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Abstract

Background

Since 2016, Scotland’s “Widening Access Agenda” has primarily focused on in-
creasing the proportion of those from the 20% most deprived areas in Scotland
who gain admission to higher education. In 2024, this conversation shifted to-
wards not just disadvantaged students’ access to university, but their academic
performance once they are on-programme. This thesis aims to address the in-
creased interest in students’ academic outcomes by analysing these alongside
students’ socio-economic and demographic backgrounds at one Scottish higher
education institution - the University of Strathclyde. This thesis is unique in that
it is the first known in-depth, temporal analysis of student registration records at
the population-level within the United Kingdom. In addition to being of policy
importance to wider-Scotland, the results of this thesis are of also operational im-
portance to the University of Strathclyde, which has a target of 90-95% retention

for first-year undergraduates by 2030.



Aims

To explore 10 years’ worth of registration records on Scottish-school leavers at
the University of Strathclyde in general. To determine whether or not contextual
offer students are achieving similar levels of academic success as their standard
offer peers. To measure the association between students’ academic outcomes
and their prior attainment, demographics, and socio-economic background. To

identify which statistical modelling techniques most appropriately fit the data.

Data

This thesis analyses 10 years’ worth of registration records at the University
of Strathclyde (2012/13 - 2021/22). These data are provided by the Strategy
& Policy team with some additional data from the University of Strathclyde’s
Widening Access team. Area-level deprivation is measured using the Scottish
Index of Multiple Deprivation (SIMD), where the 20% most deprived areas were
denoted “SIMD Quintile 17. The reproducibility of the results is of vital impor-
tance, hence this thesis details precisely how datasets were gathered, cleaned and
joined. The data were filtered to only consider “Scottish-school leavers” - the

population of interest - which contained 18,988 unique students.

Methods

This thesis presents the theory behind regression and survival modelling tech-
niques. Three generalised linear regression models were examined: the Logistic,
Modified Poisson, and Log-Binomial. Similarly, three survival models were exam-

ined: the Logit Discrete Time-to-Event, Cox-Proportional Hazards, and Paramet-

vi



ric Weibull. Models explored the associations between a successful /unsuccessful
outcome at university and students’ prior attainment from secondary education,
their socio-economic background, and demographic background. Relevant mod-
els were compared to one another on the basis of their estimated effects and

goodness-of-fit to identify the most appropriate modelling techniques.

Results

Between 2012/13 and 2021/22, around 90% of school-leavers were retained after
the end of their first academic session, around 74% of school-leavers completed
their Bachelor’s with Honours degree within four years and around 9% of school-
leavers dropped-out of the University. The majority of these drop-outs occurred
in the first academic session (6%). Each of these academic outcomes were signifi-
cantly affected by a student’s SIMD Quintile and prior attainment from secondary
education. School-leavers from SIMD Quintile 1 had significantly lower chances of
a successful outcome at the University compared to their peers from SIMD Quin-
tiles 2-5, even when they had the same levels of prior attainment. Students who
likely received a standard offer to the University of Strathclyde were 8.3% more
likely to be retained at the end of first year and 18.6% more likely to complete
their Bachelor’s with Honours degree within four years, compared to students
who likely received a contextual offer. Both regression and survival methods ad-
equately fit the data, although the regression models had various issues related
to the interpretation of estimated effects. These effects were mitigated when

using an academic outcome that was rarer, i.e. drop-out rather than retention

vil



or completion. Discrete survival methods were the most appropriate model fits,
however, if regression methods were to be applied it seems unlikely that incorrect

conclusions would be drawn.

Future analyses

Gaps between the academic outcomes of students from different socio-economic
backgrounds (measured using SIMD) have been identified, even when they had
similar levels of prior attainment. There is huge potential for future research
into student registration data that could assist the university and wider-Scotland
to achieve targets on Widening Access and the academic outcomes of students
more generally. Future analyses should examine the associations with other key
explanatory variables, such as university-level attainment and other measures of
socio-economic background. These data could be used to develop early-risk pre-
diction models to assist the university in making more targetted interventions.
Data from more recent cohorts could be examined to measure any potential im-
pact from the COVID-19 pandemic. It could also be explored whether the current
entry requirement thresholds are appropriate or could be adjusted to reflect what
is now known about the relationship between prior attainment and a successful
outcome at the university. It is hoped that the results of this thesis provide a
blueprint for analysing student outcomes for teams at the University of Strath-

clyde as well as at other institutions across the United Kingdom.
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Chapter 1

Introduction

“Widening Access (and Participation)” is an umbrella term popular in the United
Kingdom for policies and interventions that aim to reduce inequalities in educa-
tion. For example, increasing the number of students represented in higher ed-
ucation from traditionally under-represented groups, targetting support towards
socio-economically disadvantaged students, or the closing of attainment gaps.
This thesis will primarily focus on Widening Access efforts within the Scottish
higher education system which has received increasing levels of attention from
the Scottish Government, higher education institutions and other stakeholders in
the education sector, both in Scotland and in the Rest of the United Kingdom

(RUK).

Since 2016, the Scottish Government and Scottish universities have been work-
ing towards their goals on Widening Access to higher education for students from
socio-economically deprived backgrounds [3-5]. The primary objective is to, by
2030, increase the proportion of full-time, first-degree undergraduate students

registered at Scottish higher education institutions from the 20% most deprived
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areas in Scotland such that they are equally represented (i.e. equal to 20%) [3, 6].
Area-level deprivation in Scotland is measured using the Scottish Index of Multi-
ple Deprivation (SIMD) where the 20% most deprived areas are defined as those
that come under SIMD Quintile 1 (also known as “SIMD20” in some literature).
One of the many tools used to increase the proportion of SIMD Quintile 1 and
other disadvantaged students in higher education is the practice of “contextualised
admissions” (also known as “contextual offers”), where the entry requirements to
a degree programme are marginally lowered for students from deprived back-
grounds [3]. Contextual offers will be a key topic that is explored in Chapter
8.

As of 2024, the proportion of SIMD Quintile 1 students in Scottish institutions
stood at 16.5% |7]. While much of the emphasis on measuring progress for Widen-
ing Access has been focused on admissions, comparatively less emphasis has been
placed on the performance of those students once they are on-programme. There
is, however, some indication that this is changing after the new Commissioner
for Fair Access (2024) recommended that equal weight be given to disadvantaged
students’ academic outcomes |7]. This thesis aims to contribute to the research
and literature on the outcomes of Widening Access students in higher education.
It will do so by analysing ten years’ worth of registration records (2012/13 -
2021/22) at one Scottish higher education institution: the University of Strath-

clyde.

The results from this thesis are also of operational importance to the Univer-
sity of Strathclyde. The University has set Key-Performance Indicators (KPI)
including that, by 2030, it will achieve a target of 90-95% retention for first-year

undergraduates [KPI 2 - [8]]. Understanding which factors affect whether or not
2



a student will drop out of university or continue their studies is therefore of vital
importance. The data used in this thesis primarily comes from the registration
records provided by the University of Strathclyde’s Strategy & Policy team with
some additional data from the University of Strathclyde’s Widening Access team.
Both teams have expressed keen interest in the results to assist with their oper-
ations. As a result, a key aim of this thesis was the reproducibility of the results
by detailing precisely how datasets were gathered, cleaned and joined. It is hoped
that the work provides a blueprint for analysing student outcomes for teams at
the University of Strathclyde as well as at other institutions across the United

Kingdom.

1.1 Thesis Outline

Chapter 2 will summarise the Scottish education system, how disadvantage is
measured, the inequality present within the UK’s education systems (which forms
the rationale behind the Widening Access agenda) and the progress that has been
made towards Scotland’s Widening Access targets. Chapter 3 will detail how data
on the target population (school-leavers) were gathered, joined, and cleaned to
derive the School-leavers dataset. It will also define subsets of the School-
leavers dataset used for each analysis chapter (7, 8, and 9). Chapter 4 will
define the relevant outcome and explanatory variables, some of which will be
used in the analyses chapters and some of which are planned to be used in future
publications. Chapter 5 will briefly explore the variables contained within the
School-leavers dataset, and their relationships with one another, such that

the reader can understand the make-up of students in the dataset. These ex-



plorations will also aid the interpretation of analyses chapters. Chapter 6 will
contain the relevant theory behind the regression and survival methods applied
to the School-leavers dataset. Chapter 7 will measure the association between
holding a qualification in Advanced Higher Mathematics and students’ chances of
a successful outcome at the University. It will also measure whether or not this
effect is moderated by the recommendation (or lack thereof) of Advanced Higher
Mathematics prior to entry. Chapter 8 will compare the academic outcomes of
standard and contextual offer students. Chapter 9 will attempt to build a survival
framework for analysing the time until students drop out of the University. All
analyses chapters (7, 8, and 9) will also measure the effect that prior attainment,
socio-economic background, and other factors, have on students’ academic out-
comes. Relevant literature will be referenced throughout the thesis. In particular,
Chapter 2 will highlight previous research on measuring the academic outcomes
of students at schools and in higher education. The beginning of each analysis
chapter will also contain a short motivational section which will cite literature

relevant to the area of analysis.

1.2 Aims of the Thesis

The aims of the thesis are:

1. To explore the demographic, socio-economic and prior attainment informa-

tion of school-leavers at the University of Strathclyde.

2. To determine whether or not contextual offer students are achieving similar
levels of academic success as their standard offer peers.

4



3. To measure how much academic success/failure is affected by a student’s:

(a) Socio-economic background,

(b) Prior attainment from secondary education,
(c) Demographics,

(d) Choice of degree programme.

4. To determine what the most appropriate method is for modelling the effects

on academic outcomes.

Aims (1), and (3) will be addressed throughout the thesis, primarily in Chap-
ters 5, 7, 8 and 9. Aim (2) will be specifically addressed in 8. The final aim (4)
will be addressed in the conclusions of Chapter 10 which summarises the findings
from Chapters 5, 7, 8 and 9. Future modelling approaches and research questions

will be proposed based on these findings.



Chapter 2

Scottish Education and Widening Access

in Context

Before analysing the University of Strathclyde data, it is necessary to under-
stand the context behind Widening Access efforts in Scotland. This chapter will
summarise the Scottish education system (Section 2.1), how those who are disad-
vantaged can be identified (Section 2.3), the inequalities present at each stage of
Scottish/UK education (Section 2.4), and finally, what progress has been made
towards the Scottish Widening Access targets since their introduction in 2017
(Section 2.5). Frequent reference to SIMD is made throughout the chapter and is
defined in Section 2.3.1. While this chapter focuses primarily on inequality and
under-representation found within Scottish education, relevant examples from
the rest of the United Kingdom (RUK) are also highlighted here where appropri-
ate. This chapter also touches upon the impact of the COVID-19 pandemic on

Scottish and University of Strathclyde students.



2.1 The Scottish Educational Context

Education is devolved within Scotland, meaning it is governed by the Scottish
Government rather than the UK Government. As such, there are differences in
the structure and policies of the educational systems in Scotland when compared
to England, Wales, or Northern Ireland. In Scotland, there are four stages of ed-
ucation that a student can progress through: Pre-school, which covers those aged
2-4 years old; Primary education, of which there are seven years — P1 (typically
aged 5 at the beginning of the year) to P7 (aged 11); Secondary education (or
high-school), which has four compulsory years — S1 (aged 12) to S4 (aged 15) —
and two optional years — S5 (aged 16) to S6 (aged 17); Tertiary education which
covers both colleges and universities for those typically aged 18 or older. Tertiary
education delivered at a university is commonly referred to as higher education,

while at a college it is referred to as further education.

The majority of young people in Scotland choose stay on until the late stages
of secondary education (S5 and S6) [9]. After secondary school, students can
choose to apply to college or university depending on whether or not they sat-
isfy the relevant entry requirements. College studies typically are two years in
duration, where in the first year a student completes their Higher National Cer-
tificate (HNC) and in the second year a student completes their Higher National
Diploma (HND). Students from secondary school or college may choose to apply
to university where they can sit their Bachelor’s with Honours degree (four years
duration) followed by a Master’s degree (one year duration). This system is sim-
ilar to the rest of the UK with some slight differences in the structure and length

of each stage, as well as the ages of students that enter each stage. For example,



students in Scotland leave secondary education aged 17-18, whereas in the RUK
this is 18-19. In Scotland, Bachelor’s with Honours degrees typically last four
years but last three years in the rest of the UK, meaning that all UK students

typically leave higher education at the same age (21-22).

2.1.1 Attainment Required for Entry to Higher Education

To gain access to higher education institutions within the UK, students must
gain the relevant attainment in Scottish Credit and Qualifications Framework
(SCQF) level 6+, or UK level 3+, qualifications which are taken in the later
years of secondary education [10, 11|. In Scotland, the relevant qualifications
are, typically, Highers and Advanced Highers, while in the rest of the UK these
are A-levels. The Scottish Qualifications Authority (SQA) is the awarding body
for Highers and Advanced Highers as well as other secondary and vocational

examinations [12].

This thesis will exclusively focus on the Higher and Advanced Higher exam-
inations which most Scottish-domiciled students take across Scotland. Highers
are taken over one academic year, with five subjects being the usual maximum,
and typically in S5 and S6. This means that at the point at which most Scottish
students apply to higher education, admissions services can rely on the results
from formal examinations rather than just predicted grades. This differs from

the RUK where students sit A-levels over two academic years [13].

In the final year of secondary education, S6, students have the option of taking
Advanced Highers. Students who sit Advanced Highers can sometimes be eligible

for second year entry to some undergraduate degree programmes [14-16]. These
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qualifications are typically aimed at students who wish to apply to the most
competitive programmes and institutions or wish to better prepare themselves for
higher education level of study [15, 17]. Advanced Highers add a complicated layer
to admission processes, since they may not be as accessible nor even necessary for
all degree programmes. Advanced Highers and their effect on degree outcomes is

examined in Chapter 7.

2.1.2 Applying to Higher Education

Students are required to submit applications to the Universities and Colleges
Admissions Service (UCAS) — a centralised organisation for processing higher
education applications — to their institutions of choice. Students are encouraged
to apply in their final year of secondary education, although they can apply earlier

than this.

Deadlines for applications are in October for competitive programmes (such
as those at Oxford, Cambridge, or in medicine) and January for most other
programmes [18]. Students can make five choices in their application, where a
“choice” is for a specific programme at a specific institution. Students can apply
for as many or as few programmes as they like at a single institution, up to the
limit of five [18]. If an applicant is unsuccessful in all choices listed on their
October/January application, they are permitted one final application submitted

between February and July [19].

Following the deadlines, institutions process applications to their programmes
and issue decisions (offers or rejections); applicants receive these via UCAS as

they are processed and thus at any time they may have one or more outstanding
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decisions. The deadline for institutions to make decisions is typically in May for
applications received in January, and July for those received after February [20].

There are two types of offer issued, conditional and unconditional.

Conditions on an offer can include attainment of certain qualifications, attend-
ing a summer school or widening access programme, or sitting an additional test

prior to entry (normally in the August/November directly prior to registration)

21].

2.1.3 Scotland’s Higher Education Institutions

Scotland has 19 officially recognised universities, with the Principals from each
forming the group: “Universities Scotland” [22]. Each of the Scottish universities
can be informally grouped into either the four “ancient” universities founded prior
to 1600, the four “old” universities founded prior to 1992, or the remaining ‘“new”
universities founded post-1992. Note that the Open University in Scotland does
not fit into any of these groups, and is sometimes not included in Scotland’s official
count of institutions in certain contexts. Two of Scotland’s ancient universities:
the University of Glasgow and the University of Edinburgh; are founding members
of the Russell Group which describes itself as a collection of the United Kingdom’s
most world-class and research-intensive universities [23]. Though not recognised
in any official capacity, the Russell Group is very much acknowledged in public

and political discourse.

Being founded in 1796 and awarded university status in 1964, the University
of Strathclyde belongs to Scotland’s group of Old universities. The University

of Strathclyde has an international reputation for being socially-progressive but
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highly competitive in terms of its entry requirements (see Chapter 5 Figure 5.12).
It is Scotland’s third largest university by total population of UK students [24]

and regularly ranks within the top 50% of UK universities [25].

Since 2005, the Scottish Government has allocated funds to Scotland’s higher
education institutions through the Scottish Funding Council (SFC) [26]. Institu-
tions are held accountable for the funds they are allocated by the SFC through
Outcome Agreements [27|. The SFC also determine the number of funded places
for students at institutions. Students that can prove residence in Scotland for at
least three years at the time of registration (classified as “Home” students) are
eligible for their tuition fees to be paid [28]. The SFC determine the number of
students for whom fees will be available and higher education institutions are set
an annual target via their Outcome Agreement with the SFC; they should not
exceed these targets meaning there is a limit on the number of Home students
that can be registered. Note that targets for Widening Access students (see Sec-
tion 2.5.1) are included within overall target numbers but will have sub-targets,
and these are set in line with meeting the Commission on Widening Access’s tar-
gets. In 2017/18 the Scottish Government allocated around £1.1 billion to the
SEC for institutions and around £213 million for tuition fees to Scottish and EU

domiciled students [29, 30].

2.2 Impact of the COVID-19 Pandemic on Education

The onset of the coronavirus pandemic in March 2020 brought significant dis-
ruption to all stages of education in the UK, the full impact of which will likely
persist for years to come. In secondary-education, the cancellation of in-person

11



exams [31, 32|, the use of teacher-assessed grades and the reversal of the Scottish
Government’s “alternative certification model” [33-35|, led to significant “grade
inflation” [36] that affected the number of qualified applicants to higher educa-
tion [37]. Higher education institutions had to cancel face-to-face teaching and
examinations [38, 39|, adapt to “open-book” assessments [40-42], and adopt a
“blended-learning” approach which mixed in-person and online delivery of teach-
ing [43-46]. In particular, a “no-detriment policy” was enacted at the University
of Strathclyde, which gave extra favour to students to compensate for the dis-
ruption to their education [47-49]. There was particular concern that students
from more socio-economically deprived backgrounds may have been dispropor-
tionately affected by the disruption [33, 35, 50|. Care should therefore be taken
when interpreting any analyses on the academic outcomes of students who were
affected /unaffected by the pandemic. A more detailed summary of the impact of

the disruption is given in Appendix A Section A.1.

2.3 Defining Disadvantage using Contextual Indicators

In Widening Access literature, a “contextual indicator” is a discriminator between
groups that can be used to identify individuals who are advantaged or disadvan-
taged. It is impossible that an indicator perfectly discriminates between groups
of individuals given that “there is no hard boundary between the disadvantaged
and advantaged” [51]. Ideally, the aim is to use indicators which result in the
fewest possible false positives and false negatives. Here, a false-positive is an

individual identified as disadvantaged when they are not, and a false-negative
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an individual identified as advantaged when they are not. What constitutes a
suitable indicator, or an acceptable error-rate, is by its nature subjective and

political.

Boliver and Gorard (2017-2022) [51-55] have provided the most in-depth anal-
yses on the suitability of contextual indicators. They conceptualised suitability
based on their definition of “reliability” and “validity”. They proposed that a
“valid” indicator is one which accurately identifies disadvantage — i.e. optimises
the number of false-positives and false-negatives to an acceptable standard —
whereas a “reliable” indicator is one which relies on verifiable information and
has few missing data. For example, while coming from a rural area as an indica-
tor is reliable — rural status can be verified from postcode data easily — its validity
is questionable, since every individual that comes from a rural area is not neces-
sarily disadvantaged, hence there are likely to be a large number of false-negatives
and false-positives [52]. Boliver and Gorard [51, 52, 55| argued that reducing the
number of false positives was more important than doing so for false negatives.
In their view, the damage done to the “status quo” by the latter is relatively
little, while by the former would “...at best |be| giving a misleading picture of
how much good is being done, and at worst [be| doing more harm than good if
most of the limited resources end up going to advantaged individuals rather than

disadvantaged ones.” [51].

The remainder of this section will identify the subset of the indicators which
are used by the University of Strathclyde in its contextualised admissions policies
[56]. It will end with a summary of the debate around which indicators are the
most suitable in practice. A full list of the contextual indicators used in higher

education institutions across Scotland is provided in Appendix A.2.4.
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2.3.1 The Scottish Index of Multiple Deprivation (SIMD)

The Scottish Index of Multiple Deprivation (SIMD) is used as a contextual in-
dicator at all Scottish higher education institutions and is the measure used to
frame the each of the targets set by the Commission on Widening Access [3] (also

see Section 2.5.1).

SIMD is a multi-layered measure of how deprived an area — known as a “data
zone” — is within Scotland [57-59]. Roughly 700-800 people live within each
data zone. SIMD ranks the 6976 data zones in a weighted calculation using
seven measures (or “domains”) of deprivation: income (28%); employment (28%);
education, skills and training (14%); health (14%); geographic access to services
(9%); crime (5%); and housing (2%) [58]. This aggregation means that SIMD is
an indicator of multiple deprivation and not a measure of how poor or rich a given
area is [58|. The ranked areas can be grouped together, often into deciles (ten
groups) or quintiles (five groups). The latter is the grouping used most often in
practice and in literature, where SIMD Quintile 1 (also referred to as “SIMD20”
in some cases) refers to the 20% most deprived areas and SIMD Quintile 5 refers
to the 20% least deprived areas. Visual examples are given in Figures 2.1 and
2.2. The University of Strathclyde considers anyone from SIMD Quintiles 1 or 2
as eligible for a contextual offer [56]| as part of its outcome agreement with the
SFC (for example, see the 2021 outcome agreement [60]). In other words, anyone

from the 20% or 40% most deprived areas in Scotland.
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Scotland - SIMD Quintiles (2020)
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(source: Scottish Government SIMD 2020)

Figure 2.1: SIMD Quintiles (2020) across Scotland (not including the Shetland Is-
lands). Scotland’s 8 major cities are indicated with dots. Plot created using “shapefiles”
provided by the Scottish Government [1].

SIMD receives irregular updates, with the most recent editions being in 2020
[59], and other historic editions used from 2004-2016 [61, 62]. For this reason,
careful interpretation of literature that uses SIMD is advised, where the year

the publication and SIMD updates were released should be noted. The Scottish
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Government provides a postcode-linking tool for SIMD [59, 61, 62|, making it
an attractive measure for higher education institutions since it can be linked to

applying /registered students consistently and reliably.

SIMD does have some drawbacks, however. It is not a measure of how deprived
an individual is from a given area. An important statistic in understanding SIMD
is that two out of three people on low-income do not live in a deprived area, and
only one out of three people that do live in a deprived area are on low-income [58].
It should be used with caution in rural areas; living in a rural area can mean longer
distances travelled to jobs, schools, and services like the post office or a GP. These
factors play a large role in rural deprivation but are given smaller weightings in the
calculation of SIMD rankings than the domains of employment or income [58]. In
the technical documentation [58] it is stated that “[identifying people experiencing
disadvantage| will not work as well in rural areas, and we need to look at other
ways of assessing need and making decisions about allocating resources”. SIMD
has a bias towards large urban areas, particularly within Scotland’s central belt
where for example nearly one quarter of all SIMD Quintile 1 areas in Scotland
can be found within Glasgow City Council [63] (Figure 2.2). Boliver and Gorard
(2017-2022) [51-55] have frequently voiced their criticisms regarding area-level
indicators, including SIMD, stating that they are not suitable for use as contextual

indicators.
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Figure 2.2: SIMD Quintiles (2020) within the “Glasgow City” and “City of Edinburgh”
local authorities. Each city’s higher education institutions are indicated with dots. Plot
created using “shapefiles” provided by the Scottish Government [1].
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2.3.2 Care-experience / Caring responsibilities

Care-experience and caring responsibilities are both considered contextual indi-
cators by the University of Strathclyde [56]. Examples of what is considered
care-experience include: adopted children who were previously looked-after, fos-
ter care, and residential care [64]. The Commission on Widening Access [3]
recommended that all Scottish institutions should guarantee any qualified care-
experienced student a place as well as provide non-refundable bursaries to support
their studies. Students can disclose any caring responsibilities in their UCAS ap-
plications to institutions [65]. UCAS considers caring responsibilities to include
“unpaid care to a family member, partner or friend who could not cope without
their support...” due to “a long-term illness, disability, a mental health condition,
or an addiction” [65]. The University of Strathclyde uses the following informa-
tion to verify caring responsibility status: “an NHS carers card; a letter from a
carers centre; a confirmation letter from a GP, medical professional, or teacher;
or evidence of being in receipt of carers allowance. If your caring duties are

mentioned in your teacher’s reference, then no further evidence is required” [56].

Boliver et al. [52| considered care-experience to be a highly valid and reli-
able indicator of disadvantage. “School attainment levels and higher education
progression rates are markedly poorer for young people who have spent time in
registered care relative to other young people” [52|. Caring responsibilities was
also considered by Boliver et al. [51] as a valid indicator of disadvantage. While
there were no recommendations from the Commission on Widening Access |[3]
for institutions to adopt caring responsibilities as a contextual indicator, it is in

wide-spread use across institutions (see Tables A.1 and A.2).
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2.3.3 Low-progression/priority schools

Low-progression /priority schools are defined at the University of Strathclyde as
Scottish secondary schools that had low proportions of students progressing to
higher education and/or whether it was highlighted as a priority school by the
Schools for Higher Education Programme [56, 66]. At the University of Strath-
clyde, the list of priority schools has changed over the years, with the latest
update to Strathclyde’s policy occurring for 2022/23 entry [66]. This translated
to roughly 145 schools (out of 347) at the time the policy was implemented [66],
which may not reflect the current number due to openings, closures, or merg-
ers. While highly reliable, indicators based on the progression/attainment rates
of students in schools have been criticised as being “of limited validity when it

comes to measuring the socio-economic circumstances of specific individuals” [51].

2.3.4 The Indicator Debate

As a result of data access and protection issues, Scotland’s Widening Access ap-
proach has predominantly focussed on contextual indicators that are aggregated
on the area-level or school-level such as SIMD and the school attended. These
indicators are much more reliable since they can easily be verified through post-
code and local authority information that are already collected and disclosed to
institutions. However, these indicators are not viewed as favourably by Boliver
and Gorard [51-55]. Where initially in 2017, Boliver et al. deemed area- and
school-level indicators acceptable if used in conjunction with other indicators
[52], their stance hardened in 2022 towards replacing these indicators with the

aforementioned more viable individual measures “. . . if the ambition is to equalise
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access to higher education within a generation is to be achieved” [51]. They also
argued that these indicators could “do more harm than good” given that their
use “...will inevitably result in widening access initiatives being poorly targeted

and generate widening access statistics that are highly misleading” [51].

Other groups haven taken issue with the widespread use of aggregated in-
dicators in British institutions. Universities Scotland acknowledged the ease of
use and access that comes with SIMD [4], but asserted that “...it is still no
substitute for the development of more sensitive ways of measuring individual
disadvantage” and that “Scotland cannot afford to wait until 2030 to get it right
for groups of under-represented students who do not fit into the [SIMD Quintile
1] category.” [4]. Criticisms have been pointed towards SIMD’s big-city bias
[51, 53, 67| meaning that those in rural deprivation can often be looked over
and that rural institutions can struggle to recruit when SIMD students are less
likely to move away from home [68]. More recently, Robert Gordon University
asked that other indicators be considered alongside SIMD in achieving Widening
Access targets to account for rural factors [67]. In response to criticisms, the
Commissioner for Fair Access recommended in 2024 that SIMD should continue
to be used as the primary measure for progress towards Widening Access targets,
but that institutions also collectively agree upon which other indicators should

be used to “demonstrate their wider work promoting fair access” [7].

The current reality in Scotland is that SIMD and indicators like it, are applied
on an individual basis to decide applicants’ eligibility for contextual offers, which
was not their intended operation. Despite their contentious nature, area and
school-level indicators remain relevant in current and future Widening Access

discussions, particularly the latter given their role in Widening Access targets
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(Section 2.5.1). Meanwhile, the roles of more valid and reliable individual mea-
sures, such as eligibility for free-school meals, are limited so long as data access

remains an issue for higher education institutions (see Appendix A.2.4).

2.4 Attainment Gaps

Inequality in the academic outcomes between groups of students (for example
males and females) are referred to as “attainment gaps”. Attainment gaps can
manifest themselves at the very early stages of education. For example, in Ab-
erdeen City council, a study which measured the assessment scores of pupils in
Primary 1 found attainment gaps at the beginning of the school year between
those who were younger, received clothing grants, or had English as a second lan-
guage, compared to their peers who were older, did not receive clothing grants,
and were native English speakers [69]. Additionally, they found that the gap
between high and low attaining pupils had widened by the end of the school year,
and that while girls had made more progress than boys in reading, they had made

comparatively less progress in mathematics [69].

2.4.1 Attainment Gaps in Primary and Secondary Educa-

tion

The Scottish Government report “Achievement of Curriculum for Excellence (C{E)
Levels 2021/22” looked at the attainment levels of primary and early secondary
school students from 2016/17 to 2021/22 [70]. It found that in 2021/22; the at-
tainment gap between P1 to P7 pupils from the most and least deprived areas was
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21.3 percentage-points for literacy levels and 17.8 percentage-points for numeracy
levels [70]. While these were decreases compared to the year prior (which was af-
fected by the coronavirus pandemic), the gap over time had barely changed since
2016/17. For S3 students in 2021/22, there was a gap of 16.3 percentage-points
in literacy skills which had widened by 2.7 percentage-points since 2016/17 [70].
Meanwhile for their numeracy skills, there was a gap of 15.0 percentage-points

which was relatively unchanged compared to the gap in 2015/16 |70].

These attainment gaps persist into the later stages of secondary education. A
multi-generational cross-sectional study was published in 2009 that looked at the
attainment of students at the late stages of secondary education (S4-S6) against
characteristics such as sex, ethnicity, social class, family structure, parents’ back-
grounds, and other school-level and socio-economic factors, between the years
1985-2005 |71]. This occurred during major reforms to Scottish education at
the time, including the introduction of the Standard Grade qualifications [72].
Amongst the Croxford’s findings [71] were: that there was an upward trend in
attainment and participation rates amongst 16 and 18 year olds; a widening gap
between the attainment of females over males aged 16-18; that those from inde-
pendent schools had consistently higher UCAS Tariff points than those who came
from state schools; that factors related to parents’ occupation and education had
“additional effects on attainment”. Of all the characteristic considered, it was
found that “social class [was| the greatest source of inequality”; at age 18 those
from managerial /professional backgrounds had “substantially” higher attainment
than those from intermediate or working-class backgrounds, and this gap widened

over time [71].
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This was not the only record of attainment gaps present in the late stages of
secondary school. Boliver [52] showed attainment gaps from 2007-2009 between
secondary school students receiving/not receiving free-school meals (FSM) and
those from more/less deprived areas (measured using SIMD — see Section 2.3.1).
For example, 13.3% of students on FSM had left school with five or more Highers
compared to 47.6% of those not on FSM, and 20.6% of students from SIMD
Quintile 1 areas had left school with five or more Highers compared to 53.6% of
those from SIMD Quintiles 3-5 [52]. More recently, the Scottish Government has
conducted an analysis on the attainment of secondary school students from each
SIMD Quintile in the years 2011-2016 [73]. It showed that in 2015/16, 33.6%
of students from the 20% most deprived areas left school with at least one SQA
Higher versus 77.9% of those from the 20% least deprived areas; an attainment
gap of 44.3 percentage-points [73|. However, this did decrease to 38.5 percentage-
points in 2015/16 [73].

2.4.2 Inequality and “Fairness” in Applications and Entry

Requirements to Higher Education

When looking at the application and offer rates of English students to the pres-
tigious Russell Group of universities between 1996 to 2006, Boliver [74] found
that access to these universities were “far from fair”. They demonstrated that
even when controlling for secondary school attainment, students from lower so-
cial classes and state schools were less likely to apply to Russell Group universities
than their peers from higher social classes and private schools |74]. Boliver |74]

also found that once controlling for prior attainment at A-levels, students from
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lower social classes, state schools, and various ethnic minority backgrounds, were
much less likely to be given an offer than their peers who were from a higher

social class, private schools, or were white.

In 2018, the application to higher education rate for young people from the
least deprived areas in Scotland was 49.9%, nearly three times the percentage of
those from the most deprived areas at 16.9% |[75]. However, the offer rates for
students from more deprived areas was far higher than other quintiles, showing
a commitment from Scottish institutions to admit “disadvantaged” but capa-
ble applicants |75]. The gap between the acceptance rates of students from the
least and most deprived areas (SIMD Quintiles 1 and 5) also shrunk from 11.7

percentage-points in 2016 to just 3.5 percentage-points in 2018 [75].

To add to concerns, it is becoming increasingly competitive for Scottish domi-
ciled students to enter higher education due to the growth in the number of
applications outstretching the growth in funded places [29]. The Commission on
Widening Access [3] claimed that institutions had raised entry requirements in
response but to a level that had “risen well beyond what is required to succeed
in degree level study”. Boliver et al. [52] argued this was evident in the rising
number of qualifications students were entering Scottish institutions with from
2006-2015 (from roughly AAABB at Higher in 2006 to “in excess” of AAAAA
at Higher by 2015). Boliver et al. [52] also showed that within Scotland’s most
highly selective institutions, an 80%-+ probability of progressing from first year
to second year, and a 65%-+ probability of achieving a “good pass” at honours
(first-class or upper second-class) given completion of a degree programme, could
be maintained while also lowering entry requirements by two grades (to ABBBB)

for science programmes, and five grades (to BBBCC) for arts programmes. This
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was based upon the assumption that the 80%+ and 65%-+ figures were “high
bars” for degree-level success, though Boliver et al. [52] acknowledged that what

constituted an acceptable level of success would be subjective.

2.4.3 Attainment Gaps in Degree-level Performance

In a discussion paper from the Commissioner for Fair Access [37], it was found
that in the three academic sessions, 2013/14 to 2015/16, SIMD Quintile 1 stu-
dents had lower rates of progression from first year to second year, completion of
an honours degree, and attainment of a “good pass” (either first-class or upper
second-class) at honours, than students from SIMD Quintiles 2-5. The size of
the gaps between the groups were large: 5 percentage-points for progression, 9
percentage-points for completion, and 15 percentage-points for a good pass [37].
At the University of St. Andrews, Lasselle et al. [76] found that coming from
the 40% most deprived areas in Scotland had a significant and negative associa-
tion with achieving a First or Upper Second class degree. Elsewhere in the UK,
Crawford |77] found similar differences between English pupils who had attended
schools with the lowest and highest proportions of pupils eligible for free-school
meals. The size of these gaps were 5.4 percentage-points for dropping-out, 11.0
percentage-points for completion, and 21.8 percentage-points for attaining a good
pass at honours |77]. However, when Crawford [77| compared students with sim-
ilar levels of prior attainment, those from more advantaged backgrounds became
less likely to achieve positive outcomes such as completion or high degree classi-

fication, and more likely to drop out than their more disadvantaged peers.
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Crawford [77] was not the only study to have found that students from dis-
advantaged backgrounds can perform as well as, if not better, than their non-
disadvantaged peers. Lasselle et al. [76] similarly showed how “students with three
A grades [at Higher| from below average [attainment| schools perform equally as
well as those with four A grades [at Higher| from above average [attainment]
schools”. At the University of Bristol, Hoare et al. |[78| found that “students
who attended independent schools performed better in A-level examinations than
those who attended state schools” although they “did not outperform students
from state schools in their university degree programmes”. This was true re-
gardless of whether other factors were or were not accounted for, such as A-level
attainment prior to university [78]. More recently, Cameron et al. [79] found
that at Abertay University, “those from [Widening Participation| backgrounds
were equally as likely to gain a good degree as their non-[Widening Participation]

counterparts and to be in graduate and/or sports employment.”

To add to the evidence, a study on students’ degree performances at the Uni-
versity of Edinburgh between 2004-2006 found that most Widening Participation-
indicated students were just as likely to complete their Honours degree compared
to their non-indicated peers [69]. In contrast to the findings from Crawford |77]
however, Croxford et al. [69] found that ‘[Widening Participation| students were
less likely to achieve a [good degree classification| even after taking account of
prior qualifications.” Croxford et al. [69] expanded that while “prior qualifications
were the main factor determining degree outcomes”, the differences in the degree
classifications observed between the groups were “only partly explained by prior
qualifications” and that this may reflect the fact that disadvantaged students

at higher education suffer the same hardships as those in secondary education.
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Notably, Croxford et al. [69] found that once accounting for prior attainment,
students from independent schools did not perform as well as their peers from

state schools, in accordance with previous findings [76-78|.

2.4.4 Differences in Graduate Outcomes and Life Chances

In 2023, Universities Scotland [80] claimed that 73.8% of Scottish graduates be-
lieved that their university experience helped them find the type of job they
wanted and that 69.4% believed that going to university helped them to do so
faster. A study conducted at a post-1992 UK university [81], found that those
from “working-class” backgrounds! were very aware that a “good” degree could
improve their social mobility, and yet 64.8% of the surveyed students questioned
their pursuit of higher education and whether it would help them to achieve the
social mobility they desired. Audit Scotland also found that of the 90% of gradu-
ates from Scottish higher education institutions who found employment or further
study in 2013/14, 59% of these graduates stated that their degree was necessary

or advantageous in securing the job [29].

Whilst there is evidence that a degree in higher education can lead to bet-
ter medium-to-long-term earnings for most UK students [82], there also exists
gaps between the graduate outcomes of different socio-economic groups. How-
ever, these differences vary depending on whether the student was domiciled in
England, Scotland, Wales or Northern Ireland. For example, Macmillan and Vi-

gnoles [83] found significant socio-economic gaps (measured using indicators on

IMeasured as those who were first-generation to attend higher education and those from
POLAR Quintile 1 areas. These are areas which have low participation in higher education
rates amongst young people. See Appendix A.2.1 for full definition of POLAR.
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attendance of state/private school , POLAR (see A.2.1 for definition), and highest
earning parent’s most recent occupation) amongst English and Welsh-domiciled
students in terms of securing employment 6 months and 3 years post-graduation,
though could not find similarly significant gaps amongst the Scottish-domiciled
students. They posited that perhaps there are some inherent differences in the
Scottish education system and/or labour market that require further investigation
[83]. Vignoles and Crawford [84] also found evidence of gaps between students
in terms of their post-graduation earnings at a single UK institution depending
on the social-class of their parents or whether they attended a state or private

school.

Other empirical data at English higher education institutions showed that
amongst UK domiciled students (including Scottish) those who came from PO-
LAR Quintile 1 areas (see A.2.1 for definition) were less likely to be in professional
employment 6 and 40 months after graduation than those from Quintile 5 [85].
Belfield et al. [86] also found gaps in post-graduation earnings between English-
domiciled students from different social-classification groups (based on free-school

meals and postcode data).

2.4.5 The Case for Contextualisation

Given the decades-worth of empirical evidence on education inequalities, at ev-
ery stage of education, it is understandable why there is pressure to ensure a
fairer education system for all. This is particularly the case for higher education,
since degrees can improve graduates’ opportunities and life earnings in the labour

market [29, 80-82].
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Efforts to address these gaps in higher education come under the umbrella of
Widening Access, the justifications of which are often rooted in both moral and
economic arguments. Scotland’s Commissioner for Fair Access, whose job is to
lead the national strategy on Widening Access, has tied its progress to efforts
that address child poverty and gaps in the labour market [7]. The Commissioner
argued that “Making lower offers to applicants from deprived backgrounds is not
‘dumbing down’ entry standards. Not all applicants have the same advantages, in
terms of family support or school experience. Making the same offer to everyone
is not only unfair; it fails to identify students with the greatest potential. Uni-
versities need to make much bolder use of contextual admissions” [6]. Elsewhere,
government-commissioned reports agree that there is an economic imperative in
recruiting more students to higher education from deprived or under-represented
backgrounds [3, 87, 88|. For example, the Commission on Widening Access stated
that “Scotland is missing out on the economic potential of some of our finest tal-

ents.” [3].

2.5 Scotland’s Widening Access Agenda

In 2014, the Scottish Government formed the Commission on Widening Access,
whose remit was to identify where and how Scottish education could improve to
be more inclusive and fairer to all people of Scotland, no matter their background.
Their aim was to determine how Scotland could achieve the First Minister’s pledge
that “...a child born today in one of our most deprived communities will, by the
time he or she leaves school, have the same chance of going to university as a

child born in one of our least deprived communities” [89]. The Commission’s
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philosophy was that the institutional inequality present in the Scottish education
system was “unfair, damaging and unsustainable” and that Scotland had a “moral,
social, and economic duty to tackle this inequality” [90]. Their interim report [90]
reviewed all evidence on access and outcomes amongst different backgrounds,
which was followed by a final report, “The Blueprint for Fairness” [3], which gave
34 recommendations to the Scottish Government, higher education institutions,
and other stakeholders within the education system. This report informs much
of the discussion and direction of Widening Access efforts within Scotland and
is considered a pivotal moment in the attitudes of Government and institutions

towards Widening Access.

2.5.1 Relevant Recommendations and Targets

The Commission |3, 90| interpreted the pledge by the First Minister into a head-
line target for 2030 which would need to be achieved alongside several interim

targets by higher education institutions. These were that:

e By 2021, 16% of entrants to higher education in Scotland should come from
the 20% most deprived backgrounds [3| (achieved in 2019/20 [91, p. 10]).

e By 2026, 18% of entrants to higher education in Scotland should come from

the 20% most deprived backgrounds [3].

e 2030, 20% of entrants to higher education in Scotland should come from

the 20% most deprived backgrounds [3].
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The targets were all defined according to the Scottish Index of Multiple De-
privation (SIMD) [3]| (see Section 2.3.1 for definition of SIMD), such that the
“most deprived backgrounds” were areas that fell under the categorisation of
SIMD Quintile 1 (also known as “SIMD20”). Additionally, the Commission |3|

recommended a target for each individual higher education institution to satisfy:

e By 2021, 10% of entrants to each individual higher education institution

should come from the 20% most deprived backgrounds [3].

Though this target was scrapped in 2024 [7]| (see Section 2.5.3 for more de-
tails.) Other recommendations from the Commission [3] included the installation
of a Commissioner For Fair Access (Sir Peter Scott 2017-2024; John McKendrick
2024-present), whose responsibilities were to lead the national conversation, pub-
lish annual reports and research, and be an advocate for disadvantaged learners
and Widening Access efforts in Scotland. The development of a Unique Leaner
Number (ULN) was also recommended [3], with the idea that it could track all
students (not just Widening Access beneficiaries) through all stages of Scottish
education, including if and when they changed degree programme or institution.
This recommendation was also supported by Universities Scotland [4]. The Com-
mission [3] also recommended that all care experienced students be given bursary
support from the Scottish Government and that they be entitled to a place at
any Scottish higher education institution should they meet the standard entry
requirements (SERs) of the degree programme they wish to apply for. They did

not give any recommendations for those with caring responsibilities [3].
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Finally, to aid in achieving the interim targets, a key recommendation from
the Commission [3] was the uptake of “contextualised admissions” — the practice
of considering a student’s contextual background alongside their prior attain-
ment in admissions decisions — across all Scottish higher education institutions.
Students who were eligible for contextual offers would then be assessed against
“Minimum Entry Requirements” (MERs) rather than the Standard Entry Re-
quirements (SERs). The Commission [3] did not stipulate how much institutions
should lower SERs by, though in practice this became one or two grades. The
Commission [3] recommended that MERs should be implemented across all de-
gree programmes in Scotland and publicly viewable by potential applicants by
2019. In addition to anyone from an SIMD Quintile 1 area within Scotland being
eligible for a contextual offer, the Commission [3] stated that all care-experienced
students should be guaranteed a place of study should they satisfy the MERs.
Outwith these criteria, the Commission [3| did not explicitly state which students
should be eligible, leaving this to the discretion of each individual institution. As
a result, each institution has made use of a range of “contextual indicators” used

to identify individuals who, in their opinion, were disadvantaged (see Section 2.3).

2.5.2 Response from Institutions and Stakeholders

In 2015/16, prior to the final publication from the Commission on Widening
Access [3], a study was conducted [92] that interviewed all 18 higher education
institutions across Scotland! to determine their attitudes towards progressive ad-
missions policies. They found that at the most competitive institutions, there

was a view that contextualised admissions were at times unfair towards highly

INot including the Open University.
32



qualified applicants from advantaged backgrounds [92]. Acknowledgment of how
structural inequality led to differences in prior attainment was only acknowledged
where a student had achieved high grades despite their disadvantaged background
[92]. The prevailing attitude at the most competitive universities was that the
goal of admissions processes was to identify the most academically capable, or
“brightest and best”, as measured by prior attainment [92]. Boliver et al. [92]
concluded in stating that these attitudes, while not unique to Scotland, formed
barriers to the nation’s Widening Access ambitions. More recently, Boliver et al.
[53] noted that ambitious use of contextualised admissions would be necessary if

the Commission on Widening Access’s [3] targets were to be achieved.

Despite these institutional attitudes, the Commission’s [3] recommendations
for educational reform were accepted, in full, by both the Scottish Government
[5] and by Universities Scotland [93]. Universities Scotland [93] responded posi-
tively to the recommendations, supporting the notion that action should be taken
“...at all levels of education and by all relevant partners and stakeholders”. They
agreed to implement contextualised admissions and to the timeline for disclosing
minimum entry requirements across all degree programmes by 2019 [93]. How-
ever, they expressed concerns over the reliance on SIMD as the sole measure of
deprivation, acknowledging its advantages and weaknesses, “Scotland cannot af-
ford to wait until 2030 to get it right for groups of under-represented students
who do not fit into the SIMD20 category” [93]. They were not alone in their
criticism of SIMD as the chosen measure for Widening Access targets (see Sec-
tion 2.3.4 for more details). The endorsements from institutions and government
demonstrates that there is political will within Scotland to achieve the targets

set by the Commission on Widening Access [3].
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While consensus has developed around the need for the contextualised admis-
sions in Scotland and the UK, some take umbrage with the notion that it can
address what they see as structural inequalities in wider society, warning that
instead that contextualised admissions could preserve them. Mountford-Zimdars
and Moore [94]| encouraged the critical engagement with the accepted theory of
contextualised admissions, pointing out that the evidence surrounding what con-
stitutes the “potential” to succeed at higher education is “relatively weak” and
“requires re-evaluation in the light of continuous changes in young people’s quali-
fications.” They impart that the attractiveness of contextualised admissions may
be in its ability to “make small progress while not upsetting the existing system”
[94]. Meanwhile, Boliver [95] takes issue with the system of “meritocracy” that
prevails within the United Kingdom — that institutions should seek to admit the
“brightest and best” as measured by prior academic achievement. They argue
that such a system cannot deliver the social mobility desired without addressing
the societal inequalities that exist outside of education. “In a more equal society,
not only would it be easier for those from relatively disadvantaged backgrounds
to get to university, ... it would also matter much less... whether they went to

university or not.” [95].

2.5.3 Progress and the Shifting of the Widening Access

Agenda

In 2015/16, the proportion of SIMD Quintile 1 students in Scottish higher ed-
ucation institutions stood at 14% [6]. In 2021/22; the interim target of 16%

across Scotland was achieved [68, 96|, though in 2023/24, the proportion stood
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at only 16.5% [7]. The 2021 target of 10% for each individual institution was
not reached by five universities — Aberdeen, Robert Gordon, Edinburgh, High-
lands and Islands, and St Andrews [68]. In contrast, five other universities had
reached the 2030 target of 20% ten years early, all located within the Greater
Glasgow metropolitan area — Glasgow Caledonian, Glasgow School of Art, Royal

Conservatoire of Scotland, Strathclyde, and West of Scotland [68, 96].

The response from some universities was to criticise using SIMD as the pri-
mary measure of disadvantage (Section 2.3.4). The outgoing Commissioner for
Fair Access (Sir Peter Scott) warned in 2022 that some institutions had a “free
pass” when it came to reaching the 2030 target given their geography and his-
tory of recruitment, while others struggled despite their best efforts [68]. The
Commissioner [68] recommended re-defining the institutional target to account
for other measures of disadvantage, though remained firm that the goal for 2030
should be framed in terms of SIMD remained unchanged in order to preserve a
cohesive national strategy. This recommendation was echoed by his successor,
Commissioner John McKendrick, in 2024 |7]. The new Commissioner also recom-
mended that institutions should be expected to commit to raising the proportion
of SIMD Quintile 1 students to 20%, or if 20% was evidently not possible, raising

the proportion to at least match the institution’s previous high [7].

Perhaps the most consequential recommendation from the new Commissioner
for Fair Access was that “equal weight” be given to not only students entering
higher education, but their academic outcomes and the “student experience” [7].
The Commissioner stated their belief that fair access was not only about gaining

access into university but allowing students to “thrive” at university and to help
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them “achieve positive outcomes after graduation” [7]. They argued that the
retention rates of target groups had seen little progress since 2016 and committed

to investigating these in 2024 to determine why this was the case [7].

This constitutes a significant shift from equality of opportunity to also consid-
ering equality of outcome. It is true that while most of the focus in Scotland’s
Widening Access Agenda since 2016 has been to increase the proportion of those
from SIMD Quintile 1 to higher education, less emphasis has been put on how
these students perform once admitted to higher education. For example, in the
University of Strathclyde’s strategy for 2030 [8], a target of 90-95% average reten-
tion from year 1 to year 2 was proposed for all undergraduates, with no retention
target given specifically for Widening Access students. Indeed, there has been
concern over a lack of support structures at institutions for struggling students
with lesser attainment due to their disadvantaged backgrounds [97]. Not ade-
quately measuring the degree-level performance of Widening Access students has

been a blind spot for Widening Access efforts in Scotland.

2.6 Summary

The conclusions that can be drawn on educational inequality from the empirical
evidence in the UK are as follows. For decades, there have been stubbornly high
attainment gaps from primary to the late secondary stages of education that
divides the sexes, social classes, schools, and the deprived from everyone else
[52, 70, 71, 73|. There is “unfairness” baked into application and acceptance rates
of students from different socio-economic backgrounds [74]. Entry requirements
have inflated beyond what is necessary to achieve success at degree-level [52].
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There is evidence of gaps in degree-level outcomes between those from the most
and least advantaged backgrounds [37, 69]. Although there is some evidence
to suggest that success at higher education cannot be predicted based on prior
attainment alone and that contextual information may also necessary to better
understand a student’s “potential” to succeed [69, 76-79]. All of this leads to the

conclusion, that the education system at every stage is not fair nor equal.

Since 2016, the Scottish Government and Scottish higher education institutions
have responded to these inequalities by attempting to increase the proportion of
students from disadvantaged backgrounds in higher education. In particular, they
have set a goal that by 2030, those from the 20% most deprived areas in Scotland
should be equally represented. However, less focus has been put on the academic
outcomes of these students once they are admitted. This thesis therefore aims
to contribute to the research and literature on the outcomes of Widening Ac-
cess students in higher education. In Chapter 7, the topic of access to Advanced
Highers and their effect on students’ academic outcomes in higher education will
be explored. Chapter 8, will explore the academic outcomes of students who re-
ceived /did not receive a contextual offer to the University. Finally, Chapter 9 will
examine the differences in dropout rates across socio-economic groups. Each of
these chapters will also examine other factors that may affect students’ chances of
a successful outcome, such as sex, ethnicity, and prior attainment from secondary
education. They will also identify the most appropriate statistical methods for
measuring the academic outcomes of students more generally. Prior to fitting

any models however, data on the academic outcomes of students is required. The
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next two chapters (3 and 4) will detail how these data were gathered, joined and
cleaned. They will also define the population of interest: Scottish school-leavers

at the University of Strathclyde.
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Chapter 3

Deriving the Relevant Datasets

The target population of interest for this thesis is Scottish “school-leavers”’, who
are studying their first full-time undergraduate degree at the University of Strath-
clyde. “School-leavers” shall be defined as students who “enter” (are admit-
ted/join) the University of Strathclyde in the year directly following their com-
pletion of secondary education. Note that the Widening Access targets relate
to school-leavers, college entrants and mature students. The school-leaver pop-
ulation was chosen specifically because they are the largest sub-group of stu-
dents, they directly relate to Scotland’s Widening Access target for 2030 and
because data on these school-leavers were the most readily-available. Data held
by the Strategy and Planning team on college and mature students were a work-
in-progress and thus not available for analyses. Furthermore, the relationships
which affect students’ trajectories through higher education may be distinct for
each of these sub-groups of students. Thus, by focussing only on school-leavers

potential sources of variation could be reduced.
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This chapter will outline how the primary dataset of interest, the School-
leavers dataset, was derived from linkage of the University’s registration records
to many other datasets. In this chapter and throughout the thesis, the names
of key datasets/subsets are highlighted in bold, while variables are highlighted
in italics, where necessary to achieve clarity (e.g. School-leavers dataset and
Academic Session). Note that it was necessary to reference some variables in
Section 3.2 on data linkage, prior to their formal definition in Chapter 4 (e.g.
Academic Cohort and Postcode). Appropriate signposting to variable definitions

will be given where needed.

3.1 The Nomenclature of Stage versus Year

The length of time a student has spent registered at the University does not
necessarily match the “year” of the degree programme they are registered with.
For example, if student A is repeating “Ist year” of “BSc Mathematics”’, then
they will be in the their “2nd year” of registration. Similarly, if student B enters
directly into “2nd year” of “BSc Mathematics”, then they will only be in their “1st
year” of registration. To avoid confusion, the “stage of a degree programme” will
be the preferred terminology, while “year” will be used to refer to the amount of
time that has passed since a student’s first registration session. Going back to
the examples, student A would be in stage 1 of “BSc Mathematics” but in their
2nd year, while student B would be in stage 2 of “BSc Mathematics” but in their

1st year.

40



3.2 The Core Student Record (CSR)

The data used in this thesis were primarily derived from the University of Strath-
clyde’s Core Student Record (CSR) provided by the Strategy & Policy team (the
data owners). A Data Protection Impact Assessment (DPIA) was required to
be completed for the Stratgey & Policy team to approve access to the data (see
attached documents in Appendix B). The CSR is a database which tracks a stu-
dent’s entire journey through the University, from entry to graduation. For exam-
ple, progression to the next academic year, repeating a year, voluntary suspension,
exiting, or graduation. The CSR also provides details on demographics, such as
sex, ethnicity, disability status, and on attainment achieved prior to entry to the
university. The version of the CSR provided was the subset of “funded”! students
who entered the University between academic sessions 2012/13 and 2021/22 (ten
years’ worth of registration records). A flowchart of the data linkage process for

the CSR data tables and other datasets is highlighted in Figures 3.1 to 3.7.

The CSR is made up of five core data tables: (i) the Retention, Progression
and Outcome table, (ii) the Registration and Applicant Codes table, (iii)
the Demographics table, (iv) the Date of Births table, and (v) the Attain-
ment on Entry table. Each table contained information that was either collected
by the University while the student was registered (degree programme, academic
outcome, registration status etc.), or from information that was disclosed to the
University by the student in their UCAS application (demographics, attainment,

date of birth etc.). Each of these tables are linked to one another via students’

IStudents whose tuition was paid for by the government.
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Registration Number and/or UCAS Applicant Number. These numbers are linked
together via a unique identifier variable, HPLE Person Code, which is contained

within the Registration and Applicant Codes table.

Tables (i-iv) were cleaned and linked to one another via each student’s unique
HPLE Person Code or Registration Number or Applicant Number (see Figure 3.1).
The resultant dataset was then filtered to only consider “Home” !, Undergraduate
students studying their First-degree at the university Full-time, known as the
HUFF dataset for short (see Figure 3.1). This dataset contains 91,381 ob-
servations which corresponded to a unique “instance” of registration for a single
student. For example, if a student was registered for four academic sessions, then
the HUFF dataset would have four observations, or instances, for that student.
There are 224 students who had multiple “first registration” records in the CSR.
For each student, the instance with the earliest date was taken as the their first

registration session and all subsequent sessions were deemed as continuations.

Tn Scotland these are Scottish-domiciled students. This definition is distinct from “Home”
students at institutions in England, Wales, and Northern Ireland, which refers to anyone domi-
ciled in the UK.
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Retention, Progression
and Outcomes (RPO) Data
(106,130 observations)

A 4

Full join by
Applicant Code

Join to RPO by
Registration
Number

Filter to Home, undergraduates, first-degree

and full-time (HUFF)

A 4

HUFF Data
(91,381 observations)

Figure 3.1: Cleaning and linking the Core Student Record Data.

Join to HUFF by

Registration and
Applicant Codes
(35,472 observations)

Demographics
(35,471 observations)

Date of Births
(195,918 observations)

SIMD 2012 Indicator
(151,398 observations)

Postcode and
Year of Entry
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3.3 Linkage to the Scottish Government Datasets

The HUFF dataset was then linked to the relevant “SIMD Postcode Look-up
Tool” provided by the Scottish Government [59, 61, 62| via the Academic Cohort
and Postcode variables (for definitions, see Sections 4.1 and 4.3, respectively). For
example, the SIMD 2012 Indicator look-up tool was used for students from
Academic Cohorts 2012/13 - 2016/17, while the SIMD 2016 Indicator tool
was used for those from Academic Cohorts 2017/18 - 2020/21, and the SIMD
2020v2 Indicator tool was used for the 2021/22 Academic Cohort (Figure 3.1).
It was assumed that these were the versions of SIMD that each entrant would
have been assessed against while their UCAS application was being processed.
There were errors when linking the HUFF dataset to the Scottish Government’s
3-Fold Urban/Rural 2020 Indicator [98] via each student’s Postcode variable.
This was due to some postcodes being retired from use and because some post-
codes lay on the boundary of multiple datazones. This required the data to
instead be linked via the Datazone 2001 and Datazone 2011 variables, which
were derived from the linkage of the SIMD datasets to the HUFF dataset. The
“3-fold” version of the Urban/Rural 2020 Indicator (used three classification
groups: “Urban”, “Accessible Rural” and “Remote Rural”’) was connected to all
observations in the data regardless of Academic Cohort, since this indicator was
the most up-to-date at the time. Despite this, 25% of all students in the final
dataset had missing data in the Urban/Rural classification. The large amount of
missing data presents a problem for robust interpretations of this variable within
models. It is recommended that future updates try to address these issues prior

to use in model fits.
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3.4 The Attainment and Prospectus Data

The Attainment on Entry data table contained the entire attainment history
of students that was disclosed to the University. This included all attainment
awarded prior to the student’s first registration (disclosed to the University via
UCAS or other application route) and the classifications/qualifications awarded
while the student was registered at the University (e.g. “Bachelor’s with Honours
First Class”). Specific university-level attainment, such as module marks and
credits awarded, were not included in the Attainment on Entry data table.
Each observation within the Attainment on Entry table corresponded to a
unique attainment record, in a given year, for a single student. For example, if
a student had attained five Highers in 2016 and three Highers in 2017, then the
Attainment on Entry table would have eight observations for that student.
This table was filtered to only consider attainment that was awarded prior to the
student first registering at the University (Figure 3.2). To more easily interpret
each students’ attainment record from secondary education, only their grades at
Higher and Advanced Higher were considered. These were then grouped into
a “Grade String” (e.g. AAABB at Higher, BC at Advanced Higher, ...etc.), to
create the Grouped Attainment at Entry data table. Each unique student
in this table had at most two associated observations: one for their attainment
at Higher, and one for their attainment in Advanced Higher. As a precaution,
anyone who had attainment prior to entry that was of a Scottish Credit and
Qualifications Framework Level greater than Advanced Higher (Level 7) [10] was
removed from the dataset. This was to ensure the final output would have school-
leavers and not college entrants. A full list of all attainment codes removed that

resulted in a student’s removal is given in Appendix C Table C.5.
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Attainment on Entry
(262,901 observations)

v

4 D

Clean data and filter out college-level

Prospectus Data
(2,028 observations)

o " )
attainment awarded prior to Year of Entry.
- ¢ _J
e ™
Arrange data into "Grade Strings" (single
row per student).
- 4
\ 4 A 4
Grouped Attainment on Attainment on Entry
Entry (GAOE) [cleaned]
(40,673 observations) (178,676 observations)

Join to GAoE by
UCAS Codes and
Year of Entry

Requirements

Attainment vs Entry

(40,673 observations)

Figure 3.2: Cleaning and linking the Attainment and Prospectus Data.
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The University of Strathclyde Prospectuses from 2013/14 - 2023 /24 were made
available for study. The Prospectus dataset developed by the Widening Access
Team (University of Strathclyde) was created through manual recording on an ex-
cel spreadsheet of the entry requirements shown on each prospectus release from
2015/16 - 2023/24. Budget constraints meant that the entry requirements for aca-
demic sessions 2013/14 and 2014/15 could not be manually recorded. While the
Prospectus dataset did not contain the specific entry requirements for every de-
gree programme, it was sufficient for most programmes. Degree programmes not
included in the Prospectus dataset included many of the joint honours degrees
offered by the Faculty of Humanities and Social Sciences, since the magnitude of
subject combinations was too great to capture. A summary of the Prospectus
dataset and its variable descriptions can be seen in Appendix C Table C.1. The
Prospectus dataset was linked to the Grouped Attainment on Entry data
table via each student’s Academic Cohort and each degree programme’s unique
UCAS Code (Figure 3.2). The resultant dataset was named the Attainment vs

Entry Requirements dataset.

3.5 Deriving the School-Leavers Dataset

There were 22,936 total students in the CSR from 2012/13 to 2021/22, or around
2,200 per academic session. The population of interest is students who come
directly to the University from secondary education, or “school-leavers”. School-
leavers could not be directly identified in the CSR, so were assumed to be anyone
aged 18 or under at the point of their first registration (Figure 3.4). Trivially,

this excluded anyone from the same stage of secondary education but aged 19,
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or those who had taken a gap year before coming to the University. However, it
was not possible to distinguish these students in the data from mature students
or college entrants, so unfortunately 1,976 of these students had to be removed

(around 198 per year).

The HUFF dataset was filtered to only consider school-leavers and then linked
to the Attainment vs Prospectus dataset via each student’s unique HPLE
Person Code (Figure 3.4). 258 observations which had missing or unknown FEth-
nicity data were removed. The inclusion or removal of these students had no effect
on the model estimates derived in Chapters 7, 8 and 9. The resultant subset was
referred to as the School-leavers person-period dataset and contained 18,988

unique students (Figure 3.4).

3.6 Person-Period versus Person-Level Format

There are two formats that describe how data are arranged. The first is a “person-
level” format, which organises each row of a dataset such that they correspond to
a unique individual. The alternative is a “person-period” format, which organises
each row of a dataset such that they correspond to a unique individual at a unique
time-period. A visual example of these two data formats is provided in Figure
3.3. The HUFF dataset is in a person-period format, where each observation
represents an instance of registration. For most of the statistical models used in
this thesis, a person-level format was required. Therefore, the School-leavers
dataset was converted to a person-level format where required. For brevity, both
formats of the data may be referred to simultaneously as the School-leavers
dataset. Clarifications will be given on the specific format where it is necessary.
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Person-Level Format Person-Period Format
. | Reg.
Student Aca(.iemlc Year Drop-out
Session Status
Count
A 2012/13 1 0
A 2013/14 2 0
A 2014/15 3 0
A 2015/16 4 0
B 2021/22 1 1
C 2014/15 1 0
C 2015/16 2 0
Reg. ¢ w1 o
Student | ondemic | Ses | rop-out | ¢ 2018/19 5 0
udent | ~ hort Year Status - 5 1441 1) .
ot D 281?/12 2 0
A 2012/13 |4 0 5/
; D 2016/17 3 0
B 2020/21 1 1
D 2017/18 4 0
C 2014/15 5 0
D 2018/19 5 1
D 2014/15 5 1
E 2016/17 1 0
E 2016/17 6 0
F 2012/13 7 1 E 2017/18 2 0
4 E 2018/19 3 0
E 2019/20 4 0
E 2020/21 5 0
E 2021/22 6 0
F 2012/13 1 0
F 2013/14 2 0
F 2014/15 3 0
F 2015/16 4 0
F 2016/17 5 0
F 2017/18 6 0
F 2018/19 7 1

Figure 3.3: Comparison of person-level format (left) to person-period format (right)
for school-leavers dataset.
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3.7 Direct Entry Students

“Direct-Entry” students are those who skip stage 1 of a degree programme and
enter directly into a higher stage of the degree programme. This practice is
most often seen with college entrants or students who have Advanced Highers. A
direct-entry student’s particular pathway through higher education will therefore
be different to the traditional Scottish school-leaver who enters into stage 1. The
presence of these students could bias the interpretation of any effects on academic
outcomes, since direct-entry students will have spent a reduced amount of time
to achieve similar outcomes compared to their peers. Thus, 1,095 direct-entry

students were removed from the School-leavers dataset.

Of the 1,095 direct-entry students removed, 782 of these were students regis-
tered with the “MPharm Pharmacy” programme. This programme is, unusually,
a four-year Integrated Masters programme where most students are expected to
enter stage 2. While there were 294 “MPharm Pharmacy” who entered into stage
1, it was decided to remove all 1,076 “MPharm Pharmacy” students given that
this degree programme was delivered differently to other undergraduate degree
programmes at the University. For similar reasons, any student registered on
the “MPhys Physics with Advanced Research” was also removed. Future analy-
ses could examine whether these programmes had similar relationships between
covariates and academic outcomes compared to the rest of the University’s school-

leaver population.
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3.8 Widening Access Degree Programmes

The University runs two Widening Access programmes: the “Engineering Academy”
and “Natural Sciences”. Both of these are bespoke programmes are aimed at stu-
dents from deprived backgrounds with lower prior attainment. Students may
transfer onto a traditional Bachelor’s with Honours degree after one or two years
dependent upon academic performance. It was decided to remove the 782 stu-
dents registered to these programmes from the School-leavers dataset since
their particular pathways through higher education (and potentially their aca-
demic outcomes) are different to Scottish school-leaver on traditional degree pro-
grammes. Future analyses of these students’ academic outcomes would be of

great interest to Widening Access literature.
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v
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data (n = 258 students removed)

. J

v

e )

Remove students from Engineering
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(n = 646 students removed) )

|

Attainment vs Entry

<— Requirements
(40,673 observations)

~
Remove students from MPharm Pharmacy

and MPhys Physics programmes (n = 971
students removed)

. J
v
4 )

Remove Direct-Entry students
(n =95 students removed)

v

School-leavers dataset
[Person-period format]
(63,850 observations)

Figure 3.4: Deriving the School-Leavers Dataset.
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3.9 Deriving the Analyses Subsets

The School-leavers dataset is the starting point for all analyses in this thesis
and was also used to generate the descriptive statistics shown in Chapter 5.
However, prior to the specific analyses in Chapters 7, 8 and 9 it was necessary to
filter the School-leavers dataset to particular subsets to answer the relevant

research question.

In Chapter 7, the Advanced Higher subset (Figure 3.5) only included
school-leavers from the Faculties of Science and Engineering and from Academic
Cohorts 2012/13 - 2018/19. It also removed all students who had missing data in
the Best Mathematics Qualification variable (see Section 4.2 for definition). The
Advanced Higher subset was split further (for reasons explained in Section
7.3) into the Maths subset which only looked at school-leavers from the De-
partment of Mathematics and Statistics and the SciEng subset which looked
at school-leavers from the remaining departments in the Faculties of Science and
Engineering (i.e. not including those from the Department of Mathematics and

Statistics).

The Contextual Offer subset (Figure 3.6) used in Chapter 8 only consid-
ered school-leavers from Academic Cohorts 2015/16 - 2018/19 and removed all
students who had missing data in the Offer Received variable (see Section 4.5 for

definition).
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School-leavers dataset
[Person-period format]
(63,850 observations)
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2018/19 only (n = 5669 students removed)
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Figure 3.5: Deriving the Advanced Higher subsets used in Chapter 7.

SciEng Subset
(6,061 observations)
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School-leavers dataset
[Person-period format]
(63,850 observations)

!

Subset to Academic Cohorts 2015/16 -
2018/19 only (n = 11315 students removed)

Arrange data into single row per student

Remove students with missing Offer
Received data (n = 139 students removed)

Contextual Offer Subset
(7,534 observations)

Figure 3.6: Deriving the Contextual Offer subset used in Chapter 8.
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Finally, two subsets were used in Chapter 9: the Drop-outs person-level
subset and the Drop-outs person-period subset (Figure 3.7). Both of these
subsets contained the same school-leavers, specifically those from Academic Co-
horts 2012/13 - 2018 /19. Both subsets were required in order to fit the continuous
and discrete survival models outlined in Chapter 6. Again, both formats of the
data may be referred to simultaneously as the Drop-outs subset for brevity.

Clarifications will be given on the specific format where it is necessary.

3.10 Summary

The School-leavers dataset was derived via a combination of the University
of Strathclyde’s student registration and attainment records, prospectus data
and the Scottish Government datasets. It specifically contains Scottish school-
leavers who began their registration between the Academic Sessions of 2012/13
- 2021/22. The following chapter will now define the explanatory variables and
outcomes contained within the School-leavers dataset. Knowledge of these will

aid the reader’s interpretations of the results obtained in the analyses chapters.
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School-leavers dataset
[Person-period format]
(63,850 observations)

A 4

Subset to Academic Cohorts 2012/13 -

2018/19 only (n = 5669 students removed)

|

v

y

Arrange data into single row per student

Arrange data into single row per instance of

registration

Drop-outs Subset
[Person-level format]
(13,319 observations)

Figure 3.7: Deriving the Drop-outs subsets used in Chapter 9.
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Chapter 4

The School-Leavers Dataset

This chapter will define each of the variables contained within the School-leavers
dataset and where applicable, which parent datasets the variables were derived
from. It is broken up into several sub-sections which summarise similar groups
of variables. Descriptive summaries of the School-leavers dataset are explored
in Chapter 5, but may be referenced in this chapter. This chapter also will
detail whether or not each variable was “time-dependent” (i.e. could change
value from instance-to-instance) or “fixed” (i.e. had the same value over all of
a student’s instances). As detailed in Section 3.6, there are both person-period
and person-level formats for the School-leavers dataset. When deriving the
School-leavers person-level dataset all time-dependent variables were fixed
at the value that was true during the student’s first registration session, unless
stated otherwise. Finally, this chapter will highlight the limitations in the current

release of the data and what future releases could improve upon (Section 4.7).
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4.1 The Registration Variables

There are 13 variables related to the registration status of students (Table 4.1).
The HPLE Person Code is an identifier that unites all registration instances for

a given student, thus is used as a unique ID variable for each student.

There are ten unique Academic Sessions (or “sessions”), within the School-
leavers dataset, spanning 2012/13 until 2021,/22. The first instance of a student
registered at the University was assumed to be the point they “entered” (joined
or enrolled at) the University for the first time. The session a student entered
the University is defined as the student’s Academic Cohort. For example, every
student who entered in Academic Session 2012/13 was considered part of the
“2012/13” academic cohort. Students who entered at the same time were part of
the same cohort regardless of how long they stayed registered at the University,
or whether they repeated an academic stage. This makes comparisons between
students over time more straightforward since their starting point can be identi-
fied. Academic Session is a time-dependent variable, while Academic Cohort is
a fixed variable. There are roughly 1,800 to 2,000 school-leavers per Academic

Cohort in the School-leavers dataset (Section 5.1 Table 5.1).

The Reg. Year Count is a time-dependent variable that records the number
of Academic Sessions a student had spent registered at the university. For ex-
ample, if student A entered in 2012/13 and spent three sessions registered at
the university, then their value for Reg. Year Count in 2012/13 would be 1, in
2013/14 would be 2, and in 2014/15 would be 3. The time-dependent variable
Stage of Programme refers to the stage of a degree programme for the student’s

relevant instance. Note that Reg. Year Count and Stage of Programme are not
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always equal (see Section 3.1). For the School-leavers person-level dataset,

the total number of sessions a student had spent registered at the University was

recorded using the fixed variable Maz Reg. Year Count. Using the same example

as before, the value of Max Reg. Year Count for student A would be 3.

Table 4.1: Excerpt of registration variables within the School-leavers dataset.

No. | Variable Variable Type Origin Description

1 | HPLE Person Code Primary Key/ID CSR Unique person-tracking code
2 | Academic Cohort Fixed CSR Session entered (2012/13, 2013/14, ... )
3 | Academic Session Time-dependent CSR Current session (2012/13, 2013/14, ... )
4 | Reg. Year Count Time-dependent Derived Count of sessions passed since entered
5 | Max Reg. Year Count Fixed Derived Maximum sessions registered (1, 2, 3, ... etc.)
6 | Stage of Programme  Time-dependent CSR 1,2,3,4,5
7 | UCAS Code Fixed CSR UCAS Code for degree programme
8 | Programme Title Time-dependent CSR Title of degree programme
9 | Department Time-dependent CSR Department registered with

10 | Faculty Time-dependent CSR Faculty registered with

11 | Changed Prog. Title  Fixed Derived Ever changed? (Yes/No)

12 | Changed Dept. Fixed Derived Ever changed? (Yes/No)

13 | Changed Faculty Fixed Derived Ever changed? (Yes/No)

14 | Repeated Stage Fixed Derived Ever repeated? (Yes/No)

15 | Break Fixed CSR Ever took break? (Yes/No)

There are four faculties at the University of Strathclyde: Faculty of Engineer-

ing, Faculty of Science, Faculty of Humanities and Social Sciences (HaSS), and

Strathclyde Business School. For brevity and consistency, the latter two faculties

will be referred to as the “Faculty of HaSS” and the “Faculty of Business”, and all

faculties may be referred to as simply “Engineering”, “Science”, “HaSS”, or “Busi-

ness”’. More details on the specific departments and degree programmes at the

University of Strathclyde are explored in Appendix C.5. The Programme Title,
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Department, and Faculty variables are time-dependent. In the School-leavers
person-level dataset, if a student ever changed Programme Title, Department,
and Faculty this was recorded using the fixed variables: Changed Prog. Title,
Changed Dept., Changed Faculty; with binary responses “Yes/No”. Similarly,
whether or not a given student ever took a break in their studies is given by the
fixed variable Break. A more detailed breakdown of these variables is given in

Appendix C.6.

Strictly speaking, a degree programme is one which has a unique UCAS Code.
For example, the UCAS Code “G100” corresponds to the degree programme “BSc
Honours Mathematics” and “G101” to “MMath Mathematics”. However, each
student’s UCAS Code remains fixed at the code for the degree programme they
entered in their first registration session. Additionally, the Programme Title,
which is time-dependent, does not contain the level of the programme, (e.g. “BSc”,
“MEng”). This makes it impossible to distinguish between students who are
registered on the BSc Honours versus Integrated Masters version of a degree

programme past their second registration year (see Appendix C.6).

4.2 The Retention-Progression-Outcome Variables

The group of Retention-Progression-Outcome (RPO) variables (Table 4.2) allows
for the tracking of a student’s entire journey through the University. This in-
cludes (but is not limited to) progression to the next academic year, repeating a
year, voluntary suspension, exiting, or graduation. The RPO variables are time-
dependent, and organised into four “Levels” (0, 1, 2, 3) that become progressively
more detailed about the registration status of a student at the end of a particular
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instance. A reminder that an “instance” is a unique registration record in a given
year for a given student (introduced in Section 3.2). For example, RPO Level 0
details whether, by the end of the relevant instance, the student was still actively
studying, taking a break in their studies, had exited with a qualification or had
exited without a qualification. In the most detailed level, RPO Level 3, there are
31 unique responses ranging from the degree classification obtained to the reason
for a student’s exit. When information from each of the levels are combined,
they provide a holistic picture of a student’s registration status for a particular
instance. In the School-leavers dataset there are 87 unique combinations of
RPO Levels, each representing a unique registration status. The RPO Levels are
too detailed and complicated for analyses. Thus, binary outcome variables of
interest were derived from the RPO Levels. These are the fixed variables Fver
Dropped Out, Retention Status, and Completion Status and the time-dependent

variable Drop-out Status.

For the fixed outcome Ever Dropped Out, a student was considered to have
“dropped out” if one of their instances had ever recorded an RPO Level 1 value of
“Exit with no award” and was considered to have not dropped out otherwise. For
the time-dependent outcome Drop-out Status, a student was considered to have
“dropped out” in the specific instance where an RPO Level 1 value of “Exit with no
award” was recorded, and was considered to have not dropped out, or “censored”,
in the remaining instances. An exception was made in that students who had
been registered for 6 academic sessions or longer were defined as “censored” even
if they had been recorded as a drop-out. More details on the reasons for doing so
and the definition of censoring are explained in Section 6.9.3. Between 7 — 11%

of each Academic Cohort were school-leavers who dropped out of the University.
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A student was considered to have been “retained” at the end of their first ses-
sion (Retention Status) if in their first instance they recorded an RPO Level 1 of
“Progressed” and was considered as “Exited /Re-registered” otherwise. This defini-
tion of retention is consistent with that used in the University’s Key-performance
indicators [8]. It is also consistent with a discussion paper on retention rates
by the Commissioner for Fair Access 2018 [37]. Around 90% of students were

successfully retained within the School-leavers dataset.

A student was considered to have achieved “completion” if they had been
awarded at least a Bachelor’s with Honours Degree (of any classification) within
four Academic Sessions. More precisely, a Completion Status of “Yes” was satis-

fied if any of the following conditions were satisfied:

(i) the student was recorded as achieving a classifiable Bachelor’s with Honours

degree prior to their fifth instance at the University, or

(i) the student was recorded as having “Progressed” into the fifth stage of their

degree programme prior to their fifth instance, or

(iii) the student was recorded as achieving a classifiable or unclassifiable Masters

Degree or a Masters with Honours Degree award prior to their fifth instance.

Degree within four years, or had progressed into the “5th stage” of their Integrated
Masters Degree within four sessions. These are considered successful completions

since even if the student were to fail the final stage of their Integrated Masters
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Degree, they would have at least exited the University with a Bachelor’s with
Honours degree. Around 74% of students successfully achieved completion within

the School-leavers dataset.

The no-detriment policy enacted for Academic Sessions 2019/20 and 2020/21
[47-49], likely had an effect on the academic outcomes of school-leavers. Hence,
two binary (Yes/No) variables were derived which grouped together cohorts af-
fected by the no detriment policy. Anyone who belonged to the Academic Co-
horts: 2019/20 or 2021 /22, was recorded as “Yes” for the No Detriment Retention
variable, since these cohorts would have had their 1st Stage of Programme affected
by the policy. Anyone in the 2016/17, 2017/18, 2018/19 cohorts, was recorded as
“Yes” for the No Detriment Completion variable, since these cohorts would have

had their 2nd, 3rd, 4th, or 5th Stage of Programme affected by the policy.

The precise academic session a student exited the university (dropped out) or
achieved completion is denoted by the fixed variables Session Ezited and Session
Achieved Completion, respectively. The Academic Session of a given student’s

most recent instance is recorded by the fixed variable Most Recent Session.
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Table 4.2: Excerpt of Retention-Progression-Outcome variables within the School-
leavers dataset.

No. | Variable Variable Type Origin Description
16 | RPO Level 0 Time-dependent CSR 4 unique registration statuses
17 | RPO Level 1 Time-dependent CSR 4 unique registration statuses
18 | RPO Level 2 Time-dependent CSR 26 unique registration statuses
19 | RPO Level 3 Time-dependent CSR 31 unique registration statuses
20 | Ever Dropped Out Outcome/Fixed Derived Eventually dropped out? (Yes/No)
21 | Drop-out Status Outcome/Time-dependent Derived Dropped out of relevant session? (Yes/No)
22 | Retention Status Outcome/Fixed Derived Progressed at end of first session? (Yes/No)
23 | Completion Status Outcome/Fixed Derived Bachelor’s with Honours within four years? (Yes/No)
24 | No Detriment Retention Fixed Derived  Yes if in 2019/20 or 2021/22 cohort, No otherwise.
25 | No Detriment Completion Fixed Derived Yes if in 2016/17, 2017/18 or 2018/19 cohort, No otherwise.
26 | Session Exited Fixed Derived 2012/3, 2013/14, ...
27 | Most Recent Session Fixed Derived  2012/3, 2013/14, ...
28 | Session Achieved Completion Fixed Derived 2012/3, 2013/14, ...

4.3 The Demographic and Socio-economic Variables

There are six demographic variables that are included in, or are derived from,
the University’s CSR: Sex, Age, Ethnicity, Disability Status, Postcode, and Local.
Sex is a fixed binary variable (Male or Female) defined as the sex a student had
disclosed on their UCAS application. Age is a time-dependent variable defined
as the age (in years) of the student as of 1st August of the relevant instance.
For example, if the academic session of a given student’s instance was 2012/13,
then the student’s Age would be their age as of the 1st August 2012. FEthnicity
is a fixed binary variable (“White” or “Ethnic-minority”) that groups together
various ethnicities that were disclosed in the students’ UCAS applications. All
recorded ethnicities and the binary grouping they were assigned to are shown in
Appendix C Table C.3. Similarly, Disability Status is a fixed binary variable that

groups together anyone who identified a disability in their UCAS application. All
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recorded disabilities - whether mental-health or physical - are shown in Appendix
C Table C.4 as well as how they were classified into the binary grouping. The
Postcode variable refers to the student’s home postcode provided in their UCAS
application to the University. The Local variable was derived using Postcode
and refers to whether the student’s home postcode was “local” to the University.
This was defined as any postcode that contained a leading “G”, such that it was

assumed to fall within the “Greater-Glasgow” geographical region.

The SIMD Quintile and Urban/Rural Status variables were linked to the data
from the Scottish Government datasets (see Section 3.3). Each student’s SIMD
Quintile was derived from the version of the SIMD indicator that was in use at the
time of their application to the University (see Section 3.3). Thus, students from
the same Postcode but different Academic Cohorts may have different values for
SIMD Quintile. Visualisations of SIMD Quintiles across Scotland and Glasgow
are shown in Figures 2.1 and 2.2, respectively, from Chapter 2. Only the 2020
version of the Urban/Rural Indicator was used so students from the same Postcode
will have the same Urban/Rural Status. The response for the 3-Fold indicator
is “Urban”!, “Accessible Rural” and “Remote Rural” [2]. The precise definition
of Urban/Rural status can be found in the supporting documentation on the
Scottish Government websites 2, 98]. A visualisation of the Urban/Rural 3-Fold

Indicator for data zones across Scotland is provided in Figure D.3.

1Updated for the 2020 release to now be called “Rest of Scotland” [98], though “Urban” will
be preferred here.
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Table 4.3: Excerpt of demographic and socio-economic variables within the School-
leavers dataset.

No. | Variable Variable Type Origin Description
29 | Sex Fixed CSR Male/Female
30 | Ethnicity Fixed Derived  “White” or “Ethnic-minority”
31 | Disability Status Fixed Derived  “Disabled” or “None disclosed”
32 | Age Time-dependent CSR Age as of 1st August of relevant academic session
33 | Postcode Fixed CSR Student’s postcode
34 | Local Fixed Derived  Postcode within Glasgow area? (Yes/No)
35 | SIMD Quintile Fixed ScotGov  SIMD Quintile of Postcode
36 | Urban/Rural Status Fixed ScotGov  Status of Postcode

4.4 The Prior Attainment Variables

As stated in Section 3.4, students’ prior attainment from secondary education
was summarised using “Grade Strings”. Since comparing students’ Grade Strings
to one another would be too computationally expensive once all combinations
were considered, it was decided to convert these strings into “simple” points:
where for Highers, A - 3 points, B - 2 points, and C - 1 point, and similarly
for Advanced Highers. The simple points total for each student was calculated
separately for their Highers (All Highers Reg. Points) and Advanced Highers
(All Adv. Highers Points). These were then summed together to obtain their
Prior Attainment Points totals which represents the potential of a student based
on their entire academic performance prior to entry. A summary of these Prior
Attainment Points per Academic Cohort is provided in Section 5.2. The total

points achieved in Highers at the “point of application” was also calculated (All
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Highers Appl. Points). This was defined as the simple points conversion of all
Higher grades awarded prior to the (ng — 1) Academic Session, where ng is the

student’s first academic session at the University (Academic Cohort).

The “simple” method of calculating Prior Attainment Points was considered
easier to interpret than, for example, the UCAS tariff points system (A — 33
points, B — 27 points, C — 21 points for Highers) in which many UK and interna-
tional qualifications are compared, and therefore the definition of a single tariff
point is not clear. Under this simple system, a single point increase corresponds
to an increase in grade, for example a C to a B, or a B to an A. UCAS Tariff
Points also had issues when comparing prior attainment to entry requirements.

These issues are detailed further in Appendix C Section C.3.

4.4.1 Prior Attainment Quintile

For some analyses, it was preferable to express student’s prior attainment as a
categorical variable. The Prior Attainment Quintile groups together students
who attained similar levels of attainment within each Academic Cohort. First,
students were ranked according to their Prior Attainment Points compared to
their peers within the same Academic Cohort. Tie-breaker rules were used to
decide the ranking order between students with the same Prior Attainment Points
which are outlined in Appendix C Section C.4.1. Students were then grouped
together into five quintiles; those within the top 20% were classified as “Quintile

5", followed by those in the top 20-40% as “Quintile 4”, and so on until the
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bottom 20% point totals were classified as “Quintile 1”. The quintile a student
belonged to was named their Prior Attainment Quintile. The appropriateness of

this interpretation was verified using Figure C.1 from Appendix C.4.

Table 4.4: Excerpt of attainment variables within the School-leavers dataset.

No. | Variable Variable Type  Origin Description
37 | All Highers Reg. Points Fixed Derived Sum total at registration
38 | All Highers Appl. Points  Fixed Derived Sum total at application
39 | All Adv. Highers Points Fixed Derived Sum total at registration
40 | Prior Attainment Points  Fixed Derived Highers + Advanced Highers
41 | Prior Attainment Quintile Cohort-dependent Derived Total Points converted to Quintiles

4.5 The Entry Requirement Variables

There were six variables (Table 4.5) derived using information from the Prospectus

dataset and the Attainment on Entry data contained in the CSR.

The standard entry requirements for the degree programme a student entered
in their first registration session (Std. Entry Req.) came in the form of a “Grade
String” as described previously (see Section 3.4). These Grade Strings only cited
Highers (and not Advanced Highers) and were typically four-to-five grades in
length (e.g. AABBB, AAAA, BBBBB etc.). These were converted into tariff
points (Std. Entry Tariffs) using the “simple” system described previously (see
Section 3.4). There were some changes to the standard entry requirements over
time; these are detailed in the data explorations from Section 5.5. While the
prospectus data also had “2nd sitting” standard entry requirements and mini-

mum entry requirements, these were ignored since not every programme cited
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these requirements. Minimum entry requirements could also be simply derived

from standard entry requirements by subtracting one grade, e.g. AAAB becomes

AABB.

To make comparisons between entry requirements and each student’s prior
attainment mimic real-world practice, each student’s Grade String at Higher was
modified such that the only the best five Highers they had been awarded at
the point of application were considered. Since the population of interest was
school-leavers, it was assumed that this would represent the attainment they had
achieved in S5. This modified Grade String was then converted into “simple”
points (see Section 3.4) to derive the Best 5 Highers Appl. Points variable. For
example, if student A had obtained AAABBCCC at Higher across S5 and S6,
then their Best 5 Highers Appl. Points would be equal to AAABB = 13 points.
Advanced Highers were not considered here since these are typically aimed at S6
students. For each student, it was recorded whether or not they, at the point of
application, had met/exceeded, or had not met, the standard entry requirements
for the degree programme they entered in their first registration session (Met Std.

Entry Req.).

The School-leavers dataset did not contain information on the conditions
or type of offer a student received. Thus, a proxy indicator was necessary to
identify whether a student had likely received a standard or contextual offer ( Offer
Received). As highlighted in Section 2.3, the University of Strathclyde considers
students eligible for a contextual offer to be those from SIMD Quintiles 1 or 2,
those who attended a low-progression school, and those with care-experience or
caring responsibilities [56]. However, in the School-leavers dataset, only the

student’s SIMD Quintile was available; no other eligibility criteria were known.
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Thus, the Offer Received variable was defined such that students were classified
as “Contextual Offer” if they were from SIMD Quintiles 1 or 2 and had achieved
below the standard entry requirements at the time of application Met Std. Entry

Req. = “No”, otherwise they were classified as “Standard Offer” students.

Table 4.5: Excerpt of variables within the School-leavers dataset that were derived
from prospectus data.

Variable Variable Type Origin Description
42 | Standard Entry Req. Fixed Prospectus Lettered grades (e.g. AABBC)
43 | Standard Entry Tariffs Fixed Derived Grades converted to points (continuous)
44 | Met Std. Entry Req. Fixed Derived Compares to best 5 Highers (Yes/No)
45 | Best 5 Highers Appl. Points Fixed Derived Sum total at application
46 | Offer Received Fixed Derived Contextual Offer/Standard Offer

4.6 The Advanced Higher Variables

A student’s Best Maths Qualification was defined as whether a student had at-
tained “Higher” or “Advanced Higher” in “Mathematics”, “Statistics”, or “Mathe-
matics of Mechanics”. A student’s Best English Qualification, Best Biology Qual-
ification, Best Chemistry Qualification, and Best Physics Qualification are simi-

larly defined for their respective secondary-school subjects (Table 4.6).

The University of Strathclyde Prospectuses from 2013/14 - 2021 /22 were ex-
amined to determine whether or not degree programmes within the faculties
of Science and Engineering recommended Advanced Higher Mathematics. The
Prospectus for 2012/13 session could not be located, although it was assumed
that recommendations on Advanced Highers were similar to the 2013/14 ses-

sion. An exploration of these recommendations, and the particular language
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used, is discussed in Appendix C.7. From this information, several binary ex-
planatory variables were created: AH Mathematics Recommended, AH Biology
Recommended, AH Physics Recommended, AH Chemistry Recommended; each
with responses “Yes” or “No” (Table 4.6). If a programme had ever encouraged
students entering into stage 1 to take up Advanced Higher Mathematics, the pro-
gramme was recorded as a “Yes”, regardless of how strong the language used to
encourage students. Otherwise, a programme was said to have not recommended

Advanced Higher Mathematics, i.e. was recorded as “No”.

Table 4.6: Excerpt of variables related to Advanced Highers within the School-leavers
dataset.

No. | Variable Variable Type Origin Description
47 | Best English Qualification Fixed Derived Higher, Advanced Higher
48 | Best Maths Qualification Fixed Derived Higher, Advanced Higher
49 | Best Biology Qualification Fixed Derived Higher, Advanced Higher
50 | Best Physics Qualification Fixed Derived Higher, Advanced Higher
51 | Best Chemistry Qualification Fixed Derived Higher, Advanced Higher
52 | AH Mathematics Recommended Fixed Prospectus  Advanced Higher (Yes/No).
53 | AH Biology Recommended Fixed Prospectus  Advanced Higher (Yes/No).
54 | AH Physics Recommended Fixed Prospectus  Advanced Higher (Yes/No).
55 | AH Chemistry Recommended Fixed Prospectus  Advanced Higher (Yes/No).

4.7 Limitations and Potential Improvements

The data collected for the CSR was re-examined and finalised after the end of
each academic session. If there were multiple possible values that could be true
for each instance, then the final value was taken as the value that was true by the

end of that instance. For example, if a student had changed degree programme
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from “MEng Electrical and Mechanical Engineering” in semester 1 of 2016/17
to “BSc Mathematics” in semester 2 of 2016/17, then the student’s value for
Programme Title will be “Mathematics” for the whole of 2016/17. Similarly,
the time a student has spent registered at the university (Reg. Year Count) is

rounded up to the nearest whole academic session.

Currently, the definition of Offer Received means that those not from SIMD
Quintiles 1 or 2, but satisfying the other criteria [56] for a contextual offer, will be
misclassified as standard offer students. However, the true misclassification rate
is expected to be low given that anecdotal evidence from 2024 /2025 applications
showed significant overlap between SIMD Quintile and the other eligibility crite-
ria. Thus, there is confidence that most students will be correctly classified as
either standard or contextual offer. The classification rate could be improved with
access to secondary school attended and care-experience/caring-responsibilities,
although access to offer data could remove the need for the proxy indicator, Offer
Received, entirely. The Strategy & Policy team at the University of Strathclyde

is currently working towards inclusion of offer data in future updates of the CSR.

The analysis could also have been improved with more complete and robust
records of entry requirements. The lack of prospectus data prior to 2015/16
means that Academic Cohorts 2012/13 — 2014/15 cannot not be considered for
the contextual offers analysis (Chapter 8). Missing data in the standard entry re-
quirements also meant that around 338 (2.54%) students from 2015/16 — 2018/19
had to be removed, albeit this number was very small (around 1.8% of all obser-

vations from 2015/16 — 2018/19). Of the 338 students, 225 were from the Faculty
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of HaSS, 77 were from Science, 36 were from Business, and 0 were from Engineer-
ing. The missing data introduces a negligible amount of bias towards/against

faculties.

Care should be taken when interpreting a student’s Prior Attainment Points.
For example, these do not account for the fact that some subjects may be more
relevant than others for a particular degree programme. Nor do they account for
a student’s other qualifications outwith Higher and Advanced Higher. Given that
the analyses within this thesis only consider Scottish school-leavers however, the

relevance of these other qualifications should be minor.

Grouping together students using the binary classifications: Disability Status
and FEthnicity, was necessary to have enough observations within each level of
the variables such that the statistical models could be fit to the data. Future
analyses could make use of the more granular disability and ethnicity data, since
the student experience of ethnicities within the “Ethnic-minority” category are

likely to be varied, and likewise for “Disabled” students.

The School-leavers dataset did not contain an exhaustive list of the in-
formation collected on students. For example, it is not currently possible to
discriminate between undergraduates who were registered on a Bachelor’s with
Honours Degree versus an Integrated Masters Degree. The expected length of a
student’s degree programme is also unknown. The only socio-economic indica-
tors within the School-leavers dataset were SIMD Quintile and Urban/Rural
Status, future analyses could attempt to construct more area and school-level in-
dicators using the school attended or postcode a student is resident in. Given the

current state of data collection in Scotland, it is unlikely that individual charac-
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teristics such as low-income and free-school meals data could be made available
in the near future (see Chapter 2 Section 2.3 for more details). Finally, a feasible
improvement to the School-leavers dataset would be incorporating a measure
of attainment at the University-level, for example marks in specific modules or
credit-weighted averages per academic stage. This information would be useful

for improving upon the models constructed in Chapters 7, 8 and 9.
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Chapter 5

Exploring the School-Leavers Dataset

This chapter descriptively summarises the variables within the School-leavers
dataset. The aim of this chapter is to identify which additional variables may
be appropriate to investigate within multivariable model fits to the academic
outcomes of interest: Retention Status, Completion Status, and Drop-out Status.
The explorations may also identify potential associations for future avenues of

research. Some additional visualisations can be found in Appendix D.

Note that this chapter analyses the School-leavers dataset which includes
all students from Academic Cohorts 2012/13 - 2021/22. This differs from the
analyses chapters which examine their own subsets. These subsets either con-
tain students from Academic Cohorts 2012/13 - 2018/19 (Chapters 7 and 9) or
Academic Cohorts 2015/16 - 2018/19 (Chapter 8).
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5.1 Summary of Categorical Variables

There are roughly 1,800 to 2,000 school-leavers per Academic Cohort in the
School-leavers dataset (Table 5.1). There is a rough 50:50 split in the pro-
portion of school-leavers who: are male and female, were aged 18 and aged 17 or
under at first registration, and those whose home postcodes are within/outside
Glasgow. The vast majority of school-leavers come from “Urban” areas (61%),
although the Urban/Rural Status is unknown/missing for 26% of school-leavers.
A small proportion of school-leavers (7%) identify as an ethnicity classified as
“Ethnic-minority”. Similarly, only a small proportion (6%) had disclosed a dis-
ability to the University upon their first registration. The Faculty of HaSS has
the largest proportion of school-leavers, followed by Engineering, Science, and

then Business.

The proportions of school-leavers entering the University from SIMD Quin-
tiles 1 and 2 have increased over time (Figure 5.1). This is unsurprising given the
national strategy to increase representation from these quintiles [3] and the Uni-
versity’s own targets set out in its outcome agreement with the SFC. In 2020, the
University of Strathclyde reached the national target of 20% of SIMD Quintile 1
for full-time, first-degree undergraduates entrants, 10 years early [68], although
this proportion was 16.3% within the School-leavers dataset (Figure 5.1). This
difference is likely because many of the SIMD Quintile 1 students counted towards
the University’s targets include college-entrants and mature students which were

removed from the School-leavers dataset.
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Table 5.1: Summary of variables examined in the school-leavers dataset.

Variables Levels Count Proportion
Academic Cohort 2012/13 1827 0.10
2013/14 1866 0.10
2014/15 1953 0.10
2015/16 1985 0.10
2016/17 1972 0.10
2017/18 1893 0.10
2018/19 1823 0.10
2019/20 1848 0.10
2020/21 1813 0.10
2021/22 2008 0.11
Age at Entry 17 or under 9397 0.49
18 9591 0.51
Disability Status Disabled 1086 0.06
None 17902 0.94
Ethnicity Ethnic-minority 1386 0.07
White 17602 0.93
Faculty Business 3311 0.17
Engineering 5336 0.28
HaSS 5895 0.31
Science 4446 0.23
Local to Glasgow Glasgow-based 9204 0.48
Outside Glasgow 9784 0.52
SIMD Quintile 1 2194 0.12
2 2797 0.15
3 3038 0.16
4 4073 0.21
5 6886 0.36
Sex Female 9470 0.50
Male 9518 0.50
Urban/Rural Status Accessible Rural 1896 0.10
Remote Rural 575 0.03
Urban 11662 0.61
Unknown 4855 0.26
Overall - 18988 1.00
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Figure 5.1: Population of school leavers and their SIMD Quintile from 2012/13 to 2021/22.




5.2 Summary of Prior Attainment

Boxplots were created to compare the Prior Attainment Points across different
groups of students (Figures 5.2, 5.3, 5.4 and 5.5), though outlier points were
hidden in these plots to preserve anonymity. The Prior Attainment Points of
school-leavers appears to have increased with each successive Academic Cohort
(Figure 5.2). Students who achieved successful academic outcomes at University
tended to have higher Prior Attainment Points compared to those who did not
(Figure 5.3). Students from SIMD Quintiles 1 and 2 had median prior attain-
ment that was 2 points lower (equivalent to a Higher B grade) than Quintiles
3, 4, and 5 (Figure 5.4). The Faculty of Engineering had the highest median
points, followed by Business, HaSS, and Science (Figure 5.4). The variance of
these points was larger within Engineering and Science than Business and HaSS.
This might be because students in STEM programmes are more likely to have
Advanced Highers, though this would need to be confirmed through further ex-
ploration of the data. Unsurprisingly, standard offer students had higher median
Prior Attainment Points compared to contextual offer students (5 points higher
- Figure 5.5), and similarly for those whose Best Mathematics Qualification was
an Advanced Higher versus Higher (4 points higher - Figure 5.5). There did not
appear to be substantial differences in the variance nor median Prior Attainment
Points between the levels of Sex, Ethnicity, Disability Status, Age at Entry, Lo-
cal to Glasgow, Urban/Rural Status, No Detriment Retention and No Detriment
Completion (Figures 5.4, 5.5).
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Prior Attainment Points
Higher: A - 3 points; B - 2 points; C - 1 point;
Advanced Higher: A - 3 points; B - 2 points; C - 1 point, D - 0 points.
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Figure 5.2: Boxplot of Prior Attainment Points versus Academic Cohort (1 of 3).
Outlier points have been hidden to prevent identification of students when comparing
outliers across the other boxplot figures. 31



Prior Attainment Points
Higher: A - 3 points; B - 2 points; C - 1 point;
Advanced Higher: A - 3 points; B - 2 points; C - 1 point, D - 0 points.
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Figure 5.3: Boxplot of Prior Attainment Points versus outcome variables. Outlier
points have been hidden to prevent identification of students when comparing outliers
across the other boxplot figures.
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Prior Attainment Points
Higher: A - 3 points; B - 2 points; C - 1 point;
Advanced Higher: A - 3 points; B - 2 points; C - 1 point, D - 0 points.
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Figure 5.4: Boxplot of Prior Attainment Points versus explanatory variables (2 of 3).
Outlier points have been hidden to prevent identification of students when comparing
outliers across the other boxplot figures. 33



Prior Attainment Points
Higher: A - 3 points; B - 2 points; C - 1 point;
Advanced Higher: A - 3 points; B - 2 points; C - 1 point, D - 0 points.
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Figure 5.5: Boxplot of Prior Attainment Points versus explanatory variables (3 of 3).
Outlier points have been hidden to prevent identification of students when comparing
outliers across the other boxplot figures. 34



5.2.1 Prior Attainment Quintile

A reminder that Prior Attainment Quintile creates five groups of students within
each Academic Cohort that have similar attainment profiles (a more precise def-
inition is given in Section 4.4.1). Hence, the range of Prior Attainment Points
within each Prior Attainment Quintile can vary from cohort-to-cohort (for ex-
ample, due to grade inflation over time). A summary of these ranges are shown
in Table 5.2. From this, it can be seen that those with “average” attainment
compared to their peers (Prior Attainment Quintile 3) had around 18.7 points,
which is roughly the equivalent of six As at Higher. Prior Attainment Points
appear to be approximately normally distributed within each Academic Cohort
(Figure 5.6). The Prior Attainment Points of school-leavers appear to increase
with each successive Academic Cohort (Table 5.3). The mean increased by 1.3
points over the 3-year period between 2012/13 and 2015/16 and increased by
1.2 points in the single year between 2019/20 and 2020/21. The latter increase
coincided with the cohorts of students who received teacher assessed grades at

secondary education (see Section 2.2 for more details).

Table 5.2: Summary of Prior Attainment Points by Prior Attainment Quintile.

Prior

Attainment | Min Q1 Median Q3 Max Mean S.D.
Quintile

1 2.00 12.00 13.00 14.00 16.00 12.8 1.86
2 14.00  15.00 16.00 17.00 19.00 16.3 1.14
3 16.00 18.00 19.00 19.00 22.00 18.7 1.23
4 18.00  20.00 21.00 22.00 25.00 21.3 1.38
5 21.00 24.00 25.00 27.00 42.00 25.4 2.36
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Table 5.3: Summary of Prior Attainment Points grouped by Academic Cohort.

Aéiiiﬁlc N Min Q1 Median Q3 Max Mean SD

2012/13 1827 5.00 14.00 17.00 20.00 34.00 17.5 4.38
2013/14 1866  5.00 15.00 18.00 21.00 38.00 18.1 4.29
2014/15 1953  2.00 15.00 18.00 21.00 42.00 18.4 4.28
2015/16 1985  6.00 16.00 19.00 22.00 38.00 18.8 4.43
2016/17 1972 3.00 16.00 19.00 22.00 33.00 18.9 4.44
2017/18 1893 7.00 16.00 19.00 22.00 37.00 18.9 4.42
2018/19 1823  3.00 15.00 19.00 22.00 36.00 18.8 4.74
2019/20 1848 2.00 15.00 19.00 22.00 34.00 18.7 4.72
2020/21 1813  3.00 17.00 20.00 23.00 36.00 19.9 4.78
2021/22 2008 7.00 17.00 21.00 24.00 38.00 20.6 4.78
Overall 18988 2.00 15.00 19.00 22.00 42.00 18.9 4.61
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Distribution of Prior Attainment Points vs Academic Cohort
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Figure 5.6: Distribution of Prior Attainment Points grouped by Academic Cohort.
Prior Attainment Quintiles within each cohort have been highlighted.
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5.3 Academic Outcomes

The following interpretations come from Tables D.1 - D.6 in Appendix D. In the
School-leavers dataset, roughly 90% of students were retained at the end of
their first academic session (Table D.1), around 74% achieved completion within
four sessions (Table D.3), and approximately 9% of students dropped out of their
degree programme (Table D.5). The retention rate per Academic Cohort was
relatively consistent (Table D.1), although it peaked in 2019/20 and reached its
lowest in 2021/22, coinciding with when the no-detriment policy was introduced
and repealed (see Sections 2.2 and A.1 for more information on the no-detriment
policy). The completion rate appears to have increased slightly over time (Table
D.3). Drop-out rates appear relatively unchanged between Academic Cohorts
(Table D.5). Students from the Faculty of Business had the highest retention
and completion rates, as well as the lowest drop-out rate, of all the four faculties.
This was followed by Engineering, HaSS, and then Science which had the lowest
rates of success of each of the faculties. Students from higher SIMD Quintiles
and Prior Attainment Quintiles appear to have higher rates of retention and
completion, as well as lower rates of drop-outs compared to those from lower
quintiles. Females appear to have higher completion rates than males (Table
D.3), and similarly for those who did not disclose a disability versus those who

did.
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5.4 Other Associations Between Variables

Faculty and Sex appeared to be strongly associated and the proportion of males
to females within each faculty remained more or less consistent over time (Figure
5.7). There was a male-to-female ratio of roughly 55:45 in Science, 45:55 in Busi-
ness, 75:25 in Engineering and 25:75 in Humanities and Social Sciences (HaSS).
Ethnic-minorities were more represented in Engineering and Science (between 7%
and 20% depending on the academic cohort) than in Business and HaSS (less than
5% per academic cohort - Figure D.1). There did not appear to be an association

between Faculty and Disability Status (Figure D.2).
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Figure 5.7: Count/proportion of male/female school-leavers who entered each faculty
from 2012/13 to 2021/22.
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Mosaic plots measure the association between two categorical variables by
comparing the proportion of students within the crossed-levels of each variable.
From the mosaic plots for SIMD Quintile versus the other explanatory variables
(Figures 5.8 and 5.9), there appears to be a strong association between SIMD
Quintile and Ethnicity, since ethnic-minorities were more represented in SIMD
Quintiles 1 and 2 than Quintiles 3, 4 and 5. SIMD Quintile also appeared to have
some association with Faculty; Science and HaSS had larger proportions of SIMD
Quintile 1 students than Engineering and Business, with the inverse being true
for SIMD Quintile 5. Females appeared to be marginally more represented in the
lower SIMD Quintiles, while Disability Status did not look to be associated with
SIMD Quintile. Mosaic plots were also created for the association between Faculty
and the other explanatory variables (Figures D.4 and D.5), and similarly for Prior
Attainment Quintile (Figures D.6 and D.7), however no additional noteworthy

associations were found.
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Figure 5.8: Mosaic plots showing proportion of school-leavers within each strata:
SIMD Quintile versus explanatory variables (1 of 2).
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SIMD Quintile vs Urban/Rural Status
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Figure 5.9: Mosaic plots showing proportion of school-leavers within each strata:
SIMD Quintile versus explanatory variables (2 of 2).
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5.4.1 Interaction Plots

Retention rates follow a clear ordinal pattern with respect to Prior Attainment
Quintile that remains relatively consistent over time (Figure 5.10). The comple-
tion rates of Prior Attainment Quintiles 2-5 appear to increase with each suc-
cessive academic cohort, whereas the completion rates within Prior Attainment
Quintile 1 remain flat over time (Figure 5.11). The retention and completion
rates across SIMD Quintiles appear to change across Academic Cohorts. For ex-
ample, the retention gap between SIMD Quintiles is very small between 2012/13 -
2016/17 (Figure 5.10), but then an ordinal pattern begins to appear from 2017/18
onwards that persists through to 2021/22. The beginning of this ordinal pattern
coincides with the publication of the “Blueprint for Fairness” in 2016 and its rec-
ommendation that contextual offers be taken up across all Scottish universities
[3]. The completion rates of SIMD Quintile 1 students do not appear to change
over time and are consistently the lowest of all the quintiles (Figure 5.11). In
contrast, the completion rates for SIMD Quintile 5 students increase over time
and are consistently the highest of all the quintiles. The completion rates of
SIMD Quintiles 2-4 fluctuate over time. This variation could be due to sampling
variability since SIMD Quintiles 2-4 have fewer students and lower completion
rates than SIMD Quintile 5, which has more students and a higher completion

rate.
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Interaction plots for Outcome: Retention Status
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Figure 5.10: Interaction plots showing proportion of successful retentions within each
SIMD /Prior Attainment Quintile, per Academic Cohort (1 of 2).
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Interaction plots for Outcome: Completion Status
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1: Interaction plots showing proportion of successful completions within

each SIMD /Prior Attainment Quintile, per Academic Cohort (2 of 2).
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5.5 Entry Requirements

The Prospectus dataset showed that for entry in 2015/16 the most common
entry requirement was three subjects at grade A and one subject in grade B
(AAAB) in Scottish Higher qualifications (Figure 5.12). By 2023/24, the most
common entry requirement was AAAA in Higher qualifications. In total, there
were 138 programmes which changed their entry requirements; 53.0% of these
changes occurred in academic intake session 2017/18 while 30.6% occurred in
2021/22. A total of 122 programmes increased their entry requirements (116 by
one grade, 6 by two grades) while only 12 decreased them (5 by one grade, 5 by
two grades, 2 by three grades). There were 9 programmes that changed their

entry requirements on multiple occasions.

Students from Academic Cohorts 2012/13 - 2014/15 had no entry requirements
information since these data could not be recorded (see Section 3.4). There
were 49 programmes in the School-leavers dataset that had missing entry
requirements information. This meant that of the 13, 342 students from Academic
Cohorts 2015/16 - 2021/22, there were 338 (2.54%) students of who had missing
entry requirements data; 225 students from the Faculty of HaSS, 77 from Science,
36 from Business, and 0 from Engineering. This is unsurprising given that the
Prospectus dataset did not contain an exhaustive list of all degree programmes

offered by the University.
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Figure 5.12: Bar-charts of standard entry requirements grouped by academic intake session. Requirements are for students
studying Scottish Highers seeking entry to full-time, undergraduate degree programmes. Data was taken from University of
Strathclyde prospectuses 2015/16 - 2023 /24.




5.6 Summary

In addition to SIMD Quintile and Prior Attainment Points/Prior Attainment
Quintile, it may be appropriate to consider the following variables in multivari-
able model fits: Academic Cohort, Sex, Faculty, Ethnicity, Disability Status, Ur-
ban/Rural Status, Local to Glasgow. Care should be taken with the Disability
Status and Ethnicity variables given the low number of observations in the “Dis-
abled” and “Ethnic-minority” categories. The analyses in Chapters 8 and 9 use
the Ethnicity variable. While Disability Status is not considered in any of the
multivariable models of this thesis, it is recommended that this variable be in-
vestigated in future analyses. Urban/Rural Status and Local to Glasgow may be
appropriate to investigate in future analyses given they potentially had some asso-
ciation with the academic outcomes. These variable were not of primary concern
for this thesis however, and were dropped from consideration. The registration
status variables (Changed Prog. Title, Changed Dept., Changed Faculty, Repeated
Stage, Break) were not investigated in-depth here. This was because their inclu-
sion to any model would complicate interpretations. Furthermore, these variables
are best interpreted as time-dependent covariates which are not considered within

this thesis, but are recommended for future analyses (see 10.2).
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Chapter 6

Methods

This Chapter explains the mathematical theory behind the methods applied in
Chapters 7, 8, and 9. It will focus on regression methods which model binary
outcomes and using survival methods to model the time until an event occurs.
This chapter borrows equations and notation from Dobson and Barnett 2018 [99],
Moore 2016 [100], James et al. 2021 [101], Vittinghof et al. 2012 [102], Singer and
Willett 2003 [103|, Tutz and Schmid 2016 [104], and Therneau et al. 1990 [105],
and re-contextualises these in terms of students and their academic outcomes.
Uppercase letters represent random variables (e.g. Y, X) and lowercase letters
represent observed values (e.g. y1,%,...,y; where i = 1,2,3, ... represents the
i-th observation). Variables denoted in bold represent vectors when in lower case
(e.g. y), and matrices when in upper case (e.g. X). The vector y can either
represent a vector of random variables (y; = [Y1,Ya,...,Y;]T, where T" denotes
the transpose) or a vector of observed values (y; = [y1,v9, ..., ), which will

be made clear from context.
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6.1 Modelling Binary Outcomes

For many of the problems considered in this thesis, the outcome of interest is a
binary response variable. For example, whether or not a student was retained
after their first registration session (Retention Status) or whether or not a student
completed their Bachelor’s with Honours degree within four years (Completion
Status). The definitions for these outcomes can be seen in Section 4.2. Traditional
linear regression, which is a member of the family of generalised linear models,
is not sufficient for binary outcomes (for reasons explained in later sections).
Instead, other generalised linear regression models are required, three of which

(Logistic, Log-binomial, Modified Poisson) will be explained within this chapter.

Binary outcomes can be represented by the random variable Y, where Y =1
for observations that achieve the outcome (i.e. success), and Y = 0 for obser-
vations that do not achieve the outcome (i.e. failure). Let the probability of a
successful outcome be denoted by 7, = P(Y = 1|X) for a given predictor vari-
able, X. To illustrate an example, consider the outcome that is completion of
a Bachelor’s with honours degree, where Y = 1 if the student is successful and
Y = 0 if unsuccessful. Let X be a predictor categorical variable where X = 1
represents females and X = 0 represents males. If there were 80 females, and
60 completed their degree, then the probability of completion for females would
be estimated as m = 60/80 = 0.75. Likewise, if there were 120 males and 60
completed their degree, then the probability of completion for males would be

estimated as my = 60/120 = 0.5.
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The effect of any predictor, X, on the probability of success, m,, can be ex-
pressed in one of two ways. The more intuitive approach, is to express this in
terms of risk-ratios (RRs), also known as relative-risks in some literature. This

can be expressed as (Equation 6.1)

PY=1X=1) m
RR = = 6.1
PY=1X=0) (6.1)

where 7 is the probability of experiencing the outcome for individuals who
are exposed to the characteristic, X = 1, over the probability 7y of experiencing
the outcome for those who were not exposed to the characteristic, X = 0. Using
the same example as before, the risk-ratio associated with females (the exposure)
achieving the outcome (completion) would be m /7y = 0.75/0.5 = 1.5. In other

words, females would be 1.5 times as likely as males to complete their degree.

An alternative to risk-ratios are odds-ratios (ORs) which can be expressed as

(Equation 6.2)

OR— 7T1/(1 —7T1)

= o/ = 70) (6.2)

where m; and 7y are defined as previously. Odds ratios are harder to interpret
than risk-ratios but are common in literature (for example, |76, 78]) due to the
popularity of the logistic regression model (Section 6.4) that naturally derives
odds-ratios. Care should be taken when interpreting odds-ratios since language
such as “risk” and “more likely” are associated with describing probabilities and
risk-ratios. In fact, odds-ratios are frequently misinterpreted as risk-ratios by

researchers and the lay audience. This is problematic since “the odds-ratio will
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always exaggerate the size of the effect when compared to the relative risk” [108].
Estimation is only appropriate when the prevalence of an outcome is less than

10% such that the error between odds- and risk-ratios is small [106-111].

Using the previous example again, the odds-ratio associated with females (the

exposure) achieving the outcome (completion) would be

m/(1—m)  0.75/(0.25)
mo/(1—m)  0.5/(0.5)

In other words, females would have 3 times the odds of males to complete
their degree. If odds-ratios were used to estimate risk-ratios here, they would

over-exaggerate the effect of being female on completion by a factor of 2.

6.2 Linear Regression

To consider the effect of many covariates on the outcome, regression techniques
can be applied. The most simple regression technique is linear regression (Equa-

tion 6.3 [99]).

B(Y) =i —alB; Vi~ N(u,0?) (6.3)

where E(Y;) = p; is the expected value. Given a set of observations, y =

(Y1, 92, ..., 4T, Equation 6.3 becomes Equation 6.4.

yi=Bo+z!B+e€ (6.4)
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where y; are the observed values which are assumed to be independent, contin-
uous and normally distributed, N(u;, %), B, is the intercept term, the vector of
covariates is represented by 3 = [81, Ba, . .., 3,]" where p is the number of covari-
ates, and €; = [€1, €2, ..., ¢]T is the vector of random error terms that are assumed

to be independently and identically distributed, as well as normally distributed.

One cannot model binary outcomes using the linear regression model for sev-
eral reasons. The first is that, trivially, binary outcomes are not normally dis-
tributed [102]. The second is that response for linear regression, y may predict
probabilities that fall outside of the [0, 1] interval. The third reason, is that for
continuous predictors, it may not be the case that the risk associated with the
binary outcome is linear [102]. Instead, alternative methods from the family of

generalised linear models must be considered.

6.3 Generalised Linear Models

Linear regression is a member of the family generalised linear models (GLMs).

All members of this family can be expressed as follows (Equation 6.5)

flp) = =i B (6.5)

where f(u;) is known as the “link function”. Linear regression is the special case
of Equation 6.5 where the link function is the identity function, f(u;) = p; [99].
The link function within GLMs allow for the modelling of a variety of outcomes.
Three models are considered: Logistic, Log-binomial, and Poisson regression;

each of which have their own link function that allow for the modelling of binary
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outcomes. Each model has its own assumptions that are required to be satisfied.
However, all GLMs share the assumption that continuous covariates are linearly
associated with the (transformed) outcome. This assumption is always satisfied
for categorical variables, since they are modelled as binary covariates which will
always be linear. The linearity assumption can be assessed by examining a plot

of the predicted probabilities versus the values of the continuous covariate.

6.4 Logistic Regression

Logistic regression is one of the most popular classification techniques for mod-

elling a categorical outcome (Equation 6.6 [99]).

logit(m;) = log ( T ) =Bo+xlB (6.6)

1_7Ti

where the associated link function is the log-logistic, or “logit”, transformation
f(m;) = log(m;/[1 — m;]). Note that the term for the errors, €, is deliberately
omitted for reasons that are examined in Section 6.4.3. The intercept term, [y,
is interpreted as the log odds-ratio for a successful outcome when all p covariates

T are held constant (i.e. are equal

for the i-th observation, & = [z1, %, ..., 1]
to zero). The coefficients, 3, are estimated using maximum likelihood estimation
(see Section 6.6). Each coefficient, 8 = [B, Ba, ..., 3,7, is interpreted as the
change in log odds associated with a unit increase in the p-th covariate, when all

other p — 1 covariates are held constant (i.e. are equal to zero or equal to their

mean values).
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6.4.1 Example interpretation

Consider the following Logistic regression fit (Equation 6.7)

logit(m;) = ( - ) = Do + Brx1 + Bawg (6.7)

1_7Ti

where the outcome, logit(m;), describes the log odds for completion of a Bache-
lor’s with Honours degree, with a continuous covariate for Age (in years), x, and
a categorical covariate for Sex, xo = 0 if the i-th observation is male and x5 = 1 if
female. Then, the 3; coefficient represents the change in the log odds-ratio that is
associated with every unit increase in age (one year) when all other covariates are
held constant. Similarly, 5, is the change in log odds-ratio associated with being
female (zo = 1), when all observations are held constant. Finally, 5, is the log
odds of successful completion of a degree when all covariates are held at the value
of zero. Notice that the interpretation of age (1 = 0) does not make sense since
no one registered at university can be aged 0. For this reason, it is common to
centre continuous variables at their mean values to improve their interpretation
at the intercept [102]. This does not affect the point estimate of the other covari-
ates in the model [102]. Both the intercept and coefficients can be exponentiated

to obtain odds-ratios which are easier to interpret than log odds-ratios.

6.4.2 Assumptions

In Logistic regression it is assumed that the covariates are linearly associated
with the logit of the outcome. This can be assessed visually through plotting the

data points for each continuous predictor against the fitted values. A smoothed
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estimate to the data points can be compared to the residuals of the fitted regres-
sion model to determine whether the assumption is satisfied [102]. This could
be followed up by fitting a model with polynomial terms and determining their
significance in a Wald’s test [102]. If the linear term is significant but the higher
order terms are non-significant, then this suggests that the linear term adequately

fits the model.

It is also assumed that the observed outcomes, y;, follow a Binomial distri-
bution, that the outcomes for each observation, y;, are independent from one
another, and that the continuous covariates are not collinear with one another
(multicollinearity assumption). The first two assumptions should be trivial to
assess prior to fitting the model to the data. Multicollinearity can be assessed

through robust exploration of variables prior to model fitting.

6.4.3 Error Terms/Limitations

Note that Equation 6.6 omits any error terms, ¢;. These are in fact present, but
are omitted by most textbooks and published research [112]. This is because the
standard error terms cannot be explicitly derived in Logistic regression since the
logit transform of the observed outcome can only equal 0 or 1 [112|. To address
this, one can scale the standard error and log-odds terms through division by
o, where o is the standard deviation of the error term. Norton et al. [112]
warned that this has several consequences. The first is that the standard error is
sensitive to changes in the model specification, i.e., which explanatory variables
are included in the model fit, even if these variables are independent of one

another. This means that estimated odds-ratios are not unique, since they are
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dependent upon the chosen model specification. Consequently, it is not possible
to compare odds-ratio between datasets, samples of the same dataset, or even
between different models fit to the same data. It is also possible to add/remove
variables to determine the robustness of a model fit. This, combined with the
knowledge that odds-ratios are poor estimates of risk-ratios when the prevalence
of the outcome is greater than 10% (see Section 6.1), has led many to recommend

models that derive risk-ratios over odds-ratios [106, 107, 111-113].

6.5 Risk Ratio Regression Models

The Log-binomial and Poisson regression models are alternatives to the odds-
based Logistic regression model in that they derive risk-ratios. Namely, The

Log-binomial model (or log-linear model) can be expressed as (Equation 6.8 [99])

log(11;) = Bo + =] B (6.8)

Where the link function f(u;) = log(u;). The coefficients, 3,, are estimated
using the maximum likelihood method (see Section 6.6) and are interpreted as the
risk-ratios associated with a unit increase in the covariates, . The assumptions
of the Log-binomial model are more or less identical to those laid out for Logistic
regression. One exception is that all covariates are assumed to be linearly associ-
ated with the log of the outcome, rather than the logit of the outcome. Hence, all

assumptions are assessed in a similar fashion to Logistic regression (see Section

6.4.2).
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It is not uncommon for the Log-binomial model to run into numerical errors
during fitting. This is related to the the log-link function which constrains all
linear predictors to be negative [114]. While there are approaches to dealing with
convergence issues (see, for example, Williamson et al. [114]) an alternative risk

model can be considered, the Poisson regression model (Equation 6.9 [99]).

log B(Y;) = log(u;) = log(n;) + @ B;  Yi ~ Po(u;) (6.9)

where n; is the number of exposed observations and, like the Log-binomial
model, the link function f(u;) = log(p;). Unlike Logistic and Log-binomial
regression, the outcome variable in Poisson regression is assumed to be count
data, Y; ~ Po(u;). Hence, it is assumed that the mean equals the variance,
E(Y;) = Var(Y;) = p; [101]. All covariates are assumed to be linearly associated
with the log of the outcome, and are estimated using the method of maximum like-
lihood estimation (see Section 6.10). Chen et al. [115] found that Log-binomial
models was more sensitive than Poisson regression to biased estimates if the model
was misspecified. Although they also stated that when correctly specified, Log-
binomial models should be preferred since the Poisson model may be more likely

to reject the null hypothesis when the alternative is true [115].

Poisson regression can be used to model binary outcomes, where the out-
come and the coefficients, 3,, are interpreted as rough estimates of risk-ratios.
However, such models suffer from “under-dispersion”, where the mean is greater
than the variance, which is a violation of the Poisson assumption. This results
in overly conservative standard errors [116]|, which means that true significant
effects may be modelled as non-significant. This can be counter-acted using a
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Modified Poisson regression model with robust variance terms, also known as
“sandwich estimation” [117|. Robust error terms can be implemented in R using

the sandwich package [118].

6.6 The Likelihood Function (Regression)

In Logistic, Log-binomial, and Poisson regression models, estimation of the coef-

ficients is achieved through maximising the likelihood function (Equation 6.10).

n

L(Blyi) = [ [ fwil B,) (6.10)

i=1

The log-likelihood function (Equation 6.11) can be maximised instead since it

is computationally less expensive to maximise the log-likelihood function.

1(Byly:) = Z log(f (yil 8,)) (6.11)

For logistic and poisson regression with grouped data, the log-likelihood func-
tion is a measure of goodness-of-fit though a deviance test. For ungrouped data,
the value of the log-likelihood on its own has no interpretation [102]. However,
if the likelihood of one model is compared to a nested model that was trained
on the same sample data, it can be used to determine which model is the better
fit [102]. The test that determines whether the model with the extra variable(s)
fits the data significantly better than the nested model is known as the likelihood
ratio test. Under the null hypothesis, the larger model does not improve upon

the nested model. The test statistic is calculated as follows (Equation 6.12)
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LR = 2[log(Ly) — log(Ly)] (6.12)

Where L; is the likelihood derived from the larger of the two models. It
can be shown that this follows a chi-square distribution, x?, with degrees of
freedom equal to the number of additional variables in the larger model, L; [102].
The likelihood ratio test is useful in determining whether the addition of extra
explanatory variables lead to a significantly better model fit. However, given that
the likelihood functions are different between Logistic, Log-binomial, and Poisson

regression, these cannot be compared to one another.

6.6.1 Wald’s test

The Wald’s test is used to assess the significance of an estimated effect, B, in a
model. The null hypothesis is Hy : § = 0, and the test statistic is calculated as
Zy = f3/s.e.(3), where “s.e.” is the standard error of the coefficient [100]. The test
statistic, Z,,, is assumed to follow either a standard normal distribution where H,,

is rejected when Z,, > |z4/2|, or, if squared 72 . a chi-square distribution where

Hy is rejected when Z,, > x2; [100]. Confidence intervals can also be constructed
around the estimate, 3 + za/Q[s.e(ﬁ’]) [100]. The results from Wald’s tests and

likelihood-ratio tests are close estimates of one another when the sample size is

sufficiently large, though the latter is considered more reliable [100].
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6.7 Goodness-of-fit

Dobson and Barnett [99] show that deviance residuals can be explicitly derived
from Binomial and Poisson distributions and can therefore be used as estimates
for the goodness-of-fit for the logistic, Log-binomial, and Poisson regression mod-
els. The derivation of deviance residuals for each of these models will not be
shown here, for further details consult Dobson and Barnett [99, p. 87-92]. A
plot of these residuals should be symmetrical around the zero line, and outlier

observations can be identified.

6.8 Interaction terms

In some cases, the effect of a given variable on achieving a successful academic
outcome may be affected by the levels of another variable. For example, in
Chapter 5 it was highlighted that females generally had higher retention and
completion rates than males. It was also highlighted, that there were apparent
differences in the proportion of males and females within each faculty (e.g. more
males in Engineering, more females in HaSS). It could be the case that the effect
of Sex on retention is affected by the Faculty the students are registered with. To
address this, an interaction term between these two variables can be included in
a regression model. In this context, a significant interaction term would indicate
that the differences in retention rates between males and females are not the same
across faculties. Variables which have interactive effects on another variable’s
relationship with the outcome are classified into one of the three categories: a

moderator, a mediator, or a confounder.
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A moderator is a variable that influences the magnitude and direction of an
effect another variable has on the outcome variable. In the example highlighted
previously, Sex would be a moderator for the effect between Faculty and retention.
Similarly, it could be said that Faculty is a moderator for the effect between Sex

and retention.

A mediator is a variable that explains the process by which another variable
and the outcome are related. An example of a mediator in the School-leavers
dataset would be SIMD Quintile, which partially explains the relationship be-
tween Offer Received and retention; all contextual offer students must be from
SIMD Quintile 1 or 2 (see Section 4.5 for full definition of Offer Received). Sim-
ilarly, Prior Attainment Points and Met Std. Entry Req would also be partial-
mediators of the relationship between Offer Received and retention; all contextual
offer students must attain below the standard entry requirements in the year prior

to their registration.

A confounder is a variable whose presence affects the relationship between
another variable and the outcome, when the relationship is not true. A potential
confounder in the School-leavers dataset is the COVID-19 pandemic, which
affected all students registered in 2019/20 and 2020/21 (and potentially in later
academic cohorts). Accounting for the effect of COVID-19 pandemic is tricky,
since the only proxy for this is Academic Cohort. The reality is that this effect
cannot be completely controlled for, thus care must be taken when interpreting

results which include the affected cohorts.
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6.9 Survival Methods

Survival methods are used to model the time until an event occurs. Their advan-
tage comes from being able to account for observations which never experience
the event of interest, known as “censored” observations. An example would be
cancer trials, where the effect of a particular drug on patients’ time-to-death is
measured. Here, those patients who do not die before the end of the observation
period, or those who go into remission, would be censored. Survival methods
can be applied to student registration data to model the the time until a student
drops out of their degree programme (event), whilst also accounting for students
who never drop out due to completing their degree programme or because they
are still registered by the end of the observation period (censored). The remaining

sections discusses such applications to the School-leavers dataset.

6.9.1 Setting Up the Study

The outcome of interest is the time until a student drops out of university. Let
the random variable T" denote the time until dropout, or the “survival time”, of
a student. Let the “observation period” be defined as the fixed period of time:
2012/13 - 2021/22, the academic sessions which are included in the School-
leavers dataset. Let the “study period” for each student be defined as the
period of time each student was registered at the University. The observation
period is fixed while the study period is relative to each student, beginning in

their first registration session and ending in their last registration session.
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6.9.2 Discrete versus Continuous Time

In reality, a student can decide to drop out at any point in time after they register,
T =t, where t € R > 0, which could be measured in years, months, days, or
even hours. In the School-leavers dataset, registration data are collected and
updated each academic session, i.e. every year (see Section 4.7). Intervals of time
that are larger (and finite), such as years, tend to be described as discrete time
intervals, while smaller units of time such as months or days are described as

continuous time intervals [103].

In the School-leavers dataset, time is measured in academic sessions, or
years, which is not a continuous variable. To account for this, the continuous time
range must be broken up into g+1 discrete intervals [0, a1), [a1, az2), . . ., [ag—1, aq); [aq, Goo)
where a student who drops out in the interval [a;_1,a;) is said to have dropped
out at time, T' = t [104]. For example, a student who drops out in their first
academic session, represented by interval [0, a;), would have survival time T' = 1.
Similarly, a student who drops out in their second academic session, represented
by the interval [a;, as), would have survival time T' = 2, etc. This means that in
the School-leavers dataset, time until drop-out is strictly-speaking a discrete

random variable, T € [1,2,3,4,5,...,¢|.

6.9.3 Censored Observations

Trivially, students will not drop out if they successfully complete their degree
or are still continuing their studies by the end of the observation period. To

account for these observations, the technique of “censoring” is employed. Let the
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random variable, C', denote the time at which an observation becomes censored. A
subject is said to be “right-censored” if they had not yet experienced the outcome
by the end of their study period. A subject is said to be “left-censored” if they
were at risk of experiencing the outcome prior to the beginning of their study
period. Since no student can be at risk of dropping out prior to beginning their
registration, there are no left-censored observations. Observations can also be
“Interval-censored”; though this type of censoring is not considered here (for more
on interval censoring, see Moore et al. [100, p. 187]). Since only right-censored
observations are present in the School-leavers dataset, the remainder of this

chapter will refer to them as “censored” observations for brevity.

Survival methods assume that all censoring is “non-informative”. If a student
is coded as censored when in reality they have dropped out, then their censoring
would be known as “informative”. Trivially, informative censoring introduces
bias to any model estimates. To address informative censoring, one could apply

competing-risks models, though these will not be explored in this thesis.

6.9.4 Modelling Survival Time

To account for right-censoring, the observed time for each student becomes (Equa-

tion 6.13 - [104, p. 52] and [100, p. 16])

Y = min(7, C) (6.13)
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where the random variable Y is the time at which a student drops out, 7', or
is censored C', whichever happens first, and the random variables T" and C' are
assumed to be independent. Let the following indicator variable, , be defined as

(Equation 6.14 - [104, p. 52| and [100, p. 16])

1, T <C;
§= (6.14)

0, ifT>C

This indicator function will be useful later when modelling the time until drop-
out, T, whilst also accounting for censored observations, C. It will also be used

when defining the likelihood function (Section 6.12.1).

6.9.5 End of the study period/Truncated Survival Times

Students can begin their registration at the University on any of the academic
sessions within the observation period (2012/13 - 2021/22). However, the maxi-
mum amount of time a student can be followed is until the end of the observation

period (2021/22). This presents two problems for the modelling of survival times.

The first problem is that students from different Academic Cohorts are ex-
amined for different lengths of time. While theoretically the survival time, 7T,
for each student could be infinite, it was very rare to see any individual regis-
tered for longer than 5 academic sessions. Exploratory analyses conducted on the
School-leavers dataset (not shown to preserve anonymity of students) revealed
that students with unusually long registrations (> 5 years) were actually those

who had entered into some form of voluntary or academic suspension. Most of

116



these students became censored anyway, either due to completing their degree,
still being registered or still being in suspension by the end of the observation
period. Thus, it was decided to truncate students who had survival times 7" > 5.
In other words, all 305 students who were registered for 6 sessions or longer
were coded as censored at 5 years. This had the advantage of standardising the
length of follow-up time but the disadvantage of coding some students who did
drop out as censored, albeit only 5 in total. This informative censoring (Section
6.9.3) will therefore introduce a negligible amount of bias to any model fit to the

School-leavers dataset.

The second problem is that it is not possible for students from Academic
Cohorts 2018/19 - 2021/22 to have completed their degree by the end of the ob-
servation period. This is only possible for direct-entry students who have been
removed from the School-leavers dataset (see Section 3.7). To address this
problem, only students from Academic Cohorts 2012/13 to 2018 /19 were consid-

ered when applying survival models.

6.9.6 Person-level versus Person-Period data

In general, it is important to determine whether the time interval in a dataset
is discrete or continuous prior to any analyses, since this will inform the type
of model that is applied to the data and which format the data is required to
be in. Discrete time intervals require a person-level format, while continuous

time intervals require a person-period format (Figure 6.1). If time-dependent
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covariates (TDCs) are desired, then the data would need to be in a person-period
format for both types of models; no TDCs were used in the analyses of these data,

but are recommended for future analyses (see the discussion in Section 9.8).

6.9.7 An Example of Survival Time and Censoring

A visual example of the survival time and censoring set-up for the School-leavers
dataset is illustrated in Figure 6.2. These example students match with those
presented in Figure 6.1. Students A and B show the typical cases of censored and
dropout observations, respectively. Student C represents those who take longer
than expected to complete their degree, having done so at the end of the 5th
academic session. Student D drops out despite being registered for 5 sessions.
This is perhaps due to repeating many stages of their degree programme and/or
entering into academic suspensions before eventually dropping out. Students E
and F are examples of the truncation applied to observations; both are censored
due to being registered for longer than 5 academic sessions. This is despite

Student F eventually dropping out at some point after 5 sessions.
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Person-Level Format Person-Period Format
. | Reg.
Student Aca(.iemlc Year Dropout
Session Status
Count
A 2012/13 1 0
A 2013/14 | 2 0
A 2014/15 3 0
A 2015/16 4 0
B 2021/22 1 1
C 2014/15 1 0
C 2015/16 2 0
i S e 2 e
Academic | Reg. Dropout
Student Cohort Year Status C 2018/ 1‘? : 0
Count g ;014/10 ; 8
A 2012/13 | 4 0 015/16
D 2016/17 3 0
B 2020/21 1 1
D 2017/18 4 0
C 2014/15 5 0
D 2018/19 5 1
D 2014/15 5 1
, E 2016/17 1 0
E 2016/17 6 0
F 5012/13 - 1 E 2017/18 2 0
/ E 2018/19 3 0
E 2019/20 4 0
E 2020/21 5 0
E 2021/22 6 0
F 2012/13 1 0
F 2013/14 2 0
F 2014/15 3 0
F 2015/16 4 0
F 2016/17 5 0
F 2017/18 6 0
F 2018/19 7 1

Figure 6.1: Comparison of person-level format (left) to person-period format (right)
for school-leavers dataset.
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Example of censoring in the School-leavers dataset.

Student A g
Student By [——-—-—-—-—- -x
| True Outcome
Student C Py X Dropout
1 ® Completed Degree
Dropout Status
Student D: X — Censored
'
-—- Dropout
'
Student E : °
'
Student F

0 1 2 3 4 5
Academic Sessions Registered

Figure 6.2: Example of censoring setup for the school-leavers dataset.

6.10 The Survival and Hazard Functions

Assume that the time until a student drops out in the School-leavers dataset,
T, is discrete such that T € [1,2,3,4,5,. .., q] for ¢ discrete intervals. The hazard
function (Equation 6.15 - [104]) can be defined as the risk of dropout at time, ¢,

conditional upon surviving all time periods previous to ¢

he=P(T=tT>t t=12....q (6.15)

The cumulative hazard function is simply the sum of the hazards up until

time, ¢

Hy =Y Iy (6.16)

k=1
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Similarly, the survival function (Equation 6.17 - [104]) denotes the probability

of survival until time ¢, given that a student has not dropped out prior to t.

S,=P(T >1t) = f[u — hy) (6.17)

k=1

Now assume that 7" is a continuous random variable such that students can
drop out at any point in time, T'=1t € R > 0. The hazard function now denotes

the risk of drop-out at an instantaneous moment in time, At (Equation 6.18)

Pt<T<t+AtT >t
ht) = tim DUST<t+AIT =0

A0+ At (6.18)

The continuous hazard function does not represent a probability, but it does
have the condition that h(t) > 0[119]. The cumulative hazard function (Equation

6.19), is simply the area under the hazard curve up to time, t.

H(t) = /Ot h(u) du (6.19)

Where the interpretation of the cumulative hazard function is the total amount

of risk accumulated up until time ¢ [100].

6.11 The Kaplan-Meier Estimate

The Kaplan-Meier Estimate of the survival function is useful tool for inference in
both the continuous- and discrete-time frameworks. Order all discrete survival

times, T1,Ts,...,T}, let d; denote the number of students that dropped out at
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time 7} and let r; represent the number of students at risk of dropping out at time,
t [99-101, 104]. Then the Kaplan-Meier Estimate can be derived as (Equation
6.21)

S(t) = H ijdj (6.20)

If survival times are continuous, then order these into discrete intervals

0,T1),[T1,T%),...,[T;,00). The Kaplan-Meier estimate becomes
A 1
Sty=T] 1-— (6.21)
T
‘]ZTjSt

where 7; represent the number of students at risk of dropping out at time, ¢.
For the continuous Kaplan-Meier estimate, it is assumed that there are no tied
survival times (see 6.13.2), and that all survival times are independent of one

another.

A “survival curve” is a plot of the Kaplan-Meier Estimates versus time. The
survival curve appears as a smoother function in continuous time than in discrete
time. This is because the likelihood of students sharing the same survival times,

T1,T5,...,Tj, is higher under a discrete-time framework.
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6.11.1 Log-rank test

Due to the presence of censored data and differing lengths of follow-up, one cannot
simply estimate the difference between two groups of students’ survival times (e.g.
males versus females). Instead, one may apply the Log-rank test, where the null
hypothesis is that the difference between the survival curves of two groups is

equal to zero.

Order all observed survival times in the data, ¢; < --- < t;, assuming there
are k drop-outs. To calculate the test statistic, a 2x2 table of counts is required
at each time period, t;, from the each group of students, i = 1,2. This table
includes the number of students who were at risk of drop-out, 7;, and the number

of students who actually dropped out, d;x, (Table 6.1).

Table 6.1: The number of students at risk of drop-out 7, and the number of students
who actually dropped out dj, within two groups (i = 1, 2) of students.

Group 1 Group 2| Total
Dropped out dik day, dy,
Survived T — A1y Top — dop | T — di
Total Tk T2k Tk

James et al. 2021 [101, p. 467-468] then construct the log-rank test statistic,

W, as follows (Equation 6.22)

(6.22)



where X = Zszl dyj, is the total number of students who dropped out across
all time periods (di; comes from Table 6.1). The test statistic, W, can be shown

to approximately represent the following (Equation 6.23 - [101, p. 467-468|)

Zfil di —

W =
VI Var(dy)

(6.23)

Where the mean at each time period, p, can be calculated as (Equation 6.24)

. T1kdy

= 6.24
ek ™ (6.24)
and the variance can be calculated as (Equation 6.25)
d 1— —d
Var(dyy,) = k(r1k/71)( "1k /T8) (T k) (6.25)

(r, —1)

For a sufficiently large sample size, n, the test statistic, W, follows an approx-
imately standard normal distribution [101], or, W can be squared to obtain a
chi-square random variable with one degree of freedom [100]. The latter is the

approach adopted within the survival package in R [120, 121].

In survival analysis, the goal is often to estimate the effect a particular covari-
ate, or group of covariates, have on the hazard function over time. Kaplan-Meier
Estimates and Log-rank tests are useful for comparing the hazard of drop-out
or survival time between groups of students, for example males versus females.

To control for more than one explanatory variable, then multivariable survival
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modelling techniques are required. This can be achieved through various statisti-
cal models which assume that follow-up time is a discrete or continuous random

variable. Both will now be examined, starting with the discrete models.

6.12 Discrete Time-to-Event Regression Models

Assume that the time until dropout random variable is discrete,
T €[1,2,3,4,5,...,q]. The Logit Discrete Time-to-Event (DTE) model can used
to model the hazard of drop-out over discrete time intervals and is expressed as

(Equation 6.26 - [104, p. 37])

e R (6.26)

where 0 < h(t|x < 1 at each discrete interval and the associated link function
is the log-logistic, or “logit”, transformation f(m;) = log(m;/[l — m;]). This is
very similar to the traditional logistic regression model see previously (Section
6.4), where now the intercept term, [3p;, depends on time while the coefficients,
3, remain fixed. The intercept term, [y, is referred to as the “baseline hazard

function” and represents the hazard of dropping out over time, t, when all p

T

covariates for the i-th student, ! = [z, 22,...,2,]", are held constant at zero.
The coefficients, B,, are interpreted as the change in log odds of dropping out
across all time periods, that is associated with a unit increase in the p-th covariate,
when all other p — 1 covariates are held constant. The change in log odds is
assumed to be the same at all time periods, a property known as the “proportional

odds” assumption. This assumption can be assessed by examining the plot of the
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logit survival (or hazard) function over time (Equation 6.26) grouped by each
categorical explanatory variable; if the lines for each level of the variable are

roughly parallel, then the proportional odds assumption holds.

6.12.1 The Likelihood Function (Survival)

Similar to the traditional logistic regression model (Section 6.6), the method of
maximum likelihood estimation can be applied to the Logit DTE model to derive
the estimated effects of the covariates, 3. However, the censored observations

must also be accounted for when deriving the likelihood function.

Assume that time until drop-out is a discrete random variable, T, and let 9;
be defined as in Equation 6.14. The likelihood function of the survival data can

be described as (Equation 6.27 - [104, p. 52-53] and [101, p. 470])

L(B) = Hh(ti)&s(ti) (6.27)

where n is the number of observations and h(t;) and and S(¢;) are the values of
the hazard and survival functions, respectively, for the i-th observation. This is
often expressed in terms of the log-likelihood (Equation 6.28) since its maximum

likelihood estimates are less computationally expensive to derive.
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6.13 The Cox-Proportional Hazards Model

Assume that the time until dropout random variable is continuous 1" = ¢, where
t € R > 0. The Cox-Proportional Hazards (CPH) model, also known as the Cox
Regression model, is a semi-parametric method that can be used to model the
hazard of drop-out over continuous time and can be expressed as (Equation 6.29

- [104, p. 50])

h(t|z) = ho(t) exp(a! B) (6.29)

where hg(t) is the baseline hazard function and ! and 3, are similarly defined
as before. The coefficients, 3, are interpreted as the change in hazard of dropping
out across all time periods, that is associated with a unit increase in the p-th
covariate, when all other p—1 covariates are held constant (i.e. are equal to zero).
This is known as the proportional hazards assumption and is a key property in
how the CPH model functions. This assumption can be assessed by examining
the plot of the complementary-log-log (cloglog) transformation of the survival (or
hazard) function over time (Equation 6.30) against each explanatory variable; if
the lines for each level of the variable are roughly parallel, then the proportional

hazards assumption holds.

log[—1log Si(t)] = 3 + log[— log Sy(t)] (6.30)
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When the risk of experiencing the outcome is sufficiently rare (say < 10%),
then cloglog transformations of the survival (or hazard) functions are approx-
imately the equivalent of the logit transformations of the survival (or hazard)
functions [103, p. 422]. An alternative approach is to apply a Schoenfeld resid-
uals test of proportional hazards, this will not be explained in this chapter but

further reading can be found here [100, p. 96-100].

In the CPH model, no form for the baseline hazard function, hy(t), is assumed.
Hence, the values of the coefficients, 8, must be estimated through maximisation

of the partial likelihood function (Equation 6.31).

6.13.1 The Partial-Likelihood Function

In discrete-time, the value of the baseline hazard function, hg(t), can be explicitly
derived for each time period, t. In continuous-time, since there are infinitely
many points in time a student could dropout, the baseline hazard function, hy(t),
cannot be explicitly derived. Therefore, it must be assumed to follow some shape,
for example the Weibull distribution (see Section 6.14). Another alternative,
proposed by Cox in 1972 [122], is to assume no form for the baseline hazard

function, and instead maximise the partial-likelihood function.

Assuming that time until dropout is a continuous random variable, T" = ¢
where t € R > 0, and that there are no tied survival times, the partial likelihood

function can be expressed as (Equation 6.31 - [104, p. 64| and [101, p. 473|)

i ho(t;) exp(x] B)

PL(B) = H ho(t;) Zjeni exp(ij,B)

=1

(6.31)
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where t; < --- < t;, are the ordered survival times that are observed in the
data, assuming there are k£ drop-outs and 7, for + = 1,...,k are the sets of all
students that are at risk of dropping out at time, ¢;. Notice that the baseline
hazard function, hy(t) appears on both the numerator and the denominator of
Equation 6.31. This means that the partial-likelihood function can be maximised
without assuming any form for the baseline hazard function, ho(t). This only
works when the proportional hazards assumption is valid (Equation 6.29), such
that the baseline hazard of dropping out across all time periods is the same across

all covariates.

6.13.2 Tied Survival Times

Maximisation of the partial-likelihood function for a continuous time-to-event
random variable, T', assumes that there are no tied survival times. In other
words, if t; < --- < t;, are the ordered survival times that are observed in the
data, then t; 1 # t; for all i = 1,... k. Yet as established previously (Section
6.9.2), student dropouts will occur in naturally discrete intervals in the School-
leavers dataset. Hence, there will be many students who share the same time

until dropout, T

To handle these tied survival times, one can use the method of exact partial
likelihood [104, p. 64]. This works by replacing the risk factors within the partial-
likelihood function (Equation 6.31) with the conditional risk an observation drops
out given the number of students that dropped out at the same time, t; [104,
p. 64]. The exact partial likelihood method is computationally expensive 104,

p. 64]. Alternatives include the Breslow or Efron approximations. These are not
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explained here, but further reading on these can be found here [100, p.65-69] and
here [123, p. 563-564]. The Efron approximation is the default method used in
the cox.zph() function from the survival package in R [120, 121|, which are

used in Chapter 9.

6.13.3 Stratified Cox-Proportional Hazards

Stratification is an alternative option for fitting a CPH model when certain vari-
ables violate the proportional-hazards assumption [102]. A different baseline haz-
ard function is assumed within each level of the stratification variable [1027 |,

such that (Equation 6.32)

hy(tl®) = ho;(t) exp(a] B) (6.32)

Where h;(t|x) is the hazard function within the j-th stratum. It is assumed
that the effect of the covariates, 3 is the same across each stratum. The likelihood
function then becomes the product of the likelihoods derived within each stratum

(Equation 6.33 - [102, p. 228] and [? |)

LB) =] L8 (6.33)
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And the log-likelihood is the summed contributions within each stratum |?
|. Stratifying by one or more variables means that the effect of the stratified
variables on the outcome cannot be estimated. Stratification also requires a
sufficient sample size within each strata, otherwise the statistical power may be

inadequate [102].

6.14 Parametric Survival Models

An alternative to CPH models are parametric survival models which assume that
the form of the baseline hazard function follows some probability distribution.
While this could be any number of different distributions, this thesis focuses on
only one, the Weibull distribution. Assuming that the baseline hazard function,
ho(t) is specified by a Weibull distribution, the survival function can be expressed

as (Equation 6.34 - [100, p. 138])

S(t) = exp(—exp(—p/0)t"?) (6.34)

with hazard function (Equation 6.35)

1
h(t) = = exp(—L)ts (6.35)
o o

here 0 = 1/ and p = —log(\), for some a € R. The exponential distribution
is the special case of the Weibull distribution where the scale parameter o = 1.
The effects of covariates in parametric models are estimated by maximising the

value of the likelihood function (Equation 6.28).
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The Weibull model is an example of an “Accelerated Failure Time” (AFT)
model, where the covariates estimate the effect on survival time, S, rather than
time until drop-out, 7. Let v; = (71,...,7,)" denote the set of unknown coeffi-
cients associated with the set of explanatory variables, z;; = (24, ...,2;)", for
the i-th student. The interpretation of the estimates of AFT models, v;, is that a
unit change in the j-th covariate is associated with change in the survival time of a
student by a factor of ;. Values of exp(y) > 1 are associated with longer survival
times and values of exp(y) < 1 are associated with shorter survival times. The
Weibull model is unique in that it is the only AFT model which is the equivalent

of a proportional hazards model where exp(f) = exp(—~/o) [100, p. 146].

6.15 Martingale residuals

The martingale residuals determine the functional form of a continuous covariate
within the fit of a particular survival model. Assuming only right-censored ob-
servations (which is the case for our student dropout problem) and that there are
no time-dependent covariates, then these can be expressed as follows (Equation

6.36 - [100, p. 87))

m; = 6; — Ho(t;) exp(a] B) (6.36)

Where H, (t;) is the estimate of the cumulative baseline hazard function at
time, t = t;, m; € (—oo, 1] and >, m; = 0. The interpretation of the martingale
residuals is the difference between the observed value of the censoring indicator,
d;, and the expected value of this indicator, E(d,) = Hy(t;) exp(2” B), assuming
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proportional-hazards. For example, if m; > 0 this indicates that the individual,
7, survived for longer than expected, while m; < 0 implies the individual survived

for a shorter period than expected.

6.16 Deviance residuals

The deviance residuals in survival analyses are a transformation of the martingale

residuals that gauge a model’s goodness-of-fit to the data (Equation 6.37 - [100])

Where sign(m;) is the signed square root of the martingale residual, m;. The
advantage of deviance residuals are that they make the martingale residuals,
m; € (—o0, 1], symmetrical around zero, though this is assuming that the model
is a good fit for the data. Therneau et al. [105] note that when censoring is
greater than 40% (as is often the case in the student dropout problem if success-
ful outcomes are censored), “...a large bolus with residuals near 0 distorts the
normal approximation, but the transform is still helpful in symmetrizing the set

of residuals”.

6.17 Summary

In Chapters 7 and 8, the Logistic, Modified Poisson, Log-Binomial, will be applied
to the School-leavers dataset to determine the associations between the two

binary outcomes: retention and completion, and students’ contextual background

133



and prior attainment profiles. Regression methods are commonly used for mea-
suring such associations in Widening Access literature |52, 69, 76-78|. Comparing
the estimates between these three models will aid researchers in Widening Access
understand the interpretation of regression methods in these scenarios. However,
given that the prevalence of the retention and completion outcomes are so com-
mon (90% and 70%, respectively - see Section 5.3), it is anticipated that some
of the issues highlighted in this chapter will be encountered. For example, the
exaggeration of the logistic estimates (Section 6.4.3) and the convergence of the
Log-Binomial model (Section 6.5). Chapter 9 will then attempt to address some
of these limitations by instead applying survival methods to model the time until

a student drops out of the University, which should be sufficiently rare (< 10%).
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Chapter 7

Influence of Advanced Higher
Mathematics on Outcomes for Students

Registered on STEM Programmes

In Chapter 6, three regression methods were introduced from the family of gen-
eralised linear models that could be applied where there is a binary outcome
variable: Logistic, Log-Binomial and the Modified Poisson models. In this chap-
ter, each of these regression methods will be compared on their fit to the data
for the binary outcomes of retention and completion. It will also answer re-
search questions on the effect that Advanced Higher Mathematics qualifications
have on academic outcomes at the University. Before proceeding however, some

background information on the topic of Advanced Highers is required.

Parts of the analysis contained within this chapter were submitted as a journal
article to MSOR Connections and is currently under peer-review. This chapter

contains some additional detail that was not included in the original submis-
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sion, such as the estimates and fit of the Logistic and Log-Binomial models, the
deviance and linearity plots for all models, and an expanded background and

discussion.

7.1 Background

To gain access to higher education degree programmes, Scottish domiciled stu-
dents must obtain the relevant grades in Scottish Higher qualifications typically
achieved in either of the final two years of secondary school (S5 and S6). However,
for S6 students who have already obtained a Higher in a given subject but wish

to study further, the opportunity exists to sit a more advanced qualification, the

Advanced Higher.

Advanced Highers were introduced in 1999 as a replacement for Certificate
of Sixth Year Studies [124]. Students may take Advanced Highers in a range
of subjects, for example, English, Mathematics, Statistics, Physics, Chemistry,
Biology, etc. [125]. Typically, students are expected to have at least passed
the relevant Higher as a pre-requisite to sitting an Advanced Higher, though
ultimately presentation for the exam is at the discretion of the school. Advanced
Higher learners are encouraged to be more “pro-active” and “independent” in their
studies to bridge the gap between secondary and higher education [14]. Advanced
Highers rank as Level 7 on the Scottish Credit and Qualifications Framework
(roughly equivalent to UK Level 4), the same level as a Higher National Certificate

achieved at college [10].
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Unlike Highers, Advanced Highers are not compulsory subjects for university
entry. Yet, for admission to some of the most competitive degree programmes
at higher education institutions in the UK, Advanced Highers are sometimes re-
quired or recommended. For example, the University of Oxford expects pupils
to achieve at least AAB at Advanced Higher unless there is sufficient evidence
from the applicant that their school was unable to provide these qualifications
[17]. In contrast, the Universities of Glasgow and Edinburgh do not require Ad-
vanced Highers for most programmes except medicine [126, 127|. The University
of Strathclyde generally recommends, but does not require, Advanced Highers
for entry to its Science, Engineering, Business and Law degrees [128]. In some
Scottish institutions, students with Advanced Higher qualifications may be able
to forgo certain examinations from the first year of their degree programme or
skip the first year entirely and enter directly into second year. This is because
the content from an Advanced Higher may overlap with the content taught at

the first stage of the typical four-year Scottish degree programme.

Disconcertingly, empirical evidence on Scottish students’ access to Advanced
Highers is scant. Despite this, it appears to be generally accepted by stake-
holders that an inequality does exist. It is implicitly acknowledged by the exis-
tence of Widening Access programmes which aim to improve access to Advanced
Highers for those from disadvantaged backgrounds. Examples include the Re-
gional Improvement Collaboratives in Tayside and in the West of Scotland [129],
the University of Dundee’s City Campus Project [130], and Glasgow Caledonian
University’s “Advanced Higher Hub” . The latter was available to those from the
40% most deprived areas across Glasgow [131]. The topic of access to Advanced

Highers has received attention from British media outlets [132, 133]. Some have
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even referred to what they see as unequal access to Advanced Highers as a “post-
code lottery” [134]. In 2018, the Herald online newspaper published an article
in which the general secretary of the Educational Institute of Scotland teaching
union warned that “Staffing limitations often mean that Advanced Higher classes
can’t be offered.” [133]. In January 2024, the closure of the Advanced Higher
Hub was announced [135] resulting in backlash from some members of the media
[136-138|. Glasgow City Council defended this decision, justifying that it had
plans to develop a new, more decentralised approach that could offer Advanced
Highers to an expanded pool of learners [138, 139]. This announcement of the
Hub’s closure came at roughly the same time the new Commissioner for Fair
Access argued that any cuts to fair access programmes should come alongside an
impact assessment on the affected students [7]. These reports serve to highlight
the contentious nature that unequal access to Advanced Highers has on public

discourse, regardless of whether or not gaps in access truly exist.

A critical question arises from this context: do Advanced Highers improve
Scottish students’ chances of success at university? Yet again, however, little
published literature exists in this area. In 2014, Croxford et al. [69] found that
students with “more Advanced Highers and/or A-levels achieve better degree
outcomes on average”. In 2018, students who had attended Glasgow Caledonian’s
Advanced Higher Hub associated their positive early-experience of university with
attendance at the hub [131]. It should be noted however, that participants in this
study were self-selected, meaning that the results from this study [131] are not

generalisable.
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7.2 Aims of the Chapter

The aims of this chapter are to contribute to the literature on Advanced Highers
and their effect on student’s academic outcomes at higher education. It will
do so by focussing on one qualification, Advanced Higher Mathematics, and a
subset of degree programmes in the fields of Mathematics, Statistics, Science and
Engineering. This approach was taken since Mathematics is the most commonly
recommended Advanced Higher at the University of Strathclyde (see Section C.7),

thus it provides the largest sample of students to draw from.

The first aim is to determine if there are any associations between the num-
ber /proportion of students who had Higher /Advanced Higher Mathematics across
SIMD Quintiles. While any significant association does not imply that there is
unequal access to Advanced Higher Mathematics across SIMD Quintiles, it could
add to the evidence on the contextual backgrounds of students if Advanced Higher
Mathematics is found to have a positive effect on successful outcomes at univer-

sity.

The second aim of this chapter is to determine what effect, if any, having an
Advanced Higher Mathematics qualification has on students’ retention and com-
pletion outcomes. If Advanced Higher Mathematics is found to have a positive
effect on student’s academic outcomes at university, then this is problematic if ac-
cess to Advanced Highers is not equal (as believed by various Scottish institutions

and stakeholders).
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The third and final aim of this chapter is to determine the most appropriate re-
gression technique for modelling the binary outcomes of retention and completion,
whether Logistic, Log-Binomial or Modified Poisson. Understanding the advan-
tages/disadvantages of each would better inform future modelling approaches on

the School-leavers dataset.

7.3 Data

The subset of the School-leavers dataset used for this analysis was the Ad-
vanced Higher subset (outlined in Section 3.9). It has 6,815 observations
from the Faculties of Science and Engineering across Academic Cohorts 2012/13-
2018/19. For brevity, those whose Best Mathematics Qualification was at Higher
may be referred to as “Higher Mathematics students” and similarly for “Advanced
Higher Mathematics students”. The Department of Mathematics & Statistics had
the highest proportion (78.8%) of Advanced Higher Mathematics students within
its school-leaver population (Figure 7.1). Departments which tended to recom-
mend Advanced Higher Mathematics for their programmes had higher propor-
tions of Advanced Higher Mathematics students, and vice versa (see Section C.7

Table C.19 for Advanced Highers that were recommended by each department).
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Mathematics and Statistics
Mechanical and Aerospace Engineering m
Chemical and Process Engineering m
Electronic and Electrical Engineering 64.6% 35.4%
Biomedical Engineering 48.8% 51.2%
Naval Architecture, Ocean and Marine Engineering 55.1%
Pure and Applied Chemistry 62.6%
Civil and Environmental Engineering 62.8%
Computer and Information Sciences m_ 75.3%
Design, Manufacturing and Engineering Management 75.7%
Architecture m_ 83.9%
Strathclyde Institute of Pharmacy and Biomedical Sciences 84.7%
0% 20% 40% 60% 80% 100%

Proportion of students

Best Mathematics Qual. . Adv. Higher |:| Higher

(source: University of Strathclyde Core Student Record)

Figure 7.1: Proportion of school-leavers with Higher/Advanced Higher Mathematics
within each department.

The outcomes of interest for this analysis are Retention Status and Completion
Status (see Section 4.2 for outcome definitions), which are informally referred to
here as the retention and completion outcomes. Prior to fitting any models, the
Advanced Higher subset was subset into two groups: students who were reg-
istered with the Department of Mathematics and Statistics (denoted the Maths
subset, n = 754) and students who were registered across all other departments
within the Faculties of Science and Engineering (denoted the SciEng subset,
n = 6,061). This approach was taken as it was assumed that Advanced Higher
Mathematics would potentially have a different effect on students registered with
mathematics and statistics programmes (Maths subset) than students regis-
tered with other science degree programmes (SciEng subset). Furthermore,
Advanced Higher Mathematics was recommended for all of the Department of
Mathematics and Statistics programmes, whereas within other departments this

could vary from programme-to-programme. Around 63.9% of programmes in

—_
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the SciEng subset recommended Advanced Higher Mathematics and around
64.7% of all students in this subset were registered with such programmes. In
the Maths subset, 85.4% of students were successfully retained at the end of
first year and 57.8% successfully completed their degree programme within four
years. In the SciEng subset, 90.2% of students were successfully retained and

73.0% successfully completed their degree.

7.4 Methods

The first aim was addressed through a Chi-square test for trend between SIMD
Quintile and Best Mathematics Qualification across the whole Advanced Higher
subset. To address the second and third aims, Logistic, Modified Poisson, and
Log-Binomial regression models were fit to both the Maths subset and the
SciEng subset, for each academic outcome (Retention Status and Completion
Status). The models applied to the Maths subset controlled for the following
effects: whether or not a student held a Higher or Advanced Higher Mathe-
matics qualification (Best Mathematics Qualification), Prior Attainment Points,
Sex, FEthnicity, SIMD Quintile and Academic Cohort. The models applied to
the SciEng subset used the same explanatory variables but also considered an
interaction term between Best Mathematics Qualification, and whether or not a
student’s programme recommended Advanced Higher Mathematics (AH Maths
Recommended), since not all programmes in the SciEng subset did so. A list

of the explanatory variables used and their descriptions can be seen in Table 7.1.
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Given that the retention and completion outcomes were common (> 10%) in
the Maths subset and the SciEng subset, it was expected that the derived
odds-ratios from the Logistic regression models would be larger than the derived
risk-ratios from the Modified Poisson and Log-Binomial models (see Section 6.1).
Therefore, model estimates and goodness-of-fit were compared across models prior
to interpreting the estimated effects of each covariate. For the Log-Binomial
models, initial values for the covariates had to be specified to aid convergence.
Each parameter’s starting value was set to zero except the intercept, which was
set to log(E[Y]) where E[Y] was the expected value of the retention or completion
outcome. The Prior Attainment Points variable was mean-centred (mean value
of 19.02, the equivalent of AAAAA-AC at Higher). The theory underpinning the
regression methods is outlined in Chapter 6. For more details on the definitions

of explanatory variables, see Section 4.6.

Table 7.1: List of explanatory variables used in the regression models for the retention
and completion outcomes.

Variable Type Values Reference Level
Academic Cohort Categorical | 2012/13 - 2018/19 2012/13

AH Mathematics Recommended | Categorical | Yes, No No

Best Mathematics Qualification | Categorical | Higher, Adv. Higher Higher

Ethnicity Categorical | White, Ethnic-Minority | White

Prior Attainment Points Continuous | (—12,13) 0 (mean-centred)
Sex Categorical | Male, Female Female

SIMD Quintile Categorical | 1,2, 3,4, 5 1
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7.4.1 Software Used for Analysis

All analyses were conducted using the statistical software R (version 4.3.1) [140].
Logistic, Poisson and Log-Binomial regression models were fit using the glm()
function from the stats package [140|. Robust variances for the Modified Pois-
son Regression model were derived using the sandwich (3.1-0) package [118].
Effects plots were created using the sjPlot (v.2.8.16) package [141]. Addi-
tional packages used for general cleaning and visualisations included: tidyverse

(2.0.0) [142|, patchwork (1.2.0) [143], and xtable (1.8-4) [144].

7.5 Results - Chi-Square Test

A significant association (x? = 86.6, d.o.f = 1, p-value < 0.001) was found be-
tween SIMD Quintile and Best Mathematics Qualification. There was a lower
than expected number of school-leavers in SIMD Quintiles 1-2 with an Advanced
Higher Mathematics qualification (Table 7.2). The proportion of school-leavers
entering the Faculties of Science and Engineering with an Advanced Higher Math-
ematics qualification was roughly equal in SIMD Quintile 3, and greater than 50%
in SIMD Quintiles 4-5 (Figure 7.2).
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Table 7.2: Observed and Expected Counts for Higher/Advanced Higher Mathematics
students within each SIMD Quintile.

._..1 | Observed (Expected) Counts
SIMD Quintile == 3 - Adv. Higher
1 627 (519) 418 (526)
2 754 (666) 589 (677)
3 807 (799) 803 (811)
4 985 (1067) 1166 (1084)
) 1641 (1763) 1912 (1790)
100%
80%
$ 6%
g 40%
59.5% 54.5% 52.2% 9 9
o] | (0=393) (n = 502) (n = 615) alo% ETALN
0%
1 2 3 4 5
SIMD Quintile

Best Mathematics Qual. . Adv. Higher |:| Higher

(source: University of Strathclyde Core Student Record)

Figure 7.2: Proportion of school-leavers with Higher/Advanced Higher Mathematics

within each SIMD Quintile.

7.6 Results - Regression Models

7.6.1 Mathematics and Statistics (Maths) Subset

For the retention outcome (Table 7.3), the Logistic, Modified Poisson, and Log-

Binomial models each had different estimated risk/odds ratios when compared to

one another. For example, compared to Higher Mathematics students, Advanced

Higher Mathematics students had 4.383 times the odds of being retained (Lo-
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gistic), or had 1.365 times the risk of being retained (Modified Poisson model),
or had 1.221 times the risk of being retained (Log-Binomial). In comparison to
the Modified Poisson estimate, the estimates from the Logistic and Log-Binomial
models were exaggerated by factors of 3.211 and 0.895 respectively. These ex-
aggerations were also present, though smaller in magnitude, in the models for

completion (Table 7.4).

The following interpretations will use the Log-Binomial as an example (Ta-
bles 7.3 and 7.4). Students from the Maths subset who held an Advanced
Higher Mathematics qualification were 22.1% [95% CI: 10.4%, 35.1%| more likely
to progress and 44.3% [95% CI: 17.4%, 77.5%]| more likely to complete their de-
gree compared to their peers with only Higher Mathematics (Table 3). For each
additional point (or grade) increase over the mean Prior Attainment Points, a
student was 0.7% [95% CI: 0.2%, 1.1%] more likely to progress at the end of first
year, and 3.7% [95% CI: 2.6%, 4.8%] more likely complete their degree within
four years. Students from Academic Cohort 2015/16 were 28.5% [44.2% 8.4%)]
less likely to complete their degree compared to their peers from 2012/13. The
remaining cohorts did not significantly differ from the 2012/13 cohort. Given that
the sizes of these cohorts within the Maths subset are relatively small (around
100 students each year), some volatility is expected here. Academic Cohort may
have some linear effect on retention, as the risk-ratios appear to decrease with
each successive cohort. There does not appear to be any association between the

academic outcomes and Sex and SIMD Quintile.
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Table 7.3: Comparison of estimated odds and risk-ratios on retention outcome for students from Mathematics and Statistics (n

Lyl

— 754).
Variables Regression Models (Retention Outcome)
Logistic Mod. Poisson Log-Binomial

(Intercept) 5.267 (1.785,15.540) [**] 0.682 (0.581,0.799) [***| 0.743 (0.650,0.850) [***]
Best Maths - Adv. Higher (vs Higher) | 4.383 (2.622,7.325) [***] 1.365 (1.215,1.534) [***| 1.221 (1.104,1.351) [***]
Prior Attainment Points 1.172 (1.094,1.255) [***]  1.016 (1.009,1.023) [***] 1.007 (1.002,1.011) [**|
2013/14 Cohort (vs 2012/13) 1.256 (0.428,3.687) 0.992 (0.917,1.072) 0.981 (0.928,1.038)
2014/15 Cohort (vs 2012/13) 0.574 (0.220,1.498) 0.940 (0.857,1.030) 0.976 (0.906,1.052)
2015/16 Cohort (vs 2012/13) 0.364 (0.146,0.907) [*| 0.889 (0.798,0.991) [*| 0.933 (0.847,1.028)
2016/17 Cohort (vs 2012/13) 0.348 (0.140,0.864) [*| 0.879 (0.792,0.977) [*| 0.935 (0.856,1.021)
2017/18 Cohort (vs 2012/13) 0.317 (0.134,0.750) [**] ~ 0.874 (0.799,0.956) [**|  0.935 (0.865,1.011)
2018/19 Cohort (vs 2012/13) 0.371 (0.151,0.913) [¥| 0.888 (0.809,0.975) [*| 0.949 (0.874,1.031)
Female (vs Male) 0.943 (0.588,1.512) 0.987 (0.933,1.045) 0.996 (0.954,1.040)
SIMD Quintile 2 (vs 1) 1.037 (0.454,2.370) 1.038 (0.918,1.175) 1.023 (0.923,1.134)
SIMD Quintile 3 (vs 1) 0.926 (0.401,2.138) 1.052 (0.935,1.183) 1.024 (0.928,1.130)
SIMD Quintile 4 (vs 1) 0.946 (0.396,2.261) 1.039 (0.926,1.166) 1.021 (0.923,1.128)
SIMD Quintile 5 (vs 1) 1.481 (0.667,3.287) 1.097 (0.979,1.230) 1.038 (0.942,1.143)
Ethnic-minority (vs White) 2.618 (0.852,8.038) 1.109 (1.016,1.210) [*] 1.025 (0.976,1.077)

Wald’s Test P-values: * < 0.05, **< 0.01, ***< 0.001.
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Table 7.4: Comparison of estimated odds and risk-ratios on completion outcome for students from Mathematics and Statistics (n

— 754).
) Regression Models (Completion Outcome)
Variables
Logistic Mod. Poisson Log-Binomial
(Intercept) 1.201 (0.558,2.585) 0.424 (0.318,0.565) [***| 0.457 (0.350,0.596) [***|
Best Maths - Adv. Higher (vs Higher) | 2.187 (1.441,3.319) [***| 1.575 (1.249,1.985) [***| 1.443 (1.174,1.775) [***]
Prior Attainment Points 1.189 (1.135,1.245) [***] 1.058 (1.044,1.073) [***| 1.037 (1.026,1.048) [***]
2013/14 Cohort (vs 2012/13) 0.681 (0.364,1.274) 0.867 (0.714,1.052) 0.933 (0.802,1.085)
2014/15 Cohort (vs 2012/13) 0.425 (0.225,0.803) [**]  0.733 (0.591,0.909) [**|  0.853 (0.707,1.028)
2015/16 Cohort (vs 2012/13) 0.304 (0.162,0.570) [***] 0.612 (0.464,0.807) [***] 0.715 (0.558,0.916) [**|
2016/17 Cohort (vs 2012/13) 0.542 (0.291,1.009) 0.805 (0.661,0.981) [*] 0.922 (0.785,1.082)
2017/18 Cohort (vs 2012/13) 0.660 (0.371,1.172) 0.876 (0.736,1.043) 0.964 (0.834,1.115)
2018/19 Cohort (vs 2012/13) 0.733 (0.398,1.350) 0.897 (0.749,1.076) 0.990 (0.846,1.158)
Female (vs Male) 1.135 (0.812,1.587) 1.051 (0.938,1.178) 1.025 (0.923,1.139)
SIMD Quintile 2 (vs 1) 0.987 (0.517,1.885) 1.012 (0.809,1.267) 0.978 (0.794,1.205)
SIMD Quintile 3 (vs 1) 1.049 (0.557,1.975) 1.073 (0.866,1.329) 0.986 (0.805,1.207)
SIMD Quintile 4 (vs 1) 1.067 (0.564,2.019) 1.055 (0.858,1.297) 0.973 (0.808,1.173)
SIMD Quintile 5 (vs 1) 1.075 (0.588,1.963) 1.066 (0.871,1.304) 1.015 (0.840,1.226)
Ethnic-minority (vs White) 1.061 (0.553,2.036) 1.028 (0.844,1.254) 1.065 (0.894,1.269)

Wald’s Test P-values: * < 0.05, **< 0.01, ***< 0.001.




The deviance residuals from each model fit to the Maths subset (Figure 7.3)
did not indicate any unduly influential observations. The expected value of the

deviance residuals were also roughly centred around zero.

The Prior Attainment Points variable appeared to be linear with respect to
the logit of the retention/completion outcomes in the Logistic models (Figure
7.4). The slope of the lines were steeper for the completion models than the
retention models. This indicates that Prior Attainment Points are given more
weight for the completion than the retention outcome. In the Modified Poisson
and Log-Binomial models, the Prior Attainment Points variable appears linear
with respect to the log of the completion outcome, but not sufficiently linear with
respect to the log of the retention outcome. There appears to be two clusters of
points for each of the Modified Poisson and Log-Binomial models. This is most
noticeable in the models for retention (Figure 7.4 - (II) and (III)), where the
relationship looks “S” shaped. Further inspection revealed that these two groups
of observations corresponded to Higher and Advanced Higher Mathematics stu-
dents. For the Modified Poisson models, there were several observations which
had predicted probabilities of greater than 1 (i.e. where log(P) > 0 in Figure 7.4
- (II) and (V)). This was not wholly unexpected given that these models were
predicting mean values and not probabilities (see Section 6.5), and the preva-
lence of each outcome was high. The observations which had predicted mean
value that exceeded 1 were all students who held Advanced Higher Mathematics

qualifications and had higher than the mean Prior Attainment Points.

Taken together, the deviance residuals and linearity plots indicate that the
models adequately fit the Maths subset, with some issues in the linearity of the

Prior Attainment Points variable.
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Figure 7.3: Comparing deviance residuals between retention/completion models ap-

plied to Mathematics and Statistics students (n = 754).

Deviance Residuals

Deviance Residuals

Deviance Residuals

-2.0
-2.5
-3.0

3.0
25
20

15

1.0

-2.0

-2.5

-3.0

3.0

25

20

15

1.0

0.5

0.0

-0.5

Logistic Model - Retention

« °*°
.
R U MRS CA
S P ., "'0"".\" . .
S lage 5 e o
— — e mm® 4
:..: * s ®eqo* o --\..' ®ee®
A . . ) . o
. ¢ ey .
T NVee Lo StV Lt
. . '.. % o o-\..l- .
.' e . ‘. o« ® -
. . L]
. . .
0 200 400 600

Observation ID

Mod. Poisson - Retention

. s o ogNS 0 oo
* ”:'{ o .'m‘:ﬂ: J.‘ "}:.. ‘:--:-‘. e
0 200 400 600

Observation ID

Log-Binomial - Retention

1en0p Jo @M 48 gse SgP Mo, I ovee 4.'0-‘-;-

y
| e e s e = =

..w' - -..' e .‘ 03N2,° S0

e .3
. : % ’.‘.Ol 5.
< .

® ....‘- .o

KL

400
Observation ID

600

\"

Deviance Residuals

\

Deviance Residuals

150

Deviance Residuals

3.0

-3.0

3.0
25

2.0

05
0.0 =
-0.5
-1.0

-2.0
-2.5
-3.0

3.0
25
20

05
0.0
-0.5

-1.0

-2.0
-2.5
-3.0

Logistic Model - Completion

400
Observation ID

600

Mod. Poisson - Completion

: :(Wf --....:,. o , -

s ..;.'-

‘30

so}

c
’.

FLRX'
o..
.
LIy .

0 200 400

Observation ID

600

Log-Binomial - Completion

-o
-~ . "o.cﬁl-

a%a' i}:&‘.‘; 3 @20"’"

b
L.
b @ — — —~—,_— — —————F— e i

8',"&
d s g'o“:. l '

# ’ '.l.u.\; o“. 0 At
NN g}..c

400
Observation ID

600



Comparing log/logit linearity of Prior Attainment Points variable in re-

tention/completion models applied to Mathematics and Statistics students (n = 754).

Figure 7.4
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Figure 7.5: Predicted Probabilities of retention/completion versus Prior Attainment
Points variable for each model applied to the Mathematics and Statistics students (n =
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7.6.2 Science and Engineering (SciEng) Subset

As seen in the Maths subset, the Logistic, Modified Poisson, and Log-Binomial
models fit to the SciEng subset each had different estimated risk/odds ratios
when compared to one another (Tables 7.5 and 7.6). However, the Logistic model
estimates were not as exaggerated when compared to the other two models, and

the Modified Poisson and Log-Binomial estimates were closer to one another.

The following interpretations will use the Modified Poisson as an example
(Tables 7.5 and 7.6). Looking first at the retention outcome, for each additional
point (or grade) increase over the mean Prior Attainment Points, students in the
SciEng subset were 1.0% [95% CI: 0.8%, 1.2%]| more likely to be retained at
the end of first year. There was no association between retention and FEthnicity,
nor Sex, nor SIMD Quintile. There was no association between retention and the
Academic Cohort a student belonged to, except perhaps a small difference in the
retention rates of those from Academic Cohorts 2012/13 and 2013/14. Similarly
for the completion outcome, for each additional point (or grade) increase over the
mean Prior Attainment Points, students from other Science and Engineering de-
partments were and 2.9% [95% CI: 2.6%, 3.3%| more likely complete their degree
within four years. Students from SIMD Quintile 5 were 14.5% [95% CI: 7.2%,
22.4%] more likely to complete their degree than students from SIMD Quintile
1. Females were also 4.0% [95% CI: 0.7%, 7.4%| more likely to complete their
degree than males. There was no association between completion and Ethnicity

nor Academic Cohort.
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Table 7.5: Comparison of estimated odds and risk-ratios on retention outcome for students from Science and Engineering (n = 6,061). -

Regression Models (Retention Outcome)

Variables
Logistic Mod. Poisson Log-Binomial

(Intercept) 8.630 (5.929,12.561) [***] 0.876 (0.839,0.915) [***] 0.888 (0.854,0.923)
Best Maths - Adv. Higher (vs Higher) 1.182 (0.836,1.672) 1.022 (0.991,1.054) 1.011 (0.981,1.043)
Prog. Recommended AH Maths (vs not) | 0.837 (0.684,1.025) 0.976 (0.950,1.003) 0.990 (0.966,1.015)
Prior Att. Points 1.125 (1.099,1.152) [***]  1.010 (1.008,1.012) | 1.004 (1.003,1.005)
2013/14 Cohort (vs 2012/13) 1.421 (1.021,1.976) [*] 1.030 (1.001,1.061) | 1.014 (0.985,1.043)
2014/15 Cohort (vs 2012/13) 1.002 (0.732,1.372) 1.002 (0.972,1.033) 1.000 (0.972,1.029)
2015/16 Cohort (vs 2012/13) 0.868 (0.633,1.189) 0.986 (0.955,1.017) 0.995 (0.966,1.025)
2016/17 Cohort (vs 2012/13) 0.802 (0.588,1.094) 0.978 (0.946,1.010) 0.991 (0.961,1.022)
2017/18 Cohort (vs 2012/13) 0.982 (0.706,1.366) 0.997 (0.965,1.029) 1.000 (0.969,1.031)
2018 /19 Cohort (vs 2012/13) 0.778 (0.567,1.068) 0.972 (0.940,1.005) 0.990 (0.960,1.022)
Female (vs Male) 1.073 (0.885,1.302) 1.008 (0.991,1.027) 1.002 (0.985,1.019)
SIMD Quintile 2 (vs 1) 0.968 (0.701,1.339) 0.999 (0.958,1.041) 1.001 (0.965,1.039)
SIMD Quintile 3 (vs 1) 1.060 (0.767,1.464) 1.013 (0.976,1.053) 1.007 (0.972,1.042)
SIMD Quintile 4 (vs 1) 1.295 (0.941,1.782) 1.032 (0.996,1.070) 1.016 (0.983,1.050)
SIMD Quintile 5 (vs 1) 1.170 (0.872,1.571) 1.024 (0.989,1.060) 1.013 (0.982,1.046)
Ethnic-minority (vs White) 1.275 (0.918,1.769) 1.019 (0.990,1.048) 1.009 (0.981,1.038)
Interaction: Adv. Higher & Rec. 1.753 (1.149,2.675) [**| 1.038 (1.000,1.078) 1.017 (0.980,1.056)

Wald’s Test P-values: * < 0.05, **< 0.01, ***< 0.001.
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Table 7.6: Comparison of estimated odds and risk-ratios on completion outcome for students from Science and Engineering (n =

6,061).
. Regression Models (Completion Outcome)
Variables
Logistic Mod. Poisson Log-Binomial
(Intercept) 2.243 (1.731,2.906) [***] 0.663 (0.612,0.718) [*** 0.666 (0.618,0.718) [***]

Best Maths - Adv. Higher (vs Higher)

1.237 (0.968,1.581

1.040 (0.988,1.095

1.057 (1.006,1.110) [¥]

Prog. Recommended AH Maths (vs not)

0.629 (0.541,0.732) [***|

0.861 (0.819,0.905) [***|

0.900 (0.859,0.944) [*¥¥|

Prior Att. Points

1.130 (1.112,1.148) [**¥|

1.029 (1.026,1.033) [***]

1.014 (1.012,1.017) [**¥|

2013/14 Cohort (vs 2012/13)
2014/15 Cohort (vs 2012/13)
2015/16 Cohort (vs 2012/13)
)
)
)

2017/18 Cohort (vs 2012/13
2018/19 Cohort (vs 2012/13

0.967 (0.785,1.191
1.077 (0.871,1.332
0.972 (0.783,1.206
1.040 (0.836,1.294

1.194 (0.950,1.501

0.993 (0.935,1.054
1.025 (0.968,1.085
0.995 (0.939,1.053
1.011 (0.954,1.071

1.038 (0.980,1.099

0.998 (0.943,1.056
0.986 (0.932,1.042
1.011 (0.958,1.068
1.019 (0.965,1.077

1.035 (0.983,1.090

(
(
(
2016/17 Cohort (vs 2012/13
(
(
)

Female (vs Male

1.182 (1.034,1.350) [*]

1.040 (1.007,1.074) [¥]

1.009 (0.979,1.040

SIMD Quintile 2 (vs 1)
SIMD Quintile 3 (vs 1)
SIMD Quintile 4 (vs 1)
SIMD Quintile 5 (vs 1)

vs 1

1.272 (1.004,1.611) [*|
1.261 (1.004,1.584) [*|
1.315 (1.056,1.638) [¥]
1.570 (1.276,1.933) [**¥]

1.084 (1.005,1.170) [¥]
1.084 (1.008,1.166) [¥]
1.100 (1.026,1.180) [*¥]
1.145 (1.072,1.224) [**¥|

1.075 (1.001,1.155) [¥]
1.049 (0.978,1.124
1.095 (1.026,1.169) [*¥]
1.129 (1.060,1.201) [**¥]

Ethnic-minority (vs White)

1.114 (0.894,1.388

1.021 (0.968,1.078

1.023 (0.974,1.074

Interaction: Adv. Higher & Rec.

)
( )
( )
( )
( )
( )
( )
( )

1.280 (1.018,1.610) [*]

( )
( )
( )
( )
( )
( )
( )

)

1.194 (0.897,1.590

( )
( )
( )
( )
( )
( )
( )
( )
1.057 (0.999,1.119)
( )
( )
( )
( )
( )
( )
( )
( )

1.083 (1.014,1.157) [¥|

)

( )
( )
( )
( )
( )
( )
( )
1.051 (0.996,1.109)
( )
( )
( )
( )
( )
( )
( )
( )

1.066 (1.000,1.136) [*]

Wald’s Test P-values: * < 0.05, **< 0.01, ***< 0.001.




The interpretation of the Best Mathematics Qualification and AH Maths Rec-
ommended variables are more complicated here due to the presence of the inter-
action term between the two. There appears to be an association between the
interaction term and the retention outcome in the Logistic and Modified Poisson
models, but not the Log-Binomial. Whereas an association between the inter-
action term and the completion outcome appears to be present in the Modified
Poisson and Log-Binomial models, but not the Logistic. Across all models point
estimates for Best Mathematics Qualification are greater than 1, indicating that
if Advanced Higher Mathematics did have an effect on the academic outcomes of
Science and Engineering students, it would be a positive effect. This contrasts
with the AH Maths Recommended estimates which are less than 1, indicating a
negative effect. Likelihood-ratio tests were conducted to test whether the inclu-
sion of the interaction term between significantly improved upon a model fit which
did not contain the interaction term (Table 7.7). For the retention outcome, the
interaction term significantly improved the fit of the Logistic and Log-Binomial
models, but not the Modified Poisson model. For the completion outcome, the
interaction term significantly improved the fit of the Log-Binomial model, but

not the Logistic nor Modified Poisson models.

Table 7.7: Likelihood-ratio tests which compared models with/without interaction
term fit to the SciEng subset.

Outcome Model Test Stat LRT P-value
Retention Logistic 6.52 0.011
Mod. Poisson 0.36 0.546
Log-Binomial 2.63 0.105
Completion Logistic 1.46 0.226
Mod. Poisson 1.38 0.240
Log-Binomial 13.63 <0.001
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Visualising the interaction groups across both outcomes shows that Advanced
Higher Mathematics students had higher retention and completion rates when
compared to Higher Mathematics students (Figure 7.9); this was regardless of
whether or not Advanced Higher was recommended. The retention rates for
Advanced Higher Mathematics students increased when the qualification was
recommended (Figure 7.9A). In contrast, there was a decrease in completion
rates within Higher Mathematics students when the Advanced Higher was rec-

ommended (Figure 7.9B).

The deviance residuals from each model fit to the SciEng subset (Figure
7.6) indicated a few influential observations that corresponded to students with
Advanced Higher Mathematics and very high Prior Attainment Points that did
not complete their degree within four years. The expected value of the deviance

residuals were roughly centred around zero.

The Prior Attainment Points variable appeared to be linear with respect to
the transformation of the retention/completion outcomes across all models (Fig-
ure 7.7). Again, there were some observations in the Modified Poisson models
with predicted probabilities of greater than 1 (Figure 7.7 - (II) and (V)). Taken
together, the deviance residuals and linearity plots indicate that the models ad-
equately fit the SciEng subset, with fewer issues in the linearity of the Prior

Attainment Points variable compared to the Maths subset.
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Figure 7.6: Comparing deviance residuals between retention/completion models ap-
plied to Science and Engineering students (n = 6,061).
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Figure 7.7: Comparing log/logit linearity of Prior Attainment Points variable in re-
tention/completion models applied to Science and Engineering students (n = 6,061).
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Figure 7.8: Predicted Probabilities of retention/completion versus Prior Attainment
Points variable for each model applied to the Science and Engineering students (n =
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Figure 7.9: The proportion of successful retentions/completions amongst students in Science and Engineering programmes (not
including Mathematics and Statistics), grouped by their Best Mathematics Qualification and whether or not their programme
recommended Advanced Higher Mathematics.
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7.7 Discussion

There was a significant difference between the proportion of students with an Ad-
vanced Higher Mathematics qualification across SIMD Quintiles, where 40.5% of
students from the SIMD Quintile 1 had Advanced Higher Mathematics compared
t0 52.3% in SIMD Quintile 5. This should be interpreted carefully; it is not known
why this difference exists. This result should not be interpreted as evidence for
differences between SIMD Quintiles in who has access to Advanced Highers, since
it does not take into account students who were unsuccessful in applying to the
University, nor qualified applicants who had decided to accept an offer elsewhere.
Further examination on the provision of Advanced Higher Mathematics across
Scottish schools and the University’s distribution of offers made across SIMD
Quintiles would be necessary to explain this result. This result could also suggest
that SIMD Quintile may be confounded with the relationship between Advanced

Higher Mathematics and a successful outcome at university.

Advanced Higher Mathematics had a strong and positive association with the
successful retention and completion rates of students enrolled on Mathematics
and Statistics degrees. The effect of Advanced Higher Mathematics was more
complicated to interpret for students on other Science and Engineering degrees.
However, the results suggest that there may be an equivalent positive associa-
tion, conditional upon whether or not Advanced Higher Mathematics was recom-
mended by a student’s chosen degree programme. Taken together, these findings
indicate that Advanced Higher Mathematics is likely to be beneficial for all stu-
dents studying Mathematics and Statistics or other Science and Engineering pro-

grammes at the University. For the latter group of students, it remains unclear
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whether or not these associations could be attributed to other factors, such as
sex, socio-economic status, or prior attainment in other subjects. For example,
this analysis did not account for the effects of other relevant Advanced Highers
in science subjects, e.g. Physics, Chemistry, Biology, etc. In addition, Prior At-
tainment Points are an imperfect measure of the academic potential to succeed
though are simple to implement and interpret. Further investigation is required
into how best to measure and compare similar attainment profiles across Highers
and Advanced Highers. These findings may highlight a potential problem within
the secondary stages of Scottish education. If Advanced Higher Mathematics is
not accessible by all learners across Scotland, as is believed (rightly or wrongly)
by stakeholders (Section 7.1), then this could be evidence of an unfair system. If
the accessibility of Advanced Higher is affected by the SIMD Quintile a learner is
from, or the SIMD Quintile a school is located, then this undermines Widening

Access objectives.

The SIMD Quintile a student came from seems to have little-to-no influence
on Mathematics and Statistics students retention and completion outcomes once
controlling for the effects of others factors. In fact, the only predictors which
appeared to have any influence were Prior Attainment Points, whether or not a
student held an Advanced Higher Mathematics qualification, and the Academic
Cohort a student belonged to. This is in contrast to previous studies which
found that success at university could not be predicted based on prior attain-
ment alone [69, 76-79]. Yet, there was a strong influence of SIMD Quintile
within the rest of Science and Engineering students, even after controlling for the
same factors. This may suggest that factors which are predictive of success may

be programme-specific. Then again, it should also be emphasised that attain-
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ment and socio-economic background are confounded with one another, meaning
that the influence of socio-economic background still remains even if one were to
only focus on prior attainment. Future analyses could perhaps tease out these

associations in more detail within the Maths and SciEng subsets.

Care should be taken with the interpretation of the Prior Attainment Points
variable in the Modified Poisson and Log-Binomial models; it was not linearly
associated with the outcome when fit to data on the students from the Depart-
ment of Mathematics and Statistics. This issue was also present in the Modified
Poisson and Log-Binomial models applied to students from the rest of Science
and Engineering but were less severe. However, given that the Logistic model
had no such issues, and it agreed with the Modified Poisson and Log-Binomial
in terms of the direction of the effect of Prior Attainment Points, this adds con-
fidence that the variable is positively associated with the outcomes of retention
and completion. The linearity issues could be addressed by categorising Prior
Attainment Points in future models (for example, by using the Prior Attainment
Quintile variable - see Section 4.4.1) or by fitting a quadratic or cubic term for

Prior Attainment Points.

A small number of students (n = 52) who did not have a Mathematics qual-
ification at Higher or Advanced Higher were removed. These were students who
either had an A-level or no Mathematics qualification whatsoever, and were all
students from the Faculty of Engineering (i.e. within the SciEng subset). These
students also had the lowest retention and completion rates when compared to

Higher and Advanced Higher Mathematics students. A sensitivity analysis was
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conducted which found that model estimates in Tables 7.5 and 7.6 did not change
when these students were included. Removal of these students therefore did not

have an impact on the interpretation of the model results.

A small number of students whose Ethnicities were unknown or missing were
removed (see Section 3.5). Sensitivity analyses found that model estimates re-
mained unchanged when these observations were included, their removal therefore

has no impact on the interpretation of the model results.

The odds-ratios derived from the Logistic model were poor estimators of risk-
ratios, making these models more difficult to interpret for a lay audience. The
model estimates between the Modified Poisson and Log-Binomial models differed,
likely because the prevalence of outcomes were so common (and very close to 1 in
the case of retention) combined with the strong association of Prior Attainment
Points variable. This is apparent when examining the linearity plots (Figures 7.4
and 7.7) where observations with high Prior Attainment Points had predicted
probabilities greater than 1 in the Modified Poisson model, and predicted proba-
bilities close to 1 in the Log-Binomial model. This may have caused convergence
issues in the Log-Binomial model, which took 25 Fisher-iterations to converge,
whereas the Logistic and Modified Poisson models took between 4-6 Fisher iter-
ations. All of the previous issues may be related to the prevalence of a successful
retentions and completions both being so common (> 10%). They could be ad-
dressed by using an outcome variable that is rarer. For example, models could
instead estimate the effect of covariates on dropping out of university rather than

achieving a successful outcome.
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There is no clear best-fitting model given that each of the three models (Lo-
gistic, Modified Poisson Log-Binomial) had some issues when fit to the data. If
a preferred model were to be selected for an outcome variable that is common
(> 10%), it would be the Log-Binomial model. If the Log-Binomial model strug-
gled to converge however, a Modified Poisson might be preferred given that it
still derives risk-ratios. Logistic regression models are still valid, but care would

have to be taken when interpreting the estimates to a lay audience.

7.7.1 Limitations and Future Research

The analyses conducted here assumes that any passing grade at Advanced Higher
is equivalent to, or better than, any grade awarded at Higher. However, some
stakeholders believe that an A at Higher is equivalent to, or better than C or
D grades at Advanced Higher. For example, UCAS tariff points score A grades
at Higher as 33 points, while D grades at Advanced Higher as 32 points. Future
analyses could examine the specific grades students achieved and their association

with academic outcomes at university.

Chen et al. [115] suggest that model misspecification occurs when important
explanatory variables are omitted, when non-linear terms or critical interactions
are not accounted for, or when there is measurement bias. It has been acknowl-
edged (Section 4.7) that the School-leavers dataset does not contain any in-
formation on students’ attainment at university-level, which is assumed to be a
critical explanatory variable. There could be some underlying interactions that
remain unaccounted for. It is assumed that the data collected for this analysis is

correct thus measurement bias is not considered a factor here.
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Many of the issues encountered in this chapter: exaggerated Logistic regression
estimates, convergence of the Log-Binomial, differences between Log-Binomial
and Modified Poisson estimates; can be ascribed to the retention and comple-
tion outcomes being so common (prevalence greater than 10%). An alternative
approach is examined in Chapter 9 which uses time-to-event regression models.
These models examine the rate of dropout over time, where the prevalence of
dropout in any given academic session is at most 6% (Section 9.3), rare enough
to avoid the issues encountered in this chapter. Thus, regression models may not
be the most suitable method for measuring the academic outcomes of students at
higher education, given that the most popular outcomes in the literature [76, 78]
all have prevalences that are not rare (10%). However, their ease of interpretabil-
ity should prove sufficient for stakeholders in Widening Access, if results on the

boundary of the probability space (0,1) are interpreted with caution.

7.7.2 Conclusion

The results shown here suggest that, at the very least, having Advanced Higher
Mathematics is associated with a positive outcome for students studying Math-
ematics and/or Statistics at degree-level. Future research should investigate
whether this link is present across other Advanced Higher subjects and degree
programmes and other higher education institutions. Further research should also
establish whether there is a link between a student’s socio-economic status and
access to Advanced Higher. If access to Advanced Higher Mathematics (and other

subjects) is not equal for all learners across Scotland, as is (rightly or wrongly)
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assumed by stakeholders, then this could be evidence of an unfair system. If
students from more socio-economically deprived areas are disproportionately af-

fected, then this could jeopardise Scotland’s Widening Access ambitions.
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Chapter 8

Comparing the Outcomes of Standard and

Contextual Offer Students

The analysis from this chapter was published as a journal article in Higher Ed-
ucation Quarterly in January 2025 [145]. The article will also form part of an
invited contribution to a special issue publication of Higher Education Quarterly
due to be published later in 2025. The special issue will examine the topic of
contextual offers and their impact at six UK institutions (including the Univer-
sity of Strathclyde). This chapter contains some additional detail that was not
included in the original journal article, such as the effects of each Faculty in each
model and the residuals and predicted probabilities plots (Figures 8.1 and 8.2,

respectively).
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8.1 Motivation and Research Questions

As established in Chapter 2, much of the emphasis on measuring Scotland’s
progress for Widening Access has been focused on admitting disadvantaged stu-
dents into higher education; less emphasis has been placed on the performance of
those students once they are on-programme. There is, however, some indication
that this is changing after the new Commissioner for Fair Access recommended
that equal weight be given to disadvantaged students’ academic outcomes [7].
It was argued that the retention rates of target groups had seen little progress
since 2016, and a commitment was made to investigate why this was the case.
Indeed, there has been concern over a lack of support structures at institutions
for students with lesser attainment due to their disadvantaged backgrounds and
who may be struggling [97]. Having targets on the academic outcomes of disad-
vantaged students could prove to be sufficiently stretching for higher education
institutions that have already achieved the Widening Access 2030 target of equal

representation for students from the 20% most deprived areas.

The problem with measuring the academic outcomes of disadvantaged students
is in deciding what an appropriate success rate is for such students. Ultimately,
what is deemed appropriate is subjective. For example, it may seem appropriate
to simply compare the success rates of contextual offer students compared to their
peers. However, such a comparison may be unfair given that these students, by
definition, have lower prior attainment from secondary education. Furthermore,
the disadvantage that made these students eligible for a contextual offer does
not disappear once they attend university. A more appropriate measure of their

success may be to look at their chances of success, once controlling for other
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factors. For example, Boliver et al. [52] argued that an 80%- probability of
being retained at the end of first year, and a 65%-+ probability of achieving a
“good pass” at honours (first-class or upper second-class) could constitute “high-
bars” of success for any student at highly-selective institutions. Similarly, one of
the University of Strathclyde’s key-performance indicators is to achieve between

90-95% retention from Year 1 to Year 2 for all students going towards 2030 [8].

8.2 Aims of the Chapter

This chapter aims to address the growing interest in post-admission academic
outcomes for contextual offer students by investigating their retention and com-
pletion rates in the School-leavers dataset. This was achieved through two
analysis aims. The first aim was to use risk-ratios to determine contextual offer
students’ chances of success compared to standard offer students, whilst control-
ling for other significant factors. This gives an assessment of how well contextual
offer students are faring in higher education compared to their peers. The second
aim was to determine the average predicted probability of success for contextual
offer students, whilst controlling for other significant factors. These predicted
probabilities are then compared to the progression (80%-+) benchmark provided
by Boliver et al. [52] as well as the University’s 2030 Key Performance Indicator
of 90-95% retention [8]. The predicted probability of success for standard offer
students was also derived for comparison. Taken together, both the risks ratios
and predicted probabilities give a clearer picture of the academic outcomes of

contextual offer students in higher education.
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8.3 Data

This analysis made use of the Contextual Offer subset (see Section 3.9 for
more details) which contained 7,534 students from Academic Cohorts 2015/16
— 2018/19 only. The two academic outcomes of interest were the retention and
completion outcomes (see Section 4.2 for outcome definitions). A reminder that
contextual offer students were defined as those from SIMD Quintiles 1 and 2 who
achieved below the standard entry requirements for the degree programme they
applied for, and were defined as standard offer students otherwise (see Section
4.5 for more details on the Offer Received variable). There were 1,049 students
classified as contextual offer (13.9%) in the Contextual Offer subset (Table
8.1). In Section 5.1 it was established that the Faculty of HaSS also had the
largest proportion of SIMD Quintile 1 and 2 students of all the four faculties.
It was also shown that a small number of students from the Faculties of HaSS,
Business and Science had missing entry requirements data. The removal of these
data from the Contextual Offer subset means that model estimates for Faculty
may contain a negligible amount of bias. Were these observations to be accounted

for however, we do not expect this to substantially change the model estimates.

8.4 Methods

Given there was no clear best-fitting model to the data from Chapter 7, it was
decided to use Modified Poisson regression due to its derivation of risk-ratios and

ease of fit compared to the Log-Binomial. Logistic regression was ruled out due
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Table 8.1: Count/proportion of students’ SIMD Quintile versus whether ot not they
met the standard entry requirements at the point of application. Contextual Offer
students (highlighted) are those who attained below the standard entry requirements
and were from SIMD Quintiles 1 and 2. Proportions rounded to 2 decimal places.

. . Met Standard Entry Requirements?
SIMD Quintile Equal to or Above Y Below Sum (Prop.)
1 346 (0.05) 471 (0.06) 817 (0.11)
2 538 (0.07) 578 (0.08) 1116 (0.15)
3 813 (0.11) 396 (0.05) 1209 (0.16)
4 1200 (0.16) 398 (0.05) 1598 (0.21)
5 2158 (0.28) 636 (0.08) | 2794 (0.37)
Sum (Prop.) 5055 (0.67) 2479 (0.33) 7534 (1.00)

to its sensitivity to changes in the model specification (see Section 6.4.3) and its
derivation of odds-ratios, which are frequently misinterpreted as risk-ratios (see

Section 6.1).

Two Modified Poisson regression models were fit to the data and denoted
Models 1a and 1b, where “a” represented the model for the retention outcome,
and “b” for the completion outcome. Models 1a and 1b were used to determine
the adjusted risk-ratio of retention/completion for contextual versus standard
offer students, whilst controlling for Academic Cohort, Faculty, Sex and Ethnicity

which are common control variables in the literature [76, 78|.

This was followed by two additional Modified Poisson regression models, de-
noted Models 2a and 2b, which had the same model specification as before but
replaced Offer Received with Best 5 Highers Appl. Points and a new variable
— SIMD Group. SIMD Group was a binary stratification of SIMD Quintile
which grouped together SIMD Quintiles 1-2 and SIMD Quintiles 3-5. Models

173



2a and 2b were used to determine whether or not the adjusted risk-ratio of
retention/completion for Best 5 Highers Appl. Points and SIMD Group were

comparable to the estimates of Offer Received in Models 1a and 1b.

The average-adjusted probabilities of success for standard and contextual offer
students were calculated from Models 1a and 1b. This was found by predicting the
probability of retention/completion for each student in the Contextual Offer
subset, once controlling for other variables in the model fits, and then taking
the mean within each group. The average adjusted probabilities for students
in each SIMD Group were also calculated from Models 2a and 2b. The 95%
confidence intervals for each of these were constructed using the robust standard

errors derived from the Modified Poisson regression fits.

For each fit, the reference groups for the categorical explanatory variables
were: Academic Cohort —*“2015/16”, Ethnicity —“White”, Faculty — “Engineering”,
Offer Received — “Standard Offer”, Sex — “Male”, SIMD Group — “Quintiles 3-5”.
Best 5 Highers Appl. Points was mean-centred in the model fits, where in the
Contextual Offer subset the mean was 19.26 points (the equivalent of AAAAA-
AC at Higher). The p-values from Wald’s tests on each coefficient were derived

using o = 0.05 as the significance level.

8.4.1 Software Used for Analysis

All analyses were conducted using the statistical software R (version 4.3.1)
[140]. Poisson regression models were fit using the glm() function from the stats
package [140]. Robust variances for the Modified Poisson Regression model were

derived using the sandwich (3.1-0) package [118]. Average adjusted probabili-
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ties were derived using the avg_predictions () function within the marginaleffects
(0.23.0) package [146|. Additional packages for general data cleaning and visu-

alisations were used from the tidyverse (2.0.0) [142].

8.5 Results - Models 1a and 1b Estimates

The derived risk-ratios from Models la (Table 8.2) showed the adjusted risk-
ratios for Offer Received and other control variables, with respect to the retention
outcome. Contextual offer students were 8.3% [95% CI: 5.6%, 10.9%] less likely
to be retained compared to standard offer students. Students from the Faculty
of Science were 4.9% [95% CI: 2.6%, 7.1%)| less likely to be retained compared to
students from the Faculty of Engineering. Students from the faculties of Business
and HaSS did not appear to be more or less likely to be retained compared
to students from the Faculty of Engineering. Students from Academic Cohort
2018/19 were 2.4% [95% CI: 0.2%, 4.5%)] less likely to be retained compared
to students from the 2015/16 cohort. Males and females did not appear to have
different rates of retention compared to one another, and similarly between whites

and ethnic-minorities.

The derived risk-ratios from Models 1b (Table 8.3) showed similar adjusted
risk-ratios but with respect to the completion outcome. Contextual offer students
were 18.6% [95% CI: 14.5%, 22.5%] less likely to complete their degree compared
to standard offer students. Students from the Faculty of Business were 5.4%
[95% CI: 1.9%, 9.0%]| more likely to complete their degree compared to students

from the Faculty of Engineering. In contrast, students from the faculties of HaSS
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Table 8.2: Modified Poisson Model 1la - Comparing standard and contextual offer

students on progression.

Variables P-values Coefficients  Adjusted Risk-Ratio
(Robust S.E.) (95% C.1.)
(Intercept) -0.082 (0.010) 0.921 (0.904,0.938)
Contextual Offer (vs Std.) <0.001  -0.086 (0.015) 0.917 (0.891,0.944)
Business (vs Engineering) 0.207 0.013 (0.011) 1.013 (0.993,1.035)
HaSS (vs Engineering) 0.202 -0.014 (0.011) 0.986 (0.965,1.008)
Science (vs Engineering) <0.001  -0.050 (0.012) 0.951 (0.929,0.974)
2016,/17 Cohort (vs 2015/16) 0.419  -0.009 (0.011) 0.991 (0.971,1.012)
2017/18 Cohort (vs 2015/16) 0.856 -0.002 (0.011) 0.998 (0.977,1.019)
2018,/19 Cohort (vs 2015/16) 0.036  -0.024 (0.011) 0.976 (0.955,0.998)
Female (vs Male) 0.432  0.007 (0.009) 1.007 (0.990,1.024)
Ethnic-minority (vs White) 0.543  0.009 (0.015) 1.009 (0.980,1.040)

and Science were 4.8% [95% CI: 1.3%, 8.2%| and 14.8% [95% CI: 11.3%, 18.3%]

less likely to complete their degree compared to students from the Faculty of

Engineering. Females were 6.0% [95% CI: 3.1%, 9.0%] more likely to complete

their degree compared to males. There did not appear to be different rates of

completion between each of the Academic Cohorts when compared to the 2015/16

cohort. Similarly, there did not appear to be any differences in completion rates

between whites and ethnic-minorities.

The deviance residuals from Models 1la and 1b (plots (I) and (II) in Figure

8.1, respectively) appear to be centred around the mean value with no influential

observations observed. Hence, this suggests that both models adequately fit the

data.
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Table 8.3: Modified Poisson Model 1b - Comparing standard and contextual offer
students on completion.

Variables P-values Coefficients  Adjusted Risk-Ratio
(Robust S.E.) (95% C.1.)
(Intercept) -0.269 (0.017) 0.764 (0.739,0.789)
Contextual Offer (vs Std.) <0.001  -0.206 (0.025) 0.814 (0.775,0.855)
Business (vs Engineering) 0.002 0.053 (0.017) 1.054 (1.019,1.090)
HaSS (vs Engineering) 0.008 -0.049 (0.019) 0.952 (0.918,0.987)
Science (vs Engineering) <0.001  -0.161 (0.021) 0.852 (0.817,0.887)
2016/17 Cohort (vs 2015/16) 0.347 0.017 (0.018) 1.017 (0.981,1.055)
2017/18 Cohort (vs 2015/16) 0.078 0.032 (0.018) 1.033 (0.996,1.070)
2018,/19 Cohort (vs 2015/16) 0.164  0.026 (0.019) 1.026 (0.989,1.065)
Female (vs Male) <0.001  0.058 (0.014) 1.060 (1.031,1.090)
Ethnic-minority (vs White) 0.410  0.021 (0.026) 1.021 (0.971,1.074)

8.6 Results - Models 2a and 2b Estimates

The derived risk-ratios from Models 2a (Table 8.4) showed the adjusted risk-ratios
for Best 5 Highers Appl. Points and SIMD Group, as well as other control vari-
ables, with respect to the retention outcome. For each additional point increase
over the mean Best 5 Highers Appl. Points, a student was 0.9% [95% CI: 0.6%,
1.2%| more likely to be retained at the end of first year (Table 8.4). This meant
that for each additional A grade a student achieved at Higher in S5, they were
2.7% more likely to be retained. Students from SIMD Quintiles 1 and 2 were
5.2% [95% CI: 3.1%, 7.1%)] less likely to be retained compared to students from
SIMD Quintiles 3-5. Students from the Faculty of Science were 3.0% [95% CI:
0.5%, 5.3%)| less likely to be retained compared to students from the Faculty of
Engineering. Students from the faculties of Business and HaSS did not appear
to be more or less likely to be retained compared to students from the Faculty of

Engineering. Students from Academic Cohort 2018/19 were 2.8% [95% CI: 0.6%,
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5.0%)] less likely to be retained compared to students from the 2015/16 cohort.

Males and females did not appear to have different rates of retention compared
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Figure 8.1: Deviance residuals for Modified Poisson Models.

to one another, and similarly between whites and ethnic-minorities.

The derived risk-ratios from Models 2b (Table 8.5) showed the similar adjusted
risk-ratios but with respect to the completion outcome. For each additional point
increase over the mean Best 5 Highers Appl. Points, a student was 2.6% [95%

CIL: 2.0%, 3.2%]| more likely to complete their degree within four years (Table
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8.5). This meant that for each additional A grade a student achieved at Higher
in S5, they were 7.8% more likely to complete their degree. Students from SIMD
Quintiles 1 and 2 were 9.5% [95% CI: 6.3%, 12.6%] less likely to complete their
degree compared to students from SIMD Quintiles 3-5. Students from the Faculty
of Business were 6.5% [95% CI: 3.0%, 10.2%| more likely to complete their degree
compared to students from the Faculty of Engineering. In contrast, students from
the Faculty of Science were 10.0% [95% CI: 6.0%, 13.8%] less likely to complete
their degree compared to students from the Faculty of Engineering. Students
from the Faculty of HaSS did not appear to be more or less likely to complete
their degree compared to the Faculty of Engineering. Females were 6.2% [95%
CIL: 3.2%, 9.2%| more likely to complete their degree compared to males. There
did not appear to be different rates of complete between each of the Academic
Cohorts when compared to the 2015/16 cohort. Similarly, there did not appear

to be any differences in completion rates between whites and ethnic-minorities.

Similar to Models 1a and 1b, the deviance residuals from Models 2a and 2b
appear to be centred around the mean value with no influential observations
observed (plots (III) and (IV) in Figure 8.1, respectively). The deviance residuals
appeared to linearly decrease with each increase in the Best 5 Highers Appl.
Points variable, suggesting that the assumptions of log-linearity for Models 2a
and 2b were satisfied here (Figure 8.2). There were also no predicted probabilities

greater than 1, which would have indicated inadequate fit (Figure 8.3).
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Table 8.4: Modified Poisson Model 2a - Measuring effect of prior attainment and SIMD
Quintile on progression.

Variables P-values Coefficients = Adjusted Risk-Ratio
(Robust S.E.) (95% C.1.)
(Intercept) -0.088 (0.010) 0.916 (0.898,0.934)
Best 5 Highers at Application (Points) <0.001 0.009 (0.002) 1.009 (1.006,1.012)
SIMD 20-40 (vs SIMD 60-100) <0.001  -0.053 (0.011) 0.948 (0.929,0.969)
Business (vs Engineering) 0.121 0.016 (0.011) 1.017 (0.996,1.038)
HaSS (vs Engineering) 0.726 -0.004 (0.012) 0.996 (0.973,1.019)
Science (vs Engineering) 0.018  -0.030 (0.013) 0.970 (0.947,0.995)
2016/17 Cohort (vs 2015/16) 0.269 -0.012 (0.011) 0.988 (0.968,1.009)
2017/18 Cohort (vs 2015/16) 0.630  -0.005 (0.011) 0.995 (0.974,1.016)
2018,/19 Cohort (vs 2015/16) 0.012  -0.029 (0.011) 0.972 (0.950,0.994)
Female (vs Male) 0343 0.008 (0.009) 1.008 (0.991,1.025)
Ethnic-minority (vs White) 0.190 0.020 (0.015) 1.020 (0.990,1.051)

Table 8.5: Modified Poisson Model 2b - Measuring effect of prior attainment and
SIMD Quintile on completion.

Coefficients  Adjusted Risk-Ratio

Variables P-values st S.E.) (95% C.1.)

(Intercept) -0.292 (0.017 0.747 (0.722,0.773
Best 5 Highers at Application (Points) <0.001 0.026 (0.003 1.026 (1.020,1.032
SIMD 20-40 (vs SIMD 60-100) <0.001 -0.100 (0.018 0.905 (0.874,0.937
Business (vs Engineering) <0.001 1.065 (1.030,1.102
HaSS (vs Engineering) 0.350 0.982 (0.946,1.020
Science (vs Engineering) <0.001 0.900 (0.862,0.940
2016,/17 Cohort (vs 2015/16) 0.680 1.008 (0.972,1.044
2017/18 Cohort (vs 2015/16) 0.245 1.021 (0.986,1.059
2018,/19 Cohort (vs 2015/16) 0.572 1.011 (0.974,1.049
Female (vs Male) <0.001 1.062 (1.032,1.092
Ethnic-minority (vs White) 0.069 1.048 (0.996,1.102
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Figure 8.2: Deviance residuals versus Best 5 Highers Appl. Points for Models 2a and

2b.

8.7 Results - Average Predicted Probabilities

Using each Modified Poisson regression fit, the average adjusted probability of

retention /completion for standard and contextual offer students (Models 1la and

1b), as well as for each SIMD Quintile (Models 2a and 2b), were calculated.
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Figure 8.3: Predicted probabilities of retention/completion versus Best 5 Highers
Appl. Points for Models 2a and 2b.

Models 1a and 1b showed that once controlling for Academic Cohort, Sex
and Ethnicity; contextual offer students had an 82.7% [95% CI: 80.4%, 84.9%]
chance of retention and a 62.2% [95% CI: 59.3%, 65.2%| chance of completion.
Meanwhile, standard offer students had an 90.6% [95% CI: 89.9%, 91.3%)] chance
of retention and a 77.4% [95% CI: 76.4%, 78.4%]| chance of completion. This
is equivalent to a gap between standard and contextual offer students of 7.9

percentage-points for retention and 15.2 percentage-points for completion.
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Similarly, Models 2a and 2b showed that, once controlling for Academic Co-
hort, Sex, Ethnicity and Best 5 Highers Appl. Points, those from SIMD Quintiles
1-2 had an 84.8% [95% CI: 83.2%, 86.4%| chance of retention and a 67.3% [95%
CIL: 65.2%, 69.3%)| chance of completion. This contrasted with those from SIMD
Quintiles 3-5 who had a 91.1% [95% CI: 90.4%, 91.9%)| chance of retention and
a 78.1% [95% CI: 77.0%, 79.2%] chance of completion. This constituted a gap
between SIMD Quintiles 1 and 5 of 6.3 percentage-points for retention and 10.8.

percentage-points for completion.

8.8 Discussion

The aims of this analysis were twofold: (i) to determine contextual offer students’
controlled chances of success compared to standard offer students, and (ii) to de-
termine the average adjusted probability of success for contextual offer students.
Based on the modelled definitions of success, deprivation, prior attainment and
the offers received, contextual offer students were less likely to be successful at
university compared to their standard offer peers. Contextual offer students’ pre-
dicted chances of retention exceeded the “high-bar” of 80%-+ argued for by Boliver
et al. [52]. These chances are, however, lower than the University of Strathclyde’s
benchmark of 90-95% retention for all students. Most contextual offer students
were predicted to successfully complete their degree (around 62.2%), though there

exists no benchmark for comparison.

The models also identified a gap in the retention and completion rates of
those from SIMD Quintiles 1-2 versus Quintiles 3-5, even when they have the
same levels of prior attainment at Higher in S5. These findings highlight that
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while the University has commendably achieved its Widening Access target on
the equal representation of entrants from lower SIMD Quintiles [68], achieving
outcome equality for these students is still in progress. Models also suggested
that prior attainment from S5 was more strongly associated with completion
than retention. This appears to be reflected in the gap between the adjusted
predicted probabilities of standard and contextual offer students, which is higher

for the completion outcome than the retention outcome.

8.8.1 Implications on Widening Access

These results could be used to argue either for or against Widening Access in-
terventions. To expect contextual offer students to achieve at a level similar to
their standard offer peers at university is perhaps unrealistic. This is because, by
definition, contextual offer students are very likely to have lower prior attainment
when they commence their degree and come from areas with higher levels of de-
privation (as defined by SIMD), both of which are negatively associated with a
successful outcome in our models. Furthermore, the disadvantage that makes a
student eligible for a contextual offer may not completely disappear once the stu-
dent starts university; it may persist until they graduate and join the workforce.
For example, the experiences of Widening Access students at an elite Scottish
university suggest that they are more likely to take on full-time or part-time jobs
to support themselves and /or family members, do not always have the same lev-
els of support at home, and can struggle with a sense of belonging at university
and amongst their peers [147]. It should also be noted that without a contextual

offer, many if not all of these students would not have been admitted to the Uni-
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versity. Given such circumstances, and the fact that, at this university, around
217 contextual offer students were retained each academic session and around
163 contextual offer students per academic session completed their degree, their
achievements are perhaps understated. Furthermore, without a contextual of-
fer these students may have instead enrolled in colleges, taken apprenticeships
or non-professional occupations. By entering University, this means that more
spaces in these areas can be given to young people who would not have met either

the contextual nor standard offers for university.

The policy of contextual offers and Widening Access targets have had a positive
impact on students who may not have otherwise had the opportunity to attend
higher education. Yet if the aim of Widening Access is to progress towards
equality of outcome |[7], then universities may need to take a more active role in
supporting students admitted via these policies. Setting targets for the proportion
of Widening Access students who successfully complete a degree programme,
in addition to those currently set on access to higher education and retention
for all 1st year to 2nd year students, could help with this. Such targets may
cultivate more trust from the public that Widening Access policies are providing

measurable impact.

8.8.2 Limitations and Future Analyses

Rather than using UCAS tariff points to measure prior attainment, a single-point
based system was adopted, based on attainment from Higher in S5 (see Sections
4.4 and 4.5 for more details). This was done to improve the interpretability of

model fits and because the analysis only considered Scottish school-leavers. Those
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not from SIMD Quintiles 1 or 2 but satisfying the other criteria for a contextual
offer will not be correctly classified as standard offer students in this analysis. If
such students have higher/lower rates of retention or completion, then they will
bias the results such that the gap between standard and contextual offer students
may appear larger/smaller than the true gap. Without access to data on the other
eligibility criteria, the true rate of correct classification is unknown. However,
anecdotal evidence from the University’s Widening Access Team suggests that
the majority of students who receive a contextual offer come from SIMD Quintiles
1 or 2, and that there is significant overlap between those from SIMD Quintiles
1 and 2 and the other eligibility criteria. Thus, there is confidence that most
students will be correctly classified as either standard or contextual offer. The
analysis presented here could be improved with direct access to applicant data.

This would remove the need for the proxy indicator.

The outcomes modelled by the fitted regression models were based on defined
time periods; retention was measured at the end of one year and completion at
the end of four years. Some students may have had periods of suspension or may
have repeated one or more years and thus results may underestimate final success
rates. If these behaviours are more prevalent for contextual offer students, then
the observed gaps in outcomes may be less pronounced. The effect sizes of some
control variables also differed between the models for retention when compared
to the models for completion. While some overlap is expected since those who
failed to be retained were also counted as failing to complete their degree, it

may also be the case that some factors are more associated with one outcome
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versus the other. These discussion points could be addressed in future analyses
by fitting time-to-event models that instead track if and when a student drops

out of university [148].

Students from Academic Cohorts 2016/17 - 2018/19 were affected at some
point in their registration by the COVID-19 pandemic which began in March
2020. Any potential effects from the pandemic should be controlled for in the
model fits via the Academic Cohort variable. It would be of interest to compare
the academic outcomes of students pre- and post-pandemic, for example using

the No Detriment Retention or No Detriment Completion variables.

Data on the university-level attainment of students was not available for this
study. Individual module attainment is a key factor in the overall academic suc-
cess rates. It would also distinguish between those who do not progress/complete
for personal versus academic reasons. Comparing attainment between contextual
and standard offer students could thus provide further insight into the reasons

for the gaps between the two groups of students.

A small number of students whose Ethnicities were unknown or missing were
removed (see Section 3.5). Sensitivity analyses found that model estimates re-
mained unchanged when these observations were included, their removal therefore

has no impact on the interpretation of the model results.

The results presented here are for a single Scottish university and are not nec-
essarily representative of other universities across Scotland or the rest of the UK.
The analysis does not consider students registered with Widening Access specific
programmes, only standard or contextual offer students on traditional degree pro-

grammes. The data are also cross-sectional and so the associations highlighted
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should not be interpreted as causal. Future analyses could endeavour to com-
bine results across universities to give a more holistic view of the success rates
of contextual offers students across the country. Of particular interest would be
an examination of the four other Glasgow institutions who have already achieved
current Widening Access targets [68], though in-practice gaining access to this

data would be a difficult endeavour.

8.9 Conclusion

The results presented in this chapter add to the evidence on the associations
between area-level deprivation and prior attainment from secondary education
with higher education outcomes. The work also estimates, for one university,
the size of the attainment gap between standard and contextual offer students.
The analysis is, to the best of our knowledge, the first Scottish study to do so
using data from the post-Commission on Widening Access [3] period. Widening
Access policies have resulted in commendable progress on admission rates for
disadvantaged students into higher education. Going forward, it is important
that these policies should focus not only on admissions but also on provision
of support and targets focused on the academic outcomes of students admitted
via these policies. This may cultivate more trust from the public that Widening

Access policies are providing measurable impact.
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Chapter 9

Modelling Student Drop-outs Over Time

The regression models applied in Chapters 7 and 8 had various issues when fit
to their respective subsets of the School-leavers dataset. Each of these issues
were related to the outcomes variables being so common (> 10%). These models
also did not account for students who may have achieved a successful outcome
over longer than expected periods of time. For example, completing a Bachelor’s
with Honours degree programme in five years rather than the typical four years.
This chapter aims to address these limitations by applying survival models to
estimate the risk of dropping out of higher education, an outcome which should
be sufficiently rare (around 9% - see Section 5.3). This chapter will compare the
fits of traditional regression and survival models and make a determination on

the preferred technique for measuring academic outcomes in higher education.
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9.1 Examples of Survival Models in the Literature

The application of survival models to estimate the risk of dropping out of uni-
versity over time is also referred to as the “student drop-out problem”. There is
widespread and international interest in the student drop-out problem, for ex-
ample there are studies from Europe [148-151], North America [152-156|, Latin
America [157, 158], Asia [159], and Oceania [160]. These studies tend to be con-
cerned with determining whether drop-outs over time are more prevalent within
some groups of students than others [149, 152, 159] or predicting if and when
students drop-out [151, 154, 155, 158|.

In 2004, Arulampalam, Naylor, and Smith [148] was the first known UK study
that applied survival analysis methods to the student drop-out problem. They
were interested in how the drop-out of medical school students could affect the
supply of future NHS staff. The study considered a large number of variables
including prior attainment (in A-levels, Highers and other qualifications), high-
school attended, sex, age, nationality, parental social class and whether or not the
father was a doctor. They found that variables related to academic “prepared-
ness”, such as prior attainment in A-levels/Highers and subject choice, had the
largest impact on drop-out rates. Having a father who was a doctor also had a
significantly positive effect on survival time, however, there was “little” evidence
that the parent’s social class background or the school attended had an impact
on student drop-out rates. They cautioned that Widening Access students (on
medical programmes) could have low probabilities of success at university should
they not be adequately supported while at university. They also warned that the

type of school a student attended (state, grammar, independent, etc.) may not
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be an appropriate measure for deciding whether or not to award a reduced offer
of entry to students. This research was, in many ways, ahead of its time given
the recent and similar findings from Boliver and Gorard (2017-2022) [51-55] on

appropriate contextual indicators.

The majority of the literature highlighted previously used discrete time-to-
event survival methods [148-150, 153, 156, 159, 160|, with some examining con-
tinuous time-to-event survival methods [151, 152, 155, 158]. A review of the
literature on student drop-outs conducted by Kim et al. [156] in 2018, found
that the most popular survival method was the Cox-Proportional Hazards (CPH)
model, which assumes that follow-up time is continuous. This is despite student
drop-out problems typically involving discrete follow-up time intervals, either ev-
ery academic year or every semester. Researchers [103, 156] have made strong
recommendations that studies involving educational data should appropriately
model follow-up time as discrete, rather than continuous. When follow-up time
is misspecified in this way, it can lead to biased estimates [156]. This is partic-
ularly true when the hazard at any given time point is high, the sample size is
large, or the proportion of censored observations is low [156]. Additionally, CPH
models can run into issues with tied survival times [103, 156], which is common
when the follow-up time occurs in discrete intervals, though there are methods

for addressing this [100, p. 77].

191



9.2 Aim of the Chapter

The aim of this chapter is to determine whether or not discrete and /or continuous
survival methods are more appropriate fits to the data when compared to tradi-
tional regression methods. The association between students’ prior attainment /socio-

economic background and their risk of dropping out, will also be examined.

9.3 Data

This chapter used the Drop-outs subset (derived in Section 3.9) in both a
person-period and person-level format. This subset only considered students
from the 7 academic cohorts 2012/13-2018/19 such that all students had the
chance to complete their Bachelor’s with Honours degree (typically four years
in duration). The subset contained 13,319 school-leavers, roughly 9% of which

eventually dropped out (Table 9.1).

Both the person-level and person-period formats were required to support
the fitting of discrete and continuous models (see Section 3.6). The outcome
of interest was the time until drop out occurred (Ever Dropped Out/Drop-out
Status). A reminder that observations were censored at the relevant point in
time if they had either: (1) completed their Bachelor’s with Honours degree, (2)
continued into their 6th registration year (Reg. Year Count > 5), or (3) had not
dropped out by the end of the observation period (academic session 2021/22).
See Section 6.9 for more details. An example of this censoring setup is visualised
and explained in Figure 6.2. No time-dependent covariates were considered for

this analysis. Therefore every time-dependent variable was fixed at the value
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that was true in the student’s first instance. The probability of drop-out peaked
in the first academic session (6%) and subsequently decreased over time (Table
9.1). This is in agreement with studies conducted at other international higher
education institutions [148, 152, 159|. Of all the students to have ever dropped

out (1165), 70% did so in their first academic session (Table 9.1).

Table 9.1: Life table of the school-leavers person-period dataset. *Anyone registered
longer than 5 academic sessions were censored and added to the 5th academic session
count for censored observations.

Academic Sessions Total Censored | Dropped-out

Students | Count Count Prop.
1 13319 12501 818 0.0614
2 12432 12213 219 0.0176
3 11875 11803 72 0.0061
4 11443 11402 41 0.0036
5 or more* 3980 3965 15 0.0038

9.4 Methods

Similar to Chapter 7, Logistic, Modified Poisson and Log-Binomial regression
models were fit to the Drop-outs subset, though using Ever Dropped Out as
the outcome variable and Sez, Ethnicity, Faculty, SIMD Quintile and Prior At-
tatnment Quintile as explanatory variables. The regression model estimates were
interpreted and goodness-of-fit assessed by examining deviance residuals for in-
fluential observations. There was no need to assess the linearity assumption here

since all explanatory variables were categorical.

For the survival analysis, the data were first explored by finding estimates of
the survival function, S(t), and the baseline hazard function, hy(t), whilst con-

trolling for a single explanatory variable. The survival functions were estimated
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using Kaplan-Meier curves (see Section 6.11 for details) which controlled for: Sex,
Ethnicity, Faculty, SIMD Quintile, Prior Attainment Quintile. To create these
plots, the explanatory variables had to be categorical, hence why Prior Attain-
ment Quintile was used for this analysis instead of Prior Attainment Points. The
baseline hazard functions were estimated by fitting several Logit Discrete Time-
to-Event (DTE) models (see Section 6.12 for details) which treated time until
drop-out, T', as a categorical explanatory variable. These estimates controlled for
the same explanatory variables as before. The proportional-hazards assumption
for each explanatory variable was informally assessed by examining the comple-
mentary log-log (cloglog) transformation of the estimated baseline hazard func-
tions. Survival and hazard estimates were also created for the Offer Received,
Urban/Rural Status, Disability Status explanatory variables, though these were

not used in the multivariable regression or survival models.

Discrete survival models were applied to the Drop-outs Person-period sub-
set while continuous models were applied to the Drop-outs Person-level sub-
set. It was of interest to determine whether or not the continuous survival models
produced sensible fits and estimates even when the time-to-event variable, T', was
clearly discrete (drop-outs occurred every semester - see Section 6.9.4 for more
details). Other studies have also applied continuous models when the follow-up

time was clearly discrete [151, 152, 155, 158].

Discrete survival models require an explicit form for the baseline hazard func-
tion, ho(t), to be provided. To explore viable estimates of the baseline hazard
function, several intercept-only Logit DTE models were fit to the data which as-
sumed different polynomial relationships between the risk of drop-out over time,

namely: linear, quadratic, and cubic. These were compared to an intercept-only
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model which assumed time until drop-out was a categorical variable, denoted the
“General Logit DTE” model. From this comparison an appropriate approximation

of the General function was determined.

Two multivariable Logit DTEs were then fit to the data: one which used the
most appropriate approximation of the baseline hazard function (whether linear,
quadratic or cubic), and another General Logit DTE. Each model controlled
for the same effects as those seen in the regression models. Two continuous
survival models were also fit to the data: a Cox-Proportional Hazards (Std. CPH)
model and a Parametric Weibull (PW) model. The Efron approximation was
used to deal with tied survival times. A follow-up Stratified Cox-Proportional
Hazards (Strat. CPH) was fit to the data which stratified by the variables which
violated the proportional hazards assumption; the estimated effects before and
after stratification were compared to detect any changes. Finally, all regression
and survival models were compared on their estimated effects and goodness-of-fit
to the data. A final determination was made on the appropriateness of both

modelling frameworks.

9.4.1 Software Used for Analysis

All analyses were conducted using the statistical software R (version 4.3.1)
[140] and regression models were fit using the glm() function [140]. Robust vari-
ances for the Modified Poisson Regression model were derived using the sandwich
(3.1-0) package [118]. Survival methods were applied using the following R pack-

ages: survival (3.5-5) [120, 121] and survminer (0.4.9) [161] for the fitting
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of survival models and plotting survival curves. Additional packages used for gen-
eral cleaning and visualisations included: tidyverse (2.0.0) [142], ggfortify

(0.4.16) [162], patchwork (1.1.3) [143|, and xtable (1.8-4) [144].

9.5 Results - Regression Modelling

All regression models have similar odds/risk-ratio estimates for each of the co-
variates in the model (Table 9.2). This is likely because the the outcome variable
- drop-out status - has low prevalence in the dataset (roughly 9% - Table 9.2).
Since this is considered sufficiently rare (< 10%), the odds-ratios from the Logis-
tic models could be interpreted as estimates of risk-ratios. However, the Logistic
estimates still exaggerated the Modified Poisson estimates by at most 11% (ig-
noring the intercept term - see Table 9.3). According to the Modified Poisson fit,
students from Prior Attainment Quintile 5 were 56.7% [95% CI: 44.2%, 76.4%]
less likely to drop-out than students from Prior Attainment Quintile 3, while
students from Prior Attainment Quintile 1 were 116.0% [95% CI: 83.8%, 153.8%]
more likely. Students from SIMD Quintile 5 were 38.1% [95% CI: 26.5%, 47.8%]
less likely to drop-out compared to their peers from SIMD Quintile 1. Students
from the Faculty of Business were 28.8% [95% CI: 23.0%, 41.7%)] less likely to
drop-out compared to students from the Faculty of Engineering. Females were
17.1% [95% CT: 6.5%, 26.4%)] less likely to drop-out compared to males, and stu-
dents from ethnic-minority groups were 30.7% [95% CI: 10.7%, 46.2%)] less likely
to drop-out compared to white students. The deviance residuals from each regres-
sion model indicate that there are no influential observations (Figure 9.1). The

linearity assumption is not assessed here since there are no continuous covariates.
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Table 9.2: Comparison of the exponentiated regression model estimates (and 95% Cls) for the drop-out outcome.

Regression Models

Variables

Logistic Mod. Poisson Log-Binomial
(Intercept) 0.146 (0.114,0.188) [***| 0.125 (0.101,0.156) [***] 0.125 (0.100,0.155) [***]
Prior Att. Quintile 1 (vs 3) | 2.402 (2.003,2.879) [***] 2.160 (1.838,2.538) [***| 2.163 (1.839,2.545) [***]
Prior Att. Quintile 2 (vs 3) | 1.411 (1.162,1.712) [***] 1.368 (1.147,1.632) [***| 1.372 (1.150,1.637) [***]
Prior Att. Quintile 4 (vs 3) | 0.844 (0.679,1.048 0.854 (0.698,1.045 0.855 (0.699,1.046
Prior Att. Quintile 5 (vs 3) | 0.413 (0.317,0.539) [***] 0.433 (0.336,0.558) [***| 0.433 (0.336,0.558) [***]

SIMD Quintile 2 (vs 1)
SIMD Quintile 3 (vs 1)
SIMD Quintile 4 (vs 1)
SIMD Quintile 5 (vs 1)

0.758 (0.610,0.941) [*]

0.627 (0.507,0.775) [**¥|
0.576 (0.474,0.701) [***|

0.791 (0.657,0.951) [*]

0.669 (0.556,0.804) [***|
0.619 (0.522,0.735) [***|

0.799 (0.665,0.960) [*|

0.628 (0.531,0.744) [***|

Business (vs Engineering)
HaSS (vs Engineering)

Science (vs Engineering

0.689 (0.553,0.858) [***|
0.982 (0.823,1.172
0.883 (0.741,1.051

0.712 (0.583,0.870) [***|
0.983 (0.840,1.151
0.895 (0.769,1.042

0.713 (0.585,0.871) [***
0.975 (0.835,1.138
0.894 (0.768,1.041

Female (vs Male)

)
( )
( )
( )
( )
(0 )

0.734 (0.591,0.910) [**]

( )
( )
( )
( )
( )
( )

0.809 (0.707,0.925) [**|

0.829 (0.736,0.935) [**|

0.825 (0.733,0.929) [**|

Ethnic-Minority (vs White)

0.661 (0.500,0.874) [**|

( )
( )
( )
( )
( )
( )
0.769 (0.639,0.926) [**]
( )
( )
( )
( )
( )
( )
( )

0.693 (0.538,0.893) [**|

)

( )

( )

( )

( )

( )
0.774 (0.644,0.931) [**|
0.673 (0.560,0.808) [***]

( )

( )

( )

( )

( )

( )

0.693 (0.539,0.890) [**|

Wald’s Test P-values: * < 0.05, **< 0.01, ***< 0.001.




Table 9.3: A comparison of how much each of the three regression models exaggerated
one another in terms of their exponentiated point-estimates. LR = Logistic Regression,
MP = Modified Poisson, LB = Log-Binomial.

Variables LR/MP LB/MP LR/LB
Prior Att. Quintile 1 (vs 3) 1.11 1.00 1.11
Prior Att. Quintile 2 (vs 3) 1.03 1.00 1.03
Prior Att. Quintile 4 (vs 3) 0.99 1.00 0.99
Prior Att. Quintile 5 (vs 3) 0.95 1.00 0.95
SIMD Quintile 2 (vs 1) 0.96 1.01 0.95
SIMD Quintile 3 (vs 1) 0.95 1.01 0.95
SIMD Quintile 4 (vs 1) 0.94 1.01 0.93
SIMD Quintile 5 (vs 1) 0.93 1.01 0.92
Business (vs Engineering 0.97 1.00 0.97
HaSS (vs Engineering) 1.00 0.99 1.01
Science (vs Engineering 0.99 1.00 0.99
Female (vs Male) 0.98 1.00 0.98
Ethnic-Minority (vs White) 0.95 1.00 0.95

Figure 9.1: Deviance residuals for each of the regression models fit to the drop-out
outcome.
|
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9.6 Results - Estimating the Survival and Hazard Function

The Kaplan-Meier Estimates of the survival function (Figures 9.2 and 9.3) in-
dicated that there were lower drop-out rates over time amongst: females versus
males, ethnic-minorities versus whites, and standard offer versus contextual offer
students. SIMD Quintile 1 students were significantly more likely to drop-out
compared to every other quintile, and the drop-out rate across SIMD Quintiles
followed an ordinal pattern with drop-outs in 1 > 2 > 3 > 4 > 5 (Figure 9.2).
Notably, SIMD Quintile 1 students appeared to have a much higher drop-out rate
in 2nd year compared to other quintiles. There was a clear association between
Prior Attainment Quintile and probability of survival (Figure 9.2); those in the
lower attainment groups had much higher drop-out rates than those from the
higher attainment groups. The only groups of students where the prevalence of
drop-out exceeded 10% was for students from Prior Attainment Quintile 1, and
students from SIMD Quintile 1, who dropped out before the end of their first
academic session. Looking at Faculty, Business had lower drop-out rates com-
pared to the other faculties, followed by Engineering, whilst Science and HaSS
had overlapping drop-out rates (Figure 9.2). There were no significant differences
in drop-out rates over time detected between the levels for Disability Status nor
Urban/Rural Status (Figure 9.3). Log-rank tests agreed with these results, find-
ing significant chi-square test statistics for each of the explanatory variable fits
with the exception of Disability Status (x* = 0.5 on 1 degree of freedom, p = 0.5)

and Urban/Rural Status (x* = 0.16 on 2 degrees of freedom, p = 0.5).
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Figure 9.2: Kaplan-Meier Estimates (including 95% C.L.s) of drop-outs against explanatory variables (1 of 2). The legend of
each sub-plot (I-IV) is ordered according to highest survival probability after one academic session.
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Figure 9.3: Kaplan-Meier Estimates (including 95% C.L.s) of drop-outs against explanatory variables (2 of 2). The legend of
each sub-plot (I-IV) is ordered according to highest survival probability after one academic session.




The Logit estimates of the baseline hazard functions, fio(t), indicated that
drop-out rates peaked in the first academic session and levelled off between the
fourth and fifth academic sessions (Figure 9.4). The exception to these were
the plots for the Faculty of Business and SIMD Quintile 1, though this was
because the number of observations in these categories was low (< 5). Plots of
the complementary log-logistic (cloglog) transformation of the hazard function
(see Section 6.13 for details) can assess whether or not variables satisfied the
proportional-hazards assumption (Figure E.4). These plots were more or less
identical to the logit plots (Figure 9.4), which was expected given that both
approximate the one another when the hazard of experiencing drop-out at any
given time point is low [103, p. 422]. From these plots it was not obvious whether
any variable violated the proportional hazards (or proportional odds) assumption,
meaning that schoenfeld tests would be required (Section 9.7.1). These plots also
suggest that assuming the baseline hazard function follows a Weibull distribution

is appropriate here given that they are always decreasing over time [163].
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9.6.1 Results - Approximating the Baseline Hazard Func-

tion

The intercept-only General Logit DTE was well-approximated by the Quadratic
and Cubic Logit DTE models (Figure 9.5). Comparing deviance residuals be-
tween each of the polynomial models (Table 9.4), the difference between the
general, quadratic, and cubic models was negligible. The Quadratic Logit DTE
was therefore selected as the preferred model to estimate the baseline hazard
function given that it was the simplest of the three. This was also reflected in the
AIC for the quadratic function which was the lowest of all models (Table 9.4).
Thus, a multivariable General Logit DTE and a multivariable Quadratic Logit
DTE model were fit to the Drop-outs Person-level subset, each controlling
for the effects of Sex, Ethnicity, Faculty, SIMD Quintile and Prior Attainment

Quintile.

Table 9.4: Comparison of Deviance and AIC values between baseline discrete time-
to-event models which assume different shapes for the effect of time (academic sessions
spent registered).

Model Number of Covariates | Deviance AIC | Log-Likelihood
Linear 2 10009.26 | 10013.26 -5004.63
Quadratic 3 9973.66 | 9979.66 -4986.83
Cubic 4 9972.32 | 9980.32 -4986.16
General 5) 9972.23 | 9982.23 -4986.12
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Figure 9.5: Comparison of logit(hazard) models with time as the only covariate. Each
model either treated time as a categorical variable (general) or a linear, quadratic, or
cubic continuous function.

9.7 Results - Discrete Time-to-Event Survival Models

The baseline hazard function, hg (t), for the General Logit DTE are described by
a combination of the intercept and Sessions survived covariates (Table 9.5). The
intercept term represents the logit hazard (—2.337) of drop-out in the first aca-
demic session. The Sessions survived covariates suggest that with each increase
in the time period, the odds of dropping out decreased over time before levelling

off after four registration sessions.

In the Quadratic Logit DTE the baseline hazard function, ﬁo (1), is represented
by the intercept and the linear and quadratic covariate for Academic Sessions
(Table 9.6). Again, the intercept term represents the logit hazard (—2.329) of

drop-out in the first academic session. The linear coefficient for academic sessions
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represents the instantaneous change in logit hazard (—1.547) of drop-out in the
first academic session. The sign of the quadratic coefficient for academic session
is positive (0.204), which indicates that the logit hazard function is convex. In
other words, the the odds of dropping out decreased over time until it reached
a stationary point, in agreement with the General Logit DTE. The quadratic
function for time had a stationary point at session t = 1 — $(—1.547/0.204) =
4.792. This is in agreement with the shape of the logit hazard derived for the
models with academic sessions as the only predictors(s) (Figure 9.5), which also

had a stationary point between sessions 4 and 5.

Both the General and Quadratic Logit DTE models had near identical esti-
mated effects for each covariate (Tables 9.5 and 9.6). Using the model estimates
from the Quadratic Logit DTE, students from Prior Attainment Quintile 5 had
58.3% [95% CI: 46.0%, 68.1%]| lower odds to drop-out than students from Prior
Attainment Quintile 3, while students from Prior Attainment Quintile 1 had
135.8% [95% CI: 97.9%, 181.8%]| higher odds. Students from SIMD Quintile 5
had 41.4% [95% CI: 29.1%, 51.4%)| lower odds to drop-out compared to their peers
from SIMD Quintile 1. Students from the Faculty of Business had 29.2% [95%
CIL: 12.5%, 43.1%)] lower odds to drop-out compared to students from the Faculty
of Engineering. Females had 18.7% [95% CI: 7.3%, 28.6%| lower odds to drop-out
compared to males, and students from ethnic-minority groups had 33.5% [95%
CI: 13.4%, 48.8%]| lower odds to drop-out compared to white students. The de-
viance, AIC, and log-likelihood values for both the General and Quadratic Logit
DTE models were very similar (Table 9.7). The deviance residuals from each re-
gression model indicate that there are no unduly influential observations (Figure

9.6).
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Table 9.5: Model estimates for the General Logit DTE Model.

Variables P-values Coefficients C();;(;)—Iéa;cl;)

(Intercept) 22.337 (0.124) 0.097 (0.075,0.123)
Sessions survived: 2 -3.624 (0.137) 0.027 (0.020,0.035)
Sessions survived: 3 -4.690 (0.168) 0.009 (0.007,0.013)
Sessions survived: 4 -5.206 (0.197) 0.005 (0.004,0.008)
Sessions survived: 5 -5.089 (0.283) 0.006 (0.003,0.010)
Prior Att. Quintile 1 (vs 2.358 (1.979,2.818)
Prior Att. Quintile 2 1.406 (1.164,1.701)
Prior Att. Quintile 4 -0.167 (0.109) 0.846 (0.683,1.046)
Prior Att. Quintile 5 (vs 3 -0.876 (0.134) 0.416 (0.319,0.539)
SIMD Quintile 2 20.264 (0.106) 0.768 (0.623,0.946)
SIMD Quintile 3 (VS 1 -0.301 (0.106) 0.740 (0.602,0.912)
SIMD Quintile 4 (vs 1 -0.453 (0.104) 0.636 (0.518,0.781)
SIMD Quintile 5 (vs 1) -0.534 (0.097) 0.586 (0.486,0.709)
Business (vs Engineering) -0.342 (0.110) 0.710 (0.571,0.878)
HaSS (vs Engineering) 0.002 (0.088)  1.002 (0.844,1.190)
Science (vs Engineering) -0.109 (0.086) 0.897 (0.757,1.063)
Female (vs Male) 0.814 (0.714,0.927)
Ethnic-minority (vs White) -0.407 (0.139) 0.666 (0.502,0.866)




Table 9.6: Model estimates for the Quadratic Logit DTE Model.

Variables P-values Coc(ag.i ]%ijnts (();5(1(;;%3;1)0

(Intercept) -2.329 (0.124) 0.097 (0.076,0.124)
Academic Sessions <0.001 -1.547 (0.092) 0.213 (0.178,0.255)
(Academic Sessions)? <0.001 0.204 (0.032)  1.226 (1.151,1.303)
Prior Att. Quintile 1 (vs 3) <0.001 0.858 (0.090) 2.358 (1.979,2.818)
Prior Att. Quintile 2 (vs 3) <0.001 0.340 (0.097)  1.405 (1.164,1.700)
Prior Att. Quintile 4 (vs 3) 0.124 -0.167 (0.109) 0.846 (0.683,1.046)
Prior Att. Quintile 5 (vs 3) <0.001 -0.876 (0.134) 0.417 (0.319,0.540)
SIMD Quintile 2 (vs 1) 0.013 20.264 (0.106) 0.768 (0.623,0.946)
SIMD Quintile 3 (vs 1) 0.005 -0.300 (0.106) 0.741 (0.602,0.912)
SIMD Quintile 4 (vs 1) <0.001  -0.453 (0.104) 0.636 (0.518,0.781)
SIMD Quintile 5 (vs 1) <0.001  -0.534 (0.097) 0.586 (0.486,0.709)
Business (vs Engineering)  0.002 -0.346 (0.110) 0.708 (0.569,0.875)
HaSS (vs Engineering) 0.989 -0.001 (0.088) 0.999 (0.842,1.187)
Science (vs Engineering) 0.202 -0.110 (0.086) 0.896 (0.756,1.061)
Female (vs Male) 0.002 -0.206 (0.067) 0.813 (0.714,0.927)
Ethnic-minority (vs White) 0.003 -0.407 (0.139) 0.665 (0.502,0.866)

Table 9.7: Comparison of Deviance and AIC values between Quadratic and General

Logit DTE models.

Model Number of Covariates | Deviance AIC | Log-Likelihood
Quadratic 16 9547.21 | 9579.21 -4773.60
General 18 9545.57 | 9581.57 -ATT2.78
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Figure 9.6: Deviance residuals for each of the fitted discrete survival models.
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9.7.1 Results - Continuous Time-to-Event Survival Models

The Standard CPH and Parametric Weibull models had very similar estimates to
one another (Tables 9.8, E.2 and 9.9, respectively). Using the Standard CPH as an
example (Table 9.8), students from Prior Attainment Quintile 5 were 57.8% [95%
CIL: 45.3%, 67.4%] less likely to drop-out than students from Prior Attainment
Quintile 3, while students from Prior Attainment Quintile 1 were 129.5% [95% CTI:
93.3%, 172.4%| more likely. Students from SIMD Quintile 5 were 40.0% [95% CTI:
28.1%, 50.0%)] less likely to drop-out compared to their peers from SIMD Quintile
1. Students from the Faculty of Business were 28.2% [95% CI: 11.4%, 41.8%)] less
likely to drop-out compared to students from the Faculty of Engineering. Females
were 18.0% [95% CI: 7.0%, 27.7%]| less likely to drop-out compared to males,
and students from ethnic-minority groups were 32.8% [95% CI: 12.4%, 48.4%|
less likely to drop-out compared to white students. The Parametric Weibull fit
assumed that the baseline hazard function followed a Weibull distribution with
scale parameter 6 = 1.123, and mean fip = 3.311. The point estimates from the
Parametric Weibull (Table 9.9) were slightly larger in magnitude than the CPH

models, though the standard errors were very similar.

Schoenfeld tests on the Standard CPH indicated that the proportional-hazards
assumption was violated for the Faculty and Sex explanatory variables. The
model estimates from these variables may therefore be biased. Thus, a follow-
up “Stratified CPH” was fit to the data which stratified by these two variables.
Schoenfeld tests conducted on the Stratified CPH model indicated that no vari-
ables violated the proportional-hazards assumption (Table E.1). However, the

remaining covariates in the model had nearly identical estimates to the Standard
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CPH model (Table E.2). Trivially, the Stratified CPH could not provide esti-

mates for Faculty nor Sex. The deviance residuals from each of the continuous

survival models do not indicate any influential observations (Figure 9.7).

Table 9.8: Model estimates for the Standard CPH Model.

Variables P-values CO?;f_i Eijnts H?;Sa%dg;gio

Prior Att. Quintile 1 (vs 3) <0.001 0.831 (0.087)  2.295 (1.933,2.724)
Prior Att. Quintile 2 (vs 3) <0.001  0.334 (0.094) 1.397 (1.161,1.680)
Prior Att. Quintile 4 (vs 3) 0.128 -0.162 (0.107) 0.850 (0.690,1.048)
Prior Att. Quintile 5 (vs 3) <0.001  -0.863 (0.132) 0.422 (0.326,0.547)
SIMD Quintile 2 (vs 1) 0.014 20.250 (0.102)  0.779 (0.638,0.951)
SIMD Quintile 3 (vs 1) 0.005 -0.287 (0.102)  0.750 (0.615,0.916)
SIMD Quintile 4 (vs 1) <0.001  -0.435 (0.100) 0.647 (0.531,0.788)
SIMD Quintile 5 (vs 1) <0.001  -0.511 (0.093) 0.600 (0.500,0.719)
Business (vs Engineering)  0.002 -0.331 (0.107) 0.718 (0.582,0.886)
HaSS (vs Engineering) 0.987 0.001 (0.085) 1.001 (0.848,1.182)
Science (vs Engineering) 0.206 -0.106 (0.084) 0.900 (0.764,1.060)
Female (vs Male) 0.002 20.199 (0.065)  0.820 (0.723,0.930)
Ethnic-minority (vs White) 0.003 -0.397 (0.135) 0.672 (0.516,0.876)

I standard CPH g Stratified CPH i Parametric Weibull

Deviance Residuals

Deviance Residuals

5000 10000
Observation ID

0 5000

10000 0

Observation ID

(source:

5000 10000
Observation ID

University of Strathclyde Core Student Record)

Figure 9.7: Deviance residuals for each of the fitted continuous survival models.
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Table 9.9: Model estimates for the Parametric Weibull Model.

Variables P-values CO?gi ](;)i.e)nts H?;;;)d é{ ? t)io

(Intercept) -3.311 (0.132)  0.036 (0.028,0.047
Prior Att. Quintile 1 (vs 3) <0.001 0.858 (0.090) 2.358 (1.976,2.815
Prior Att. Quintile 2 (vs 3) <0.001 0.345 (0.095)  1.412 (1.173,1.700
Prior Att. Quintile 4 (vs 3) 0.110 -0.170 (0.107) 0.843 (0.684,1.040
Prior Att. Quintile 5 (vs 3) <0.001 -0.890 (0.134) 0.411 (0.316,0.535
SIMD Quintile 2 (vs 1) 0.013 20.255 (0.102)  0.775 (0.634,0.947
SIMD Quintile 3 (vs 1) 0.003 -0.299 (0.102) 0.742 (0.607,0.906
SIMD Quintile 4 (vs 1) <0.001 -0.448 (0.101) 0.639 (0.524,0.779
SIMD Quintile 5 (vs 1) <0.001 -0.529 (0.094) 0.589 (0.490,0.708
Entered Faculty Bus. (vs Eng.) 0.012 -0.270 (0.107) 0.764 (0.619,0.943
Entered Faculty HaSS (vs Eng.) 0.453 0.064 (0.085)  1.066 (0.903,1.258
Entered Faculty Sci. (vs Eng.)  0.444 -0.064 (0.084) 0.938 (0.796,1.105
Female (vs Male) 0.001 -0.207 (0.065) 0.813 (0.716,0.923
Ethnic-minority (vs White) 0.003 -0.406 (0.136) 0.666 (0.511,0.869

9.7.2 Results - Comparing Model Fits

The estimated effect of each covariate (and their 95% confidence intervals) were
very similar across all regression and survival models applied to the data (Fig-
ure 9.8). The models which derived odds ratios (Logistic, General Logit DTE,

Quadratic Logit DTE) were near identical in their estimates.

As mentioned previously (Section 9.5), the regression model estimates were
similar to one another regardless of whether they derived risk or odds ratios
(Table 9.3). It can be seen here that this was also the case for the survival
models (Table 9.12). In fact, the difference between the continuous Std. CPH and

Quadratic Logit DTE survival estimates were smaller than the difference between
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Table 9.10: Schoenfeld test statistics for Standard CPH Model. Calculated using
Kaplan-Meier transformed time.

Variables Chi-Square D.o.f P-values
Prior Attainment Quintile | 2.94 4 0.568
SIMD Quintile 3.55 4 0.470
Faculty 15.95 3 <0.001
Sex 13.90 1 <0.001
Ethnicity 3.20 1 0.073
Global 30.71 13 <0.001

the Logistic and Modified Poisson/Log-Binomial regression models. This could
be because the prevalence of the drop-out outcome was even smaller within each
academic session (roughly 6% in first year for example, as opposed to 9% overall
- Table 9.2). This means that the survival and regression models which derived

odds-ratios could be reasonably interpreted as approximations of risk-ratios.
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Figure 9.8: Comparison of each survival model’s exponentiated estimates.
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Table 9.11: Comparison of exponentiated estimates across all regression and survival models. LR = Logistic, QDTE = Quadratic
Logit DTE, GDTE = General Logit DTE, MP = Modified Poisson, LB = Log-Binomial, Std. CPH = Standard Cox-Proportional
Hazards, PW = Parametric Weibull.

Variables LR QDTE GDTE MP LB Std. CPH PW
(Intercept) 0.146 7] 0.097 [] 0.007 [9] 0.125 [**4] 0.125 [ 0.036 7]
Sessions survived: 2 (vs 1) 0.027 [**%

Sessions survived: 3 (vs 1) 0.009 [**%

Sessions survived: 4 (vs 1) 0.005 [**%

Sessions survived: 5 (vs 1) 0.006 [***|

Academic Sessions 0.213 [***]

(Academic Sessions)~2 1.226 [***]

Prior Att. Quintile 1 (vs 3) | 2.402 [**¥%] 2.358 [**%] 2.358 [F**] 2.160 [***] 2.163 [**¥]  2.205 [***| 2.358 [***]
Prior Att. Quintile 2 (vs 3) | 1.411 [***] 1.406 [***] 1.405 [***] 1.368 [***| 1.372 [***]  1.397 [***] 1.412 [**¥|
Prior Att. Quintile 4 (vs 3) 0.844 0.846 0.846 0.854 0.855 0.850 0.843
Prior Att. Quintile 5 (vs 3) | 0.413 [F**] 0.416 [*%] 0.417 [ 0.433 [***] 0.433 [***]  0.422 [ 0411 [**¥]
SIMD Quintile 2 (vs 1) 0.758 []  0.768 ] 0.768 [ 0791 [ 0799 [F] 0779 [  0.775 [*]
SIMD Quintile 3 (vs 1) 0.734 [P  0.740 [F¥]  0.741 [*¥] 0769 [F¥]  0.774 [*¥]  0.750 [*¥]  0.742 [*¥]
SIMD Quintile 4 (vs 1) 0.627 [¥*¥]  0.636 [***] 0.636 [***| 0.669 [F**| 0.673 [¥**¥]  0.647 [**¥] 0.639 [***]
SIMD Quintile 5 (vs 1) 0.576 [***] 0.586 [***] 0.586 [***¥] 0.619 [***| 0.628 [***  0.600 [***¥] 0.589 [***]
Business (vs Engineering) | 0.689 [***]  0.710 [**|  0.708 [**] 0.712 [***| 0.713 [***] 0.718 [**] 0.764 [*|
HaSS (vs Engineering) 0.982 1.002 0.999 0.983 0.975 1.001 1.066
Science (vs Engineering) 0.883 0.897 0.896 0.895 0.894 0.900 0.938
Female (vs Male) 0.809 [**]  0.814 [**]  0.813 [**]  0.829 [**|  0.825 [**] 0.820 [**] 0.813 [**¥|
Ethnic-minority (vs White) | 0.661 [**]  0.666 [**]  0.665 [**]  0.693 [**|  0.693 [**] 0.672 [**]  0.666 [**|

Wald’s Test P-values:

* < 0.05, **< 0.01, ***< 0.001.




Table 9.12: Comparison of Standard CPH risk-ratios and Quadratic Logit DTE odds-
ratios.

Variables Std. CPH Quad. Logit (S;ja'l (fl;ﬁlg/i )
Prior Att. Quintile 1 (vs 3) 2.30 2.36 0.97
Prior Att. Quintile 2 (vs 3) 1.40 1.41 0.99
Prior Att. Quintile 4 (vs 3) 0.85 0.85 1.01
Prior Att. Quintile 5 (vs 3) 0.42 0.42 1.01
SIMD Quintile 2 (vs 1) 0.78 0.77 1.01
SIMD Quintile 3 (vs 1) 0.75 0.74 1.01
SIMD Quintile 4 (vs 1) 0.65 0.64 1.02
SIMD Quintile 5 (vs 1) 0.60 0.59 1.02
Business (vs Engineering) 0.72 0.71 1.01
HaSS (vs Engineering) 1.00 1.00 1.00
Science (vs Engineering) 0.90 0.90 1.00
Female (vs Male) 0.82 0.81 1.01
Ethnic-minority (vs White) 0.67 0.67 1.01
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9.8 Discussion

The aim of this chapter was to determine whether or not discrete and/or contin-
uous survival methods are more appropriate fits to the data when compared to
traditional regression methods. All methods derived similar covariate estimates
compared to one another. This is despite the warnings that biased estimates can
occur when follow-up time is misspecified as a continuous random variable [156].
The small differences between estimates may have been due to the hazard of drop-
out in any given academic session being low (< 6%) and that the proportion of
censored observations was high [156]. Despite the similarity between the tradi-
tional regression, continuous survival and discrete survival model estimates, it is
recommended that discrete survival models be applied to the data. The survival
models are preferred over regression models since the latter are more sensitive to
issues (explained in Section 7.7.1) when the prevalence of the outcome is not rare
(> 10%). In survival models, the prevalence of drop-out is smaller within each
academic session (e.g. roughly 6% in first year - Table 9.2) than the prevalence
of drop-out over all academic sessions in regression models (roughly 9% overall -
Table 9.2). However, given that the estimated effects were very similar across re-
gression and survival models, it appears unlikely that incorrect conclusions would
be drawn from the regression models. Of the two discrete survival models ex-
amined in this chapter, the Quadratic Logit DTE is preferred over the General
Logit DTE since both had very similar deviance, AIC, and log-likelihood values

and the former was the simpler of the two.
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An advantage to the survival approach in this chapter is that the risk, or
hazard, of dropping out each academic session is perhaps more intuitive for a lay
audience than regression approach in previous Chapters (8 and 7) which estimated
the “risk” of achieving a successful outcome. For example, the hazard of drop-out
over time peaked in the first academic session and decreased thereafter, reaching
a stationary point between the fourth and fifth academic session. In the Scottish
context, this could be because most students become censored after the fourth and
fifth academic session due to completing their Bachelor’s with Honours degree,

or progressing onto the final stage of their Integrated Masters degree.

No examples could be found of survival analysis techniques being applied to
the student drop-out problem in Scotland. This means that this analysis is likely
the first of its kind as it relates to Widening Access in Scotland. The associations
observed between socio-economic/demographic background and dropping out of
university are very similar to those already observed in previous chapters. Specif-
ically, factors associated with drop-out were lower prior attainment, coming from
more deprived areas, being male, being white, and there were differences in the
drop-out rates between faculties. This adds to the evidence that there are factors
beyond academic “potential” which affect students’ outcomes in higher education.
These findings differ from those found by Arulampalam et al. [148], though it
should be noted that both the population of interest and explanatory variables
used in the model fits were considerably different. Trivially, neither the results
from this chapter, nor those from Arulampalam et al. [148], should be taken
as representative of all higher education institutions in the UK or globally. It
is likely that individual institutions, or even individual degree programmes, will

have unique relationships between students’ backgrounds/prior attainment and
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their drop-out rates. Thus, to understand the impact of Widening Access poli-
cies across Scotland, it would be necessary to collect and analyse data from each
individual institution. This is perhaps unrealistic given that the student data re-
quired covers protected characteristics (Sex, Ethnicity, etc.) and that institutions

may be unwilling to share registration records with external researchers.

9.8.1 Limitations and Future Analyses

A small number of students whose Ethnicities were unknown or missing were
removed (see Section 3.5). Sensitivity analyses found that model estimates re-
mained unchanged when these observations were included, their removal therefore

has no impact on the interpretation of the model results.

Bias has been introduced to model fits via informative censoring since all
students were censored after their 5th academic session (Sections 6.9.3 and 6.9.5).
However, the number of students this affects, and thus the level of bias, should
be very small. Another potential source of informative censoring is from students
who remain in voluntary or academic suspension before eventually dropping out.
Since the Drop-outs subset is derived from registration records, such students
should eventually be recorded as drop-outs. However, their survival time will
appear to be longer than the time they spent meaningfully engaged with the
degree programme. It is unlikely that the exact moment a student decided to
drop-out of university can be identified for all students since some will inevitably
not respond to follow-up. Students in some form of suspension could be examined
descriptively to infer why they have been registered for unusually long periods of

time.
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Where other studies [115, 151, 154, 158, 159] had follow-up times each semester,
this analysis only followed-up each academic session. Measuring each semester
has the advantage of identifying more precisely when a student drops out, per-
haps even narrowing down the potential reasons for their exit. For example,
it could be investigated whether an unbalanced workload over semesters lead to
more drop-outs within one semester over another. These insights could be used to
understand when pressure is highest and when students may need more support.
Smaller units of time could also improve estimates derived from the continuous-
time models such as the CPH and Weibull. Models could also be extended to
consider a competing risks framework that would allow the outcome of comple-
tion to be modelled alongside drop-out. This approach has already been taken
by Arulampalam et al. [148] and Cvetkovski et al. [160]. This would be partic-
ularly useful given that the prevalence of completion is > 70% across the whole

school-leavers dataset (see Chapter 5).

The model fits may be improved with additional explanatory variables. This
analysis only examined one socio-economic variable — SIMD Quintile. There are
likely many more factors that influence a student’s decision to drop-out, some
of which have already been highlighted in the literature (Section 2.3). Besides
a student’s contextual background, two more key variables are worth investiga-
tion. The first is, trivially, the reason for student drop-out. This information
is hard to obtain, but would be of interest to Widening Access efforts, particu-
larly if the target groups are leaving for reasons related to their socio-economic
background. This information could be captured via exit-interviews or surveys,
but would depend on the response rates of these students. The second key vari-

able, is the student’s university-level attainment achieved each academic session.
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This is an example of a time-dependent covariate, which would require models
to be extended to consider more complicated relationships between the outcome
and explanatory variables. There are examples of time-dependent covariates in
the literature, for example Respondek et al. [150] modelled the interactive effect
between university-level attainment and student’s perceived control over their
studies, in relation to student drop-out. Cvetkovski et al. [160]| looked at the
effects of many time-dependent covariates, such as employment status, mental
health status, and whether students were living at home or not. These stud-
ies serve as examples for what extensions could be applied to the Drop-outs
subset (and also the School-leavers dataset in future analyses. In particular,
university-level attainment would be of interest because a student’s probability
of survival could update each session to more accurately reflect their current
academic performance. Other examples of time-dependent covariates include
Faculty, Department, Programme Title, Repeated Stage and Break (see Section
4.1). University-attainment could also be used to infer a student’s reason for
drop-out, if their academic performance suggests they did not have the necessary
credits required to progress to the next stage just prior to dropping out. It is
highly recommended that future analyses of the data aim to include the effect of

time-dependent covariates.

An increasingly popular topic is the prediction of student drop-outs [151, 153—
155, 158|. Many studies are comparing the performance of survival methods to
traditional regression and machine learning methods [154, 155, 158] since the
latter can also predict when a student will drop out. There is evidence to suggest
that survival methods could be more useful than traditional machine learning

algorithms for predicting drop-outs at the early stages of a students journey [154,
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155]. The prediction of student drop-outs using survival analysis methods would
be a natural next step for the School-leavers dataset. The findings in this
analysis forms the foundations for which variables are worth consideration in a
predictive model. Applying such techniques across Scottish universities would be
of interest for Widening Access efforts considering its current trajectory towards

improving the positive outcomes of target students [7] (see also Section 2.5.2).

9.9 Conclusion

The regression and survival models considered in this chapter support the notion
that a range of factors are associated with the rate of student drop-outs from
the University of Strathclyde. These factors include prior attainment from sec-
ondary education, sex, ethnicity, area-level deprivation, and the faculty a student
is registered with. While discrete survival models were the more natural fit to
the student drop-out data due to satisfying more assumptions, the estimates from
continuous survival models and traditional regression models were very similar.
This may not be the case when applied to other datasets from other institutions.
While it is recommended that discrete survival models be used, researchers should
use their best judgment when selecting an appropriate model for student drop-out
data; consideration should be given to how the model is interpreted to its target

audience.

It is recommended that the models be extended to consider the time-dependent
covariates which were not available in the current edition of the School-leavers
dataset, such as module performance or credit-weighted averages from year-to-
year. Future analyses could also consider the competing risk of completion of
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a degree programme. Students’ reasons for drop-out should be prioritised as
information to be added to the data, if possible. It is also recommended that
the prediction of student drop-outs be investigated in future analyses, as it could
allow the University to more effectively intervene and support students who are
at risk of drop-out. If possible, Widening Access efforts should focus on collecting
and analysing data from across all of Scotland’s 18 higher education institutions,

although access to these data may prove to be a challenge.
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Chapter 10

Conclusions and Future Work

10.1 Aims of the Thesis
The aims of the thesis were as follows:

1. To explore the demographic, socio-economic and prior attainment informa-

tion of school-leavers at the University of Strathclyde.

2. To determine whether or not contextual offer students are achieving similar

levels of academic success as their standard offer peers.
3. To measure how much academic success/failure is affected by a student’s:

(a) Socio-economic background,

(b) Prior attainment from secondary education,
(c) Demographics,

(d) Choice of degree programme.
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4. To determine what the most appropriate method is for modelling the effects

on academic outcomes.

10.1.1 Aim 1 - Exploration of School-Leavers

The first aim was addressed across Chapters 2, 3, 4 and 5. Chapter 2 sum-
marised the relevant background information needed to understand the Scottish
education system, the disadvantage present in the system, the arguments for and
against Widening Access policies, and the progress that has been made towards
Widening Access targets up to 2024. This was necessary to properly interpret
any findings from the analysis of student data from the University of Strathclyde.
Chapter 3 detailed how data from the University and the Scottish Government
were gathered, joined, and cleaned to derive the School-leavers dataset giving
the population of interest. Chapter 4 then defined the relevant outcome and ex-
planatory variables in the dataset which were visualised and explored in Chapter
5. This chapter also measured the associations between variables. For example,
it was found that there appeared to be associations between Faculty and the
variables: Sex, FEthnicity, and SIMD Quintile. Males and ethnic-minorities were
more represented in Science and Engineering while females and whites were more
represented in Business and HaSS. Those from lower SIMD Quintiles were more
represented in HaSS and Science. Prior Attainment Points appeared to be higher
within the Faculties of Business and Engineering, those from higher SIMD Quin-
tiles. Chapter 5 also showed the prevalence of retention after first year (90%),
completion of a degree programme within four years (74%), and drop-out (9%)

in the School-leavers dataset. Additional variables that were not used in the
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analyses, such as those which identify students who changed or repeated a stage
of their degree programme, or had taken a break at some point in their registra-
tion, were briefly explored in Appendices C and D. From the context provided
in these Chapters (2, 3, 4 and 5), research questions were able to be posed and

answered in the subsequent analyses Chapters (7, 8 and 9).

10.1.2 Aim 2 - Contextual Offer Students

The second aim was addressed in Chapter 8. It was found that standard offer
students were significantly more likely to be retained at the end of first year and
significantly more likely to complete their Bachelor’s with Honours degree within
four years, compared to contextual offer students. For example, it was found that
contextual offer students had an 82.7% [95% CI: 80.4%, 84.9%]| chance of retention
and a 62.2% [95% CI: 59.3%, 65.2%]| chance of completion, once controlling for
the effects of Academic Cohort, Sex and Ethnicity. These chances for contextual
offer students were lower than the University of Strathclyde’s 2030 benchmark
of 90-95% retention for all students [8]. Most contextual offer students were
predicted to successfully complete their degree (around 62.2%), though there
exists no benchmark for comparison. It is perhaps unrealistic however, to expect
contextual offer students to achieve at a level similar to their standard offer peers
at university. This is because, by definition, contextual offer students are very
likely to have lower prior attainment when they commence their degree and come
from areas with higher levels of deprivation (as defined by SIMD), both of which
are negatively associated with a successful outcome in our models. It should

also be emphasised that the majority of contextual offer students managed to
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complete their Bachelor’s with Honours degree within four years. It may also
be the case that these students are more likely to repeat a stage of their degree
programme, meaning that this could be an under-estimate of the true completion

rate for contextual offer students.

10.1.3 Aim 3 - Relationships With Success/Failure

Chapters (7, 8 and 9) each addressed the third aim using different model specifi-

cations.

Increased levels of prior attainment from secondary education always appeared
to have a highly significant and positive effect on school-leavers’ chances of a suc-
cessful academic outcome at the University. In Chapter 7, it was found that
having Advanced Higher Mathematics was positively associated with success-
fully being retained and completing a degree programme in Mathematics and/or
Statistics. The results also suggested that Advanced Higher Mathematics may
have a similarly positive effect for students in other Science and Engineering pro-
grammes, conditional upon whether or not Advanced Higher Mathematics was
recommended by the student’s chosen degree programme. A student’s Prior At-
tainment Points had a significant and positive effect on retention and completion
in all of the models it appeared in across both Chapters 7 and 8, though there
were some conflicting evidence over whether or not this effect was linear. In Chap-
ter 9, students who had the lowest levels of prior attainment compared to their
peers (Prior Attainment Quintile 1) were more than twice as likely to drop out of

the University at any time period compared to their peers with average levels of
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attainment (Prior Attainment Quintile 3 - Table 9.6), who themselves were more
than twice as likely to drop out compared to their peers with the highest levels

of prior attainment (Prior attainment Quintile 5 - Table 9.6).

Each chapter suggested that school-leavers from SIMD Quintile 1 had sig-
nificantly lower chances of a successful outcome at the University compared to
their peers from SIMD Quintiles 2-5, even when controlling for their prior attain-
ment. For example, Chapter 8 found that school-leavers from SIMD Quintiles 1
and 2 were 5.2% [95% CIL: 3.1%, 7.1%)] less likely to be retained and 9.5% [95%
CIL: 6.3%, 12.6%)| less likely to complete their degree compared to students from
SIMD Quintiles 3-5, once controlling for the effects of Prior Attainment Points,
Academic Cohort, Sex, Ethnicity and Faculty. Chapter 7 identified a similarly
significant gap between the completion rates of school-leavers from SIMD Quin-
tiles 1 and 5, specifically within the Faculties of Science and Engineering. Finally,
in Chapter 9 students from lower SIMD Quintiles had consistently higher drop-
out rates than those from higher quintiles, both before and after controlling for
the effects of other significant covariates. For example, a Cox-Proportional Haz-
ards model found that school-leavers from SIMD Quintile 5 had 40.0% [95% CI:
28.1%, 50.0%| reduced hazard of to drop-out compared to their peers from SIMD

Quintile 1.

Each of the analysis chapters (7, 8 and 9) found that Sex, Ethnicity, and Faculty
significantly affected retention, completion and drop-out of university. However,
the significance (but not direction) of these effects sometimes changed across
model specifications. When examining school-leavers across the whole University,
it appeared that females were more likely to achieve degree completion compared

to males when controlling for other significant effects. For example, Chapter
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7 found that sex had little-to-no influence on retention nor completion rates of
students within the Faculties of Science and Engineering. Yet, in Chapter 8 , while
there was no influence of sex on students’ retention outcomes across the whole
University, females were 6.2% [95% CI: 3.2%, 9.2%]| more likely to complete their
degree compared to males across the entire University, once controlling for the
effects of student’s Best 5 Highers at Application, their SIMD Quintile, Faculty,

Academic Cohort, and Ethnicity.

At times, ethnic-minorities appeared to be more likely to achieve successful
academic outcomes compared to whites. In Chapters 7 the significance of Eth-
nicity changed depending on the model specification, while in Chapter 9, ethnic-
minority students were found to be significantly less likely to drop out compared
to their white peers. These results suggest that perhaps there is some confounder
that is moderating the effect of Ethnicity on the chances of achieving a suc-
cessful /unsuccessful academic outcome, which has not been accounted for in the
models fit to the data. For example, it may be that perhaps there is too much
variability between the academic outcomes of different ethnicity groups within
the “ethnic-minority” category. Future analyses should perhaps examine these
groups separately, with care taken in the which variables to control for given the
relatively low number of ethnic-minority to the number of white students in the

school-leaver population.

In Chapter 7 there was evidence that some Academic Cohorts were perhaps
more likely to be retained compared to others. However, given that the sizes of the
cohorts considered in these models were relatively small (around 100 students each

year) some volatility is expected here. Academic Cohort may be a significant if the
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cohorts affected by the COVID-19 pandemic were examined (2019/20 - 2021/22).
The Prior Attainment Points of students increased with each Academic Cohort

suggesting grade inflation amongst applicants.

10.1.4 Aim 4 - Identifying Appropriate Models

The fourth aim was address by Chapter 7, which compared different regression
models, and Chapter 9, which compared regression and survival models, when
applied to subsets of the School-leavers dataset. The results from these Chap-
ters suggested that both regression and survival models were adequate fits to the

data, although the regression models had some issues.

The first issue was that the regression models required the achievement of
academic outcomes to be defined within a specified time frame for every student.
For example, being retained at the end of first year and completing a Bachelor’s
with Honours degree within four years. This meant that students who took longer
to achieve these outcomes were recorded as failures. If certain groups of students
are more likely to repeat a stage of their degree programme than others, for
example SIMD Quintile 1 or contextual offer students, then the results of the

regression models will be biased against these groups.

The second issue was that the regression models had problems related to the
retention/completion outcomes being so common (> 10%). The Logistic regres-
sion derived odds-ratio estimates, which are harder to interpret and are frequently
misinterpreted as risk-ratios by both a researcher and lay audience. This is prob-
lematic given that they exaggerated the risk-ratio estimates from the Modified

Poisson and Log-Binomial models because the retention and completion outcomes
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were so common. The Log-Binomial models required starting values to be sup-
plied to aid with convergence, though each Log-Binomial model applied to the
School-leavers dataset was successful. The Modified Poisson models some-
times predicted probabilities greater than 1, again likely due to the retention and
completion outcomes being so common paired with some very strong associations
like Prior Attainment Points and SIMD Quintile. Despite both the Log-Binomial
and Modified Poisson models both deriving risk-ratios, model estimates between

each appeared to differ most when the outcome variable was more common.

Chapter 9 aimed to address these limitations by examining a different out-
come variable and using survival methods. The outcome examined was time
until a student dropped out of university which could be defined as a contin-
uous or discrete random variable. Both were attempted, despite the follow-up
time being naturally discrete (student drop-outs were recorded every academic
session). When the discrete and continuous survival methods were compared to
their equivalent regression method (Logistic, Modified Poisson, Log-Binomial),
only small differences in the estimates were observed and all models adequately
fit the data. This was likely because the prevalence of drop-out depended on
each academic session, and the highest prevalence was 6% for first-year students.
This also meant the odds-ratios could be interpreted as estimates of risk-ratios,
since prevalence is less than 10%. Discrete survival methods are recommended
for future analyses given that time until drop-out is a naturally discrete random
variable and that survival methods can account for time-dependent covariates,
unlike the regression methods. However, if regression methods were to be applied

instead, it seems unlikely that incorrect conclusions would be drawn.
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10.2 Future Research

It is hoped that the work presented here will allow future researchers to reproduce
the School-leavers dataset and the results contained in this thesis, such that
they can be expanded into future analyses. Key pieces of information were not
available in the School-leavers dataset, though this is likely to change with
future editions. For example, perhaps one of the most important predictors of
success at University that was not included in the School-leavers dataset is
students’ academic performance, or “university-level” attainment. This informa-
tion could take the form of average marks per registration session, final marks in
each module that make up a degree programme, or marks across weekly assign-
ments. It is highly likely that the models considered in this thesis would have
better fit the data with access to any of these information. The survival mod-
els in particular, could have incorporated these new variables as time-dependent
covariates. Such models could be used to update the risk of a student dropping
out for each Academic Session they spend registered at the University. Examples
of these models have already been tested on data from institutions in Germany
[150] and Australia [160]. Time-dependent covariates would also likely be vital
for any prediction model that aims to identify students at risk of dropping out.
There is evidence to suggest that survival methods could be more useful than tra-
ditional machine learning algorithms for predicting dropouts at the early stages
of a students journey [154, 155]. Machine learning models were attempted on
the School-leavers dataset but did not provide satisfying predictions. If access
to university-level attainment is secured, then it is recommended that Machine

Learning methods also be investigated in future analyses.
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This thesis also did not investigate the effects of other time-dependent co-
variates such as changing degree programme, repeating a stage of a degree pro-
gramme, or taking a break in studies. It is of interest to measure the effects of
these variables on a student’s chances of success/failure at University. Atten-
dance is another example of a time-dependent covariate, though it may prove to
be difficult to access accurate historic attendance records for every student in the

University.

With regards to socio-economic background, this thesis only considered one
indicator: SIMD Quintile. Sections 2.3 and A.2 list a range of indicators that
could be considered for future analyses. Of particular interest would be those
used by the University of Strathclyde in its contextualised admissions criteria:

attendance of a low-progression school, care-experience and caring responsibilities

[56].

This thesis only considered Scottish school-leavers; it did not consider mature
students, RUK or international students, those who entered via college, nor those
who were admitted through a Widening Access initiative. The latter group of
students is of particular interest for Widening Access efforts. At the University
of Strathclyde for example, there are the Engineering Academy and Natural Sci-
ences programmes which are targetted specifically at SIMD Quintile 1 and other
eligible secondary-school students who do not meet the minimum entry require-
ments. Other examples of initiatives include the Top-up and Summer School
programmes. Knowing the academic outcomes of these students would help iden-
tify whether or not these programmes are successful in developing students who

can succeed in higher education.
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Another area of research that has not been addressed here is whether or not
minimum entry requirements are set at an appropriate threshold. In other words,
are they too high or too low? This was discussed by Boliver et al. in 2017
[52] who argued for drastically lower minimum entry requirement thresholds for
Scottish higher education institutions. Yet, since their introduction in 2019, most
institutions have not changed these from around one to two grades less than the

standard entry requirements.

Finally, these results are not representative of the higher education sector in
Scotland, the UK nor internationally. It is recommended that future research
prioritise similar analyses of data from other institutions to compare trends and
relationships with those derived in this thesis. In particular, it is strongly em-
phasised that data from Scotland’s 18 higher education institutions be compared
to one another, if at all possible. In light of the Commissioner for Fair Access’s
recommendation that equal weight be given to Widening Access student’s aca-
demic outcomes at University [7], cross-institutional analyses would be integral

towards measuring progress on this front.
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Appendix A

Widening Access Topics

A.1 TImpact of COVID-19 Pandemic

Academic session 2019/20 saw the cancellation of secondary-level examinations
across Scotland and the other UK nations [31, 32]. Instead, students were awarded
results based on “teacher-assessed grades”, where teachers would rank their stu-
dents and give estimates of which grade band (A, B, C, D) they believed their
students had achieved [164]. These estimates were then checked and approved
by the SQA before being awarded to students on results day [164]. It was found
that grades under teachers’ estimates had inflated compared to previous years,
and were subsequently revised down using the SQA’s “alternative certification
model” to ensure “fairness to all learners” and to maintain the “integrity and
credibility of the qualifications system” [33|. This was ultimately reversed af-
ter backlash from the public and the original teacher estimates were re-instated
[34, 35] . Critics pointed out that students who had attended schools with histor-

ically low attainment rates or came from more socio-economically deprived areas
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were disproportionately penalised compared to their more affluent peers [35]. For
example, those from SIMD Quintile 1 areas had their grades revised down by 15.2
percentage-points compared to just 6.9 percentage-points for those from Quintile
5 [33, p. 69]. Ofqual, the awarding body for GSCE and A-level examinations sim-
ilarly reversed their initial revised-down grades for students after protests [165].
The practice of teacher-assessed grades in Scotland was repeated for academic
session 2020/21, but subsequently returned to traditional in-person examinations

from session 2021/22 onwards [166-168|

The final qualifications awarded in Scotland during the pandemic experienced
significant grade-inflation. The rate at which students attained an A to C grade at
Higher increased from 74.9% in 2018/19 to 89.3% in 2019/20, or 14.4 percentage-
points [36]. In 2020/21 this was 87.3%, while in 2021/22 — when students had
returned to in-person exams — this was 80.3%, lower than the pandemic levels
but still 3 percentage-points higher than pre-pandemic levels [36]. Similar lev-
els of inflation were also observed within Advanced Highers. In response to the
increased number of qualified applicants to higher education, the Scottish Gov-

ernment increased the number of funded places for Scottish domiciled students

137].

At the University of Strathclyde, the end of the second semester of academic
session 2019/20 saw the suspension of all face-to-face teaching and some campus-
based examinations [38, 39]. Disruption varied from programme-to-programme,
though generally speaking, students only sat examinations that were absolutely
necessary. For example, examinations that required accreditation to be given by
awarding accrediting bodies or where there was insufficient evidence of a student’s

academic performance [38, 39, 41, 42].
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Replacement tests took the form of “open-book” remote exams, where students
were allowed access to approved “books, notes, and reference material” [40-42].
The “no-detriment” policy was also introduced, which modified the University’s
compensation policy to allow students who had achieved an average mark of 40%
(lowered from 45%) but had failed one or more classes (raised from only one class)
to “Pass by compensation” if they had achieved at least 30-39% in that class [47—
49|. It also gave students extra favour in areas such as personal circumstances
claims, flexibility in extension requests and discretionary credits (under certain
circumstances allowing modules to be discounted if they bring down the student’s

average grade) [49].

Restrictions and policies (including no-detriment [49]) extended to academic
sessions 2020/21 and some of 2021/22, where a “blended learning” was introduced
that allowed for some in-person classes to go ahead [43-46|. However, in reality
most students attended classes online due to Scottish Government restrictions,
which were not completely lifted until the 21st March 2022 [169]. The return
to traditional teaching and examinations did not occur until academic session

2022/23.

It was unknown at the beginning of the pandemic whether it would unfairly
impact students from socio-economically deprived backgrounds. There were con-
cerns over “digital poverty”, the ability to support students face-to-face and of

course the inability to run traditional outreach events [50].
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A.2 Contextual Indicators

There are three broad categories of contextual indicators: Individual-level, school-

level, and area-level.

Individual-level — Factors that identify a specific individual’s contextual
background. Examples include being in receipt of free-school meals or being
a refugee/asylum-seeker. Due to the intensely personal nature of these indica-
tors, they are often either the hardest to collect data on, or the hardest to verify.
In some cases they are the best forms of identifying truly disadvantaged individ-
uals given that they speak to an individual’s experience rather than relying on

aggregated data.

School-level — Factors that identify the contextual background of the school
an individual attended. Examples include schools which have a large percentage
of students in receipt of free-school meals, or those from low-income households.
Other examples include attendance of a state /non-fee-paying school or attendance
of a school with a low-progression to higher education rate. These indicators
are popular since there are less barriers to access the necessary data. They
also anonymise the nature of individual’s deprived circumstances, and thus face

reduced data protection concerns.

Area-level — Factors that identify the contextual background of the area an
individual comes from. These include the Scottish Index of Multiple Depriva-
tion (SIMD), The participation of local areas (POLAR) [170], tracking under-
representation by area (TUNDRA) [171], and Acorn [172|. SIMD, POLAR and

TUNDRA are government-made tools while Acorn was created and is maintained
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by CACI Inc. at the cost of a subscription. These area-level indicators are pop-
ular due to their ability to connect to postcode data — the most readily available

data on students.

A.2.1 Participation of Local Areas (POLAR)

Participation of local areas (POLAR) is the area-level measure predominantly
used by English higher education institutions and the Office for Students to
identify how many young people within a particular area participate in higher
education [170]. Similarly to SIMD, POLAR ranks areas by their participation
rate which are then split into five groups or Quintiles. The interpretation for
POLAR is similar to SIMD, where POLAR Quintile 1 represents areas that rank
in the bottom 20% for progression to higher education. The most recent edition
— POLAR4 — was released in September 2020 and will be the final release for
POLAR [170]. POLAR is the measure used by the Office for Students for their

own Widening Access targets to be achieved by 2039 [173].

As an area-level indicator POLAR also suffers from criticisms of bias, for ex-
ample its high false-positive and false-negative rates in socio-economically diverse
areas such as London [51, 53]. POLAR as a measure is also not as effective in
Scotland given its high rates of participation in higher education [68]. As a result
this indicator is used by the University of Strathclyde but only for students that
register from the rest of the United Kingdom, while SIMD is used for Scottish-

domiciled students [56].
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A.2.2 Free-School Meals (FSM)

Free-School Meals (FSM) are available to the children (aged 5 to 16) of those on
governmental support schemes such as Universal Credit, Jobseeker’s Allowance,
and Child Tax Credits [174-176]. FSM is considered a highly valid and highly
reliable indicator of an individual student’s disadvantage [51, 52]. Data from 2007-
9 showed only 13.3% of pupils on FSM attained five or more SQA Highers by the
end of sixth year, compared to 47.6% for those not on FSM [52|. In England, FSM
is available to all students within state-funded schools in the academic stages of
reception to year 3 due to the Children and Families Act 2014 [175]. In 2021, The
Scottish Government committed to universal FSM for all pupils from P1 to P5,
and to pupils in P6 and P7 by 2024, though the plan to extend this to secondary
school students has been postponed due to budgetary constraints [176, 177]. Were
this to be rolled out to all secondary school students in Scotland, it could render
obsolete the use of FSM as a contextual indicator. In 2021, UCAS rolled out its
Modernised Contextual Data Service that aimed to give institutions better access
to applicants FSM status, however this was only for applicants within schools in
England. In Scotland, data on free-school meals is held by each local authority
with no existing centralised service that can provide access to this data. The
University of Strathclyde does not consider FSM data in its basket of indicators
[56].
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A.2.3 Other Popular Indicators

Other examples of popular indicators include being a refugee/asylum-seeker, be-
ing the first person in the family to attend higher education (known as “first-
generation”), indicators related to parents’ backgrounds (occupation, education,
etc.), attending a state versus fee-paying school, and household income. None of

these are considered within the University of Strathclyde’s basket of indicators.

Refugee/asylum-seeker status is considered to be a valid indicator that could
be verified on a case-by-case basis [51]. First-generation and school status were
cited in some studies aiming to measure inequalities within education [74, 81,
83, 84]. First-generation is considered by Boliver et al. [51] to be an invalid
and unreliable indicator for disadvantage, while school status was considered an
invalid indicator with the caveat that attending a fee-paying school could be
used as a disqualifier for Widening Access support. Indicators related to parent’s
background also suffers from validity and reliability issues [51]. Household income,
while a very valid and reliable indicator in the opinion of Boliver et al. [51] would
require action from the government to set in place the necessary infrastructure
to verify and distribute data. They point out that this could be a contentious

policy to approve given the sensitivity of the data [51].

A.2.4 Summary of indicators used by Scottish institutions

In 2017, Boliver et al. [52] provided a table of the indicators that were in use
across each of Universities Scotland’s member institutions [22]. Given that several

years have passed and more research on the suitability of various indicators has
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been published, it is of interest to see whether each of Scotland’s institutions
have changed or kept the same approach to contextualised admissions as they
had in 2017. Here we provide a table of all indicators used within contextualised
admissions in 2023 and discuss any changes (Tables A.1 and A.2). This list is
representative of the admissions policies and website guidance pages that could

be online through each institution’s website [56, 178-197].

An indicator was considered “in use” if it was explicitly stated as one of the
indicators a university used in their contextual admission policies, and “not in
use” otherwise. Some indicators were referenced within documents in sections
related to Widening Access but were not explicitly referenced as used for con-
textualised admissions - these were not counted for the purposes of Tables A.1
and A.2. Some indicators referenced by institutions were grouped together, such
as “Priority School” which referred to any indicator that targeted certain schools
such as the Schools for Higher Education Programme (SHEP), FOCUS West, etc.
In total, there were 39 unique indicators identified in to be in use: 10 area-level,
1 school-level, and 22 individual-level indicators (Tables A.1 and A.2). The in-
dicator for “Participation in a WA programme” was considered its own category
of indicator due to the variety of eligibility criteria between different Widen-
ing Access programmes. This indicator also did not include any programmes
encompassed in the definition of other indicators such as “Priority School” or
“Mature/SWAP /Access students”. Every institution used SIMD Quintile 1 and
care experience as indicators of disadvantage since they were recommended by
the Commission on Widening Access [3]. The most popular indicators outwith
these two were (in decreasing order of popularity): Caring responsibilities, Pri-

ority School, Estranged students, SIMD Quintile 2, Refugee/Asylum-seeker, and
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Participation in WA /outreach programme were used by more than half of institu-
tions. Free-school meals — despite strong recommendations for its use by Boliver
et al. [51] — was only used by 5 institutions, likely highlighting the issues around

access to this information.

The median count of indicators used by institutions was 7.5. Institutions which
used more than this were (in increasing order): Edinburgh Napier (8), Glasgow
School of Art (9), Edinburgh (9), Abertay (10), Heriot-Watt (11), Scotland’s
Rural College (13), St. Andrews (14), Dundee (14), and Aberdeen (16). Five
of these institutions come from outside Scotland’s major metropolitan areas of
Edinburgh and Glasgow. Institutions which used less than the median count
of indicators were (in decreasing order): Glasgow (7), Glasgow Caledonian (7),
Stirling (7), Highlands and Islands (6), Queen Margaret (6), Royal Conservatoire
of Scotland (6), Strathclyde (6), West of Scotland (6), Robert Gordon (5) — only
two of which come from outside Edinburgh and Glasgow. Five institutions used
separate indicators for rest of UK students: St. Andrews (5), Aberdeen (1),
Edinburgh (1), Heriot-Watt (1), and Strathclyde (1). These indicators included
ACORN, POLARA4, and each of the devolved nations’ (England, Wales, Northern

Ireland) Index of Multiple Deprivation (IMD) indicators.

Seven institutions used indicators in exceptional cases — where a student was
told they “might” be eligible for a contextual offer, or they were only guaranteed an
offer if they satisfied more than one of these indicators. This category of indicator
was the broadest and included SIMD Quintile 2, Caring responsibilities, being
an Estranged student, and others. The institutions that used these indicators
were Dundee (8), Heriot-Watt (8), Glasgow Caledonian (3), Queen Margaret (3),
Abertay (1), Edinburgh (1), and Glasgow (1).
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Table A.1: Indicators in use across Universities Scotland’s 18 members (1 of 2). Does not include the Open University. Y =
Yes, N = Not in use, E = Used in exceptional cases, RUK = only used for Rest of UK applicants.

Aberdeen
Abertay
Dundee
Edinburgh
Edinburgh
Napier
Glasgow
Glasgow
Caledonian
Glasgow
School of Art
Heriot-Watt
Highlands and
Islands
Queen
Margaret
Robert
Gordon
Royal Conserv.
of Scotland
Scotland's
Rural College
St. Andrews
Stirling
Strathclyde
West of
Scotland

Indicator

Outreach Indicator
Participation in
WA/outreach
programme Y E Y E E Y Y Y Y
Area-level Indicators
ACORN Y RUK
English IMD RUK
Gaelic-speaking area Y
Low-participation
area Y
N.I. IMD RUK
Remote & Rural Y Y
SIMD Quintile 1 Y Y Y Y Y Y
SIMD Quintile 2 E E Y E Y E Y Y Y Y Y Y
Welsh IMD RUK
POLAR4 RUK RUK RUK RUK
School-level
Indicators

Priority School (low-
prog/high
FSM/SHEP/FOCUS
West...) Y Y Y E Y E Y Y Y Y Y Y Y Y
Individual-level
Indicators
*Under-represented
groups Y
Armed forces
(applicant) E Y
Armed forces
(parent) Y
Care-experience Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y

<
<
<
<
<
<
<
<
<
<
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Table A.2: Indicators in use across Universities Scotland’s 18 members (2 of 2). Does not include the Open University. Y =
Yes, N = Not in use, E = Used in exceptional cases, RUK = only used for Rest of UK applicants.

Aberdeen
Abertay
Dundee
Edinburgh
Edinburgh
Napier
Glasgow
Glasgow
Caledonian
Glasgow
School of Art
Heriot-Watt
Highlands and
Islands
Queen
Margaret
Robert
Gordon
Royal Conserv.
of Scotland
Scotland's
Rural College
St. Andrews
Stirling
Strathclyde
West of
Scotland

Indicator

Caring
responsibilities Y Y Y
College applicant Y
Custodial sentence
(parent)

Disability (mental) E E
Disability (physical) E E
Disruption to
education E E
Education
Maintenance
Allowance E
Estranged students Y Y Y Y Y E E Y Y Y Y
Ethnic minority Y
Few/no formal
qualifications

First generation to
university Y
Free-school meals Y E Y Y
Mature/SWAP/Access
applicant E Y Y E Y Y Y Y E
Recognition of prior
learning
Refugee/Asylum-
seeker Y Y Y Y Y E Y Y Y Y
Transgender E E
Travelling community Y
Vulnerable group E E

=<
<
m
=<
m
=<
=<
=<
=<
<
=<
=<




Appendix B

Data Protection Impact Assessment

To gain access to the School-leavers dataset, a Data Protection Impact As-
sessment had to be written and agreed upon between the investigators and data
owners (Strategy & Policy, University of Strathclyde). This appendix includes

the details of the latest DPIA agreement between all parties.

246



University of

Strathclyde

Glasgow

STRATEGY & POLICY

Data Protection Impact Assessment Form (DPIA)

Before completing the form you should read the relevant guidance on our Sharepoint pages on how to conduct a
DPIA. If you are unsure if you should complete a full DPIA you should complete the Screening Questions.

For assistance in completing this form please follow the step by step guidance in Completing the DPIA Template
— Guidance for Staff.

Complete this form in as much detail as you can. You should then submit it to the Information Governance Unit
(IGU). If you have any questions whilst you are completing the form please contact the IGU.

You can find more information about DPIAs in the guidance from the Information Commissioner’s Office.

Please note: the term ‘project’ has been used throughout for simplicity. This should be
understood to mean any project/policy/system etc. which involves the processing of personal
data.

Governance and Contacts

Project title/brief description The title of the PhD project is “The relationship between
widening access and success at university: a data-driven
statistical investigation”

A large focus of this project is how to meet the
recommendations made by the Commission in its ‘Final
Report of the Commission on Widening Access - Blueprint for
Fairness’. This includes setting access thresholds which
applicants from the most deprived backgrounds should be

assessed.
Name and job title of person Dr Louise Kelly
responsible for project (project
manager) Senior Lecturer and Associate Dean (Recruitment and
Admissions)
Department of Mathematics and Statistics, University of
Strathclyde
Name and job title of Nathan Burns IHEmnmsmP Winner
& MANAGEMENT | Workplace of the Year
AWARDS 2017

team/departmental contact (if

different to above) PhD Student

THE AWARDS | WINNER

) F THE AR
UK Entrepreneurial University
of the Year 2013/14
UK University of the Year
20213
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Department of Mathematics and Statistics, University of
Strathclyde

Service Area

Faculty/School/Dept/Professional | Department of Mathematics and Statistics, University of

Strathclyde

Version Control and History

Version

Date

Author Reason for change

1.0

12/11/2019

Kayleigh Kerr First Draft

2.0

13/10/2020

Nathan Burns Department personnel change, Section B.5
storage retention end date changed,

2.1

04/11/2020

Nathan Burns Amendments to sections based on comments
of Fiona Wilbraham. Sections are as follows:
Al,A2 A3B.11,B1.2,B.3,B.5,B.6.1,
B.6.2,B.6.4,B.6.6,C.1.2,C.1.3,C.1.4,C.1.7,
E, F

2.2

09/11/2020

Nathan Burns Amendments to sections based on change of
how data will be stored, updated, secured,
and accessed (Due to inability to access a
campus office computer). Sections are as
follows: B.4.1, B.5.2, B.6.1, B.6.2, B.6.3

2.3

14/03/2024

Nathan Burns Updates to sections A.2, B.3.1, 3.4.1, B.5.1;
which clarify the language surrounding the
source and formatting of the data, as well as
the descriptions of relevant data fields. Fixed
minor grammatical errors. Updated the
expected end date of the PhD research.

3.0

14/03/2024

Nathan Burns Additional data fields requested relating to
student marks derived from Core Student
Record. Amendments to sections: A.2, B.3.1.
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Section A — Description of the project/processing and consultation

A.1 Describe the project/reason you will be processing personal data.
What is the purpose and why are you doing it?

How will you collect/access the personal data? Include any data flow diagrams/process maps.

Scottish Government have set out recommendations and guidelines to achieve fair access to
university. In line with this Strathclyde have introduced contextual admissions to widen access for
those currently underrepresented in higher education. This requires information about the
relationship between these widening access (WA) covariates and success at university to make
informed decisions on the minimum entry requirements. | will be assisting Strathclyde in investigating
this relationship as the main aim of my PhD project, and leading from this establish a statistical
model that can be used to set and test access thresholds. The funding for the PhD is the Research
Excellence Award (the award letter has been attached at the end of this document).

Gaining access to this data is necessary for the study since data-driven evidence is essential in
supporting the setting of access thresholds and understanding the relationship between factors
which contribute to WA status and successful completion of a degree programme. The data is
collected by the university and | will be processing this data on behalf of the university. This data is a
derivation of the Core Student Record, therefore the custodian of the data is Gianna Devin. Once
given access to this data it will only be accessed through my personal computer within the university.

A.2 Describe the type of personal data you will be processing. Explicitly state the category of
individual to whom it relates e.g. staff/students/applicants.

State in detail the type of data e.g. name/address/ethnicity/disability etc.

If special category data or criminal conviction data is involved state this where indicated. Special
category data relates to: race; ethnic origin; politics; religion; trade union membership; genetics;
biometrics (where used for ID purposes); health; sex life; or sexual orientation.

Category of individual, e.g. staff/student/applicants/research subjects: Applicants to Strathclyde
University

The data being requested is Strathclyde’s Core Student Record formatted to HESA standards on
potential, current and former students. This extends back 10 years. Access to data held on former
students is necessary to allow for adequate analysis of any changes in the success at university
since the introduction of contextual admissions. Access to data held on potential students will allow
analysis to understand the differences in those who apply and enrol and those who do not enrol.
Data held on current students will include those who have received contextual admissions and so is
crucial for the study.

Personal data:

¢ Unique Student identifiers including registration numbers: This will be used as an identity
variable in the analysis rather than the individual’'s name.

e Date of birth and Gender: These are crucial variables in the analysis as similar analyses have
identified these as significant variables in the success at university.

e Postcode and Term-time postcode: These would facilitate the derivation of a student’s
Scottish Index of Multiple Derivation and Urban-Rural status. These are crucial variables in

DPIA Template v3.0- Updated May 2019
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the analysis as similar analyses have identified these as significant variables in the success
at university.

e Student marks in university examinations: Crucial variables in understanding a student’s
chances of success at university.

Special category data: N/A

Criminal conviction data: N/A

A.3 Stakeholders and consultees
Who is involved in the project and who may be affected by it — both internal and external stakeholders.

Who has been consulted during the design/review of this process? Describe the consultation process
and feedback.

Dr Louise Kelly, Dr David Young (Mathematics and Statistics); Strategy and Policy; Al Blackshaw
(Widening Access Team); Dr Andrea Sherriff (University of Glasgow Dental School)

Section B — Compliance with Data Protection Legislation

B.1 Principle 1: Lawfulness, Fairness and Transparency

B.1.1 What is your lawful basis for processing personal data?

- if you are processing special category data you must identify an additional lawful basis. Include this
in the box below

- if processing criminal conviction data you must choose a relevant lawful basis for ‘personal data’ and
also identify the relevant section from the DPA 2018 (consult IGU in advance if required). Include this
in the box below.

Personal data:

Public task.

Special category data i.e. data relating to: race; ethnic origin; politics; religion; trade union
membership; genetics; biometrics (where used for ID purposes); health; sex life; or sexual orientation:
N/A

Criminal conviction data:
N/A

B.1.2 What information is provided to data subjects to ensure that they are aware of this processing?
When and how are they provided with this information?

DPIA Template v3.0- Updated May 2019
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Include links to anywhere you provide information on how you will use personal data, e.g. privacy
notices/handbooks/contracts etc. Or attach a copy.

Strathclyde publish privacy notices to inform students and applicants on how their data will be used.
Research purposes is listed within this.
https://www.strath.ac.uk/whystrathclyde/universitygovernance/accesstoinformation/dataprotection/privacynotic
es/

B.2 Principle 2: Purpose Limitation

B.2.1 Are you using existing data for a new purpose, or will you use the data you collect in a way which
is different to that described in A.1? If so, explain the different purposes here.

All aims described in A.1

B.3 Principle 3: Data Minimisation

B.3.1 You should have listed all the types of data you are collecting in A.2. Indicate why you need to
collect this data.

Where you have to collect special category/criminal conviction data you must explicitly state why you
require this data.

e Unique student identifiers including registration number: This will be used as an identity
variable in the analysis rather than the individual’s name.

« Date of birth and Gender: These are crucial variables in the analysis as similar analyses have
identified these as significant variables in the success at university.

e Postcode and Term-time postcode: These would facilitate the derivation of a student’s
Scottish Index of Multiple Derivation and Urban-Rural status. These are crucial variables in
the analysis as similar analyses have identified these as significant variables in the success
at university.

e Student marks in university examinations: Crucial variables in understanding a student’s
chances of success at university.

The study involves testing which personal characteristics affect success at university and so
processing of some personal data is essential.

B.3.2 How will you review the collection/use/processing of personal data to determine whether it is
still required?

All data will be included in the analysis and will be required throughout the study.

B.4 Principle 4: Accuracy

B.4.1 Describe how the accuracy of personal data will be monitored and maintained.

The dataset is the Core Student Record so will be accurate at the time of gaining access. The
current year’s data will be provisional and not final until the last quarter of the following year.
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Updates or amendments that will be made will be passed on through a new release of the data every
year, if required, until the end of the PhD.

B.5. Principle 5: Storage Limitation

B.5.1 Indicate the retention rule(s) which will govern how long this data is retained for. Include any
relevant links/appendices.

The data will be held for the duration of the PhD, which is expected to end in July 2024. Afterwards
the data will be held by the university in accordance with the data management plan.

B.5.2 How will the retention rules be implemented, for records in any formats, e.g. hard copy or
electronic? Can any systems delete data according to the retention rules?

There will only be one copy of this dataset, which will be stored on a shared cloud drive in the
university. This will be held in accordance with the data management plan for the project.

B.6 Principle 6: Security, Integrity and Confidentiality

B.6.1 Describe who will have access to the personal data?

Predominantly myself as the PhD student — Nathan Burns. Peter Black from Strategy and Policy, as
part of the data handover, will have access and, by default, the computer security officers.

B.6.2 Describe what organisational controls will be in place to support the process and protect the
personal data.

The dataset will be saved on a password protected shared cloud drive within the University. There
will be no copies made on any other devices.

B.6.3 Describe what technical controls will be in place to support the process and protect the personal
data.

The file itself will be password protected and stored on an i-drive, which is secured by the university.

B.6.4 Will the personal data be shared with any other organisation(s)?

Yes

No Personal data will not be shared with any other organisation.

B.6.5 If yes to B.6.4 do you have a data sharing/processing agreement in place?

Yes
(if yes, attach a copy)

No
(if no, why not?)
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B.6.6 Will personal data be transferred from/to the UK? NB this includes storing data.

Yes

No No data will not be transferred.

B.6.7 If yes to above, state where the data is transferred to/from?

Section C — Complying with Individual Rights
Data protection legislation provides data subjects with certain rights about their data.

The Information Governance Unit (IGU) will generally co-ordinate all requests from data subjects who
wish to exercise their rights but it is important that |ocal processes are designed to support these.

C.1 Not all rights apply in all circumstances but you should provide relevant information to allow the IGU
to assess if rights could be upheld, if required. In some cases you may not be able to comply with
rights, you should explain why not.

C.1.1 Right to beinformed

How will you provide information to individuals about how their information will be used?

You should already have provided a full explanation in B.1.2. If so, state this below. If you will not
provide information to individuals, state why not.

See B.1.2.

C.1.2 Right to access personal data

The IGU centrally manages any requests for access to personal data (Subject Access Requests or
SARS).

If required, are you able to identify and retrieve the personal data within 2 weeks?
Identify the processes you have in place, which will enable you to comply with a SAR.

The names of the individuals will not be available so it will not be possible to comply with this.
However, as this data is collected and owned by Strathclyde, | do not believe that |, as a data
processor, would be responsible for any Subject Access Requests.

C.1.3 Right to rectification

Are you able to correct personal information, if it is incorrect/incomplete? Can you do this to meet an
internal timescale of 2 weeks?

Identify how you would correct/complete inaccurate information.

The dataset being used for the project is the Core Student Record from Strathclyde. These data
should be accurate and up to date.
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C.1.4 Right to erasure

Could you erase personal data? Describe how this would be done.

If not, please state why not (this may be for technical or operational reasons).

It will not be possible to identify individuals, so it would be impossible to comply with this.

C.1.5 Right to restrict processing

Do you have appropriate methods in place to restrict the processing of personal data on your systems,
e.g. temporarily moving the data to another system; making the data unavailable to users; or
temporarily removing published data from a website?

As mentioned above, | will not be able to identify individuals. Restricting processing would require
restricting the processing on the entire dataset. If this were for an extended period this would
severely affect the project.

C.1.6 Right to data portability

Could you supply information, that an individual has provided to the University, in a structured,
commonly-used and machine readable format?
Could you provide data in this format to meet an internal timescale of 2 weeks?

This is not applicable here. The data controller would comply with this right if necessary.

C.1.7 Right to object to processing

If an individual objects to the use of their personal data, particularly in relation to direct marketing, are
you able to cease processing their data?

Describe how you could comply with an objection to the use of data.

Without a way to identify individuals this would not be possible.

C.1.8 Rights related to automated decision making, including profiling

If any automated decision-making or profiling exists, i.e. where no human intervention is involved in
the decision-making process, do you:

- giveindividuals information about the processing;
- have simple ways for them to request human intervention or challenge a decision; and
- carry out regular checks to make sure that your systems are working as intended?

Describe how you do the above. If no automated decision-making or profiling exists, please state this.

No automated decision making or profiling exists. The data will be used to look at the relationship
between the characteristics of individuals and not used to make any decisions.

Section D - Direct Marketing

DPIA Template v3.0- Updated May 2019
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D.1 Will your project involve direct marketing by electronic means, e.g. phone/fax/email/SMS?

Yes

No No direct marketing involved in the project

D.2 If yes to D.1 You must ensure that any direct marketing complies with the Privacy and Electronic
Communications Regulations (PECRs). State how you will ensure the processing will comply with
PECRs.

DPIA Template v3.0- Updated May 2019

255



Universitynf

Strathclyde

Glasgow

STRATEGY & POLICY

Section E - Identifying Privacy Risks and Actions

Any issues that have identified through the project and/or DPIA process should be listed here. These may have been identified through the consultation process, by
a stakeholder or when completing the DPIA. For example, you may have identified that you are sharing data but you have no data sharing agreement in place.

You can add in as many additional rows as required.

Risk | Privacy risk/issue What outcome is required to Action required to meet outcome Action assigned to
no. mitigate the risk?

Section F - Mitigating Actions and Risk Assessment

This section records the mitigating actions taken and associated risk assessment in relatioll-n[lmm??risks/inihis section is intended to indicate if the mitigating
N Ny X ¥ B MANAGEMENT | Voriice o e e
actions have been completed and records any residual risk and whether it is acceptable. AWARDS 2017

THEA™ 20

UK Eatreprencurial Universiy
plac useful learning ofthe Yearsonia
) UK Universiy of the Year
. rsity of Stratheh haritable tere d, number SCO152€ bl
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Ref | Action required to meet Specific actions taken. Outcome met? Date Residual | Risk Risk Comments
no | outcome Completed | Risk Owner Accepted

Rating Yes/No

(High,

Medium,

Low)

If any of the risks cannot be accepted then you must provide comments in the table above as to next steps.

Section G — Record DPO advice and sign offs

You must submit your DPIA to the IGU for comment, along with any supporting documentation. The IGU will respond with comments/actions.

Assessment - IGU

IGU Assessment Summary:

Date Completed:

DPO Opinion/Advice:

DPIA Template v3.0- Updated May 2019




Date Completed

Assessment - Department

DPO Opinion/Advice Accepted?
If not, why not?

NB this section must be completed by a

senior member of staff in the relevant area.

Date Completed:

New Review Date:

DPIA Template v3.0- Updated May 2019
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Appendix C

Additional Datasets Information

C.1 The Prospectus Dataset

The Prospectus dataset was developed by the Widening Access Team (Uni-
versity of Strathclyde). It was created through manual recording on an excel
spreadsheet of the entry requirements shown on each prospectus release from
2015/16 - 2023/24. A list of the variables contained in the data is shown in
Table C.1. It is possible there are some manual data entry errors as this data
was not taken from a centrally maintained database or independently verified by
administrative staff. There were missing data that varied in size between Aca-
demic Sessions. A summary of the missing data contained in each Entry Path
per academic session is shown in Table C.2. Only the “Std. Entry” column was
used in the School-leavers dataset since it had the most complete data for each

Academic Session.
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Table C.1: Summary of the Undergraduate Prospectus data gathered from 2015/16 - 2022/23. There are n = 6,331 rows each

representing a unique entry path to a given degree programme and academic year.

Variables Role Unique Description
Values
1 UCAS Code Primary Key/ID 266 UCAS degree programme code
2 Academic Year Variable 9 Academic year of entry upon acceptance
3 UCAS Code Description  Variable 264 Degree programme title
4  Level Variable 18 Bachelor’s (with Honours) or Master’s in Engineering, Arts, etc.
5  Entry Path Variable 8 Standard/Minimum entry, 1st/2nd sitting
6  Attainment Variable 2 Whether Higher or Advanced Higher
7 Grade Variable 33 Grade Profile asked for (e.g. AAAA)
8 Attainment Points Variable 17 Grade Profile converted into “Simple Points”
9  Entry Tariff Total Variable 19 Total “simple points” asked for by programme for stipulated year of entry
10 Num Grades Variable 6 Total number of grades asked for by programme for stipulated year of entry




Table C.2: Count of degree programmes by year, and the corresponding number (and
proportion) of missing entry requirements data.

‘ Entry Path Academic Session Programme Count Missing Data ‘
Std Entry 2015-16 214 1 (0.5%)
2016-17 235 1 (0.4%)
2017-18 234 1 (0.4%)
2018-19 228 2 (0.9%)
2019-20 230 2 (0.9%)
2020-21 230 2 (0.9%)
2021-22 235 5 (2.1%)
2022-23 227 4 (1.8%)
2023-24 227 4 (1.8%)
Std Entry 2nd Sitting  2015-16 214 78 (36.4%)
2016-17 235 78 (33.2%)
2017-18 234 81 (34.6%)
2018-19 228 79 (34.6%)
2019-20 230 80 (34.8%)
2020-21 230 78 (33.9%)
2021-22 235 134 (57%)
2022-23 227 82 (36.1%)
2023-24 227 83 (36.6%)
Min Entry 2015-16 214 214 (100%)
2016-17 235 235 (100%)
2017-18 234 222 (94.9%)
2018-19 228 228 (100%)
2019-20 230 230 (100%)
2020-21 230 3 (1.3%)
2021-22 235 5 (2.1%)
2022-23 227 4 (1.8%)
2023-24 227 5 (2.2%)
Min Entry 2nd Sitting 2015-16 214 214 (100%)
2016-17 235 235 (100%)
2017-18 234 234 (100%)
2018-19 228 228 (100%)
2019-20 230 230 (100%)
2020-21 230 78 (33.9%)
2021-22 235 145 (61.7%)
2022-23 227 141 (62.1%)
2023-24 227 141 (62.1%)
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C.2 The Demographic and Socio-economic Variables

Table C.3: Binary Groupings for all ethnicities in the School-leavers dataset.

Ethnicity Description (UCAS) Ethnicity (School-leavers dataset)

Arab

Asian - Bangladeshi
Asian - Chinese

Asian - Indian

Asian - Other

Asian - Pakistani

Black - African

Black - Caribbean
Black - Other

Gypsy, Traveller or Irish Traveller
Other

Other Mixed

White and Asian
White/Black African
White/Black Caribbean

Ethnic-minority
Ethnic-minority
Ethnic-minority
Ethnic-minority
Ethnic-minority
Ethnic-minority
Ethnic-minority
Ethnic-minority
Ethnic-minority
Ethnic-minority
Ethnic-minority
Ethnic-minority
Ethnic-minority
Ethnic-minority
Ethnic-minority

White

White

White - British White
White - Irish White
White - Scottish White
White - other background White
Information Refused NA
Not given (Dom=Home) NA
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Table C.4: Binary Groupings for all disability statuses in the School-leavers dataset.

Disability Description (UCAS)

Disability Status

A condition or impairment not listed

A hearing impairment (e.g. deafness or partial hearing)

A learning difference (e.g. dyslexia, dyspraxia, or AD(H)D)

A long-term illness or health condition which may involve pain or cause fatigue, loss
of concentration or breathing difficulties - including any effects from taking associated
medication.

A mental health condition, challenge or disorder (e.g. anxiety or depression)

A physical impairment or challenges with mobility (e.g. climbing stairs or uneven
surfaces), or dexterity (e.g. using a keyboard or laboratory equipment)

A social, behavioural or communication impairment (e.g. an autistic spectrum con-
dition or Tourette’s Syndrome)

A visual impairment uncorrected by glasses (e.g. blindness or partial sight)

Two or more impairments or conditions

Disabled
Disabled
Disabled
Disabled

Disabled

Disabled

Disabled

Disabled
Disabled

None

None




C.3 The Attainment Data

Table C.5: List of all attainment codes removed from the Attainment on Entry data

table.

Attainment Code Description

ACCESS
ACCESSS
BA
BA-HHONS
BACC-HONS
BENG
BENG-HONS
BSC
BSC-HONS
BTECDIP90
BTECSUBDIP
CERT-HE
DIP-HE
DIP-PROF
DIP-UG
EXT PRO
FOUNDATION
HNC

HND

MA
MA-ARCH-1

ACCESS

Access to HE Diploma (Open Awards)
Bachelor of Arts

Bachelor of Arts with Honours
Bachelor of Accounting with Honours
Bachelor of Engineering

Bachelor of Engineering with Honours
Bachelor of Science

Bachelor of Science with Honours
Pearson (BTEC) Diploma 90 Credit
Pearson (BTEC) Subsidiary Dip (was National Award 60+)
Certificate of Higher Education
Higher Education Diploma
Professional Diploma

Undergraduate Diploma

EXTENDED PROJECT

Foundation course at HE

HNC

HND

Master of Arts

Master of Architecture
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MA-T
MSC-I
MUS-T6
MUS-T7
NONUKQUAL
NVQ
OPENUNIUN
PG-CERT
PG-DIP
PRE-U-CERT
PROF-QUALS
SWAP

Master of Arts

Master of Science

Music Theory Level 6

Music Theory Level 7

Non UK Qualification - level unknown
National Vocational Qualification
Open University Unit
Postgraduate Certificate
Postgraduate Diploma

Practice Certificate

Professional Qualifications

Scottish Wider Access Programme

C.4 Prior Attainment Points/Quintile

UCAS employs a point system called “UCAS Tariff Points” which assigns Highers
as: A - 33 points, B - 27 points, and C - 21 points (gap of 6 points between each);
and Advanced Highers as: A - 56 points, B - 48 points, and C - 40 point (gap
of 8 points). However, it was noticed that larger point gaps between the discrete
grades led to “gap inflation” - where students with many “lower-quality grades”
would appear to have equivalent point totals to students with “higher-quality”
grades, when it could be argued that these were not equivalent. This discrepancy
was most apparent when comparing students’ points to the entry requirements

of the relevant degree programmes (see Section 4.5 for more details on how entry
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requirement data were gathered and cleaned). For example, given entry require-
ments at AABB, it would be debatable whether an attainment of ABBCC would
be deemed enough to warrant an offer of entry with one interpretation being
that it would be on the boundary of consideration. If we were to compare their
equivalent UCAS tariff point totals, these would be 120 and 132, respectively,
meaning that the attainment would be comfortably over the threshold. This is
an example of bias due to both gap inflation and comparing an unequal number
of grades (4 vs 5). To counteract this problem, it was decided to introduce a
“simple” tariff system that assigned points accordingly: A - 3 points, B - 2 points,
C - 1 point!, which seemed to mitigate these errors for the most part (using the
above example, AABB would be 10 points and ABBCC would be 9 points, now
under the threshold). Any Higher or Advanced Highers at a grade of D or less
were ignored. The interpretation of simple points were also easier than UCAS
tariff points. A single point increase can be interpreted as an increase in one

grade (B to A) or the attainment of an extra C grade (AA to AAC).

C.4.1 Prior Attainment Quintile Tie-breakers

Tie-breaker rules were used to rank students within the same Academic Cohort
by their prior attainment from secondary education. Having thirteen tie-breaker
rules was sufficient to rank all students into their correct Prior Attainment Quin-
tile. Defining Prior Attainment Quintile in this way meant that there is a near-
equal distribution of students within each quintile across all Academic Cohorts

(Figure C.1).

! Applied to both Highers and Advanced Highers.
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Table C.6: List of 13 tie-breaker rules used to rank, within each Academic Cohort,
students’ prior attainment at secondary school. Listed in order of decreasing priority.

Priority | Variable Arrange by
1 | All Highers Reg. Points Maximum Value
2 | All Adv. Highers Points Maximum Value
3 | Count of A Grades at Higher Maximum Value
4 | Count of B Grades at Higher Maximum Value
5 | Count of C Grades at Higher Maximum Value
6 | Count of D Grades at Higher Maximum Value
7 | Count of F' Grades at Higher Minimum Value
8 | Count of A Grades at Adv. Higher Maximum Value

9 | Count of B Grades at Adv. Higher Maximum Value
10 | Count of C' Grades at Adv. Higher Maximum Value
11 | Count of D Grades at Adv. Higher Maximum Value
12 | Count of F' Grades at Adv. Higher Minimum Value

13 | All Highers Appl. Points Maximum Value
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Prior Attainment Quintile per Academic Cohort
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Figure C.1: Proportion of school leavers from each Prior Attainment Quintile within
each Academic Cohort.
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C.5 Faculties, Departments, and Degree Programmes

The Faculty of Engineering has 8 unique departments (Table C.7), while HaSS

has 7 departments, and Science has 6 departments. The Faculty of Business has

no departments since all degree programmes are managed centrally by the faculty.

Table C.7: List of departments per Faculty within the University of Strathclyde.

Faculty

Department

Business

Engineering

Architecture

Biomedical Engineering

Chemical and Process Engineering

Civil and Environmental Engineering

Design, Manufacturing and Engineering Management
Electronic and Electrical Engineering

Mechanical and Aerospace Engineering

Naval Architecture, Ocean and Marine Engineering

HaSS

Education

Government & Public Policy
Humanities

Law

Psychological Sciences & Health
Social Work & Social Policy
Centre for Lifelong Learning

Science

Computer and Information Sciences

Electronic and Electrical Engineering

Mathematics and Statistics

Physics

Pure and Applied Chemistry

Strathclyde Institute of Pharmacy and Biomedical Sciences

In the School-leavers dataset, students could be registered to one of 306

unique degree programmes. The Faculty of HaSS was assigned 167 of these pro-

grammes, which is the most out of the four faculties. This was followed by Busi-

ness with 69 programmes, Science with 38 and then Engineering with 32. Note
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that these counts are not inclusive of all programmes run by the University in this
time period. For example, it does not include the MPharm Pharmacy, MPhys
Physics with Advanced Research, Natural Sciences, or Engineering Academy de-
gree programmes since these were removed (see Section 3.5). A more complete
list of the degree programmes offered by the University of Strathclyde for full-
time undergraduates between 2012/13 and 2021/22 is provided in Tables C.8 to
C.15.

Degree programmes at the University of Strathclyde are delivered by a single
department, or jointly between two or more departments. These departments
may or may not belong to the same Faculty. For example, “MEng Chemical
and Process Engineering” is delivered primarily by the “Department of Chemical
and Process Engineering” (Faculty of Engineering) but also by the “Department
of Pure and Applied Chemistry” (Faculty of Science). In the School-leavers
dataset however, each student can only be assigned to a single department.
This meant that, for example, any student registered on the “MEng Chemical and
Process Engineering” programme was assigned to the “Department of Chemical
Engineering”. Assigning students to a single department presented a particular
problem for those in the Faculty of HaSS. This faculty offers a flexible BA (with
Honours) programme which allows students to combine several subjects into a
single degree. For this reason, most of the students on these programmes are
assigned to a department named the “Faculty of HaSS” in the School-leavers
dataset rather than a single department. Similarly, all programmes within Busi-
ness are run centrally, hence students are assigned to a department named the
“Faculty of Business”. In contrast, all students within the Faculties of Science

and Engineering are assigned to one of the named departments in Table C.7.
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Table C.8: List of all unique degree programmes offered by Strathclyde Business
School (2012/13 - 2021/22) [1 of 2|.

Programme Title

Accounting

Accounting and Business Enterprise
Accounting and Business Law

Accounting and Economics

Accounting and Finance

Accounting and Human Resource Management
Accounting and Management

Accounting and Management Science
Accounting and Marketing

Accounting and Mathematics and Statistics

Business

Business Administration

Business Analysis and Technology and Business Enterprise

Business Analysis and Technology and Business Law

Business Analysis and Technology and Economics

Business Analysis and Technology and Finance

Business Analysis and Technology and Hospitality and Tourism Management
Business Analysis and Technology and Human Resource Management
Business Analysis and Technology and Management

Business Analysis and Technology and Marketing

Business Analysis and Technology and Mathematics and Statistics

Business Enterprise and Business Law

Business Enterprise and Business Technology

Business Enterprise and Economics

Business Enterprise and Finance

Business Enterprise and Hospitality and Tourism

Business Enterprise and Hospitality and Tourism Management
Business Enterprise and Human Resource Management
Business Enterprise and Management

Business Enterprise and Management Science

Business Enterprise and Marketing

Business Law and Economics

Business Law and Finance

Business Law and Hospitality and Tourism
Business Law and Human Resource Management
Business Law and Management

Business Law and Marketing
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Table C.9: List of all unique degree programmes offered by Strathclyde Business
School (2012/13 - 2021/22) |2 of 2].

Programme Title

Business - Business Technology and Management
Business - Business Technology and Marketing

Business Technology and Management
Business Technology and Marketing

Economics

Economics and Finance

Economics and Hospitality and Tourism
Economics and Human Resource Management
Economics and Management

Economics and Marketing

Economics and Mathematics and Statistics
Economics and Psychology

Economics and Psychology - SBS

Finance and Hospitality and Tourism Management
Finance and Human Resource Management
Finance and Management

Finance and Marketing

Finance and Mathematics and Statistics

Hospitality and Tourism Management and Human Resource Management
Hospitality and Tourism Management and Management

Hospitality and Tourism Management and Marketing

Hospitality and Tourism and Management

Hospitality and Tourism and Marketing

Human Resource Management and Management
Human Resource Management and Marketing
Human Resource Management and Psychology
Human Resource Management and Psychology - SBS

International Business

International Business and Modern Languages
International Business with Modern Languages
International Business with a Modern Language

Management Science and Marketing
Management and Management Science
Management and Marketing
Marketing and Psychology

Marketing and Psychology - SBS
Total: 71 programmes
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Table C.10: List of all unique degree programmes offered by Faculty of Humanities
and Social Sciences (2012/13 - 2021/22) |1 of 3].

Programme Title

Economics and French

Economics and History

Economics and Journalism and Creative Writing
Economics and Journalism, Media and Communication
Economics and Law

Economics and Politics

Economics and Politics and International Relations
Economics and Psychology

Economics and Social Policy

Economics and Spanish

Education and English

Education and English and Creative Writing
Education and French

Education and History

Education and Human Resource Management
Education and Italian

Education and Journalism and Creative Writing
Education and Journalism, Media and Communication
Education and Law

Education and Politics

Education and Politics and International Relations
Education and Psychology

Education and Social Policy

Education and Spanish

Education and Sport

English and Creative Writing and French

English and Creative Writing and History

English and Creative Writing and Journalism, Media and Communication
English and Creative Writing and Law

English and Creative Writing and Politics and International Relations
English and Creative Writing and Psychology

English and Creative Writing and Social Policy

English and Creative Writing and Spanish

English and French

English and History

English and Human Resource Management

English and Journalism and Creative Writing

English and Journalism, Media and Communication

English and Law

English and Politics

English and Politics and International Relations

English and Psychology

English and Social Policy

English and Spanish
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Table C.11: List of all unique degree programmes offered by Faculty of Humanities
and Social Sciences (2012/13 - 2021/22) |2 of 3].

Programme Title

French and History

French and Hospitality and Tourism

French and Hospitality and Tourism Management
French and Human Resource Management
French and Italian

French and Journalism and Creative Writing
French and Journalism, Media and Communication
French and Law

French and Marketing

French and Politics

French and Politics and International Relations
French and Psychology

French and Social Policy

French and Spanish

History and Human Resource Management

History and Italian

History and Journalism and Creative Writing
History and Journalism, Media and Communication
History and Law

History and Politics

History and Politics and International Relations
History and Psychology

History and Social Policy

History and Spanish

Hospitality and Tourism Management and Spanish
Hospitality and Tourism and Italian
Hospitality and Tourism and Spanish

Human Resource Management and Journalism and Creative Writing
Human Resource Management and Law

Human Resource Management and Politics

Human Resource Management and Politics and International Relations
Human Resource Management and Psychology

Human Resource Management and Social Policy

Human Resource Management and Spanish

Humanities and Social Sciences

Italian and Journalism and Creative Writing
Italian and Marketing

Italian and Politics and International Relations
Italian and Psychology

Italian and Social Policy

Italian and Spanish
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Table C.12: List of all unique degree programmes offered by Faculty of Humanities
and Social Sciences (2012/13 - 2021/22) |3 of 3].

Programme Title

Journalism and Creative Writing and Law

Journalism and Creative Writing and Politics

Journalism and Creative Writing and Politics and International Relations
Journalism and Creative Writing and Social Policy

Journalism and Creative Writing and Spanish

Journalism, Media and Communication and Law

Journalism, Media and Communication and Politics and International Relations
Journalism, Media and Communication and Psychology

Journalism, Media and Communication and Social Policy

Journalism, Media and Communication and Spanish

Law

Law (Clinical)

Law and Politics

Law and Politics and International Relations
Law and Psychology

Law and Social Policy

Law and Spanish

Law with a Modern Language

Law with a Modern Language - French and Law
Law with a Modern Language - Italian and Law
Law with a Modern Language - Law and Spanish

Marketing and Spanish

Mathematics and Psychology

Philosophy, Politics and Economics

Politics and International Relations and Psychology
Politics and International Relations and Social Policy
Politics and International Relations and Spanish
Politics and Psychology

Politics and Social Policy

Politics and Spanish

Primary Education

Psychology

Psychology and Counselling
Psychology and Social Policy
Psychology and Spanish
Psychology and Sport

Scots and English Law

Scots and English Law (Clinical)
Social Policy and Spanish

Social Work

Speech and Language Pathology

Sport and Physical Activity

Total: 127 programmes
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Table C.13: List of all unique degree programmes offered by Faculty of Engineering

(2012/13 - 2021/22).

Department

Programme Title

Architecture

Architectural Studies

Biomedical Engineering

Biomedical Engineering

Prosthetics and Orthotics

Chemical and Process Engineering

Chemical Engineering

Civil and Environmental Engineering

Civil Engineering
Civil and Environmental Engineering

Structural and Architectural Engineering

Design, Manufacturing and
Engineering Management

Manufacturing Engineering with Management
Product Design Engineering

Product Design and Innovation

Production Engineering and Management
Sports Design Engineering

Sports Engineering

Electronic and Electrical Engineering

Computer and Electronic Systems

Computer and Electronic Systems with International Study
Electrical Energy Systems

Electrical and Mechanical Engineering

Electrical and Mechanical Engineering with International Study
Electronic and Digital Systems

Electronic and Electrical Engineering

Electronic and Electrical Engineering with Business Studies

Electronic and Electrical Engineering with International Study

Mechanical and Aerospace Engineering

Aero-Mechanical Engineering

Mechanical Engineering

Mechanical Engineering with Aeronautics
Mechanical Engineering with Financial Management
Mechanical Engineering with International Study

Mechanical Engineering with Materials Engineering

Naval Architecture, Ocean
and Marine Engineering

Naval Architecture and Marine Engineering
Naval Architecture with High Performance Marine Vehicles
Naval Architecture with Ocean Engineering

Naval Architecture with Small Craft Engineering

None - Faculty of Engineering

Engineering Academy

Total

33 programmes
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Table C.14: List of all unique degree programmes offered by Faculty of Science
(2012/13 - 2021/22) [1 of 2].

Department Programme Title

Business Information Systems
) ) Computer Science

Computer and Information Sciences ) )
Computer Science with Law
Software Engineering

Computer and Electronic Systems®

Computer and Electronic Systems with International Study*

Data Analytics

Mathematics

Mathematics and Computer Science
Mathematics and Physics
Mathematics and Statistics Mathematics with Teaching
Mathematics, Statistics and Accounting
Mathematics, Statistics and Business Analysis
Mathematics, Statistics and Economics

Mathematics, Statistics and Finance

Mathematics, Statistics and Management Science

Physics
Physics Physics with Advanced Research
Physics with Teaching

Applied Chemistry and Chemical Engineering?
Chemistry

. ) Chemistry with Drug Discovery

Pure and Applied Chemistry
Chemistry with Forensic Chemistry

Chemistry with Teaching

Forensic and Analytical Chemistry

! Delivered jointly with the Department of Electronic and Electrical Engineering.

2 Delivered jointly with the Department of Chemical and Process Engineering.

277



Table C.15: List of all unique degree programmes offered by Faculty of Science
(2012/13 - 2021/22) [2 of 2].

Department Programme Title

Biochemistry

Biochemistry and Immunology
Biochemistry and Microbiology
Biochemistry and Pharmacology
Biomedical Science

Biomolecular Sciences

Strathclyde Institute Forensic Biology
of Pharmacy Immunology
and Biomedical Sciences Immunology and Microbiology

Immunology and Pharmacology
Microbiology
Microbiology and Pharmacology

Pharmaceutical Sciences

Pharmacology
Pharmacy®
None - Faculty of Science Natural Sciences?
Total 41 programmes

3 A 4 stage Integrated Masters programme (as opposed to the traditional 5 stage). Students are
expected to enter directly into 2nd stage of the programme.

4 Widening Access programme.
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C.6 Changes in Registration Status

Students may request to change degree programme at any time. If approved, the
School-leavers dataset will indicate the relevant instance in which the student
began the new programme. For example, if in their first academic session, a
student switches from “BSc Electrical & Mechanical Engineering” in semester 1 to
“BSc Mathematics & Statistics” in semester 2, then the School-leavers dataset
will show that student was registered with the Programme Title “Mathematics
& Statistics” in their first academic session. In this respect, the School-leavers
dataset likely under-estimates the true number of students who change degree

programme.

However, it is also known that some degree programmes are functionally iden-
tical to one another in the first few stages, before diverging into distinct pro-
grammes. For example, “BSc Mechanical Engineering” and “MSc Mechanical
Engineering” are distinct programmes in the School-leavers dataset, but are
functionally identical from stages 1 to 4 until the 5th stage (the Integrated Masters
stage). Thus, students may be recorded as having changed programme despite
simply continuing their studies. Additionally, changes in programmes may have
practically occurred much earlier than they were recorded in the School-leavers
dataset. For example, “BSc Mathematics & Statistics” and “BSc Mathematics”
are functionally identical from stages 1 to 3, but the registration status in the
CSR likely only changes in the 4th stage if the student did/did not pick a suffi-
cient number of credits in Statistics modules from stages 3 to 4. Finally, students
from the faculties of Business and HaSS likely over-inflate the true number of

changes that occurred. This is because of the large number of combinations for
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joint honours degrees in each that depend on the student successfully attaining a
certain number of credits throughout their degree. Taken together, the Changed

Programme variable likely over-estimates the true number of changes.

Around 33% of students were recorded in the School-leavers dataset as
having changed degree programme at some point during their registration with
the University (Table C.16). Similarly, around 20% of students were recorded as
changing department, while only 2% changed faculty. The difference in the pro-
portions seen here between faculties/departments/programmes can be explained
by the way that the data is recorded in the School-leavers dataset. Thus,
Changed Department and Changed Faculty may prove to be more useful proxy
indicators than Changed Programme, for measuring whether or not a student

truly changed discipline.

Table C.16: Summary of variables examined in the school-leavers dataset (2 of 2).

Variables Levels | Count Proportion
Break No 17951 0.94
Yes 1037 0.06
Changed Department No 15277 0.81
Yes 3711 0.20
Changed Faculty No 18654 0.98
Yes 334 0.02
Changed Programme No 12721 0.67
Yes 6267 0.33
Repeated Stage No 18396 0.97
Yes 592 0.03
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C.6.1 Taking a Break from Studies

Students may take a break in their studies through suspension of their degree
programme, returning at any time to complete their studies. There is no official
limit to the length of time a student may suspend their studies. Suspension may
be requested for a variety of reasons not excluded to: financial, health, or personal
reasons, or even to take up work experience/placement. In the School-leavers
dataset 1037 (5.5%) students took a break at some point during their studies.
The drop-out rate was slightly smaller within the group of students who took a
break (8.4%) compared to the group of students who did not take a break (8.8%).
Ignoring the length of time it takes to complete a Bachelor’s with Honours degree,
around 59.9% of students who took a break would go on to complete their degree
versus 81.7% of students who did not take a break that completed their degree.
This difference will be influenced by students who return from a break that are

still actively studying towards completing their degree.

C.6.2 Repeating a Stage

Students who do not attain the necessary credits to progress to the next stage of
a degree programme may have to repeat a stage. Typically, students may only
repeat one stage of a degree programme before taking compulsory withdrawal.
In the School-leavers dataset 592 (3.1%) students repeated at least one stage
of their degree programme. The drop-out rate was substantially larger within
the group of students who repeated a stage (20.1%) compared to the group of
students who did not repeat a stage (8.45%). Ignoring the length of time it takes

to complete a Bachelor’s with Honours degree, around 31.4% of students who
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repeated a stage would go on to complete their degree within four years versus
82.3% of students who did not repeat a stage that completed their degree. This
suggests that those who repeat a stage of degree programme are may be more
likely to have an unsuccessful outcome at university, although it should be noted

that some students will still be actively studying towards completing their degree.
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Table C.17: Cross tabulation of explanatory variables versus whether or not a student
repeated a stage of their degree programme (1 of 2). Proportions rounded to 2 decimal
places.

. Repeated Stage | Did Not Repeat
Variables Levels Count Prop. | Count Prop.
Academic Cohort 2012/13 85 0.05 1742 0.95

2013/14 79 0.04 1787 0.96
2014/15 81 0.04 1872 0.96
2015/16 76 0.04 1909 0.96
2016/17 59 0.03 1913 0.97
2017/18 67 0.04 1826 0.96
2018/19 53 0.03 1770 0.97
2019/20 46 0.03 1802 0.97
2020/21 33 0.02 1780 0.98
2021/22 13 0.01 1995 0.99
Age at Entry 17 or under 296 0.03 9101 0.97
18 296 0.03 9295 0.97
Disability Status Disabled 48 0.04 1038 0.96
None 544 0.03 | 17358 0.97
Ethnicity Ethnic-minority 29 0.04 1327 0.96
White 533 0.03 | 17069 0.97
Faculty Business 35 0.01 3276 0.99
Engineering 154 0.03 5182 0.97
HaSS 149 0.03 5746 0.97
Science 254 0.06 4192 0.94
Local to Glasgow Glasgow-based 316 0.03 8888 0.97
Outside Glasgow 276 0.03 9508 0.97
SIMD Quintile 1 97 0.04 2097 0.96
2 132 0.05 2665 0.95
3 83 0.03 2955 0.97
4 116 0.03 3957 0.97
5 164 0.02 6722 0.98
Sex Female 230 0.02 9240 0.98
Male 362 0.04 9156 0.96
Urban/Rural Status = Accessible Rural 43 0.02 1853 0.98
Remote Rural 14 0.02 561 0.98
Urban 374 0.03 | 11288 0.97
Unknown 161 0.03 4694 0.97
Overall - 592 0.03 | 18396 0.97
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Table C.18: Cross tabulation of explanatory variables versus whether or not a student
repeated a stage of their degree programme (2 of 2). Proportions rounded to 2 decimal
places.

. Repeated Stage | Did Not Repeat
Variables Levels Count Prop. | Count Prop.
Break No 529 0.03 | 17422 0.97

Yes 63 0.06 974 0.94
Changed Department No 545 0.04 | 14732 0.96
Yes 47 0.01 3664 0.99
Changed Faculty No 581 0.03 | 18073 0.97
Yes 11 0.03 323 0.97
Changed Programme No 454 0.04 | 12267 0.96
Yes 138 0.02 6129 0.98
Offer Received Con. Offer 116 0.06 1937 0.94
Std. Offer 226 0.02 | 10725 0.98
Unknown 250 0.04 5734 0.96
Prior Att. Quintile 1 232 0.06 3569 0.94
2 155 0.04 3636 0.96
3 101 0.03 3700 0.97
4 72 0.02 3710 0.98
5 32 0.01 3781 0.99
Overall - 592 0.03 | 18396 0.97
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C.7 Advanced Higher Recommendations

The summaries in this section refer to the Advanced Higher subset (see Section
3.9) and not the whole School-leavers dataset. Programmes in the Faculties
of Science and Engineering recommended a range of Advanced Highers in various
Science subjects (Table C.19). The only departments which did not recommend
Advanced Highers for any of their programmes were the three Faculty of Engineer-
ing departments: “Architecture”, “Civil & Environmental Engineering”, and “De-
sign, Manufacturing & Engineering Management”. The remaining departments
recommended an Advanced Higher for at least one of their programmes. The most
popular Advanced Higher to recommend was Advanced Higher Mathematics. For
example, departments in the Faculty of Engineering tended to recommend Ad-
vanced Highers in at least Mathematics and Physics, while departments in the
Faculty of Science tended to recommend Advanced Higher Mathematics and at
least one other relevant science subject. The Faculty of Engineering departments
were more explicit in their recommendation of Advanced Highers for entry into
stage 1 of their programmes. In contrast, the Faculty of Science departments
tended to encourage Advanced Highers and only explicitly recommended them

for entry into stage 2 of their programmes.

The language surrounding the recommendation of Advanced Highers varied
from programme-to-programme and over time. An illustrative example are the
“MEng Chemical and Process Engineering” and “BSc Honours Mathematics” pro-
grammes in the 2014 /15 and 2021 /22 prospectuses. In 2014/15, the “MEng Chem-
ical and Process Engineering” explicitly recommended Advanced Higher Mathe-

matics for stage 1 entrants while “BSc Honours Mathematics” did not explicitly
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recommend it, though did encourage it. In contrast, the 2021/22 prospectus
showed the inverse: “MEng Chemical and Process Engineering” did not explicitly
recommend Advanced Higher Mathematics while “BSc Honours Mathematics”
did. When constructing binary indicators (see Section 4.6), it was decided that
any programme which had ever recommended or encouraged an Advanced Higher

would be recorded as having “recommended” it.

Some departments did not consistently recommend Advanced Highers for all
of their programmes. For example, the department of “Biomedical Engineering”
recommended Advanced Highers in Mathematics and Physics for students apply-
ing to its “MEng Biomedical Engineering” programme, but not its BEng Honours
equivalent. It also recommended Advanced Highers in Mathematics, Physics
and Biology for its “BSc Prosthetics & Orthotics” programme. From 2013/14
- 2015/16, the department of “Chemical & Process Engineering” recommended
Advanced Highers in Mathematics, Physics and Chemistry; it did not mention

any recommendations for Advanced Highers from 2016/17 onwards.

The “MPharm Pharmacy” and “MPhys Physics with Advanced Research”
programmes recommended Advanced Highers, though students from these pro-
grammes were removed from the School-leavers dataset and its relevant subsets

(see Section 3.7 for more details).
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Table C.19: Summary of the Advanced Higher subjects that University of Strathclyde STEM departments have recommended for
some or all of their degree programmes (according to prospectus data from 2013/14 - 2023/24).

Count of Advanced Higher Subjects
Faculty Department
Programmes Recommended?
Engineering  Architecture 1 None
Biomedical Engineering! 3 Mathematics, Physics, Biology?
Chemical & Process Engineering? 2 Mathematics, Physics, Chemistry
Civil & Environmental Engineering 4 None
Design, Manufacturing & Engineering Management | 10 None
Electronic & Electrical Engineering 12 Mathematics, Physics
Mechanical & Aerospace Engineering 9 Mathematics, Physics
Naval Architecture, Ocean & Marine Engineering 7 Mathematics, Physics

Strathclyde Institute of Pharmacy
Science 14 Mathematics, Physics, Biology, Chemistry

& Biomedical Sciences?

ot

Computer & Information Sciences Mathematics, Computing Science

Mathematics & Statistics 12 Mathematics
Physics 4 Mathematics, Physics
Pure and Applied Chemistry 9 Mathematics, Chemistry

! Does not recommend Advanced Highers for its BEng Honours Biomedical Engineering programme.

2 Only recommends Advanced Higher Biology for its Prosthetics & Orthotics programme.

3 Did not explicitly recommend any Advanced Highers from 2016,/17 onwards.

4 The MPharm Pharmacy programme expects most students to enter directly into stage 2. It is expected that students have

Advanced Highers in Biology and Chemistry; if not possible then may accept Mathematics and Physics as alternatives.




Appendix D

Exploratory Visualisation

This appendix contains some explorations considered too large for inclusion in

the main body of in Chapter 5, as well as some additional explorations.
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Figure D.1: Count/proportion of White/Ethnic-minority school-leavers who entered
each faculty from 2012/13 to 2021/22.
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Population of School-leavers by Disability Status
Missing or non—disclosed data has been removed.
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Figure D.2: Count/proportion of school-leavers with disabilities/no disclosed disabil-

ities who entered each faculty from 2012/13 to 2021/22.
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Scotland - Urban/Rural 3-Fold Indicator (2020)
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Figure D.3: Urban/Rural 3-Fold Indicator (2020) across Scotland. Scotland’s 8 major
cities are indicated with dots. Plot created using “shapefiles” provided by the Scottish
Government [2].
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Figure D.4: Mosaic plots showing proportion of school-leavers within each strata:
Faculty versus explanatory variables (1 of 2).
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Figure D.5: Mosaic plots showing proportion of school-leavers within each strata:

Faculty versus explanatory variables (2 of 2).
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Figure D.6: Mosaic plots showing proportion of school-leavers within each strata:
Prior Attainment Quintile versus explanatory variables (1 of 2).
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Figure D.7: Mosaic plots showing proportion of school-leavers within each strata:
Prior Attainment Quintile versus explanatory variables (2 of 2).
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2). Proportions rounded to 2 decimal places.

Table D.1: Cross tabulation of explanatory variables versus retention outcome (1 of

Variables Levels Retained Not Retained
Count Prop. | Count Prop.

Academic Cohort 2012/13 1635 0.90 192 0.10
2013/14 1703 0.91 163 0.09

2014/15 1744 0.89 209 0.11

2015/16 1795 0.90 190 0.10

2016/17 1765 0.90 207 0.10

2017/18 1705 0.90 188 0.10

2018/19 1595 0.88 228 0.12

2019/20 1693 0.92 155 0.08

2020/21 1641 0.91 172 0.10

2021/22 1720 0.86 288 0.14

Age at Entry 17 or under 8410 0.90 987 0.10
18 8586 0.90 1005 0.10

Disability Status Disabled 954 0.88 132 0.12
None 16042 0.90 1860 0.10

Ethnicity Ethnic-minority 1253 0.90 133 0.10
White 15743 0.89 1859 0.11

Faculty Business 3029 0.92 282 0.09
Engineering 4850 0.91 486 0.09

HaSS 5233 0.89 662 0.11

Science 3884 0.87 562 0.13

Local to Glasgow Glasgow-based 8174 0.89 1030 0.11
Outside Glasgow 8822 0.90 962 0.10

SIMD Quintile 1 1867 0.85 327 0.15
2 2418 0.86 379 0.14

3 2713 0.89 325 0.11

4 3686 0.91 387 0.10

5 6312 0.92 574 0.08

Sex Female 8530 0.90 940 0.10
Male 8466 0.89 1052 0.11

Urban/Rural Status  Accessible Rural 1698 0.90 198 0.10
Remote Rural 534 0.93 41 0.07

Urban 10436 0.90 1226 0.10

Unknown 4328 0.89 527 0.11

Overall - 16996  0.90 1992  0.10
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Table D.2: Cross tabulation of explanatory variables versus retention outcome (2 of
2). Proportions rounded to 2 decimal places.

Retained Not Retained

Variables Levels Count Prop. | Count Prop.
Break No 16198 0.90 1753 0.10
Yes 798 0.77 239 0.23
Changed Department No 13597 0.89 1680 0.11
Yes 3399 0.92 312 0.08
Changed Faculty No 16840 0.90 1814 0.10
Yes 156 0.47 178 0.53
Changed Programme No 11105 0.87 1616 0.13
Yes 5891 0.94 376 0.06
Repeated Stage No 16551 0.90 1845 0.10
Yes 445 0.75 147 0.25
Offer Received Con. Offer 1706 0.83 347 0.17

Std. Offer 9912 0.91 1039 0.10
Unknown 9378 0.90 606 0.10
1 3061 0.81 740 0.20
2 3331 0.88 460 0.12
3 3449 0.91 352 0.09
4

5

Prior Att. Quintile

3506 0.93 276 0.07
3649 0.96 164 0.04
Overall - 16996  0.90 1992  0.10
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Table D.3: Cross tabulation of explanatory variables versus completion outcome (1 of
2). Proportions rounded to 2 decimal places.

Completed | Not Completed

Variables Levels Count Prop. | Count Prop.
Academic Cohort 2012/13 1304 0.71 523 0.29
2013/14 1342 0.72 524 0.28
2014/15 1442 0.74 511 0.26
2015/16 1473 0.74 512 0.26
2016/17 1485 0.75 487 0.25
2017/18 1446 0.76 447 0.24
2018/19 1370 0.75 453 0.25
Age at Entry 17 or under 4894 0.74 1706 0.26
18 4968 0.74 1751 0.26
Disability Status Disabled 449 0.67 219 0.33
None 9413 0.74 3238 0.26
Ethnicity Ethnic-minority 626 0.74 216 0.26
White 9236 0.74 3241 0.26
Faculty Business 1924 0.83 405 0.17
Engineering 2849 0.77 864 0.23
HaSS 3047 0.74 1076 0.26
Science 2042 0.65 1112 0.35
Local to Glasgow Glasgow-based 4700 0.72 1803 0.28
Outside Glasgow 5162 0.76 1654 0.24
SIMD Quintile 1 874 0.65 466 0.35
2 1291 0.69 567 0.30
3 1614 0.72 611 0.28
4 2176 0.75 735 0.25
5 3907 0.78 1078 0.22
Sex Female 5035 0.77 1516 0.23
Male 4827 0.71 1941 0.29
Urban/Rural Status Accessible Rural 987 0.75 330 0.25
Remote Rural 314 0.76 98 0.24
Urban 6106 0.74 2161 0.26
Unknown 2455 0.74 868 0.26
Overall - 9862 0.74 3457 0.26

297



Table D.4: Cross tabulation of explanatory variables versus completion outcome (2 of
2). Proportions rounded to 2 decimal places.

. Completed Not Completed
Variables Levels Count Prop. | Count Prop.
Break No 9792 0.78 2702 0.22

Yes 70 0.09 755 0.92
Changed Department No 6858 0.71 2836 0.29
Yes 3004 0.83 621 0.17
Changed Faculty No 9802 0.75 3228 0.25
Yes 60 0.21 229 0.79
Changed Programme No 5418 0.70 2371 0.30
Yes 4444 0.80 1086 0.20
Repeated Stage No 9855 0.77 2964 0.23
Yes 7 0.01 493 0.99
Offer Received Con. Offer 653 0.62 396 0.38
Std. Offer 5022 0.77 1463 0.23
Unknown 4187 0.72 1598 0.28
Prior Att. Quintile 1 1533 0.57 1133 0.42
2 1835 0.69 826 0.31
3 2009 0.75 655 0.25
4 2143 0.81 508 0.19
5 2342 0.88 335 0.12
Overall - 9862 0.74 3457 0.26
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Table D.5: Cross tabulation of explanatory variables versus dropout outcome (1 of 2).
Proportions rounded to 2 decimal places.

Dropped Out Censored

Variables Levels Count Prop. | Count Prop.
Academic Cohort 2012/13 158 0.09 1669 0.91
2013/14 132 0.07 1734 0.93
2014/15 166 0.09 1787 0.92
2015/16 155 0.08 1830 0.92
2016/17 177 0.09 1795 0.91
2017/18 174 0.09 1719 0.91
2018/19 203 0.11 1620 0.89
Age at Entry 17 or under 559 0.09 6041 0.92
18 606 0.09 6113 0.91
Disability Status Disabled 61 0.09 607 0.91
None 1104 0.09 | 11547 0.91
Ethnicity Ethnic-minority 59 0.07 783 0.93
White 1106 0.09 | 11371 0.91
Faculty Business 134 0.06 2195 0.94
Engineering 295 0.08 3418 0.92
HaSS 416 0.10 3707 0.90
Science 320 0.10 2834 0.90
Local to Glasgow Glasgow-based 593 0.09 5910 0.91
Outside Glasgow o972 0.08 6244 0.92
SIMD Quintile 1 188 0.14 1152 0.86
2 199 0.11 1659 0.89
3 208 0.09 2017 0.91
4 224 0.08 2687 0.92
5 346 0.07 4639 0.93
Sex Female 525 0.08 6026 0.92
Male 640 0.10 6128 0.91
Urban/Rural Status Accessible Rural 116 0.09 1201 0.91
Remote Rural 28 0.07 384 0.93
Urban 724 0.09 7543 0.91
Unknown 297 0.09 3026 0.91
Overall - 12154  0.09 1165 0.91
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Table D.6: Cross tabulation of explanatory variables versus dropout outcome (2 of 2).
Proportions rounded to 2 decimal places.

. Dropped Out Censored
Variables Levels Count Prop. | Count Prop.
Break No 1102 0.09 | 11392 0.91

Yes 63 0.08 762 0.92
Changed Department No 1115 0.12 8579 0.89
Yes 50 0.01 3575 0.99
Changed Faculty No 1136 0.09 | 11894 0.91
Yes 29 0.10 260 0.90
Changed Programme 1 1061 0.14 6728 0.86
Yes 104 0.02 5426 0.98
Repeated Stage No 1071 0.08 | 11748 0.92
Yes 94 0.19 406 0.81
Offer Received Con. Offer 157 0.15 892 0.85
Std. Offer 538 0.08 5947 0.92
Unknown 470 0.08 5315 0.92
Prior Att. Quintile 1 452 0.17 2214 0.83
2 272 0.10 2389 0.90
3 193 0.07 2471 0.93
4 163 0.06 2488 0.94
5 85 0.03 2592 0.97
Overall - 12154  0.09 1165 0.91
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Appendix E

Survival Analysis

E.1 Exploratory Analysis

Unlike for other faculties, those from Engineering were more likely to stay regis-
tered for at least 5 academic sessions rather than 4 (Figure E.1). This is most
likely due to the number of Integrated Masters degrees being higher within En-
gineering than the other faculties. This could also explain why more Males were
registered for at least 5 academic sessions than Females (Figure E.2) given that
Sex was associated with Faculty (see Figures 5.7 and D.4). Of those who were
registered for at least 6 academic sessions or longer, 73.1% were school-leavers
who had taken academic suspension or had repeated a year at some point on
their journey (results not shown due to small sample sizes). The number of
direct-entry-to-second-stage (direct to “2nd year”) students were small, however
only 2.0% of direct-entry students dropped out compared to 9.4% of standard first

stage entry (“Ist year”) students (results not shown due to small sample sizes).
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The cloglog plots (Figure E.4) were near-identical to the logit plots (Figure 9.4)
in Section 9.6 because the hazard of dropout in any given academic session was

low (< 10%).

0.8
0.6
0.4
0.2 I
< 0.0] - - | - 8 | .
o
g Science
o
gos
0.6
0.4
0.2 I
ool - I . I I e
1 2 3 5 1 2 3 4 5

4
Maximum Academic Sessions Spent Registered

(source: University of Strathclyde Core Student Record)

Figure E.1: Proportion of students by the maximum number of sessions they spent
registered at the University. Grouped by Faculty.
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Figure E.2: Proportion of students by the maximum number of sessions they spent
registered at the University. Grouped by Sex.
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Figure E.3: Proportion of students by the maximum number of sessions they spent
registered at the University. Grouped by Prior Attainment Quintile.
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Figure E.4: Comparison of cloglog(hazard) calculated descriptively at each time pe-
riod, split by levels of each explanatory variable.
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E.2 Kaplan-Meier Fits

Additional Kaplan-Meier estimates were derived for Academic Cohort (Figure
E.5). Higher rates of dropouts were observed amongst those who entered in
2016/17, 2017/18 and 2018 /19 — the cohorts affected by the COVID-19 pandemic
assuming the students followed the typical length of a degree programme (4 years).
2018/19 in particular had a large number of dropouts after first year. The cohort

with the fewest dropouts was 2013/14.

Academic Cohort

0.95:  ————————— Academic Cohrt
£ ‘ 2012/13
§ T == 2013/14
£ ﬁ - 2014/15
= #= { — 2015/16
s e -~ 2016/17
3 F 2017/18
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0.85
0 1 2 3 4 5

Number of Academic Sessions

Figure E.5: Kaplan-Meier estimates of dropouts against Academic Cohort.

E.3 Continuous Time-to-Event Multivariable Models

None of the explanatory variables in the Stratified CPH violated the proportional-

hazards assumption (Table E.1).
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Table E.1: Schoenfeld test statistics for Stratified CPH. Calculated using Kaplan-
Meier transformed time.

Variables Chi-Square D.o.f P-values
Prior Attainment Quintile | 3.23 4 0.52
SIMD Quintile 2.79 4 0.59
Ethnicity 2.22 1 0.14
Global 8.59 9 0.48

Table E.2: Model estimates for the Stratified CPH Model.

Variables P-values CO((egjl E‘(;nts H?;:%d CR ?. t)lo

Prior Att. Quintile 1 (vs 3) <0.001  0.832 (0.088) 2.297 (1.935,2.727)
Prior Att. Quintile 2 (vs 3) <0.001 0.335 (0.094)  1.398 (1.162,1.682)
Prior Att. Quintile 4 (vs 3) 0.126 20.163 (0.107)  0.850 (0.689,1.047)
Prior Att. Quintile 5 (vs 3) <0.001  -0.865 (0.132) 0.421 (0.325,0.546)
SIMD Quintile 2 (vs 1) 0.015 20.248 (0.102)  0.780 (0.639,0.953)
SIMD Quintile 3 (vs 1) 0.005 20.288 (0.102)  0.750 (0.614,0.915)
SIMD Quintile 4 (vs 1) <0.001  -0.434 (0.100) 0.648 (0.532,0.789)
SIMD Quintile 5 (vs 1) <0.001  -0.510 (0.093) 0.601 (0.501,0.721)
Ethnic-minority (vs White) 0.003 -0.398 (0.135) 0.672 (0.515,0.875)
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