Transforming Access
and Student Outcomes
in Higher Education

Trial protocol: Learning Analytics
RCT (NTU)

Authors: Jess Hunt (BIT), Pujen Shrestha (BIT), Laure Bokobza (BIT), Niall Daly (BIT)
BIT QA: Will Cook (BIT)
TASO QA: Eliza Kozman

VERSION DATE REASON FOR REVISION/NOTES

Any changes to the design to be agreed between the implementation partner(s), evaluator and
TASO. Note any agreed changes in the table below.

1.0 [original] 29/11/22 | First version considered complete to be uploaded to OSF
Pre-registration This design has been pre-registered on the Open Science
Framework.'

The QA rating system is based on the Evaluation Security tool presented in the TASO
Monitoring and Evaluation Framework.”

Design Clear RCT design which will provide robust Type 3
evidence to answer the research question.

Sample size Sizeable sample of between 900 and 1000 per arm. 3.5

Outcome measure Appropriate outcome measure, based on actual student 4.5
behaviour of interest; some limitations in terms of only
looking at short- and medium-term impact but this is
proportionate to the intensity of the intervention.

' https://osf.io/c98kt/
2 https://taso.org.uk/evidence/evaluation/



' \ 1 Transforming Access
and Student Outcomes
4% ‘ g in Higher Education

Attrition Attrition for the sample is expected to be low (<10%) as
data is collected via the NTU learning analytics system.
Detailed examination of attrition scenarios given.

Validity There is some small risk of spillover (which is discussed in
this protocol). The role of tutors in intervening to
compensate for non-treatment bears qualitative

examination by NTU during implementation.

Overall

4.4
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1. Summary
Background

The Behavioural Insights Team (BIT) has been commissioned by the Centre for
Transforming Access and Student Outcomes in Higher Education (TASO). Both trials
are designed to assess the impact of learning analytics interventions. This trial protocol
(TP) is for the trial being delivered at Nottingham Trent University (NTU).

Aims

To evaluate whether a preventative intervention targeted at students identified as being
“at-risk” via NTU’s learning analytics student dashboard (StREAM) increases student
engagement.

Intervention

e In the treatment group students who generate a non-engagement alert (“at-risk”)
on StREAM will receive several attempts at contact via phone call from NTU’s
central support team (business as usual).

e In the control group students who generate a non-engagement alert (“at-risk) on
StREAM receive an email inviting them to request a phone call.

Design

This study is a two-arm, parallel group randomised controlled trial (RCT), testing for
superiority of the treatment condition over the control condition. Eligible students will be
randomly assigned to either the treatment or control group.

Outcome measures
The impact evaluation will have two primary outcomes:

I. average daily student engagement scores in the two-week period, 7 days after
after the student receives their first no-engagement flag (days 7 to 21 of the
intervention period); and

II. average daily student engagement scores in the first four-week period of term 2.

These outcomes are collected by NTU’s own learning analytics system, which involves
daily reporting on individual-level engagement data.

Analyses

A combination of logistic and Ordinary Least Squares (OLS) regressions will be used,
as appropriate, to estimate effects on the primary and secondary outcomes.
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2. Background

Organisation Role and responsibilities

TASO Eliza Kozman Project lead (commissioner)

Rob Summers Project management

BIT Anna Bird Policy QA
Patrick Taylor Project lead (evaluation)
Jess Hunt Project lead (interim)

Pujen Shrestha | Quantitative analyst

Will Cook Research QA
NTU Eleanor Turpin Project lead (intervention / RCT
Emma Hynd delivery)

3. Aims

The purpose of this trial is to investigate whether providing a “default’, where the
intervention is provided automatically, rather than optional coaching phone calls from
NTU’s central team to at-risk students will increase student engagement scores.

Hypothesis: Providing phone calls by default to students who receive a no engagement
alert on StREAM will increase engagement scores compared to the control condition,
where phone calls are requested.

Research questions: What impact does defaulting at-risk students to receive support
phone calls have on student engagement scores?

4. Intervention

NTU uses a learning analytics dashboard — StREAM, created by SolutionPath - that
draws data from a range of institutional systems (see below) to track how engaged a
student is with their learning.

e \Virtual Learning Environment (VLE) logins
e VLE learning rooms
e attendance monitoring
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online submissions
online resource use
building access
library loans

The dashboard generates 'no-engagement’ early warning alerts if a student does not
touch any of the institutional systems listed above during term time for 10 days for first
year students and 14 days for subsequent years. These are strongly associated with
non-progression (Foster & Siddle, 2019). In 2020, as part of the institution’s response to
the initial COVID-19 lockdown, NTU used data from the dashboard to create a contact
service. Now ‘no-engagement’ alerts are sent to a team of callers who attempt to
contact students to provide an initial coaching phone call.

In this trial, NTU will assess the impact of providing these phone calls by default to
students the first time they generate a no-engagement alert. In the treatment condition
students will receive an email informing them to expect a support call within 24-48 hours
unless they opt-out (default delivery). In the control group, students who generate a
no-engagement alert will receive an email inviting them to register their interest in
receiving a call (voluntary delivery). Before emails are issued in either the treatment and
control group there will be an initial filtering process in which personal tutors will be
informed that one of their students has generated a no-engagement alert. At this point
personal tutors can opt their students out of receiving the intervention, however this is
only likely to occur in situations where the intervention is not relevant e.g. the student is
on a study break.

A theory of change for the intervention is under development and will be added to a
later version of this protocol when complete.

NTU will embed a system to tag a student as either treatment or control as part of the
process for actioning alerts and trigger the appropriate email. Staff from the calling team
will use the data from this platform to identify whether students are eligible for a default
or voluntary phone call and follow up accordingly. They will record whether or not a
phone call takes place and share this data with BIT.


https://www.tandfonline.com/doi/full/10.1080/02602938.2019.1682118
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5. Design

This study is a two-arm, parallel group randomised controlled trial (RCT), testing for
superiority of the treatment condition over the control condition. Eligible students will be
randomly assigned to either the treatment or control group (individual-level
randomisation).

The intervention period will run between 11 October 2022 - 14 December 2022, with
final reporting in March 2023.

Figure 1 gives an overview of the study flow and timeline up to the point of final data
collection. Randomization is conducted at the level of the student, and so is the
analysis.
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Figure 1: Trial flow diagram. Notes: *Student or student's tutor opts the student out of the call system
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6. Outcome measures

The outcomes to be measured are described in Table 1. They are broken down into
three categories: primary, secondary, and exploratory, defined as follows.

Primary outcome: The main change that the intervention is trying to make.
Secondary outcomes: The other changes that the intervention is trying to make,
that are also considered to be valuable ends in themselves.

e Exploratory outcomes: Outcomes we are interested in but don’t know for sure
whether/how the intervention will affect them.

These definitions are used here to help clarify the intervention’s theory, but also to
determine some important analytic choices. The primary outcome is used as the basis
for power calculations and the primary/secondary distinction is used to make choices
about adjustments for multiple comparisons. The headline findings of the impact
evaluation will be the estimated effects on the primary and secondary outcomes.

There are two primary outcomes for our impact evaluation:

[ll.  average daily student engagement scores in the two-week period, 7 days after
after the student receives their first no-engagement flag (days 7 to 21 of the
intervention period); and

IV. average daily student engagement scores in the first four-week period of term 2.

Student engagement scores are calculated by NTU’s Learning Analytics system,
StREAM, which can provide daily reporting on individual-level engagement data. NTU’s
engagement ratings are a weighted average of 7 data points: VLE logins, VLE learning
rooms, attendance, online submissions, online resource use, building access, and
library loans. Each of these data points is a daily binary measure where if a student
completes an action related to one of the data points they receive a 1 or 0. The
weighted sum is then averaged over several days to compute a discrete daily rating of 1
to 5. Therefore, both primary outcomes are average daily engagement of a student
across the measurement period.

There are two secondary outcomes:

I. any additional “no engagement” flags generated in term 1;
lI.  whether the student answers the support phone call

There are two exploratory outcomes:

I.  whether a student withdraws from NTU;


https://docs.google.com/document/d/11wZUAeaEVdQcK3pGquVqg64MudlGbm3kqZoeXVnW7Do/edit#bookmark=id.4bvk7pj
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Il.  attendance (the proportion of timetabled sessions attended)?

Outcome measure Data to be collected Point of collection
PRIMARY: Student’s short-term engagement Provided by NTU Learning Mid-line (days 7 to 21 of
score Analytics System the intervention period)
PRIMARY: Student’'s medium-term Provided by NTU Learning Endline (first 4 weeks of
engagement score Analytics System Term 2)
SECONDARY: Provided by NTU Learning Mid-line (end of Term 1)
Additional at-risk flag generated in Term 1 Analytics System
SECONDARY: Provided by NTU Mid-line (2 weeks following
Student answers phone call administration intervention, Term 1)
EXPLORATORY: Provided by NTU Mid-line (2 weeks following
Withdrawal from NTU administration intervention, Term 1)
EXPLORATORY: Provided by NTU Mid-line (2 weeks following
administration intervention,4 Term 1)
Attendance

Table 1: Outcome measures

7. Sample selection

The participant pool are all NTU undergraduate students who receive at least one
“‘no-engagement” flag in StREAM over the 2022/23 first term. StREAM identifies
students at risk of no-engagement based on students’ engagement with a range of
institutional systems on a daily basis. The system generates a “no engagement” early
warning alert when a student does not touch any of the items included in the LA system
for 10 consecutive days during term time if they are a first year student, and 14
consecutive days, if they are a second or final year student. A student enters our
sample the first time they generate an alert.

% Not all sessions are monitored for attendance. Every session where the room and lecturer are booked
through the central timetabling system can be subject to attendance monitoring. However, it is decided by
individual schools what type of session is timetabled centrally (seminars, lectures, tutorials) and then by
individual lecturers if they want to use the system take a register and use the attendance monitoring
system. We therefore expect missing data for this variable, but NTU is unable to estimate how much.
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In the 2021-2022 academic year NTU had 31,519 undergraduate students, 4882 of
whom generated at least one no engagement alert during term 2 (15% of
undergraduates) and 2,990 had at least one call attempt following the initial filtering
stage (9% of the total undergraduate sample). As NTU have indicated that they have
taken on fewer undergraduates in the 22/23 academic year (estimating ~27,500), we
anticipate about ~3,000 will receive at least one no engagement alert and ~2,000 will be
eligible to receive the intervention.

The risk of attrition in this project is minimal, as attrition is closely associated with our
outcome measures i.e., low engagement with university. We estimate we will observe
less than 10% attrition. Attrition may occur in the following ways:

a) Between the period in which student data is randomised and the trial commences
the student withdraws from University and therefore no further data collection will
take place. We will track this in the analysis. However, as we expect this to be
balanced across treatment and control groups it is not a threat to evaluating the
effect of the intervention.

b) By tutors opting students out of receiving the intervention: This may occur
because the intervention isn’t relevant (e.g. the student is on study leave or a
placement), or because the tutor plans to intervene themselves. We will record
where this occurs but will be unable to determine which students may have
received additional support from tutors. Again, we expect this to be consistent
across the treatment and control group.

8. Randomisation
8.1. Introduction

NTU will conduct the randomisation based on randomisation code developed by BIT
and adapted by NTU. It should be noted that the primary practical constraint imposed by
NTU on randomisation is that we will not be able to randomise over at-risk students
directly. Instead, we will randomise the whole student population and then include in the
analytical sample only those we are flagged as at-risk. This introduces the risk that the
analytical sample will be unbalanced. To best ensure balance, we will be conducting a
stratified randomisation based on binary versions of ethnicity, year of study, and entry
qualification, three factors that NTU report are correlated with being at-risk and with
engagement scores more generally.

8.2. Blinding

Although participants will be aware of the at-risk communication they have been
exposed to prior to outcome data collection, we do not expect many to be aware that
they are in a trial where different participants are exposed to different conditions.
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8.3. Allocation mechanism

Randomisation will be conducted by NTU using code developed by BIT. Participants will
be allocated to a trial arm using a stratified randomisation at the individual-level across
the total population of undergraduate students attending the HEP. They will be
identified by NTU using the unique student identifier. Analysis will only be conducted
amongst those who are later identified as at-risk. Therefore we will stratify participants
on ethnicity, year of study, entry qualification which are correlated with generation of
non-engagement alerts in order to ensure balance amongst the at-risk sample.

8.4. Balance

We will conduct a balance check on the following baseline characteristics
post-randomisation:

Gender

Young/Mature student (a binary indicator of whether a student is aged 21 or over
at the start of their undergraduate studies)

Year of study (the year the student commenced their study)

Course/department (the department the student is a member of)

Entry Qualification (a binary indicator of whether a student has entered university
with A-levels or another qualification)

Additionally, we will conduct a balance check on the following baseline characteristics
on the analysis sample:

e Student opt-outs
e Personal Tutor opt-outs

We will conduct balance checks using a normalised differences approach to establish
whether the experimental arms are balanced or not by these observables. We will not
consider these tests as evidence of randomisation success or failure in terms of
unobservables.

8.5. Randomisation procedure

The variables used for randomisation will be as follows.

Participant ID
Gender

Age

Year of study
Course/department
Entry Qualification
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Due to delays in formalising data sharing processes, a decision was made that BIT will
share code with NTU, so that NTU can conduct the randomisation in-house. NTU will
then implement the randomisation, by coding students as either treatment or control in
their central LA processes which will trigger the appropriate follow up.

9. Data collection

For the purpose of this trial, NTU will not be sharing data outside of their administrative
system. Instead BIT will conduct the analysis by:

a) nominating four named members of the project team to become temporary
administrators at NTU, these individuals will receive an NTU email address through
which to access university data

b) using an NTU laptop for all data-related activities. As a result no NTU data will be
shared or saved on BIT’s systems over the trial period.

BIT will access the following data, via NTU’s system, over the trial period.

Data item Timeframe Collector
Unique student ID Baseline NTU administration
All the other covariates of interest |Baseline NTU administration

Age, gender, etc.

Mid-line (two weeks following |NTU LA system
the intervention,Term 1)
Endline (first two weeks of
Term 2)

Daily engagement scores

Mid-line (two weeks following |NTU LA system
Phone call takes place the intervention, Term 1)

Mid-line (two weeks following |NTU administration
Opt outs (student or tutor-induced) [the intervention, Term 1)

Table 2: Data collection

Engagement data will be available to BIT in term 2, with interim data available w/c 2nd
Jan and final data available w/c 6th February.
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10.Procedure

Timeframe Action

w/c 5 Sept Project inception meeting (ALL)

w/c 26 Sept Agree data sharing processes (ALL)
w/c 26 Sept Finalise TP (BIT)

w/c 3 Oct Support NTU to randomise data (BIT)

11 Oct - 14 Dec

Trial implementation (NTU)

7 Nov - 5 Dec

Theory of change workshops and development (BIT / NTU)

w/c 2 Jan 2023

Share interim data (NTU)

9-27 Jan Analyse interim data (BIT)

w/c 30 Jan Interim presentation of findings (BIT)
w/c 6 Feb Share final data (NTU)

13-24 Feb Final data analysis (BIT)

3 -23 Mar Final report writing and QA (BIT)

24 Mar Final report shared with partners (BIT)
w/c 27 Mar Presentation of findings (BIT)

Table 3: Procedure timeline

11.Power calculations

11.1. Summary of findings

The sections below illustrate the logic and assumptions used to conduct our power
calculations. The overall summary is as follows:

10
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e The power calculations were conducted for the primary outcome. If the sample of
at-risk students is 1,910, then we estimate that the MDES is 0.13 (the most likely
estimate).

e |f the sample of at-risk students is 1,910 and the sample has an unequal
allocation of a ratio of 2:1, then we estimate that the MDES is 0.13 (a more
conservative estimate).

e If the sample of at-risk students is 2,124, then we estimate that the MDES is 0.12
(a more optimistic estimate).

11.2. Introduction

Power calculations have been conducted for the primary outcome only (i.e. engagement
score). We do not have control over the size of the sample, so these calculations
estimate the minimum detectable effect size (MDES), given the estimated sample of
at-risk students. NTU has supplied us with the following estimates based on the
2021/2022 academic year:

e Number of students eligible to be flagged as at-risk (the total student population)
e Number of students flagged as at-risk during an equivalent period in the last
academic year.

Power calculations are based on this information. NTU reported that during the 2021/22
academic year there were 32,917 students attending the university of which 3,529
students generated at least one at-risk alert. Based on the reported population of
students for the 2022/23 academic year, 27,500, we estimate that 3,025 students will
receive an at-risk flag during the 2022/23 year given the rate at which students are
flagged as at-risk remains consistent.

Due to the nature of the primary outcome (short-term engagement over the two-week
period after being flagged as at-risk) not all students that are flagged as at-risk will be
tracked for two weeks of first term. This is because students flagged on or after the 3rd
of December will be flagged too late for data collection to take place. For example, this
will occur in the scenario that student X receives their flag on the 3rd of December,
leaving only 13 days for data collection to take place. Therefore, of the 2,360 students
that we estimate will receive a at-risk flag in first term, only 78% of students flagged as
at-risk (if we assume that at-risk flags are uniformly distributed across the term) will be
flagged in time for NTU to record their short-term engagement score*.

4 NTU have indicated that there might be a longer than expected “lag” between being flagged as at-risk
and receiving the intervention. This may decrease the proportion of students that would be flagged in time
for NTU to record their short-term engagement score. This would decrease the power of this trial.

1
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Furthermore, as discussed above, we expect attrition in this trial to be no more than
10%, leaving an estimate of 2,124 students.

Finally, considering the risk that over-estimation of the eligible sample would pose for
our MDES and the fact that data collection for the short-term engagement score occurs
at the midpoint of first term we have added a 10% penalty for the final estimated
sample. This leaves us with a final estimate of 1,910.

Additionally, our randomisation strategy does not ensure that the control and treatment
group will be identical in size in that the allocation ratio may not be 1:1. We attempted to
mitigate this risk with the inclusion of three strata associated with being at-risk.
However, it is still possible the allocation ratio will be greater than 1:1. Therefore, to
illustrate the effect on power of uneven allocation we conducted additional power
calculations with ratios of 2:1. The effect on power is minimal. The chance of an
allocation rate of 2:1 occurring is low, however, if we observe an allocation ratio that
diverges substantively from 1:1 we will investigate whether the randomisation has
worked.

11.3. Baseline engagement score

To estimate the MDES with a sample of 2,124, we collected baseline engagement data
based on historical figures from NTU. This historical data collected across the first term
of the 2021/22 academic year indicated a baseline average engagement score of 2.00
with a standard deviation of 0.89 amongst those who were flagged as at-risk.

11.4. Anticipated effect
11.4.1.Anticipated statistical effect

There is growing evidence that the use of early alert interventions can positively affect
attendance and engagement metrics (Bowen, Price, Lloyd, & Thomas, 2005; Hudson,
2006; Richie & Hargrove, 2005; Tampke, 2013). However, the relatively novel nature of
this intervention, limited RCT evidence, and the proprietary nature of the outcome
measure means that estimating a statistical effect is difficult. However, considering the
positive directionality of early alert interventions, we estimate a Cohen’s d of 0.15.

11.4.2.Anticipated substantive effect

Our estimated effect size of Cohen’s d of 0.15, when applied to the baseline values of
the mean (2.00) and standard deviation (0.89) of engagement scores in the first term of
the 2021/22 academic year means we anticipated a substantive effect of 0.13 points on
average engagement score scale (1-5).

12
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11.5. Summary of assumptions

Table 4 summarises the assumptions used to estimate the MDES under a range of
scenarios.

0.8

0.05

27,500

1,910 -2,124

2 (control and treatment)

Short-term average engagement score (1-5)

Based on historical data provided by NTU we estimate that
the baseline engagement score is 2.00 with a standard
deviation of 0.89.

0.13

Cohen’s d of 0.15

Increase of average engagement score from 2 to 2.13.

Cohen's d of MDES is 0.14 and intervention effect is 0.15°

Yes, using Bonferroni multiple comparison adjustments to be
conservative.

Table 4: Power calculation assumptions

5 The MDES calculations conducted here are conservative. The Bonferroni multiple comparisons
adjustment we have used in the power calculations is more conservative than the pre-specified multiple
comparisons adjustment of the Benjamini-Hochberg step-up procedure that we will use in analysis.
Therefore, the true MDES lies between unadjusted and bonferroni measures.

13
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11.6. Findings

Based on these assumptions, our estimates indicate that the MDES may range from
0.12 to 0.13. This is equivalent to saying that, in the worst case scenario estimated, we
think that the trial would be powered to detect an increase in engagement scores from
2.00 to 2.13. The inclusion of covariates in our analysis may increase the precision of
the estimated effect.

Table 5 shows the detailed findings from the power calculations.

Alpha

Power

Multiple comparisons

Baseline mean (standard
deviation)

Attrition Sample size

n, Total n Cohen’s d

v 955 955 1,910 0.14 0.13

v 1,272 637 1,910 0.15 0.13

v 1,062 1,062 2,124 0.14 0.12

Table 5: Power calculations
Notes: pp = percentage points; MDES = minimum detectable effect size.

Figure 2: MDES by sample size

14
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Assumptions: Power = .8, Alpha = .05

12.Analytical strategy
12.1. Primary outcome (Engagement score short-term)

The following model will be used to estimate the effects of the intervention on the
primary outcome, using ordinary least squares (OLS) regression. Analysis will be
conducted on an intention-to-treat basis, including all complete cases across both

cohorts.
Yi: BO + BlTi + BZXi + ei
where,

o Y is the short term engagement score (0-5);
o T is binary indicator of treatment assignment (1 for treated, 0 for control);

* X is a vector of pre-treatment covariates (gender, ethnicity, postcode-level

marker of disadvantage®, whether anyone in the family has been to university,
academic year group, week intervention was delivered, entry qualification); and

8 IMD Quintile
15
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* ¢ is the heteroskedasticity robust residual error term.

12.2. Primary outcome (Engagement score medium-term)

The following model will be used to estimate the effects of the intervention on the
primary outcome, using ordinary least squares (OLS) regression. Analysis will be
conducted on an intention-to-treat basis, including all complete cases across both
cohorts.

Yi: B0 + B1Ti + BZXi + ei
where,

o Y is the medium term engagement score (0-5);
° Tl_ is binary indicator of treatment assignment (1 for treated, 0 for control);

* X is a vector of pre-treatment covariates (gender, ethnicity, postcode-level

marker of disadvantage’, whether anyone in the family has been to university,
academic year group, week intervention was delivered, entry qualification); and

* ¢ is the heteroskedasticity robust residual error term.

12.3. Secondary outcome (Additional at-risk flag generated in Term 1)

The following model will be used to estimate the effects of the intervention on the
secondary outcome of whether an additional at-risk flag is generated in Term 1. Analysis
will be conducted on an intention-to-treat basis, including all complete cases in the
post-16 sample.

Y ~bernoulli(p) ; logit(p) =B, + B, T, + BX,
where,

° Y is a binary indicator of whether an additional at-risk flag is generated in Term 1

(1 if they have, 0 if not);

e p,is the probability of ¥ ;

7 IMD Quintile
16
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o T is binary indicator of treatment assignment (1 for treated, 0 for control); and

° Xl_ is a vector of pre-treatment covariates (gender, ethnicity, postcode-level

marker of disadvantage®, whether anyone in the family has been to university,
academic year group, week intervention was delivered, entry qualification).

12.4. Secondary outcome (student answers phone call)

The following model will be used to estimate the effects of the intervention on the
secondary outcome of whether a phone call takes place. Analysis will be conducted on
an intention-to-treat basis, including all complete cases in the post-16 sample.

Y ~bernoulli(p) ; logit(p) =B, + BT, + BX,
where,

° Y is a binary indicator of whether the student answers the call (1 if they do, O if

not);

* p is the probability of Y,
o T is binary indicator of treatment assignment (1 for treated, 0 for control); and

* X is a vector of pre-treatment covariates (gender, ethnicity, postcode-level

marker of disadvantage®, whether anyone in the family has been to university,
academic year group, week intervention was delivered, entry qualification).

12.5. Multiple comparisons

This study includes a large number of statistical tests. This increases the chance that a
finding will appear to be statistically significant when there is no real effect. If all of these
tests were given the same status in the analysis, then it would be necessary to adjust
the p-values of some estimates to ensure that they reflect the true probability under the
null hypothesis. Exactly how many p-values need to be adjusted, and in what way, is
disputed in the literature. BIT’s standard operating procedures, to guard against this
problem of false discoveries, work on the following three principles.

1. Have as few outcomes as possible.
2. Have as few treatment arms as possible.

8 IMD Quintile
% IMD Quintile
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3. Make as few comparisons as possible.

In situations where a large number of comparisons are made, BIT uses the
Benjamini-Hochberg step-up procedure to correct for this (Benjamini & Hochberg 1995).
Table 9 shows when we use this procedure. The procedure is applied separately for
primary and secondary outcomes, but does not apply to exploratory outcomes.

Should | use multiple comparisons? Orange = yes

Number of outcomes

Number of treatment arms

(i.e. trial arms excluding control)

5+

Table 6: When to correct for multiple comparisons

This study has two primary outcomes and two secondary outcomes, so adjustments will
be made using the Benjamini-Hochberg step-up procedure to correct for this.

12.6. Missing Data

All analysis described above will be conducted on complete cases only. Where
covariates are missing, we will run two robustness checks on all analyses. First, we will
create a new variable to indicate missingness and use this to re-estimate the effects.
Second, we will re-run all analyses without covariates and report the unadjusted
estimates.

Further missing data analysis will be conducted on the primary outcome only as follows.
First, the number of complete observations (those without any data missing) will be
reported. If fewer than 5% of observations contain missing values, then little bias is
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likely to be introduced by listwise deletion (Schulz & Grimes 2002, p.784), so no further
analysis will be conducted. If more than 5% of observations have missing values, then
we will aim to establish whether the data is missing completely at random (MCAR),
missing at random (MAR) or missing not at random (MNAR). If we think data is MAR or
MCAR, we will test this by running a logistic regression; creating a binary indicator for
whether values of a variable are missing, then examine whether any of the covariates
are significant predictors of this missingness. If the data appears to be MCAR or MAR,
the following procedure will be followed.

1. Multiple imputation will be carried out.
2. The relevant analysis to re-estimate effects will then be performed separately on
each imputed dataset.

3. The results from these estimates will be pooled into a single set of parameter
estimates and confidence intervals using ‘Rubin’s rules’.

If the data appears to be MNAR, sensitivity analysis will be conducted. This will
investigate the sensitivity of the point estimate of the treatment effect to changes in
model specification (and hence sample definition), through the inclusion and exclusion
of variables for which observations are missing.

13.Ethical considerations

‘Evaluation of calling intervention following learning analytics generated alert’,
favourable opinion granted by NTU ADAH & ADBE REC on 5th October 2022.

14.Risks
Part of Impact Likelihood Mitigation strategy
evaluation
Pre-trial Delays in High High BIT uses time management | TasO
HEPSs' pre-trial and resourcing software, and BIT
activities which will allow us to quickly
(ethics review, adjust project plans and - if
data sharing, needed - identify extra staff
intervention to bring into the project from
set-up), other teams to complete
making it tasks in a more condensed
harder to fashion than initially
complete the planned.
project on
time.
Trial design Intervention is | Medium Medium BIT will use the ToC to BIT
too similar to clarify the difference
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business as between the treatment and
usual, which control group, and update
leads to a trial design and power
small effect calculations accordingly.
size and the
trial being )
underpowered. BIT will recommend that
HEPs’ IPEs capture the
business-as-usual
approach, e.g., ask tutors
about current outreach to
at-risk students regarding
their low engagement.
Randomisati | BIT will not be | High Low BIT/TASO to maintain TASO
on able to regular communication with | and BIT
randomise HEPs to address any issues
students caused by the delays.
applicants in BIT to continue to replan
time t? meet project resourcing to try to
HEPs be as flexible as possible.
applicant
notification
deadlines.
Randomisati | Risk of small Low Medium For stratified randomisation | BIT
on strata sizes to guarantee causal
inference, one needs that
the average size of the
strata should not contain
less than 20 participants,
and should not have 10 or
more strata containing 4 or
fewer participants. We have
chosen our stratification
variables (year of study,
ethnicity, and entry
qualifications) while bearing
this constraint in mind.
Trial HEPs do not High Medium BIT will provide HEPs with HEPs/BI
implementati | implement the clear guidance on how to T
on intervention in implement the randomised

accordance
with the TP or
randomised
dataset.

dataset and include two BIT
email addresses (or phone
numbers) in each treatment
condition of the dataset to
allow us to check that
intervention arms are
delivered the correct
interventions.
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If HEPs require changes to
the original TP after launch,
BIT will update the TP

accordingly.

Trial Characteristics | Medium | Low BIT will: BIT
analysis and | of the outcome e Explore secondary
results measure measures, e.g.,

(variance additional flags

across generates/opt-outs

courses, from the call

baseline e Ensure balance in

values, scale) teaching

could mean departments across

the trial is treatment and

underpowered. control groups.
Trial Spillover/conta | Low Low We consider the risk of BIT
analysis and | Mination spillovers and their potential
results risk on the trial to be low.

Given that treatment takes
the form of an email sent
directly to students, followed
by no action a voluntary or
default individualised phone
call directed at the treated
student’s personal phone
number, it is very unlikely
that untreated students
would be aware or
inadvertently benefit from
the intervention.

Table 7: Risks table
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