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Abstract

This paper reviews some of the ways in which student success can be predicted in

conventional and distance education. Predicting such success is particularly important for

new students where the pre-course start information available is sometimes slight and

withdrawal often occurs very early in a course. It suggests that in such cases statistical

methods involving logistic regression analysis are the most useful rather than questionnaires

or tutors’ opinions. Identifying students with low probability of success allows support to be

targeted on them. However there are ethical dilemmas to do ƅ6so
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3motivation such as ‘Self-Efficacy theory’, ‘Achievement Goal theory’ ‘Interest Development

model’ and so on.

Such methods are clearly important for the insights they offer into students’

intellectuĀffectu
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8results from Wright et al (op cit) suggested that the most vulnerable students would

probably be those least likely to return the questionnaire.

In the event the data available for analysis at new student registration in the UKOU

is only

 Sex

 Age

 Previous education qualification

 Course choice

 Socio-economic status (inferred from occupational status)

Other factors are collected such as special needs and financial award status but often at a

later stage, somĀt



9Some of these factors made only relatively small difference in student progress.

For example the difference in pass rates between men and women is only about 10

percentage points. But when all the factors are taken together the differences predicted can

be much larger. In the first analysis undertaken using this method the predicted probability

of success varied from 84% (for a well-qualified woman studying arts course with other

positive characteristics) to 9% (for an unqualified man studying technology courses and

other negative factors). The output data from the analysis was in the form of a spreadsheet

that showed a predicted probability of success (expressed as %) for any particular student.

An extract from that output is shown as Table 1 (the full spreadsheet contained predictions

for nearly 3500 new students taking about 5300 courses between them). The initial letter of

the course code denotes the faculty so M- are maths courses, S- are science courses , T- are

technology courses and A- are arts courses.

Student Sex Course code Predicted probability of success % (pps)

1 M S281 9.4

2 M M358 13.1

3 M T171 13.6

- which ran through to

Student Sex Course code Predicted probability of success %

5321 F A103 82.1

5339 F A103 84.4

5340 F A103 84.4

Table 1 Extract from the spreadsheet of predicted probability of success.

The distribution for the predicted probability of success (pps) for the 5300 students-courses

involved in this prediction is shown in Fig 3.
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11
65-70 67

70-75 72

75-80 76

80-85 80

Table 2 Comparison of predicted pass rates and actual pass rates in 5% bands (n=5287)

There is good agreement between predicted and actual values although for the lowest and

highest bands the number of students involved is very small – there is only one student in

the 5-10% pps band out of 3,500 for example.

Of course for any one student the critical factor is not their probability of passing but

their actual result which is pass or fail. The overall pass rate is around 44% and if the pps

distribution is divided at that point the prediction of pass/fail is correct in 65% of cases – i.e.

for any one student with a pps above 56% a prediction of a pass will be correct in 65% of

cases.

The courses analysed above are largely conventional distance education courses.

But when it comes to online learning the same factors appear to apply with the addition of

familiarity with computers. For example Dupin-Bryant (2004) in a study of pre-entry

variables in online learning found that prior education and IT skills were the most important

determinants of student retention.

Using the Predictive model

The stimulus for using the predictive model in the UKOU was the recognition that in order to

increase its retention rates the university needed to undertake proactive contact with its

new students rather than waiting for new students to contact it. It was realised that such

contact had to be individual and targeted so that it was almost inevitably made through

individual phone calls. However the cost of proactively contacting all the 35,000 new

students each year was thought to be prohibitive so a way was sought of targeting new

students so that interventions would produce the greatest effect.

It was assumed that proactive contact with students with a high predicted

probability of success was unlikely to increase that pps by any substantial amount and that

better effects would be produced by concentrating contact on students with lower pps’s.

Thus proactive contact was concentrated on students in the below 56% pps category. This



12also accorded with the University’s mission to support students from educationally

disadvantaged backgrounds.

In the event as reported by Simpson (2004) there was an increase in retention of

around 4-5% amongst the contacted students compared with a control group of identical

pps’s. This is similar to a result reported by Mager (2003) of a 5% increase in student

retention using similar methods at Ohio State University with full-time students.

However the assumption that contact with higher pps students would have a lesser

retention effect was not tested and it remains to be shown at what levels contact may be

most effective. The evidence to date suggests that contact at very low pps levels does not

make as much difference as contact in the middle of the range but this is based on very small

student numbers. It does however raise various ethical issues.

Ethical issues in using the predictive model.

There are a number of potentially sensitive issues to do with acting on the data supplied by

the predictive model.

 Limited accuracy. Using that data to target resources on students is open to the

criticism that the data is limited in accuracy. This is particularly true as a substantial

proportion of new students do not give full personal data. It is occasionally the case

that an apparently vulnerable new student was phoned only for the adviser to

discover that – for example – the student has a high level q需ǈr e
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15The predictive modelling of student success can be sufficiently accurate to be worth using

for targeting support onto vulnerable students. There is some limited evidence of the

effectiveness of this approach particularly if statistical methods rather than questionnaires

are used. However the model also raises ethical issues about the use of the data notably

whether and how such predictions can be shared with students. But the model may also be

useful for setting benchmarks in the evaluation of courses and student support.





17Wright, N. and Tanner, M.S. (2002) Medical student compliance with simple

administrative tasks and success in final exams – a retrospective cohort study, British

Medical Journal 7353, 29 June 2002 pp1554-1555.
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