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Abstract

Institutions of higher education are operating in an increasingly complex and competi-
tive environment. This paper identifies contemporary challenges facing institutions of
higher education worldwide and explores the potential of Big Data in addressing these
challenges. The paper then outlines a number of opportunities and challenges associ-
ated with the implementation of Big Data in the context of higher education. The paper
concludes by outlining future directions relating to the development and implementa-
tion of an institutional project on Big Data.

Introduction

Institutions of higher education are operating in an increasingly complex and competitive envi-
ronment. They are under increasing pressure to respond to national and global economic, politi-
cal and social change such as the growing need to increase the proportion of students in certain
disciplines, embedding workplace graduate attributes and ensuring that the quality of learning
programmes are both nationally and globally relevant.

In addition, different stakeholders are expecting higher education institutions to in a timely
manner to these demands, albeit with declining government funding, declining support from
business and private sectors, growing regulatory demands for transparency and accountability
(Hazelkorn, 2007), declining admissions rates due to increasing tuition and upsurge in high
schools dropout and increasing operational costs (Thornton, 2013).

How can institutions of higher education respond effectively and in time to global changes
affecting their environment? The decisions required for dealing with these rapid changes are
complex and many are made without recourse to vast data sources that have been generated but
are not available to those entrusted to make relevant and timely choices. These data can play a
major part in how we understand the often contested nature of higher education governance
(Clarke, Nelson & Stoodley, 2013) and so ensure that institutions are not only able to respond
effectively to changes happening within and outside them, but that they also remain pertinent to
their purpose in the societies that they serve.

This paper examines the role of Big Data and Analytics in addressing contemporary challenges
facing higher education (see Figure 1). The paper first identifies the key global trends affecting
institutions of higher education and explores the potential of Big Data and Analytics in address-
ing these changing trends. Secondly, the paper outlines opportunities and challenges associated
with the implementation and governance of Big Data in higher education. The paper concludes
by outlining future directions relating to the development and implementation of institutional
project on Big Data.
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Practitioner Notes
What is already known about this topic

* Big Data is an emergent field of research that uses data analysis to inform decisions. It
is currently being explored mostly in business, government and health care due to the
growing plethora of data collected and stored in these environments.

* Big Data research is mainly aimed at examining how to efficiently aggregate and
correlate massive volumes of data to identify recurring behavioural patterns and
meaningful trends instead of cataloguing the status quo.

What this paper adds

e There is limited research into big data in higher education, despite growing interests in
exploring and unlocking the value of the increasing data within higher education
environment.

 This paper contributes to the conceptual and theoretical understanding of Big Data
and Analytics within higher education.

« It introduces the notion of Big Data and outlines its relevance to higher education.

* It describes the opportunities this growing research area brings to higher education as
well as major challenges associated with its exploration and implementation.

Implications for practice and/or policy

* It outlines major challenges faced by institutions of higher education and emphasises
the role of Big Data in addressing some of these challenges.

* The paper also describe how Big Data can be utilised to inform policy, programme and
teaching, learning and research outcomes.

» Opportunities and challenges discussed in the paper will enable policymakers and
information technology analyst to make informed choices when considering to
explore and implement Big Data programmes in their institutions.
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Figure 1: Current trends affecting institutions of higher education
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The paper also opens up new research areas that can be explored to enrich our understanding of
the role of Big Data in higher education.

Corporate—academic partnerships are increasing (Leydesdorff & Etzkowitz, 2001); however, to
attract and sustain these partnerships, corporations require institutions of higher education to
demonstrate a commitment to the utilisation and development of advanced technologies that are
likely to support applied research outputs and potentials for knowledge transfer and commerciali-
sation (Mok, 2005).

At the same time, these global changes are mounting on the institutions of higher education; new
technologies continue to have a significant impact on academic careers as research and teaching
become more reliant on these technologies (Economist Report, 2008). Over the last decades, a
digital revolution associated with developments in new technologies such as ubiquitous comput-
ing devices, flexible class room design and Massive Open Online Courses is radically reshaping the
mode and accessibility of learning and teaching. In addition, many institutions are embracing
new class formats and technologies designed to meet either evolving student needs or as mecha-
nisms to reduce operational costs.

In spite of the growing changes happening in the environment of higher education, the role of
data in helping addressing contemporary challenges is often overlooked. As learning technologies
continue to penetrate all facets of higher education, a plethora of useful ‘data traces’ are gener-
ated. These data can be utilised to inform institutions of higher education to adapt better in
response to changes happening within and outside their environments.

Knowledge discovery and data mining approaches

Knowledge discovery (KDD) is an interdisciplinary area focusing on methodologies for identifying
and extracting useful and meaningful patterns from large data sets. KDD draws upon research in
statistics, databases, pattern recognition, machine learning, data visualisation, optimisation and
high performance computing.

First proposed in early 1990s, data mining, ie, applying data analysis and discovery algorithms to
produce a particular enumeration of patterns (or models) over the data, became a major aspect of
KDD. Over the years, clustering, association, classification algorithms, regression models, predic-
tive methods and factor analysis are the key approaches that have come to dominate data mining
research.

Clustering algorithms or data segmentation approaches group data items based on clearly defined
logical relationships. The goal is to maximise the inter-cluster similarity and minimise the intra-
cluster similarity. Related to data clustering is feature selection. Feature selection refers to the
process of identifying the most useful feature (or combinations of features) for clustering.

Classification, is another approach within the data mining research that tends to classify data into
predetermined categories. Classification approaches are often referred to as machine learning
algorithms. These algorithms can learn from a large set of pre-classified data. They can detect
persistent systemic differences between items in each group and apply particular rules to further
classify data.

Association approaches are also a set of algorithms intended to extract particular characteristics
of data within a group and to finding associations with other characteristics. These approaches
are driven by rule-based algorithms, which mostly examine relationships within data set (corre-
lation between variables). The goal of association rules mining is to study the frequency associ-
ated with relationships among items or data in transactions (Agrawal, Imielinski & Swami,
1993). A simple association rule expresses the relationship of one item to another (ie, simple
linear relationship).
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Regression is perhaps one of the most commonly used data mining approaches for constructing
predictive models. Linear regression is similar to linear models used in statistical significance
testing.

Baker (201 3) indicated that predictive models in educational data mining context are intended to
infer a single aspect of the data (the predicted variable, similar to dependent variables in tradi-
tional statistical analysis) from some combination of other aspects of the data (predictor vari-
ables, similar to independent variables in traditional statistical analysis).

Factor analysis is also a common approach in education, its goal is to find variables that can be
naturally grouped together, or splitting the set of variables (as opposed to the data points) into
a set of latent (not directly observable) factors (Kline, 1993). Within educational settings, factor
analysis includes algorithms such as principal component analysis and exponential-family prin-
cipal components analysis and used for dimensionality reduction (eg, reducing the number of
variables), including in pre-processing to reduce the potential for over-fitting and to determine
meta-features. Factor analysis has also been used in learning environments to develop predictive
models (Baker & Yacef, 2009; Minaei-Bidgoli, Kashy, Kortmeyer & Punch, 2003).

The data mining approaches described above are prominent in the work of Romero and Ventura
(2010), who applied these in educational data mining research. These approaches draw on a
variety of literatures, including data mining and machine learning, psychometrics and other
areas of statistics, information visualisation, and computational modelling (Baker & Yacef,
2009). Unlike traditional data mining approaches most of which are aimed at automating the
process for detecting interpretable patterns and carrying out predictions, educational data
mining tends to focus on developing new tools for discovering patterns in data and applying tools
and techniques to analyse large sets of data (Luan, 2002; Romero & Ventura, 2010).

Emergence of Big Data

Many organisations are currently using data to make better decisions about their strategic and
operational directions. Using data to make decisions is not new; business organisations have been
storing and analysing large volumes of data since the advent of data warehouse systems in the
early 1990s. However, the nature of data available to most organisations is changing, and the
changes bring with them complexity in managing the volumes and analysis of these data. Basu
(2013) observed that most businesses today run on structured data (numbers and categories).
However, this does not reflect the complexity on the nature of available corporate data and their
untapped hidden business value. According to IBM, 80% of the data organisations currently
generated are unstructured, and they come in a variety of formats such as text, video, audio,
diagrams, images and combinations of any two or more formats.

Most of these unstructured data make their way to corporate data warehouse. The term ‘Data
warehouse’ refers to a central repository of data or a centralised database. It represents an ideal
vision of maintaining a central data repository and a living memory of data that can be leveraged
for better decision making.

Recent developments in database technologies made it possible to collect and maintain large
and complex amounts of data in many forms and from multiple sources. In addition, there are
analytical tools available that can turn this complex data into meaningful patterns and value, a
phenomenon referred to as Big Data.

Big Data describes data that is fundamentally too big and moves too fast, thus exceeding the
processing capacity of conventional database systems (Manyika et al, 2011). It also covers inno-
vative techniques and technologies to capture, store, distribute, manage and analyse larger sized
data sets with diverse structures.
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With new concepts, critiques emerge. Some critics contested that the notion of Big in the term
itself is misleading and that it does not reflect only data size but complexity. Yang (2013) pointed
out the definition of Big Data has little to do with the data itself, as the analysis of large quantities
of data is not new, but rather Big Data refers to emergent suit of technologies that can process
mass volumes of data of various types at faster speeds than ever before. This conceptualisation of
Big Data was echoed by Forrester defining Big Data as “technologies and techniques that make
capturing value from data at an extreme scale economical.” The term economical suggests that if
the costs of extracting, processing and making use of data exceed the advantages to be collected,
then it is not worth indulging in the process. Generally, Big Data has come to be identified by a
number of fundamental characteristics. Key among them are:

e Volume—Ilarge amount of information is often challenging to store, process, and transfer,
analyse and present.

» Velocity—relating to increasing rate at which information flows within an organisation—(eg,
organisations dealing with financial information have ability to deal with this).

 Veracity refers to the biases, noise and abnormality in data. It also looks at how data that is
being stored, and meaningfully mined to the problem being analysed. Veracity also covers
questions of trust and uncertainty.

* Variety—referring to data in diverse format both structured and unstructured.

* Verification—refers to data verification and security.

» Value—most importantly, has the data been utilised to generate value of the insights, benefits
and business processes, etc. within an organisation?

Douglas (2001) in the Gartner’s report proposed the three of the most common properties of Big
Data. The report made three fundamental observations: the increasing size of data, the growing
rate at which it is produced and the cumulative range of formats and representations employed,
proposed threefold definition encompassing the “three Vs” (Volume, Velocity and Variety).

There are also other properties of Big Data such as data validity, which refers to accuracy of data,
and volatility, a concept associated with the longevity of data and their relevance to analysis
outcomes, as well as the length required to store data in a useful form for appropriate value-added
analysis. In addition to these properties, there are three stages required to unlock the value of
Big Data in any organisation. These include data collection, data analysis, visualisation and
application (see Figure 2).

Collection

Data collection is the first step in unlocking the value accrued from Big Data. This requires
identifying data that can reveal useful and valuable information. Data must be filtered for rel-
evance and stored in a form that is useful, as little is gained in investing in huge amounts of data
and storage infrastructure if the vast majority of the data in it is not usable.

Analysis

Once data have been rendered into a usable form, it has to be analysed to generate actionable
information. However, with the growing diversity in the nature of data, managing and analysing
diverse data set is becoming a very complex process. Analysis needs to include linking, connecting
correlating different data sets to be able to grasp the information that is supposed to be conveyed
by these data. This situation is, therefore, termed as the ‘complexity’ of Big Data.

Visualisation and application

This is the last stage where the analysed data is made available to users in a form that is
interpretable and integrated into existing processes, and ultimately used to guide decision
making.
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Figure 2: Three essential stages of Big Data

Analytics and data warehousing

Trillions of data are being collected and stored in various institutional databases. Many institu-
tions of higher education are increasingly, delivering learning online. Subsequently, there is a
widespread availability of online repositories, educational digital libraries, and their associated
tools, all of which could be utilised as major catalysts for change in practice (Borgman et al, 2008;
Choudhury, Hobbs & Lorie, 2002; Xu & Recker, 2012). Data is stored in student information
systems, student social media usage data, learning management systems, student library usage,
individual computers and administrative systems holding information on programme completion
rates and learning pathways.

In addition to growing abundance in data, the data come in different formats of audio, video, text
and pictures. Furthermore, when learners interact with a digital device, data about that interac-
tion can be easily captured or “logged” and made available for subsequent analysis.

The variety of data collected and stored could explored using modern analytic techniques.
Analytics are attractive approaches in education due to ability of tools and techniques for data
processing and analysis. Mayer (2009) noted that the increase in attention to analytics is also
driven by advances in computation, especially on various platforms. For instance, smartphones
currently exceed the computational power of desktop computers and are more powerful than
mainframe computers today which can accomplish tasks that were impossible only a few years
ago (Baker & Inventado, in press). In addition, increases in computational power support
researchers in analysing large quantities of data. In addition, the appearance of new systems and
analytical tools are the most significant advances in research in analytics.

There is also a growing number of systems and tools that are intended to leverage Big Data and
analytics. For instance, systems such as Apache Hadoop, Hortonworks, MapReduce and Tableau
Software are designed to support the use of analytics tools without advanced technical knowl-
edge. Furthermore, SAS and IBM SPSS address the substantial challenges of managing data at
the scale of the Internet (Baker & Siemens, 2013; Dean & Sanjay, 2008). Currently, the best
platforms for harnessing the power of Big Data are open and flexible. They also blend the right
technologies, tools and features to turn data compilation into data insight.
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Big Data and analytics in higher education

Big Data is a knowledge system that is already changing the objects of knowledge and social
theory in many fields while also having the potential to transform management decision-making
theory (Boyd & Crawford, 2012). Big Data incorporates the emergent research field of learning
analytics (Long & Siemen, 2011), which is already a growing area in education. However,
research in learning analytics has largely been limited to examining indicators of individual
student and class performance. Big Data brings new opportunities and challenges for institutions
of higher education. Long and Siemen (2011) indicated that Big Data presents the most dramatic
framework in efficiently utilising the vast array of data and ultimately shaping the future of
higher education. The application of Big Data in higher education was also echoed by Wagner
and Ice (2012), who noted that technological developments have certainly served as catalysts for
the move towards the growth of analytics in higher education.

In the context of higher education, Big Data connotes the interpretation of a wide range of
administrative and operational data gathered processes aimed at assessing institutional perfor-
mance and progress in order to predict future performance and identify potential issues related to
academic programming, research, teaching and learning (Hrabowski, Suess & Fritz, 2011a,
2011b; Picciano, 2012). Others indicated that to meet the demands of improved productivity,
higher education has to bring the tool of analytics into the system. As an emerging field within
education, a number of scholars have contended that Big Data framework is well positioned to
address some of the key challenges currently facing higher education (see, eg, Siemens, 2011).

At this early stage much of the work on analytics within higher education is coming from
interdisciplinary research, spanning the fields of Educational Technology, Statistics, Mathemat-
ics, Computer Science and Information Science. A core element of the current work on analytics
in education is centred on data mining.

Big Data in higher education also covers database systems that store large quantities of longitu-
dinal data on students’ right down to very specific transactions and activities on learning and
teaching. When students interact with learning technologies, they leave behind data trails that
can reveal their sentiments, social connections, intentions and goals. Researchers can use such
data to examine patterns of student performance over time—from one semester to another or
from 1 year to another.

On a higher level, it could be argued that the added value of Big Data is the ability to identify useful
data and turn it into usable information by identifying patterns and deviations from patterns.
Long and Siemen (2011) indicated that Big Data is now well positioned to start addressing some
of the key challenges currently facing higher education. An OECD (2013) report suggested that
it may be the foundation on which higher education can reinvent both its business model and
bring together the evidence to help make decisions about educational outcomes.

From an organisational learning perspective, it is well understood that institutional effectiveness
and adaptation to change relies on the analysis of appropriate data (Rowley, 1998) and that
today’s technologies enable institutions to gain insights from data with previously unachievable
levels of sophistication, speed and accuracy (Jacqueline, 2012). As technologies continue to
penetrate all facets of higher education, valuable information is being generated by students,
computer applications and systems (Hrabowski & Suess, 2010).

Furthermore, Big Data Analytics could be applied to examine student entry on a course assess-
ment, discussion board entries, blog entries or wiki activity, which could generate thousands of
transactions per student per course. These data would be collected in real or near real time as
it is transacted and then analysed to suggest courses of action. As Siemens (2011) indicated
that “[learning] analytics are a foundational tool for informed change in education” and provide
evidence on which to form understanding and make informed (rather than instinctive) decisions.
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Big Data can also address the challenges associated with finding information at the right time when
data are dispersed across several unlinked different data systems in institutions. By identifying
ways of aggregating data across systems, Big Data can help improve decision-making capability.

Context and conceptual framework

Big Data can influence higher education practice, from enhancing students experience to
improved academic programming, to more effective evidence-based decision making, and to
strategic response to changing global trends. Big Data promises to turn complex, often unstruc-
tured data into actionable information. Hilbert (2013) pointed out that Big Data delivers a
cost-effective prospect to improve decision making. In order to organise the available literature
and develop a research design to help frame set of approaches for investigation, Daniel and Butson
(2013) proposed a conceptual framework to describe Big Data in higher education along four
components (see Figure 3), utilising the framework as a way to describe and link siloed data
systems (see Figure 4).

The University of Otago Technology Enhanced Analytics Framework (Figure 3) describes a wide
range of administrative and operational data gathering processes aimed at assessing institutional
performance and progress in order to predict future performance and identifies potential issues
related to academic programming, research, teaching and learning.

Institutional analytics

Institutional analytics refers to a variety of operational data that can be analysed to help with
effective decisions about making improvements at the institutional level. Institutional analytics
include assessment policy analytics, instructional analytics, and structural analytics. Institu-
tional analytics make use of reports, data warehouses and data dashboards that provide an
institution with the capability to make timely data-driven decisions across all departments and
divisions.

Information technology (IT) analytics

IT analytics covers usage and performance data that helps with monitoring required for develop-
ing or deploying technology, developing data standards, tools, processes, organisational synergies
and policies. IT analytics aim at integrating data from a variety of systems—student information,
learning management and alumni systems, as well as systems managing learning experiences
outside the classroom.

Figure 3: Conceptual framework
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Figure 4: Ideal data framework

Results of IT analytics are used to develop rigorous data modelling and analysis to reveal the
obstacles to student access and usability and to evaluate any attempts at intervention. Hrabowski
and Suess (2010) reported that with analytics, IT systems can help by refining the associated
business processes to collect critical data that might not have been collected institutionally and by
showing how data in separate systems can become very useful when captured and correlated.

Academic/programme analytics

Academic analytics will be an essential component of the future. It encapsulates all the activities
in higher education affecting administration, research, resource allocation and management
(Tulasi, 2013). Academic analytics provides overall information about what is happening in a
specific programme and how to address performance challenges. Academic analytics reflects the
role of data analysis at an institutional level, whereas learning analytics centres on the learning
process (which includes analysing the relationship between learner, content, institution, and
educator) (Long & Siemen, 2011).

Academic analytics combines large data sets with statistical techniques and predictive modelling
to improve decision making. Academic analytics provide data that administrators can use to
support the strategic decision-making process as well as a method for benchmarking in compari-
son with other institutions.

The goal of an academic analytics programme is also to help those charged with strategic plan-
ning in a learning environment to measure, collect, interpret, report and share data in an effective
manner so that operational activities related to academic programming and student strengths
and weaknesses can be identified and appropriately rectified.

Learning analytics

As higher education institutions adopt blended approaches to teaching, learning is happening
more and more within online environments and platforms. The educational data mining com-
munity and learning modelling communities have already explored ways to track student
behaviours, recording variables such as number of clicks and time spent on a page, and increas-
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ingly more nuanced information such as resilience and retention of concepts. Inclusion of
behaviour-specific data adds to an ever-growing repository of student-related information.
Learning analytics is an emergent research area that intends to access and understand these data
and adds a new dimension to the learning process.

Learning analytics is concerned with the measurement, collection, and analysis and reporting of
data about learners and their contexts, for purposes of understanding and optimising learning
and the environments in which it occurs (Long & Siemen, 2011). More broadly, learning
analytics software and techniques are commonly used for improving processes and workflows,
measuring academic and institutional data and generally improving organisational effectiveness
(Dyckhoff, Zielke, Biiltmann, Chatti & Schroeder, 2012; Jones, 2012).

Although such usage is often referred to as learning analytics, it is more associated with ‘aca-
demic analytics’ (Goldstein & Katz, 2005). Learning analytics is undertaken more at the teaching
and learning level of an institution and is largely concerned with improving learner success
(Jones, 2012). Associated with learning analytics is the notion of teacher analytics. Xu and
Recker (2012) extended learning analytics to include teaching analytics. In their work, they
analysed teachers’ online behaviours in the context of utilising digital library and online
resources. They utilised educational data mining techniques to identify different groups of
instructional architectures to determine diverse online behaviours.

Opportunities

With large volumes of student information, including enrollment, academic and disciplinary
records, institutions of higher education have the data sets needed to benefit from a targeted
analytics. Big Data and analytics in higher education can be transformative, altering the existing
processes of administration, teaching, learning, academic work (Baer & Campbell, 2011), contrib-
uting to policy and practice outcomes and helping address contemporary challenges facing higher
education.

Big Data can provide institutions of higher education the predictive tools they need to improve
learning outcomes for individual students as well ways ensuring academic programmes are of
high-quality standards. By designing programmes that collect data at every step of the students
learning processes, universities can address student needs with customised modules, assignments,
feedback and learning trees in the curriculum that will promote better and richer learning.

One of the ways higher education can utilise Big Data tools is to analyse the performance and skill
level of individual students and create a personalised learning experiences that meet their specific
learning pathways. When used effectively, Big Data can help institutions enhance learning expe-
rience and improving student performance across the board, reduce dropout rates and increase
graduation numbers (Figure 5).

The key contribution of Big Data will depend on the application of three data models (descriptive,
relational and predictive) and the utility of each to guide better decision making (Figure 6).

Descriptive analytics

Descriptive analytics aims at describing and analysing historical data collected on students,
teaching, research, policies and other administrative processes. The goal is to identify patterns
from samples to report on current trends—such as student enrollment, graduation rates and
progressions into higher degrees.

Descriptive analytics also provides institutions of higher education with an opportunity to
analyse transactional and interactional data about teaching learning and research to identify
discernible trends and patterns that are likely to trigger important dialogue on current and future
issues. Specifically, with descriptive analytics, institutions can investigate data within learning
management systems by looking into the frequency of logins, page views, course completion
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Figure 5: Key Big Data opportunities for three end-users in higher education

Figure 6: Three Big Data Analytical models in higher education
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Figure 7: Big Data analytics outcomes

rates for a particular programme over time, students attributes of those who completed versus
those struggling, which content is being visited many times, etc.

Predictive analytics

Predictive analytics can provide institutions with better decisions and actionable insights based
on data. Predictive analytics aims at estimating likelihood of future events by looking into trends
and identifying associations about related issues and identifying any risks or opportunities in the
future. Predictive analytics could reveal hidden relationships in data that might not be apparent
with descriptive models, such as demographics and completion rates.

It can also be used help to look at students who are exhibiting risk behaviours early in the
semester that might result to dropping out or failing a course. It can help teachers look at
predicted course completion rate for a particular and tools and content in the course are directly
correlated to student success.

Prescriptive analytics

Prescriptive analytics helps institutions of higher education assess their current situation and
make informed choices on alternative course of events based on valid and consistent predictions.
It combines analytical outcomes from both descriptive and predictive models to look at assessing
and determining new ways to operate to achieve desirable outcomes while balancing constraints.
Basu (2013) indicated that prescriptive analytics enables decision makers to look into the future
of their mission critical processes and see the opportunities (and issues) as well as presents the
best course of action to take advantage of that foresight in a timely manner.

In summary, Big Data Analytics provides institutions of higher education to leverage existing
data and collect missing data to help make better decisions, with various outcomes (see Figure 7).

In particular, Big Data helps institutions with the following performance and process outcomes:

Performance outcomes

* Better understanding of institutional data
¢ Better understanding of the requirements for effective data preparation for analytics
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» A solid foundation for the utilisation of Big Data

» Improved standardised and streamlined data processes

» Consistent ways to effectively leverage data analytics for improved accuracy, deeper knowledge

and real time decision making

Better data-driven decision making and practice

» Foundation for hypothesis testing, web experimenting, scenario modelling, simulation, sensi-
bility and data mining.

Process outcomes

* Better tools for collecting, processing, analysing and interpretation of data

 Better data system interoperability and system linking

* Enhanced data analytics and predictive modelling

* Better real-time rendering of analytics on students and instructors performances

* Reliable and comparable performance indicators and metrics within departments and divisions

* Better utilisation of historical institutional data to make informed decisions

* Better ability to develop and utilise “what if” scenarios for exploring data to predict possible
outcomes.

Challenges of implementation

There are a number of anticipated challenges associated with the implementation of analytic
techniques for Big Data in higher education. Some of these include challenges associated with
getting users to accept Big Data as a conduit for adopting new processes and change manage-
ment. There is also a tremendous cost associated with collecting, storing and developing algo-
rithms to mine data, a process that tend to be time consuming and complex. Furthermore, most
of institutional data systems are not interoperable, so aggregating administrative data, classroom
and online data can pose additional challenges (Daniel & Butson, 2013).

Furthermore, data integration challenges are eminent, especially where data come in both struc-
tured and unstructured formats and needed to be integrated from disparate sources most of
which are stored in systems managed by different departments. Additionally, data cleansing when
performing integration of structured and unstructured data is likely to result to loss of data.

There are also challenges associated with quality of data collected and reported. Lack of stand-
ardised measures and indicators make inter(national) comparison difficult, as the quality of
information generated from Big Data is totally dependent on the quality of data collected and the
robustness of the measures or indicators used.

A recent U.S. Department of Education (2012) report suggested that the successful implementa-
tion of Big Data in higher institution would depend on collaborative initiatives between various
departments in a given institution. For instance, the involvement of IT services departments in
planning for data collection and use is deemed critical.

This is consistent with views that the value of Big Data will be based on the ability to co-create
governing structures and delivery of more progressive and better policies and strategies currently
used (Schleicher, 2013). Wagner and Ice (2012) also pointed out that by increasing collaborative
ventures on Big Data initiatives help all groups take ownership of the challenge involving student
performance and persistence. Dringus (2012) suggested that the practice of learning analytics
should be transparent and flexible to make it accessible to educators (Dringus, 2012; Dyckhoff
etal, 2012).

However, there is still a divide between those who know how to extract data and what data are
available, and those who know what data are required and how it would best be used, all which
make collaboration difficult. Furthermore, as Romero and Ventura (2010) note, analytics has

© 2014 British Educational Research Association



14 British Journal of Educational Technology

traditionally been difficult for non-specialists to generate (and generate in meaningful context), to
visualise in compelling ways, or to understand, limiting their observability and decreasing their
impact (Macfadyen & Dawson, 2012).

The importance of communicating these ideas is also acknowledged by Macfadyen and Dawson
(2012), who pointed out that analytics have a negative or neutral impact on educational plan-
ning. They advocate delving into the socio-technical sphere to ensure analytics are presented
to those involved in strategic positions in ways that have the power to motivate organisational
adoption and cultural change.

Becker (2013) suggested three interactive components to be studied when collecting data for
analytics: location, population and timing. Location is defined by where and how students are
accessing the learning space, whereas population refers to the characteristics of the group of
learners participating in the learning space. Timing can be defined by any unit, from second or
minute to semester or year.

Big Data utilisation also raises issues around ethics of data collection in regard to quality of data,
privacy, security and ownership. It also raises the question of an institutions responsibility for
taking action based on the information available (Jones, 2012). Security and privacy issues pose
additional challenge to implementation of Big Data in higher education.

Currently, techniques such as disaster recovery plans, strong password policy, firewalls, encryp-
tion and anti-virus software that reduce the risks of losing or manipulating Big Data are still being
investigated. Furthermore, risks and security procedures for data protection and privacy are still
lacking in many institutions of higher education. For instance, Slade and Prinsloo (201 3) pointed
out that while most higher education institutions seem to have policies to regulate and govern
intellectual property, safeguard data privacy and regulate access to data, these policies might not
be adequate to address contemporary challenges associated with Big Data in higher education.

Dringus (2012) for example argue that bringing transparency to learning analytics as a practice
could be used to help deter any potentially wrongful use of data. As the amount of data available
for use is ever-increasing, the benefits will come from good learning management, reliable data
warehousing and management, flexible and transparent data mining and extraction, and accu-
rate and responsible reporting.

Summary and future directions

Dramatic advances in data capture, processing power, data transmission and storage capabilities
are enabling many organisations to integrate their various databases into data warehouses.
In the age of abundant data, higher education institutions similar to business, government or
healthcare institutions share some of the same reasons for adopting analytics, especially in the
areas of financial efficiency; expanding local and global impact; addressing new funding models
during a changing economic climate; and responding to the demands for greater accountability.

Within institutions of higher education, data are growing, but most of it is scattered across
desktops, departments and come in various formats, making it difficult to retrieve or consolidate.
To effectively utilise these data, the ability to analyse diverse information sets is needed, regardless
of where they originate, and consolidating data stored in silos within institutions, managing and
governing the data while securing sensitive information across databases, is a key requirement for
implementation of Big Data in higher education (Daniel & Butson, 201 3).

Consolidated data from various sources across an institution provide a better foundation for
making better decisions related to key business and technical needs, reducing redundancies and
waste of precious time retrieving data from multiple sources. In other words, data warehousing
can be an effective approach to unlock the value of Big Data in higher education. Although
combining data sets from across a variety of unconnected systems can be extremely difficult, it
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offers better comprehensive insights that inevitably lead to improved capabilities of predictive
modelling. Dringus (2012) suggested that one way of overcoming these problems is to increase
institutional transparency by clearly demonstrating the changes that analytics can help to
achieve.

Analytics also has the potential to help learners and instructors recognise danger signs before
threats to learning success materialise (Wagner & Ice, 2012); however, wide institutional accept-
ance of analytics requires a clear institutional strategy and the usability of analytics software
packages (Ali, Adasi, Gasevic, Jovanovic & Hatala, 2013).

Furthermore, data warehousing implements standardised data formats. Each department will
produce results that are standardised with all the other departments, resulting in more accurate
data representation. Lastly, a data warehouse can store large amounts of historical data that can
be readily for experimentation and to analyse different time periods and trends in order to make
future predictions.

Big Data can help provide insights to support student’s learning needs. For instance, learning
analytics as a fundamental component of Big Data in higher education provide researchers with
opportunities to carry out real-time analysis of learning activities. By performing retrospective
analysis of student data, predictive models can be created to examine students at risk and provide
appropriate intervention, hence enabling instructors to adapt their teaching or initiate tutoring,
tailored assignments and continuous assessment.

Despite the substantial uncertainties, the continuing growth of learning analytics means that we
need to consider not only the vast opportunities offered for better and more effective decision
making in higher education (Oblinger, 2012) but also explore the ethical challenges in institu-
tionalising learning analytics as a means to drive and shape student support (Slade & Prinsloo,
2013).

Work is underway exploring data management and governance structures associated with Big
Data in higher education. This research is also looking developing conceptual and theoretical
underpinnings of Big Data and analytics in higher education, as well as developing key perfor-
mance indicators, metrics and methods for capturing, processing and visualising data. In addi-
tion, a set of diagnostic tools and an integrated technology-enhanced data analytic framework
and ultimately a data warehouse for Big Data Analytics are being pursued.

Future work will involve identifying and establishing policies that specify who is accountable for
various portions or aspects of institutional data and information, including its accuracy, acces-
sibility, consistency, completeness and maintenance.

This research will also be looking at defining processes concerning how data and information are
stored, archived, backed up and protected, as well as developing standards and procedures that
define how the data and information are used by authorised personnel and implement a set of
audit and control procedures to ensure ongoing compliance with governmental regulations and
industrial standards.
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