggle discrimination back into the ML process at many
points throughout the lifecycle. It is for this reason that Australian equity researchers and
practitioners may wish to retain conventional and other less-conventional equity group data
within educational datasets. This also raises interesting questions regarding the cost-benefit
calculous of both being “seen” and “unseen” within datasets of consequence. It may well be
in an individual’s or group’s interest to remain “seen” within datasets, if only to better
empower efforts towards discrimination discovery. We return to this issue briefly in section
2.4 below.
We can summarise the “promise” of predictive analytics for equity interests as follows. First,
it may help us to move beyond dated notions that equity group membership necessarily
indicates under-preparedness for university or increased risk of failure and attrition. In this
way, predictive analytics, when followed by very well-considered interventions, may go some
distance towards challenging deficit notions of equity. This requires, however, a redefinition
of our conventional understanding of equity as static group characteristics, and instead focus
our attention on under-prepared and under-performing students more broadly. Second, by
moving beyond static or immutable student characteristics to real-time diagnostics based on
observed behavioural and performance data, we can again go some distance towards
avoiding the “self-fulfilling prophecy” that deficit models all too frequently stoke. But this too
is a matter for further research and debate as we indicate below. Third, predictive analytics,
when done well, allows us to move beyond notions of “risk” or “underperformance” as static
phenomenon that are inherent to certain demographic groups of students. From the view of
an ongoing predictive analytics program, a student may move from “high-risk” to “low-risk” of
academic underperformance – or vice versa – within a short span of time, no matter what
their “static” characteristics might be.

Ethical considerations for analytics-driven interventions
This is not to suggest, of course, that there are no “perils” lurking in relation to programs of
predictive analytics. The ethical and data privacy dangers have been well covered in the
research literature and continue to be salient and hotly debated (Corrin et al., 2019; Dawson
et al., 2019; Selwyn & Gašević, 2020; Slade & Prinsloo, 2013). There are also important
ethical debates to be had concerning the intervention strategy, or operational goals, that
predictive analytic outputs are used for. The now infamous “drown the bunnies” case at
Mount St. Mary’s University in the United States has become a stark warning of the dangers
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of predictive analytics to equity and inclusion interests the world over (Jaschik, 2016). In this
case, it is alleged that the university’s president insisted on using predictive analytics to
identify students who were most at risk of attrition and then, based on these predictions,
counsel these students to leave the university in the first few weeks of the term – what was
described as “drowning the bunnies”. The motivation was to preserve the institution’s
national rankings which included metrics on attrition. Encouragingly, the more commonly
adopted suite of interventions aimed at supporting students who have been identified as
“at-risk”, by advanced analytics processes, has been targeted academic advising and
pastoral or peer support (Dawson et al., 2017; Seidel & Kutieleh, 2017), or to “support
instructors in the provision of frequent and effective formative and personalized feedback”
(Pardo et al., 2016).
Serious questions also remain regarding the effectiveness of interventions that are triggered
based on predictive analytics. It may be that interventions where a student is made aware
that an analytic system has deemed them to be “at-risk” is all it takes to initiate the “selffulfilling prophecy” of deficit thinking within the student. For example, Jones (2019) has
described an instance where professional academic advisers rejected the use of predictive
analytics due, at least in-part, to the dangers of creating self-fulfilling prophecies in the
students they advise (p.450). Moreover, fundamental legal, ethical, and moral principles
regarding the transparent use of student data would dictate that the basis for the intervention
– the data and analytics processes that led to, for example, the “at-risk” designation – should
be declared and made clear to the student. As a core, and widely accepted, ethical principle
within the analytics literature, the principle of transparency dictates that institutions should
share information about how data are collected, the techniques used to analyse those data,
and provide clear indications of how, when, and why the data are being used for a particular
purpose (Askinadze & Conrad, 2018; Corrin et al., 2019, pp. 10-11).
More closely registering the compounding effect of intersectional or multiple equity group
belonging, using various data analytics techniques, has been advocated by several
Australian higher education equity researchers (Institute for Social Science Research, 2018;
Naylor et al., 2016; Willems, 2010). Only two of these studies have proposed minimally
detailed models for how intersectional equity may be analysed (Institute for Social Science
Research, 2018; Willems, 2010), but both proposals use only the existing conventional
equity categories, although Willems (2010) proposes some amendments. Naylor et al.
(2016), on the other hand, call for the creation of new data sources that go beyond the
conventional equity categories.
An analytics program aimed at the elucidation of intersectional disadvantage would certainly
encounter all the concerns regarding self-fulfilling prophecy that we mentioned above. We
might ask to what use would a refined picture of individual disadvantage be put to? If the
goal is to create individual “learner profiles” that would describe intersectional risk profiles for
individual students, we must ask who these profiles would be available to and for what
purpose? Would they be shared and made available to academic teaching staff in the
interest of tailoring feedback? Would they be made available to the student themselves?
When thought of in this light, there is little comfort to be found in a move to more refined and
individualised portraits of student disadvantage or “risk”. The “Pygmalion”, or Rosenthal
effect clearly looms large in such considerations (Boser et al., 2014).
While we believe that these are important concerns that require further research and debate,
it should also be noted that “predictive analytics” and “learning analytics” frequently include
real-time, or close to real-time, observations of student behaviours, academic results, or
indicators of (dis)engagement. In other words, it is misleading to think of predictive models
as being purely predictive. In cases such as student “ghosting behaviours” and subsequent
failure (Stephenson et al., 2021), early interventions based on real-time observed
disengagement, not just predicted disengagement, could potentially save a student from
academic failure as well as from accumulating sizable student debts. In some cases, the
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student may even be unaware that they are enrolled in a unit if not for the real-time
observations that “predictive” or “learning analytics” systems can recognise and flag. In fact,
digital traces of a student’s disengagement from an institution’s administrative and learning
systems are now an Australian government-recommended means for determining whether a
student is in fact a “genuine student” (Stephenson et al., 2021, pp. 6-7).
Aside from ethical and privacy concerns, there are also many ways in which the related
techniques of predictive analytics, machine learning and educational data mining may
themselves introduce disadvantage, or repeat historical bias, throughout the analytics
lifecycle. We further delineate this critical challenge in section 2.4 below.

Analytics for emergent and conditional disadvantage
The growth of “big data” and advanced data analytics has also raised the potential for
Australian higher education to better recognise and respond to what we will call emergent
and conditional forms of disadvantage. Forms of emergent disadvantage might include
conditions where an identifiable people-group – perhaps geographically identifiable – haven’t
necessarily suffered historical disadvantage but are experiencing emergent or even transient
forms of disadvantage. The effects of climate change, including drought and bushfire, for
example, have already begun to create emergent forms of disadvantage throughout
Australia. Moreover, these emergent environmental, economic and psychological pressures
can often disproportionately impact on people from conventional Australian equity groups
including Indigenous people (Green et al., 2009), regional and remote farming communities
(Berry et al., 2011), and the socioeconomically disadvantaged (Fritze et al., 2008). Still other
forms of emergent disadvantage might be found in localised industry collapse such as the
closing of Victorian car manufacturing (Beer, 2018), or in the more generalised, but still
unequal, economic hardship created by the COVID-19 pandemic (O’Sullivan et al., 2020).
Like the logic of intersectionality, advanced analytics may help us to discover what we might
call conditional forms of disadvantage. For instance, where an individual or groups of
students may not fall into any of the conventional equity categories, but still experience other
unrecognised forms of disadvantage. Research powered by new data forms, and advanced
analytic techniques, is beginning to reveal instances of otherwise hidden geographical
disadvantage. For example, a student may live in a relatively well-off socioeconomic area,
but it may be geographically situated a long way from the university and public transport may
be exceptionally arduous and time consuming for the student. There are an increasing
number of studies that are exploring these kinds of intersections of conventional
advantage/disadvantage with geographical particularities including, for example, qualitative
and quantitative studies of commuter students in the greater London area (Liz Thomas
Associates Ltd, 2019; London Higher, 2019).

2.4. The perils of big data and advanced analytics for equity
interests
We have already described many of the “perils” involved in the use or deployment of
advanced analytics outputs as it relates to student equity interventions and programs in
Australian higher education. In this section we seek to summarise the “perils” that big data
and advanced analytics methodologies present as an inherent part of the analytic or
machine learning (ML) lifecycle itself. We will summarise the ways in which discrimination
may be introduced, reproduced, and even multiplied within a seemingly benign analytics
lifecycle. Recognising that data analytics and data science are broad fields composed of
countless sub-fields, our analysis here is limited largely to machine learning (ML) which
frequently underwrites processes within the related fields of learning analytics (LA),
educational data mining (EDM) and artificial intelligence (AI).
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Sources of bias and harm throughout the analytics lifecycle
While it has become commonplace to acknowledge that advanced analytics are “biased”
because the “data are biased” – in the well-known pattern of “garbage in, garbage out” – this
is only part of the story. It is, however, a critical part of the story and given that data are the
bedrock upon which advanced analytics operate, it is also the beginning of the story. It is
also quite common to hear within popular public discourse that the “perils” of advanced
analytics can be traced back to what is commonly called “algorithmic bias” (Obermeyer et
al., 2021). Once again, while there is truth to this claim, “algorithmic bias” – or bias that is
introduced by the algorithm alone – is just one among many sources of bias or discrimination
within the full ML lifecycle.
The machine learning (ML) lifecycle is typically broken into four fundamental stages: 1) data
collection and preparation; 2) model building/learning or algorithmic training; 3) model
evaluation and verification; and 4) model deployment. We will now briefly summarise just
some of the more common “perils” at each stage and attempt to provide examples that are
relevant to Australian higher education equity interests. In what follows we will be largely
guided by the “seven sources of harm” or bias in ML processes that have been summarised
by Suresh and Guttag (2020) and Mehrabi et al. (2021).

Data collection and preparation stage
Most descriptions of the analytics lifecycle begin with an assumption that the data already
exist and simply need to be collected, managed, or “cleaned”. Following Suresh and Guttag
(2020) we will then refer to what is typically taken as the first stage of the lifecycle as the
data collection stage. Having developed an understanding of the problem to be addressed
through the application of advanced analytics, data analysts will first set about collecting the
necessary, or simply the available, data whether it be of micro, meso, macro or global levels
of provenance (Fischer et al., 2020). The data collection stage presents multiple
opportunities for the introduction of bias, discrimination, or harm. The extent or “type” of
harms that are introduced at this and subsequent stages depends largely on the application
to which the analytic or predictive “model” is put. Data analytics scholars typically refer to
four basic types of bias that can be introduced by the data themselves – historical,
representational, measurement, and aggregation bias – but many more have been identified
throughout the research literature (Barocas et al., 2019; Barocas & Selbst, 2016; Mehrabi et
al., 2021; Ntoutsi et al., 2020; Olteanu et al., 2019; Suresh & Guttag, 2020).
Historical bias refers to harms that may be introduced through the faithful – that is to say
“accurate” – capturing of true inequalities that currently exist, or used to exist, and cause an
analytic model to reproduce that historical, and possibly harmful, status quo. As Suresh and
Guttag (2020) explain, “[s]uch a system, even if it reflects the world accurately, can still inflict
harm on a population” (p. 5). An imagined example might be a university’s automated course
or unit recommendation system, which are becoming increasingly common (Christensen &
Eyring, 2011; Crozier, 2020). Bias may be introduced if the ML-powered system is, as is
typical, “trained” on an historical dataset of student preferences. Here, if the data
scientists/analysts are not exceedingly cautious, historical patterns and dated societal
conventions may be “learned” and repeated by the automated system. Female students may
be more likely to see suggestions relating to, for example, allied health courses, while male
students may see more suggestions relating to STEM fields. In a general sense, a model or
automated system that is built upon historical examples of course selection, rather than a
user’s self-declared interests, runs the risk of reifying an historical state of affairs that may
embody discrimination or dated social conventions.
Representation bias can be expressed in a number of ways, but fundamentally has to do
with analytic processes built upon datasets that fail to adequately represent a full population
and therefore fail to generalise (Suresh & Guttag, 2020, p. 5). In Part 1 of this report, we
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described numerous key student groups that may go “unseen” in Australian higher education
datasets for a number of reasons, including small group size or various forms of “opting out”.
These groups would be at risk of representation bias within analytic processes along with
groups that are at risk, due to their low numbers, of being statistically “insignificant” and
“unseen” when compared to the full student population. Importantly, local institutional
conditions regarding representation may vary greatly when compared to national or state
statistics. For instance, while the representation of women in non-traditional study areas has
improved, an individual institution may have very little representation of women in their
datasets. The same could be true for men in study areas that are considered non-traditional.
For this reason, ML projects at the institutional or program-level must take these local issues
of representation into careful consideration.
There are also several important types of measurement bias which typically consists of
instances where a “feature or label is a proxy (a concrete measurement) chosen to
approximate some construct (an idea or concept) that is not directly encoded or observable”
(Suresh & Guttag, 2020, p. 6). In the Australian equity Framework, the postcode proxy for
measuring low SES status, along with regional and remote status, has been among the most
frequently criticised for potential measurement bias. Suresh and Guttag (2020, p. 6) have
also described an apt example of proxy measures that oversimplify an otherwise complex
construct, such as the concept of a “successful student”. Universities, researchers, and
government use a wide range of singular proxy measures for student “success” – e.g.,
average mark, institutional retention, sector-wide retention (or “adjusted retention), timely
completion, employment outcomes, etc. – yet none of these on its own can fully capture
complex notions of what constitutes a “successful student”. A form of measurement bias
then arises when just one of these proxies for success is selected as a “target” variable that
is now going to be “optimised” within, for example, a ML-driven predictive process aimed at
selecting for admission only those students who are most likely to meet this one
(mis)measure of “success”.
Aggregation bias is a family of biases or statistical fallacies – including the ecological fallacy
and Simpson’s Paradox – that arise “when false conclusions are drawn about individuals
from observing the entire population” (Mehrabi et al., 2021, p. 5). Within the equity
framework, it is particularly low SES metrics that risk committing the ecological fallacy if
“inferences are made about individuals based purely on characteristics of the area in which
they live…” (Wise & Mathews, 2011, p. 1). Equally so, if a dataset were to, as is often the
case, aggregate all the many potential forms of student disability to a single label of
“disability” (yes/no), this too would risk creating aggregation bias.

Model learning or algorithmic training stage
We should recall here that “machine learning” refers in part to a computational or algorithmic
process where data are used to “train” an algorithm(s) which automatically “learns” patterns
and relationships within the data – either “supervised” or “unsupervised”. This is the stage of
the ML lifecycle that is largely automated. We say “largely automated” since this stage still
requires numerous important decisions to be made on the part of the (human) data
scientist/analyst. These decisions can have a profound effect on the ML model’s tendency
towards biased or unfair outcomes. We suggest then that there are at least two broad ways
in which we can think of “algorithmic bias”.
First, algorithmic bias can be introduced through any of the many decisions and trade-offs
made by the (human) data scientist, that concern the algorithmic training portion of the ML
lifecycle:
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The algorithmic design choices, such as use of certain optimization functions,
regularizations, choices in applying regression models on the data as a whole or
considering subgroups, and the general use of statistically biased estimators in
algorithms, can all contribute to biased algorithmic decisions that can bias the
outcome of the algorithms.
(Mehrabi et al., 2021, p. 7)
Many of these decisions relating to algorithmic tuning, or the selection of algorithms and
hyperparameters, are made in conjunction with model evaluation and verification. An analyst
will adjust the algorithm to optimise certain types of accuracy or error that are discovered
during the model evaluation stage described further below.
Second, algorithms that are fully trained and then, as is frequently the case, deployed for the
purposes of automated decision making, can continue to produce biased outcomes and
even develop new or emergent biases based on user interactions. These are the types of
bias that are frequently observed in web-based or app-based algorithms that suggest,
present, or rank content for users to see (Mehrabi et al., 2021, p. 7). Search engines are
perhaps the most common examples of deployed algorithms that “learn” from and respond
to user interactions in this way. In an educational context, examples would include
automated recommendation engines that suggest courses, subjects/units, or even careers to
student users (Casuat et al., 2020; Esteban et al., 2020). In their survey of the many types of
bias created by recommendation systems, Chen et al. (2020) argue that such systems are
particularly prone to discriminating against, or failing to recognise, the preferences of underrepresented groups.

Model evaluation and verification stage
Once an algorithm has been “trained” on a set of historical or “training data” it can then be
evaluated or verified for its performance or prediction accuracy through a variety of methods
– but typically with what is called “hold-out” data. In a real-world scenario, stage 2 and 3 are
often carried out in conjunction. An analyst will typically evaluate the error/accuracy of
multiple models to optimise the algorithm towards a particular desired outcome or balance
between accuracy, error, speed, and even the interpretability of the overall model (Gilpin et
al., 2018).
Applying these choices to a real-world example, we can think of a data analyst who is
interested in predicting students who are likely to be “ghost students” or non-participating
enrolments (NPEs) (Stephenson et al., 2021), i.e. those who remain enrolled in a
subject/unit, but fully disengage and fail to submit any assessments. This is a very difficult
prediction problem given that effective interventions need to happen early in the semester,
but many students will not engage until later in the semester (Stephenson et al., 2018).
Depending on the intended intervention, the analyst will adjust the hyperparameters (tune
the dials) on the algorithm to manipulate the trade-offs between accuracy and various types
of error. In a binary classification problem, for instance, the analyst would understand that
there is always going to be error in the predictions of perplexing human behaviours such as
“ghosting”. This means that we must understand and anticipate the likely extent of falsepositives and false-negatives for each model we consider. Adjusting for these types of error
during model evaluation is often a trade-off, and a design choice, that must be made in
nearly all real-world ML applications. In sum, these choices of evaluation metrics, trade-offs
in error/accuracy, will necessarily benefit some data profiles – individuals, groups,
demographics – over others. In Part 3 of this report, we briefly discuss the tremendous
efforts computer scientists are now making to help create tools and processes that will aid in
this tricky decision-making process, which is broadly known as the “fairness in ML”
movement (Barocas et al., 2019).
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Model evaluation is a critical part of nearly all applications of machine learning (ML) and
artificial intelligence (AI) and, as we discuss below, is an increasingly critical skillset for all
manner of university decision makers. We further suggest that equity practitioners who are
encountering the increasing number of ML and AI applications within their own universities
would do well to learn more about model evaluation, model accuracy/error, and concerns for
“fairness” evaluation within these applications (Barocas et al., 2019; Kelleher et al., 2015,
Ch. 8).

Model deployment stage
As Suresh and Guttag (2020) explain, bias can also be introduced during the model
deployment stage “when there is a mismatch between the problem a model is intended to
solve and the way in which it is actually used” (p. 8). In the context of student equity, we can
again imagine models aimed at predicting a student’s “at-risk” status. In a case such as this,
we must be very clear about how the programmer/analyst understood the term “at-risk”– “atrisk of what”? A model built to predict a student’s risk of failing a single introductory business
subject/unit, for example, should not be repurposed to predict institutional attrition. The use
case and subsequent intervention should match the intended purpose for which the model
was created. Another form of bias that can be introduced during model deployment is what
Selbst et al. (2019) call the “framing trap”. Here bias is introduced by the end users of an ML
or AI process in a way that was not intended or anticipated by the makers of the model. The
framing trap then consists of a failure to consider the full “sociotechnical frame” within which
a model will be deployed.
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Part 3: Towards an Inclusive Analytics:
protecting equity interests in the age of
advanced analytics
In Part 1 of this report, we focused on the Australian higher education equity policy setting
within which the theorisation, quantification, and categorisation of equity,
underrepresentation, and disadvantage takes place. In Part 2 we then described how
advanced analytics may be leveraged to support and strengthen equity policy, and how they
may also work to undermine equity interests, often via stealth. In this section we ask how a
culture of inclusive analytics can be created and sustained in Australian universities. We
outline and evaluate the recent explosion of interest in the field of Fairness, Accountability
and Transparency in Machine Learning (FATML), which represents a broad effort on the part
of researchers in the fields of advanced analytics to address “fairness” concerns. The report
then concludes with a discussion of recommendations for several ways in which universities
and equity advocates can work to protect equity interests in the age of advanced analytics.
In Part 3 our guiding research question is:
• RQ3 What can universities and equity practitioners do to protect and promote
equity interests in the age of advanced analytics?

3.1. The Fairness, Accountability, and Transparency in
Machine Learning (FATML) movement
As we have described throughout this report, it is now widely recognised that the ML/AI
production “pipeline” involves a series of critical choices by which discriminatory outcomes
may be introduced at any stage, and often without the awareness of the data
analysts/programmers: data collection and preparation stage, algorithmic training stage,
model evaluation stage, and final deployment (Suresh & Guttag, 2019). Moreover, data
scientists and researchers within the many broad fields of advanced data analytics are
themselves undergoing a significant reckoning with their field’s own complicity in
perpetuating social discrimination and disadvantage through ML/AI processes (Barocas et
al., 2019; Hajian et al., 2016; Ntoutsi et al., 2020; Selbst et al., 2019). This has led to an
explosion of research in the emerging, and related fields, of Fairness, Accountability and
Transparency in Machine Learning (FATML) and “responsible” or “explainable” artificial
intelligence (XAI) (Arrieta et al., 2020).
It is important to note that “fairness” has emerged as a catch-all term within this broad body
of FATML research and appears to incorporate notions of equality, discrimination and social
justice, but according to some observers, has not yet fully grappled with issues of “equity” as
distinct from “equality” (Mehrabi et al., 2021, p. 25). Work in FATML/XAI has been highly
technical in nature and focuses largely on the production of mathematical and statistical
definitions and diagnostics, for detecting what – as we have already seen – is frequently
described as “data bias” or “algorithmic discrimination” within a given ML/AI process. These
proposed methodologies are frequently being developed in the hope that tests for ML/AI
“fairness” could be automated within the analytics systems and processes themselves.
The field of FATML has now produced well over 20 technical definitions of “fairness” and a
host of additional methodologies for detecting latent discrimination (Bellamy et al., 2018;
Donovan et al., 2018; Makhlouf et al., 2021; Narayanan, 2018; Verma & Rubin, 2018). Some
FATML “fairness” taxonomies distinguish between more familiar notions of fairness including
distributive and procedural fairness (Marcinkowski et al., 2020), as well as group and
individual fairness (Binns, 2020). What these “fairness” definitions within the FATML
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literature hold in common is a tendency to be highly technical and mathematical in nature.
While a full exposition of these many technical definitions of “fairness” is beyond the scope
of this report, we believe equity researchers and practitioners interested in refining their
conceptions of equity/fairness are likely to find important, although insufficient, insights from
the field of FATML. Moreover, we argue that it is important for equity advocates and
practitioners to understand the basics of how “fairness” methods in ML work and what their
shortcomings might be. Following Verma and Rubin (2018), we can briefly summarise the
emerging definitions of “fairness” in the FATML research literature as consisting of three
main types: statistical measures; similarity based measures; and causal reasoning. Taken as
a whole, these definitions have been developed to be deployed within what are now called
“fairness-aware” algorithmic processes.
The family of “statistical measures” of fairness, which Verma and Rubin (2018) describe, rely
largely on measuring different classification accuracy/error tradeoffs within a typical
statistical confusion matrix – including rates of true positives, true negatives, false positives,
and false negatives. Additional model performance metrics can then be derived or calculated
from confusion matrices, such as precision, recall, and F1 scores (Murphy, 2012). Within this
class of fairness measures we will find, for example, definitions of fairness that require a
model’s predictions and/or probabilities to be equally reliable – by any of several possible
metrics – for both sensitive (protected) and non-sensitive classes/groups/attributes. Green
and Hu (2018) helpfully refer to this class of “fairness” measures as “fairness as satisfaction
of balanced statistical metrics” (p.2).
Take for instance a predictive model which makes university admissions decisions or
recommendations based on the applicant’s likelihood of “success”, measured as, for
example, on-time course completion. If the model’s predictions are equally accurate – by
some agreed statistical measure, such as F1 scores – for both male and female applicants,
the model might be declared “fair” regarding this particular statistical measure in relation to
gender. As Verma and Rubin (2018, p. 5) explain, statistical measures of fairness “largely
ignore all attributes of the classified subject except for the sensitive attribute”. In our example
the protected attribute is gender, but it could just as well be low SES, disability, or
Indigenous status. There now exists an abundance of methods, code, and tools available for
detecting and measuring the growing number of statistical measures for ML/AI fairness
(Bellamy et al., 2018; Edizel et al., 2020; Hajian et al., 2016; Veale & Binns, 2017)
“Similarity-based measures”, on the other hand, also employ non-sensitive attributes within
the fairness formula. In this family of fairness measures, the model is made explicitly aware
of all similarities and differences between individuals – sometimes called “fairness through
awareness” – and judges a model to be fair when similar individuals are treated similarly
(Ntoutsi et al., 2020, p. 5). Finally, the “causal reasoning” family of fairness measures
(Kilbertus et al., 2017) are based largely on the causal graph research and theories of Judea
Pearl (2019). This approach, sometimes called “counterfactual fairness”, utilises causal
graphs to build “fair” ML algorithms by measuring the effects of sensitive attributes and
further ensures that only tolerable levels of discrimination are caused by those attributes
(Verma & Rubin, 2018, p. 6).
“Accountability”, the “A” in the FATML field of research and practice, has received less
attention but embodies a broad recognition of ethical responsibility within the allied fields of
advanced analytics (Shah, 2018). FATML researchers are interested in increasing and
affirming accountability – among data analysts, institutions, and all those who utilise analytic
outputs – concerning the real-world sociotechnical (including ethical) outcomes of advanced
analytics workstreams. Accountability can be taken as a broad statement against the
“technological neutrality thesis” which maintains that the products of data science and
analytics are not, in themselves, “good” or “bad”, thereby relieving the field of moral
responsibility. “Accountability” is then a principle of assumed responsibility on the part of
technologists, data scientists and the institutions and individuals that make use of these tools
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(Piano, 2020). In sum, the broad fields of advanced data analytics are moving away from
simplistic notions which consider analytic outputs to be value neutral, while claiming that it is
their use alone that introduces moral responsibility and the need for accountability.
Accountability, however, requires a sufficient level of transparency (Veale et al., 2018).
“Transparency”, the “T” in FATML, refers largely to the understanding that certification of
“fairness” requires transparency, and its corollary of “explainability” (Barredo Arrieta et al.,
2020), in the advanced analytics processes of automated decision making. It is now widely
understood that ML/AI algorithmic processes can be so deeply complex that they are, in fact,
uninterpretable, and therefore unexplainable, by their human developers. This is the wellknown “black-box” problem in ML/AI process (Aggarwal et al., 2019). This opacity of process
and decision-making is particularly acute in “deep learning” neural network algorithms that
incorporate “hidden layers” within the algorithmic process (Castelvecchi, 2016). The
transparency in ML/AI movement has taken up this concern through the many efforts
amongst analytics researchers to provide human-interpretable explanations for complex
automated decisions, rankings, and predictions (Saha et al., 2020; Zarsky, 2013). The hope
is to not only build public trust in the fairness of automated decision-making systems, but to
also meet legal requirements for transparency in data use and decision making (Citron &
Pasquale, 2014). Requirements for transparency, like fairness, can run up against concerns
for data privacy. For instance, can we guarantee an automated system is fair for all
protected classes/attributes if those attributes are not represented for all individuals within a
given dataset, or does their inclusion risk breaches of privacy? (Askinadze & Conrad, 2018;
Veale & Binns, 2017). Still others have proposed methods for including sensitive attributes
but “hiding” them via encryption to potentially sidestep the issue (Kilbertus et al., 2018).

3.2. The growing critique of FATML: necessary but insufficient
Since rapidly gaining ground in the various fields of advanced analytics over the past
decade, the theories, tools, and assumptions of FATML researchers have been subjected to
a growing wave of critique. While some have argued over the technical definitions and
statistical tests for “fairness” that FATML researchers have proposed, the more cutting
critique has been socio-political in flavour, and seeks to question – if not fundamentally
undermine – the theoretical and philosophical assumptions within the fair-ML movement
(Corbett-Davies & Goel, 2018; Green, 2020; Green & Hu, 2018; Greene et al., 2019;
Hoffmann, 2019; Selbst et al., 2019).
For example, Selbst et al. (2019) have described five “traps” that technical efforts towards
producing fair-ML systems, like those described in the FATML and XAI literatures, can fall
into. They are worth repeating here for their utility, insight, and brevity:
1. The Framing Trap - Failure to model the entire system over which a social criterion,
such as fairness, will be enforced
2. The Portability Trap - Failure to understand how repurposing algorithmic solutions
designed for one social context may be misleading, inaccurate, or otherwise do harm
when applied to a different context
3. The Formalism Trap – Failure to account for the full meaning of social concepts such
as fairness, which can be procedural, contextual, and contestable, and cannot be
resolved through mathematical formalisms
4. The Ripple Effect Trap - Failure to understand how the insertion of technology into an
existing social system changes the behaviors and embedded values of the pre-existing
system
5. The Solutionism Trap - Failure to recognize the possibility that the best solution to a
problem may not involve technology (Selbst et al., 2019)
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Selbst et al. (2019) propose that a consideration of the five “traps” could become a critical
part of the ML/AI lifecycle, where stakeholders question the project’s fundamentals via each
potential trap.
The “framing trap” would encourage stakeholders to consider the full sociotechnical
environment (the full frame) in which the “solution” may be deployed. We might ask: will
“fairness” be preserved throughout the human-technical (heterogeneous) system, from
design through to deployment? The “portability” trap is particularly well known in learning
analytics (LA) research circles, where the hope for “one size fits all” solutions have been
well and truly laid to rest (Gasevic, Dawson, et al., 2016). While this trap is well understood
among the LA community, it is, perhaps, less well understood among other business areas
throughout the university where third-party services are frequently adopted based on the
belief that “it worked over at university X”. The “formalism” trap – which assumes fairness
can be reduced to a mathematical formalism – is among the most critical, in our estimation,
and is one that is particularly salient to equity interests in Australian higher education. As we
are increasingly confronted with questions concerning the inclusive use of advanced
analytics in Australian universities, we will most certainly need to further refine and, in some
cases, renegotiate our concepts of fairness, equity, and disadvantage. The “formalism” trap
reminds us that pure maths will not deliver us from the need for difficult ethical and
political negotiation.
The “ripple effect” trap is also critically important as the introduction of “a new technology
may appear to alter an organization’s dynamics but may in fact aid in reifying a pre-existing
group’s claim to power, while downplaying or downgrading other groups’ authority” (Selbst et
al., 2019, p. 65). Finally, the “solutionism” trap reminds us that “pre-packaged algorithms
stamped with ‘fairness’” (p. 66), and other automated low or no-labour “solutions”, may not
provide the optimal solution. We should recognise that the “Silicon Valley narrative” is very
strong in higher education (Weller, 2015), along with its attendant “technological solutionism”
(Williamson & Hogan, 2020). Moreover, as Greene et al. (2019) have found in their critical
survey of business “values statements” and manifestos, relating to the ethical use of ML/AI
applications, there is a strong sense that ethics are best addressed and solved “through
technical and design expertise” (p. 2122) – to be certain, the spirit of technological
solutionism runs strong. But again, critics maintain that appeals to mathematical “solutions”
to the fairness question, “without broader analysis of social and moral context” are all but
destined to fail (Green & Hu, 2018, p. 3).
The sum of these critiques and traps are, for Selbst et al. (2019), all misguided abstractions
of the very concept of fairness:
We contend that by abstracting away the social context in which these systems will
be deployed, fair-ML researchers miss the broader context, including information
necessary to create fairer outcomes, or even to understand fairness as a concept…
Fairness and justice are properties of social and legal systems like employment and
criminal justice, not properties of the technical tools within. To treat fairness and
justice as terms that have meaningful application to technology separate from a
social context is therefore to make a category error, or as we posit here, an
abstraction error.
(Selbst et al., 2019, p. 59)
For other critics of the fair-ML movement, it is not just a problem of abstraction, but of
reductionism and reification:
While the field’s practice of labelling these particular metrics [for measuring ML
fairness] is benign, reifying fairness as constituted by satisfaction of the statistical
constraints is mistaken. Reductive commitments to statistical parities of various types
limit the realm of justice and fairness to one of merely adjudicating comparative
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claims of treatment and outcomes across groups, which represent only one relevant
criterion for assuring fairness.
(Green & Hu, 2018, p. 2)
Even if we were to accept the limited utility of reductive mathematical measures of fairness,
we would be confronted with the problem of incommensurability between the many formal
definitions of fairness. As Kleinberg et al. (2016) have observed, many “fairness” problems –
where, for example, base rates differ for different groups – will necessitate “inherent tradeoffs” between otherwise incommensurable fairness conditions or definitions. In other words,
many formal statistical definitions of fairness are contradictory and fundamentally fail to be
instructive in the absence of applied domain expertise, or where ethical and political
negotiations of “the good” are sidestepped (Green & Hu, 2018; Greene et al., 2019).
Moreover, notions of “fairness” may not be fully reconcilable with notions of “equity” or
“equality”, which, in the Australian context, sometimes allow for “asymmetrical protection” –
not just equality of treatment – for some groups, such as people with disabilities (Gaze &
Smith, 2016, p. 99).
Thus far we have provided only an introduction to the criticisms of the FATML movement.
There are, of course, other criticisms which deserve mention, but we will offer just two more
from Green and Hu (2018). First, they argue that ML’s “reliance on data and metrics can
distort deliberative processes” (p. 3). While some have argued that ML, and algorithmic
decision-making more generally, are well suited to the problem of removing “noise” and
“bias” from human decision-making (Kahneman et al., 2021), Green and Hu (2018) counter
that “algorithms have the potential to distort the values underlying laws and policies that, in
principle, society has collectively determined to be fair, and to do so without proper
democratic input” (p. 3). Secondly, fair-ML “narrows judgments about fairness and
entrenches historical discrimination” (p.3) by assuming that unfair decisions are made by
individuals rather than by unjust “laws and institutions that systematically benefit one group
over another” (p. 4).
Some of the more thoughtful work in the FATML research literature has acknowledged these
and other limitations. In one of the most important works within the field, Barocas et al.
(2019) recognise that there are critical limitations to the practice of “fairness” testing – or
fairness aware algorithms – and insist that “[d]espite these limitations and difficulties,
empirically testing fairness is vital” (p. 122). Importantly, however, they add that
This does not mean that we can select and apply a fairness test based on
convenience. Far from it: we need moral reasoning and domain-specific
considerations to determine which test(s) are appropriate, how to apply them,
determine whether the findings indicate wrongful discrimination, and whether an
intervention is called for…Conversely, if a system passes a fairness test, we should
not interpret it as a certificate the system is fair.
(Barocas et al., 2019, p. 121)
We believe it is critically important that equity advocates, institutional data analysts, and
senior decision-makers in Australian universities work to familiarise themselves with the
fairness, accountability, and transparency in ML movement and come to understand its
critical limitations.
Moreover, we stress that senior university decision-makers, particularly those charged with
technology and software service procurement, should be aware of the growing
commercialisation of analytics “fairness” solutions. It is increasingly the case that commercial
ML/AI platforms and consultancies are selling products and services that claim to address
“bias” or “fairness” within a variety of advanced analytics processes. These products and
services present an appealing means of outsourcing the ethical obligations associated
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with a university’s technology adoption to third parties, who may claim to offer mathematical
proofs and guarantees of “fairness”. We argue that senior administrators and procurement
officers in Australia’s universities should approach third-party “solutionism” with great
skepticism. Local domain expertise – that is, professional human expertise – is fundamental
to preserving fair outcomes throughout the highly complex sociotechnical and political
environments of the modern university.
The more transparent of these products and services will, like the makers of Microsoft’s
“Fairlearn” toolkit, remain forthright concerning the tremendous sociotechnical challenge of
achieving “fairness” in machine learning applications. They admit, rightly, that purely
technical solutions, like those produced by FATML researchers, are not sufficient to
guarantee that an ML/AI system is fully debiased (Bird et al., 2020, p. 1). Fairlearn’s
designers are very clear that their tool is not a “cure-all” for the issues of “fairness” in ML/AI.
For instance, they openly state that
There are many aspects of fairness that are beyond the scope of Fairlearn. For
example, Fairlearn cannot mitigate stereotyping harms, denigration harms, or overor underrepresentation harms (except indirectly, when these harms arise as a result
of allocation harms or quality-of-service harms). Also, Fairlearn does not focus on
broader societal aspects of fairness, such as justice or due process.
(Bird et al., 2020, p. 3)
In sum, we argue that Australian universities, and equity advocates within these institutions,
should advocate for a fully democratic, and decidedly human and “in-house”, process of
ML/AI adoption. A process that, like Barocas et al. (2019) strongly advise, incorporates fairML’s “fairness testing” as only one necessary, but ultimately insufficient, part of the equity
oversight process. To conclude this report, we now turn to a description of recommendations
for the Australian university sector that we believe will better secure a culture of inclusive
analytics into the future. That is, a culture of analytics practice that represents and benefits
all students according to explicit and agreed notions of equity and fairness.

3.3. Recommendations: building a culture of inclusive
analytics in Australian universities
In this report we have described both the promise and the peril of advanced data analytics
for equity interests in Australia’s universities. We have also included something of the scope
of deployment of these advanced analytic tools, services, and methodologies throughout the
student lifecycle. Our recommendations here are focused on universities themselves, though
we acknowledge the need for broader reform at government level as well. We believe that at
the governmental level, the most impactful change will come about via data protection laws
that span well beyond the university sector alone. For example, the Australian Competition
and Consumer Commission ACCC (2021) has recently made a number of important
recommendations to government concerning Google’s dominance of data aggregation and
advertising services in Australia. We therefore conclude this report with a list of
recommendations for universities and the university sector.
1. That universities develop data analytics policies and procedures that protect
equity interests throughout the full student lifecycle and across all
business areas.
While many universities have adopted policy or ethics statements on “learning analytics” in a
narrow sense, institutions should also develop data analytics policies and procedures that
protect equity interests and goals throughout the full student lifecycle, and include all
business areas of the university: e.g., marketing, admissions, student services, etc. This
would necessarily require that explicit equity protections be built into institutional data
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governance policy and procedure. Fundamentally the “peril” posed to equity interests in
universities is not limited to teaching and learning activities but extends out beyond the
university through pre-enrolment marketing and post-graduation employability projects and
digital tracking of alumni. A university’s declared commitments to equity and diversity should
extend to these business functions as well.
2. That universities broaden distribution of analytic expertise, particularly within
the DVC (Academic) divisions.
It is increasingly the case that student-facing (or focused) divisions within the university are
at a distinct disadvantage when they lack personnel who possess a deep understanding of
advanced analytics techniques, processes, and their potential pitfalls. As we have argued
throughout this report, domain experts in non-ICT related fields – librarians, student
advisers, recruitment officers, teachers/lecturers, etc. – are indispensable towards informing
the ethical and equitable deployment of advanced data analytics throughout universities.
Moreover, there is a particularly urgent need for domain experts in non-technical fields, to
advance their understanding and engagement with advanced analytic techniques that are
being deployed within their traditional domains of professional expertise.
3. That universities broaden distribution of equity and ethics expertise, particularly
including within data analytics (institutional research and performance),
Information Services, and ICT divisions of the university.
There is a clear need for universities to broaden engagement among institutional data
experts, IS/ICT professionals, and information services specialist with these concerns
regarding the equitable, ethical, and even legal, use of advanced data analytics. Just as
areas outside of IS/ICT departments must deepen their expertise in advanced analytics, so
too must ICT and information services divisions work to deepen their expertise regarding the
possible unintended consequences of analytic projects on equity groups and equity interests
more broadly. As domain experts in data analytics, ICT and information services, equity
practitioners should work to partner with colleagues in these fields.
4. That universities increase professional education of staff, including academics,
engaged with analytics projects at each stage of the procurement, development
and deployment process.
In a systematic review of research relating to data literacies and the training of university
teaching staff (faculty), Raffaghelli and Stewart (2020) found that where training was taking
place it was largely concerned with mastery of accepted, and unproblematised, technical
practices. This indicates that many university teachers are likely to be unprepared for work
environments that increasingly include advanced analytic tools, services, and
methodologies. We recommend that Graduate Certificates in Teaching and Learning begin
to focus on advanced analytic literacies as part of the curriculum. Similarly, all university staff
should have professional development offered to them as part of analytic project
development and deployment.
5. That universities establish in-house regulatory structures and professional
expertise to ensure equity and fairness are protected through the deployment of
advanced data analytics, e.g., standing committees to oversee analytics, similar
to ethics committees.
We argue for the creation of specialised institutional review boards that are of a similar
composition to human research ethics committees, but that are of a decidedly
interdisciplinary character. The boards could resemble, and be informed by, the Responsible
Innovation Organisations (RIO) that have been called for in industry (The University of
Melbourne, 2019). In a university context, a RIO would require broad representation from in-
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house experts, members from equity cohorts, computer science/analytics experts, social
scientists, teaching and learning experts, ethicists, legal professionals, and student
representatives. In this way, universities may be able to better guarantee that the adoption of
advance data analytics processes will undergo a full engagement with the politics of
technology and inclusion. Greater oversight and regulation should not be an excuse for
stifling institutional innovation. A program of inclusive analytics should instead provide the
appropriate safeguards within which innovation can be leveraged to benefit all students in a
spirit of inclusivity.
6. That universities ensure that analytics-informed interventions are tailored,
based on behavioural factors, and designed to reduce self-fulfilling prophecies
based on immutable characteristics.
As described throughout the report, there is a clear danger that advanced analytics, but
particularly predictive analytics, may work to repeat historical discrimination or instigate selffulfilling prophecies in “targeted” or “at-risk” cohorts. We argue that institutions must take
care to implement appropriate safeguards in both the development of predictive modelling
and in their deployment. The principle of “first do no harm” to the student is apt, but we
should also ensure that our interventions anticipate inevitable error in the modelling process
and ensure that any risks associated with the intervention are taken at the institution’s
expense and not that of students.
7. That universities regularly monitor and evaluate the analytics project lifecycle
for impact on equity and “fairness” interests.
The lifecycle of advanced analytics projects should include equity monitoring, testing and
reasonable audits of the process throughout the lifecycle. Ideally, these would be conducted
by in-house teams with ongoing responsibility for ensuring ethical and equitable deployment
of advanced analytics systems.
8. That universities work towards benchmarking/collective agendas, potentially
involving Universities Australia (UA) leadership.
Given the speed of change and the ubiquity of analytics, sectoral and multi-institutional
approaches would be helpful to ensuring ethical and equitable practices. Peak bodies such
as Universities Australia could encourage communities of practice and prioritise discussion
of analytics within conferences, symposia, and regular scheduled meetings, e.g. among
DVCs (Academic). Institutional benchmarking of analytics practices, both within and beyond
the academic portfolios, could be facilitated, and exemplars highlighted from within and
beyond Australia.
9. That universities conduct and facilitate further interdisciplinary research into the
intersection of equity in higher education and advanced data analytics as an
urgent priority.
Research on the intersection between advanced data analytics and higher education equity
efforts has been limited. Given that we believe advanced analytics is one of the more
pressing issues for equity researchers and practitioners to engage with, we urge researchers
to focus more of their efforts on this interdisciplinary field. Particularly, we see a need for:
•
•
•

More refined theoretical/philosophical notions of equity and their integration with
formal definitions of “fairness” now current in the field of fair-ML.
More refined understanding of the intended and unintended consequences of various
forms of “opting-out” of data collection for individuals and groups.
Broader research into a program of equitable data collection and curation practices.
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•

Stronger evaluation and monitoring of analytics-driven interventions and publication
of evaluation findings in peer-refereed journals and public fora.
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