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ABSTRACT

We examine the current approaches used within Australia to determine the performance of prospective higher education students, with a view to managing student progress. Key challenges for such approaches include their application to students across a wide range of backgrounds and educational histories and their dependence upon information of limited scope. We propose an approach that may be used by individual universities to address these, using techniques from the field of Knowledge Discovery in Databases (KDD), and present examples of pertinent existing work in this area.

Introduction

Universities in Australia have experienced major changes over the past 20 years. Growth in student numbers has exceeded the growth in population and student numbers have more than doubled from 1980 to 1999 (Marks et al, 2000). As pressure is put on funding to cope with the increased numbers, there is now a much higher reliance on full fee-paying overseas students and since 1989, local undergraduate students are paying fees through the HECS loan scheme.  With this move to mass education, there is also increasing concern about how best to manage the education process and the performance of students.

Measuring the quality of potential students is an extremely important exercise for any university; in addition to the obvious application of selecting candidates which are most likely to perform well, appropriate quality measures play an important role in student management planning. However, producing such measures is a complex task, since they must be capable of appropriate evaluation across a range of ages, demographic groups and educational backgrounds. Measurement is further complicated by the potential distortion of key indicators such as exam results by factors such as adverse personal circumstances. In addition to this, important contributory qualities to success such as industriousness may be masked by a student's environment; for example, an unmotivated student may be driven hard and succeed within a good school only to perform poorly at university due to lack of personal motivation.

A number of studies have been concerned with identifying factors that lead to student performance.  One reason for identifying these factors is that policies and procedures can be put in place based on these factors to help manage a student’s progress.  What emerges from these studies is that various measures can be used to indicate student performance and that there are very mixed results as to the indicators of this performance.  Each university is unique in terms of many factors such as size, background of students, programs and courses offered, and social and other services offered.  

This initial study reports on the literature relating to student performance and recommends a tool, Data Mining, to allow individual universities to tailor policies and procedures to assist their students’ progress.

The paper proceeds as follows.  Australian university entrance quality measures are briefly described and the literature on student performance indicators is reviewed.  Data Mining is described and a review of its uses is presented.  Finally, recommendations are made on how this tool could be used by a university to understand the factors relating to student performance.

Australian university entrance quality measures

Each Australian state uses a measure to determine the quality of potential students. For example, Equivalent National Entrance Rank (ENTER) is used in Victoria and Overall Position (OP) in Queensland; OP scores range from 25 for the lowest scoring students up to 1 for the highest ("State Education", n. d.).

OP score is of principal interest to our institution; the following information describing its calculation is presented in (QBSS, 2002):

· OP is a rank score, indicating how a student performs when compared to other students in Queensland who are OP eligible.

· The subjects upon which OP is based are equally weighted.

· OP scores are scaled; this attempts to prevent differences in competition between school groups and subject groups affecting the score for each student.

Student performance indicator studies

Criticism of OP in relation to a law school is described in (Fairall, n. d.); high OP scores are not described as universally predicting law school performance, and students with inferior school results are reported to often perform extremely well. The author also cites the irrelevance of OP scores to mature age students, and suggests that common sense is of greater importance than intelligence for the legal profession. 

The unsuitability of OP and similar scores as sole determinants of higher education access is argued in (Dobson et al, 1996). The findings presented included examples such as the tendency of the performance of students with prior higher education experience to be superior to those without; school leaving students were also found to perform comparably to those with a TAFE background.

Potential augmentations to OP and similar scores in evaluating student performance are illustrated by a project to develop a measure of how highly a student strives in achieving their SAT score described in (Colet, n. d., Marcus, 1999). The project is reported to identify students as strivers if their SAT score is greater than 200 points different from their expected score; the expected score incorporates 14 factors into a statistical formula. The factors are based upon areas such as age, race, language, school location and mother's employment status. The approach is criticised in (Colet, n. d.) for the use of a fixed threshold in the definition of a striver, since for example if an ethnic subgroup has an expected SAT score of 100 less than the maximum possible score then none of its members can be a striver; the author instead suggests strivers be defined as students with scores above 2 standard deviations in excess of their subgroup mean.

McInnis and James (1999) survey a representative cross-section of 1st and 2nd year students across seven universities in 1994 and 1995 to identify factors affecting the satisfaction levels of students.  Their argument is that satisfaction levels can impact upon the attrition rate of students, their marks, and their attitudes and approaches to learning during and beyond their undergraduate years.  They found that students who are clear about their motives for study, who know the type of occupation they want, who don’t have high university adjustment problems, who gain entry into their preferred course, who don’t feel pressured by financial commitments, and who are not affected by parents expectations to enrol in a course are more likely to have higher satisfaction levels.  Two groups, school leavers and non-school leavers are compared.  A higher proportion of school leavers express dissatisfaction than non-school leavers.  They also found that over a third of enrolled students have serious doubts about their course and commitment to study.

Focus groups conducted with students from different faculties at Monash University and other institutions in 1997; a longitudinal study using a combination of questionnaires, focus groups, and videotaped interviews in 26 schools in Victoria; and an analysis of data files of enrolled first-year students at Monash University in Business and Economics in1996 are used to investigate students’ transition into university and the marks the students achieve in first year.  Their findings suggest that successful transition is affected by clear information about courses and assessment methods, perceived quality and enthusiasm of teachers, orientation activities and student services after orientation, and successful achievement of the social rather than academic transition to university.  The higher a student’s Tertiary Entrance Rank (TER) achievement, the gender (female), the linguistic background (English), and secondary school type (non-catholic and non-independent schools) are factors identified as positively correlated with marks achieved in first year.  

Urban et al (1999) analyse a database of students commencing in Australian universities in 1992 and who had completed an award by 1997.  Student characteristics that correlate with completions are reported.  The findings indicate that students more likely to complete are those that are younger, female, studying full-time, have high TER, from urban areas, non-Aboriginal or Torres Strait Islander, and from non-English speaking backgrounds. Completion rates are also found to vary across different programs. Martin et al (2001) report an update of the 1992 cohort from 1997 to 1999; their findings confirm the results of the previous study.

Dobson et al (1996) cite research that finds some contradictory result to those reported in Urban et al (1999). Parameswaran (1991) cited research that found that mature age students perform as well as other students, while Dobson and Sharma (1993) found that students with English speaking backgrounds perform better than those with non-English speaking backgrounds.

This review indicates that the factors involved in the management of student performance are many and varied, and that a large number of the discovered results are contradictory. The remainder of this study examines the use of knowledge discovery in databases techniques to enhance this management process.

Knowledge discovery in databases

Organisations are increasingly storing large amounts of data electronically, within which useful patterns are often hidden. Data mining, a phase within the process of knowledge discovery in databases (KDD), is the search for such patterns; the process is analogous to physical mining, within which valuable minerals are sought within large quantities of rock, earth and so on. A methodology for KDD is presented in (Debuse et al, 2000), and an excellent guide to data mining can be found in (Weiss & Indurkhya, 1997).

Within data mining, one or more tasks may be undertaken, for which a range of potential algorithms is available; example tasks include the following, some of which are described in (Debuse, 1998).

· Association: associations between field values within a database are sought. For example, a database may exist within which each record contains details of performance within courses taken by a student; rules may be extracted which determine how performances within courses taken by students are associated. This knowledge may then be used to determine policies such as course prerequisites.

· Classification: each record has an associated discrete class value, and patterns are sought which predict this based upon other field values. For example, a student database may exist within which each record represents a student and contains fields that include the class of degree which they achieved; rules may be sought which predict the degree class based upon other field values within the database. Such rules may be used in areas such as student selection policy revision.

· Regression: each record has an associated continuous value, and patterns are sought which predict this based upon other field values. For example, a student database may exist as before, except that in place of the class of degree there is a degree percentage score field; a neural network may be trained to predict the degree percentage score field value based upon other field values within the database.

· Clustering: records are grouped into clusters, each of which has an associated description and should be relatively homogeneous. For example, students may be grouped into clusters which correspond to their ability; such clusters may then be used to determine appropriate student management policies.

Student quality determination and management using KDD

The potential for applying KDD techniques to student quality determination and management is considerable, given the large quantities of pertinent data available. The application of data mining to the previously discussed problem of identifying students that are strivers is discussed in Colet (n. d.); the author defines strivers as outliers for which it is implicitly assumed college success will occur. The author does not specify whether the term "college" refers to both colleges and universities, but SAT scores, with which strivers are associated, are reported to be used across all eight campuses of the University of California (Geiser & Studley, 2001), suggesting that this is a safe assumption to make. Data mining is proposed to identify outliers, and it is suggested that it may also be used to determine the factors responsible for student success; the author suggests that a striver may perform better in some colleges than others, and that data mining can be used to predict whether a student is well matched to a college. The matching is proposed to be based upon college characteristics such as national ranking, size and distance from home, together with student background information.

A student evaluation approach based upon neural networks is described within Sheel et al (2001); this is used to determine placings of university students into basic mathematics courses. The existing approach used the results of a mathematics placement exam given to incoming freshmen to determine course placings, but the study suggested neural networks to be suitable alternatives to such exams.

A student management application of data mining is presented within Ma et al (2000). The work is applied to students within the Singapore Gifted Education Program (GEP); such candidates are reported to be selected on the basis of primary school tests, and if successful be nurtured with courses designed for gifted students. The project aim is to improve on the existing approach used to identify GEP students who should take remedial classes during study for A level qualifications; such qualifications are used for university entrance. The importance of accurate identification is motivated by two arguments: failure to provide remedial classes for weak students may impair their A level results, whilst providing such classes for stronger students unnecessarily increases the load both for them and their teachers.

The existing approach used to determine whether remedial classes are attended by a student for a given subject is to use the score in the O level examination (which is taken prior to study for A levels) for the subject; if this is below a cutoff mark then such classes are attended. The authors use data mining algorithms to predict whether or not a student will be weak based and find the best results produced to be superior to those obtained using the traditional approach.

A student management application of data mining is also presented in Luan (2001), where data mining algorithms were used to predict whether or not students would enrol in the next term. The data upon which the predictions were based was from a community college and included features such as student demographics, courses taken and total units earned. The author also investigated the use of a clustering technique to form homogeneous groups of data.

The application of data mining to the problem of targeting financial support at suitable prospective students is discussed in Collier et al (1999). The described university is reported to be exploring the use of data mining in the identification of potential students who will attend only if they receive financial support; such students may be contrasted with those for whom financial support will not affect their attendance. The aim of such a project is to target offers of financial support towards students whose attendance is dependent upon such assistance and thus to improve their recruitment results.

The application of mining contrast sets to university admission policy review, with the aim of improving student diversity, quantity and quality, is presented in Bay & Pazzani (2001); such sets describe the differences between groups of data, and the authors present the STUCCO algorithm for their discovery. STUCCO is used to allow the differences between undergraduate applicants to a university who chose to enrol and those that did not. The student data used includes SAT score, GPA, a composite formed from SAT and GPA, home location and ethnicity, and the STUCCO approach was compared to the classification rules produced by C5. C5 was found to require parameter modification to cater for the low percentage of admitted students that enrolled, since in some cases it discovered no rules; the approach also suffered from producing large numbers of rules that applied to small numbers of students, and missed several simple, obvious rules, leading the authors to pronounce it unsuitable for group difference discovery. Such problems were not encountered with STUCCO; indeed, some of the discovered knowledge is being used by the candidate university to modify its recruitment approach.

Conclusions and future work

The potential for application of first year higher education metrics and management approaches is clearly vast, as illustrated by the range of examples that we have presented. Moreover, such applications may deliver considerable benefits, such as improvements in student quality, retention and performance together with increased university resource utilisation efficiency. The full realisation of such benefits is dependent upon the development of high quality metrics and management approaches; information pertinent to such development may be contained within the data stored within and without higher education institutions, and KDD techniques may be used to extract this.

KDD techniques offer a number of significant advantages over many of the analytical approaches outside this area which we have examined. Such approaches are capable of working with large numbers of factors simultaneously rather than requiring each to be analysed individually; in addition to potential time and effort savings, such analyses may discover knowledge based upon combinations of factors which would not otherwise be revealed. The potential speed improvements may be crucial to the applicability of the discovered knowledge, since this may rapidly become out of date and of little use to the institution. In addition, the potential for automation of KDD techniques is considerable, and this would permit their incorporation into the university management system as decision support utilities; such an approach may for example monitor data as it changes and alert staff to significant shifts in the discovered knowledge.

We aim to further explore use of KDD techniques in first year higher education metrics and management within the Pacific Rim. However, such exploration faces two significant challenges: ethics approval for all Australian research is required, and the Australian Privacy Act may constrain its scope.

Our initial studies are most likely to concentrate upon our own university, but may be expanded to cover other institutions within the Pacific Rim region. The widely differing characteristics of higher education institutions suggests that the best approach would be to analyse each establishment individually; however, valuable knowledge may be discovered by investigating the differences and commonalities among such organisations.

Some example applications of KDD within our own university which we are keen to explore include the determination of OP score augmentations for the selection of first year students and analysis of potential student management improvement opportunities. The successful execution of such projects offers potential advantages which may be of tremendous benefit to the university and students, such as improvements in student quality, retention and requirement fulfilment, together with gains in university revenue, competitive placing in relation to similar institutions and resource utilisation efficiency.

Despite the challenges involved, the improvements that KDD techniques may bring to first year higher education metrics and management are both considerable and far-reaching, with the potential benefits reaching students, academics, administrators and management alike.
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