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Despite the importance of mathematical skills in quantitative disciplines, high failure rates in first-

year university mathematics subjects have been observed in many parts of the world.  

Mathematics support provisions are established in many tertiary institutions in order to assist at-

risk students to master and pass mathematics subjects.  However, while a significant amount of 

data is being collected on students (e.g. entry scores, backgrounds), their behaviour (e.g. access of 

support services, engagement with online resources) and their performance (e.g. in assignments, 

tests), not much analysis is currently done with this data to predict a student’s chances of success, 

and to better guide the services of mathematics support centres and target intervention procedures. 

This paper reviews relevant literature and describes a proposed research project to improve 

retention in first-year mathematics using a learning analytics approach. 
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Introduction 
 

The lack of mathematics prerequisite skills at tertiary level has been recognised as an issue since the late 1970s 

and is known as the ‘mathematics problem’ (Rylands & Coady, 2009).  It is a serious problem even in 

developed countries.  Many first-year university students are struggling to pass mathematical subjects, 

especially those studying in quantitative areas such as engineering and science (Wilson & MacGillivray, 2007).  

High failure rates in mathematics subjects and lower retention in disciplines with mathematics-intensive subjects 

have prompted tertiary institutions to set up some form of mathematics support in order to assist these students 

from failing these subjects.  Studies have been undertaken to identify these students with weak mathematics 

skills and refer them to available mathematics support and intervention schemes.  However, regarding 

mathematics support, so far only a limited number of academic performance variables have been used to 

determine which students are to be classified as “at-risk” (see, for example, Croft, Harrison, & Robinson, 2009; 
Lee, Harrison, Pell, & Robinson, 2008). 

 

In the United States and some European countries, learning analytics and educational data mining approaches 

have been used to predict student performance, identify at-risk students, and set up intervention schemes in 

order to help students passed their subjects.  While many studies have been done in this area, none of them 

integrated mathematics support variables in their research (e.g. Arnold & Pistilli, 2012; Garcia & Mora, 2011).  

This concise paper will introduce a project that attempts to close this gap.  It will incorporate mathematics 

support aspects in a learning analytics approach to improve student retention, and to achieve this aim, a new 
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intervention strategy to assist at-risk students in first-year mathematics will be configured.  This paper is 

organised as follows.  Firstly, it reviews the relevant literature on mathematics support and learning analytics, 

and critically evaluates the papers to justify the need for this project.  Secondly, it describes the project plan; and 

finally, it concludes with expected outcomes of the project. 

 

Evaluating mathematics support and its role to increase student retention 
 

Mathematics support provision was initially set up to assist at-risk students to ease their transition into 

university.  As a general term, mathematics support provision normally ranges from introductory mathematics 

courses offered before the semester begins, drop-in learning/help centres, help desks, pre-booked individual 

appointments, exam revision support, or peer-assisted support (Parsons, 2008), to online support that provides 

materials (lecture notes documents as well as videos) that can be accessed from anywhere via the internet in the 

students’ own time (Loch, Gill, & Croft, 2012).  Mathematics support is now common practice in many 

universities in many parts of the world.  Drop-in learning centres in particular have been established mostly in 

the UK, Ireland, and Australia, and they now cater for students with a range of different mathematical abilities 

(Gill, Mac an Bhaird, & Ní Fhloinn, 2010).   

 

Many studies have been undertaken to measure the impact of mathematics support services on students’ grades 

and retention rates.  Factors such as past examinations, student grades, diagnostic tests, and whether or not 

students make use of a range of available mathematics support were used.  The last factor was found to be 

important as it seems students who make use of mathematics support tend to perform better in mathematics, as 

evidence provided by, for example, Croft et al. (2009) and Mac an Bhaird, Morgan, & O’Shea (2009). 

 

Studies into the effectiveness of mathematics support in improving student progression and retention involved 

more complex issues than academic performance variables alone.  Patel & Little (2006) and Lee et al. (2008) 

concluded that in order to improve student progression and retention, diagnostic tests should be followed by 

mathematics study support provision.   

 

Evaluating learning analytics and its applications 
 

The 21
st
 century has seen the collection of data expanding as a result of extensive uses of the web for learning, 

and with this the term “analytics” is now widely used in many areas.  The application of analytics in education is 

often referred to as educational data mining and learning analytics (Romero & Ventura, 2007; Siemens et al., 

2011).  These terms are similar in many ways, and overlapping research studies in the two disciplines were 

observed (e.g. Romero-Zaldivar, Pardo, Burgos, & Delgado Kloos, 2012).  However, as a rule of thumb, 

Siemens & Baker (2012) explained that educational data mining focuses on technical aspects of computing 

algorithms and automated discovery, while learning analytics focuses more on the educational side, i.e. 

empowerment of human resources (instructors and learners).   

 

There have been a few implementations of learning analytics projects on campus.  The most recognized project 

is Course Signals at Purdue University, which was automated in 2009.  The Course Signals features real-time 

feedback, early intervention, as well as frequent and on-going feedback, which are essential in identifying at-

risk students, both for the faculty (lecturer, tutor, retention coordinator) and the students themselves.  For 

students, it is very simple to comprehend; each student receives ‘signals’ similar to traffic signals (red, yellow, 

or green) in their Blackboard site regarding to each course s/he is currently taking.   Lecturers can track students 

with yellow or red signals as early as from the second week of the semester, and can therefore decide early on 

what kind of intervention is suitable to help a particular student (Arnold & Pistilli, 2012). 

 

In particular, the Course Signals project is very much in line with our study, as it aims to predict on-campus 

student performance on an individual basis and attempts early intervention for at-risk students.  The system’s 

ability to involve thousands of students across many disciplines and courses is outstanding.  Nonetheless there 

are gaps in their project that can be filled by our study, which will be explained below.   

 

The first difference is that Course Signals does not target any particular course or discipline to reach its goal.  

On the other hand, our study targets specific students, i.e. engineering students taking mathematics subjects, 

whose circumstance might be different from other disciplines.  Secondly, Course Signals only use variables 

around academic performance and mainly students’ online engagement with their courses.  In contrast, our study 

will also use students’ socio-demographic variables as well as their secondary school academic performance, in 

addition to their academic performance in the tertiary level.  Lastly, in predicting student performance, Course 

Signals does not involve any variables regarding learning support, in particular mathematics support, which can 
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be accessed by students in order to help them with their study.  On the contrary, our study will focus on the 

mathematics support aspect, whether and how students engage with the available support, not only to pass but 

also to improve their understanding of mathematics subjects. 

 

Learning analytics to improve retention with integration of mathematics support aspects 
 

So far there has been no research on identifying at-risk students or predicting student performance using 

learning analytics and educational data mining that integrates the mathematics support aspects.  Focusing on 

data mining techniques, Garcia & Mora (2011) mined data of over 6500 engineering students with 57 

independent variables, but did not use mathematics support variables.  On the other hand, Lee et al. (2008) 
incorporated one mathematics support variable, but only used a small data set (133 observations in one 

semester, 14 independent variables). Studies of such small size do not quite belong to learning analytics research 

as per the current definition. 

 

In Australia, Loch & Elliott (2012) carried out a preliminary study to investigate the effectiveness of the current 

retention strategy in terms of mathematics support provision.  This study extracted one cohort of 77 civil 

engineering students taking a single mathematics subject, analysing six variables in a descriptive manner. This 

study will extend the previous study, by analysing large data sets of several cohorts of engineering students with 

different majors taking different mathematics subjects.    

 

By using data from a range of various sources instead of only academic performances, it is hoped that a new 

intervention strategy can be proposed to improve retention in these mathematics subjects, to the benefit of the 

faculty and the university.  It will also add to current research on best practice of mathematics learning support 

and retention in mathematics education in general. 

 

Proposed Methodology 
 

In this study, we will learn from past student data to understand the present challenge we are facing in 

tackling the ‘mathematical problem’.  Future performance of current students will be predicted within the 

semester in order to prevent them from failing mathematics subjects, thereby improving retention.   

 

This study will take a learning analytics approach to first-year student data sets at Swinburne University of 

Technology.  These students have access to mathematics supports provided by Swinburne’s Mathematics and 

Statistics Help (MASH) Centre.  It will include four cohorts (2011 to 2014, i.e. past, present, and future data) of 

all first-year engineering students taking one of two core mathematics subjects with large enrolments, which is 

expected to be around 5,000 students in total. 

 

Datasets will incorporate demographic, socio-economic and student academic performance variables, as well as 

data from the MASH Centre visits and access to ‘Mathscasts’, i.e. online support materials (Loch, Gill, & Croft, 

2012) provided by the MASH Centre.  Secondary school data such as VCE mathematics scores as well as 

university entry scores will also be included.  Past student data will be evaluated and statistical models will be 

built on this data to predict the likelihood of student success in these subjects.  These models will be verified 

with current student data, constantly updated on a regular basis to improve the models as the students are 

progressing through the semester. 

 

At-risk students will be identified during the semester using predictive models that will employ all available 

variables.  Certain behaviours of students regarding their engagement or non-engagement to the MASH Centre 

and its online support will also be taken into account, in order to configure triggers for an intervention strategy.  

These at-risk students will be referred to the faculty retention strategy coordinator, who will implement support 

services for these students as suggested from the data analysis.  At this stage, ethics approval has just been 

granted and access to the data will commence shortly. 

 
Statistical approach  
 

Data mining techniques such as regression, decision trees, and support vector machines, as well as ensemble 

techniques will be applied to identify significant variables that contribute to student success as well as student 

failure in the mathematics subjects evaluated.   Different predictive models, one for each past cohort and 

subject, will be built to identify which student is likely to be at risk of failing the subject based on all data 

available.   
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The models will be evaluated to assess their accuracy.  In order to do this, data on each cohort/ subject regarding 

each model will be split in two groups, i.e. a training set to train the model, and a test set to test the model to 

determine the model’s accuracy.  These models will be regularly updated with the addition of current data, and 

evaluation of the models will be performed accordingly.  Ensemble models will also be exercised as they 

usually yield more robust predictions compared to individual models (Delen, 2010).  In this way, higher 

prediction accuracy is expected to identify at-risk students and predict student performance. 

 

 

Expected outcomes 
 

Expected outcomes of this study are:  
 

4. “At-risk” criteria in first-year mathematics are well defined based on suggestions from the data analysis. 

5. Applying these criteria on identification of at-risk students means that more students can be assisted to 

master and pass mathematics subjects, particularly if they do not avail themselves of mathematics support 

provision out of shyness and reluctance. 

6. More proper and targeted intervention strategy to assist at-risk students from failing mathematics subjects. 

7. Understanding students’ behaviour in engaging with mathematics support provision, in order to configure 

improvement of the provision according to each student’s needs. 

8. Improved retention in first-year mathematics. 

 

Conclusion 
 

This proposed study will apply a learning analytics approach to identify how retention in first-year mathematics 

could be improved where mathematics support provision is available.  It is an endeavour to combine two areas 

of research which previously seemed to have been investigated separately, i.e. learning analytics and 

mathematics support.  This study will contribute to ways of improving retention in the light of available 

mathematics support provision. 
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