Early Assessment Engagement and Programme Completion among Mature Learners on a Widening-Participation Programme: A Secondary Quantitative Analysis of Three Level 4 Applied Leadership and Management Cohorts

Abstract
Mature learners on widening-participation programmes are a priority group in United Kingdom higher education, but programme-level evidence about non-completion and how early it can be identified remains limited (Gongadze, 2021). This study analysed three years of institutional data from a Level 4 Applied Leadership and Management programme at a Welsh university (168 enrolment records representing 159 students, 83.3% female, mean age 35.9 years). Five hypotheses were examined using chi-square, independent-samples and paired-samples t-tests, Pearson correlation and Welch's analysis of variance, with Spearman and Wilcoxon used as targeted sensitivity checks. Students who submitted the first assessment were far more likely to complete the remaining five modules than those who did not: 80.8% versus 7.9%, chi-square(1, N = 168) = 64.88, p < .001, φ = .64. Repeat-enrolment records averaged 9.64 marks lower, t(149) = 3.76, p < .001, g = 0.82. A higher number of non-submissions was associated with lower mean marks, r = -.38, p < .001. Mean marks did not differ across cohorts, Welch's F(2, 83.6) = 0.17, p = .842, or across the module sequence, t(127) = 0.32, p = .747. A person-level check confirmed these conclusions, by repeating the five main tests against the most recent enrolment record for each student, ensuring that findings were not caused by the difference between enrollments and actual students as 9 students reenrolled for a subsequent year. Formal confirmation of reasonable adjustments through a Statement of Compensatory Measures was recorded on 12 of the 168 analysed enrolment records, held by 10 of the 159 students; this represents 6.3% of students.
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1. Introduction
Programme completion among mature learners on widening-participation (WP) programmes is a persistent concern for higher education institutions (Office for Students [OfS], 2021). In the United Kingdom, widening participation policy primarily focuses on access, retention and attainment for students from non-traditional backgrounds, including mature learners who enter higher education later in life and frequently combine study with employment and caring responsibilities (Moore et al., 2013; OfS, 2021).
At the University of Wales Trinity Saint David (UWTSD), Level 4 Applied Leadership and Management (ALaM) students in the Institute of Management and Health are predominantly mature learners, and the programme is delivered across five campuses in south and west Wales. Entry is open, in that admission considers relevant work and supervisory experience rather than prior formal qualifications and is reflected in a cohort mean age of 35.9 years.
Together, the open-entry route and mature learner course profile make this a widening-participation programme. However, the data contains no individual-level widening-participation indicators (Section 5.7).
Structured, strengths-based academic literacy support may therefore help students translate professional knowledge into academic work while supporting confidence, self-efficacy and belonging (Gilani & Thomas, 2025).
Research indicates that mature learners often arrive demonstrating strong commitment and motivation, while many initially experience uncertainty about belonging, confidence and academic expectations that can shift during study (Erb & Drysdale, 2017; Jones et al., 2025).
Supportive environments are associated with greater engagement and reduced disengagement (Chen et al., 2023), but stigma, uncertainty about services and self-doubt can limit the extent to which students, in practice, utilise the support available to them (Hyseni Duraku et al., 2023; Pollard et al., 2021). HE Sector reports indicate that progression and attainment remain uneven for disabled learners, with the integration of support into teaching and assessment identified as a key contributor (Advance HE, 2023).
On a work-based programme such as ALaM, the more important question may be whether students are able and willing to engage with support, not simply whether support exists.
Within the ALaM programme, academic support is available to all students. Internal programme monitoring suggests that patterns of non-submission, extenuating circumstances (ECs), completion and progression may vary between cohorts and across academic years. This raises an important practical question: can students at greater risk of non-completion be identified using information already held by the programme, and how early in the student journey does this information become available?
This is particularly relevant to widening-participation students, for whom academic self-efficacy, study strategies and sense of belonging are identified as intermediate outcomes associated with access, persistence and success (Thomson et al., 2022).
Given UWTSD’s commitment to widening participation and retention, routinely collected administrative data may help programmes identify students who could benefit from timely, targeted academic support. Such information cannot guarantee success, but it can identify patterns associated with risk and provide a basis for earlier, proportionate intervention. Early-alert systems can identify students at greater likelihood of discontinuation, though the effectiveness of the support that follows identification varies across settings (Larrabee Sønderlund et al., 2019; Villano et al., 2018).
Considering this, the study examines which early signs of assessment engagement and enrolment, already visible in university records, are associated with programme completion and academic attainment among Level 4 ALaM students, and reports descriptively on the prevalence and timing of formally confirmed reasonable adjustments. The aim is addressed through one main research question and three sub-questions:

Main research question: Which early signs of assessment engagement and enrolment, already visible in university records, are associated with programme completion and academic attainment among mature learners on a Level 4 work-based widening-participation programme?

SQ1. Is non-submission of the first assessment associated with completion of the remaining modules?
SQ2. Is repeat enrolment associated with differences in academic attainment?
SQ3. Is the number of assessment non-submissions associated with academic attainment?

2. Literature Review
2.1 Widening participation, mature learners, progression and achievement
The widening-participation literature identifies mature learners and those entering higher education through non-traditional routes, including students with limited prior qualifications or interrupted educational histories, as groups with distinctive strengths, circumstances and support needs, and documents persistent inequalities in their access, continuation, completion and attainment (Gongadze et al., 2021; OfS, 2021, 2024; Robinson & Salvestrini, 2020).
In 2021–22, entrants classified by the OfS as significantly disadvantaged had a continuation rate of 84.6%, 6.9 percentage points lower than other entrants and 5.1 percentage points lower than economically precarious entrants (OfS, 2024).
Mature learners often enter higher education with substantial life and work experience and may view study as a route to personal development, career progression or occupational change. However, many also balance study with paid employment, financial pressures, caring responsibilities and time constraints, which can affect engagement, continuation and academic outcomes (Gongadze et al., 2021; OfS, 2021).
Qualitative research with mature undergraduates suggests belonging and confidence can develop through course-based communities of practice, even where students initially feel uncertain about their place in higher education (Jones et al., 2025), and that beliefs about learning capacity can shift during study (Jones & McConnell, 2023). Academic and social engagement are independently associated with belonging and retention (Ahn & Davis, 2023), and among mature international students, provision recognising prior experience is linked to stronger belonging (Pervez et al., 2024).
Age itself should not be treated as a proxy for ability or motivation: outcome differences by age persist but are not explained by age alone (OfS, 2021, 2024), and mature students are a heterogeneous group shaped by study mode, prior qualifications, work and caring responsibilities and access to support (Gongadze et al., 2021). Age is therefore examined here descriptively, comparing records below and above the Student Finance England threshold of 25 years. These findings provide the backdrop for examining non-submission, assessment disruption and completion among Level 4 ALaM students, who are primarily mature learners on a widening-participation programme.

2.2 Engagement, non-completion and early assessment engagement
Research on non-completion has increasingly moved from asking which students leave to asking when their departure first becomes visible. Behavioural indicators drawn from routinely held records can outperform demographic ones: among first-year business and social science students, the proportion of subjects failed and not attended in the first semester carried significant predictive power for dropout (Ortiz-Lozano et al., 2024).
Assessment submission is among the earliest of these signals. Linden (2022) describes an Australian retention model built on monitoring submission of a single early assessment item, allowing students who had not engaged to be contacted before the first census date. The behaviour appears persistent rather than incidental: across two assessments in an online first-year course, students who submitted on time initially were most likely to do so again, whereas early non-submission was associated with continued non-submission or withdrawal, and marks did not differ meaningfully between submission categories (Cochrane et al., 2026).
Why students do not submit is less well established. At a United Kingdom widening-participation institution, two-thirds of the reasons students gave were situational, principally health, family and caring responsibilities, rather than dispositional (King & Loddick, 2026). This connects non-submission to the competing demands described in Section 2.1.
UK research shows growing use of learning analytics and early-alert systems to identify patterns associated with engagement, progression and retention. At the Open University, predictive indicators based on learner activity and assessment data are used to identify students at risk of not submitting their next tutor-marked assignment, enabling tutors and student-support teams to consider timely support (Boroowa & Herodotou, 2022). Recent UK case-study research similarly identifies student engagement, retention, progression and wellbeing as key uses of learning analytics, while also emphasising variation in institutional practice and the importance of interpreting data in context (Dixon et al., 2025).
Identification and effective response are separate problems, however, and the support provided after students are identified has variable effects across settings (Larrabee Sønderlund et al., 2019; Villano et al., 2018).
Enrolment pattern is a second routinely recorded indicator. Students who experience an initial interruption to enrolment are more likely to experience further interruptions and less likely to graduate (DesJardins et al., 2006). The direction is not uniform: where repetition of a full year is mandated rather than chosen, it has been found to raise subsequent grade point averages while also increasing first-year dropout (Tafreschi & Thiemann, 2016). Repeat enrolment may therefore mark disruption, remediation, or both, and is examined here as an association rather than an explanation.

2.3 Academic literacy, belonging, self-efficacy and support
For Level 4 ALaM students, transition into higher education may involve translating substantial professional and managerial experience into the forms of academic work required for assessment: academic writing, critical reading, the use of evidence and engagement with feedback. This may be particularly relevant for mature students entering through non-traditional routes, who may have limited recent experience of formal study but should not be understood through a deficit model (Farini & Scollan, 2021; Lyu et al., 2025). Academic-literacy support is therefore best understood as helping students engage with unfamiliar expectations while drawing on existing knowledge rather than assuming a lack of ability.
Belonging and academic self-efficacy are increasingly recognised as important in understanding engagement, persistence and success among widening-participation cohorts; at one such UK university the social dimension of learning was identified as an important source of academic self-efficacy among first-year students (Jones et al., 2025; McKenzie et al., 2024; Reilly et al., 2024).
These constructs are relevant because students' confidence, sense of legitimacy and willingness to seek help may shape engagement with assessment. They are not measured directly in the institutional dataset used here, and the study therefore treats them as plausible explanatory mechanisms rather than as measured variables.

2.4 Additional learning support and academic support in higher education
Research and sector guidance suggest that supporting student achievement is most effective when academic support, disability provision, wellbeing support and opportunities for social and academic integration are coordinated across the student journey rather than introduced reactively (Kutscher & Tuckwiller, 2019; Moriña & Biagiotti, 2022; Römhild & Hollederer, 2024). UK policy and sector reports indicate that progression and attainment for students with disabilities and additional learning needs remain uneven, and emphasise embedding support within curriculum design, delivery and assessment (Advance HE, 2023; OfS, 2019; Reardon et al., 2021).
The quantitative studies closest to the present design reach mixed conclusions. A scoping review of 46 empirical studies found disability-related services and testing accommodations less consistently associated with academic success than interventions promoting social and academic integration (Römhild & Hollederer, 2024), whereas in a large United States sample students who accessed support were more likely to persist or complete (Newman et al., 2021). Timing and sustained use may matter as much as access, though the pattern varies by disability group (Blasey et al., 2023; Freeman, 2025).
One reason for these inconsistencies is that support is not randomly allocated. Students who access it may already differ from those who do not, in disability-related need, prior educational experience and other characteristics associated with outcomes, so differences between support users and non-users cannot automatically be attributed to support itself (Balzer Carr & London, 2019; Römhild & Hollederer, 2024). Recorded use may also understate need: a systematic review of academic help-seeking identifies stigma, self-reliance and uncertainty about available services as recurring barriers (Martín-Arbós et al., 2021), and these may weigh more heavily on students with limited recent experience of formal education (Bornschlegl et al., 2020).
The present observational study therefore interprets any association between recorded adjustments and student outcomes cautiously and does not infer causation.

2.5 Limitations of the existing evidence and the contribution of the present study
The literature establishes that academic, disability and social support can be relevant to engagement, continuation and attainment for mature and widening-participation learners, but evidence on individual support use remains mixed. Much of the quantitative literature is based on North American disability-service contexts where support users and non-users differ in underlying need, so observed differences cannot readily be read as causal effects of support (Freeman, 2025; Newman et al., 2021; Römhild & Hollederer, 2024).
Nevertheless, there is limited published evidence examining whether routinely collected assessment-submission records and adjustment information can provide an early indication of completion risk within work-based, multi-campus programmes serving primarily mature learners. This is relevant because national statistics can show that outcomes differ across groups, but they cannot show how assessment engagement and support operate within a particular programme (OfS, 2024).
The present study addresses this gap through secondary analysis of three years of anonymised institutional data from the Level 4 Applied Leadership and Management programme at UWTSD. It examines associations between early assessment engagement, enrolment pattern, assessment disruption, academic attainment and Level 4 completion, and describes the prevalence and timing of formally recorded reasonable adjustments in the same cohort, adding programme-level evidence to a literature that has largely addressed national patterns, broad institutional interventions or online learning environments.
The study does not test whether support causes improved outcomes, nor does it directly measure academic literacy, belonging or self-efficacy; it evaluates whether data already recorded by the programme are associated with completion and attainment. Associations are interpreted cautiously, since support allocation is non-random and administrative records cannot capture all factors shaping engagement and progression.

3. Methodology
This study adopts a secondary quantitative, observational design using anonymised student-level institutional data for Level 4 Applied Leadership and Management (ALaM) students. A quantitative approach suits research questions about measurable associations between assessment engagement, enrolment pattern, assessment disruption and outcomes including marks and completion; because these variables are recorded numerically or categorically for the full cohort across three years, the dataset supports both descriptive and inferential analysis (Creswell, 2009; Saunders et al., 2019).
The study sits within a post-positivist tradition: it uses observable institutional records and hypothesis testing while recognising the data are observational rather than experimental, so findings are interpreted as probabilistic associations rather than causal effects. This applies with particular force to the SCM data, which record adjustments granted in response to identified need rather than assigned at random.

3.1 Researcher positionality and reflexivity
The researcher occupies an insider position, holding teaching and programme responsibilities on the ALaM programme. Positionality is relevant in quantitative as well as qualitative research because it can shape the questions selected and the interpretation of findings (Cohen et al., 2018; Holmes, 2020), and is treated here as part of the research design rather than only a limitation.
Insider status provides contextual knowledge of the programme and its coding conventions but also creates potential for bias (Saunders et al., 2019); the researcher taught 40 of the students in the dataset. All marks are subject to blind marking, internal moderation and external moderation by the awarding body, so the marks analysed are final agreed outcomes rather than marks as originally awarded, and access to anonymised data was restricted to the purposes of this study.
Several features reduce the potential influence of researcher expectations: hypotheses, variable definitions and the analytical strategy were specified before outcome data were examined, group-difference hypotheses were non-directional, sensitivity analyses test whether findings depend on reasonable alternative coding decisions (Appendix C), and a data dictionary documents variable construction, recoding and exclusions.

3.2 Data source and sample
The dataset comprises anonymised student-level records drawn from internal institutional administrative systems for all Level 4 ALaM students enrolled across three completed academic years, an appropriate source of secondary data where access is authorised, confidentiality protected and variables sufficiently documented (O’Leary & Hunt, 2017; Saunders et al., 2019).
No sampling procedure was used; the dataset is therefore a census of the accessible programme population for the study period rather than a sample drawn from it, and pooling records across three years reduces the extent to which findings may reflect a single cohort. Appendix F sets out how this dataset was built from the original source records.
The multi-year design does not remove potential cohort effects, so academic year is retained as a contextual variable and reported descriptively.

3.3 Variables and measures
The variables entering the hypotheses are non-submission count, whether a mark was recorded for module 1, modules attempted and enrolment pattern. Academic year, age at start and gender characterise the cohort and are reported descriptively rather than tested. Outcome variables are mean academic mark and completion, defined as a recorded mark for all six modules. Enrolment pattern distinguishes repeat-enrolment records (n = 28) from single-year records (n = 140). A repeat enrolment is a return to the programme to complete modules outstanding from an earlier enrolment rather than a first year of study; because a student may return from an enrolment that began before the study period, the 28 records are not confined to the nine students who appear twice within the three-year window (Section 4.1.1). Mean academic mark is calculated from full academic marks, the best available uncapped numeric mark for each module, including marks awarded following extenuating circumstances or late submission. Capped marks, the official marks after capping rules are applied, are held separately and are not analysed. Students may submit up to seven days after a module deadline and still receive a mark, capped at 40; a module is only treated as not submitted once that seven-day window has passed. Whether a mark exists for a module, whatever its value, is therefore normally known within eight days of the deadline. Presence of a Statement of Compensatory Measures (SCM) record and its creation date were obtained from Learner Support and are reported descriptively only, for the reasons set out in Section 3.7.
Age and marks are treated as scale variables; enrolment pattern, academic year, gender, module 1 submission status and completion as categorical; non-submission and EC totals as counts. Age was derived from date of birth at a single reference date, after which date of birth was removed from the working dataset.

3.4 Data preparation
The dataset was cleaned, coded and pseudonymised before analysis. Direct identifiers were removed and replaced with study codes, and a data dictionary records each variable, its source, coding, measurement level and derivation. Inclusion and exclusion decisions, duplicate records, implausible values and missingness were documented so that the analysis can be audited and repeated. Corrections applied during preparation are logged in the workbook's change record and summarised in Appendix C.
Missing marks, non-submissions, extenuating circumstances and deferred assessments were retained as analytically distinct states rather than recoded as zero. Because capping applies most often to records returning through re-enrolment, using uncapped full marks throughout gives those records their most favourable comparison. Appendix C sets out the coding rules and the sensitivity checks used to test whether reasonable alternative decisions changed the findings.

3.5 Hypotheses
The analysis tests five null hypotheses using procedures selected from the measurement level and structure of the variables rather than from the results obtained, each on between 128 and 168 records depending on the completeness of the variables required.
Each null hypothesis states that there is no association, correlation or difference in the wider population, and each alternative that one exists; all are non-directional. Where a variable formed part of an outcome definition the analysis was restructured to avoid circularity: because completion of all six modules includes Module 1, H1 defines the outcome as completion of Modules 2 to 6.

H1. No association between a recorded mark for Module 1 and completion of Modules 2 to 6.

H2. No difference in mean academic mark between single-year and repeat-enrolment records.

H3. No linear relationship between number of non-submissions and mean academic mark.

H4. No difference in mean academic mark across academic cohorts.

H5. No difference in mean marks between the first and second halves of the module sequence.

H4 and H5 are sensitivity checks on the dataset rather than substantive outcomes, testing whether findings depend on cohort or on position in the module sequence. The analysis therefore has three tiers. Five relationships are tested inferentially. Two  are reported descriptively only: formally confirmed reasonable adjustments, which were the study's original focus but yield expected cell counts far below the conventional minimum at 12 cases; and gender. Neither forms part of a hypothesis, and in each the group sizes are such that only a large difference would be detectable, so a non-significant result would not distinguish the absence of a difference from insufficient evidence to detect one. A third focus, the comparison between records below and above the age of 25, is examined using supplementary exploratory inferential tests reported in Section 4.2.7 rather than as a formal hypothesis; the group is small, so these results are interpreted cautiously.

3.6 Data analysis
Descriptive statistics establish the composition of the dataset before inferential testing: frequencies and percentages for categorical variables, and means, standard deviations and ranges for age, marks and counts. Because cases with missing values are excluded test by test, the valid n is reported separately for each analysis.

3.7 Inferential analysis
Each test was chosen to match the variables and the design.
A chi-square test with Yates's continuity correction examined the relationship between module 1 submission and completion of modules 2 to 6 (H1), with phi reported as the effect size.
An independent-samples t-test compared mean marks for single-year and repeat enrolment records (H2), with Levene's test checking equal variances and Hedges's g reporting effect size.
Pearson correlation tested the relationship between non-submission count and mean mark (H3); Spearman's rank correlation was added as a targeted robustness check because non-submission is a count variable.
Welch's one-way analysis of variance compared mean marks across the three cohorts (H4), because the equal-variance assumption was not met.
A paired-samples t-test compared the first and second halves of the module sequence (H5), with Wilcoxon's signed-rank test used as a targeted robustness check.
Significance was assessed at p < .05, with results reported as the test statistic, degrees of freedom, exact p value, group statistics, 95% confidence intervals and effect sizes where appropriate.
Two analyses specified at the design stage were not conducted: a before/after comparison around the SCM date, abandoned for insufficient usable cases, and a multivariable completion model, abandoned because its strongest predictors are part of how completion is defined and produce complete separation. Both decisions followed from the data rather than any result; the full reasoning is set out in Appendix F6.

3.8 Ethics, access and data governance
Formal permission was obtained for access to the institutional records, and the study followed university research-governance and data-protection requirements. Only necessary variables were retained, direct identifiers were removed, files were stored securely, and outcomes are not reported separately for any group smaller than ten records, where doing so could permit indirect identification. Linkage between programme and Learner Support records was carried out by the institution's Head of Data rather than by the researcher, and only student identifier and record-creation date were transferred. Approval covers assessed coursework and internal course improvement; external publication would require further approval.
Contextual information about support was provided by the Head of Learning Support (personal communication, 18 August 2026): specialist one-to-one academic support is available to all students through the institution's General Study Skills provision, irrespective of disclosure, delivered bilingually by staff with SpLD qualifications beyond their teaching role.
This is material to interpreting the SCM data in Section 4.2.6, because it establishes that students without a formally confirmed adjustment cannot be characterised as unsupported. Uptake is not recorded and is identified as a limitation in Section 5.7.
In accordance with APA convention, personal communications are cited in the text only and are not listed in the references.

3.9 Reliability, validity and limitations
The strength of a secondary design lies in working with real student records generated through routine academic processes; its limitation is that the researcher has no control over which variables were collected or how they were coded (O'Leary & Hunt, 2017; Panchenko & Samovilova, 2020).
Following Saunders et al. (2019), three threats to internal validity are salient. 
Mortality is the most direct, since students who withdrew are by definition those whose records are incomplete.
Instrumentation applies because module titles, assessment types and deadlines varied across the three cohorts.
Ambiguity about causal direction applies throughout, and with particular force to the SCM data, since a formally confirmed adjustment is typically obtained after a student has encountered difficulty.
The study therefore interprets findings as association and difference rather than proven impact (Creswell, 2009).

3.10 Software
Data were cleaned, coded and pseudonymised in Excel. All derived variables, descriptive summaries and inferential tests were computed in IBM SPSS Statistics (Version 30). Output confirming each analysis reported below is provided in Appendix E.

4. Results
4.1 Descriptive statistics
4.1.1 Sample characteristics
The analysed dataset comprised 168 enrolment records for Level 4 Applied Leadership and Management students, taught at Treforest, Bridgend, Cardiff, Swansea and Carmarthen over three academic years (2022/23, 2023/24 and 2024/25). These records were taken from 216 Exam Board source rows after 48 exclusions: 14 duplicate board entries, 33 records with no evidence of attendance, and one record for a student whose enrolment fell outside the three-year study period.
The 168 records represent 159 individual students, nine of whom appear twice. The analysis is therefore on the enrolment episode rather than the student: each record is one student's year on the programme.

Table 1. Sample characteristics
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Figure 1. Enrolment records by academic year (N = 168)
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4.1.2 Age and marks
Age at the start of the relevant academic year was available for all 168 records and ranged from 19 to 69 years (M = 35.92, SD = 9.50). The number of modules with a recorded numeric mark was also available for all 168 records, ranging from 0 to 6 (M = 4.54, SD = 2.15). Mean academic mark could be calculated only for the 151 records with at least one numeric mark (M = 57.35, SD = 12.20, range 20–84); the remaining 17 records had no recorded marks and therefore no calculable mean.

Table 2. Age, attainment and engagement
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4.1.3 Non-submissions, EC/deferred submissions and progression
Most records had no non-submissions: 107 of the 168 enrolment records (63.7%) had submitted work for every module. However, 32 records (19.0%) had three or more non-submissions. On average, there was approximately one non-submission per enrolment record (M = 0.99, SD = 1.62). Extenuating circumstances or deferred submissions affected only three records (1.8%).
Overall, 105 of the 168 enrolment records (62.5%) had a recorded mark for all six required Level 4 modules and were classed as having completed the Level 4 qualification. Completion of all six Level 4 modules was higher among single-year enrolment records: 97 of 140 (69.3%) had a recorded mark in all six modules, compared with 8 of 28 repeat-enrolment records (28.6%).

Figure 2. Completion of all six modules by enrolment pattern
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This difference is reported descriptively rather than tested statistically because repeat enrolment and completion are not independent: students who complete all six Level 4 modules would not normally need to re-enrol. Repeat-enrolment students were not repeating the whole Level 4 programme; they re-enrolled only to complete modules that they had not completed during an earlier enrolment. The relationship between enrolment and mean academic mark is tested separately in Section 4.2.2

Table 3. Non-submission, EC and progression
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4.2 Inferential statistics

4.2.1 H1 – Module 1 submission and later completion
A chi-square test with Yates’s continuity correction tested whether having a recorded mark for Module 1 was associated with completion of Modules 2 to 6. Module 1 was excluded from the completion measure so that the analysis tested whether having a Module 1 mark was associated with completion of the other five modules. The number of records in each part of the table was large enough to use a chi-square test reliably.
There was a statistically significant, large association between having a recorded Module 1 mark and completing the remaining five modules, χ²(1, N = 168) = 64.88, p < .001, ϕ = .64. Fisher’s exact test gave the same conclusion. The null hypothesis was rejected.
Of the 130 enrolment records with a recorded Module 1 mark, 105 (80.8%) had a recorded mark in all of Modules 2 to 6. In comparison, only 3 of the 38 records without a recorded Module 1 mark (7.9%) completed the remaining five modules. The odds of completing Modules 2 to 6 were 49 times higher for records with a Module 1 mark than for those without one.
This finding shows a strong association, not proof that submitting Module 1 caused students to complete the remaining modules. Full results are shown in Table 4 and Figure 3.

Table 4. Completion by Module 1 submission status
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Figure 3. Completion of modules 2 to 6 by module 1 submission status (N = 168).[image: ]

4.2.2 H2 – Single-year or repeat enrolment and mean marks
An independent-samples t-test compared mean academic marks for the 151 enrolment records with at least one numeric mark. Levene’s test was not statistically significant, F = 3.16, p = .077, indicating no evidence that the variation in marks differed between the groups. Therefore, the equal variances assumed result from SPSS was reported.
Single-year enrolment records had a higher mean academic mark (M = 58.95, SD = 12.10, n = 126) than repeat-enrolment records (M = 49.31, SD = 9.30, n = 25). The difference of 9.64 mark points was statistically significant, t(149) = 3.76, p < .001, 95% CI [4.58, 14.70]. The effect was large, Hedges’s g = 0.82, 95% CI [0.38, 1.26].
This comparison concerns mean academic marks, not whether every record completed all six modules. It is worth noting that this is an observed difference in the data; it does not show that repeat enrolment caused lower marks.

Table 5. Mean mark by enrolment pattern
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Figure 4. Distribution of mean academic mark by enrolment pattern (n = 151).
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4.2.3 H3 – Non-submissions and mean marks
A Pearson correlation tested whether the number of non-submissions was associated with mean academic mark among the 151 enrolment records with at least one numeric mark.
There was a statistically significant moderate negative relationship between non-submissions and mean academic mark, r(149) = -.38, 95% CI [-.51, -.24], p < .001. This means that records with more non-submissions tended to have lower average marks. The non-submission count accounted for approximately 15% of the variation in mean academic marks (R² = .15).
Because non-submission is a count variable, Spearman’s rank correlation was also used as a check. It produced the same overall conclusion, ρ = -.29, p < .001. The null hypothesis was rejected.
The fitted line in Figure 5 was y = 59.99-3.21x. This estimates a mean mark of 59.99 for records with no non-submissions, decreasing by approximately 3.21 marks for each additional non-submission. This is an association, not evidence that non-submission caused lower marks.
Two additional relationships were also examined. The number of modules with a recorded mark was moderately and positively related to mean academic mark, r(149) = .44, 95% CI [.30, .56], p < .001. Mean marks from Modules 1–3 were strongly and positively related to mean marks from Modules 4–6, r(126) = .71, 95% CI [.61, .78], p < .001. Table 6 reports all three correlations and their confidence intervals, and Figure 5 shows the relationship between non-submissions and mean academic mark.

Table 6. Correlations between assessment-disruption and attainment
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Figure 5. Number of non-submissions against mean academic mark, with fitted regression line (n = 151).
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4.2.4 H4 – Academic-year cohort and mean marks
Welch’s one-way analysis of variance compared mean academic marks across the three academic-year cohorts for the 151 enrolment records with at least one numeric mark. Levene’s test was statistically significant, F(2, 148) = 3.57, p = .031, indicating that the variation in marks was not similar across the three cohorts. Therefore, Welch’s ANOVA, which is suitable when group variances are unequal, was used.
There was no statistically significant difference in mean academic marks between the academic-year cohorts, Welch’s F(2, 83.6) = 0.17, p = .842, η² = .002. The null hypothesis was not rejected.
The cohort means were very similar: 2022/23, M = 57.06, SD = 14.95, n = 37; 2023/24, M = 58.05, SD = 10.31, n = 56; and 2024/25, M = 56.86, SD = 12.12, n = 58.
The effect size was negligible, with academic-year cohort accounting for approximately 0.2% of the variation in mean academic marks. Table 7 summarises the test result.

Table 7. Mean mark by cohort
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4.2.5 H5 – Mean marks in Modules 1–3 and Modules 4–6
A paired-samples t-test compared mean academic marks in Modules 1–3 with mean academic marks in Modules 4–6 for the 128 enrolment records with at least one numeric mark in each half of the Level 4 programme. The difference scores were approximately normally distributed, Shapiro–Wilk W = .987, p = .239, so the assumptions for a paired-samples t-test were met.
Mean marks were almost identical across the two halves: Modules 1–3, M = 59.34, SD = 11.41; and Modules 4–6, M = 59.09, SD = 11.26. The mean difference was 0.25 mark points and was not statistically significant, t(127) = 0.32, p = .747, 95% CI [-1.27, 1.77]. The effect size was negligible, Cohen’s dz = 0.03, 95% CI [-0.15, 0.20].
Wilcoxon’s signed-rank test was also used as a check and gave the same overall conclusion, Z = -0.50, p = .619. The null hypothesis was not rejected.
Table 8 summarises the group statistics.

Table 8. Mean mark, first vs second half (N = 128)
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4.2.6 Formally recorded reasonable adjustments
No hypothesis was tested for formally recorded reasonable adjustments because the number of records was too small for reliable inferential analysis. The findings are therefore reported descriptively.
A formal record of reasonable adjustments, known as a Statement of Compensatory Measures (SCM), was recorded for 12 of the 168 analysed enrolment records (7.1%). These 12 records related to 10 of the 159 individual students in the dataset, meaning that 6.3% of students had an SCM record.
SCM record-creation dates ranged from June 2024 to March 2026. For three enrolment records, the SCM record was created after 31 August in the academic year to which that enrolment record related. Only two records had module marks both before and after the SCM record-creation date. This meant that there were too few suitable cases to compare marks before and after the record was created. No statistical test was therefore carried out.
The SCM date refers to when the administrative record was created. It does not necessarily show when a student first received support or reasonable adjustments. In addition, specialist academic support was available to all students, whether they had disclosed a need or had an SCM record. Therefore, students without an SCM record should not be assumed to have received no support.

Table 9. Formal confirmation of reasonable adjustments
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Table 10. SCM records by academic year (source rows)
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4.2.7 Additional checks
Three additional checks were carried out to help interpret the main findings. They were not part of the five main hypotheses.
First, Module 1 marks were compared between records that did and did not go on to complete Modules 2–6. Completers had a slightly higher mean mark (M = 62.15, SD = 14.10, n = 105) than non-completers (M = 56.56, SD = 14.49, n = 25), t(128) = 1.77, p = .079, Hedges’s g = -0.39, 95% CI [-0.83, 0.05] — not statistically significant, though with only 25 non-completers the test may lack power to detect a smaller effect. The earlier H1 result remains the stronger, earlier indicator: simply having a recorded Module 1 mark, not the mark itself, distinguished completers from non-completers.
Second, the 19 records for students under 25 at enrolment were compared with the rest. Under-25 records were less likely to have a recorded Module 1 mark (57.9% vs 79.9%, Fisher’s exact p = .042) and less likely to complete all six modules (42.1% vs 65.1%), though the completion difference was not statistically significant (p = .076). Fisher’s exact test was used because one expected cell count fell below five; given the small group size, both results should be interpreted cautiously.
Third, the five main hypothesis tests were repeated at person level, using the most recent enrolment record for each of the 159 individual students. The statistical conclusion of all five tests remained the same.
4.2.8 Summary of results

Table 11. Summary of hypothesis tests
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5. Discussion
5.1 Principal finding
Submission of the first assessment was strongly associated with subsequent completion. Students who submitted Module 1 completed the remaining five modules at more than ten times the rate of those who did not. However, among students who submitted Module 1, the mark achieved did not significantly distinguish completers from non-completers. The key difference therefore appears to be in submitting the first assessment, rather than in the academic mark achieved.
Attainment data from the first assignment arrives later, because assignments must be marked, moderated and confirmed. By contrast, submission status is known within hours of a deadline and requires no academic judgement to interpret. If the earliest observable difference between completers and non-completers is submission rather than performance, the information needed to identify students who may benefit from early supportive contact is available considerably earlier in the assessment cycle.
Other studies have found that early assessment activity can reveal potential difficulty before attainment data is available. Linden (2022) developed an institutional retention model based on submission of a single early assessment item. Ortiz-Lozano et al. (2024) found that assessments not attempted in the first semester had predictive value for dropout, while Cochrane et al. (2026) found that submission behaviour tended to persist across assessments even when marks did not differ meaningfully between submission groups.
This study shows the same pattern in a comparable UK classroom-based programme. Submission became visible before marks were available, creating an earlier opportunity for supportive contact. The Open University uses activity and assessment data in a similar way to identify students at risk of not submitting their next assignment (Boroowa & Herodotou, 2022).
This dataset cannot show why students did not submit. King and Loddick (2026) found that two-thirds of the reasons students gave for non-submission were situational, mainly health, family and caring responsibilities. Non-submission should therefore not automatically be read as disengagement.
Support-seeking may also play a role, though this dataset does not measure help-seeking or personal circumstances.

5.2 Enrolment pattern and attainment
Students returning through repeat enrolment achieved markedly lower mean marks than students enrolled for a single year: repeat-enrolment records scored, on average, 9.64 marks lower, a large difference. Completion rates showed a similar pattern, although this is reported descriptively because completing all six modules within one year means that a student has no reason to re-enrol. Among the 28 repeat-enrolment records, 8 completed all six modules (28.6%).
Studies of interrupted enrolment show a broadly similar pattern, although the evidence is not consistent. DesJardins et al. (2006) found that students whose enrolment was interrupted were more likely to experience further interruptions and less likely to graduate. However, Tafreschi and Thiemann (2016) found that where students were required to repeat a full year, their later grade point averages improved, even though first-year dropout increased. Repetition may therefore have different consequences depending on how and why it occurs.
Repeat enrolment in this study may reflect disruption rather than a planned opportunity to repeat and improve. This fits wider evidence that interrupted educational histories are linked to lower continuation and attainment, and that mature learners often balance financial pressure, caring responsibilities and limited time (Erb & Drysdale, 2017; Moore et al., 2013; OfS, 2021). The records do not show why individual students re-enrolled.
The data cannot distinguish between students who re-enrolled and resumed their studies and those who re-enrolled but did not go on to engage; intention to return was recorded only as text notes, not as an analysable variable. This is likely to affect few records, since 25 of the 28 repeat-enrolment records had at least one mark and 8 completed all six modules, suggesting most repeat-enrolment records represent genuine returns to study.
The analysis cannot show whether lower attainment reflects the circumstances that caused the initial interruption, the interruption itself, or the challenge of re-joining the programme partway through a subsequent year.

5.3 Stability of attainment
Mean marks did not differ significantly across the three cohorts or between the first and second halves of the 6 module sequence. Both findings were unchanged when robust and non-parametric alternatives were used.
These results do not show that the cohorts or module halves were equivalent; a non-significant result only shows that this dataset did not provide sufficient evidence of a difference. However, the findings make it less likely that the main results reflect large cohort differences or substantial changes in module assessment difficulty as the programme progressed.

5.4 Assessment disruption and attainment
More non-submissions were associated with lower mean marks, r = -.38. 
This is consistent with evidence that assessments not attempted early in a programme can help identify students at risk of poorer later outcomes, using information institutions already hold (Ortiz-Lozano et al., 2024).
This finding is related to, but different from, the first-assessment result. A first non-submission provides an early warning at a single point in time and, in Module 1, separated completers from non-completers almost completely.
A higher number of non-submissions across the programme suggests that difficulties may have continued over time. The first non-submission can prompt early supportive contact; the total number shows whether non-submission has continued. Neither finding establishes causation, for the reasons set out in Section 5.6 (King & Loddick, 2026).

5.5 Formal confirmation of reasonable adjustments
The low recorded percentage should not be treated as a measure of how many students needed support. In 2022/23, 16.5% of UK higher education students had a declared disability, impairment, health condition or learning difference, compared with 6.3% of students in this study who had a formally recorded SCM (Higher Education Statistics Agency [HESA], 2024). These are not equivalent measures: a student’s disability declaration and formal confirmation of an adjustment involve different processes and thresholds. The comparison is therefore indicative rather than like-for-like. However, SCM records may include fewer students than personal student disability declarations.
These findings should not be read as indicating an absence of support before formal confirmation, since the General Study Skills provision described in Section 3.8 is available to every student, irrespective of disclosure. The issue may be less about whether support is available than whether students recognise that they need it, feel able to ask for it, and can access it early enough for it to make a difference. Stigma, attitudes towards help-seeking, previous experience, and perceived control can all shape whether students seek academic support (Bornschlegl et al., 2020). Students who do not submit an early assessment may therefore not be identified through ordinary support processes unless non-submission prompts proactive contact (Linden, 2022).

5.6 Other explanations and limits
The three threats to internal validity detailed in Section 3.9 are directly relevant to these findings. The most important limitation is that the records cannot distinguish between students who disengaged and students whose circumstances made it impossible to continue (Saunders et al., 2019).
A further explanation is that non-submission and non-completion may both result from circumstances not recorded here, such as health, caring responsibilities, employment or financial pressure, or programme fit. In that case, non-submission would not cause non-completion; it would be an early visible sign of the same underlying difficulty.
This does not change the practical point. Non-submission does not have to cause non-completion to be useful. It can still show that a student may benefit from early supportive contact, even if it does not explain why they did not submit.

5.7 Limitations
Five limitations should be considered when interpreting these findings.
First, the dataset is based on enrolment records rather than fully independent individual students. Nine students appear in two enrolment episodes. The five main hypothesis tests (H1–H5) were repeated using the most recent enrolment record for each of the 159 individual students, and the conclusions did not change.
Second, the dataset does not record use of the General Study Skills provision, which is available to all students. Students without a formally recorded reasonable adjustment should therefore not be assumed to have received no academic support.
Third, the available measures of student success were completion of all six Level 4 modules and mean academic mark. The dataset does not measure confidence, belonging, academic self-efficacy, professional capability, or the personal circumstances that may affect a mature learner’s engagement and progress (Jones et al., 2025; Jones & McConnell, 2023).
Fourth, the programme is treated as widening-participation provision because it has an open-entry route and a predominantly mature learner profile. However, the dataset contains no individual-level information on socio-economic background, participation quintile, care experience, first-in-family status, ethnicity, or prior qualifications. It cannot therefore show which individual students meet particular widening-participation criteria (Moore et al., 2013; OfS, 2021).
Fifth, this is a study of one Level 4 programme at one institution. The findings may be useful for this programme and similar work-based mature-learner provision, but they cannot be assumed to apply to other programmes, institutions, or student populations.
A further point relates to the small number of younger entrants. Eight enrolment records (4.8%) refer to students aged under 21 at the start of the academic year. This is below the usual threshold used to define mature students at entry (OfS, 2021). Outcomes for this group are not reported because it contains fewer than 10 records and further breakdowns could risk indirect identification. In line with the study’s disclosure-control protocol, results for groups smaller than 10 records were suppressed (Department for Education, 2026). The group is included because the programme is work-based and usually draws on workplace and supervisory experience; however, age is not a direct measure of that experience.

5.8 Implications
Non-submission of the first assessment could act as an early trigger for supportive contact. It is observable within days of a deadline, requires no academic judgement to identify, and was associated with non-completion of the remaining modules in 92.1% of cases. Students returning through re-enrolment may also benefit from particular attention: they completed at less than half the rate of single-year records and attained almost ten marks lower. Finally, the small number of formally confirmed adjustments, alongside support that is available to all students, suggests that open general study support should be promoted without waiting for students to disclose a support need.
Future research could examine whether attendance at General Study Skills sessions is associated with student outcomes. Linking session-attendance data to completion outcomes would allow an assessment of whether students who use this open support are more likely to complete, irrespective of whether they have a formally confirmed support need.
Developing a model to predict completion would require a larger dataset and predictors measured before the completion outcome is known. Suitable predictors might include early assessment submission, attendance, prior educational experience, and engagement with online learning materials. These academic, background, and behavioural indicators are commonly used in higher-education retention and dropout-prediction research (Tete et al., 2022; Ifenthaler & Yau, 2020). Where available, work experience could also be explored, particularly where employment or professional responsibilities may affect the time students have available for study.
A further question concerns programme fit for younger entrants, since the programme assumes access to a workplace and supervisory responsibility. The comparison in Section 4.2.7 raises this question but cannot answer it, as age is only a limited proxy for work experience; answering it would need a larger group of younger students and direct measures of that experience.

6. Conclusion and recommendations
This study examined three cohorts of Level 4 Applied Leadership and Management students to identify early indicators of module completion and attainment. Students who submitted the first assessment completed the remaining modules at approximately ten times the rate of those who did not submit, while first-assessment submission status differentiated completers from non-completers more strongly than the mark achieved. Re-enrolment was associated with substantially lower attainment, while attainment remained broadly stable across cohorts and across the module sequence. Formally confirmed reasonable adjustments applied to a small minority of records and were often confirmed late in the academic year. As too few records had confirmed adjustments for reliable inferential analysis, these findings are reported descriptively.
The most consistent finding was that whether students submitted the first assessment provided a stronger early indication of subsequent completion than the mark they achieved.
Module 1 non-submission should be piloted as a trigger for individual supportive contact, subject to checking the reason that no mark has been recorded. The indicator is normally available within 8 days of a module deadline (submission date plus 7 days capped), and 35 of the 38 records without a Module 1 mark (92.1%) did not complete Modules 2–6. As this evidence comes from a single observational study, the approach should be tested and evaluated rather than adopted as established policy.
A targeted support approach for students returning through re-enrolment should be piloted and evaluated, given their lower observed completion rate and attainment in this dataset.
Third, the General Study Skills provision should be promoted routinely rather than awaiting student disclosure.
The central claim of this study is deliberately modest: administrative data already held by the programme contains an early, actionable signal, and acting on it requires no new data collection or academic judgement. Where the widening-participation literature emphasises timely and integrated support (Advance HE, 2024; OfS, 2021), these findings suggest that submission status offers an additional early mechanism through which potential disengagement can become visible.
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8. Appendices
Appendix A. Initial spreadsheet / variable list
A1. Data - Excel 
[image: ]The working analysis dataset BMDP7009_SPSS_Base_Dataset.xlsx contains all 216 Exam Board source rows with an inclusion flag identifying the 168 analysed records derived from 216 initial records and a recorded reason for each of the 48 exclusions, together with a codebook giving the label, measurement level, value labels, missing-data rule and source of every variable. Student numbers and names are not carried into the workbook: each student is identified by a stable pseudonymous code. The workbook also holds the module-level evidence behind each mark, the record of corrections applied during preparation, and the decisions taken on each query raised at the cleaning stage. Example (first 44 rows) of the data set is included below.
A2. Data - SPSS
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A3. Data - Variables
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Appendix B. Additional statistical output

B1. Targeted non-parametric checks.
Two rank-based tests were retained where they added confirmation.
Both agreed with the main parametric result.

· H3, non-submissions and mean mark: Spearman's ρ = -.29, p < .001 (Pearson r = -.38, p < .001).

· H5, first against second half of the module sequence: Wilcoxon signed-rank Z = -0.50, p = .619 (paired t(127) = 0.32, p = .747).

B2. Assumption checks.
Mean academic mark:
· Shapiro-Wilk W = .987, p = .183.
· H2 equal variances: Levene's F = 3.16, p = .077.
· H4 equal variances: Levene's F(2, 148) = 3.57, p = .031, so Welch's robust ANOVA was used.
· H5 difference scores: Shapiro-Wilk W = .987, p = .239. H1 expected cell counts: minimum 13.6, all above 5.

B3. Person-level sensitivity analysis.
The 168 enrolment episodes from an initial 216 rows represent 159 individual students, with nine students contributing two episodes (returning students to a subsequent academic year). The five primary hypotheses were therefore repeated using the more recent enrolment episode for each student. The three significant findings remained significant, the two non-significant findings remained non-significant, and the effect sizes remained similar. The conclusions are therefore not explained by the nine students who contribute two episodes each.

B4. SCM records by academic year of enrolment (source rows). 2022/23.
1 of 41 (2.4%). 2023/24: 3 of 60 (5.0%). 2024/25: 14 of 115 (12.2%). These are source-row counts across all 216 rows, before the exclusions described in Section 4.1.1.























Appendix C. Coding, missing-data and sensitivity-analysis notes

C1. Assessment outcome coding.
Module-level outcomes in the institutional tracking sheets combine numeric marks with codes for non-submission (NS), extenuating circumstances (EC) and late submission (LS). Full academic marks are defined as the best available uncapped numeric mark for each module, including marks awarded after EC or late submission. Recorded or capped marks are the official marks after capping rules are applied, for example resits or late submissions capped at 40.

C2. Non-submission.
A true non-submission is an assessment recorded as NS with no subsequent numeric mark. Such cases contribute to non-submission counts but are not recoded as zero in full-mark averages, because a zero would misrepresent an assessment that was not completed. Where NS, EC or LS codes appear alongside a numeric mark, the numeric mark is used and the assessment is not treated as a current non-submission. EC and deferred assessments are counted separately as indicators of assessment disruption.

C3. Missing data.
Missing marks, non-submissions, ECs and deferred assessments are retained as analytically distinct states and are not collapsed. Cases with missing values are excluded on a test-by-test basis, so the valid n varies between analyses and is reported separately for each. Mean academic mark could be calculated for 151 of the 168 records; age was available for all 168; gender was available for all 168.

C4. Inclusion rules.
216 Exam Board source rows were reduced to 168 analysed records by 48 exclusions: 14 duplicate board entries, 33 records with no evidence of attendance, and one out-of-scope 2025 starter. Completion is defined as a recorded mark for all six modules. Because a record holds six marks if and only if it is classified complete, modules attempted and non-submission count were excluded as predictors of completion; a model including them produces complete separation. For the same reason H1 uses completion of modules 2 to 6 as its outcome, so that module 1 is not contained within the variable it predicts.

C5. Corrections applied to the source data.
One duplicated record identifier was renumbered. Thirty-four module marks were corrected where the mean of two attempts had been recorded rather than the higher mark; this had wrongly classified one record as passing with condonement. Academic period was realigned between the master dataset and the module audit for 38 December-board records. Sixty-five NS text strings were cleared from the numeric mark fields, with status preserved in separate result columns. Campus was collapsed to five sites and is used as a descriptive field only. One blank gender cell was restored from an earlier version of the master workbook, which records the same student as male; gender is therefore complete for all 168 analysed records.

C6. Derivation of age.
Age at start was derived from date of birth at a reference date of 1 October in the academic year of the record, then stored as a static value; date of birth was removed from the analysis workbook. The Student Finance England threshold of 25 years was used for any age grouping, in preference to a data-derived cut-point.

C7. Sensitivity analyses conducted.
Two focused checks were used. Spearman's rank correlation checked H3 because non-submission is a count variable, and Wilcoxon's signed-rank test checked H5. Both agreed with the main tests. The five primary hypotheses were also repeated at person level using the latest episode for each student; no conclusion changed.

C8. Analyses specified but not conducted.
A paired comparison of marks before and after creation of an SCM record was abandoned: only two records held marks on both sides of that date and one of those held only capped marks. A multivariable model predicting completion was set aside for the reason given in C4. Both decisions were taken from the design and the distribution of the data before any result was examined.






























Appendix D. Ethics and data-governance record
Remember|!| access approval, ethical/governance determination, pseudonymisation process, , secure-storage arrangements and deletion date.
































Appendix E. SPSS output
Screenshots of the SPSS dialog settings and output tables confirming each analysis reported in Section 4, numbered E01 to E19 in the order the analyses are presented. Each figure shows the procedure used, the selection and the result output.

E01. Filter confirmation - Frequency check for Completed_All_Six (N = 168)
[image: ]

E02. Source for Table 1 - Gender, enrolment pattern and cohort frequencies
[image: ]

E03. Source for Table 2 - Descriptive statistics for age, marks and modules
[image: ]
E04. Source for Table 3 - Non-submission, EC and completion frequencies
[image: ]

E05. Source for Table 4 and H1 - Crosstabulation, chi-square and symmetric measures
[image: ]

E06. Source for Figure 3 - Clustered bar chart of completion by Module 1 submission
[image: ]

E07. Source for Table 5 and H2 - Independent-samples t-test
[image: ]

E08. Source for Figure 4 - Boxplot of mean mark by enrolment pattern
[image: ]

E09. Source for Table 6 and H3 - Correlation matrix
[image: ]

E10. Half-marks correlation check referenced in Section 4.2.5
[image: ]







E11. Source for Figure 5 - Scatterplot with fitted line
[image: ]

E12. Source for Table 7 and H4 - Homogeneity test and Welch’s ANOVA
[image: ]




E13. Source for Table 8 and H5 - paired-samples t-test
[image: ]

E14. Source for H5 - Wilcoxon signed-rank test
[image: ]



E15. Normality check for Mean_Mark (Section 4.1.2 / Appendix B2)
[image: ]

E16. Normality check for Diff_Halves (Section 4.2.5)
[image: ]

E17. Supplementary check - Module 1 mark by eventual completion (Section 4.2.7)
[image: ]

E18. Supplementary check - Under-25 comparison, Module 1 submission (Section 4.2.7)
[image: ]

E19. Supplementary check - Under-25 comparison, six-module completion (Section 4.2.7)
[image: ]


Appendix F. Hypothesis to conclusion
This appendix explains the decisions I made in the analysis, in the order I made them, so that someone who has never used SPSS can follow my thinking. What matters most is not which tests I ran, but why I chose them, what I checked first, and what I stopped doing when the data would not support it. Section F6 covers the two analyses I planned and then dropped.

F1. Where the study started, and why the question changed
I kept noticing the same thing in my own practice: students who do not complete the programme often start drifting away in the records long before anyone formally picks it up. My first question was about Statements of Compensatory Measures (SCM), the university’s record of formal adjustments, and whether having one was linked to marks and completion.
I changed that once I looked closely at what the SCM field actually records (Section F6 explains why). I moved to early assessment engagement instead, using three things recorded the same way for every student, every year, with no judgement needed to read them: whether the first assessment was submitted, how many assessments were missed, and whether the enrolment was a first attempt or a repeat.
This was a deliberate change. You cannot answer a question with variables that do not actually measure it, so I settled on: which early, administratively visible signs of assessment engagement are linked to programme completion among widening-participation mature learners on a Level 4 work-based leadership programme?

F2. Turning the question into hypotheses
I wrote five null hypotheses before running any test, each paired with an alternative saying the opposite. A null hypothesis assumes there is nothing going on; the test asks whether the data give me enough reason to reject that. I kept all five non-directional, I did not predict which way any difference would go, because the literature is not strong enough to justify a confident prediction in this population, and picking a direction after seeing the output would not be a real prediction anyway.

H1. There is no association between having a recorded mark for Module 1 and completing Modules 2 to 6.
H2. There is no difference in mean academic mark between single-year and repeat-enrolment records.
H3. There is no linear relationship between the number of non-submissions and mean academic mark.
H4. There is no difference in mean academic mark across the three academic cohorts.
H5. There is no difference in mean marks between the first and second halves of the module sequence.
H1 to H3 are the main questions. H4 and H5 check whether my findings are just an artefact of which year a student enrolled in, or where in the module sequence a mark was earned. If neither makes a difference, my main findings are more trustworthy, not less, which is why I report them too.

F3. Building the dataset
My data came from institutional Exam Board records and programme tracking documents for every Level 4 ALaM enrolment across 2022/23, 2023/24 and 2024/25, everyone eligible in those three years, not a sample. That is why I do not describe a sampling method, and why I treat the limits on generalising as real rather than a formality.
I started with 216 enrolment records and wrote my inclusion and exclusion rules down before looking at any results, so the rules could not be shaped by what I found. Then I applied them one at a time.
Rule one removed duplicates: a student recorded twice in the same year by the Exam Board, usually because a result was confirmed at more than one board. I found these by sorting on student identifier and year and checking each pair against the tracking document, 14 records. This is different from a student appearing in two different years, which is a genuine second enrolment and stays in.
Rule two removed empty records: students entered onto the system with no mark, no submission, nothing recorded in any of the six modules, no evidence they ever started. That is 33 records. Including them would have made non-completion look far more common than it is.
Rule three removed one 2025 starter who fell outside my three-year window.
Each excluded record kept its reason in a separate column rather than being deleted, so the count against each rule can be checked. That left 168 records to analyse, belonging to 159 individual students, nine students enrolled in more than one year and appear twice.
That records-versus-students distinction matters throughout, because every test I use assumes cases are separate from each other, and nine of mine are not entirely. Where I needed a figure per student rather than per record, I used each student’s most recent enrolment, which gives 159. I report both numbers rather than whichever suits the point I am making.
I kept the 48 excluded records in the file rather than deleting them. Deleting them would make the spreadsheet tidier but my exclusions impossible to check, the figure of 168 is only trustworthy if the 48 taken out, and the reason for each, are visible too. So they stay in the file with a reason attached, switched off at the point of analysis, which Section F5 explains. Table 10 deliberately uses all 216 records, because it reports how common SCM records are across the whole population rather than within my analysed group, and using 168 there would make the figure look smaller than it is.

F4. Cleaning decisions that change the answer
A few decisions about how to represent the data would have changed my results if I had made them differently.
A non-submission is not the same as a mark of zero, one is failing the work, the other is not doing it. Treating them the same would have dragged every average down for reasons that have nothing to do with academic quality, so I counted non-submissions separately and worked out mean marks across attempted modules only.
Extenuating circumstances and deferrals record a university decision about a student, not a student failing to engage, so I counted those separately too.
Capped and uncapped marks stayed as two separate variables, 35 module cells across 26 records show a capped mark of 40 with a higher real mark behind it, and merging the two would have hidden a real difference in what the mark represents. I say each time which one I used.
Where a student had no mark for a module, I left the cell empty rather than entering anything, so SPSS would treat it as missing rather than as a score of zero.

Correcting errors in the original spreadsheet
Before any of this could work, the spreadsheet had to be right, and it was not. The original extract had errors that would have stopped SPSS reading the data properly, or worse, let it read the data wrongly without complaining: one mark field held a year, 2025, where a mark should have been; one student’s gender code was blank; eight columns had been saved as text rather than numbers or dates, which SPSS cannot calculate with, cannot label, and will refuse several procedures on.

Why the analysis variables were built in SPSS and not in Excel
I chose not to work out my seven analysis variables in Excel. Mean mark, number of modules attempted, whether a student completed all six, and the rest were all calculated inside SPSS using Transform and then Compute Variable.
Compute Variable is SPSS’s calculator: give it a name for a new column and a formula, and it works that out for every record. The formula stays visible, stored in the file and the saved syntax, so anyone can check exactly how mean mark was arrived at. An Excel formula does not survive the same way: once numbers are copied into a new sheet, or pasted as values, the working disappears and only the answer remains. The screenshot of the Compute dialog is also evidence the calculation was done in SPSS as part of the analysis, rather than arriving in the file already finished.
For mean mark I used a version of the average called MEAN.1, rather than an ordinary average, because an ordinary average would still return a number for a student with no marks at all. MEAN.1 returns a blank instead, which is the answer I want, a student who has never been marked does not have a low average, they have no average. This is why my mean-mark analyses run on 151 records rather than 168: seventeen students have no marks to average.
These seven variables were built with the exclusions already switched on, so they exist for the 168 analysed records and are blank for the other 48. That is deliberate. Computing them across all 216 rows would have built averages and completion flags for students I had already decided to exclude, and any later mistake with the filter would then have produced a result that looked plausible rather than wrong. Table 10 is the one analysis that uses all 216 rows, and it uses only raw recorded variables such as cohort and SCM status, never the seven computed ones.

F5. Preparing Excel Data for SPSS
Before importing, I set the spreadsheet up as one row per enrolment record and one column per variable, with a single row of headings. Inside SPSS I then gave every variable a name, a plain-English label, labels for each numeric code, a measurement level and a rule for what counts as missing. This is relevant because SPSS behaves differently depending on what it thinks a variable is: it will not run a correlation on something it believes is a category, and it will happily calculate an average of a variable that should not have one.

Selecting the cases I wanted to analyse
This turned 216 records into the 168 I actually analyse.
My Excel file had 216 rows, but only 168 of them belong in the analysis. I needed SPSS to leave the other 48 out of every calculation without losing them from the file, otherwise every test uses all 216 and every figure is wrong.
I could have deleted the 48 rows, but that makes my exclusion decisions unverifiable, for the reason given in Section F3, and those decisions are a judgement I should be able to defend. Instead I kept every row and told SPSS which ones to use, through Data and then Select Cases. I gave it the rule Include_in_Analysis = 1, the column recording whether a record passed my three exclusion rules, and chose the option that filters cases out rather than the one that deletes them. SPSS creates its own column, filter_$, holding 1 for every record I want and 0 for the rest, and skips the zeros from that point on. In the data view the excluded rows are still visible, with a diagonal line struck through the row number.
The point is one file that contains everything, where the analysed group is defined by a rule anyone can read rather than by rows that quietly no longer exist. Keeping two files, an original and a working copy, is how versions drift apart without anyone noticing.

Why I checked the filter before every test
I checked the filter was still switched on before every single procedure, for a specific reason: it can come off without any warning. Reopening the file, or running a procedure that changes which cases are selected, can leave it switched off, and SPSS does not tell you. It simply analyses all 216 records and produces a table that looks entirely normal. Nothing is flagged.
The check itself takes a few seconds: if any table adds up to 216 instead of 168, the filter is off. Table 10 is the only place in my study where 216 is the number I want to see.
This is not a hypothetical risk. When I re-ran the analysis to verify my figures, the first table I produced reported 18 SCM records out of 216 rather than 12 out of 168. The filter had come off between sessions. Had I not been checking, I would have reported a prevalence of 8.3% instead of 7.1%, and the maximum date in Table 9 would have been wrong as well.

F6. Two analyses I planned and then did not use
I planned two analyses that I did not run, both stopped because of what the data showed me. I have kept them here because what you set aside says as much about an analysis as what you keep.
Comparing marks before and after the SCM date. I had assumed the recorded date was the point at which adjustments were agreed with the student. Learner Support told me it is actually the date somebody created the record during an administrative lookup in August 2026, a different thing altogether, and possibly long after any adjustments were in place.
So I tested whether the comparison was even possible. Working record by record, I compared every SCM date against the module submission deadlines for that student’s cohort, to see how many students had marks on each side of their own date. The answer was two. One of those two has capped marks of 40 all the way through, so any change I found for that student would just be the cap moving rather than real improvement. That leaves one usable case, and you cannot run a before-and-after comparison on one student. I set the analysis aside and put the evidence for that decision in my Methodology rather than removing it without comment.
A model predicting completion from several variables at once. The two variables that would predict completion best are the number of modules attempted and the number of non-submissions. Both of them are part of how completion is defined in the first place, because you cannot complete six modules without attempting six modules. Putting them into the model would get every single case right, regardless of the underlying pattern. A test only tells you something if it could have come out differently, and this one could not. The statistical name for the problem is complete separation. I set the model aside.
I also considered comparing outcomes between students who had an SCM record and students who did not, and rejected that too. A chi-square test works by comparing the numbers you actually see against the numbers you would expect if nothing were going on. When those expected numbers get very small the test stops being reliable, and the usual rule is that they should not fall below five (Field, 2024). Only 12 of my 168 records have an SCM record, which pushes the expected numbers well below that, and the test would have had almost no chance of finding a difference even if one existed. I therefore report the SCM data descriptively, as counts, percentages and dates, and make no statistical claim about it.

F7. Choosing a test for each hypothesis
I chose each test from four things: what type of variables I had, how many groups I was comparing, whether the observations were separate people or the same people measured twice, and what the distribution of the data looked like once I checked it. I made each choice before I saw the result.
The last of those four decides whether a test is parametric or non-parametric. A parametric test usually assumes the data follow a reasonably normal, bell-shaped distribution, though the exact assumption depends on the test; a non-parametric test makes no such assumption and works from the rank order of the values instead (Field, 2024). Parametric tests are preferred where their assumptions are met, because they use more of the information in the data and are better at detecting a real difference. Where the assumptions are not met, they can give a confident answer that is simply wrong, and the non-parametric version is the safer choice.



The table below sets out, for each hypothesis, what I was asking, what I checked, what my options were, and why I chose what I did.
	H
	What I wanted to find out
	Variables and design
	What I checked
	Options available
	Test chosen and why

	H1
	Whether completing Modules 2 to 6 is linked to having a Module 1 mark
	Two yes/no variables
	Normality is not relevant for chi-square. I checked that the expected numbers in each cell were large enough. The smallest expected count was 13.57, so this assumption was met.
	Chi-square; Fisher’s exact test if the expected counts were too small
	Chi-square with Yates’s correction, because this was a 2 × 2 table and the expected counts were large enough.

	H2
	Whether repeat students get different marks from single-year students
	Two separate groups and one mark
	I checked whether the marks in each group were roughly normally shaped. The single-year group was not quite normal, because a few low scores pulled it off shape, but with 126 records in that group the test still works well despite this. The repeat group was fine. Levene’s test gave p = .077, so the spread of marks in the two groups was similar enough.
	Independent t-test; Welch’s t-test if the spreads were unequal; Mann-Whitney U if the data were unsuitable for a parametric test
	Independent-samples t-test, because the assumptions were met. I used Hedges’s g to show the size of the difference because one group was relatively small.

	H3
	Whether more non-submissions are linked to lower marks
	Two numeric variables measured on the same records
	I looked at the scatterplot first. The relationship was broadly a straight downward pattern. Because non-submissions are a count variable, I also checked the result using Spearman’s rho.
	Pearson correlation; Spearman correlation; regression for a more detailed model
	Pearson correlation as the main test, with Spearman’s rho as a check. Both showed the same general relationship.

	H4
	Whether the three cohorts differ in mean mark
	Three separate groups and one mark
	I checked whether the spread of marks was similar across the three groups. Levene’s test gave p = .031, so the groups did not have equal variances.
	One-way ANOVA; Welch’s ANOVA; Kruskal-Wallis
	Welch’s ANOVA, because the groups had unequal variances. This is designed for that situation.

	H5
	Whether marks changed between the first and second half of the modules
	The same records measured twice
	For a paired t-test, the important check is whether the differences between the two sets of marks are roughly normal. Shapiro-Wilk gave p = .239, so there was no evidence of a problem.
	Paired t-test; Wilcoxon signed-rank test
	Paired-samples t-test, because the difference scores were suitable for a parametric test. I also checked with Wilcoxon, which gave the same general conclusion.



.

What the significance level means, and why two-tailed
I set the significance level, alpha, at .05, the level of doubt I am prepared to accept. It means that if the null hypothesis were true, I would expect to see a result at least as strong as mine fewer than five times in a hundred by chance alone, so below .05 I treat that as sufficient evidence to reject it. This threshold is a convention rather than a law of nature: it tells me a result is unlikely to be an accident, not that it is important or large (Field, 2024).
I used two-tailed tests throughout. A one-tailed test looks for a difference in one direction only and is easier to pass, but it is only legitimate if you predicted the direction in advance and would have ignored a result the other way. I did not predict any directions, so a two-tailed test, which allows for a difference either way, is the honest and stricter choice.
Before software, you would compare your test statistic against a critical value looked up in a t table, using your degrees of freedom and chosen alpha. SPSS does the equivalent calculation and reports the exact probability instead, so I did not need the tables, but I still report degrees of freedom alongside every statistic, because they tell you which distribution the number is being judged against.
For every test I give the statistic, the degrees of freedom, the exact p value, the descriptive figures behind it, a confidence interval and a measure of effect size. A p value on its own only tells you whether something was detected. It does not tell you how big it is, or how sure anyone can be about it.

F8. Reading the output
SPSS gives you more than you need. Most procedures produce several tables and rows, and only some answer the question you asked, knowing which part to read is a large part of the skill.
For H1 I used a crosstab, a table counting how many records fall into each combination of two categories: students with a Module 1 mark who did or did not go on to complete, and the same for students without one. SPSS prints several versions of chi-square underneath it. I read the continuity correction row rather than the Pearson row above it, because the correction is the version designed for a two-by-two table, and the footnote below gives the smallest expected count, which decides whether the test can be used at all. Mine said 13.57, so it could.
In the t-tests, SPSS prints two rows: one for when the two groups are similarly spread out and one for when they are not. Levene’s test, printed just to the left, tells you which row to read. For H2, Levene’s was not significant, so I read the first row; for my supplementary comparison of Module 1 marks, Levene’s was not significant either, at p = .508, so I read the first row there too. Using the same rule in both places matters, because switching rows without explaining why looks like choosing whichever answer suits.
In the ANOVA, SPSS prints an ordinary table and then a second one underneath headed Robust Tests of Equality of Means. Robust here simply means the test still works when an assumption has failed. Because Levene’s test had failed, I read the robust table, reporting the ordinary one would have contradicted the assumption check I had described a paragraph earlier.
Across all the tests, how many records each one actually used ranges from 128 to 168, because not every student has every mark and SPSS leaves out any record missing a value the test needs, without saying so on the face of the table. A correlation between the two halves of the module sequence can only use students with marks in both halves, which is 128 of my 168. If I had reported a single sample size throughout, a reader would assume every finding rested on the same 168 records, and that is not true, so I give the number each time, and the degrees of freedom follow from it.

F9. Getting from a result to an interpretation
Three of my null hypotheses were rejected and two were not. I was careful about three things when interpreting them.
I did not turn an association into a cause. Nobody was allocated to a group at random; I am working with records of what already happened. I can say two things went together, not that one produced the other, so I say variables were associated with, or differed by, an outcome. Nothing in the study improved, caused or led to anything.
I did not treat a hypothesis I had failed to reject as one I had proved. A test can fail to find a difference for two quite different reasons: either there is no difference to find, or there is one but I did not have enough data to detect it. The p value alone cannot tell those apart, what separates them is how big the difference actually was and how precisely I managed to measure it.
For H4 and H5 the differences were very small as well as non-significant, at eta squared = .002 and Cohen’s dz = 0.03, with narrow confidence intervals around them. A confidence interval is the range of values the true difference is plausibly within. A narrow interval close to zero means I have measured a small difference fairly precisely, which points towards there being nothing much there. A wide interval would have meant I could not tell, and I would have had to say so. It is that combination of a small difference and a narrow interval, rather than the p value on its own, that lets me conclude that cohort and sequence position do not really affect my findings.
I did not resolve the SCM question in either direction. The recorded date tells me when an administrator created a record, not when a student’s adjustments started working. Support arriving too late to help and support being triggered by difficulty that was already visible would look exactly the same in my data. I cannot tell them apart, so I say so rather than choosing whichever reading suits my argument.

F10. What I concluded, and what I did not
My question was which early, visible signs are linked to completion. What I found is that whether a student submits the first assessment separates completers from non-completers much more clearly, and much earlier, than the mark they get on it. Among students who did submit Module 1, the mark itself did not significantly predict whether they completed, whereas submitting did. Whether the enrolment was a first attempt or a repeat is the second signal.
Four things limit what I can claim from that. First, the dataset does not record who used the General Study Skills service, which is open to every student whether or not they have disclosed anything, so I cannot describe students without a formal SCM as unsupported, something I cannot see may be doing some of the work, and this is both my biggest weakness and my clearest recommendation for further research. Second, my records are enrolment episodes rather than separate people, and nine students appear twice. Third, module structures, titles and deadlines changed across the three years, so I am not always comparing like with like. Fourth, this is one programme in one institution, so I am treating the findings as evidence about this group of students rather than about mature learners generally.

F11. Checking my own figures
A delay obtaining SPSS from UWTSD meant I initially used a trial v29 to produce my first findings and discussion. Once I had a proper UWTSD-licensed version, I re-ran every analysis from scratch in a fresh install of SPSS v30, one procedure at a time, and compared each result against what I had written. All the main results came back the same, but four things needed correcting.
The first was a supplementary comparison I had described as not significant. One of the expected counts in that table was 4.30, below the threshold of five. As explained in Section F6, chi-square becomes unreliable when the expected counts get that small, because it is an approximation that relies on the numbers being reasonably large. Fisher’s exact test does not approximate; it calculates the probability directly, which is why it is the one to read in this situation. Fisher’s gives p = .042, so the difference is significant after all, and I corrected the text.
The second was the Wilcoxon figures in Appendix B, which did not match my output. The figures I had originally reported came from a calculation made outside SPSS during an earlier check. Software differs slightly in how it handles tied values, meaning records where the two halves produced exactly the same mark, and my data contain two of those. That difference is enough to change the statistic in the second decimal place. I have used the SPSS figures, Z = -0.50, p = .619, because SPSS v30 is what I actually ran and what I would be asked to reproduce. The conclusion is unchanged either way.
The third was an inconsistency in how I had applied Levene’s test. In one t-test I had read the row for equal spread and in another I had read the row for unequal spread, even though Levene’s test was non-significant on both occasions and pointed to the same row both times. 

The fourth was omission rather than error. Confidence intervals for the effect sizes, the exact number of records used in each test, and the effect size for the ANOVA were all sitting in my SPSS output but had not been carried into the paper. They are important because an effect size without an interval tells you the size of the difference but nothing about how precisely it has been estimated. I have added them.
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Variable Category

Academic year 2022/23 41

Academic year 2023/24. 59

Academic year 2024125 68 405
Gender Female 140 833
Gender Male 28 167
Enrolment pattern Single-year 140 833
Enrolment pattern Repeat enrolment 28 167
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Variable n M sD Range

Age at start (years) 168 35.92 950 19-69
Mean academic mark (enrolment records) 151 57.35 12.20 20-84
Number of modules with a recorded mark per enrolment record 168 454 215 0-6

Note.

The n column refers to analysed enrolment records, rather than individual students. The 168 records represent 159 individual students because nine students contributed two enrolment records. Mean academic mark could be
calculated only where at least one numeric module mark was recorded; 17 records had no numeric marks and were therefore excluded from that statistc.
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Variable Category Enrolment records (n) Percentage (%)

Non-submissions 0 107 63.7
Non-submissions 1-2 29 17.3
Non-submissions 3 or more 32 19.0
ECldeferred submissions 0 165 98.2
ECldeferred submissions 1-2 3 18
ECldeferred submissions 3 or more 0 0.0
Outcome Completed all six modules 105 625
Outcome Did not complete 63 375
Note.

Percentages are based on 168 analysed enrolment records. "Completed allsix Level 4 modules” means that a recorded mark was available for each of the six required modules. EC = extenuating circumstances where a
delayed submission was granted by the university.
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Module 1 status Completed modules Did not complete modules 2-6 ( Total (n)
Mark recorded 105 (80.8) 25 (19.2) 130
No mark recorded 3(7.9) 35 (92.1) 38
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Enrolment pattern Enrolment records (n) M Standard deviation (SD)

Single-year 126 58.95 12.10
Repeat enrolment 25 49.31 9.30
Note.

Single-year enrolment records had a mean academic mark 9.64 points higher than repeat-enrolment records, t(149) = 3.76, p < .001, 95% Cl for the difference [4.58, 14.70]. The effect size was large, Hedges's g = 0.82, 95% CI
[0.38, 1.26].
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Association Enrolment records (n) Pearson's r [95% CI] P
Number of non-submissions and mean academic mark 151 -38[-51,-.24] <.001
Number of modules with a recorded mark and mean academic mark 151 44,30, 56] <001

Mean mark for Modules 1-3 and mean mark for Modules 4-6 128 .71(61,.78) <.001
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Welch's one-way ANOVA Welch's F (df) Effect size

Welch's one-way ANOVA 0172, 836) 842 2 =002

Note.
The analysis included 151 enrolment records: 37 from 2022/23, 56 from 2023/24, and 58 from 2024/25. The effect size indicates that academic-year cohort accounted for approximately 0.2% of the variation in mean academic
marks.
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Half of module sequence Enrolment records (n) Mean mark (M) Standard deviation (SD)

Modules 1-3 128 59.34 11.41

Modules 4-6 128 59.09 11.26

Note.
The mean difference was 0.25 mark points, {(127) =
=050, p = 610.

32, p =747, 95% Cl [-1.27, 1.77]. The effect size was negligible, Cohen's dz = 0.03, 95% Cl [0.15, 0.20]. Wilcoxon's signed-rank test gave the same overall conclusion, Z
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Measure Number Percentage Basis

Enrolment records with an SCM record 12 71 168 enrolment records (single student may have more than one
instance)

Individual students with an SCM record 10 6.3 159 individual students

Note.
SCM = Statement of Compensatory Measures.
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Academic year Source rows with an SCM record Total source rows Percentage

2022123 1 41 24

2023/24 3 60 5.0

2024125 14 15 122
Note.

These figures use the original 216 source rows before the exclusions described in Section 4.1.1. They should not be compared directly with Table 9, which uses the 168 analysed enrolment records. The 168 analysed records
included 12 SCM records.
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H Null hypothesis Test Result

HL No association between a recorded Module 1 mark | Chi-square test with Yates's continuity correction | X?(1, N = 168) = 64.88, p < .001, @ = .64 Rejected
and completion of Modules 2-6

H2 No difference in mean academic mark between Independent-samples t-test 1(149) = 3.76, p < 001, Hedges's g = 0.82 Rejected
single-year and repeat-enrolment records

H3 No linear relationship between number of Pearson correlation 1(149) =-38, p<.001 Rejected
non-submissions and mean academic mark

Hae No difference in mean academic mark across Welch's one-way ANOVA F(2,83.6)=0.17, p = 842, ? = 002 Not Rejected
academic cohorts

Hs No difference in mean marks between the firstand | Paired-samples t-test 1(127) = 0.32, p = 747, Cohen's dz = 0.03 Not Rejected
second halves of the module sequence

Note.

Decisions refer to the null hypothesis in each case. "Rejected” means that the evidence was sufficient to reject the null hypothesis at p < .05. "Not rejected” means that the data did not provide suficient evidence to reject i it does not prove that there.
was no difference or association. Exact n values vary by test and are reported in Sections 4.2.1-4.2.5.
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il Mean  Std. Deviation Std. Emor _LowerBound  UpperBound _ Minimum _ Maximum
202223 37 570595 1495321 245829 520738 620451 2000 8400
2023124 56 580464 1031471 137836 552841 608087 3300 8250
202425 56 568632 1211895 159130 536767 600497 2900 7533
Total 151 573501 1219747 99262 553888 593114 2000 8400
Tests of Homogeneity of Variances
Levens
Statistic dtt a2 sig
Wean mark across Based on ean 3568 2 148 031
Eetuesstznpied Based on Median 3182 2 148 044
Based on Median and with 3182 2 13248 045
adjusted df
Based on timmed mean 3422 2 148 035
ANOVA
Mean mark across modules attsmpted
sum of
Squares o Meansquars  F sig
Between Groups 41027 2 2014 146 864
Within Groups 22272704 148 150491
Total 2316731 150

ANOVA Effect Sizes™

95% Confidence Interval

Point Estimate__ Lowsr Upper
Wean mark across Eta-squared 002 000 024
G R Epsilon-squared 012 o014 010
Omega-squared Fixed- -on 013 010

effect
Omega-squared Random- -006 -007 005

effect

a Eta-squared and Epsilon-squared are estimatsd based on the fixed-sffect model.
b. Negative butless biased estimates are retained, not rounded to zero.

Robust Tests of Equality of Means
Mean mark across modules attempted
Statistc® dfi a2 sig

Welch 173 2 83sre 842

a Asymptotically F distributed
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a Eta-squared and Epsilon-squared are estimatsd based on the fixed-sffect model.
b. Negative butless biased estimates are retained, not rounded to zero.

Robust Tests of Equality of Means

- TTest Mean mark across modules attempted

ETite
@ Notes

Statistic® it an sig

8 Group Statistcs Welch 173 2 83sre 842

9 Independent Sa
{8 Independent Sa
& explore

a Asymptotically F distributed

B ite. » T-Test

@ Notes
& Enroment pate:

@ Te
() Case Proce

Paired Samples Statistics
Mean N Std.Deviation _Std. Error Mean

E

Wean mark
ETite
i Boxplo

Pair1 Meanmark, modules 1103 59.3372 128 11.41262 1.00874

Mean mark, modules 4106 59.0885 128 1126483 99568

& Corelations
@ Tite
Notes
& Corelations
ETite

Paired Samples Correlations

Significance
N Comelation One-Sidedp Two-Sidedp

@ Notes
{9 Conelations
& Corelations

Pair1 Mean mark modules 1 1o 3 128 706 <001 <001

&Mean mark, modules 4 fo
6

ETite
@ Notes
{9 Conelatons
& craph
ETite
@ Notes
(G Scatter o Hean.

Paired Samples Test
Paired Diftrences

95% Confidence Interval of the
Diference

Mean _ Std. Deviation _Std. Error Mean Lower Upper

o

Significance

One-Sided p

Two-Sided p

&8 Onewsy

@ Notes Part Weanmakmodles T3 24870 669363 Tosss 12123 BCE

& oneway
Bie

Mean mark, modules 4 to

6

323 127

a3

747

@ Notes
L8 Descriptives

£ Tests ofHomog,
£ ANOVA

- ANOVAEfect it

Paired Samples Effect Sizes
95% Confidence Interval
Standardizer® _Point Estimate__ Lower Upper

{48 Robust Tests of
- T-Test
~ETile

Pair1 Meanmark modules 1103 Cohen's d 869863 028 -145 202

- Mean mark, modules 4o
5 Hedges'correction 875043 028 g 201

i@ Notes
L Paired Samples
~{fj Paired Samples
g Paired Samples|

a.The denominator used in estimating the effect sizes.
Cohen's d uses the sample standard deviation of the mean difference.
Hedges' correction uses the sample standard deviation of the mean difference, plus a correction factor.




image33.png
Eile  Edit

s

e
-4 Notes
L Group Statstics
-Lfg Independent Sa
L Independent Sa
& explore
e
4 Notes
&l Enrolment patte:
- E Tie
1 Case Proce
&l Mean mark
e
i Boxplo
& Correlations
-E Title
Notes
&8 Correlations
B e
-4 Notes
L Correlations
&8 Correlations
B e
-4 Notes
L Correlations
& Grapn
e
-4 Notes
i Scattr of Wean
& oneway
Notes
@& oneway
B e
4 Notes
L Descripties
L Tests ofHomog
9 AnovA
LB ANOVA Effect Si
£ Robust Tests of
@ TTest
S Tite
4 Notes
L Paired Samples
~{fj Paired Samples
g Paired Samples
L Paired Samples
& NParTests
F+E Tite
Notes
Wilcoron Signed
ETe
L Ranks

=

*169.5pv [Document?] - IBM SPSS Statistics Viewer
View Data Transform

Insert  Format  Analyze

Graphs

Utilties

Extensions

Window ~ Help

Q Search application

= H

[ASHMe~ &

Paired Samples Test

Paired Differences Significance
95% Confidence Interval of the
Diference
Mean _ Std. Deviation _Std. Error Mean Lower Upper t o One-Sidedp Two-Sidedp
Pair1 Meanmark modules 1103 24870 869863 76886 127273 177013 3 127 3 747
- Mean mark, modules 4o
6
Paired Samples Effect Sizes
95% Confidence Interval
Standardizer® _Point Estimate__ Lower Upper
Pair1 Meanmark modules 1103 Cohen's d 869863 028 -145 202
- Mean mark, modules 4o
5 Hedges'correction 875043 028 g 201

a.The denominator used in estimating the effect sizes.

Cohen's d uses the sample standard deviation of the mean difference.

Hedges' correction uses the sample standard deviation of the mean difference, plus a correction factor.

= NPar Tests

Wilcoxon Signed Ranks Test

Ranks
N MeanRank  Sum of Ranks
Wiean mark, modules 410 6 Negative Ranks 66* 6370 420450
ean mark, modules 110 o ogjiyo Ranks 60° 6328 3796 50
Ties 2
Total 128

a. Mean mark, modules 410 6 < Mean mark, modules 1 10 3

b. Mean mark, modules 410 6 > Mean mark, modules 1 1o 3

. Mean mark, modules 4 to 6 = Mean mark, modules 110 3

Test Statistics”

Hean mark,
modules 4to 6
- Mean mark,
modules 1 to 3
z -497"
Asymp. Sig. (2-tailed) 619
. Wilcoxon Signed Ranks Test
b.Based on positive ranks.
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Eite.
@ Notes
e
Eite.
Notes
0 consistons Case Processing Summary
& Corelations Cases
Eite. Valid Missing Total
Notes N Percent N Percent N Percent
£ Corelations Wean mark acioss I 7 10% 168 1000%
=& Gélm modules attempted
Title
Notes
i Scattr o Hean_ Tests of Normality
(& oneway
Notes Komagoraw-Smimov* Shapiro Witk
& oneway staisic Sig.  stisic sig
Eite Mean mark across 063 151 2007 987 151 183
@ Notes modules attempted
L Desciptives *This s a lower bound of he trus signifiance.
! gmﬁ:‘”""‘w a.Lillifors Signifcance Corraction
L ANOVA Effect S
wE {49 Robust Tests of Mean mark across modules attempted
TTest
Eite.
Notes Mean wark across medules atcempted Stem-and Leaf Flot
{ Paired Samples
L Paired Samples, Frequency  Stem & Leaf
(g Paired Samples
@ Paired Samples, 1.00 Extremes  (=<20)
{8 NPar Tests .00 2.
B Tite 3.00 2. ses
@ Notes 100 S o
{8 Wilcoxon Signeq 1.00 s.e
B Tite 14,00 4 onoi1asssases
(8 Ranks 17,00 R e————
(49 Test Statist 18.00 5. o0l111222223334444
& Explore 27.00 5. sseeceer1ITIIIITIsEseeEess
SETHe 25.00 . 0000001111111122253444444
@ Notes 17,00 P —
Lg Case Processin 16.00 7. ooooli122223333
L Tests of Normal 5.00 7. s7889
-] Mean mark acro| 3.00 R
ETite
10.00
il Normal Q-G 1 case(s)
(& Defrended |
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Mean mark across modules attempted

= Explore
Case Processing Summary
cases
Valid Wissing Total
N Percent N Percent N Percent
Mean modules 1-3 minus 128 762% 0 238% 168 1000%

mean modules 4-6

Tests of Normality

KolmogorowSmimov* Shapiro-Wilk
Statistic df Sig. Statistic df Sig.
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Sl
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viean modules 1-5 minus mean modauies 4-o

Group Statistics

Completed modules 2106 N Mean  Std Deviation _Std. Error Mean
Module 1 mark _Did not complete. 25 5656 14.492 2898
Completed 105 6215 14101 1.376

Independent Samples Test
Levene's Testfor Equalty of

Variances testfor Equaliy of Means
95% Confidence Interval of the
Significance Mean std. Error Diference
F sig t o One-Sidedp Two-Sidsdp  Difference Difference Lower Upper
Module 1 mark Equal variances assumed 440 508 1773 128 033 079 5,592 3188 11834 649
Equal variances not 743 38623 045 080 5592 3208 12102 917
assumed

Independent Samples Effect Sizes
95% Confidznce Interval
Standardizer’ PointEstmate  Lowsr  Upper
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Case Processing Summary

Cases
Valid Missing Total
N Percent N Percent N Percent
‘Aged under 25 at start of 168 100.0% 0 0.0% 168 100.0%
year* Module 1 mark
recorded

Aged under 25 at start of year * Module 1 mark recorded Crosstabulation
Module 1 mark recorded

No mark
recorded  Markrecorded | Total
‘Aged under 25 atstartof 25 orover _Count 30 119 149
year 96 within Aged under 25 at 201% 799%  100.0%
start of year
Under2s Count 8 11 19
96 within Aged under 25 at 21% 579%  100.0%
start of year
Total Count 38 130 168
96 within Aged under 25 at 26% 4% 100.0%
start of year
Chi-Square Tests
Asymptotic
Significance  EvactSig (- Exact Sig.(1-
Value d (@-sided) sided) sided)
Pearson Chi-square 4648 1 031
Continuty Gorrection® 3477 1 062
Likelinood Ratio 4100 1 043
Fishers Exact Test 042 036
Linear-by-Linzar 1620 1 032
Association
N ofValid Cases 168

a1 calls (26.0%) have expected countless than 5. The minimum expected count s 4.30.
b. Computed onlyfor a 242 table

Symmetric Measures
Approximate

Valus Significance
Nominal by Nominal _Phi -168 031

Cramers V. 166 03t
N of Valid Cases 168
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Case Processing Summary

Cases
Valid Missing Total

N Percent N Percent N Percent

‘Aged under 25 at start of 168 100.0% 0 0.0% 168 100.0%

year* Completed all six

modules

Aged under 25 at start of year * Completed all six modules Crosstabulation

Completed all sixmodules
Did not

complets _ Completed _ Total
‘Aged under 25 atstartof 25 orover _Count 52 97 149
year 96 within Aged under 25 at 3.9% 651%  100.0%
start of year
Under2s Count 11 8 19
96 within Aged under 25 at 57.9% 421%  100.0%
start of year
Total Count 63 105 168
96 within Aged under 25 at 375% 625%  100.0%
start of year
Chi-Square Tests
Asymptotic
Significance  EvactSig (- Exact Sig.(1-
Value d (@-sided) sided) sided)
Pearson Chi-square 3802° 1 051
Continuty Gorrection® 2884 1 089
Likelinood Ratio 3669 1 055
Fishers Exact Test 076 047
Linear-by-Linzar 3778 1 052
Association
N ofValid Cases 168

2.0 calls (0.0%) have expected countless than 5. The minimum expected countis 7.13.
b. Computed onlyfor a 242 table

Symmetric Measures

Approsimate

Valus Significance
Nominal by Nominal _Phi -150 051

Cramers V. 150 051
N of Valid Cases 168





