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Abstract. In this work, we investigate the degree-awarding gap in dis-
tance higher education by studying the impact of a Predictive Learning
Analytics system, when applying it to 3 STEM (Science, Technology, En-
gineering and Mathematics) courses with over 1,500 students. We focus
on Black, Asian and Minority Ethnicity (BAME) students and students
from areas with high deprivation, a proxy for low socio-economic sta-
tus. Nineteen teachers used the system to obtain predictions of which
students were at risk of failing and got in touch with them to support
them (intervention group). The learning outcomes of these students were
compared with students whose teachers did not use the system (compar-
ison group). Our results show that students in the intervention group
had 7% higher chances of passing the course, when controlling for other
potential factors of success, with the actual pass rates being 64% vs 61%.
When disaggregated: 1) BAME students had 10% higher pass rates (55
%vs 45%) than BAME students in the comparison group and 2) students
from the most deprived areas had 4% higher pass rates (58% vs 54%) in
the intervention group compared to the comparison group.
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1 Introduction

Historically, the performance of some demographic groups of students has been
persistently worse than others. The impact of low socio-economic status (SES)
on learning has increased over the last 50 years across countries, including the
UK [3]. The attainment of ethnic minorities is consistently worse than White
students. In the UK, in the past decade, 57% of Black students gained an upper
second or first in their undergraduate degree, compared with 81% of White
students [10]. There may be a significant overlap between Black, Asian and
Minority Ethnic (BAME) students and low SES students. Recent post-pandemic
statistics show that nearly half of BAME households (46%) live in poverty as
opposed to 20% of White households [11].

Predictive Learning Analytics (PLA) focuses on forecasting the future stu-
dents’ outcomes using Machine Learning (ML) models and provide actionable
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feedback to students or teachers, leading to improved student outcomes [6].
Growing evidence suggest that using PLA to trigger interventions leads to im-
proved student outcomes in some studies [14,7] but not in others [2,5]. This
suggests that further fine-grained analysis is needed to understand who of the
students may benefit the most from PLA interventions. Previous studies re-
ported the importance of a teacher in improving student outcomes and closing
the attainment gap [13,4].

Research Questions To the best of authors’ knowledge, there are no stud-
ies directly investigating the impact of PLA on different demographic subgroups.
To fill this research gap, we examined the impact of PLA on the course award-
ing gap of BAME students and low SES students. We formulated two research
questions (RQs): RQ1: What is the impact of PLA on student pass rates and
their final score when deployed by teachers? RQ2: What is the impact of PLA
when disaggregating the results by ethnicity and by SES?

2 Methods

Three STEM courses were selected based on their historically low retention and
because they have not used Predictive technology before. Nineteen out of the
59 course teachers took part in the study (Intervention group). The remaining
teachers (N=37) were treated as a Control group. Teachers were asked to log
in before the first three assignments; 1, 2 and 3 weeks before the assignment’s
submission deadline. For each access, they were asked to consider contacting
students that were identified as at-risk of 1) not submitting or 2) predicted as
Fail or achieve low grade (50-60). Teachers were compensated to complete this
research activity.

The predictions, generated weekly, estimate each student’s likelihood to sub-
mit their next assignment and a likely banded score in the assignment. To gen-
erate these predictions the model utilises data from the previous run of the same
course, i.e. 1) demographics, workload and prev. results, 2) student engagement
in VLE, and 3) previous assignment performance. Gradient Boosting Machines
(GBM) has been selected in the previous years as the best performing model [8].

Evaluation For each RQ, we focus on students completion, passing and their
overall score. Completion means that a student satisfied the course requirements
and sat the exam; passing means that they were successful in the exam. Logistic
regression models were applied for binary outcomes (completion and pass) and
linear regression was used for the overall score. The unit of analysis were stu-
dents (N = 1, 412). The factors entered into the regression analysis included: (1)
Student (age, gender, an indicator of linked qualification, declared disability,
caring responsibility, new/continuing, highest previous education, avg. previous
score, no. of other credits studied, no. of previous attempts of the course, IMD1

and whether the student is identified as BAME), (2) Teacher (no. of students
the teacher is responsible for, avg. student pass rate in the previous years they

1 In the UK, the SES gap can be expressed as a difference between students from low
and high deprived areas, measured by Index of Multiple Deprivation (IMD)[12,9].
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have been teaching), (3) Course - dummy encoded as variables Course 1, 2 and
3.

Similarly, as [12], IMD was discretised into quintiles - Q1 representing the
most deprived areas and Q5 the least deprived areas. The check for homogene-
ity of variances, multicollinearity and normality were conducted to ensure no
assumption violation. Except for the number of students in the teachers’ group,
the continuous variables did not follow a normal distribution and were discre-
tised. IMD, previous student score, and teacher previous pass rates contained
missing values, and we encoded them as a special category. The previous score
was discretised for each course separately.

To answer RQ2, we created separate regression models for each demographic
group - i.e. for BAME/non-BAME and each IMD quintile Q1 − Q5. BAME
students encompassed 57 Asian, 46 Black, 39 Mixed and 18 Minor Ethnicity
students (11% of all students). This was conducted again for completion, pass
and overall score. For each regression model, we investigated the coefficient in-
dicating any differences between the Intervention and the Control group.

3 Results

The accuracy of the model for predicting completion was Acc = 0.71 and for
pass Acc = 0.69, for the continuous target overall score R2 = 0.22. Table 1 shows
the coefficients of the regression for pass, completion and score, with their sta-
tistical significance and standard errors for all students, regardless of the demo-
graphic group.2 The results show that students in the Intervention group (factor
group INT) were much more likely to pass the module (β = 0.36, p < 0.01) and
also obtain higher overall score (β = 5.07, p < 0.01). The positive coefficient for
completion was however not statistically significant (β = 0.11, p >= 0.1). This
might suggest that students in the Intervention group were better prepared to
be successful in the exam. The pass rate beta β = 0.36 can be converted to an
Average Marginal Effect 0.07, which means that keeping all attributes constant,
students in the Intervention group have 7% higher chances of passing the course
and obtaining 5.07 more points in the overall score.

Disaggregation by BAME and IMD Overall, the pass rates (61% vs
65%) and overall score (44 vs 46.5) were higher in the Intervention group. The
positive differences were higher for BAME students for passing (52% in the
Control vs 62% in the Intervention) and lower IMD quintiles, IMD1-3. Regression
models were created only for the specific demographic group, controlling for
potential confounding variables. Fig. 1 shows the β regression coefficients for the
Intervention group extracted from these models. Except for completion, the lower
SES groups have higher coefficients, with statistical significant results measured
for IMD Q1, β = 0.78, p < 0.05. For BAME, the most significant factor related
to passing the course was teachers’ previous low pass rates β = −3.08, p < 0.05.
This factor was not present for non-BAME students. This suggests that teachers

2 The results only include attributes where at least one of the factors had p < 0.05. The
full analysis can be found at https://ordo.open.ac.uk/account/articles/14414774
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Completion Pass Overall Score
β SE β SE β SE

prev sc VERY HIGH 0.41 0.75 1.33∗∗ 0.69 23.22∗∗ 10.08
disability −0.34∗ 0.28 −0.44∗∗ 0.26 −8.12∗∗ 3.83
is new 0.29 0.73 0.74∗ 0.67 13.66∗∗ 10.00
course 2 0.26 0.37 0.46∗∗ 0.35 2.19 4.88
group INT 0.11 0.29 0.36∗∗ 0.27 5.07∗∗ 3.82
credits other [1-60] −0.67∗∗ 0.34 −0.70∗∗ 0.30 −11.80∗∗ 4.14
credits other >=61 −1.09∗∗ 0.44 −1.04∗∗ 0.41 −17.12∗∗ 5.79
stud in group −0.01∗ 0.01 −0.02∗∗ 0.01 −0.23∗∗ 0.16

*p<0.05 **p<0.01 ***p<0.001
Table 1. Regression table for completion, pass and overall score

who had students with consistently low pass rates in the past are more likely to
have lower pass rates for BAME students but not for non-BAME students. The
same attribute was significant also for the second most deprived areas IMD Q2
β = −1.78, p < 0.01. Overall, a great concentration of BAME has been observed
in low SES and conditions of poverty [1,11], suggesting that any intervention that
tackles students in low SES would be particularly beneficial for BAME students
alongside other ethnicities found in low SES.

Fig. 1. Outcomes Beta coefficients for being in the Intervention group

4 Conclusions

The results demonstrated a positive impact on students’ performance, particu-
larly those who were coming from low SES, as measured by the Index of Multiple
Deprivation (IMD). This suggests that students found in rather disadvantaged
contexts such as poverty are more likely to benefit from PLA systems. BAME
are shown to have the greatest representation in low SES (32% as opposed to
10% non-BAME students), stressing the significance of early PLA support for
BAME students in particular. Because our study was conducted only on 3 STEM
courses and less than 1,500 students, the scaled experiment should try to repli-
cate the study across more courses, examine separately specific student groups
within BAME such as Black or Asian students and investigate the context, i.e.
whether some conditions need to be met to observe the same or similar effect.
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