
Bayesian Active Learning for Comparative
Judgement: A New Paradigm for

Educational Assessment

Andy Gray

Submitted to Swansea University in partial fulfilment
of the requirements for the Degree of Doctor of Philosophy

Department of Computer Science
Swansea University

30th September 2025

Distributed under the terms of a Creative Commons Attribution 4.0 License (CC BY 4.0).

Copyright: the author, Andy Gray, 2026

r.t.lloyd
Cronfa banner





Declarations
This work has not been previously accepted in substance for any degree and is not being
concurrently submitted in candidature for any degree.

Signed … (candidate)

Date ………………………………………

This thesis is the result of my own investigations, except where otherwise stated. Other
sources are acknowledged by footnotes giving explicit references. A bibliography is ap-
pended.

Signed (candidate)

Date ………………………………………

I hereby give consent for my thesis, if accepted, to be available for electronic sharing.

Signed … … (candidate)

Date ………………………………………

The University’s ethical procedures have been followed and, where appropriate, that eth-
ical approval has been granted.

Signed … … (candidate)

Date ………………………………………

30 09 25

3009 25

30 09 25

3009 25





I would like to dedicate this work to my daughter, my partner, and my mother. Thank you
for all of your support.





Abstract
Assessment is a cornerstone of education, yet traditional marking methods can be incon-
sistent, biased, and cognitively demanding for educators. Comparative Judgement (CJ)
offers an alternative by ranking student work through pairwise comparisons but faces
challenges around transparency, efficiency, and biases in pair selection. This thesis pro-
poses Bayesian Comparative Judgement (BCJ) as a structured, data-driven alternative to
address these limitations.

BCJ integrates entropy-driven active learning to select the most informative comparis-
ons, systematically improving ranking accuracy while avoiding the model deterioration
seen in traditional CJ. By generating complete predictive rank distributions, BCJ also
enables probabilistic grading aligned with assessors’ decisions. Experiments using syn-
thetic and real-world datasets, including GCSE essays, demonstrate BCJ’s strong perform-
ance and efficiency against existing CJ methods. BCJ also introduces methods to quantify
assessor agreement, reinforcing reliability and accountability

To enhance performance insights, the thesis extends BCJ to a multi-criteria frame-
work (MBCJ), aligning with rubric-based assessment by evaluating individual learning
outcomes (LOs) alongside overall performance. This approach preserves CJ’s efficiency
while providing granular, criterion-specific insights.

The practical implementation of BCJ and MBCJ is evaluated through studies with
professional markers in higher education, focusing on transparency, usability, and trust.
Findings show that while traditional marking is familiar, BCJ and MBCJ reduce subjectiv-
ity, improve alignment with target rankings, and maintain educational integrity, offering
a viable alternative for assessment.

Overall, this research demonstrates how Bayesian methods can refine CJ to enhance
transparency, fairness, and efficiency in assessment. The thesis supports adopting struc-
tured CJ methods to improve feedback and reduce educator workload, contributing to
fairer and more transparent assessment practices across diverse educational contexts.

i





Acknowledgements

First and foremost, I would like to thank my partner, my daughter, and my mother for
their unwavering support and patience throughout this journey.

Secondly, I am deeply grateful to my supervisory team, Dr Alma Rahat, Professor
Tom Crick, Professor Jen Pearson, and Dr Stephen Lindsay, for their invaluable guidance,
encouragement, and expertise.

Finally, I would like to extend a special thanks toDarrenWallace fromCDSM.Without
their collaboration with Swansea University, I would not have had the opportunity to
undertake this PhD.

iii





Contents

List of Tables viii

List of Figures x

Glossary of Notations xviii

List of Acronyms xxi

Contributing Publications xxiii

1 Introduction 1
1.1 Motivations & Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.3 Chapter Outlines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2 Literature Review & Background 7
2.1 Teaching and Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.1.1 Assessment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.1.2 The Purpose of Assessment, Marking and Feedback in Education . 13
2.1.3 Traditional Methods of Assessment and Feedback . . . . . . . . . . 13
2.1.4 The Negative Aspects of Marking and Feedback Methods . . . . . 16
2.1.5 Rubric Marking . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
2.1.6 Transparency in Assessment . . . . . . . . . . . . . . . . . . . . . . 22

2.2 Comparative Judgement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
2.2.1 Pairing Selection Methods . . . . . . . . . . . . . . . . . . . . . . . . 29
2.2.2 Bradley-Terry Model . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
2.2.3 Bayesian Approaches . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

v



2.3 Human-Computer Interaction . . . . . . . . . . . . . . . . . . . . . . . . . . 39
2.3.1 Semi-Structured Qualitative Studies . . . . . . . . . . . . . . . . . . 40

2.4 Evaluation Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
2.4.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
2.4.2 Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
2.4.3 Automated Decision Simulation . . . . . . . . . . . . . . . . . . . . 44

2.5 Reflecting on Prior Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3 Bayesian Comparative Judgement for Holistic Pair-wise Comparisons 49
3.1 Bayesian Comparative Judgement . . . . . . . . . . . . . . . . . . . . . . . . 51

3.1.1 Pairwise Preference Model . . . . . . . . . . . . . . . . . . . . . . . 53
3.1.2 Distribution Over the Rank of an Item . . . . . . . . . . . . . . . . . 55
3.1.3 A Ground Truth Comparison Illustration . . . . . . . . . . . . . . . 57

3.2 Active Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
3.3 Experiments and Discussions . . . . . . . . . . . . . . . . . . . . . . . . . . 61

3.3.1 Analysing the Winning Method . . . . . . . . . . . . . . . . . . . . 62
3.3.2 Efficacy in Rank Distribution Predictions . . . . . . . . . . . . . . . 65
3.3.3 Assigning Grades . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

3.4 Bayesian Comparative Judgement on a Real Comparative Judgement Dataset 68
3.5 Measuring Reliability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

3.5.1 Assessing Reliability and Integrating Principal Marker Interventions 76
3.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

4 Multi-Criteria Bayesian Comparative Judgement 81
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81
4.2 Multi-Criteria Bayesian Comparative Judgement . . . . . . . . . . . . . . . 83

4.2.1 Extension to Rank Generation . . . . . . . . . . . . . . . . . . . . . . 84
4.2.2 Extension to Pair Selection . . . . . . . . . . . . . . . . . . . . . . . . 86

4.3 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87
4.3.1 Strategies Under Scrutiny . . . . . . . . . . . . . . . . . . . . . . . . 87

4.4 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
4.4.1 Identifying the Best Strategy . . . . . . . . . . . . . . . . . . . . . . 88
4.4.2 Robustness to Varying Weight Configurations . . . . . . . . . . . . 91
4.4.3 Reassessing Scale Separation Reliability as a Metric . . . . . . . . . 94



4.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

5 Rendering Transparency to Ranking in Educational Assessment 97
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
5.2 Experimental Settings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

5.2.1 Web Interface for Experimentation . . . . . . . . . . . . . . . . . . . 100
5.2.2 Research Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

5.3 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
5.3.1 ω Scores Against Target Rank . . . . . . . . . . . . . . . . . . . . . . 107
5.3.2 Questionnaire Results and Analysis . . . . . . . . . . . . . . . . . . 110
5.3.3 Workshop Results and Analysis . . . . . . . . . . . . . . . . . . . . . 115
5.3.4 Expert Interviews Results and Discussions . . . . . . . . . . . . . . 116
5.3.5 BCJ Transparency in the Assessment Procedure . . . . . . . . . . . 121
5.3.6 Implementing BCJ . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

5.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

6 Conclusions and Future Work 131
6.1 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135
6.2 Final Reflections . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135

Bibliography 137

Appendices 160

A HCI Questionnaire 161

B Workshop 165

C Expert Semi Structured Interview 169

D Open Source BCJ Python Library 171

E BCJ Web App 173

F MBCJ Web App 175



List of Tables

1 List of publications and their associated chapters developed by the author dur-
ing the preparation of this thesis. . . . . . . . . . . . . . . . . . . . . . . . . . . xxiii

5.1 This summarises the performance of markers during the traditional absolute
marking process. It also includes key metrics such as the total time spent by
each marker, the number of pairwise comparisons conducted, and the corres-
ponding ω scores. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

5.2 The ω results of the final ranks created by the three markers when compared
against each other for absolute marking. We can see that these compared to
each other are not as close compared to the ω results from the Oracle’s rank in
Table 5.1, but we can see that marker one compared to marker two andmarker
one compared to marker three were the most similar with marker two and
three being the furthest away. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

5.3 This summarises the performance of markers during the BCJ process. It also
includes keymetrics such as the total time spent by eachmarker, the number of
pairwise comparisons conducted, the resulting rank assigned based on their
contributions, and the corresponding ω scores. . . . . . . . . . . . . . . . . . . 108

5.4 The ω results of the final ranks created by the three markers when compared
against each other for BCJ. We can see that these are not as close compared to
each other as the ω results compared to the Oracle’s rank in Table 5.3, but we
can see that marker two and three were the most similar, with marker one and
three the next closest. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

5.5 This summarises the performance of markers during theMBCJ process. It also
includes keymetrics such as the total time spent by eachmarker, the number of
pairwise comparisons conducted, the resulting rank assigned based on their
contributions, and the corresponding ω scores. . . . . . . . . . . . . . . . . . . 109

viii



5.6 The ω results of the final ranks created by the three markers when compared
against each other for multi-criteria BCJ. . . . . . . . . . . . . . . . . . . . . . . 109



List of Figures

2.1 An example marking rubric for a level 4 undergraduate module offered at the
Bath Spa University, UK. It provides an overview of the quality required to
achieve a certain grade (along the columns), based on different criteria (along
the rows) for the assessment as designed by the assignment owner. Here, the
criteria are Implementation, Additional requirements, and Documentation. . 19

2.2 An example of a pairwise comparison: two items (e.g. apples) presented side
by side for judgement, with the aim for the judge to make a judgement. In this
example, which apple has the darker colour? . . . . . . . . . . . . . . . . . . . 26

2.3 A flow chart of the CJ process. Starting from the set of items to be ranked,
pairs are selected up to a pre-specified budget and shown to assessors, who
choose a winner on each trial. A statistical model (e.g. BTM) updates the rank
estimates after each decision is made. Once the budget is exhausted, the final
rank order is reported. Green boxes highlight core CJ components that vary
across methodological implementations. . . . . . . . . . . . . . . . . . . . . . . 27

2.4 An illustration of sequential Bayesian updates: prior→ likelihood (new evid-
ence)→ posterior. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

2.5 A conceptual illustration: prior (uncertain), updates with data (likelihood),
and a posterior that concentrates near the true value as evidence accrues. . . . 34

x



2.6 An illustration of five items with Normally distributed scores. Here, the mean
vector for the items is µ = (71, 48, 36, 77, 37)!, and σ = 5 represents the un-
certainty around the mean scores. The σ also represents the range of marks
multiple judges could give the piece ofwork fromabsolutemarking thatwould
still result in the work being within tolerance level, which in this case is a 10

mark tolerance on either side of the given mark, therefore meaning that there
is a 95% chance that the difference between the markers would be 10 or less.
A simulated paired comparison entails sampling from a pair of these distribu-
tions, and the distribution that yields the higher score wins. . . . . . . . . . . 45

3.1 A toy example of Bayesian updating of PDF over preference between ith and
jth items. Initially, with a uniform prior (shown with a black dashed line),
none is preferred. Then, with three wins (α = 1 + 3 = 4) and two losses
(β = 1 + 5 − 3 = 3) for i after five comparisons, the PDF (depicted with a red
line) starts to skew in favour of i (i.e. towards 1). The more data we have, the
narrower the PDF will become, i.e. the uncertainty will reduce. . . . . . . . . 54

3.2 Probability distributions of ranks of items presented in Figure 2.6. The top row
shows the densities calculated directly from the Normal distributions over the
scores using (3.11). The bottom row shows the estimated rank distributions us-
ing our proposed BCJmethod afterN×K = 5×10 = 50 pairwise comparisons
(driven by our entropy-based active learning method presented in Section 3.2).
The red dashed vertical line in each panel depicts the expected rank for relev-
ant density. Clearly, our method can accurately estimate the target densities,
as well as the expected rank vector E[r]. . . . . . . . . . . . . . . . . . . . . . . 57

3.3 Comparison between the analytical estimates in (3.11) and Monte Carlo estim-
ates (with 10k samples) in (3.13) of the expected rank vector of the items E[r]
for our proposed BCJ method after N × K = 5 × 10 = 50 comparisons as in
Figure 3.2. Crosses show the mean MC estimate, and the vertical error bars
represent the respective uncertainty in approximation, and, as expected, they
are reasonably small for the 10k samples. The red dashed line shows when
there is perfect agreement between the analytical and estimated values, and
we see that the average MC estimates are (almost) perfect. . . . . . . . . . . . . 58



3.4 Illustration of uncertainty sampling using entropy (top) for the five items in Fig-
ure 2.6 afterN×K = 50 comparisons, and the respective gradual reduction in
maximum entropy (bottom). As a pair is selected, its uncertainty immediately
reduces after data is gathered about preference. The downward trajectory in
maximum entropy shows that the model is becoming more accurate over iter-
ations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

3.5 A comparison of the random (3.5a), 3.5d)), no repeating pairs (3.5b), 3.5e)) and
entropy (3.5c), 3.5f)) ω distance results. The light blue regions show perform-
ance between the 25th and 75th percent quartiles, and the red line depicts the
median performance over 50 repetitions for 25 items whereK = 10, making it
a budget of 250 comparisons. The top row shows performances for BTM,while
the bottom row shows respective results for our proposed Bayesian approach.
Clearly, BCJ outperforms BTM throughout the progress towards the budget. 62

3.6 Convergence plots of the main current method for conducting CJ, a combina-
tion of the NR pairing method and BTM (Figure 3.6a)), and our novel entropy
pairing method with BCJ (Figure 3.6b)). We can see that the BTM method,
over time, hits an optimum level but then starts to deteriorate, while the en-
tropy and Bayesian approach always gets more accurate with more data. . . . 63

3.7 An illustration of the statistical comparison of results of the random (3.7a),
3.7d)), no repeating pairs (3.7b), 3.7e)) and entropy (3.7c), 3.7f)) selectionmeth-
ods with BTM (top row) and Bayesian (bottom row) approaches for generating
ranks. The plots show the number of times that a combination of a ranking
method and a pair selection method has been the best, or equivalent to the
best, with the darkest colour representing that it was not beaten by any other
method for that configuration. The number in white shows the median per-
formance over 50 repeats for the experimental configuration in the respective
cell, with BCJE showing the best median performance in 18 out of the 20 dis-
tinct experiments. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

3.8 A comparison of the median JSD results over 50 repeats of 20 different experi-
mental configurations for BCJR (left), BCJNR (middle) and BCJE (right). . . 65



3.9 A figure of the two methods used to present a predicted grade to the user.
The panel on the left depicts the probability a student will get a particle grade,
while 3.9b) the panel on the right shows the likely grade thatmeets the threshold
level set by the user. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

3.10 Comparison between the estimated ranks ri using BCJ and scores 100×γi using
BTM (see equation: 2.7). The blue dots show the expected rankE[ri] versus the
score, and the error bar (in red) shows the standard deviation of the predicted
distribution over an item’s rank. The full predictive distributions are shown
in Figure 3.11. The higher the γi value, the better the item performed in the
BTM ranking, and that corresponds to a lower expected rank, i.e. the better
the item performed in the BCJ ranking, with a Kendall’s ω rank correlation of
over −0.97. The narrow difference between the expected ranks may indicate
that the true performance difference between the items is likely to be low. . . 69

3.11 Illustration of the predictive probability distribution generatedusingBCJ along
with the E[ri] for each item i (depicted with red dotted vertical lines) using a
real world dataset 1b from Bramley et al.. The experiment had an SSR score of
0.818, which is considered a respectable level for CJ as it is above theminimum
of 0.7. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

3.12 A comparison between the convergence of the BTMCJ (red line) and BCJ (blue
line) against their respective final ranks. The BTMapproach took≈ 60 compar-
isons before generating a reasonable rank. Until this point, it produced a flat ω
distance value of 0.5. Our Novel BCJ approach started to generate reasonable
ranks even after the first comparison, and produced ranks with a ω distance in
the region of ≈ 0.1 before the BTM ω distance started to improve. . . . . . . . 71

3.13 An illustration of the posteriors under different levels of agreements. When
all ratings agree, on either all wins (shown in green) or all losses (shown in
orange), for item i compared to item j, the densities skew towards 1 or 0, re-
spectively, with the corresponding most likely predicted outcome being close
to 1 or 0. On the other hand, if we have an equal number of wins and losses, i.e.
the highest level of disagreements between ratings, we get the purple density
with the most likely outcome being 0.5 (depicted with the red dashed vertical
line). Here, we assumed 4 comparisons have been made; with more compar-
isons, variance would reduce given the assumptions for outcomes. . . . . . . 73



3.14 An illustration of EAP increasing slowly (shown in orange) as we observe an
item winning at every comparison with another specific item to reflect the de-
creasing uncertainty over comparisons. Whereas MAP, shown in purple, is
overoptimistic and quickly gets to near 100%, even with a few observed wins. 75

3.15 An example of EAP being more stable when there is conflicting information,
with an item only winning every second comparison against a particular item.
MAP fluctuates rapidly, but with sufficient data, the overshoots are small (de-
picted in purple). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

3.16 MAP, and EAP scores for each pairwise comparison in the DREsS dataset
(N = 10, K = 10). Comparisons with EAP scores below 50% were flagged
and reviewed by a PM to identify items causing disagreement (shown within
green boxes). The PM then selected the winner, and we biased the respective
preference distributions accordingly. The upper triangle displays the original
decisions prior to intervention, while the lower triangle reflects the updated
outcomes after moderation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

4.1 A radar plot depicting the ith item’s E[ri,d] performance across five LOs, en-
abling more transparency and detail on where this item performed well and
where it did not. Therefore, it enables educators to identify areas where this
candidatemay need personalised intervention. Furthermore, it providesmore
insight than a traditional CJ rank would offer to the educator. . . . . . . . . . 85

4.2 A visual illustration of how LO-specific preference distributions are combined
using a weighted sum of their CDFs. In this example, three LOs are shown in
blue, orange, andgreen, corresponding to theweight vectorλ = (0.1, 0.6, 0.3)!.
The resulting mixture CDF, shown in red, is not a standard Beta distribution
but effectively reflects the contributions of the individual components. . . . . 86



4.3 Statistical comparison of results from theWilcoxon rank-sum test on theDREsS
dataset for multi-criteria strategies based on the mixture of component ranks
(MCR) and the mixture of component preferences (MCP). Each strategy in a
panel is identified by the row and column labels. Each cell is coloured accord-
ing to the number of items (horizontal axis) and the budget multiplier K (ver-
tical axis). The colour of each cell reflects how often a particular strategy was
outperformed by another competing strategy: darker colour indicate stronger
performance (fewer losses), while lighter colour indicate weaker performance
(more losses). The number shown in white within each cell represents the re-
spective median performance. AnMCP based strategy incorporating the NRP
pair selectionmethod demonstrates the best overall performance across the ex-
periments with this dataset, with the entropy method a close second. . . . . . 88

4.4 An illustration of the statistical comparison results for single-criterion (holistic
BCJwith entropy-based pair selection) versusmulti-criteria strategies. The col-
our of each cell represents howmany times a given strategywas outperformed
by others. Each cell displays the corresponding median performance in white.
For N = 5, the BCJ strategy performs comparably to the best-performing
strategy. However, for N ≥ 10, there is at least one other strategy that con-
sistently outperforms BCJ. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

4.5 An illustration of the statistical comparison results from the Wilcoxon rank-
sum test for multi-criteria strategies based on the mixture of component ranks
(MCR) and the mixture of component preferences (MCP) on the BU dataset.
The plots show the number of times each combination of ranking method and
pair selection method was the best, or equivalent to the best. The darkest col-
our indicates that the strategy was not beaten by any other method for that
configuration, including comparisons against the single-criteria BCJ strategy
using the standard entropy-based pair selection method. The white number
in each cell indicates the median performance for that category. The MCP
strategydemonstrates the strongest overall performance across the experiments,
being beaten only once at the N = 5, K = 30 configuration. . . . . . . . . . . . 90



4.6 An illustration of the statistical comparison of results of theWilcoxon rank-sum
test for the level 4 undergrad dataset of the BCJ and entropy picking methods
against the multi-criteria BCJ and other picking methods. We can see for this
dataset apart from N = 10 and N = 20 for the K value 5, this approach was
not dominated by any of the other combinations. . . . . . . . . . . . . . . . . . 90

4.7 An illustration of the QMC weights transformed onto a simplex which is used
for testing the robustness of the approaches. . . . . . . . . . . . . . . . . . . . 91

4.8 An illustration of the statistical comparison of multi-criteria strategies on the
DREsS dataset using 50 QMC-sampled weight vectors. The plots show that,
overall, the MCP ranking method significantly outperforms the MCR ranking
method. Among all strategies, the combination of MCP with entropy-based
pair selection achieves the best performance. This winning strategy is only
outperformed by the standard BCJ approach in one configuration. . . . . . . . 93

4.9 An illustration of the statistical comparison between the standard BCJ strategy
and multi-criteria variants. Across all comparisons using 50 QMC-sampled
weight vectors, the BCJ strategy with entropy-based pair selection was not
dominated by any other method. The strategy combining MCP with entropy
also performed strongly, but was consistently outperformed by BCJ in these
configurations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

4.10 Statistical comparison ofmulti-criteria strategies for the BUdataset usingQMC-
sampled random weight vectors. The plots indicate that the MCP ranking
method consistently outperformed theMCRapproach. Among theMCP-based
strategies, the pairingwith the entropy selector showed a slight advantage over
the combination with NRP for this dataset. . . . . . . . . . . . . . . . . . . . . 94

4.11 Statistical comparison of single-criterion BCJ combined with entropy-based
pair selection versusmulti-criteria variants, evaluated across 50QMC-sampled
weight vectors. The results show that BCJ with entropy selection was con-
sistently competitive and not outperformed by any other method across the
sampled weights. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

5.1 A histogram ofmarks for submissions in different groups: candidates for abso-
lutemarking, BCJ andMBCJ, entitled as dataset 1, 2 and 3 respectively. Clearly,
the groups have similar distribution over the range between 8 and 15; this is
important for a fair comparison between the groups. . . . . . . . . . . . . . . . 100



5.2 An example of the web app page for the standard BCJ’s comparison. This page
is what the assessor will see when they are making their judgements on the
items being presented to them. Once they have pressed the corresponding but-
ton linked to the item they prefer, this will update the scores and then produce
two new items for the assessor to compare. . . . . . . . . . . . . . . . . . . . . 101

5.3 When the assessor wants to view the results, they can visit the results page.
Thisweb apppage shows the items in order of their ranking, so the item ranked
first will appear first on the page, and as the assessor scrolls down the page,
they will then view the additional items until they reach the last ranking item.
Each item’s rank, a copy of the item and their ranking distribution are shown
to the assessor, ensuring maximum transparency is present to them on how
the decisions have been made. This shows the results probability distribution
and the ranking after the pair-wise comparisons for BCJ. . . . . . . . . . . . . 102

5.4 An example of the interface for the web app page for the multi-criteria com-
parison page. Like the standard BCJ page, this is where the assessor will make
their decisions on the items displayed. However, they will need to make de-
cisions based on individual LOs this time. They press the submit button once
they are ready to submit their preferences. This will update the LOs results
and then produce two new items on which to make judgements. . . . . . . . . 103

5.5 An example that presents the results of a multi-criteria BCJ web app showcas-
ing transparency in expected rankEr scores across different LOs using a radar
plot for each item. An expand button is available for the assessor to be able to
view the complete rank distributions for the individual LOs. . . . . . . . . . . 104

5.6 An example of the results of a multi-criteria BCJ web app showcasing transpar-
ency in ranking distributions across various LOs. The page provides an over-
view of the item’s overall rank and distribution and its performance within
each LO. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

5.7 This shows the transparency in the decisions beingmade. The closer the distri-
bution is to 0.5 (the black line), the more uncertain the markers are, meaning
that half went one way and the other half went the other way. The red dotted
line represents the mode β value from the decisions made, while the blue line
shows the probability density function of the β distribution. . . . . . . . . . . 123



5.8 This shows an example of the EAP and MAP outputs. These heatmaps can be
produced for all LOs for the MBCJ and holistically for the BCJ approach. Any
value ≥ 50 indicates that the agreement is outside the 25th and 75th percentile
ranges. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125



Glossary of Notations

(γ1, . . . ,λD) Weight vector for D LOs

α,β Shape parameters of a Beta distribution

Γ(·) Gamma function

γi Latent preference (ability) parameter for item i in the BTM

γj Latent preference (ability) parameter for item j in the BTM

γi,d Score of item i for LO d

λd Weight for learning outcome d

E[ri] Expected rank of item i

r Rank vector (initialised to mean rank)

erf(·) Error function (used in Thurstone model)

µi Latent preference score (logit parameter) for item i in the BTM

µi Mean score for item i (Normal model)

µj Latent preference score (logit parameter) for item j in the BTM

π(p[i,j]) Posterior Beta distribution over performance for pair (i, j)

ψ(·) Digamma function

σi Standard deviation for item i (Normal model)

ω Kendall’s rank correlation coefficient

xix



B Budget (total number of comparisons), B = N ×K

B(α,β) Beta function

F (·) Cumulative distribution function (CDF)

G List of selected pairs

H(·) Entropy function

I Set of items under comparison

K Budget multiplier for comparisons

L(·) Likelihood function in BTM

m Mean-difference term m = (µi − µj)/
√
σ2i + σ2j

N Number of items being compared

P (i & j) Probability that item i is preferred to j

ri Rank of item i

W List of winners

w Number of wins

xk Outcome of the kth Bernoulli trial (0 or 1), i.e. a pair-wise comparison

za Combinatorial term
(N−1
a−1

)
for rank probability

2F1(·) Gaussian hypergeometric function





List of Acronyms

A-Level Advanced Level

ACJ Adaptive Comparative Judgement

AI Artificial Intelligence

AfL Assessment for Learning

AoL Assessment of Learning

BCJ Bayesian Comparative Judgement

BTM Bradley–Terry Model

CJ Comparative Judgement

CSE Certificate of Secondary Education

EAP Expected Agreement Percentage

GCSE General Certificate of Secondary Education

HCI Human–Computer Interaction

JSD Jensen–Shannon Divergence

LO Learning Outcome

ML Machine Learning

MAP Mode Agreement Percentage

MBCJ Multi-Criteria Bayesian Comparative Judgement

xxi



MC Monte Carlo

MCMC Monte Carlo Markov Chain

MCP Mixture of Component Preferences

MCR Mixture of Component Ranks

O-levels The General Certificate of Education (GCE) Ordinary Level

PM Principal Moderator

QMC Quasi–Monte Carlo

SAT Standard Assessment Test

SSR Scale Separation Reliability

UI User Interface

UX User Experience





Contributing Publications

Contributing Chapter Publication
1 Chapter 2 Using Elo rating as a metric for Comparative

Judgement in educational assessment: Proceed-
ings of the 6th ACM International Conference
on Education and Multimedia Technology

2 Chapter 2 & 3 ABayesian active learning approach to Compar-
ative Judgement within education assessment:
Computers and Education: Artificial Intelli-
gence

3 Chapter 2 & 4 Bayesian Active Learning for Multi-Criteria
Comparative Judgement in Educational Assess-
ment [Journal paper is in preparation]

4 Chapter 2 & 5 Rendering Transparency to Ranking in Educa-
tional Assessment via Bayesian Comparative
Judgement: BERA Review of Education on
Transparency in Assessment

Table 1: List of publications and their associated chapters developed by the author during the
preparation of this thesis.

xxiii





Ethical Considerations

For the real data used in Chapter 3, we only received anonymised pairwise comparison
data (i.e. no identifying information or exact grades, or scores, for the items, the original
text, or information about the judges, were provided) from the authors. Hence, we were
merely the users of anonymised data, and since it is owned by the authors, we do not
have the privilege to share it. Interested readers should reach out to them for this data.
Ethics approval for the use of the secondary data was approved by the Faculty of Sci-
ence and Engineering ethics committee at Swansea University (Research Ethics Approval
Number: 1 2024 9700 8643).

The experiment carried out in Chapter 5 was approved by the Faculty of Science and
Engineering ethics committee at Swansea University (Research Ethics Approval Number:
1 2023 7465 6926).

xxv





Chapter 1

Introduction

Subjectivity, bias and inequity influence the overall judgement on a pupil’s performance
[1], leading to fundamental questions such as: “is assessment fair?” [2]. Inconsistency
in teachers’ predictions of student grades is widespread in UK schools and colleges. In
2019, only 21% of students obtained the grades predicted by their teachers [3], while in
2011, 42–44% of teacher-estimated grades over-predicted by at least one grade, and 7–
11% under-predicted [4].

The COVID-19 pandemic forced reliance on predicted grades across educational set-
tings and contexts. Its impact was immediate and profound [5, 6, 7, 8, 9, 10], and its
long-term consequences are still not fully manifested [11, 12, 13, 14]. We will likely con-
tinue to experience a “new normal” for education [15, 16, 17, 18, 19, 20], particularly in
the domain of educational assessment [21, 9, 22, 23, 24]. During the pandemic, student
grades were based on teachers’ assessments in England and Wales (two of the four na-
tions of the UK, with separate education systems), resulting in record-high grades for
GCSE and A-level students. However, with the announcement of the 2022 A-level res-
ults, 80,000 fewer students received A and A∗ grades compared to 2021, a fall from 19.1%
achieving A∗ in 2021 to 13.5% in 2022—ultimately bringing grades back in line with pre-
pandemic results [25].

There is an extensive corpus of work that focuses on using intelligent and/or data-
driven approaches in a variety of educational settings and contexts [26, 27, 28, 29, 30]. In
particular, for predicting student performance and retention, we have seen broad applic-
ation of data mining and learning analytics [31, 32], as well as machine learning (ML),
collaborative filtering, recommender systems, and artificial neural networks [33, 34, 35].
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However, these approaches raise increasingly complex and interconnected social, ethical,
legal, and digital/data rights issues [36, 37, 38], especially when viewed through a pre-
and post-pandemic lens [39]. In an emerging educational policy context, the potential for
disempowering educators and undermining their expertise in supporting learning and
progression via formative and summative assessment approaches is also problematic.

1.1 Motivations & Objectives

Within education in the UK, since the introduction of national curricula and Key Stages
(KS) 1, 2, and 3 in 1988, assessments have been used to rank students’ attainment [40]. The
introduction of the national curriculum andKS 1, 2, and 3 brought a stronger emphasis on
assessment, allowing teachers to provide structured feedback to support student improve-
ment [41, 42]. As a result, new assessment approaches emerged, notably Assessment of
Learning (AoL) and Assessment for Learning (AfL) [43, 42, 44]. However, traditional
marking, also known as absolute marking, remains time-consuming and laborious, con-
tributing to teacher workload and stress, particularly when schools enforce strict marking
policies with specific time constraints. Additionally, biases can arise, as teachers may un-
consciously base grades on prior student performance rather than the specific assessment
itself.

This thesis aims to develop novel artificial intelligence (AI) and ML techniques to en-
hance Comparative Judgement (CJ) in e-learning and e-assessment. By leveraging data
from digital learning platforms, the goal is to support educators in assessing qualitative
work more effectively. Traditional automated assessment tools struggle with qualitative
responses due to their subjective nature, often leading to inconsistencies and inefficien-
cies in grading. This research seeks to bridge that gap by developing an ML framework
that can identify meaningful patterns in qualitative assessments while ensuring fairness
and reliability.

A key aspect of the project is the integration of CJmethods to improve grading consist-
ency and transparency. Educatorswill be actively involved in shaping the system, helping
to refine the model’s ability to recognise key assessment attributes. Through an interact-
ive learning process, the system will use educator feedback to enhance its understanding
of high-quality submissions, allowing it to highlight areas that require closer attention.
By adopting active learning strategies, the model will prioritise uncertain cases, making
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the assessment process more efficient without constraining educators to rigid, automated
grading structures.

Additionally, this research prioritises trust and usability, ensuring that both educat-
ors and students feel confident in the system. By involving stakeholders throughout the
design process, the project will address concerns around bias and transparency. The final
tool will not only support educators in marking and feedback but will also help ensure
alignment across different assessors, improving assessment reproducibility. Ultimately,
this work aims to create a system that enhances learning outcomes, supports constructive
alignment, and informs future developments in education technology.

1.2 Contributions

The main contributions of this work can be seen as follows:

• We develop a comprehensive Bayesian framework for pairwise preference-based
assessment that derives an analytical expression for the full predictive rank distri-
bution of any item; updates pairwise preference densities and rank distributions
via Bayesian inference as new comparison data arrive; introduces a novel active
learning strategy using predictive entropy to select the most informative next pair;
proposes a probabilistic grading approach based on predictive rank distributions;
defines two new reliability metrics—Mode Agreement Percentage (MAP) and Ex-
pected Agreement Percentage (EAP)—under Beta priors to quantify assessor agree-
ment and identify controversial pairs; anddemonstrates through extensive synthetic
experiments that our BCJ active learning framework with entropy-based selection
achieves statistically superior or equivalent performance across all tested configur-
ations.

• We extend the BCJ framework to a multi-criteria setting (MBCJ), introducing meth-
ods to approximate overall ranks and predictive uncertainties from pairwise com-
parisons for each learning outcome (LO), and to derive LO-specific predictive rank
distributions; we define a holistic entropy measure to guide active selection of the
next pair for evaluation; and, for the first time, demonstrate through experiments
on real assessment data that MBCJ performs as well as BCJ while providing finer
granularity in item preferences and LO-specific rankings.
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• We demonstrate how BCJ enhances the transparency of CJ by addressing criticisms
of traditionalCJ through a structured, explainable process that tracks decision-making
and quantifies ranking uncertainty; conduct a comprehensive evaluation compar-
ing traditional BCJ, and MBCJ against standard marking in real-world assessment
contexts, providing practical insights into their relative performance; and analyze
educators’ perspectives—via quantitative analyses and expert discussions—on fair-
ness, workload, and usefulness, ensuring the research is grounded in authentic
teaching and assessment practices.

Taken together, this research presents a significant advancement in assessment meth-
odology by introducing the BCJ and MBCJ frameworks, which improve the reliability,
transparency, and interpretability of grading in education.

1.3 Chapter Outlines

In Chapter 2, we present the literature and explore the limitations of traditional assess-
ment methods, such as absolute marking and rubric-based grading, which often suffer
from inconsistencies, biases, and high cognitive demands on educators. CJ is introduced
as a potential alternative, leveraging pairwise comparisons to improve reliability and re-
duce marking burden. While CJ offers advantages, challenges such as transparency, time
requirements, and potential biases in adaptive approaches are discussed. The section also
examines alternative ranking methods, including Bayesian approaches.

In Chapter 3, we introduce our novel approach to CJ, Bayesian CJ. The proposed
method enhances the process of educational assessment through CJ using Bayesian act-
ive learning. We focus on utilising an ML model that improves assessment accuracy by
learning fromhuman judgements. In particular, themethod aims to reduce the number of
comparisons needed to evaluate educational content, thus making the process more effi-
cient. The approach utilises Bayesian methods to refine the model iteratively, improving
the precision of assessments and reducing the inherent subjectivity in traditional eval-
uation methods. This research offers a framework for integrating ML techniques into
educational assessment, potentially improving both the fairness and efficiency of grading.
Additionally, we address the limitation of quantifying assessor agreement by deriving
agreement levels, thereby enhancing transparency in the assessment process.
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In Chapter 4we extend our novel BCJ approach to handlemulti-criteria decisionmark-
ing. The proposed innovative approach aims to bridge the gap between holistic assess-
mentmethods and the need for detailed, criterion-based feedback in education. Traditional
CJ allows assessors to evaluate work holistically through pairwise comparisons, lead-
ing to reliable rankings but lacking specific criterion-based insights. Building upon the
Bayesian CJ (BCJ) framework, this study extends it to handle multiple independent learn-
ing outcome components as defined by rubrics. This extension enables both overall and
component-wise predictive rankings, complete with uncertainty estimates. We introduce
an entropy-based active learning method to select the most informative comparisons for
assessors, enhancing the efficiency of the assessment process. Experiments on synthetic
and real datasets demonstrate the effectiveness of this approach.

In Chapter 5, we explore the application of BCJ to enhance transparency in educa-
tional assessment. Traditional CJmethods, while effective for ranking studentwork, often
lack transparency and detailed feedback. BCJ introduces a probabilistic approach that
incorporates prior information, enabling clearer decision-making and quantification of
uncertainty. The study further extends this to MBCJ, which evaluates multiple learn-
ing outcomes independently, offering a more granular and transparent ranking system.
Through an experimentwith professionalmarkers in higher education, this chapter demon-
strates that BCJ and MBCJ improve consistency compared to absolute marking while
maintaining fairness. The findings suggest that BCJ and MBCJ could serve as reliable
alternatives to traditional assessment methods, particularly in contexts demanding high
levels of transparency.

Having established themotivation, objectives, and challenges surrounding traditional
assessment methods, the next chapter delves into the theoretical and empirical founda-
tions that underpin this research. Chapter 2 provides a comprehensive literature review,
exploring the evolution of assessment practices, the emergence of CJ, and the compu-
tational models that support ranking methodologies. This foundation is essential for
understanding the innovations proposed in subsequent chapters.
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Chapter 2

Literature Review & Background

Our target in this thesis is well-rooted within the educational space, aiming to provide
educators with an alternative method of conducting CJ, enabling transparency and accur-
ate ranking of students’ workwhile addressing current CJ issues and keeping themarking
burden on teachers as low as possible. Therefore, wewill exploremultiple areas spanning
different scientific research spaces. These include computer science for looking into the
multiple different methods that can be used to implement alternative versions to use ML,
and human-computer interaction (HCI) to be able to ensure that what we create is bene-
ficial to the main target of these solutions (educators) as well as the social science field
to ensure that what we are aiming to produce is rooted within the requirements of the
education field and expected manner that the educational domain expects.

In this chapter we explore the literature in four interconnected domains: section 2.1
focuses on teaching and learning with a emphasis on traditional assessment methods
and their limitations, section 2.2 CJ and its theoretical underpinnings, 2.2.2 algorithmic
approaches for ranking in CJ, and section 2.2.3 ML innovations to address known lim-
itations.

2.1 Teaching and Learning

While there can be multiple reasons why educators assess students, assessments serve a
purpose for both the teacher and the student in the process. These include: giving feed-
back to teachers and learners; providing motivation and encouragement; boosting the
pupils’ self-esteem; a basis for communication; a method to evaluate a lesson, training
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method, scheme of work, or curriculum; and to entertain the students [43]. Addition-
ally, the assessment process creates opportunities to rank students, ultimately allowing
schools to select and filter students, allocate them to a particular pathway or educational
direction, or discriminate between students for a given reason [43].

There are four main categories of assessment in the UK. These are diagnostic, form-
ative, summative, and national assessments [42, 43]. However, it is essential to note that
national assessments are not used in everyday aspects of teaching and learning. The term’
national assessment’ is used to represent critical examinations, such as SATS (Standard
Assessment Tests), GCSE (General Certificate of Secondary Education), and A-level (Ad-
vanced Level) examinations, taken at the end of the qualifications [43].

Teaching is becoming increasingly target-oriented and evidence-based in the UK. For
example, the Office for Standards in Education (Ofsted) in England carry out inspections
and conducts teacher performance reviews [45, 46]. Therefore, there is an emphasis on
rigour, and consequently, teachers are encouraged to provide written summative feed-
back [47, 48]. While verbal feedback has been proven to be just as effective for students’
learning as written feedback, it is challenging to record and provide evidence to govern-
ing bodies [49, 50, 51]. Therefore, a teacher will mark students’ work based on a rubric of
key criteria that match certain levels to produce a grade and then provide personalised
feedback to a student, explaining what they have done well and what they need to im-
prove on. However, this approach to marking is very time-consuming and generates a
substantial marking burden for the teachers [52, 53]. Additionally, When marking is con-
ducted over multiple sessions, assessors may become inconsistent in their marking and
feedback. Such temporal drift can unintentionally introduce systematic bias into assess-
ment outcomes, as markers’ internal standards shift over time [54], considering how the
student has performed all year round rather than in that moment of the assessment [55].

2.1.1 Assessment

Education is widely regarded as a foundational mechanism for personal and societal de-
velopment. As the saying goes, “give a man a fish and you will feed him for a day, but
teach him to fish and he will not be hungry anymore.” However, it was not until 1918
that education, as most people in England and Wales know it, began to take its current
form [56].
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In the intervening decades, education policy in England and Wales widened particip-
ation and reshaped teaching practice. The Education Act 1944 established free secondary
education and introduced a tripartite system of grammar, technical, and secondary mod-
ern schools [57]. Post-war reforms encouraged broader curricula and more child-centred
methods. At the same time, qualifications such as O-levels (The General Certificate of
Education (GCE)Ordinary Level) andCSEs (Certificate of Secondary Education) began to
standardise assessment at the secondary level [57]. These developments laid the ground-
work for the comprehensive national curriculum and assessment structures that followed
in 1988 [40].

Formuch of the twentieth century, teaching remained largely teacher-centred, focused
on transmitting knowledge to students. It was not until 1988, under the Education Reform
Act, that assessment became a formal and integral part of schooling through the introduc-
tion of the national curriculum in England and Wales [40].

As the curriculumwas rolled out, statutory assessmentswere introduced to education
between 1991 and 1995. Key Stage 1 first, followed by Key Stages 2 and 3, respectively
[41, 42]. Only for the core subjects of English, Mathematics, and Science had the as-
sessments been first introduced. The first assessments in Key Stage 1 were a range of
cross-curricular tasks to be delivered in the classroom, known as SATs. However, the com-
plexity of using these meant that more formal assessments quickly replaced them [41, 42].
The assessments in Key Stages 2 and 3 were developed using more traditional tests.

To allow teachers to assess students’ attainment, taking tests became the primary as-
sessment method in Key Stage 3. While assessments were the primary means, educators
were also able to evaluate their students using other methods against the targets set for
attainment within the national curriculum [42]. The teacher and assessment outcomes
were used on a scale with key learning milestones expected at different ages. A key stage
level indicated the result for the students’ progress. The model was used throughout the
next few years until 2005, when the role of tests in KS1 was downgraded to just being
an internal support tool for teachers. Then, in 2008, the government decided to remove
tests in KS3 [42].

This model continued, with minor adjustments to reflect the changing content of the
National Curriculum, up to 2004. From 2005, the role of the tests got downplayed at Key
Stage 1, with tests being used only internally to support teacher assessment judgements
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[58]. Further changes occurred in 2008 when the government announced that testing in
Key Stage 3 would be scrapped altogether [59].

However, with a change of government, the Conservative Party taking power from
the Labour Party brought about new changes to how education is focused and pedagogy
methods would be conducted. In 2014, the system of attainment levels was removed,
creating the educational shift of ”Assessing without level” [60]. However, within schools,
it was being referred to as ‘life after levels’. This was the follow-up to the changes in the
national curriculum in 2013 [60]. The changes within the national curriculum brought
a greater focus on more traditional-style GCSE academic subjects, while reducing the
emphasis on perceived technical labour-style jobs. The new curriculum’s direction has
created a greater emphasis on final exam outcomes at the GCSE and A-level stages.

Traditional marking, an action where amarker assigns a score and/or grade to a piece
of work, is the default approach to assessment in education [61, 62]. This practice is also
known as absolute marking, and this is the term used throughout the remainder of this
paper. In this method, teachers assign marks based on fixed criteria or rubrics, aiming
to gauge a student’s performance objectively. Despite its widespread use, this approach
has been critiqued for issues related to consistency, bias, transparency, and, crucially, the
cognitive demands it places on educators [63].

On inconsistency, even when a grading rubric is in place, researchers have shown that
different teachers can interpret the same criteria in varying ways, leading to discrepan-
cies in scoring [64, 65]. Additionally, biases, such as those based on a student’s previous
performance, personality, or even handwriting, can unintentionally affectmarks. Scharas-
chkin et al. [65] highlights the “halo effect”, where a teacher’s perception of a student’s
past achievements influences their grading of current work. This effect can lead to an
overestimation or underestimation of a student’s true capabilities, which is particularly
problematic in high-stakes assessments.

Biases can also stem from factors like teacher fatigue, stress, and subjective preferences
[66]. Research has shown that teachers’ grading decisions can be influenced by non-
academic student characteristics, such as gender, socioeconomic background, or ethnicity,
leading to systematic patterns of disadvantage evenwhen attainment is held constant [67].
For example, different tutors within a large marking team may apply the same marking
criteria in subtly different ways, leading to systematic variation in themarks awarded [68].
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These biases undermine the fairness of assessments, which can affect students’ opportun-
ities and their trust in the educational system [69].

It should be noted that while anonymisation is often deemed as a definitive way to
combat such biases and improve trust in the system, evidence suggests that it may not
necessarily be effective (see, for example, [70]). Also, it is not always feasible to use an-
onymisation for all types of assessments, for instance, for presentation.

Teachers in England work an average of 54 hours per week, while school leaders work
more than 60, according to the UKGovernment’s Department for Education (DfE)’s work-
load survey [71] (N.B. the DfE has responsibility for education in England only, due to
devolved education policy in the UK across the four nations). Time spent on unneces-
sary tasks driven by an accountability regime contributes to the ongoing recruitment and
retention crisis without improving learning outcomes (LOs) [72]. Recognising this, the
DfE has emphasised the need to reduce school workload, providing a toolkit of practical
resources to support reductions [73].

In 2019, the average self-reported working hours for all teachers and middle leaders
was 49.5 hours perweek, a reduction of 4.9 hours from 2016. Primary teachers andmiddle
leaders reported working an average of 50 hours per week in 2019, down from 55.5 hours
in 2016, while secondary teachers andmiddle leaders reported a decrease from 53.5 hours
to 49.1 [71]. However, primary teachers continue to work longer hours than their second-
ary counterparts, though the gap has narrowed from 2 hours per week in 2016 to 0.9
hours in 2019. Clearly, there is a drive to improve working conditions across the UK, and
arguably, it has had some positive impact.

Nonetheless, marking remains one of the most time-consuming tasks. According to
the DfE’s workload survey, 61% of secondary school teachers and middle leaders repor-
ted that they spend too much time marking [74]. The proportion of teachers who feel
overwhelmed by marking has remained persistently high, with 43% reporting excessive
marking workloads in 2024, compared to 46% in both 2022 and 2023 [74].

Thismarkingworkload leads to stress, poorwellbeing [75], and has also been shown to
be associatedwith systematic shifts in grading behaviour under repetitivemarking condi-
tions [76]. As student numbers increase, absolute marking becomes increasingly difficult
to sustain at scale, motivating interest in automated approaches [77]. Furthermore, there
is a disconnect between grading policy and practice, as many teachers do not consistently
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use written criteria, often relying on holistic rather than analytical judgments [78], which
can contribute to variability in grading outcomes across educational contexts [79].

While these workload challenges are well-documented in schools, they are mirrored
in UK higher education (HE) institutions (and indeed, internationally), where marking
burdens are similarly acute. Academics face growing class sizes, expanded assessment
formats, and intensifying institutional accountability demands, with the resulting impact
on their health and wellbeing [11, 13, 14]. As a result, HE staff operate under comparable
marking pressures, with heavy workloads, compressed timelines, and overlapping mod-
ular deadlines creating clear conditions for marking fatigue. These structural constraints
are widely recognised as placing strain on the consistency and quality of assessment. [80,
81, 82].

Furthermore, when grading is inconsistent or biased, students and parents may feel
frustrated or sceptical about the fairness of the assessment process. This lack of trans-
parency is particularly concerning in high-stakes situations, where grades can have a
significant impact on future educational and career opportunities. Transparency is vi-
tal to ensuring trust in the assessment process, yet absolute marking methods often fall
short in providing the necessary clarity [83].

The HE sector is also compounded by structural sector-wide issues in part arising
from the COVID-19 pandemic [11, 17, 84]. Academic staff face increasing workload and
thus marking burdens due to growing class sizes, diverse assessment formats, and insti-
tutional pressure to provide detailed feedback within tight timeframes [81, 9, 82]. The
marking of more traditional assessments, such as essays, project reports, and reflective
pieces, requires considerable time investment, particularlywhen attempting to apply com-
plex rubrics consistently across a cohort. These challenges are intensified in modular
structureswhere assessments are frequent and staggered, leading tomultiple overlapping
marking deadlines and feedback cycles throughout the academic year [80]. Human essay
marking, even with rubrics, often produces substantial inter-marker variability, suggest-
ing that reliability and fairness of assessment can be deeply compromised under current
practice standards [85].
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2.1.2 The Purpose of Assessment, Marking and Feedback in Education

As we have established, assessments became a staple of the UK educational system in
1988. While the term assessments is not usually defined, the word ‘assess’ is typically
associated with measuring, determining, evaluating, and judging [43].

While there can bemultiple reasonswhy educators assess students, assessments serve
a purpose for both the teacher and the student in the process. These include giving feed-
back to teachers and learners, providingmotivation and encouragement, boosting pupils’
self-esteem, serving as a basis for communication, amethod to evaluate lessons, a training
method, and a scheme of work on the curriculum [43]. Additionally, the assessment also
creates other opportunities to rank students; a method to select and filter students, alloc-
ate students a particular pathway or educational direction, or as a way to discriminate or
choose between students for a given set of reasons [43].

2.1.3 Traditional Methods of Assessment and Feedback

There are fourmain categories of assessment. These are diagnostic, formative, summative,
and national assessments [43, 42]. However, it is essential to note that national assess-
ments are not used in everyday aspects of teaching and learning. This term refers to the
critical exams, such as SATs, GCSEs, and A-level exams, taken nationally. Therefore, we
will focus on the other three main ones.

Diagnostic assessment is also referred to as pre-testing [43]. Educators use this tech-
nique to acquire a base level of knowledge of the students they have inherited. This
method is good for showing the progress of attainment over time by having an initial
base test. Teachers can then show how well the students have progressed over time with
their improvements over the term. This base assessment also provides the teacher with
crucial information, the current ability of every student’s knowledge. Through knowing
this current level of knowledge, teachers can adapt the coming lessons and provide suit-
able differentiation and scaffolding within the lessons to allow each student to succeed
as much as possible. However, during the author’s time as an educator, it was also ob-
served that the techniquewas employed to create baseline narratives. Teachers used them
to show that the student’s knowledge was not at the expected level when inherited by the
teacher at meetings or performance management reviews. Therefore, being used as a
counter-act measure tool by the teacher, if they find themselves being accused of letting
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the students’ performance slip, they try to counter-act by implying the students were not
at the required level in the first place.

The second method, formative assessment, is also known as ’assessment for learning
(AfL)’ [43, 42]. This method has become one of the main tools for a teacher in terms of
assessment and feedback. AfL allows educators to assess students’ understanding of a
topic in real-time during a lesson, without relying on a summative assessment. As a res-
ult, the technique allows the teacher to spendmore or less time on the topic, depending on
whether the students understand it or not, even if they had planned to spendmore or less
time on the topic. Therefore, ensuring that the teaching is not happening for the sake of
teaching. Thus, the emphasis is less on measurements and more on actual learning. AfL
can involve using several techniques, such as teacher assessment through in-class ques-
tions andmarking books, as well as self-assessment and peer assessment, where students
evaluate each other’s work [43].

AfL has many values for teachers and students. Within Black and William’s paper,
‘Inside the black box’ [44], it was discovered that AfL provides massive learning gains,
especially with the low attainer groups. Black and William found that AfL and the use
of peer assessment raised motivation and self-esteem across the board, but particularly
among low attainers. The addition of peer assessment is extra valuable to the students.
This form of feedback is effective because it will most likely be presented to the students in
amannerwithwhich they aremore familiar, in terms of language andwording. Therefore,
in a way that makesmore sense to them and has themost impact on their learning [86, 44].

The two key ways that teachers can gain insights from AfL are in questioning and
marking. Questioning, also referred to as formative questioning, aims to assess what stu-
dents in the classroom know about the current topic being discussed or taught, thereby
improving learning [43]. However, for this to be effective, students will need an appropri-
ate ‘wait time’ [87]. A ‘wait time’ is the term used to ensure that the student, when asked
a question, has sufficient time to formulate their thoughts and answer, as the aim is not to
catch them out but to gather what they currently understand. Formative questioning is
also effective when allowing students to discuss amongst themselves and then answer the
teacher. Therefore, allowing them to consolidate with peers to check if they understand
the topic before delivering it to the teacher. A student is more likely to say they do not
know than give a wrong answer and look silly in front of their peers, a technique known
as think–pair–share. Other effective methods, which do not require students to discuss
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between themselves, include no-hands up, where the teacher selects who answers rather
than relying on volunteers; show-me boards, where every student writes an answer on a
small whiteboard and reveals it simultaneously so the teacher can gauge understanding
across the class; and traffic-light systems, in which learners indicate their confidence or
level of understanding by showing red, amber, or green cards (or similar signals) [88].

Formative marking is the term used when teachers assess students’ work and provide
some form of feedback, whether it be ‘two stars and a wish’ or more standard approaches
of giving direct feedback. The overall aim is to enable the teacher to assess the student’s
current level of knowledge, identify areas for improvement, and provide feedback on both
their strengths and areas for development. Giving feedback on areas for improvement is
essential, whether the student is at a C/4 or anA*/9. The constant feedback, regardless of
the student’s level, is an educator’s aim to ensure that their students can improve. How-
ever, it is crucial that the feedback is taken on board and actioned for formativemarking to
be effective. Otherwise, it is more of a summative action [44, 89]. To combat this, educat-
ors would usually allow students time within a lesson, after the feedback has been given,
to review their work and make changes in a different colour. This process is referred to
as DIRT (Directed/dedicated. Improvement/Independent. Reflection.) [90].

The third method is a summative assessment, also known as ’assessment of learning’
(AoL) [43]. This type of assessment happens at the end of a teaching unit or topic. It
is used to gain insights into what the students have learnt within the subject covered or
the course. Its purpose is to give a student a mark, grade or ranking. Usually, this is the
grade that is mainly focused on, as it is the metric that will have the most impact on the
school in terms of league performance tables regarding GCSE and A-level results. This
assessment method is used to acquire a snapshot of the students and allows the teacher
to perform ’what if’ scenarios, such as if they were to take the test now, what would they
get? Educators can determine if students need to attend intervention, are performing as
expected, or are even performing better by reviewing the results. With so much riding
on these results, particularly for schools and teachers’ performance management reviews,
considerable emphasis is placed on predicting the final results for students. We have
seen it put much pressure on the teachers and the students, and ultimately creates a very
stressful environment, which is not the best environment for learning.
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2.1.4 The Negative Aspects of Marking and Feedback Methods

While marking and feedback are essential in the classroom, they also have some negative
aspects. Currently, debates are happening about who formative assessment is really for
[43]. Are these assessments for the students designed to allow them to improve know-
ledge, or are they more for the schools to predict their work and where the students will
be, come exam time? Are they there to demonstrate to external bodies, such as Ofsted,
that the school is being rigorous? Or are they for teachers to justify possible results based
on results for their performance management reviews?

Additionally, as teachers might have had a KS4 (GCSE) class for two to three years
when assessing and conducting summative assessments, they may not see the student’s
work entirely at face value. The teacher’s personal bias might influence their assessment
based on how the student has performed over the year or even years. For example, if one
student has been consistently friendly, well-behaved, and has completed the required
work, the teacher might provide a higher grade for that student. However, a teacher may
be inclined to assign a lower grade to a student who has exhibited disruptive behaviour
throughout the year. Consequently, the quality of that student’s work may not be fully
recognised, and the assessment may be less accurate, as extraneous factors influence the
judgement.

Because schools often have several teachers delivering the same subject, a process of
moderation is required to ensure thatmarking and grading are applied consistently. Mod-
eration seeks to verify that, for example, a Distinction* (star) awarded by teachers A, B or
C reflects the same agreed standard of quality. However, this process can present chal-
lenges. Teachers may interpret the mark scheme differently, focusing on varying aspects
of students’ work. Moderation and standardisation are intended to identify and resolve
such inconsistencies, but organisational dynamics can complicate matters.

Consider a scenario inwhich five teachers share responsibility for the same year group
and qualification. One is the designated subject lead, another is a classroom teacher; oth-
ers include an assistant principal, a vice principal, and the head of faculty. Within the
context of the qualification, the subject lead holds the highest authority; however, in the
broader school hierarchy, they rank below several colleagues. This dual structure can
invite ’office politics’: senior staff outside the qualification remit may assert their own
interpretation of the mark scheme, even when it diverges from the lead. The subject lead
must then decide whether to challenge a more senior colleague or concede to preserve
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collegial relations—often the latter, given the complexities of school management. Such
dynamics risk undermining consistency inmarking and the reliability of awarded grades.

Another drawback to absolute marking is the requirement for personalised feedback
for students. To allow them to develop, students must have personalised areas where
they need to improve. However, in controlled assessments, teachers can give feedback,
but it can not be personalised. It has to be generic, but most schools’ policies require the
feedback to be personalised, creating a conflict between the exam board’s requirements
and the school’s requirements based on Ofsted’s expectations. The situation makes a
moral and ethical decision. They are likely to be reprimanded by the school if they do not
provide the feedback, but can be investigated for malpractice by the exam board if they
catch them giving the feedback or providing too much guidance to the student.

Such situations highlight the difficult balance teachers must maintain between sup-
porting pupils and complying with examination regulations.

Where a teacher’s actions are judged to constitutemalpractice—whether by providing
excessive guidance, failing to follow assessment procedures, or otherwise breaching the
Joint Council for Qualifications (JCQ) regulations—the consequences can be significant
for both staff and students.

For pupils, penalties range from the loss ofmarks for a single component to disqualific-
ation from an entire qualification or, in serious cases, a ban on sitting future examinations
with the awarding body [91, 92].

Teachers and invigilators may receive formal warnings, be removed from assessment
responsibilities, or be referred to professional regulators such as the Teaching Regulation
Agency, which can impose restrictions or prohibition orders [91]. Schools themselves
may be subjected to enhanced monitoring or even the withdrawal of exam-centre status
if systemic malpractice is found [91].

These measures aim to protect the integrity of national assessments but place edu-
cators in a position where well-intentioned feedback can risk serious professional and
institutional consequences.

Another factor is when a summative assessment has occurred within a learning se-
quence, students are usually presented with a grade and feedback. This feedback and
mark could be for the end of unit exams or homework, for example. While the teachers
want students to focus on the feedback given to help them improve, students focus on the
results and will naturally rank order themselves. The UK government has attempted to
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try and resolve this by removing levels in KS3. However, when KS4 focuses on the final
summative assessment, their actual GCSE exams, a provided grade is hard not to offer.
Therefore, it is vital to make sure that feedback is acted upon once given.

Finally, a big issue in regards to marking and providing feedback is time. It takes a
long time to score a students’ work and then give feedback to the students. It is also a very
tedious task that a teacher might not do in one sitting. Therefore, with many potential
variables in play, the marking of the points award per each exam question, for example,
might not be the same. There is also a massive burden that is placed upon the teacher
while trying to mark.

Consequently, it is challenging to ensure that consistency and fairness play a part in
the marking. However, the enormous burden placed upon the teacher can be very drain-
ing. It can then affect the quality of the teacher’s delivery within the lesson, especially
with the stress aspects that are placed upon them regarding how quickly the feedback
needs to be returned to the students.

These issues—bias, inconsistency, and the marking burden of absolute marking high-
light the need formore structured tools that can improve grading consistency. Onewidely
adopted approach is rubric-based marking, which aims to formalise assessment criteria
and enhance objectivity.

2.1.5 Rubric Marking

Rubrics, grounded in explicit criteria and specific expectations, provide a systematic frame-
work for evaluating students’ knowledge and their ability to apply it effectively [93]. Re-
cent research in Education for Sustainable Development shows a growing shift toward
holistic educational frameworks that integrate cognitive, emotional, and social learning
dimensions, highlighting broader interest in holistic approaches within certain educa-
tional research communities [94]. Rubricmarkinghas become increasingly used by educat-
ors [95]. Sambell et al. [96] emphasise that assessment should be designed to promote
meaningful student learning, supported by clear criteria and timely, constructive feed-
back. Although they do not refer to rubrics explicitly, their principles, particularly those
stressing transparency of expectations and sharedunderstanding of standards, align closely
with the pedagogical purposes of rubric-based assessment.

A marking rubric, also referred to as a scoring rubric, is a tool that delineates the ex-
pectations for an assignment by listing criteria and describing levels of quality. It offers a
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 70–100% 60–69% 50–59% 40–49% 20–39% 0–19% 

Implementation 
(50%) 

Excellent to outstanding 
implementation of web 
development techniques, 
far beyond class scope. 
Detailed commenting, 
flawless structure, strong 
conventions. 

Good to very 
good 
implementation. 
Sound use of 
semantic 
markup, 
attention to 
detail, good 
structure and 
commenting. 

Fair 
implementation. 
Core techniques 
used, with some 
scope for 
refinement. 
Comments and 
structure could 
be improved. 

Basic 
implementation 
with modest 
errors. Minimal 
commenting and 
poor 
presentation. 

Poor 
implementation 
with significant 
errors. Limited 
understanding 
and poor 
structure. 

Very limited 
implementation, 
demonstrating 
little to no 
understanding. 

Additional 
Requirement 
(25%) 

Excellent to outstanding 
response. Wide range of 
techniques and non-trivial 
problem solving. Iterative 
process evident. 

Good to very 
good response. 
Sound 
understanding 
and thoughtful 
application of 
techniques. 

Fair response 
with appropriate 
techniques used. 
Some errors 
present, but 
minor. 

Basic response 
with limited 
depth. May 
contain major to 
modest errors. 

Poor response. 
Limited scope 
and significant 
errors. 

Very limited 
response 
showing little to 
no 
understanding. 

Documentation 
(25%) 

Excellent to outstanding 
documentation. Highly 
precise, well-structured, 
and concise. Strong 
reflection and self-
evaluation. 

Good to very 
good 
documentation. 
Clear, concise, 
and technically 
accurate. Minor 
improvements 
possible. 

Fair 
documentation. 
Acceptable 
structure. All 
sections present 
but lacking 
depth. Technical 
terminology 
could improve. 

Basic 
documentation 
with key 
information but 
lacking depth. 
One or more 
limited sections. 

Poor 
documentation. 
Badly structured 
and fragmented. 
Missing sections. 

Very limited 
documentation 
with missing 
content and no 
structure. 

 

Figure 2.1: An example marking rubric for a level 4 undergraduate module offered at the Bath
Spa University, UK. It provides an overview of the quality required to achieve a certain grade
(along the columns), based on different criteria (along the rows) for the assessment as designed
by the assignment owner. Here, the criteria are Implementation, Additional requirements, and
Documentation.

clear and objectivemethod to assess student work, including essays, group projects, creat-
ive endeavours, and oral presentations. Rubrics can be employed for any assignment in a
course, or for any way in which students are asked to demonstrate what they’ve learned.

Rubric marking has solidified its role as a structured evaluative method within educa-
tional assessment, offering a systematic approach to gauging student performance. The
deployment of scoring rubrics is backed by extensive research, which underscores their
reliability, validity, and impact on learning outcomes. The consistency of rubric-based
assessments is well-supported, particularly when they are analytic, subject-specific, and
bolstered by exemplars and rater training, as noted by Jonsson et al. [97]. Although rubrics
are not inherently valid, their validity can be enhanced through a comprehensive valid-
ity framework during the rubric validation process [97]. The explicit criteria provided
by rubrics facilitate feedback and self-assessment, promoting learning and improving in-
struction [97]. When clear and focused, descriptive rubrics yield high-quality information
[98], which contributes to the overall positive impact of rubrics on student performance.
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While the effects on self-regulation of learning are mixed, there is evidence supporting a
positive correlation between the use of rubrics and motivation to learn [98].

There are two primary types of rubrics: holistic and analytical [99]. Holistic rub-
rics consolidate all scoring criteria into a single scale [100]. Holistic rubrics consolidate
multiple aspects of performance into a single overall judgement, which canmake them rel-
atively efficient to apply but also introduces challenges when student work demonstrates
uneven performance across different criteria [100, 101]. Analytic or descriptive rubrics,
by contrast, decompose performance into multiple, explicitly defined criteria, providing
more detailed diagnostic information but increasing the structural complexity of rubric
design and use [100, 97]. Evidence suggests that scoring consistency is strongest when
analytic rubrics are subject-specific and supported by exemplars and rater training, al-
though such rubrics require careful construction and validation [97]. Analytic scoring
schemes include explicit descriptions of expected learning outcomes and detailed criteria
defining performance levels for each dimension of assessment [102].

Rubrics have several advantages, such as providing clarity and consistency in grading
[97]. They offer clear expectations and grading criteria to students, which can help them
understand what is required to excel in an assignment [103]. While rubrics do not inher-
ently reducemarking time, they can streamline decision-making by clarifying criteria and
supporting consistent judgement [97]. Furthermore, rubrics can provide students with in-
formative feedback on their strengths and weaknesses, allowing them to reflect on their
performance and work on areas that need improvement [104]. Rubrics also encourage
learners to develop critical thinking about their own scores and work [104]. However,
rubrics also have their drawbacks. The language of rubrics is not always as straightfor-
ward as it is supposed to be, which adds to their complexity [105]. The lower scale may
use negative terms to describe student performance, which may discourage the learners.
Some opponents of rubrics believe they are more subjective than letter grades [105].

In higher education, rubrics have been recognised for enhancing student self-assessment,
self-regulation, and understanding of assessment criteria [103]. However, some students
perceive rubrics as restrictive and associate them with increased stress related to assess-
ments [103]. The involvement of students in the design and implementation of rubrics
is essential for their success [103]. In primary education, particularly in the teaching and
assessment of mathematical reasoning, rubrics have been found to improve teachers’ dia-
gnostic skills and indirectly influence their use of formative feedback [106]. However,

20



2.1. Teaching and Learning

the direct effects on student self-assessment are more apparent than the effects on stu-
dent outcomes, highlighting the need for further research into the mediated effects of
self-regulation and self-efficacy [106].

Educators have pinpointed both effective and ineffective practices in rubric use [107].
Goodpractices include the standardisation of evaluationmethods and transparency,while
ineffective practices involve vague descriptions and a lack of clear marking ranges [107].
These insights are instrumental in developing rubrics that ensure fair and consistentmark-
ing. Although less common, rubrics have also found their place in program evaluation,
aiding in the transformation of data, characterisation of organisational functioning, and
derivation of evaluative conclusions [108]. In teacher education, rubrics are emphasised
for their ability to communicate expectations, scaffold learning, and support the develop-
ment of critical thinking skills [109]. It is essential for teacher candidates to understand
how to create, administer, and use rubrics effectively [109].

Empirical research on the use of analytic rubrics in higher education, highlighting
their role in supporting reliable and consistent assessment [110]. While the reliability of
rubrics is supported by evidence, the impact on student learning necessitates further ro-
bust evaluation [110]. Ultimately, rubrics are invaluable tools in educational assessment,
with their effectiveness contingent upon their design, implementation, and the context
in which they are used. The potential of rubrics is vast, yet challenges remain that re-
quire ongoing research to understand and address fully. When effectively implemented,
rubric marking can significantly enhance the reliability and validity of assessments, posit-
ively influencing student learning and performance. However, the actual impact of rubric
marking varies depending on specific contexts and implementations, and it is influenced
by factors such as the clarity of criteria, assessor training, and the feedback provided to
students. These general pros and cons underscore the need for a nuanced application of
rubrics in educational settings.

While rubrics offer improved structure and clarity, they are not immune to subjectiv-
ity, nor do they fully resolve concerns around feedback quality, student motivation, or
fairness. To address these broader concerns, particularly those related to openness and
trust in assessment, the concept of transparency requires further examination.
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2.1.6 Transparency in Assessment

Traditional marking, also known as absolute assessment, is the dominant form of grading
in education. In this method, teachers assign marks based on fixed criteria or rubrics,
aiming to gauge a student’s performance in an absolute sense. Despite its widespread
use, this approach has been critiqued for issues related to consistency, bias, transparency,
and the cognitive demands it places on educators.

One major concern with absolute marking is its potential for inconsistency. Even
when a grading rubric is in place, studies have shown that different teachers can interpret
the same criteria in varying ways, leading to discrepancies in scoring [64, 65]. Addition-
ally, biases—such as those based on a student’s previous performance, personality, or
even handwriting—can unintentionally affect marks. Scharaschkin et al. [65] highlights
the ”halo effect,” where a teacher’s perception of a student’s past achievements influences
their grading of current work. This effect can lead to an overestimation or underestim-
ation of a student’s true capabilities, which is particularly problematic in high-stakes
assessments.

Biases can also stem from factors like teacher fatigue, stress, and subjective preferences.
Research indicates that teachers’ grading decisions are often influenced by non-academic
factors, even if they are subconscious. For example, teachers may give higher marks to
work that aligns more closely with their own views or personal standards [68]. These
biases undermine the fairness of assessments, which can affect students’ opportunities
and their trust in the educational system [69].

The transparency of assessment practices in education is a significant concern, par-
ticularly in light of recent global shifts that underscore the need for fairer, more rigor-
ous, and accountable assessment systems [111, 112] – perhaps more so following the
COVID-19 pandemic [5, 113], and the inexorable rise and widespread impact of AI in
education [29, 114, 115]. In the UK, transparency challenges are exacerbated by the high
workload pressures faced by teachers and academics, with assessment being one of the
main contributors [116, 74]. Fairness in classroom assessment is a multifaceted construct,
encompassing consistency, transparency, and the procedural legitimacy of marking de-
cisions, all of which are central to students’ acceptance of assessment outcomes [117, 118].
A lack of transparency inmarking undermines stakeholder confidence in the fairness and
legitimacy of assessment outcomes [119].
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Furthermore, when grading is inconsistent or biased, students may feel frustrated or
sceptical about the fairness of the assessment process [120, 69]. This lack of transparency
is particularly concerning in high-stakes situations, where grades can have a significant
impact on future educational and career opportunities. Transparency is vital to ensuring
trust in the assessment process, yet absolute marking methods often fall short in provid-
ing the necessary clarity [83].

Absolute marking is time-consuming and demanding for teachers. Teachers’ mental
resources can be depleted by the effort required to assess large volumes ofwork accurately
and consistently [75]. This depletion is evenmore pronouncedwhen teachers are required
to mark open-ended or complex tasks, as these assessments require continuous decision-
making and interpretation [121].

The high burden of marking often leads to fatigue, which can reduce the accuracy and
consistency of grades over time. Teachers under pressure to meet grading deadlines may
resort to shortcuts, such as relyingmore heavily on first impressions or previously formed
opinions about students’ abilities [76]. These shortcuts, while understandable, further
compromise the reliability and validity of assessments. Additionally, time constraints
and workload pressures can lead to “marking fatigue”, where teachers’ grading quality
deteriorates as they progress through a stack of assessments [76].

In terms of time, absolute marking can place significant demands on teachers, often
requiring them to spend hours outside of class reviewing and grading work [116]. This
not only impacts their workload but may also limit the time they have available for other
important teaching activities, such as lesson planning and providing one-on-one support
to students [75]. The inefficiency of absolute grading systems is a significant drawback,
especially when compared to alternative assessment methods that can streamline the pro-
cess [122].

Traditional absolute marking in education presents several challenges, including in-
consistencies, bias [123], a lack of transparency [124], and the negative impact on teachers’
wellbeing [75]. These issues highlight the need formore reliable, transparent, and efficient
assessment methods that support both educators and students in the learning process.

In UK HE, assessment transparency has become a core component of institutional ac-
countability, quality assurance, and external scrutiny, with the Office for Students, the
Quality Assurance Agency, and Advance HE all emphasising the need for defensible
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and equitable assessment practices [125, 126, 127]. These policies and practices have in-
creasingly emphasised inclusive, fair, and flexible assessment strategies, with growing
attention to the challenges posed by digital transformation, evolving pedagogies, and
changing student needs [128]. Thus, despite sector-wide initiatives to enhance and im-
prove the efficiency of assessment in UK HE, such as automated grading for objective
assessments and standardised rubrics, many assessments still rely on human judgement
for evaluating higher-order skills. Consequently, inconsistencies in grading remain a
concern, particularly when assessments are distributed between multiple markers [129].
Bloxham (2009) [130] argues that rigorousmoderation procedures inUKhigher education
create a substantial workload burden for markers, which constrains assessment choices
and slows feedback. She suggests that this burdenmay limit the feasibility of moderation
and calls for alternative approaches that reduce marker workload while preserving as-
sessment rigour. However, new and innovative methods must be understood in relation
to these governance frameworks that shape their adoption and perceived legitimacy.

While rubrics offer structure, they still suffer from subjectivity and inconsistency. This
has led to interest in alternative assessment frameworks, such as CJ, which we explore
in the next section.

Together, the challenges of consistency, bias, workload, and lack of transparencywithin
absolute marking approaches have driven interest in alternative assessment frameworks.
One such method is CJ, which moves away from assigning absolute scores in favour of re-
lative comparisons and offers the potential to alleviate some of the burdens placed on
educators.

2.2 Comparative Judgement

Prospect theory suggests that humans are typicallymore effective atmaking relative rather
than absolute judgements [131]. In educational assessment, this observation underpins the
method of CJ, which has been proposed as an alternative to conventional rubric-based
marking [132, 133]. In CJ, assessors (e.g. teachers) are repeatedly presented with pairs of
scripts and asked to decide which is of higher quality. A ranked order of items is then
inferred from the set of pairwise outcomes using a statistical model of CJ, commonly
the Bradley–Terry model (BTM) [134], following Thurstone’s foundational work on the
law of comparative judgement (LCJ) [135]. In CJ, an overall rank order can be estimated
from relative pairwise comparisons alone, rather than from absolute scores. Educational
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research has further suggested that such comparative decisions may reduce assessors’
cognitive demands, as judging between two pieces of work avoids the need to assign
absolute marks across multiple criteria [136].

Thurstone’s LCJ formalised the idea that judgements are made on a latent psycho-
logical continuum rather than in absolute measurement terms [137]. Early applications
in psychometrics and psychophysics included comparing perceived weight intensities,
attitude extremity, or relative size [138, 139]. Pollitt and colleagues introduced and pop-
ularised CJ within educational contexts, where raters judge scripts holistically against the
construct of interest [133, 140, 132, 141].

CJ presents assessors with two items—in this case, two apples—and asks a single hol-
istic question (e.g. “Which apple has the darker colour?”). Rather than assigning grades,
the assessor makes a relative choice between the pair. This is, in essence, the process
of CJ (as illustrated in Figure 2.2). However, instead of this being a one-time process, it
is repeated across many different pairs and, where appropriate, multiple assessors. This
simple two-at-a-timedecision is cognitively lighter than absolutemarking and exploits hu-
mans’ strength in making relative judgements, while still enabling robust, model-based
inferences about overall quality or intensity (here, perceived darkness) [142, 132].

Let va and vb denote the latent quality parameters (location on a common scale) of
items A and B. In the BTM (consistent with Thurstone’s Case V under a logistic link),
the log-odds that A beats B is

log odds
(
A beats B

∣∣ va, vb
)

= va − vb . (2.1)

Equivalently, the probability that A is judged better than B is

P
(
A beats B

∣∣ va, vb
)

=
exp(va − vb)

1 + exp(va − vb)
. (2.2)

Here, the left-hand side represents the observable outcome (the probability that A is
preferred), while va and vb are latent values to be estimated from the full set of pairwise
outcomes. The difference va − vb thus provides a natural, transitive basis for ranking
items [131].

In practice, CJ proceeds by repeatedly selecting pairs, eliciting the winner, and updat-
ing the estimated rank after each comparison until a pre-specified budget of judgements
is exhausted. A generic procedure is summarised in Algorithm 1, and a visual overview
is shown in Figure 2.3.
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Figure 2.2: An example of a pairwise comparison: two items (e.g. apples) presented side by side
for judgement, with the aim for the judge to make a judgement. In this example, which apple has
the darker colour?

Algorithm 1 Standard comparative judgement procedure.
Inputs.

N : number of items
K: multiplier controlling the budget of pairwise judgements
I : set of items

Steps.
1: B ← N ×K ) Compute the budget (number of pairs).
2: G← 〈 〉 ) Initialise the list of selected pairs.
3: W ← 〈 〉 ) Initialise the list of observed winners.
4: r←

(
N
2 , . . . ,

N
2

)!
) Initialise ranks with the mean rank.

5: for b = 1→ B do
6: (i, j)← SelectPair(I) ) Select a pair of items.
7: G← G⊕ 〈(i, j)〉 ) Append the selected pair.
8: w ← DetermineWinner(i, j) ) Record the chosen winner.
9: W ←W ⊕ 〈w〉 ) Append the winner.

10: r← GenerateRank(G,W ) ) Update rank estimates.
11: end for
12: return r
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Start

Yes

No
Budget

ExhaustedSelect Pair

Report Rank

Determine Winner

Generate Rank

Figure 2.3: A flow chart of the CJ process. Starting from the set of items to be ranked, pairs are
selected up to a pre-specified budget and shown to assessors, who choose a winner on each trial.
A statistical model (e.g. BTM) updates the rank estimates after each decision is made. Once the
budget is exhausted, the final rank order is reported. Green boxes highlight core CJ components
that vary across methodological implementations.

In conventional rubric-based marking, a teacher assigns absolute scores to each script
independently, ideally without being influenced by prior knowledge about the students.
In practice, perfect anonymisation and memory suppression are difficult to achieve, and
prior expectations or classroom experiences can unintentionally influence outcomes [143,
144]. By basing decisions on pairwise comparisons against a holistic construct, comparat-
ive judgement avoids the need for absolute score assignment and analytic decomposition.
Prior research suggests that this approach can improve scoring consistency and may re-
duce some sources of bias inherent in absolute marking [132, 141]. From a cognitive load
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perspective, such pairwise judgements reduce element interactivity relative to absolute
marking, which may lower intrinsic cognitive demands on assessors [145].

CJ is simple in design yet statistically robust: deviations from model predictions can
be detected and evaluated, and estimated item locations are placed on a common latent
scale, enabling meaningful comparison across pairs [131, 146]. However, practical chal-
lenges remain. Ofqual has raised concerns that the quality of the inferred rank order
can deteriorate if the number of judgements is insufficient, and that the method can ap-
pear less transparent to stakeholders unfamiliar with its statistical underpinnings [147].
Moreover, while adaptive comparative judgement (ACJ) is designed to reduce the number
of required comparisons without sacrificing accuracy, the adaptive selection mechanism
may introduce its own biases [148]. Consequently, there is ongoing interest in “pure” CJ,
as well as in methods that enhance efficiency without compromising validity.

A common measure of CJ reliability is the Scale Separation Reliability (SSR) [148, 149,
131]. Conceptually, SSR reflects the ratio of true-score variance to the variance of es-
timated scores derived from the observations; see Verhavert et al. for a detailed treat-
ment [150]. In practice, SSRdepends on the chosenCJmodel (e.g. BTM) and its uncertainty
estimates, and can be difficult to compute in settings where the true-score variance is un-
known or must be approximated. Despite these challenges, multiple studies report high
reliability for CJ-derived rank orders. For example, across 16 exercises (1998–2015), cor-
relations between CJ outcomes and rubric-based grades ranged from 0.73 to 0.99 [151];
values of 0.70 and above are typically interpreted as indicative of strong agreement [152].

A key practical issue is determining when to stop collecting judgements. No univer-
sally accepted, model-agnostic convergence criterion provides a natural stopping rule. As
a result, CJ exercises are often run on a fixed budget—e.g. a minimum of 10 judgements
per script [153]. This creates a tension between reliability, transparency, and efficiency:
too few judgements risk instability in the inferred rank; too many increase cost and time.
Developing principled stopping rules and allocation strategies that minimise the num-
ber of interactions while maintaining accuracy and transparency remains an important
open research problem.

CJ leverages humans’ strength inmaking relative judgements to produce robust, model-
based rank orders from pairwise comparisons [135, 134, 131]. It offers potential gains in
reliability, fairness, and cognitive efficiency over absolute marking [132, 141], yet faces
practical challenges related to transparency, budgeting of judgements, stopping criteria,
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and the risk of bias introduced by adaptivemechanisms [147, 148]. Addressing these chal-
lenges motivates methods that retain the conceptual simplicity of CJ while reducing the
number of required interactions and clarifying uncertainty for end users.

While CJ addresses several shortcomings of absolute marking, its perceived opacity
and the limited communication of statistical uncertainty have constrained its broader ac-
ceptance [147]. Empirical evidence supports the efficiency of relative judgements [142]
and the practical consistency of CJ outcomes [151], yet methodological clarity remains
uneven. We therefore develop Bayesian Comparative Judgement (BCJ) to (i) render the in-
ferential process explicit, (ii) provide principled uncertainty quantification for ranks and
pairwise win probabilities, and (iii) informmore efficient pair-selection policies. The next
section formalises rank generation from paired comparisons (Algorithm 1, line 10); we
then address pair selection (line 6).

2.2.1 Pairing Selection Methods

The literature presents that the main way to generate a ranking preference is to generate
combinations of items to present to a user. There are threemain approaches to presenting
the judge with an item, which are explained in this section. The user then selects which
one they think is better. This result is then tracked, and another pair is presented until
the desired number of comparisons has been reached. The results are then calculated
using the BTM, producing a final rank. However, Ofqual has stated that if the number
of possible pairs becomes too large compared to the optimum number, then the final
ranking becomes less effective; however, determining this optimal number of ranks is
unknown [147]. Therefore, we propose a new approach that employs Bayesian ML to
calculate rankings, providing the marker with greater transparency and insight into how
the model generates its rankings.

The number of samples is determined by the number of items N and the K factor,
with 10 being the recommended minimum, which would result in 100 comparisons if the
sample size is 10 [154]. We will also use different K factors to determine the impact on
overall performance, using values of 5, 10, 20, and 30.

2.2.1.1 Random

The random approach uses a method where every pair presented to the user is done at
random. There is no intrinsic method behind it other than each time a pair is required, as
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the number of pairs already presented is lower than the N ×K target has been reached,
and a new pair at random is displayed. This can cause real-world issues, as the same pair
may be presented to the user, but this is very unlikely, especially as N increases in size.
This is used as a worst-case scenario within our experiment comparisons. This method
has been proposed within the literature [154, 132].

2.2.1.2 No Repeating Pairs

This is another approach used in current methods that incorporates an element of ran-
domness, but no repeating pairs occur [154], unless all possible pairs have been seen and
the budget hasn’t been reached. Then the process will start again. This ensures that all n
items are seen the same number of times, but what item is compared against what item
is decided randomly. This prevents identical pairs from being presented to a user. Still,
it does have an element of stochasticity, as each time a CJ cycle is performed, the items
that will be compared against are, to a degree, decided randomly. However, by ensuring
that all items are seen the same number of times, it provides a balance between all items
in terms of their ability to gain insights into their ranks.

2.2.1.3 Adaptive Comparative Judgement

ACJ is a variant of CJ in which assessors compare pairs of student work to establish a
quality ranking, rather than using predefined rubric criteria [131, 155]. Instead of present-
ing random pairs throughout, ACJ employs a statistical algorithm—typically a form of
the Bradley–Terry model—to prioritise comparisons between submissions of similar es-
timated quality, updating rankings as judgements accumulate [156, 157]. This adaptive
scheduling aims to reduce the number of comparisons needed while maintaining or im-
proving reliability, expressed through SSR, and is promoted as scalable for large or com-
plex assessments [131].

However, these reliability claims warrant scrutiny. Simulation studies have shown
that ACJ’s adaptive algorithm can inflate SSR, sometimes producing high reliability estim-
ates even with random data [148, 156]. This raises concerns that the reported robustness
may reflect algorithmic effects rather than genuine assessor consistency [156]. In addition,
the holistic nature of ACJ may not align with contexts that require criterion-referenced
evidence or fine-grained skill assessment, and some validity arguments rely on circular
comparisons with rubric-based marking [158, 159, 160].
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Further research has highlighted practical drawbacks. Because the adaptive algorithm
focuses comparisons on pieces of work with similar provisional rankings, certain scripts
are judged repeatedly, which can increase the number of judgements required in those
regions and introduce potential sources of bias in the resulting scale [132, 148]. Con-
sequently, some in the CJ community now favour random pairing, judging it at least as
effective and less prone to these artefacts [153, 154].

2.2.2 Bradley-Terry Model

In this thesis, we adopt the Bradley–Terry model (BTM) to derive rankings from pairwise
comparisons of student essays, a standard approach in CJ [132, 161, 162, 131, 163]. The
model posits that each item has a latent quality score, and the probability of one item
being preferred over another depends on the relative magnitudes of these scores.

Letµi ∈ Rdenote the latent utility for item i. For two itemsX and Y , the BTMassumes

logit(P (X & Y )) = µX − µY , (2.3)

so the log-odds thatX beats Y equals the difference in their latent utilities [164]. Equi-
valently, with the probability parameterisation γi = exp(µi) > 0, we obtain

P (i & j) =
γi

γi + γj
. (2.4)

Unless stated otherwise, ties are ignored (binary outcomes). Variants that explicitly
allow ties are available; see [165].

Let I = {1, . . . , N} index the N items, and let ω[i,j] denote the number of times item i

was preferred over item j (with ω[i,i] = 0). Assuming independence across pairings, the
log-likelihood of the performance vector γ = (γ1, . . . , γN )! is

L(γ) =
N∑

i=1

N∑

j=1

[
ω[i,j] ln(γi)− ω[i,j] ln(γi + γj)

]
. (2.5)

Because themodel is scale-invariant, we identify the parameters by enforcing
∑N

i=1 γi =

1.
Wemaximise (2.5) using theminorisation–maximisation (MM) algorithm [134]. Define

Ωi =
∑N

j=1 ω[i,j] (total wins for i) and nij = ω[i,j] + ω[j,i] (total comparisons between i and
j). The kth iterate updates as
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γ k+1
i =

Ωi∑

j $=i

nij

γ k
i + γ k

j

. (2.6)

Followed by normalisation to enforce the simplex constraint:

γ k+1
i ←

γ k+1
i∑N

j=1 γ
k+1
j

. (2.7)

Under standard regularity conditions, these iterates converge to themaximiser of (2.5)
[134].

After convergence, items are ranked by sorting γ in descending order. Using 1-based
indexing, we extract the rank as

ri∈I = (N + 1)− argsort(γ), (2.8)

where argsort(γ) returns item indices ordered by γi ascending. For presentation, γi
may be rescaled (e.g. multiplied by 100) without affecting the induced order. The pro-
cess in Equation (2.8) can be repeated to generate the complete rank vector in line 10
of Algorithm 1.

2.2.3 Bayesian Approaches

2.2.3.1 Bayesian Inference

In this thesis, we employ Bayesian inference as the core inferential framework formodelling
and updating beliefs about latent qualities from pairwise judgements. Bayesian model-
ling provides a principled way to represent uncertainty, combine prior knowledge with
observeddata, and obtain full posterior distributions over unknownparameters [166, 167].
Bayes’ theorem gives the general update rule for parameters θ given data Y :

p(θ | Y )︸ ︷︷ ︸
posterior

=

likelihood︷ ︸︸ ︷
p(Y | θ)

prior
︷︸︸︷
p(θ)

p(Y )︸ ︷︷ ︸
marginal likelihood

. (2.9)

Suppose a jar contains red/blue balls with an unknown red proportion H ∈ [0, 1]. A
neutral prior (e.g. uniform) encodes initial uncertainty. Each draw (red/blue) provides
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Figure 2.4: An illustration of sequential Bayesian updates: prior→ likelihood (new evidence)→
posterior.

evidence via the likelihood, and Bayes’ theorem updates the belief to the posterior. Re-
peating the process concentrates the posterior around the true H while retaining a quan-
tified uncertainty.

It is often convenient to write Bayes’ theorem up to a proportionality constant,

p(X | Y, I) ∝ p(Y | X, I) p(X | I), (2.10)

where I denotes background information. The omitted denominator p(Y | I) does
not depend on X and can be recovered by normalisation.

LetH denote the (unknown) probability of drawing a red ball. A broad, non‑informative
prior that reflects minimal assumptions is the uniform density on [0, 1] [168]:

p(H | I) =

⎧
⎨

⎩
1, 0 ≤ H ≤ 1,

0, otherwise,
(2.11)

and, assuming independent draws, the likelihood for observing R red balls in N se-
lections is (proportional to) the binomial form [168]:
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Figure 2.5: A conceptual illustration: prior (uncertain), updates with data (likelihood), and a pos-
terior that concentrates near the true value as evidence accrues.

p({data} | H, I) ∝ HR (1−H)N−R. (2.12)

Bayes’ rule then yields the posterior (up to normalisation):

p(H | {data}, I) ∝ p({data} | H, I) p(H | I), (2.13)

with the (rarely needed) normalising constant recoverable from

∫
p(Y | X, I) dY = 1,

∫ 1

0
p(H | {data}, I) dH = 1. (2.14)

In CJ, each comparison between two items is a binary outcome: one item is preferred
over the other. Therefore, each observation can be modelled as a Bernoulli trial. Let
Yij ∈ {0, 1} denote that item i is preferred over item j (Yij = 1 if i & j, else 0). By
complementarity, P (j & i) = 1 − P (i & j). Therefore, we can assume

Yij | πij ∼ Bernoulli(πij), logit(πij) = µi − µj ,
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where µi ∈ R is the latent quality (utility) of item i. This is the Bayesian counterpart
to the Bradley–Terry link. We place weakly informative priors on the latent utilities, e.g.
µi ∼ N (0,σ2) with an identifiability constraint (e.g.

∑
i µi = 0 or µ1 = 0). Given a set

of pairwise observations {Yij} collected under the usual independence assumptions, the
posterior over µ = (µ1, . . . , µN )! is obtained via Bayes’ theorem:

p(µ | {Yij}) ∝
[
∏

i<j

π
Yij

ij (1− πij) 1−Yij

]
×

N∏

i=1

p(µi),

with πij = logit−1(µi − µj). Inference can be performed using MCMC or variational
methods; posterior means/medians of µi (or their induced probabilities) yield rankings,
while credible intervals provide principled uncertainty quantification around ranks and
pairwise win probabilities.

Relative to purely frequentist estimation, Bayesian approaches naturally incorporate
prior information (e.g. calibration pieces or historical performance), and they provide full
uncertainty on parameters and ranks, and also support online updating as new compar-
isons arrive, which are all desirable properties in CJ settings.

Bayesian treatments of paired comparisons and CJ are well established. Tsukida et
al. [169] survey Bayesian analyses for paired comparison data, including Bradley-Terry
generalisations. Wainer [170] developed a Bayesian Bradley–Terry model, using MCMC
to compare multiple ML algorithms across datasets; their posterior predictive checks
indicate that a more complex Davidson tie model is unnecessary for their data within
CJ specifically. De Maeyer [171] demonstrates Bayesian CJ using the pcFactorStan
framework on argumentative writing from the D-PAC project, leveraging Bayesian tools
to analyse CJ data rather than drive the live CJ process itself.
Notation remark. Throughout, wewrite p(·) for probabilitymass/density functions (con-
text clarifies which), and use & to denote “is preferred to” (e.g. i & j).

2.2.3.2 Entropy Calculations

Entropy is a fundamental concept in information theory, originally introduced by Shan-
non to quantify the uncertainty in a probabilistic system [172]. It measures the average
amount of information produced by a stochastic source of data. Mathematically, for a
discrete random variable X with probability mass function P (x), the entropy H(X) is
defined as:
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H(X) = −Σx∈XP (x) logP (x) (2.15)

Where X is the set of possible outcomes, and the logarithm is typically taken to base
2, yielding the result in bits. Entropy reaches its maximum when the probability distri-
bution is uniform, indicating maximal uncertainty.

In ML, entropy is commonly used in classification tasks as a measure of impurity or
unpredictability in a dataset. For instance, in decision tree algorithms such as ID3 and
C4.5, entropy guides the selection of attributes by quantifying the information gain res-
ulting from a split [173]. Information gain is defined as the difference in entropy before
and after a split:

Information Gain(S,A) = H(S)− Σv∈V alues(A)
|Sv|
|S| H(Sv) (2.16)

Where S is the set of training examples and A is the attribute being considered. This
use of entropy enables the algorithm to prefer features that most effectively reduce un-
certainty about class labels.

Beyond decision trees, entropy is also used in regularisation methods, reinforcement
learning, and Bayesian modelling, where controlling or maximising entropy can lead to
improved exploration or model robustness [174, 175].

In Bayesian inference, entropy is intimately linked to the concept of uncertainty in
posterior distributions. The Beta distribution, often used as a conjugate prior for Bernoulli
and binomial likelihoods, offers a useful context in which to explore entropy. The Beta
distribution with parameters α and β is defined as:

xα−1(1− x)β−1

B(α,β)
(2.17)

where B(α, β) is the Beta function. The entropy H of a Beta distribution is given by
[176]:

H(Beta(α,β)) = logB(α,β)− (α− 1)ψ(α)− (β − 1)ψ(β) + (α+ β − 2)ψ(α+ β) (2.18)

Here,ψ(·) is the digamma function. The entropy increaseswith increasing uncertainty
in the distribution—for instance, whenα and β are both close to 1, resulting in a flatter dis-
tribution. In ML applications, this entropy can quantify epistemic uncertainty, especially
in probabilistic classifiers and Bayesian deep learning models [177].
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Understanding entropy and its role in quantifying uncertainty lays the foundation for
designing effective active learning strategies, particularly in ranking tasks where uncer-
tainty plays a central role.

2.2.3.3 Active Learning for Ranking from Pairwise Comparisons

Building on the role of entropy as a measure of uncertainty (Section 2.2.3.2), we now con-
sider its use in active learning for ranking from pairwise comparisons. The goal is to infer
a (partial or total) order over n items using outcomes of pairwise queries of the form
“does i beat j?”. Acquiring all

(n
2

)
comparisons is typically infeasible in large-scale or

human-in-the-loop settings, motivating adaptive strategies that select the most informat-
ive comparisons to minimise the number of queries needed for an accurate ranking.

Early work treated pairwise outcomes as deterministic and noise-free. Under geo-
metric structure—specifically, when items admit a low-dimensional Euclidean embed-
ding consistent with an underlying ranking—Jamieson and Nowak [178] showed that
adaptivity can dramatically reduce the number of required comparisons compared with
naive sorting (O(n logn)) or random sampling (which may approach all

(n
2

)
pairs). Their

algorithms exploit this structure so that query complexity scales with the embedding
dimension d (up to logarithmic factors), highlighting the value of adaptively targeting
informative pairs [178, 179].

Deterministic assumptions, however, are often unrealistic in human judgement set-
tings, where responses exhibit noise due to cognitive biases, fatigue, and ambiguity. Clas-
sic results in behavioural decision research (e.g. Tversky [180]) show that preferences can
be intransitive and probabilistic. This motivates stochastic comparison models such as
Bradley–Terry–Luce (BTL) and Thurstone, where the outcome of comparing i and j is a
Bernoulli random variable with success probability determined by latent item scores. In
this setting, active learning seeks queries that most reduce uncertainty about the ranking,
with analyses of query complexity and algorithms that adaptively select pairs to minim-
ise estimation error under noise [179].

Most active rankingmethods under BTL/Thurstone adopt a frequentist view, estimat-
ing latent scores viamaximum likelihood andusing confidence intervals or upper-confidence
bounds to guide which comparison to query next. While effective, such procedures can
under-represent parameter uncertainty in small-sample regimes. A Bayesian approach,
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by contrast, represents uncertainty explicitly via posterior distributions and naturally in-
corporates prior knowledge, which is advantageous for principled exploration and data
efficiency—particularly early in the querying process.

The (differential) entropy of a Beta distribution is:

H(Beta(α,β)) = logB(α,β) − (α−1)ψ(α) − (β−1)ψ(β) + (α+β−2)ψ(α+β), (2.19)

whereB(·, ·) is the Beta function and ψ(·) is the digamma function [176]. This entropy
serves as a principled acquisition signal: pairs with larger H(Beta(αij ,βij)) correspond
to greater posterior uncertainty about θij , and are thus more informative to query.

Practically, we select the next query via a simple maximum-entropy rule

(i#, j#) = argmax
(i,j)

H(Beta(αij ,βij)) , (2.20)

Or, when computational budget allows, by maximising the expected information gain

(i#, j#) = argmax
(i,j)

I(Yij ; θij | D) = H[Yij | D]
︸ ︷︷ ︸

predictive entropy

− Eθij∼p(·|D)H[Yij | θij ]︸ ︷︷ ︸
aleatoric component

, (2.21)

which decomposes uncertainty into epistemic (reducible, via the posterior over θij)
and aleatoric (irreducible outcome noise) components. Both criteria prioritise comparis-
ons that are expected to reduce posterior uncertainty about the ranking the most.

Consistent with intuition, H(Beta(α,β)) is largest when the posterior is diffuse and
near-uniform over (0, 1) (e.g. α ≈ β ≈ 1), and decreases as the posterior concentrates
(large α + β) or becomes highly skewed. Thus, as evidence accumulates for a pair, its
entropy drops, and the acquisition rule naturally shifts budget to more uncertain pairs.

Active ranking benefits from modelling and targeting uncertainty. Deterministic mod-
els illustrate the value of adaptivity under structural assumptions [178], while stochastic
formulations better reflect humanvariability andmeasurement noise [180, 179]. ABayesian,
entropy-guided strategy provides a principled and data-efficient mechanism to choose
comparisons, explicitly quantifying uncertainty and focusing queries where they matter
most [176]. Unlike Bayesian optimisation, which aims to locate the maximiser of an un-
known function, our objective is to recover a reliable rankingwith as few pairwise queries
as possible; entropy serves as the unifying signal that directs exploration toward themost
informative comparisons.
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2.3 Human-Computer Interaction

Human-Computer Interaction (HCI) played a crucial role in our research, as our primary
aim was to support teachers with their marking. To ensure our study remained relev-
ant to their needs, we incorporated HCI principles into both the design and execution of
our experiments. HCI, often associated with user interface (UI) design, is a field con-
cerned with how humans interact with computers, striving for an optimal balance of
complexity and simplicity in these interactions [181]. While initially focused on tradi-
tional computing, HCI has since broadened its scope to encompass various aspects of
information technology design, making it highly relevant to the evolving landscape of
digital education tools [182].

The field of HCI emerged in the 1980s alongside the rise of personal computing, with
devices such as the AppleMacintosh, IBMPC 5150, and Commodore 64 becomingwidely
accessible. Previously, computers were large, costly machines used primarily by experts
in specialised environments. However, as computing technology became more common
in homes and workplaces, there was an urgent need to develop interfaces that were both
functional and intuitive for general users. This shift led to the development of HCI as a
multidisciplinary domain, incorporating elements of computer science, cognitive science,
and human-factors engineering [182].

By integrating HCI principles into our research, we aimed to ensure that digital mark-
ing tools were not only efficient but also user-friendly for educators. The goal was to
refine the interaction between teachers and assessment technology, making the marking
process more intuitive and accessible. As technology continues to evolve, the role of HCI
remains critical in designing educational tools that enhance, rather than hinder, the user
experience [182].

HCI soon became the subject of intense academic investigation [183]. Those who stud-
ied and worked in HCI saw it as a crucial instrument to popularise the idea that the
interaction between a computer and the user should resemble a human-to-human, open-
ended dialogue. Initially, HCI researchers focused on improving the usability of desktop
computers (i.e., practitioners concentrated on how easy computers are to learn and use)
[184]. However, with the rise of technologies such as the Internet and smartphones, com-
puter use is increasingly moving away from the desktop to embrace the mobile world.
Also, HCI has steadily encompassed more fields [182].
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As HCI research evolved, it expanded beyond usability to consider broader aspects of
user interaction, including accessibility, efficiency, and emotional engagement. Research-
ers began exploring how different user groups interact with technology, leading to the
development of specialised interfaces for diverse populations, such as those with disabil-
ities [183]. Additionally, the integration of artificial intelligence (AI) into HCI has enabled
more adaptive and personalised experiences, allowing systems to respond dynamically
to user behaviour. This shift highlights the growing importance of human-centred design
in ensuring technology remains intuitive and effective for a wide range of users [185].

HCI looks to consider how humans and technology interact with each other [182].
While some approachesmight lookwithin a retrospective angle about how andwhy users
interact with technology in a certain way, a big focus has been made in recent times on
having a human-centred approach by having the design, building of the technology and
testing all be revolved around having humans in the loop [185, 186]. This shift towards
participatory design ensures that end-users are actively involved in shaping technological
solutions, leading to tools and systems that are better alignedwith real-world needs [182].

The field of HCI and user-experience design (UX design) is very closely linked. Prac-
titioners of HCI tend to be more academically focused. They’re involved in scientific re-
search and developing empirical understandings of users. Conversely, UX designers are
almost invariably industry-focused and involved in building products or services, such as
smartphone apps andwebsites. Despite this distinction, both fields share a common goal:
improving the interaction between humans and digital systems. As technology continues
to evolve, collaboration between HCI researchers and UX professionals remains essential
in ensuring that emerging innovations prioritise usability, accessibility, and overall user
satisfaction.

2.3.1 Semi-Structured Qualitative Studies

Semi-structured qualitative studies (SSQS) occupy a methodological space between eth-
nography and surveys, typically involving data collection techniques such as interviews
and observations [187, 188]. These approaches are characterised by their flexible yet
guided structure, allowing researchers to systematically code and analyse verbal data,
often supplemented by other modalities. This balance enables the capture of rich, contex-
tual insights while maintaining a degree of comparability across participants [189].
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It is emphasised that the design of an SSQS should be purpose-driven [190], with
methods tailored to address specific research objectives and practical considerations. It
is suggested that there is not a one-size-fits-all approach, suggesting that the selection of
data gathering and analysis techniques should be informed by the study’s goals and con-
straints [191]. This perspective encourages researchers to thoughtfully integrate various
qualitative methods to construct a coherent and effective research design.

The importance of systematic coding in SSQS and the development of themes that
accurately reflect the data is important [189]. However, there are challenges around re-
porting qualitative findings, advocating for transparency inmethodological decisions and
clarity in presenting results to ensure the credibility and utility of the research [192].

In conclusion, qualitative research methods, including semi-structured approaches,
have long been valued for their ability to generate theory grounded in empirical data
[193]. By thoughtfully designing studies that align with specific research purposes and
constraints, and by employing flexible yet systematic methods, researchers can gain deep
insights into user experiences and interactions with technology [194]. This approach not
only enriches the understanding of user needs but also informs the development of more
effective and user-centred interactive systems.

2.4 Evaluation Methodology

2.4.1 Datasets

We utilise three real-world datasets: the DREsS corpus of English-as-a-Foreign-Language
(EFL) essays [195], an undergraduate assignment dataset from a British university (BU),
and a taught postgraduate (UK Level 7) dataset of critical reviews (PG). Each dataset com-
prises item identifiers and absolute marks assigned by human assessors. These marks
serve to construct ground-truth target ranks and todrive the simulation of decision-making
processes (Section 2.4.3). The datasets differ in rubric structure and weightings, enabling
evaluation of the proposed active ranking strategies across heterogeneous assessment
contexts.

2.4.1.1 DREsS (EFL essays)

The DREsS dataset contains ∼ 1,700 essays produced by undergraduate EFL learners in
authentic classroom settings [195]. It includes three sub-datasets: DREsSNew,DREsSStd.,
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and DREsSCASE, each targeting different automated essay scoring (AES) scenarios. We
focus on DREsSNew, which best reflects contemporary EFL writing conditions. Trained
English education experts score essays on three equally weighted criteria—Content, Or-
ganisation, and Language—each on a 0–5 scale, yielding totals out of 15 [195].

2.4.1.2 BU undergraduate web assignment

The BU dataset comprises 69 submissions from first-year students. Students selected one
scenario and developed a web page demonstrating specified skills. For consistency, we
analyse a subset of 38 items based on the same scenario. Scripts were assessed on three
criteria: implementation quality of core components, fulfilment of additional brief re-
quirements, and documentation quality. Each criterion was scored on a 0–100 scale and
combined usingweightings of 50%, 25%, and 25%, respectively, to produce the final mark.

2.4.1.3 Postgraduate critical review (PG) dataset

We obtained marks for 30 submissions from a Level 7 taught-postgraduate course in
which students wrote a ∼ 1,000-word critical review of a recent research paper. Submis-
sions were anonymised (IDs unlinked to student identities) by the lead lecturer, hereafter
the “Oracle”. For downstream comparisons of marking approaches, we created three
groups of 10 items each for traditional rubric-based marking, BCJ, and MBCJ, using strat-
ified sampling [196]. The official, ratified Oracle marks (out of 20) define the target rank;
the distribution of marks is shown in Figure 5.1. The assessment rubric covered five areas:
Introduction and Summary, Quality of Analysis and Evaluation, Conclusions, Writing Quality,
and References; the assignment brief was provided to markers in advance.

2.4.1.4 Experimental subsets and budgets.

For controlled experiments, we draw stratified subsamples of size N ∈ {5, 10, 15, 20, 25}
from each dataset to ensure coverage across the mark range [196]. Given a subsample of
sizeN , we set a comparison budget via a multiplierK ∈ {5, 10, 20, 30}, leading toN ×K

pairwise judgements under each strategy. Ground-truth target ranks are derived from
the absolute marks within each subsample.
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2.4.2 Metrics

Evaluating the performance of ranking methods requires metrics that capture both rank
accuracy and distributional fidelity.

2.4.2.1 Rank Accuracy

To quantify rank accuracy, we use the normalised Kendall’s ω rank distance, which meas-
ures the proportion of discordant pairs between two rankings π and σ [197, 198]. Formally,
for n items,

dτ (π,σ) =
1(n
2

)
∑

1≤i<j≤n

1
[
sgn
(
π(i)− π(j)

)
∝= sgn

(
σ(i)− σ(j)

)]
,

so dτ ∈ [0, 1], where 0 indicates perfect agreement and 1 indicates complete disagreement.
When there are no ties, Kendall’s correlation and the distance are related by ω = 1−2 dτ ,
making dτ directly interpretable as the fraction of pairwise orderings that differ (e.g. dτ =

0.03 means 3% of pairs are discordant). In the presence of ties, tie-aware variants (e.g. ωb)
can be used with the corresponding normalisation.

2.4.2.2 Distributional Accuracy

To evaluate how closely the estimated score distributions match the ground truth, we use
the Jensen–Shannon Divergence (JSD), a symmetric and bounded measure derived from
Kullback–Leibler divergence [199, 200]. Given two probability distributions P andQ, JSD
computes their average M = 1

2(P + Q) and then calculates:

JSD(P‖Q) =
1

2
KL(P‖M) +

1

2
KL(Q‖M),

where KL(·‖·) denotes the Kullback–Leibler divergence [199, 200]. JSD values range
from 0 (identical distributions) to 1 (maximal divergence, using log2), making it an in-
terpretable metric for distributional similarity. In our context, JSD quantifies how well
BCJ captures the full uncertainty structure of item scores compared to the target distri-
butions [200].

2.4.2.3 Statistical Comparison

Each strategy is run independently for a fixed budget over 50 trials. We compare final
ω scores using the one-tailed Wilcoxon rank-sum test (Mann–Whitney U) [201], applying
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a Bonferroni correction [202] for multiple comparisons: αadj = 0.05/S, where S is the
number of strategies. Additionally, we compute V (i), the count of times method i is sig-
nificantly outperformed by others:

V (i) =
∑

i $=j∧j∈S

[
p-value(i > j) ≤ αadj

]
.

2.4.3 Automated Decision Simulation

In the absence of human decision-makers — although we conduct real experiments in-
volving human participants in chapter 5— it is necessary to simulate the decision-making
process in a plausible and principled way. To achieve this, we adopt the method where
each item’s ground truth mark is treated as the mean of a Normal distribution. The stand-
ard deviation reflects typical tolerance levels observed in marker disagreements.

Regarding the DREsS dataset, where no formal guidance on tolerance is available, we
set the standard deviation to σ = 0.5. This corresponds to a discrepancy of ±2σ = ±20%
in absolutemarks, encompassing approximately 95% of the probabilitymass under aNor-
mal distribution. This represents a relatively relaxed marking scenario. In contrast, for
the BU dataset, we follow established tolerance guidelines and set the standard deviation
to ±3%, resulting in an acceptable discrepancy of approximately ±6% with 95% confid-
ence. These two contrasting scenarios allow us to explore the impact of uncertainty in
the marking process — from high variability in DREsS to a more stringent and consistent
marking regime in BU.

Under this setup, we simulate pairwise comparisons by sampling from two Normal
distributions. Each item’s score is drawn randomly, and the item with the higher score
is considered the winner. Formally, for items i and j, we sample xi ∼ N (µi,σi) and
xj ∼ N (µj ,σj), where N (µ,σ) denotes a Normal distribution with mean µ and standard
deviation σ. The simulated winner is determined as follows:

wi,j =

⎧
⎨

⎩
1 if xi ≥ xj

0 otherwise
(2.22)

2.4.3.1 An Illustration

We consider a set of five items with respective scores and the associated uncertainties,
as shown in Figure 2.6. We assume that the scores are Normally distributed (as per
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Figure 2.6: An illustration of five items with Normally distributed scores. Here, the mean vector
for the items is µ = (71, 48, 36, 77, 37)!, and σ = 5 represents the uncertainty around the mean
scores. The σ also represents the range of marks multiple judges could give the piece of work
from absolute marking that would still result in the work being within tolerance level, which in
this case is a 10 mark tolerance on either side of the given mark, therefore meaning that there is
a 95% chance that the difference between the markers would be 10 or less. A simulated paired
comparison entails sampling from a pair of these distributions, and the distribution that yields
the higher score wins.

Thurstone’s original work). To generate the means of these distributions, we uniformly
sampledN numbers between 30 and 90. Typically, it is often acceptable to have±10 score
difference between markers when the scores are on a scale between [0,100]. So, we set the
two standard deviations of the distributions to 10, i.e. 2σ = 10. It should be noted that
these assumptions about score ranges and standard deviations are only for illustration
purposes. The method presented in this chapter does not rely on these and can work
with arbitrary distributions over the scores.

With Normal distributions over scores, we can compute the probability distributions
over ranks for any item using the formula in (3.11) as we can calculate the probability that
i dominates j as follows [203]:

P (i & j) =
1

2

[
1 + erf

(
m√
2

)]
, (2.23)

with m = µi−µj√
σ2
i +σ2

j

where µi and µj and means of the Normal distributions for i and j,

and the associated standard deviations are σi and σj . The function erf(·) represents the
Gauss error function [204].
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2.5 Reflecting on Prior Work

One of the main limitations of CJ is its perceived opacity in how rankings are generated.
Unlike traditional rubric-based marking, CJ does not provide explicit justifications for
why one submission is ranked higher than another, making it difficult for educators, stu-
dents, and stakeholders to understand the rationale behind assessment outcomes. This
lack of transparency raises concerns about fairness and trust in the system, particularly in
high-stakes assessments. Addressing this issue requires the development of a more inter-
pretable CJ framework that clarifies ranking decisions, potentially through the integration
of confidence intervals, justification metrics, or visualisation techniques that illustrate the
decision-making process.

Another critical gap inCJ research is the challenge of translating comparative rankings
into meaningful grades. Traditional assessments use absolute grading criteria, allowing
students to receive individualised scores based on performance thresholds. In contrast,
CJ primarily produces a rank order, which does not inherently map to standardised grad-
ing systems. The absence of a direct conversion method makes it difficult to align CJ
outcomes with established grading practices. Developing a systematic and fair approach
to convert CJ ranks into grades—possibly using statistical normalisation techniques or
probabilistic modelling—would make CJ more practical for widespread adoption in edu-
cational settings.

Traditional assessment often involves evaluating student work across multiple dimen-
sions, such as clarity, originality, and technical accuracy. However, standard CJ meth-
ods collapse these criteria into a single holistic judgement, potentially losing valuable
information from rubrics. Multi-dimensional CJ seeks to retain this structure by enabling
assessors to compare work across distinct learning outcomes independently, ensuring a
more granular and informative assessment process. Implementing this approach requires
the development of CJ models that can handle multi-criteria evaluations while maintain-
ing efficiency and reliability in ranking generation.

Beyond improving the transparency of decision-making in CJ, another critical chal-
lenge is how rankings are presented to educators and students. Current CJ implementa-
tions often provide only a final rank order, with limited insight into the degree of certainty
or differentiation between rankings. More effective ways of demonstrating ranks could
include visual analytics, confidence bands for ranking, or interactive tools that allowusers

46



2.5. Reflecting on Prior Work

to explore the rationale behind rankings. These approacheswould not only increase stake-
holder trust in CJ but also support students in better understanding their performance
relative to their peers.

A significant concern in CJ is the variability in assessors’ decision-making, which can
affect the reliability of rankings. Traditionally, Scale Separation Reliability (SSR) has been
used tomeasure the consistency of judgementswithin CJ. However, SSR has limitations in
capturing nuanced patterns of assessor agreement and disagreement. Alternative meth-
ods, such as Bayesian reliability modelling or network-based ranking algorithms, could
provide amore refined evaluation of assessor performance, improving the robustness and
fairness of CJ rankings. Developing alternative rating models for assessor comparisons
would enhance CJ’s credibility as a fair and objective assessment method.

With our novel approach, we aim to use Bayes from the ground up. Fundamentally
rewriting the process that most methods of CJ use. We are using Bayes to inform us at
every step, rather than conducting comparisons. Once completed, we compile the exact
comparisons and results into a BTM and apply our Bayes approach to examine the results
generated from the comparisons and assess their performance.

This review has explored the theoretical and practical landscape of educational as-
sessment, highlighting the limitations of traditional methods and the emergence of CJ as
a promising alternative. However, challenges around efficiency, bias, and transparency
remain unresolved. These gaps motivate the research presented in this thesis: to develop
Bayesian and ML-based methods that enhance the scalability, interpretability, and edu-
cational usefulness of comparative judgement systems.

The literature review highlighted both the promise and limitations of existing CJ ap-
proaches, particularly in terms of transparency, efficiency, and reliability. Addressing
these challenges requires innovative methods that retain the strengths of CJ while over-
coming its limitations. Building on these insights, the next chapter introduces BCJ, a
novel framework that leverages probabilistic modelling and active learning to improve
accuracy, efficiency, and transparency in assessment. This chapter outlines the theoret-
ical foundations of BCJ and demonstrates its effectiveness through both synthetic and
real-world experiments.
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Chapter 3

Bayesian Comparative Judgement for
Holistic Pair-wise Comparisons

Building on the limitations and opportunities identified in the previous chapter, this
chapter develops and presents a novel BCJ to strengthen the CJ process. By combining
Bayesian inference with active learning, BCJ addresses concerns of ranking reliability,
efficiency, and transparency while modelling uncertainty in a way that traditional CJ
methods cannot. The chapter outlines its theoretical foundations, implementation, and
initial experimental validation, providing the basis for the subsequent extension to multi-
criteria approaches, which will be explored in the following chapter.

The core mathematical technique used for generating ranks from paired comparisons
in comparative judgement for assessment was proposed in 1927 [135]. In this chapter, for
the first time, we propose a Bayesian approach that appropriately considers the epistemic
uncertainty arising from a limited number of comparisons and propagates it to estimate
predictive uncertainty in the derived ranks while coping with the aleatoric uncertainty
in judgements from a single or multiple assessors. This enables the assessor to make an
informed decision on the ranks and grades of submissions under uncertainty. We expect
this to bring about a paradigm shift in the way comparative judgment is conducted for
assessment in practice.

A key limitation of CJ is the considerable time required for marking, collating grades,
awarding scores, and providing feedback. ACJ seeks to reduce the number of comparis-
ons without compromising accuracy, but can introduce other biases due to its adaptive
nature [148], making the pure form of CJ still the preferred choice. This underscores an
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ongoing research challenge: developing a method that preserves CJ’s advantages while
reducing both comparisons and marking time. Additionally, Ofqual notes that CJ’s rank
order can deteriorate unless the minimum number of judgments is precisely determined,
which is currently unknown [147], and highlights concerns regarding the transparency
of how CJ produces and presents results [147].

We thus propose a novel Bayesian approach to CJ, which we name BCJ, addressing
the key weaknesses of traditional CJ. Our primary aims in developing BCJ were to reduce
interactions and provide greater insight into the ranking decision process. The main con-
tributions of this chapter are as follows:

• We derived an analytical expression to compute the entire predictive rank distribution
for any item that is being assessed with densities over pairwise preferences.

• We illustrate how each of these pairwise preference densities and, as a consequence,
the overall rank distributions for an item, can be updated via Bayesianmethodology,
as we collect more data on pairwise comparisons.

• We propose a novel active learning (AL) approach, based on predictive entropy of
the pairwise preference densities, i.e. a measure of the average uncertainty about
the outcome of the contest, to select the next pair that should be assessed.

• Wepropose a probabilistic approach based onpredictive rankdistributions to assign
a grade to each item, in a norm-referenced manner, controlled by the assessor.

• For the first time, we demonstrate through repeated experiments on a range of
synthetic problems that the proposed BCJ AL framework with an entropy-based
selection method is statistically the best (or equivalent to the best, i.e. the most
accurate in estimating a ground truth rank in the presence of uncertainty) for all
configurations.

• We demonstrate BCJ in a real dataset from [156], and highlight the advantages of
the proposed method in comparison to standard CJ.

• We introduce two novel metrics – Mode Agreement Percentage (MAP) and Expec-
ted Agreement Percentage (EAP) – based on a Beta prior over pairwise preferences.
These metrics quantify the level of agreement among assessors and help identify
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controversial comparisons. In particular, EAP serves as a direct indicator of reliabil-
ity under uncertainty due to limited data and offers a principled stopping criterion
for data collection.

The rest of the chapter is structured as follows: section 3.1 outlines how the main
algorithms work to rank students’ work. Wewill explain the new novel method for select-
ing the next pairs to be compared in Section 3.2. We present our results and discussions
in Section 3.3, followed by general conclusions and future work in Section 4.5.

3.1 Bayesian Comparative Judgement

To enable us to use a Bayesian approach for our CJ system, we implied that every outcome
of a paired comparison is a Bernoulli-distributed outcome. This is because the Bernoulli
distributions are used when dealing with binary values, such as a win (1) or a loss (0).
In probability theory, the Bernoulli distribution is a discrete probability distribution that
describes the outcome of a single binary event. It is a special case of the binomial dis-
tribution and is parameterised by a single probability π, representing the probability of
the event occurring [205].

Ultimately, we treat each paired item combination as a coin flip. Therefore, we want
to find its bias in its flips or, in the concept of our CJ application, the bias towards what
item in each pair. For our application, this relates to the probability that item a will beat
item b, with the bias representing that value [205]. Using a grid approach, we can see the
maximum likelihood value for each distribution after every comparison.

As established, the Bernoulli distribution is often used to model events with two pos-
sible outcomes: a coin flip or a Boolean value (e.g. true or false). It has many properties,
one being X representing a random variable. Therefore, we can represent the distribu-
tion as follows [205]:

Pr(X = 1) = p = 1− Pr(X = 0) = 1− q (3.1)

In equation 3.1, we can see that the probability ofX = 1 equals the probability, which
is one minus the probability of X = 0, which can be referred to as q, which then in itself
can be referenced as 1 − q [175].
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Oncewe establish possible outcomes, we can use the probability mass function (PMF).
Therefore, as long as the event has a probability p of occurring, we can find the PMF of
the Bernoulli distribution by [205]:

f(k; p) =

⎧
⎨

⎩
p if k = 1,

q = 1− p if k = 0
(3.2)

We use equations 3.1 and 3.2 to calculate our posterior conjugate for our Bayesian
calculations. Therefore, it is the crucial first step in determining our items’ final ranks.

While the current CJ based on BTM works well, a core weakness is that it produces
a point estimate of performance by maximising the likelihood in equation 2.5 without
estimating the epistemic uncertainty in ranks due to the paucity of data. One way to
estimate the uncertainty (that is not commonly used in an education context) is to use a
Bayesian statistical approach; interested readers should refer to van de Schoot et al. [206]
for a concise and recent overview, and to McElreath

[207], or Lambert[208], for a complete and accessible discourse on the topic.
Typically, the application of a Bayesian approach to CJ has involved using prior distri-

butions over the performance vector γ (and other parameters of the likelihood function)
alongside the observed data to identify a posterior distribution over γ using Bayes’ the-
orem [209, 169], and produces similar results to standard CJ in terms of identifying the
ranking [170, 171]. However, there are important barriers that make it challenging to
adopt for real-world deployment. Two key issues are:

Computation Time. Inferring the posterior distribution requires computationally expens-
ive sampling-based approaches (e.g Markov ChainMonte Carlo [170]), as an analyt-
ical solution to computing the posterior is usually not available in this context. This
is a major issue in using this approach for practical implementations: we want to
be able to indicate the ranks to the assessors quickly, possibly after each pairwise
comparison, without a significant delay (e.g. several minutes).

Modelling Performance Instead of Pairwise Preference. In a ranking exercise, we are
generally interested in identifying the ranks of the items, and the observed data is
frompairwise comparisons. However, in standardCJ, including the typical Bayesian
approach, the performances are modelled instead of pairwise preference; the latter
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is usually treated as an outcome of a latent function and thus only reflected in de-
rived ranks from the expected (or average) performances. As a result, while it is
possible to extract uncertainty estimates over the preferences or the ranks (with the
aforementioned computational expense), they are never communicated or used to
provide insights to the assessors. Subsequently, an opportunity to utilise the uncer-
tainty in preference to drive the collection of new pairwise comparisons is missed.
Furthermore, the performance scores that result from these models do not have a
direct scalar relationship to the scores of the assessment designed by the assessor.
Therefore, it is difficult to easily interpret these scores.

Addressing these primary issues, we propose to adopt a Bayesian approach where
we focus on modelling pairwise preferences. We expect that this approach will allow us to
capture most information because of the direct relationship between pairwise preference
and data from pairwise comparisons. The posterior allows us to identify the predictive
density over the ranks of the items. Moreover, the uncertainty estimations in preferences
help us drive the selection of the next pair to compare in an active learning manner. We
discuss the selection method in Section 3.2.

3.1.1 Pairwise Preference Model

Let the result of a paired comparison between the ith and jth item be binary, i.e. x = 0,
or x = 1, with x = 1 representing a preference for i and vice versa. Now, considering
the data x = (x1, . . . , xn)! as results of n comparisons, we can calculate the number of
wins w =

∑n
k=1 xk. With these results of the Bernoulli process, the likelihood can be

defined as [168]:

L(p|x) ∝ pw(1− p)n−w. (3.3)

In Bayesian probability theory, for certain likelihood functions, there exists a conjugate
prior, where the prior and posterior are in the same family of distributions. This enables
fast and analytical computation of the posterior. For the likelihood above, the conjugate
prior is known to be a Beta distribution with two shape parameters α > 0 and β > 0. The
posterior Beta density π(p|x,αinit,βinit) simply uses the following rule for updates [210]:

α← αinit + w, (3.4)

β ← βinit + (n− w). (3.5)
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With priors of αinit = 1 and βinit = 1, we obtain a uniform prior, meaning we do not have
any prior preference between items at the beginning of the CJ process. Henceforth, for
notational simplicity, we remove x, αinit and βinit from the equations. As we collect data,
the density changes its shape through the updates in α and β; an example is given in Fig-
ure 3.1. Clearly, this update can be done as a sequential process or all together at the end
of the data collection, and it can be rapidly performed for a pair for any amount of data.
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Figure 3.1: A toy example of Bayesian updating of PDF over preference between ith and jth items.
Initially, with a uniform prior (shown with a black dashed line), none is preferred. Then, with
three wins (α = 1+3 = 4) and two losses (β = 1+5− 3 = 3) for i after five comparisons, the PDF
(depicted with a red line) starts to skew in favour of i (i.e. towards 1). The more data we have, the
narrower the PDF will become, i.e. the uncertainty will reduce.

With this framework, we define the probability that i is preferred over j, i.e. a different
interpretation of probability of winning in (2.4), as:

P (i & j) = P
(
π(p[i,j]) > 0.5

)
= 1− F(0.5), (3.6)

where F(·) is the cumulative distribution function (CDF) for the Beta PDF π(p[j,i]). Using
symmetry, we can calculate the probability that j will be preferred over i as:

P (j & i) = 1− P (i & j). (3.7)

We now extend this analysis to the N items and discuss the computation of the dis-
tribution over ranks based on this model.
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3.1.2 Distribution Over the Rank of an Item

For a set of N items, we therefore define a N × N matrix P , where each cell holds a
PDF P[i,j] = π(p[i,j]) | i ∝= j defined by a respective α[i,j] and β[i,j] updated in a Bayesian
manner based on observed data. The diagonal of this matrix is essentially empty, as it
does not make sense to construct a preference density for the same item paired with itself.
Now, due to the symmetry discussed in (3.7), we are only required to consider the upper
triangle of this matrix for updates, which is fast to compute, even for large N .

The ith row P[i,:] captures the relationship between i and other components in the set
I . Now, to compute the probability that an item is ranked at the top, we must consider all
the constituent probabilities that the item dominates each of the other individual items.
To be precise, it must simultaneously dominate all other items in the set of all items; hence,
this aggregation should be done with the product rule assuming independence between
the preferences for the ith item when compared with each of the other unique items. We
can write down the expression for computing this probability as follows (with 1 being
the top rank):

P (ri = 1) =
∏

j∈I\{i}

P (i & j). (3.8)

Similarly, we can compute the probability that an item is ranked at the bottom as:

P (ri = N) =
∏

j∈I\{i}

P (j & i). (3.9)

For generalisation, specifically for intermediary ranks, for an arbitrary rank a, first
consider a set O = I \ {i} with cardinality |O| = N − 1. Now, for i to be in rank a, there
must be a − 1 dominant items. From set O, we can pick za = CN−1,a−1 = (N−1)!

(N−a)!(a−1)!

combinations without repetitions that can be considered as dominating the ith item. For
every kth combination, we then split O into two sets: one for dominant items Dk and
the other for dominated items Ek, where |Dk| = a − 1, and |Dk| + |Ek| = |O|. For kth
combination with Dk and Ek, the component probability that i is ranked a is:

P (ri = a|Dk, Ek) =
∏

s∈Dk

P (s & i)
∏

t∈Ek

P (i & t). (3.10)

Expanding on this, the total probability that i is ranked a can be expressed as:

P (ri = a) =
za∑

k=1

P (ri = a|Dk, Ek), (3.11)
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which for a range of a ∈ [1, N ] ∈ N is a discrete probability distribution, and adheres
to the property

∑
a P (ri = a) = 1. The expected (i.e. average or the first moment) rank

of an item i can thus be computed using:

E[ri] =
∑

a

aP (ri = a). (3.12)

Now, the number of component combinations that construct the complete probability
density for an item is

∑N
l=1 zl. Thus, to repeat the procedure for all items, it would re-

quire N
∑N

l=1 zl components to be identified and computed. For example, with 25 items,
there will be over 419 million components. While each component is fast to compute,
with a large number of components, it may be computationally expensive to compute the
complete probability density for all items.

A straightforward way to combat the expense of computing the expected rank of an
item in (3.12) is to use a form of numerical integration. In fact, a simpleMonte Carlo (MC)
integration [211] with a large enough number of samples would be effective in this case
(as we illustrate in the next section). To perform MC estimation of the expected rank of
an item i, we first take samples from the respective row of the matrix P : this generates
a sample vector x′i = (x′[i,j])

!
j∈[1,N ]∧i $=j , where x′[i,j] = 3X4 | X ∼ P[i,j]. This allows us

to count the number of times i has won a comparison w′ =
∑

j∈[1,N ]∧i $=j x
′
[i,j]. Naturally,

the rank is r′i = (N + 1) − w′; c.f. with (2.8). For R samples, we can then estimate the
expected rank of i as follows:

E[ri] =
1

R

R∑

k=1

r′i[k], (3.13)

where r′i[k] is the kth sampled rank for i.
The standard error of this estimate is known to be σs√

R
with σs as the standarddeviation

of the samples [212]. In other words, the standard error reduces at the rate of 1√
R
. It is

typical to use 10k samples for this approximation method. In this case, we would need
10, 000 samples to estimate ranks for all items, which can be done efficiently on a standard
desktop computer, even for large N .

To determine the final rank of the items, we sort items by their expected ranks:

ri∈I = (N + 1)− argsort(E[r]). (3.14)

We present an illustrative synthetic example in the following section as explained in
chapter 2.4.3.1.
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Figure 3.2: Probability distributions of ranks of items presented in Figure 2.6. The top row shows
the densities calculated directly from the Normal distributions over the scores using (3.11). The
bottom row shows the estimated rank distributions using our proposed BCJmethod afterN×K =
5×10 = 50 pairwise comparisons (driven by our entropy-based active learningmethod presented
in Section 3.2). The red dashed vertical line in each panel depicts the expected rank for relevant
density. Clearly, our method can accurately estimate the target densities, as well as the expected
rank vector E[r].

3.1.3 A Ground Truth Comparison Illustration

In Figure 3.2, we show the target distribution over ranks for the items in Figure 2.6, cal-
culated using (3.11) and (2.23). In this case, to emulate the result of a comparison, we
sample from the pair of densities, and whichever produces a higher score wins the duel.
After completing N × K = 5 × 10 = 50 comparisons using our proposed BCJ method,
we can easily approximate the target distributions. To measure how close the estimated
distribution is, we use the Jensen-Shannon divergence (JSD). This measure is based on
the Kullback–Leibler divergence, with some notable differences, including that it is sym-
metric and always has a finite value between 0 and 1 [213] with values 0 representing
a perfect match. In this case, we get the JSD values of 0.0299, 0.0254, 0.008, 0.0185, and
0.0125, which are reasonably close to 0.

It should be noted that with the traditional BTM-based CJ, we cannot obtain an es-
timate of the probability densities over the ranks, and hence, it is impossible to compute
an average rank in this manner. In that method, the scores are used to rank the items
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Figure 3.3: Comparison between the analytical estimates in (3.11) andMonte Carlo estimates (with
10k samples) in (3.13) of the expected rank vector of the items E[r] for our proposed BCJ method
after N × K = 5 × 10 = 50 comparisons as in Figure 3.2. Crosses show the mean MC estimate,
and the vertical error bars represent the respective uncertainty in approximation, and, as expected,
they are reasonably small for the 10k samples. The red dashed line shows when there is perfect
agreement between the analytical and estimated values, andwe see that the averageMC estimates
are (almost) perfect.

instead. To compare our approach with BTM-based CJ, we will therefore use the BCJ
expected ranks to identify the ranks of the items.

In Figure 3.3, we show a comparison between analytical and MC estimates of rank
distributions of items with the BCJ process. Clearly, the MC estimates are highly reliable.
So, for large N , we recommend using MC estimates to generate expected ranks. In this
chapter, we use the analytical approach from now on.

In the next section, we discuss the selection of pairs to evaluate the problem and rel-
evant solutions, including our entropy-driven approach.

3.2 Active Learning

Within our experiment, we applied active learning (AL) to determine which pairs to se-
lect for our comparisons that would provide the most information. We are then using
Bayesian optimisation’s entropy-based approach to calculate the uncertainty values for
the pairs to determine which pairs we are the most uncertain about (see section 2.2.3.3.

Figure 3.4 demonstrates the entropy score after each round of comparisons, which
can then be used as the selection process over the n required number of rounds. The
process involves the algorithm calculating the entropy value for each pair combination to
seewhich pair has the highest value and then selecting that pair to be presented. However,
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suppose there are multiple combinations at the same entropy score. In that case, the
algorithmwill randomly select a pair of values from the list of combinationswith the same
entropy value. This process will repeat until the required number of rounds is reached.

We have developed a novel approach to selecting pairs in the context of CJ, which
uses a Bayesian active learning (AL) approach. AL is a subcategory of machine learning
in which a learning algorithm can request input or labels from a user or any other source
of information to label new data points [214, 215, 216]. In Bayesian AL, we use a Bayesian
model to make predictions and then actively select the next data points that should be
labelled via an acquisition function that identifies the utility of augmenting the dataset
with this new data point; see, for instance [217]. In this way, we collect data efficiently
and learn a good model with fewer data points.

There are many variants of AL. In this chapter, we focus on so-called “pool-based
learning” [218] where we have a finite set of options, and we are going to choose one
to show to the labeller. The simplest acquisition function in this context is known as
uncertainty sampling, where the option with the highest uncertainty is selected for la-
belling [219].

To be precise, in our context, we have a finite set of pairs of items, and we will select
the one with the highest posterior uncertainty. This uncertainty can be measured with
entropy, where higher uncertainty is represented by higher entropy, and for the posterior
Beta density of BCJ, it can be computed as [220]:

H
[
π(p[i,j])

]
= lnB(α,β)− (α− 1)ψ(α)

−(β − 1)ψ(β) + (α+ β − 2)ψ(α+ β), (3.15)

where, B(α,β) is the Beta function and the ψ(·) is the Digamma function. Given the
parameters α and β, this calculation is straightforward using existing statistical packages,
such as scipy.stats in Python [221].

In this chapter, we propose to locate the cell in the matrix P that has the highest
entropy and select that pair to be presented to the assessor for making a choice on the
preferred item.

In Figure 3.4, we demonstrate the entropy score after each round of comparisons, and
the associated selection process. The process involves the algorithm calculating the en-
tropy value for each pair combination in P to see which pair has the highest value, and
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a) Entropy score for each unique combination after every pairing round.
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b) Progression of the highest entropy value after every AL
round.

Figure 3.4: Illustration of uncertainty sampling using entropy (top) for the five items in Figure 2.6
afterN×K = 50 comparisons, and the respective gradual reduction inmaximumentropy (bottom).
As a pair is selected, its uncertainty immediately reduces after data is gathered about preference.
The downward trajectory in maximum entropy shows that the model is becoming more accurate
over iterations.

60



3.3. Experiments and Discussions

then selecting that pair to be presented. However, if there are multiple combinations at
the same entropy score, the algorithm will randomly select a pair of values from the list
of combinations with the same entropy value. This process repeats until the required
number of rounds is reached. As we can see, the process may be similar to a round-
robin approach, but our method would adapt to the changing uncertainties in the target
densities in Figure 2.6.

Entropy-based active learning not only improves computational efficiency but also
introduces an interpretable rationale for pair selection. In practice, this could help educat-
ors understand why particular comparisons are made and where the system needs more
information. This addresses known issues with traditional CJ systems, such as opaque
decision logic and distrust in automated processes. By making pair selection adaptive
and transparent, this approach makes CJ more accessible and trustworthy for real-world
educational use.

3.3 Experiments and Discussions

In this section, we will present our findings, analyse them, and discuss what we believe
they represent and mean.

In our reading of the literature, we found that the suggested budget for the number of
comparisons wasN ×K = 10N [154]. However, in practice, a larger budget is often used.
To identify what K allows different CJ methods to produce reasonable performance, we
ran experiments with K ∈ {5, 10, 20, 30}.

As discussed, we have two rank generation methods: BTM and BCJ, and three pair se-
lectionmethods: random (R), no repeating pairs (NR), and entropy (E) driven AL. Taking
all possible combinations of rank generation and pair selectionmethods, we can construct
a set of six approaches for CJ: S = {BTMR, BTMNR, BTME , BCJR, BCJNR, BCJE}.
We run 50 repeated experiments for each approach in S for a given N and K, each
time starting from scratch, to identify the best. These experiments were conducted with
synthetically generated target distributions (following the methods elaborated in Sec-
tion 2.4.3.1); these were paired, and therefore, we performed Wilcoxon Rank-Sum tests
on the final results with Bon-Ferroni correction for multiple comparisons [222] at a sig-
nificance level of α = 0.05.
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f) Entropy pairs selector with
the Bayes approach.

Figure 3.5: A comparison of the random (3.5a), 3.5d)), no repeating pairs (3.5b), 3.5e)) and entropy
(3.5c), 3.5f)) ω distance results. The light blue regions show performance between the 25th and 75th

percent quartiles, and the red line depicts the median performance over 50 repetitions for 25 items
whereK = 10, making it a budget of 250 comparisons. The top row shows performances for BTM,
while the bottom row shows respective results for our proposed Bayesian approach. Clearly, BCJ
outperforms BTM throughout the progress towards the budget.

3.3.1 Analysing the Winning Method

In Figure 3.5, we first illustrate the convergence of each CJ approach for 25 items with a
budget of 250 comparisons. We can see that overall, the BCJ approach has done better
in all three pair selection methods. This is consistent across the board, with the BCJ and
the novel entropy pair selection method generally being the best combination. The no-
repeat selection method in combination with BCJ also performs well, but not as well as
the combination of our two novel approaches. We also note that the entropy pair selection
method positively impacts the BTM CJ approach.

To investigate Ofqual’s claim that the performance of BTM-CJ with no repeating pairs
deteriorateswithmany comparisons [147], we ran an experimentwithN = 10 andK = 30

for both the current version of BTM-CJ with no repeating pairs and BCJ with entropy-
based pair selection. Convergence plots are shown in Figure 3.6. The performance of
BTM-CJ deteriorated over many iterations. However, it is difficult to determine the core
reasons behind it. We suspect that this is because of the uncertainty in determiningwhich
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Figure 3.6: Convergence plots of the main current method for conducting CJ, a combination of
the NR pairing method and BTM (Figure 3.6a)), and our novel entropy pairing method with BCJ
(Figure 3.6b)). We can see that the BTMmethod, over time, hits an optimum level but then starts to
deteriorate, while the entropy and Bayesian approach always gets more accurate with more data.

item in a pair would be the winner, which eventually misleads the BTM algorithm. In
contrast, BCJ estimations consistently improved as more data became available.

In the following sections, we first discuss the performance of different methods in
terms of ω distance. These results are shown in Figure 3.7. Here, we can see that overall,
the Bayesian approaches performedbetter thanBTM.However, the BTMwith the entropy-
picking method performed reasonably well compared to the other BTM combinations. It
should be noted that to use the entropy-driven ALwith BTM, wemust construct Bayesian
densities in the matrix P .

In contrast, the Bayes and entropy pickingmethod performed considerably better than
the rest, with Figure 3.7f) showing that this combination was not beaten by any other
combination method across all the experiments we conducted, demonstrating that it is
significantly better or, worst case, performs the same as one of the other methods. Inter-
estingly, this shows that our novel approach is better at generating a rank within a lower
K value than suggested. Furthermore, the convergence plots in Figures 3.5 and 3.6 sup-
port this claim. Additionally, when the K value increases, it still performs well, which is
irrelevant to the N value, as this does not affect its performance.

Therefore, overall, we can suggest that the Bayes version as a rankingmethod has done
better, but the combination of Bayes and Entropy has done the best overall. Especially
when comparing the current state-of-the-art approach (Figure 3.7b)) and our two novel
approaches (Figure 3.7f)).
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f) Entropy pairs selector with
the Bayes approach.

0 1 2 3 4 5# of losses

Figure 3.7: An illustration of the statistical comparison of results of the random (3.7a), 3.7d)), no
repeating pairs (3.7b), 3.7e)) and entropy (3.7c), 3.7f)) selection methods with BTM (top row) and
Bayesian (bottom row) approaches for generating ranks. The plots show the number of times that
a combination of a ranking method and a pair selection method has been the best, or equivalent
to the best, with the darkest colour representing that it was not beaten by any other method for
that configuration. The number in white shows the median performance over 50 repeats for the
experimental configuration in the respective cell, with BCJE showing the best median perform-
ance in 18 out of the 20 distinct experiments.
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We note that in a real-world scenario, in the absence of information regarding target
densities and expected ideal ranks, we cannot compute ω distances. In this case, we recom-
mend using Figure 3.1 for investigating the current state of the preference PDF between
any pair of items, and deriving the resulting rank distribution in Figure 3.2 (bottom row).
One can also track the entropy reductions using Figure 3.4.

The results clearly demonstrate that the combination of BCJ and entropy-based pair-
ing significantly outperforms traditional approaches, particularly at lower budget levels.
From an educator’s perspective, this means that fewer comparisons are required to
achieve a high-confidence rank order, saving time and effort. This finding supports the
overarching thesis objective of making robust, scalable assessment systems that remain
grounded in practical classroom realities.

3.3.2 Efficacy in Rank Distribution Predictions

Due to the BCJ’s ability to estimate the complete probability distribution over the rank of
an item, we can compare the target densities from the items being compared. Again, in
a real-world scenario, this comparison will not be possible, as we do not know the initial
target distributions a priori.

Here, we use the JSD measure to identify the agreement between our BCJ estimate
and the actual target distributions. For N items, we deduce N distributions over ranks
and compare with their target counterparts. This comparison gives us N JSD values. We
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Figure 3.8: A comparison of the median JSD results over 50 repeats of 20 different experimental
configurations for BCJR (left), BCJNR (middle) and BCJE (right).
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take the worst JSD as reflective of the performance of the current rank distribution and
track this throughout the BCJ process as a measure of progress.

The results in Figure 3.8 show the efficacy of using different pair selection methods
when used with BCJ. We see that for K = 5, using Entropy is the best strategy, with
random being a close second. Essentially, when there is a lack of data with respect to the
number of items being compared, random becomes competitive. However, it seems that
no repeating pair strategy is the best for higher K values, with entropy beaten in three
instances. Although it may be a good strategy with the synthetic targets we constructed,
we would still recommend using the proposed uncertainty-based approach, i.e. entropy-
driven AL, for largerNs, as for unknown uncertainty densities over targets, no repeating
pairs may not perform as well.

Unsurprisingly, comparing Figure 3.7 and 3.8, it is evident that BCJ is better at estimat-
ing the expected rank than the complete density of the rank distribution. For example, in
Figure 3.7, withN = 25 andK = 30,BCJE has amedian ω distance of 0.03, whichmeans
that only about 3% of all possible pairs, i.e. 9 out of 300, differ in order. In contrast, in
Figure 3.8, the median of the worst matched item’s rank density has a JSD of 0.46, which
is far from the ideal match score of 0. It is reasonable to expect that with a larger budget
on the number of paired comparisons, the rank agreement will improve.

3.3.3 Assigning Grades

Different education systems grade assignments differently. For example, in England,
exam boards use grades 9 to 1. In contrast, in the educational system inWales, schools use
the more traditional method of A∗ to F, while vocational subjects in England and Wales
use a Level 2 Distinction∗ to Level 1 Pass grading system. Typically, these grades are of-
ten assigned based on what percentile the work falls into compared to its peers, and these
grades are ultimately what the assessors want to provide to the students. Therefore, it
is important to be able to provide a possible grade based on the CJ results to help the
assessors.

Typically, CJ scores are simply used and scaled to provide itemswith an absolute value
between predefined upper and lower bounds. One possible approach to convert the rank
information to a grade is to comeupwith a set of grade boundaries in terms of percentages
of items that should get a certain grade. To the best of our knowledge, the only example of
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a) Grade Probability distribution presented to
the user.

b) The cumulative results of the probabilities
and the threshold level set (shown in black

dashed line) to be able to present the expected
grade to the user.

Figure 3.9: A figure of the two methods used to present a predicted grade to the user. The panel
on the left depicts the probability a student will get a particle grade, while 3.9b) the panel on the
right shows the likely grade that meets the threshold level set by the user.

such an approach in practice uses national historical data to determine the grade bound-
aries in terms of percentages of items, as explained by Pinot de Moira et al. [149].

Taking inspiration from this, we propose using the probability densities over the rank
of items to assign a grade to individual pieces of work. Given a discrete probability dis-
tribution over the rank of an item, we can compute the probability that an item’s rank
would be between two values as follows:

P (g ≤ ri ≤ h) =
h∑

k=g

P (ri = k), (3.16)

where g and h are the boundary rank of the grade level. Using this, we can easily compute
the probability that a piece of work lies between a range of ranks, and thus it can be
interpretedwith the notion of howmanypieces ofwork should get the highest grades, and
so on. This determination of grade is then entirely dependent on the assessor’s decision
on how many students should get what grade; for example, an assessor may decide that
only the top 30% would receive a grade 9 (for an assignment submitted in England).

Figure 3.9 demonstrates this approach through an example of the outcomes after com-
pleting the CJ process. The teacher has decided that out of five pieces of work, one can
receive a grade of A and B, two can receive a C, and one can receive a D. It gives us great
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insight and therefore presents to the marker, for example, that item 3 (shown in the left
panel of Figure 3.9) has a 15.63% probability of obtaining a grade A, 76.8% a B, 7.57% a
C and 0% a grade D. Taking into account the cumulative probabilities, we can see that
there is a (15.63+76.8)% = 92.43% chance that this item would receive grade B or higher.
If the assessor then decides on a threshold of acceptability, for example, 90%, to achieve a
certain grade, we can assign grade B for this work. However, if the threshold was higher,
e.g. 95%, the work would receive a grade of C, as then the cumulative probability would
be at (15.63 + 76.8 + 7.57)% = 100%, which is higher than the threshold.

The ability to provide predicted grades is only possible due to our BCJ approach,
which provides the probability distribution that an item will rank, as seen in Figure 3.2.
We expect that such probabilistic reasoning renders the assessors greater control over the
whole CJ process, with a high level of explainability.

Providing probabilistic grade distributions enables assessors to tailor grade assign-
ments based on pedagogical intent and institutional policy, rather than relying solely
on abstract rank scores. This respects teacher agency and supports flexible, criterion-
referenced assessment design. It also adds a level of interpretability and fairness that
current CJ systems often lack—enhancing the credibility and practical value of automated
or semi-automated assessment tools in real educational settings.

3.4 Bayesian Comparative Judgement on a Real Comparative
Judgement Dataset

To explore the real-world feasibility of the BCJ model in educational contexts, we now
apply it to an established comparative judgement dataset. This allows us to evaluate how
well our model performs outside synthetic conditions, especially in terms of uncertainty
quantification and interpretability.

In 2018, Bramley et al. [156] used a round-robin approach for selecting pairs, much
like the no repeating pairs approach used in this chapter, and demonstrated using GCSE
English essay score data that adaptive CJ can incorrectly generate inflated confidence in
their results. They performed three CJ assessments: study 1a was done using adaptive
CJ; study 1b was done by using a pairing method of all-play-all (like round-robin for the
same number of repeated evaluations), and a final one, denoted as study 2, was done
using random pairings. For our demonstration with real data comparing BCJ and BTM
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Figure 3.10: Comparison between the estimated ranks ri using BCJ and scores 100×γi using BTM
(see equation: 2.7). The blue dots show the expected rank E[ri] versus the score, and the error
bar (in red) shows the standard deviation of the predicted distribution over an item’s rank. The
full predictive distributions are shown in Figure 3.11. The higher the γi value, the better the item
performed in the BTM ranking, and that corresponds to a lower expected rank, i.e. the better the
item performed in the BCJ ranking, with a Kendall’s ω rank correlation of over−0.97. The narrow
difference between the expected ranks may indicate that the true performance difference between
the items is likely to be low.

in this section, we selected the data from study 1b. In this dataset, they used 18 judges
with 20 distinct items of student work, which resulted in a total of 180 paired comparisons
made by the judges, i.e. each judge assessed 10 pairs, and the SSR score was reported as
0.818, which is deemed as highly reliable. The scope andbreadth of this dataset are similar
to the synthetic experiments illustrated in earlier sections of this chapter, and, therefore,
this dataset was selected for this demonstration.

The Kendall ω rank correlation coefficient between the BCJ rank vector r and BTM
score vector 100γ was −0.97319 with a p-value of 4.776× 10−9 (which is practically zero),
allowing us to reject the null hypotheses that the quantities are statistically independent.
In other words, it shows that these two scores are almost perfectly anti-correlated in their
estimations of ranks. In Figure 3.10, we clearly demonstrate this: the lower the predicted
score from BTM, the higher the estimated rank from BCJ, as higher marks yield a lower
rank, with 1 being at the top.

In Figure 3.10, we also show the standard deviation of the rank vector r with red
vertical errorbars. For this experiment, the standard deviation for an item’s estimated
rank turns out to be σ ≈ 1.9, and it is (practically) the same for every item’s rank estima-
tion. This is due to the distributions in Figure 3.11 being similar in shape and width. We
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Figure 3.11: Illustration of the predictive probability distribution generated using BCJ along with
the E[ri] for each item i (depicted with red dotted vertical lines) using a real world dataset 1b from
Bramley et al.. The experiment had an SSR score of 0.818, which is considered a respectable level
for CJ as it is above the minimum of 0.7.
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Figure 3.12: A comparison between the convergence of the BTM CJ (red line) and BCJ (blue line)
against their respective final ranks. The BTM approach took ≈ 60 comparisons before generating
a reasonable rank. Until this point, it produced a flat ω distance value of 0.5. Our Novel BCJ
approach started to generate reasonable ranks even after the first comparison, and produced ranks
with a ω distance in the region of ≈ 0.1 before the BTM ω distance started to improve.

attribute this to the fact that every pair had the same number of judgments. This also po-
tentially indicates that individual assessors are fairly consistent in their judgements across
items, and thus, the disagreements between assessors are consistent too; possibly as a con-
sequence of the calibration exercise. However, to establish this, further experiments, both
qualitative and quantitative, must be performed. In any case, there is enough signal in
the data for us to identify differences between the expected ranks and derive an accurate
rank order between the items, as confirmed by BTM’s results, with the additional benefit
of a clear depiction of uncertainties of predictions.

In Figure 3.12, we illustrate the convergence of the ω rank distance for BTM CJ, depic-
ted by the red line, and BCJ, depicted by the blue line, against their respective final rank.
We can see that the BCJ blue line starts to come down instantly after the first comparisons
and continues to get closer to zero, while the BTM CJ approach stays at a ω score of 0.5
till ≈ 60 comparisons have been made, and then continues to drop. Before both end up
reaching their final ranks, we can see that for the majority of the time, the BCJ blue line
is below the red line. Therefore, showing a more consistent convergence in comparison
to the BTM CJ approach.

It should be noted that the scores in BTM must be scaled to match any desired range,
and then a grade can be derived based on pre-defined boundaries within that range.
Whereas, in BCJ, we can provide predictions for ranks, which are immediately inter-
pretable. Furthermore, we show how a grade can be assigned to an item based on relative,
rather than absolute, performance, in Section 3.3.3.
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The application of BCJ to real student data confirms its validity outside synthetic con-
ditions, demonstrating both high agreement with traditional CJ results and enhanced
interpretability through uncertainty estimates. The ability to show confidence intervals
alongside rank positions adds a crucial layer of transparency. This supports the broader
thesis claim that BCJ is not only a more technically robust model, but one that aligns bet-
ter with educators’ needs for trust, fairness, and explainability in high-stakes assessment
contexts.

3.5 Measuring Reliability

Although the BCJ method is attractive for its speed and accuracy, a key open question
is how to assess its reliability. In this chapter, we address this by examining inter- and
intra-rater agreement as indicators of reliability.

Previously, we suggested that one can track the maximum entropy across all the pos-
sible pairs due to the Beta posterior distribution in each, and when it is sufficiently low,
one can stop selecting further pairs [223]. However, an entropy value can be difficult to
interpret, and only makes sense as a relative measure, making it challenging to measure
and communicate reliability, or to devise a stopping criterion for pair selection.

One feature of estimating the posterior Beta distribution over the preference between
two items is that it directly encapsulates the level of agreement between the decisions that
were made about a particular pair. This means when a pair truly divides the crowd (be
it inter or intra rater), the probability Beta posterior distribution would have an expected
value of 0.5, where 0 represents perfect agreement on an item losing and 1 represents the
same item winning; see Figure 3.13 for an illustration of these possible cases.

With this, we can formulate measures of reliability that diverge from the expected
highest level of disagreement of 0.5. Given that the most likely value of a Beta posterior
is the mode, we can, firstly, define it to capture the divergence of the mode from 0.5.
Noting that the direction of divergence does not matter, we define the mode agreement
percentage (MAP) as follows:

MAP (αpost,βpost) =
|m(αpost,βpost)− 0.5|

0.5
× 100%, (3.17)

where the mode m(αpost,βpost) = αpost−1
αpost+βpost−2 with αpost and βpost are the posterior

parameters for the Beta density over preference for a pair.
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Figure 3.13: An illustration of the posteriors under different levels of agreements. When all rat-
ings agree, on either all wins (shown in green) or all losses (shown in orange), for item i compared
to item j, the densities skew towards 1 or 0, respectively, with the corresponding most likely pre-
dicted outcome being close to 1 or 0. On the other hand, if we have an equal number of wins and
losses, i.e. the highest level of disagreements between ratings, we get the purple density with the
most likely outcome being 0.5 (depicted with the red dashed vertical line). Here, we assumed 4
comparisons have been made; with more comparisons, variance would reduce given the assump-
tions for outcomes.

While this provides an intuitive avenue tomeasure reliability, it does not appropriately
incorporate the uncertainty from the paucity of comparison data per possible pairing. To
capture the uncertainty in a measure, we, therefore, propose to calculate the expected
agreement percentage (EAP) as follows:

EAP (αpost,βpost) = κ

∫ 1

0
pθ1 (1− p)θ2 |p− 0.5| dp

= −κ

⎡
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(3.18)
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where, κ = !(αpost+βpost)
0.5 !(αpost)!(βpost)

× 100, θ1 = αpost − 1, and θ2 = βpost − 1, with Γ(·) is
the Gamma function and 2F1(·) is the Gaussian hypergeometric function. We validated
this result through simulation.

These formulations for MAP and EAP around 0.5 relate to percentiles over prefer-
ences. Specifically, the MAP (or EAP) metrics indicate how far the metric value is from
the middle, on both sides, and thus inform us of the range beyond which we currently
have the metric. We can calculate the lower bound of the range with l = 0.5− 0.5 MAP

100 and
the upper bound of the range with u = 0.5 − 0.5 MAP

100 . For instance, a 50% MAP means
that the mode resides outside the range between l = 0.25 and u = 0.75. In terms of EAP,
since this is integrated over the uncertainty in the density, a 50% EAP would mean that
there is enough volume to push the expected value of the agreement percentage beyond
the range between l = 0.25 and u = 0.75. Hence, we can devise a stopping criterion based
on the desired level of confidence, and thus enforce a range for this “null space”.

Alternatively, the assignment owner can decide the lower and upper bounds of this
“null space” and then compute the threshold required for the minimum MAP or EAP
before stopping further data collection. For example, if they wanted the width of the
“null space” to be 95%, they could define a range between l = 2.5% and u = 97.5%,
which would be equivalent to a threshold of 95% on MAP or EAP (whichever they were
tracking for this purpose).

In terms of the choice of MAP or EAP, we noted that they both are useful in different
ways. MAP provides an intuitive indication of where the mode is, but because it does not
consider the level of existing uncertainty, it can be overly optimistic. On the other hand,
EAP provides a more comprehensive metric of reliability that incorporates the amount
of information at hand as we integrate over the uncertainty in the density. For example,
consider a case when an item always wins in a pair. The mode would quickly shift to-
wards the right even with a few wins, the mode would quickly shift towards the right,
like the green line depicts in Figure 3.13. However, the variance does not diminish so
rapidly. Hence, the MAP will show a rather instantaneous shift towards 100%, but EAP
would only do so when there are numerous comparisons and all indicate wins for the
item: see Figure 3.14. When the observations fluctuate between wins and losses, these
instances shift in mode, making MAP fluctuate more acutely, especially when there is
limited data; see Figure 3.15.

74



3.5. Measuring Reliability

20 40 60 80 100
Number of Comparisons

50

60

70

80

90

100

R
el

ia
bi

lit
y

M
et

ri
c

(%
)

EAP

MAP

Figure 3.14: An illustration of EAP increasing slowly (shown in orange) as we observe an item
winning at every comparison with another specific item to reflect the decreasing uncertainty over
comparisons. Whereas MAP, shown in purple, is overoptimistic and quickly gets to near 100%,
even with a few observed wins.
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Figure 3.15: An example of EAP being more stable when there is conflicting information, with an
item only winning every second comparison against a particular item. MAP fluctuates rapidly,
but with sufficient data, the overshoots are small (depicted in purple).
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It should be noted that the decision to prefer one over the other in paired comparison
may be made by the same individual at different times or different individuals (either
synchronously or asynchronously), and the Bayesian machinery here would treat them
the sameway. Thus, both of these reliabilitymetrics account for both inter- and intra-rater
reliabilities, depending on the context of data collection.

3.5.1 Assessing Reliability and Integrating Principal Marker Interventions

In this section, we begin our investigation into assessing reliability using single-criterion
BCJ. For an arbitrary instance of the DREsS dataset with N = 10 and a budget multiplier
K = 10, we run BCJ forN×K = 100 simulated pairwise comparisons, driven by entropy-
based selection. We record the final ω score with respect to the ground truth, along with
the MAP and EAP scores for each pairwise comparison.

Unlike a single SSR score, the proposed MAP and EAP metrics offer a more nuanced
perspective on assessor agreement. These metrics enable the identification of specific
item pairs that contribute to disagreement, providing actionable insights that a single,
aggregate reliability score cannot capture. By using MAP and EAP, we gain a clearer
understanding of uncertainty at the pairwise level (see the upper triangle of Figure 3.16 for
a visual illustration). Importantly, this analysis pertains to reliability – whereas ranking
accuracy is determined solely by the Bayesian estimation of rank distributions, which is
theoretically optimal given the available data.

To showcase the practical value of the EAP metric, we simulated an intervention by
a principal moderator (PM). By flagging item pairs with low agreement (EAP < 50%),
the PM could concentrate on the most contentious comparisons and make a judgement
on which item should be considered superior. The chosen item in each pair was then
assigned an artificial win count of 1000, indicating strong confidence in the decision and
effectively removing it from future selection via entropy-based methods.

Figure 3.16 illustrates this process: the upper triangle highlights low-agreement pairs
(EAP < 50%) with green boxes, while the lower triangle displays the updated EAP scores
and distributions following the PM’s intervention.

The ground-truth target ranking for the items was:

〈7, 0, 6, 2, 5, 4, 3, 8, 9, 1〉,

76



3.5. Measuring Reliability

Figure 3.16: MAP, and EAP scores for each pairwise comparison in the DREsS dataset (N = 10,
K = 10). Comparisonswith EAP scores below 50%were flagged and reviewed by a PM to identify
items causing disagreement (shown within green boxes). The PM then selected the winner, and
we biased the respective preference distributions accordingly. The upper triangle displays the
original decisions prior to intervention, while the lower triangle reflects the updated outcomes
after moderation.

while the estimated ranking prior to intervention was:

〈7, 0, 6, 2, 4, 5, 8, 3, 1, 9〉.
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This reveals three misordered pairs: 〈5, 4〉, 〈3, 8〉, and 〈9, 1〉. Following the inter-
vention, two of these — 〈5, 4〉 and 〈9, 1〉 — were corrected. The pair 〈8, 3〉 remained
unresolved, as item 3 had only been comparedwith items 2, 5, and 9, andwas consistently
judged superior. Item 8 was also deemed better than those, leaving no new information
on the direct comparison between items 3 and 8 to inform their relative ranking. Never-
theless, this targeted intervention improved ranking accuracy, reducing the ω score from
0.07 to 0.04.

Importantly, we do not account for probabilistic transitivity due to the independence
assumption in BCJ, which aligns with findings in human decision-making behaviour
[180]. While incorporating inter-item dependencies could enhance accuracy, it would
significantly complicate the probabilistic modelling.

3.6 Conclusions

The results from both synthetic and real-world experiments indicate that BCJ is a vi-
able, scalable, and educator-focused alternative to traditional CJ methods. This chapter
demonstrates how Bayesian modelling not only improves technical performance but also
supports the overarching thesis aim: to develop more transparent, efficient, and trust-
worthy approaches to student assessment.

Marking and assessing the work of students is an important element of education.
However, it takes a long time and can be inconsistent, especially because we are not great
at assessing absolute quality. Furthermore, we are beginning to see the use of generat-
ive AI tools in education and their potential impact on various forms of assessment and
associated practices [114, 224].

With the introduction of CJ, this has helped alleviate a lot of the quality issues in prin-
ciple, but it does comewith its own issues. One of the issues is that the paired comparison
rank order starts to deteriorate, making the whole model’s fit somewhat collapse. Also,
it is not easy to determine how many comparisons are enough. As the study has shown
that the ω distance score gets worse as the value ofK gets larger. While the recommended
minimum number of comparisons is N × 10, this study has shown that it struggles after
N ≥ 20, showing that a larger K is required as at the suggested minimum the current CJ
with BTM struggles to rank accurately, with results showing that whenN = 20 aK value
of 20 is required to start getting close to the desired rank.
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Nonetheless, our novel BCJ approach does not suffer from this issue, as the more com-
parisons we make, the more accurate it gets.

Most importantly, there are issues around using any current form of CJ as a replace-
ment for marking, as the outcome is less transparent [147]. During the design of our
new BCJ approach, we focused on addressing the issue of transparency by being able
to provide information to the user about how the algorithm has come up with its rank
decisions, as well as allowing the user to give input into how it generates the grades,
as well as giving the information on how it predicted what it has predicted. Therefore,
rendering greater transparency compared to the standard approach, and it is computa-
tionally affordable too.

In a future chapter, we intend to use the proposed approach to the CJ process with
educators. In both quantitative and qualitative manners, we will seek to answer what
works and what doesn’t and how BCJ is received in a real-world study.

In summary, BCJ addresses key limitations of traditional CJ by introducing a prob-
abilistic, transparent, and efficient ranking model that has high accuracy and maintains
stability as comparisons increase. However, while BCJ effectively provides holistic rank-
ings, it lacks the criterion-specific granularity required for detailed, actionable feedback
in a rubric-based assessment.

To address this limitation, the next chapter introduces Multi-Criterion BCJ (MBCJ),
an extension of BCJ that enables detailed evaluation across multiple learning outcomes.
This approach bridges the gap between holistic ranking and structured feedback, further
enhancing the transparency and practical utility of CJ in educational contexts.
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Chapter 4

Multi-Criteria Bayesian Comparative
Judgement

Building on the successful application of BCJ for holistic assessment, this chapter explores
its extension to multi-criteria assessment. Educators often require insights into specific
learning objectives (LOs) to provide detailed, actionable insights to assessors and stu-
dents. The proposedMulti-Criteria Bayesian Comparative Judgement (MBCJ) framework
addresses this need by enabling simultaneous holistic and criterion-specific assessment,
using entropy-based active learning to enhance efficiencywhilemaintaining transparency
in the assessment process.

4.1 Introduction

Humans are generally better at relative judgments than absolute scoring, which un-
derpins the logic of CJ introduced by Thurstone [135, 225]. CJ infers rankings from
pairwise comparisons, often modelled using the Bradley–Terry model (BTM) [226].
While frequentist approaches have traditionally dominated the Bradley–Terry literature
hunter2004mm, Bayesian alternatives have been increasingly explored in recent work
caron2012efficient, offering improved uncertainty handling. However, interpretability
remains a challenge since only comparisons—not true scores—are observed.

Active learning has been proposed to optimise pair selection [178, 179], but most
methods remain heuristic or frequentist. This chapter introduces Bayesian Comparative
Judgement (BCJ) [223], whichmodels comparisons as Bernoulli trials, avoiding restrictive
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assumptions and naturally handling stochastic, imperfect judgements. BCJ uses Beta dis-
tributions to quantify uncertainty and supports entropy-based active learning for efficient
pair selection across multiple criteria, outperforming BTM-based methods empirically.

Beyond validity, reliability is critical, given inherent assessor variability [180, 227].
Traditional metrics like SSR [228] have limitations, and no widely accepted Bayesian equi-
valent exists yet. Finally, while CJ decisions are holistic, multiple latent attributes often
influence judgements [229], a complexity addressed inmultidimensional extensions since
Hefner’s early work [230]. Inmany real-world judgement scenarios, however, the relevant
criteria and their contributions are explicitly defined in advance. For instance, in educa-
tional assessment, students are evaluated using a predefined rubric that specifies distinct
criteria, each contributing to the final mark with predetermined weights. In such cases, it
would be natural to collect pairwise comparisons at the level of individual criteria. This
has led to approaches where CJ is used for multiple focuses, allowing assessors to create
independent rankings for each criterion (e.g., separating focus on structure from focus on
argumentation) [231, 232]. This approach has been referred to as CJ dimensions in some
literature [232]. Following this multi-focus ranking, another study has conducted a correl-
ational experiment to determine which criteria rankings are significantly correlated [231].
However, in order to gain these insights, the CJ process was executed as many times as
required for each criterion being examined [231, 232]. Yet, to the best of our knowledge,
an approach that looks to combine all criterion rankings into one holistic ranking has not
been explored within the traditional CJ framework, which has historically emphasised
holistic comparisons of the work as a whole.

Although some existing methods attempt to infer latent dimensions from holistic
choices, it may be difficult to align these inferred dimensions with specific, predefined
criteria. Moreover, they lack a principled mechanism for aggregating criterion-level de-
cisions into a single, coherent ranking.

To address these limitations, this Chapter builds on BCJ and makes the following key
contributions:

• We propose newmethods for estimating overall ranks and associated predictive un-
certainties from pairwise comparisons made per criterion. This framework, which
we term Multi-Criteria BCJ (MBCJ), enables criterion-specific ranking and uncer-
tainty estimation.

82



4.2. Multi-Criteria Bayesian Comparative Judgement

• We show how a holistic entropy can be calculated to drive the selection of the most
informative pair to be evaluated next in MBCJ.

• We demonstrate, for the first time, that MBCJ performs comparably to standard BCJ
in experiments using real assessment data, while providing finer-grained insights
into item preferences across individual criteria.

This chapter builds on the foundations of CJ and BCJ introduced earlier by addressing
one of their key limitations: the lack of detail regarding performance across individual
learning outcomes. By introducing a multi-dimensional extension to BCJ, we aim to re-
tain the benefits of holistic comparisonwhile enablingmore transparent, criterion-specific
insight—an essential feature for practical classroom assessment and feedback.

4.2 Multi-Criteria Bayesian Comparative Judgement

Suppose an assignment is evaluated againstD learning outcomes (LOs). The assignment
owner specifies a weight vector λ = (λ1, . . . ,λD)!, where each λd ∈ [0, 1] ∈ R indicates
the contribution of the dth LO to the overall mark, with the constraint that

∑D
d=1 λd = 1.

Given a score γi,d for item i on LO d, the overall score for item i is computed as:

γi =
D∑

d=1

λdγi,d. (4.1)

While this weighted aggregation is standard in rubric-based assessment, conventional
CJmethods typically rely on holistic comparisons. This can obscure valuable insights into
how an item performs across individual LOs. Although CJ provides fast and accurate
overall rankings, assessors may find it difficult to revisit specific items and offer targeted
feedback to learners on individual criteria.

To adapt CJ for multi-criteria rubrics, we propose a framework in which decisions are
made independently for each LO. This requires suitable methods for combining these
decisions into a unified overall ranking. Additionally, we introduce a strategy for se-
lecting the most informative pairwise comparison by considering uncertainty across all
LO-specific evaluations. In the following section, we present novel methods to address
these challenges.
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4.2.1 Extension to Rank Generation

To generate a combined final rank for each item, we propose two approaches: one that ag-
gregates LO-specific ranks, and another that merges LO-specific preference distributions,
represented by Beta posterior densities.

4.2.1.1 Mixture of Component Ranks

For dth learning outcome LOd, the rank distribution for item i is denoted by P (ri,d = a),
where a ∈ [1, N ] ∈ N. Given a predefined weight vector l, we can construct a mixture
model to combine these LO-specific rank distributions as follows [233]:

P (ri = a) =
∑

d

λdP (ri,d = a). (4.2)

The corresponding expected rank for item i is then given by:

E[ri] =
∑

d

λdE[ri,d]. (4.3)

Figure 4.1 provides a visual illustration of the expected ranks E[ri,d] for each LO. By
combining these values using a weighted sum, we obtain the overall expected rank for
item i.

A central challenge in this approach lies in deriving the overall preference distribution
π(i & j) between items i and j that corresponds to these combined rank distributions.
Without a likelihood-basedmodel— such as the one employed in BTM— this estimation
becomes non-trivial.

4.2.1.2 Mixture of Component Preferences

Given the CDF of the preference distribution Fd(i & j) for the dth LO, the overall prefer-
ence CDF for item i over item j can be expressed as a weighted mixture [233]:

F(i & j) =
∑

d

λdFd(i & j), (4.4)

where λd denotes the contribution of LOd to the overall mark. We provide an illustra-
tion in Figure 4.2 of such a mixture CDF.
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Figure 4.1: A radar plot depicting the ith item’s E[ri,d] performance across five LOs, enabling
more transparency and detail on where this item performed well and where it did not. Therefore,
it enables educators to identify areas where this candidate may need personalised intervention.
Furthermore, it provides more insight than a traditional CJ rank would offer to the educator.

This formulation allows direct computation of the overall preference probability that
item i dominates item j, using Equation (4.4). It also enables derivation of the full
probability distribution over ranks for each item. Methodologically, this approach is ad-
vantageous, as both preference and rank distributions can be efficiently obtained using
existing mechanisms.

However, exact calculation of overall preference and rank distributions becomes sus-
ceptible to combinatorial explosion when ranking a large number of items. To address
this, a Monte Carlo (MC) sampling approach may be beneficial. For mixture of prefer-
ence distributions, the mth sample pm can be drawn as follows:

pm ∼ πq(i & j) | zm ∼ U(0, 1) ∧ zm ∈
[
q−1∑

d=0

λd,
q∑

d=0

λd

]
, (4.5)

where zm is the mth random number sampled from the uniform distribution U(0, 1),
πq(·) is selected based on the value of zm, and l0 = 0. A win for item i can be simulated
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Figure 4.2: A visual illustration of how LO-specific preference distributions are combined using
a weighted sum of their CDFs. In this example, three LOs are shown in blue, orange, and green,
corresponding to the weight vector λ = (0.1, 0.6, 0.3)!. The resulting mixture CDF, shown in
red, is not a standard Beta distribution but effectively reflects the contributions of the individual
components.

by rounding the sampled proportion to the nearest integer, xm = 3pm4. The total num-
ber of wins and losses across all pairwise comparisons, aggregated over all preference
distributions, can then be used to estimate rank distributions and compute the expected
overall rank for each item.

4.2.2 Extension to Pair Selection

Differential entropy generalises the classical concept of discrete entropy to continu-
ous random variables, offering a measure of uncertainty associated with a probability
distribution [234]. For the Beta distribution – defined on a finite interval [0, 1] and para-
meterised by two shape parameters – differential entropy reflects ameasure of uncertainty
over that interval, as discussed in Section 2.2.3.3.

86



4.3. Experimental Setup

In the multi-dimensional case, each preference distribution πd(i & j) between items i
and j for LOd is modelled as a Beta distribution B(αpost,βpost). Assuming independence
across LOs, the total entropy across all D LOs is then computed as [235]:

H(π(i & j)) =
∑

d

H(πd(i & j)). (4.6)

This enables selection of the most informative pairwise comparison by identifying
the pair with the highest total entropy:

(i, j)← arg max
(i,j)∧i $=j

H(π(i & j)). (4.7)

4.3 Experimental Setup

In this chapter, we aim to experimentally investigate the following questions:

(Q1) Which combinations of ranking and selection strategies perform best in multi-
criteria CJ when weights are fixed?
(Results discussed in Section 4.4.1)

(Q2) Which approaches remain robust under varying weight configurations?
(Results discussed in Section 4.4.2)

This section begins by outlining the strategy variants included in our comparison, fol-
lowed by an overview of the real-world datasets used. We then describe the simulation
process for modelling assessor decision-making and conclude with a summary of the
performance evaluation methodology.

4.3.1 Strategies Under Scrutiny

We explore six strategy combinations formed by pairing two ranking methods, Ranking
MixtureModel (Section 4.2.1.1) andPreferenceMixtureModel (Section 4.2.1.2), with three
pair selection techniques: entropy-based (Section 4.2.2), random, and NRP. These com-
binations are evaluated against the baseline BCJ ranking method with entropy-driven
selection, as proposed in chapter 3.
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Figure 4.3: Statistical comparison of results from theWilcoxon rank-sum test on the DREsS dataset
for multi-criteria strategies based on the mixture of component ranks (MCR) and the mixture of
component preferences (MCP). Each strategy in a panel is identified by the row and column labels.
Each cell is coloured according to the number of items (horizontal axis) and the budget multiplier
K (vertical axis). The colour of each cell reflects how often a particular strategy was outperformed
by another competing strategy: darker colour indicate stronger performance (fewer losses), while
lighter colour indicate weaker performance (more losses). The number shown in white within
each cell represents the respective median performance. An MCP based strategy incorporating
the NRP pair selection method demonstrates the best overall performance across the experiments
with this dataset, with the entropy method a close second.

4.4 Results and Discussion

4.4.1 Identifying the Best Strategy

For every strategy – defined as a combination of ranking and pair selection methods – we
conduct 50 repeated runs for a given budget N ×K, recording the final ω scores with re-
spect to the ground truth. These results allowus to compare strategies using theWilcoxon
rank-sum test and identify the statistically superior approaches.

In Figure 4.3, we illustrate the results for the DREsS dataset. Among the multi-criteria
strategies, MCP with entropy and NRP consistently outperform the others, as they are
never beaten by any competing strategy. It should be noted that MCR, regardless of
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Figure 4.4: An illustration of the statistical comparison results for single-criterion (holistic BCJ
with entropy-based pair selection) versus multi-criteria strategies. The colour of each cell rep-
resents how many times a given strategy was outperformed by others. Each cell displays the
corresponding median performance in white. For N = 5, the BCJ strategy performs comparably
to the best-performing strategy. However, for N ≥ 10, there is at least one other strategy that
consistently outperforms BCJ.

the pair selection method, performs reasonably well beyond N = 5, with the weakest
performance observed for MCR using random pair selection. For the BCJ with entropy
approach, shown in Figure 4.4, we observe that it is outperformed by at least one other
strategy when N ≥ 10.

For the BU dataset, which features tighter marking tolerance, we again observe that
MCP is the superior approach among the multi-criteria strategies. In this case, the
entropy-based pair selection method performs best, being beaten only once atN = 5 and
K = 30 (see Figure 4.5). In this instance, the single-criterion BCJ strategy also performs
well (see Figure 4.6), and is only outperformed for N ∈ {10, 20} with K = 5, presumably
due to limited preference data available at lower budget levels.

Overall, we observe that the strategy combining MCP ranking with entropy-based
pair selection performs best across both datasets. While the NRP method paired with
MCP also performs well on the DREsS dataset, we attribute this to the greater pair-wise
uncertainty due to the tolerance level associated with that dataset. Typically, entropy
selects the most informative pair. When the preference differences between items are
clear (i.e. more certain), those pairs are unlikely to be revisited frequently. This creates
a distinction between entropy-based pair selection, which targets the most informative
comparisons, and the NRP method, which iteratively revisits all pairs in a round-robin
fashion. However, in cases of high uncertainty, both entropy and NRP tend to behave
similarly, as more frequent revisiting of uncertain pairs becomes necessary.
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Figure 4.5: An illustration of the statistical comparison results from the Wilcoxon rank-sum test
for multi-criteria strategies based on the mixture of component ranks (MCR) and the mixture
of component preferences (MCP) on the BU dataset. The plots show the number of times each
combination of ranking method and pair selection method was the best, or equivalent to the
best. The darkest colour indicates that the strategy was not beaten by any other method for that
configuration, including comparisons against the single-criteria BCJ strategy using the standard
entropy-based pair selection method. The white number in each cell indicates the median per-
formance for that category. The MCP strategy demonstrates the strongest overall performance
across the experiments, being beaten only once at the N = 5, K = 30 configuration.
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Figure 4.6: An illustration of the statistical comparison of results of theWilcoxon rank-sum test for
the level 4 undergrad dataset of the BCJ and entropy picking methods against the multi-criteria
BCJ and other picking methods. We can see for this dataset apart from N = 10 and N = 20 for
the K value 5, this approach was not dominated by any of the other combinations.
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Figure 4.7: An illustration of the QMC weights transformed onto a simplex which is used for
testing the robustness of the approaches.

In terms of the single-criteria BCJ strategy, it generally performs well, particularly
when uncertainty in overall preferences is low. However, by design, it lacks the richness
provided by LO-specific preference information, which may limit its effectiveness in real-
world assessment scenarios; especially from a feedback perspective.

4.4.2 Robustness to Varying Weight Configurations

Both datasets come with predefined weights (as discussed in Section 2.4.1). Accordingly,
we define a random performance vector ω(s | λ), where s represents a strategy and ω(·|λ)
is the performance metric for a specified weight vector λ. While we observe clear benefits
from the MCP strategy with entropy-based pair selection, a natural question arises: what
happens if we vary the weights? Would the conclusions remain the same?

Addressing this question requires marginalising the effect of weights, i.e., estimating
∫
ω(s | λ) dλ. In the absence of an analytical expression, this integral must be approxim-

ated. A standard MC method may not be ideal, as it requires thousands of samples, and
for each sample, a simulation must be run across all budget configurations N × K – a
process that could take months or even years to complete.
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Instead, we estimate this using a Quasi-Monte Carlo (QMC) method with the Halton
sequence [236]. QMC improves upon MC by replacing random sampling with low-
discrepancy sequences, such as Halton, which are designed to cover the space more
uniformly. These sequences minimise gaps and overlaps, leading to more accurate ap-
proximations with fewer samples, without sacrificing much in terms of accuracy.

To satisfy the constraint
∑

d λd = 1, we followed the method proposed by Smith et
al. [237]. This technique generates sequences in D − 1 dimensions, appends a value of
1, sorts the resulting list, and then computes the differences between adjacent values to
derive theweights λd. This transformation effectivelymaps the originalD−1dimensional
sequence onto a simplex— a geometric structure inD−1 dimensions where each point is
D-dimensional and inherently satisfies the required weighted sum condition. See Figure
4.7 for an illustration of the weights.

In Figure 4.8, we present results from the DREsS dataset using 50 QMC-sampled
weight vectors, independently generated for each N and K configuration, and strategy.
Figure 4.9 shows the corresponding outcomes for the standard single-criterion BCJ ap-
proach. Across all configurations, BCJ was not outperformed by any other strategy.
However, the combination of MCP with entropy-based pair selection consistently
achieved the best performance among the multi-criteria variants.

The results for the BU dataset are presented in Figure 4.10 (multi-criteria variants) and
Figure 4.11 (single-criterion BCJ), and they closely mirror the findings from the DREsS
dataset. Notably, the combination of MCP and entropy pair selectors performed slightly
better here than in the DREsS results. A closer analysis reveals that this MCP–entropy
pairing consistently outperformed other multi-criteria variants. MCP with NRP also
showed strong performance, though not to the same extent. As observed across all exper-
iments, MCR combined with any pair selector consistently underperformed compared to
the MCP ranking method.

In terms of robustness, BCJ emerges as the most effective method, with the MCP–
entropy strategy following closely behind. This presents practitioners with a meaningful
trade-off: BCJ offers a holistic and potentially faster decision-making process, requiring
consideration of only a single comprehensive dimension. Conversely, multi-criteria ap-
proaches may take slightly longer, as each decision involves comparing all LOs within
a pair. However, they offer richer insights into item discrimination, which can enhance
feedback quality and improve transparency.
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Figure 4.8: An illustration of the statistical comparison of multi-criteria strategies on the DREsS
dataset using 50 QMC-sampled weight vectors. The plots show that, overall, the MCP ranking
method significantly outperforms the MCR ranking method. Among all strategies, the combin-
ation of MCP with entropy-based pair selection achieves the best performance. This winning
strategy is only outperformed by the standard BCJ approach in one configuration.
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Figure 4.9: An illustration of the statistical comparison between the standard BCJ strategy and
multi-criteria variants. Across all comparisons using 50 QMC-sampled weight vectors, the BCJ
strategy with entropy-based pair selection was not dominated by any other method. The strategy
combiningMCPwith entropy also performed strongly, but was consistently outperformed by BCJ
in these configurations.
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Figure 4.10: Statistical comparison of multi-criteria strategies for the BU dataset using QMC-
sampled random weight vectors. The plots indicate that the MCP ranking method consistently
outperformed the MCR approach. Among the MCP-based strategies, the pairing with the en-
tropy selector showed a slight advantage over the combination with NRP for this dataset.

4.4.3 Reassessing Scale Separation Reliability as a Metric

Across all experiments, our findings challenge the reliability of SSR as a definitive met-
ric for ranking accuracy in CJ. We observed several cases where the target ranking was
achieved (i.e. a ω score of 0), even though the corresponding SSR score fell well below the
commonly recommended threshold of 0.7. Conversely, higher SSR scores did not consist-
ently lead tomore accurate rankings. This suggests that SSRmay bemore reflective of the
volume of comparisons — and the resulting confidence in those comparisons — rather
than the actual quality of the final ranking.

One particularly revealing insight was the wide variation in SSR scores across experi-
ments. For instance, the lowest SSR score observed was 0.27 for N = 5, K = 5, yet the ω
score was 0.1. The highest SSR score, 0.92, occurred at N = 25, K = 30. Interestingly, in
several cases where the ω score was 0 (indicating perfect ranking), the SSR score remained
at 0.56—below the recommended threshold— for bothN = 5,K = 5 andN = 5,K = 30.
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Figure 4.11: Statistical comparison of single-criterion BCJ combinedwith entropy-based pair selec-
tion versus multi-criteria variants, evaluated across 50 QMC-sampled weight vectors. The results
show that BCJ with entropy selection was consistently competitive and not outperformed by any
other method across the sampled weights.

In another instance, with N = 5, K = 30, the SSR score was again 0.56, but the ω score
rose to 0.3. Across 38 experiments with an SSR score of 0.56, 25 achieved a ω score of 0.

For example, when N = 5 and K = 10, the average SSR score was 0.56, ranging from
0.47 to 0.56, yet 28 out of 50 runs resulted in a ω score of 0. Even at the lowest SSR score,
the ω score was 0.1, and at the highest SSR score of 0.56, the ω score ranged from 0.0 to 0.1.
These patterns suggest that SSR ismore closely tied to the number of comparisons conduc-
ted, with higher SSR scores emerging from more extensive comparison sets. This raises
important questions about the appropriateness of SSR as a measure of ranking accuracy
in CJ, and highlights the need for further research into its role and limitations.

While an SSR score provides a general sense of overall agreement, it does not reveal
where assessors specifically disagreed. In contrast, MAP and EAP offer visual insights
into which item pairs are contributing to disagreement, enabling a more targeted under-
standing of reliability, as demonstrated in Section 3.5.1.

4.5 Conclusion

Bayesian active learning for CJ introduces a new paradigm for efficiently collecting data
through pairwise comparisons to produce accurate rankings. However, key limitations
remain— notably, the lack of mechanisms to quantify decision reliability and the reliance
on holistic comparisons rather than multi-criteria evaluations.

This chapter addresses these gaps with two core methodological contributions:
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• MCP: A robust method for aggregating criterion-level judgements that maintains
overall ranking accuracy while preserving detailed performance data across indi-
vidual criteria.

• Active Learning Strategy: An efficient approach that reduces uncertainty across all
criteria simultaneously.

In educational assessment, our multi-criteria BCJ framework enables both detailed
feedback on individual LOs and an overall student ranking. When MCP ranking is com-
bined with entropy-based pair selection, performance is comparable to standard holistic
BCJ, while offering richer diagnostic insights.

Experimental results show that MCP with entropy selection consistently performs
well, often matching or surpassing the accuracy of holistic BCJ. Although holistic BCJ
demonstrates greater robustness under marginalised criteria weights, our multi-criteria
approach delivers fine-grained, actionable feedback with minimal impact on ranking ac-
curacy. This makes it a valuable tool for formative assessment, allowing educators to
understand student performance in depth without compromising reliability.

In summary, this chapter introduced and evaluated the MBCJ approach, extending
the principles of BCJ to account for multiple assessment criteria simultaneously. The ap-
proach demonstrated how capturing richer dimensions of judgement can provide deeper
insights into student performance and address some of the limitations of one-dimensional
ranking. While the experiments highlighted both the potential and the challenges of
MBCJ, they also raised important questions about how markers experience and interpret
these different approaches in practice. Building on this, the next chapter shifts focus from
technical development to empirical evaluation, comparing traditional marking, BCJ, and
MBCJ in order to examine their relative transparency, usability, and trustworthiness from
the perspective of those directly engaged in assessment.
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Chapter 5

Rendering Transparency to Ranking
in Educational Assessment

Having established the technical validity and educational potential of BCJ andMBCJ, this
chapter focuses on their practical application in enhancing transparency in educational as-
sessment. Transparency is crucial for building trust in assessment systems and ensuring
that educators and students can understand and act upon the results. Through empirical
evaluation involving professional markers, this chapter examines how BCJ and MBCJ im-
pact perceptions of transparency, workload, and fairness compared to absolute marking
methods.

5.1 Introduction

In UK HE, marking burdens mirror those in schools due to larger cohorts, diverse as-
sessment formats, and intensified accountability, with consequences for staff wellbeing,
consistency, and fairness [11, 13, 14, 80, 81, 82]. Post‑COVID shifts and policy scru-
tiny have heightened demands for transparent, defensible assessment, yet human‑judged
tasks still suffer fromvariability despite automation and standardised rubrics [17, 125, 128,
129, 130, 85]. Traditional rubric grading and standard CJ either struggle with subjectivity
or lack interpretability (“black‑box”) [238, 239, 147]. This chapter therefore examines BCJ
and MBCJ, which incorporate priors, quantify uncertainty, and provide an auditable trail
to target disagreements, support moderation, and promote equity [223, 240, 241, 242].
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We apply BCJ/MBCJ to real HE assessments, demonstrating workload relief alongside
improved reliability and transparency within sector governance frameworks [84].

The multi-criteria Bayesian approach (MBCJ) integrates multiple LOs into the CJ
framework [240]. Traditional CJ operates on holistic judgement, collapsing distinct LOs
into a holistic decision of which of a set of submissions being compared is best – and BCJ
provides a Bayesian framework for this. By contrast, MBCJ allows each LO to be assessed
independently, enabling the derivation of independent rankings aligned with each spe-
cific LO [240]. This nuanced approach provides an avenue for assessment of individual
aspects, such as critical thinking, technical proficiency, and creativity, resulting in a more
granular, detailed, assessment that mirrors rubric-based methods while maintaining the
benefit of pairwise comparison structure of CJ. MBCJ also provides an overall holistic
ranking that combines insight from each LO model, offering a balanced view across as-
sessment criteria, like the rubric-based approach [240].

TheMBCJ approach does not sacrifice depth for breadth; it retains the richness of qual-
itative insights inherent in CJ and expands them further. For example, if critical thinking
and technical accuracy are weighted differently, the model can transparently reflect these
nuances in the final ranking. This ability to disaggregate and re-aggregate rankings ac-
cording to distinct LOs is particularly advantageous in high-stakes settings, where fair
and transparent evaluation of multiple competencies is crucial, such as undergraduate
final-year project dissertations. Through this process, MBCJ enhances transparency by
clarifying the distinct and cumulative contributions of each LO to the final assessment,
making the assessment process fairer andmore comprehensible for all stakeholders [240].

For the first time, to illustrate the effectiveness of BCJ in real-world educational con-
texts, this paper employs a dataset from a UK HE setting to demonstrate the practical
implementation of BCJ and MBCJ, and evaluate their impact on transparency, fairness,
and accountability in assessment. By employing a combination of quantitative analyses
and qualitative insights from professional markers, and views of experts in the field, we
assess the efficacy of BCJ and MBCJ in providing a clear rationale for individual and
aggregate judgements. Furthermore, we examine the usefulness of BCJ and MBCJ for
identifying sources of ambiguity or conflict in assessments, particularly in contexts that
demand high levels of transparency, such as national assessments [147]. Therefore, the
main contributions of this study are as follows:
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• Illustration of the improvement in transparency BCJ offers over CJ by offering a
structured process that tracks and explains decision-making, and providing estim-
ations of uncertainty in rankings.

• Evaluation and comparison of traditional, BCJ and MBCJ to standard marking
within a real-world assessment context.

• Analyses of insights from educators’ experiences from a UKHE context – through a
combination of quantitative data analyses and discussions with professional mark-
ers and experts in CJ showing how educators perceive these approaches in terms of
fairness, workload, and usefulness.

Section 5.2 looks at the experiment’s setup and the methodologies used; Section 5.3
looks at the results and discusses them; while in Section 5.4, we make our conclusions
about the study.

5.2 Experimental Settings

In this chapter, we consider various factors to determine educators’ opinions on conven-
tional grading, standard BCJ, andmulti-criteria BCJ.We use coursework submissions that
were evaluated formally by the assessment teamwhen the module was delivered. The of-
ficial and ratified marks supplied by the module’s lead lecturer serve as a ground-truth
score for comparison. Three marking assistants who have experience of helping deliver
the module perform traditional absolute marking, standard BCJ, and MBCJ. It should be
noted that the submissions used were not originally marked by this cohort of assistants.
Therefore, they encountered these submissions for the first time during the experiment
conducted for this study. The process is discussed in more detail in Section 5.2.2.

Once the marking assistants had completed all three marking approaches, they were
asked to answer a questionnaire (see Appendix A) and, later, are brought together to
discuss the approaches used in a workshop (see Appendix B. The techniques used are
explained in Section 5.2.2. We present the findings to industry experts who carry out
research within academia on CJ in an educational setting and people working within
industry who look at the policies around assessment for government and exam boards
who also research how CJ can be used in educational settings (see Appendix C).
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Figure 5.1: A histogram of marks for submissions in different groups: candidates for absolute
marking, BCJ andMBCJ, entitled as dataset 1, 2 and 3 respectively. Clearly, the groups have similar
distribution over the range between 8 and 15; this is important for a fair comparison between the
groups.

5.2.1 Web Interface for Experimentation

BCJ and MBCJ marking were done through web applications. The designs for the applic-
ations are similar, with the main difference being the standard BCJ approach only had a
single button for each item being displayed. In contrast, the multi-dimension application
had a button for each LO that was being compared against, ensuring that only one button
could be pressed for one of the items.

In Figure 5.2, we show the application’s interface for the single-dimensional version.
The user is presented with two items that are being compared and two buttons. The
user presses the button related to the item they deem to be of higher quality. Once the
button has been pressed, this updates the result matrix for the entropy-based selection
method, and then uses it to select a new pair of items for the assessor tomake a judgement
on. Assessors can continue until they want to stop. However, it is recommended that a
minimum of the number of items (N ) times 10 comparisons are completed [239].

When assessors want to view the ranking of the items, they can view the results page,
as demonstrated in Figure 5.3. The items are rendered in rank order, so the highest ranked
item appears first, and the weakest item, as they score it, will be at the bottom of the page.
A graph is shown alongside the items depicting the ranking distributions of the items that
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Figure 5.2: An example of the web app page for the standard BCJ’s comparison. This page is what
the assessor will seewhen they aremaking their judgements on the items being presented to them.
Once they have pressed the corresponding button linked to the item they prefer, this will update
the scores and then produce two new items for the assessor to compare.

have been compared. The ranks are calculated from the performance matrix using either
BCJ or MBCJ while navigating to the results page.

Figure 5.4 shows the comparison screen that the assessors view when making their
pair-wise comparisons. This screen is similar to the standard approach (see Figure 5.2),
but has some key differences. The items have a button for each LO that is being assessed,
as well as a submit button. When an assessor presses, for example, LO1 button for item A
it will light up to show it has been selected, if theywere to press LO1 for item 2, the button
will dim back to the default colour to ensure that only one LO for each item is selected.
Once the assessor is happy with the selections, they hit the submit button and each LO’s
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Figure 5.3: When the assessor wants to view the results, they can visit the results page. This web
app page shows the items in order of their ranking, so the item ranked first will appear first on the
page, and as the assessor scrolls down the page, theywill then view the additional items until they
reach the last ranking item. Each item’s rank, a copy of the item and their ranking distribution are
shown to the assessor, ensuring maximum transparency is present to them on how the decisions
have been made. This shows the results probability distribution and the ranking after the pair-
wise comparisons for BCJ.

preference matrices are updated, which enables the differential beta entropy to select the
next pair of items to present to the assessor.

Figure 5.5 presents the results of a multi-criteria Bayesian CJ web app, showcasing
transparency in ranking distributions across various LOs. The visualisation provides an
overview of the item’s overall rank and distribution, and its performance within each LO.

The results section shows the ranking distributions, which are multiple bar charts il-
lustrating the frequency distribution of rankings for the item across all LOs (see figure 5.6).
The overall ranking distribution is initially shown, similar to the standard BCJ web app,
but there is an additional button that enables the user to expand or collapse a dropdown
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Figure 5.4: An example of the interface for the web app page for the multi-criteria comparison
page. Like the standard BCJ page, this is where the assessor will make their decisions on the
items displayed. However, they will need to make decisions based on individual LOs this time.
They press the submit button once they are ready to submit their preferences. This will update
the LOs results and then produce two new items on which to make judgements.

area that enables the ranking and distributions of the individual LOs for each item. Three
additional bar charts represent the ranking distributions for each LO, allowing for easy
comparison and analysis. The overall rank of the item is displayed alongside the item
itself, providing a clear indication of its performance in relation to other items. Showing
the distribution of rankings for the item across all LOs offers insight into its performance
within each outcome as a holistic overall.

The results section of the web app provides a clear and transparent representation of
the item’s ranking distributions across various LOs. The overall rank and performance
metrics offer valuable insights for educators and researchers seeking to understand the
item’s strengths and weaknesses in relation to other items.
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Figure 5.5: An example that presents the results of a multi-criteria BCJ web app showcasing trans-
parency in expected rank Er scores across different LOs using a radar plot for each item. An
expand button is available for the assessor to be able to view the complete rank distributions for
the individual LOs.

5.2.2 Research Approach

Three markers were recruited for this experiment. The markers were experienced edu-
cators who have been part of the module used in this experiment for a number of years.
The markers were given as much time as needed to complete the absolute marking, and a
maximum of two hours to complete comparisons for each of the CJ methods. The mark-
ers did all three methods in different orders to try and mitigate against familiarising with
the marking criteria over time. Once the markers had completed them, they took part
in the semi-structured questionnaire (see Appendix A) in isolation from the other mark-
ers. After this, all three markers came together for an in-person workshop to discuss their
experiences as a whole (see Appendix B for an outline of the initial workshop plan).
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Figure 5.6: An example of the results of a multi-criteria BCJ web app showcasing transparency
in ranking distributions across various LOs. The page provides an overview of the item’s overall
rank and distribution and its performance within each LO.
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To further validate and contextualise the findings, three CJ experts were recruited
for in-depth interviews. These experts were selected based on their established public-
ation record and practical experience implementing CJ systems in educational settings,
with backgrounds from academia, government and industry. Each expert took part in
a semi-structured interview, conducted remotely, where they were first presented with
an overview of the key results from the marker experiment. All interviews were conduc-
ted in isolation to ensure independent feedback, and the findings from these discussions
were used to inform the final analysis and discussion (see Appendix C).

5.3 Results and Discussion

In this sectionwe look at the ω results against the target ranks, themarkers’ questionnaires,
and the outcomes of the workshop session that took place with all the markers as well as
expert interviews. We focus on if and how the BCJ and MBCJ are transparent and the
issues raised to be mindful of when using BCJ and MBCJ.

While this study was conducted using HE students’ work, existing literature demon-
strates the effectiveness of CJ across educational levels, fromprimary toHE [243, 158, 162],
showing its potential applicability beyond the HE context. These studies established CJ
as a valid and efficient approach to assessment, particularly in subjects requiring holistic
or qualitative evaluation.

Nonetheless, we acknowledge that the majority of the contextual framing draws on
primary and secondary education. It is important to recognise key structural and cul-
tural differences between sectors, such as assessment governance, professional autonomy,
and moderation practices. While our findings suggest high transferability, particularly
for open-ended tasks assessed via rubrics, further research is needed to explore the im-
plications of BCJ/MBCJ in distinct institutional contexts. We therefore caution against
uncritical transferability while noting that many of the underlying principles of fairer,
more reliable assessment transcend sector boundaries.

Thus, BCJ builds on this foundation by offering a probabilistic backend that enhances
transparency and interpretability without altering the core process of pairwise compar-
ison. As such, many of the proven benefits of CJ in school settings – such as improved
reliability, reduced marking time, and increased assessor engagement – are retained in
BCJ, with the added advantages of quantifiable uncertainty, clearer insight into ranking
rationale, and improved accountability. While sectoral differences in assessment practice
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exist, the core principles underpinning CJ and BCJ suggest a high degree of transferabil-
ity, particularly in HE disciplines where traditional rubric-based marking may struggle
to ensure fairness and transparency.

5.3.1 τ Scores Against Target Rank

Marker one completed their absolute marking sample in two hours and 17 minutes (see
Table 5.1). Compared to the Oracle’s ranking, this produced a ω score of 0.3556 , marker
two 0.4 and marker three 0.4.

Table 5.1: This summarises the performance of markers during the traditional absolute marking
process. It also includes key metrics such as the total time spent by each marker, the number of
pairwise comparisons conducted, and the corresponding ω scores.

Marker Time ω Score
1 2:17:03 0.3556
2 1:26:00 0.4
3 1:54:00 0.4

When we compare the markers with each other (see Table 5.2), marker one and two
generated a ω score of 0.4, while marker one against marker three generated a ω score of
0.4, marker two and marker three generated a ω score of 0.4888. These scores show the
markers were as far apart from each other in respect to their final ranks as they were from
the target rank of the Oracle and, in the case of marker two and three, more so at 0.4888.
This suggests that variation is a result of noise, as opposed to bias, in the process.

Table 5.2: The ω results of the final ranks created by the three markers when compared against
each other for absolute marking. We can see that these compared to each other are not as close
compared to the ω results from the Oracle’s rank in Table 5.1, but we can see that marker one
compared to marker two and marker one compared to marker three were the most similar with
marker two and three being the furthest away.

Marker Competitor ω Score
1 2 0.4
1 3 0.4
2 3 0.4888

Performing BCJ, marker one completed 49 comparisons in one hour and seven
minutes. Their ω scorewas 0.1556 (see Table 5.3), whilemarker two took two hours to com-
plete their comparisons and completed a total of 46 with a ω score of 0.1778 and marker
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three took one hour and twenty-two minutes and done a total of 50 comparisons and had
a ω score of 0.1778.

All markers produced a better ω score with BCJ considering the Oracle’s target rank.
When comparing these scores to those from absolute marking methods, it becomes evid-
ent that the traditional approach was inconsistent. The marks awarded using absolute
marking were highly subjective and varied significantly from one marker to another.

Table 5.3: This summarises the performance of markers during the BCJ process. It also includes
key metrics such as the total time spent by each marker, the number of pairwise comparisons
conducted, the resulting rank assigned based on their contributions, and the corresponding ω
scores.

Marker Time No. of Comparisons ω Score
1 1:07:00 49 0.1556
2 2:00:00 46 0.1778
3 1:22:00 50 0.1778
Combined 0.02

When we compare the markers against each other (see Table 5.4), marker one and two
generated a ω score of 0.3333, in contrast, marker one against marker three generated a
ω score of 0.2889, marker two and marker three generated a ω score of 0.2667, these res-
ults show that the markers become more aligned with each other compared to absolute
marking.

While the markers are showing that they are more aligned with the Oracle’s ranking
when it comes to BCJ, interestingly, when comparing their generated final ranks, they
are further away from each other regarding ω scores than they are compared to the Or-
acle’s mark.
Table 5.4: The ω results of the final ranks created by the three markers when compared against
each other for BCJ. We can see that these are not as close compared to each other as the ω results
compared to the Oracle’s rank in Table 5.3, but we can see that marker two and three were the
most similar, with marker one and three the next closest.

Marker Competitor ω Score
1 2 0.3333
1 3 0.2889
2 3 0.2667

With MBCJ, marker one completed 37 comparisons in two hours. Their ω score was
0.1333 (see Table 5.5), while marker two took one hour and forty-nine minutes to com-
plete their comparisons and did a total of 57 with a ω score of 0.1556 and marker three
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took one hour and twenty-two minutes and done a total of 53 comparisons and had a
ω score of 0.2886.

These results show that all markers were more closely aligned with the Oracle’s target
rankswhen usingMBCJ, compared to both traditional and BCJmarkingmethods—except
for Marker Three. Although Marker Three exhibited a 62.3% increase in the ω score with
MBCJ compared to BCJ, this still represented a 27.9% decrease relative to the traditional
method. In contrast, Marker One demonstrated improvements of 14.3% and 62.5% over
BCJ and traditional methods, respectively. Similarly, Marker Two showed gains of 12.5%
and 56.2%. These are clearly consistent and substantial improvements.

Table 5.5: This summarises the performance of markers during the MBCJ process. It also includes
key metrics such as the total time spent by each marker, the number of pairwise comparisons
conducted, the resulting rank assigned based on their contributions, and the corresponding ω
scores.

Marker Time No. of Comparisons ω Score
1 2:00:00 37 0.1333
2 1:49:00 57 0.1556
3 1:22:00 53 0.2886
Combined 0.2

Overall, we can see that the results from the absolute marking approach reveal notice-
able differences in both the time taken and the consistency of rank ordering among the
markers. Marker one took the longest to complete the task, spending two hours and 17
minutes, and obtained a ω score of 0.3556, indicating a moderate level of alignment with
the Oracle’s ranking. In contrast, markers two and three completed their marking more
quickly (one hour, twenty-six minutes, and one hour and fifty-four minutes, respectively)
and achieved a slightly higher ω score of 0.4. This suggests a marginally better agreement
with the target rank compared to marker one, despite the variation in time spent. The
comparative analysis betweenmarkers shows that marker two andmarker three were the

Table 5.6: The ω results of the final ranks created by the three markers when compared against
each other for multi-criteria BCJ.

Marker Competitor ω Score
1 2 0.1111
1 3 0.2444
2 3 0.1778
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least aligned with each other, yielding a ω score of 0.4888, highlighting greater inconsist-
ency in rank ordering.

These findings indicate that absolute marking yielded the highest variability both in
terms of time spent and rank consistency. In contrast, BCJ and MBCJ improved con-
sistency across markers and alignment with the Oracle’s ranking. MBCJ demonstrated
the best overall performance, although individual differences among markers remained
evident. This suggests that CJ methods, particularly MBCJ, could offer a more reliable
alternative to traditional absolute marking by reducing subjective variability.

5.3.2 Questionnaire Results and Analysis

Marker one rated absolute marking as moderately easy to use (three), noting that well-
defined criteria made it manageable but still cognitively demanding. Transparency was
also rated a three, as the feedback process was clear at an individual level but lacked com-
parability between students. Theywere less confident in the accuracy of theirmarks (two),
recognising the potential for inconsistency due to subjectivity and fatigue over time. They
approached marking by evaluating each LO separately, weighting them accordingly, but
did not particularly enjoy the process. A structured template for students was suggested
as an improvement to streamline marking.

BCJ was found to be more difficult than absolute marking, with them rating ease of
use as two. They struggled with the holistic nature of the comparisons, as they typically
assessedwork LOby LO rather than as awhole. Transparencywas also rated low (two), as
the process lacked clear justifications for the rankings beyond the final distribution. Their
confidence in the rankings was rated a three, as comparative ranking helped highlight
relative quality but increased subjectivity. They found BCJ more cognitively demanding,
especially early on, and would not recommend it over absolute marking.

MBCJ was rated higher in ease of use (four), as LO-delineated comparisons aligned
better with their marking approach. They found it significantly more transparent (four),
appreciating the radar plot that visualised individual strengths and weaknesses. Their
confidence in the rankings was also rated four, as the structured approach reduced sub-
jectivity. Although initially cognitively demanding, they found it became easier over time
whilemaintaining objectivity. They suggested adding an “unsure” option for caseswhere
two submissions were indistinguishable.

110



5.3. Results and Discussion

Marker one preferredMBCJ over other methods, as it aligned with how they assessed
student work and provided clearer comparative insights. While absolute marking was
familiar and felt “safe”, they believed MBCJ had the potential to improve consistency,
particularly when multiple markers were involved. They were at their most confident in
MBCJ’s rankings, as its structured approach reduced inconsistencies in subjective judge-
ment. However, they noted that absolute marking still offered more direct feedback to
students, which they felt could be integrated into MBCJ in the future.

Marker two found that absolutemarkingwas the easiest andmost transparentmethod,
rating both aspects a five. They appreciated the structured nature of the process, which al-
lowed for clear criteria-based assessment. They noted that providing feedback enhances
transparency butmentioned that an evenmore detailedmark schemewould be beneficial.
However, they were somewhat uncertain about the accuracy of their marks, rating that
between three and four. They expressed a preference for structured marking but acknow-
ledged that issues such as inconsistent student presentation could impact the experience.

For BCJ, the participant rated its ease of use a four, citing challenges in comparing
papers of similar quality without standard criteria. Initially, they found the method to be
exhausting, particularly since it was the first they attempted. Transparency was rated
between four and five, as they appreciated the probability distributions but felt it re-
mained somewhat “black boxy.” They were fairly confident in the ranking results, but
noted that their lack of understanding of the underlying algorithm reduced their confid-
ence slightly. They preferred marking individual sections explicitly rather than making
holistic judgements.

Regarding MBCJ, marker two found it significantly easier than BCJ, rating it a five for
ease of use. They appreciated the ability to comparework across LOs, whichmade itmore
transparent than BCJ. Confidence in the rankings was also rated highly, as they could see
how individual components contributed to overall scores. However, they pointed out
that the method lacked explicit feedback, which they viewed as essential for student im-
provement.

When asked about their preferred method, they acknowledged that MBCJ was more
efficient but favoured absolute marking due to its transparency and ability to provide
feedback. They believed BCJ and MBCJ were useful but would work best alongside ab-
solute marking rather than replacing it. Ultimately, they had the most confidence in the
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rankings generated by absolute marking, as it provided clear, section-by-section scores
rather than relative comparisons between students.

Marker three found absolute marking to be the most transparent but also the most
time-intensive and mentally demanding. They rated its ease of use as a two, citing the
need to apply specific criteria, distinguish between similar scores, and provide feedback.
However, they rated transparency as a five, as absolute marking clearly breaks down the
reasoning behind each score, though they acknowledged that consistency among mark-
ers is crucial. They felt the process was somewhat accurate (three to four) but prone to
variability based on themarker’s mood or level of fatigue. While they found the approach
familiar and structured, they did not enjoy it due to its time-consuming nature and the
need to create extensive comments for student feedback.

For BCJ, the participant found it significantly easier, rating it a four or five. They ap-
preciated the simplicity of pairwise comparisons, particularly when differences between
submissions were clear. However, they found transparency lacking (two to three), as it
was difficult to pinpoint why a particular ranking emerged, especially over time. While
seeing the rank distributions helped somewhat, they felt it would not provide enough ac-
tionable feedback for students. They were fairly confident (four) in the final rankings, as
they alignedwith their expectations, though they recognised that inconsistencies inmark-
ing could influence results. Compared to absolutemarking, they found BCJ generally less
mentally taxing, except when comparing closely matched submissions.

Regarding MBCJ, the participant found it more balanced, rating ease of use between
three and four. They liked its ability to break down performance across multiple LOs,
which made transparency stronger (rated four). They felt this approach provided clearer
insights into strengths and weaknesses across criteria. Confidence in the rankings was
also high (four), as the method captured differences in individual components while
maintaining overall consistency. However, they noted that minor variations, such as dif-
ferences in referencing, could lead to occasional inconsistencies.

When asked about preferences, the participant found BCJ to be the most straightfor-
ward but preferredMBCJ for its ability to highlight strengths and weaknesses across LOs.
They believed MBCJ was a strong alternative to absolute marking, especially when mul-
tiple markers were involved, as it could help moderate inconsistencies. Ultimately, they
had the most confidence in either absolute marking or MBCJ, with absolute marking be-
ing the safer, more familiar option but MBCJ offering potential advantages in efficiency
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and fairness. They suggested adding a flagging system to indicate particularly difficult
comparisons or clear differences to refine the process further.

When looking at all the markers’ responses from the questionnaire, we found that
absolute marking was associated with high levels of trust and transparency. However,
MBCJ was perceived as offering greater transparency than BCJ, primarily because mark-
ingwas conducted according to each LO. This allowedmarkers to clearly understand how
judgements were made at a granular level, reinforcing their confidence in the method.

MBCJ was generally preferred over BCJ, as markers felt it provided greater insight
into the decision-making process. The structure of MBCJ aligned more closely with their
usual marking practices, making it a more intuitive approach compared to BCJ. In con-
trast, BCJwas sometimes perceived as cognitively demanding, particularlywhenmarkers
encountered two responses they judged to be of equal quality but lacked the ability to flag
them as such. This forced them to engage in deeper reflection to make a final decision.
Despite this, BCJ was still considered significantly less demanding than absolute mark-
ing and only marginally less so than MBCJ. Importantly, the slight increase in cognitive
effort required for MBCJ was seen as a worthwhile trade-off, given its perceived transpar-
ency. Nevertheless, absolute marking remained the method in which markers placed the
greatest trust, particularly regarding final marks and rankings.

Both absolute marking andMBCJ were deemedmore transparent than BCJ due to the
ability to see how marks were assigned to individual LOs. Markers noted that if absolute
marking required only an overall score rather than LO-based marking, its transparency
would decrease, making the BCJ approach comparatively more acceptable. This high-
lights the significance of explicit marking criteria in fostering perceptions of fairness and
clarity.

Markers also acknowledged that the comparative nature of BCJ and MBCJ helped
mitigate potential biases. In absolute marking, there is a risk that a marker may be overly
harsh or lenient in their initial assessments before adjusting their expectations after en-
countering more responses. The CJ methods counteracted this by requiring markers to
make direct comparisons between two pieces of work at a time, thereby reducing incon-
sistencies arising from fluctuating standards over the marking process.

Across all three interviews, participants generally found absolute marking to be the
most transparent but also the most time-consuming and cognitively demanding. While
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they rated its transparency highly, due to the structured nature of criteria-based as-
sessment, they were less confident in its accuracy, citing concerns about subjectivity,
inconsistency, and fatigue over time. They appreciated the ability to provide direct feed-
back to students but found the process mentally exhausting. Suggested improvements
included providing students with structured templates to make marking more efficient
and reduce ambiguity.

BCJ was perceived as easier in some respects but introduced new challenges. While
some found it straightforward when comparing submissions with clear quality differ-
ences, others struggled with its holistic nature, as it did not align with their typical
LO-based marking approach. Transparency was rated lower than absolute marking, as
the ranking process felt more like a “black box” with limited justification for individual
scores. Confidence in rankings varied, with some finding them reasonable but others
feeling that the method increased subjectivity. Participants also found BCJ more men-
tally demanding than expected, especiallywhen comparing closely-matched submissions.
One participant suggested incorporating an “unsure” option for cases where no clear dis-
tinction could be made between two pieces of work.

MBCJ was consistently preferred over standard BCJ and, in some cases, over absolute
marking. Participants found it more transparent and easier to use than BCJ, as breaking
down comparisons by LO aligned better with their marking approach. They appreciated
the radar plot visualisation, which provided clear insights into students’ strengths and
weaknesses. Confidence in the rankings was higher than in BCJ, as participants felt that
evaluating individual components led to more reliable outcomes. While still cognitively
demanding, MBCJ was seen as fairer and more structured. However, they noted that it
lacked direct feedback, which they considered essential for students’ learning.

Overall, participants preferred MBCJ for ranking work, as it provided more struc-
tured comparisons and reduced subjectivity, but absolute marking remained valued for
its transparency and feedback. The key takeaway was that MBCJ had strong potential as
an alternative assessment method, particularly if mechanisms for providing direct feed-
back were integrated. Participants also suggested enhancements such as flagging close
comparisons, incorporating an “unsure” option, and using multiple markers to improve
consistency.
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5.3.3 Workshop Results and Analysis

The three makers who took part in the experiment came together to discuss as a group
about their experiencewhile undertaking themarking. At the start of theworkshop,when
the participants were asked if they felt that the distribution of the samples was evenly
distributed between the three sub-samples. To which they all agreed they were.

The workshop began with a recap of the three marking methods: absolute marking,
BCJ, andMBCJ. Participantswere invited to reflect on their initial assumptions about these
methods before reviewing their marking outcomes. Most expected absolute marking to
be the most transparent, given its structured, criteria-based approach and the ability to
provide direct feedback to students. However, some had concerns about subjectivity and
inconsistency, particularly when marking large cohorts. BCJ and MBCJ were seen as less
familiar, and there was some scepticism about their fairness and accuracy compared to
traditional methods.

The discussion then shifted to participants’ experiences with the three marking meth-
ods, and their views were consistent with the individual perspectives outlined in the
previous section.

After reviewing the ranking outcomes for each method, participants were surprised
by the results. absolute marking had the highest level of inconsistency, with ω scores
revealing significant variation between markers. In contrast, BCJ and MBCJ produced
rankings that were more consistent and closer to the target rankings. While some had
initially believed that absolute marking would be the most accurate, the results suggested
otherwise. The relative consistency of BCJ and MBCJ rankings challenged assumptions
about the reliability of conventional assessment methods.

The discussion then turned to trust and transparency. Initially, absolute marking was
considered the most transparent because it provided explicit scores and justification for
each mark. However, after seeing the ranking results, participants questioned whether
transparency alone was enough if the method produced inconsistent outcomes. While
BCJ and MBCJ lacked direct feedback, they were more reliable in producing fair rank-
ings, which some participants argued could enhance trust in the system. A key challenge
remained: how to integrate meaningful feedback into CJ methods.

One of themajor concernswas that BCJ andMBCJ, despite their improved consistency,
did not provide students with detailed feedback on how to improve. Some participants
suggested that automated feedback tools could be developed to provide comments based
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on ranking decisions. Others proposed a hybrid approach, where BCJ or MBCJ could be
used for initial ranking, followed by targeted absolute marking for feedback. This could
reduce marking burden while maintaining transparency and student guidance.

Participants also reflected on how marking scales over larger cohorts. absolute mark-
ing was seen as impractical for large groups, as it required significant time and effort to
maintain consistency across multiple markers. They discussed how CJ could help mit-
igate marker bias and inconsistency, particularly if multiple assessors were involved in
ranking submissions. MBCJ was seen as particularly useful for moderation purposes, as
it allowed different markers to contribute to a more reliable overall ranking. It was per-
ceived that both BCJ and MBCJ would be most effective if it was that multiple markers
were working on a larger pool of assessments together. Believing that and inconsistencies
would then be corrected by the BCJ system’s ranking abilities. Which is an interesting
point as in usual CJ implementations, this is how CJ is usually carried out, as it can be
down with one or multiple markers contributing together [244]. However, this approach
was not implemented in this study.

By the end of the workshop, participants had significantly revised their views. Ini-
tially, most had assumed that absolute marking was the most trustworthy and accurate
method, but the ranking results demonstrated that MBCJ was more consistent and less
prone to bias. While BCJ was still viewed as somewhat subjective, MBCJ’s structured,
multi-criteria comparisons made it a strong alternative to absolute marking. The main
limitation remained the lack of direct feedback, which participants felt must be addressed
before it could fully replace conventional methods.

The workshop concluded with a discussion on future improvements. Participants
suggested that flagging difficult comparisons, incorporating an “unsure” option, and in-
tegrating structured feedback tools couldmakeCJmore effective. They agreed that, while
absolute marking may remain necessary for providing feedback, MBCJ offered a more
scalable, fair, and reliable method for ranking student work. The key takeaway was that
MBCJ had the potential to replace absolute marking in many contexts, provided feedback
mechanisms were developed.

5.3.4 Expert Interviews Results and Discussions

Three experts who research the CJ approach within assessment were interviewed for this
section. Two of the experts interviewedworkwithin government educational institutions,
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with one having previously worked for a UK exam awarding body while researching and
implementing CJ, the third was an academic who researches CJ while also implementing
it within their teaching practice. The experts were asked questions, in one-to-one semi-
structured interviews (see Appendix C).

Expert One (E1) discussed their current use of CJ, primarily for setting grade bound-
aries rather than direct marking. They noted that CJ is valuable for maintaining
transparency and consistency because it focuses expert judgements on comparative qual-
ity rather than absolute scores. However, they expressed caution about fully replacing
absolute marking, as CJ’s holistic nature introduces new biases, such as influences from
handwriting or skipped questions, which do not affect absolute marking. Their organisa-
tion uses in-house tools for CJ experiments, allowing precise control over the exposure
of the person doing the marking to submissions. They also employ rank-ordering for
efficiency, though it sacrifices some intuitive usability.

Expert Two (E2) actively incorporates CJ into both research and teaching, with these
applications sometimes overlapping. Their research focuses on CJ’s use in mathematics
education, particularly to evaluate problem solving and conceptual understanding. Intro-
duced to CJ in 2009, they have since expanded their work to comparing exam standards
and exploring its use in Philosophy, English Literature, and Psychology. In teaching,
they have used CJ for peer-assessment, particularly with undergraduate and foundation
mathematics students, and their early research in 2014 investigated its use in calculus peer
assessment. They noted that CJ is engaging and practical for peer assessment, reducing
the need to recruit external judges.

Expert Three (E3) provided a detailed account of their experience with CJ, highlighting
its evolution and key challenges. While they no longer use CJ extensively in their cur-
rent role, their early work focused on standard maintenance rather than using CJ as an
alternative to absolute marking. Their initial experiences involved manually comparing
physical scripts to link standards between different exams, such as A-level Maths syllabi
from different decades. This process was slow and logistically complex, prompting them
to explore ranking multiple items instead of making only pairwise comparisons. How-
ever, they noted that analysis still required converting rankings back into pairs, which
could sometimes create a misleading impression of reliability.
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5.3.4.1 Transparency and Reliability of CJ

Across the three interviews, there was broad agreement that CJ offers strong reliability,
though the reasons behind this and its limitations were interpreted differently. Both E1
and E2 emphasised that CJ’s reliability arises not simply from its comparative format
but from the accumulation of multiple judgements, which helps to minimise individual
subjectivity. However, E1 was cautious about overstating CJ’s advantages, arguing that
when multiple assessors are involved, in absolute marking, its reliability is comparable.
Similarly, E2 noted that while some judges (students in particular) have slightly lower re-
liability, this can be effectively offset by increasing the number of judgements made. E3’s
reflections were more critical. While acknowledging CJ’s strengths, they were concerned
about the use of adaptivemodels, where not all scripts are judged against a common set of
comparisons. This, along with potential issues such as expert bias and inadequate atten-
tion to differences in test difficulty, was seen as a potential threat to the overall fairness
and reliability of the process.

On the question of transparency, views diverged strongly. In discussing transparency
challenges, E1 pointed out that the holistic nature of the CJ inherently reduces transpar-
ency because judges make comparative decisions without justifying their reasoning. E2
saw CJ as neither more nor less transparent than traditional assessments, though they
recognised that the lack of detailed mark breakdowns, such as those found in rubric-
based systems, can lead to perceptions of opacity. However, they suggested that when
CJ is carefully embedded into the learning process, students generally accept it without
issue. In contrast, E3 described CJ as often functioning like a “black box”, particularly in
how relative judgements are translated into final scores. They stressed the importance
of clear communication and narrative-building to support the credibility of CJ outcomes,
especially for wider audiences unfamiliar with the method. E1 also noted transparency
concerns from educators who worry about inconsistent application of criteria between
judges. They questioned the value of CJ in contexts where only a single judge is involved,
suggesting that such use undermines both reliability and perceived fairness.

5.3.4.2 Initial Views on BCJ and MBCJ

All three experts acknowledged that BCJ builds on standard CJ through a more soph-
isticated statistical model, but there was also consensus it does not, inherently, improve
transparency. Both E1 and E2 independently noted that the Bayesian nature of BCJ is
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largely inaccessible to most users, particularly when they are unaware of how rankings
are estimated or how the model handles uncertainty. E1 argued that BCJ remains as
opaque as other statistical methods in CJ, and saw little transparency gain unless users
are trained in or informed about the algorithmic processes involved. E2 held a similar
view, predicting that BCJ would still be perceived as opaque, particularly due to the ab-
sence of explicit marking criteria and a clear audit trail.

E1 also raised an ethical dimension, warning that the use of priors in BCJ could in-
troduce bias in high-stakes settings, though they were more accepting of their use in
formative assessments, where fairness is less critical and efficiencymore important. Their
overall conclusion was that BCJ does not enhance transparency or decrease it but does of-
fer a more refined estimation process, which could have practical value depending on
the context.

E3 showed interest in BCJ’s methodological potential but posed technical questions
about how distributions and prior knowledge are modelled over time. While not outright
critical, their reflections implied uncertainty about how understandable or explainable
BCJ outputswould bewithout substantial training. They highlighted thatwhile the visual
outputs of BCJ might aid interpretation, their full value depends on the user’s ability to
grasp the underlying logic. Like the others, E3 flagged scalability concerns, questioning
the feasibility of BCJ in large-scale assessment contexts like national exams, despite re-
cognising its success in small-scale university settings.

All three experts viewedMBCJ as a promising development, particularly in relation to
transparency and alignment with established educational practices. E1, E2, and E3 each
highlighted how breaking down judgements by LO makes the process feel more familiar
and intuitive to educators. This multi-criteria structure was seen as a strength, enabling
judges to evaluate distinct dimensions of quality, such as structure, argumentation, or
engagement, more explicitly than in standard CJ or BCJ. E1 and E3 both praisedMBCJ for
enhancing transparency, with E1 stating that the clearer structure reduces holistic sub-
jectivity and makes it easier for judges to articulate their reasoning. E3 similarly noted
that MBCJ more closely mirrors traditional assessment logic, where individual attributes
of a submission are considered independently. E2 agreed that MBCJ could make the
decision-making process more transparent, but they remained unsure whether it fully
addresses the lack of an audit trail.
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In terms of usability andmarker experience, E1 referencedmarkers’ feedback showing
that MBCJ was preferred over BCJ due to reduced marking burden and clearer decision-
making, particularly when assessing close calls. The model was seen as easier to use
and more natural for those accustomed to rubric-based marking. E2 shared enthusiasm
for MBCJ’s potential in structured exam settings, echoing E1’s view that its design bet-
ter supports educational assessment. E3 also saw value in its potential to mitigate snap
judgements by encouraging assessors to consider each criterion in turn.

However, E2 expressed reservations about interdependencies between criteria, ar-
guing that for research purposes, it’s preferable to maintain independence across
dimensions. They emphasised the importance of context-sensitive assessment, suggest-
ing that MBCJ should be considered as one tool among several, rather than a universal
solution. E3 raised concerns about scalability, questioning how MBCJ would function in
large-scale assessment environments like national exams. They noted thatwhile visualisa-
tions produced by MBCJ were useful, significant training would be needed for assessors
and stakeholders to fully understand and trust the outputs.

In comparison to CJ and BCJ, all three experts agreed that MBCJ retains the core
advantages of reliability and efficiency but adds improved transparency and greater align-
ment with traditional practice. E1 viewed this as a way to build trust with educators,
especially if MBCJ’s outputs can be paired with familiar statistical metrics. E2 and E3
both saw it as a step forward in design, even if implementation at scale and full transpar-
ency remain unresolved challenges.

5.3.4.3 Future Directions

A key theme was the shift in perception after reviewing BCJ and MBCJ results. Initially,
absolute marking was preferred for its perceived transparency, while BCJ was seen as
reliable but opaque. However, MBCJ emerged as the preferred approach, maintaining
high reliability while reducing cognitive strain and providing clearer decision-making
structures. Experts noted that this change in preference underscored the importance of us-
ability and training in the success of new assessment models. Across the three interviews,
there was a shared view that MBCJ offers a strong foundation for future development, es-
pecially in educational contexts, but that several challenges must be addressed for it to be
widely adopted and effectively implemented. There was consensus that MBCJ is particu-
larly well suited to educational contexts, though its role in research was more contested.
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However, all three experts identified feedback and usability as priority areas for fur-
ther work. E1 and E3 both emphasised the need to improve feedback mechanisms within
CJ frameworks. E1 saw detailed, criterion-level feedback as a natural extension of MBCJ,
aligning with its multidimensional structure, while E3 flagged the challenge of providing
meaningful feedbackmore broadly in CJ-basedmodels. E1 suggested anywidespread ad-
option of MBCJ will require clearer visualisations, training, and integration with existing
assessment infrastructures.

Tool development and standardisation was a shared concern. E1 advocated for the
creation of open-source tools to reduce fragmentation across CJ implementations. They
argued that aligning MBCJ metrics with established CJ reliability statistics would not
improve uptake or make it easier to compare outcomes with traditional methods. E3 ex-
pressed similar interest in accessible resources and documentation, requesting access to
research papers and calling for better support for practitioners engaging with the models.

In terms of scalability and generalisability, E3 looked ahead to the use of BCJ and
MBCJ in large-scale assessments such as national exams, identifying this as a critical test
for the methods. E2 found MBCJ promising for structured exam marking, but had reser-
vations about using it for research, due to potential interdependencies between criteria.
They advocated for a flexible, pluralistic approach, where CJ, BCJ, and MBCJ are seen
as complementary tools, each suited to different contexts and purposes, rather than as a
single preferred standard. E3 called for more research into how judges process informa-
tion and make decisions within these systems, especially when applied at scale.

A key theme was the shift in perception after reviewing BCJ and MBCJ results. Ini-
tially, absolute marking was preferred for its perceived transparency, while BCJ was seen
as reliable but opaque. However, MBCJ emerged as the preferred approach, maintaining
high reliability while reducing cognitive strain and providing clearer decision-making
structures. Experts noted that this change in preference underscored the importance of
usability and training in the success of new assessment models.

5.3.5 BCJ Transparency in the Assessment Procedure

Initially, absolute marking was perceived as the most transparent because it provided
a structured, criteria-based approach with explicit marks and feedback by the mark-
ers. The markers felt that transparency came from clearly defined assessment rubrics,
where each score was justified based on LOs. However, they also acknowledged that
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absolute marking relied heavily on the individual marker’s judgement, which could in-
troduce inconsistencies between assessors. Some participants noted that transparency
was undermined by subjectivity, as different markers might interpret criteria differently,
particularly in open-ended or qualitative assessments.

BCJ was widely seen as less transparent than absolute marking, as it lacked expli-
cit justifications for ranking decisions. Participants found it difficult to determine why
one submission was ranked higher than another, as the process was holistic and compar-
ative rather than criteria-based. The ranking system felt somewhat like a “black box”,
where the final order of submissions emerged without a clear rationale for individual
placements (see Figure 5.3), apart from the transparency that the systems produce in dis-
playing the ranking probabilities. This lack of insight made some participants feel less
confident in the fairness of BCJ, even though the method produced more consistent rank-
ings than absolute marking.

MBCJ, however, was seen as a step towards greater transparency (see Figures 5.5
and 5.6). Since it broke down comparisons across multiple LOs, participants felt that
the ranking process was more structured and aligned with how they naturally assessed
student work. Unlike BCJ, MBCJ provided clearer insights into why one submission was
stronger in specific areas, which made it easier to justify ranking decisions. While MBCJ
did not provide direct explanations for individual scores, its structured nature reduced
the perception of randomness in the process, making it feel more transparent than BCJ.

A major issue discussed was the role of feedback in transparency. Traditional mark-
ing was still preferred in terms of transparency because it allowed markers to explicitly
communicate reasoning to students. In contrast, BCJ and MBCJ, despite being more con-
sistent in ranking, did not naturally provide detailed feedback on areas for improvement.
Participants felt that without feedback, transparency was limited, as students would not
fully understandwhy they received a particular ranking or how they could improve. This
was seen as a critical barrier to adopting CJ methods in student assessments.

Participants agreed that transparency must be balanced with reliability and fairness.
While traditional marking was still valued for clear justification and student feedback, its
inconsistencies reduced trust in the process. BCJ was viewed as too opaque for individual
assessments, but MBCJ provided a reasonable compromise by offering structured rank-
ings across criteria. The consensus was that MBCJ had the potential to be a transparent
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Figure 5.7: This shows the transparency in the decisions beingmade. The closer the distribution is
to 0.5 (the black line), themore uncertain themarkers are, meaning that half went oneway and the
other half went the other way. The red dotted line represents the mode β value from the decisions
made, while the blue line shows the probability density function of the β distribution.

and fair alternative to traditional marking, but only if mechanisms for providing student
feedback were integrated into the process.

Gray et al. [240] proposed new metrics to measure agreements between the markers,
namely, the mode agreement percentage (MAP) and the expected agreement percentage
(EAP). If the MAP (or EAP) is equal or greater than 0.5, then that means the markers
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are mostly in agreement and that their decisions are outside of the 25th − 75th quartile
range that represents the band within which there is a high level of disagreement on
showing a preference for one item over the other. This is what we would expect if all
markers agree that one item is better than another, as displayed in Figure 5.7, where i = 0

and j = 5 with a MAP of 100% and an EAP of 62.5%. It should be noted that A score
of 1 (or 100%) represents perfect agreement between the markers. While any value less
than 0.5 indicates that the judgements are within the 25th − 75th quartile range, repres-
enting disagreements. For instance, in Figure 5.7, where i = 0 and j = 6, disagreements
between the markers are evident, with a slight overall preference towards the item iwith
low agreement scores of an MAP of 33.3% and an EAP of 37.5%. We can additionally
create a heatmap that produces these scores (see Figure 5.8) to visually identify the pairs
that are dividing the crowd.

Expert two,when shown these outputs (Figures 5.7 and 5.8), found the insights inform-
ative and suggested that thesemetrics could be a good alternative tomeasuring reliability
compared to the current approach of Scale Separation Reliability (SSR).

In order to make the process not only transparent for the assessors but also for the
students, we propose that students be granted access to key outputs of the BCJ andMBCJ
models, including their positionwithin the final ranking and their associated decision dis-
tributions. By making visible the ranking distributions associated with each judgement
and showing how their work compared to others across specific learning outcomes, stu-
dents can gain a more meaningful understanding of how decisions were reached. This
opens up new possibilities for transparency that go beyond fixed rubrics, allowing stu-
dents to engage with both the outcome and the process of assessment.

Additionally, we recognise thatMBCJ could be integratedwithmore feedback-rich ap-
proaches, such as annotated exemplars or structured narrative comments, which would
further support student understanding and actionability. Future work should explore
how these combined approaches might improve student trust, clarity, and engagement
with assessment.

Beyond its practical utility, the use of MBCJ invites a rethinking of what transparency
in assessment means. Traditional notions of transparency often rely on fixed rubrics and
criteria that are assumed to provide clarity and fairness. However, MBCJ challenges this
by showing that transparency can also emerge from the structure of decision-making itself
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Figure 5.8: This shows an example of the EAP andMAPoutputs. These heatmaps can be produced
for all LOs for the MBCJ and holistically for the BCJ approach. Any value ≥ 50 indicates that the
agreement is outside the 25th and 75th percentile ranges.
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through traceable judgement pathways, quantifiable uncertainty, and explicit represent-
ations of disagreement. This shifts the focus from merely showing what was assessed
to how and why certain rankings emerge, foregrounding the epistemic processes behind
evaluation. It prompts us to question whether transparency should be rooted in visibility
of criteria alone, or in the interpretability of human judgement within complex domains.

Theoretically, MBCJ reinforces the idea that assessment is not only a technical process
but also a form of knowledge construction, for both the assessor and the student. By
modelling judgement as probabilistic anddata-driven, it disrupts assumptions that expert
consensus is static or inherently valid. Instead, it opens space for acknowledging assessor
subjectivity and embracing uncertainty as an integral and transparent component of fair
assessment practice.

BCJ and MBCJ also speak directly to national concerns around assurance and legitim-
acy in marking practices. As [242] note, moderation in HE often functions as a ritualised
process to satisfy regulatory optics rather than genuinely support standards. The system-
atic audit trails and uncertainty metrics embedded in BCJ/MBCJ offer a more substantive
basis for moderation and review, aligning with contemporary policy demands for trans-
parency while preserving professional discretion.

5.3.6 Implementing BCJ

While the web apps used within this experiment are open-sourced and available on Git-
Hub (see Section E and F for links), the documentation has been provided to make the
process as seamless as possible. However, at the point of writing, there are elements
of the web app that the users will have to adapt to use for themselves manually. These
changes are explained within the GitHub repository’s README file. However, while no
great deal of coding knowledge is required, having coding experience will undoubtedly
help with the process.

In considering broader applicability, it is important to acknowledge several assump-
tions and contextual differences that may influence implementation across educational
sectors. For example, assessment literacy among staff may vary significantly between
primary, secondary, and HE settings, potentially affecting how CJ is understood and
adopted. Institutional moderation practices also differ, with schools often operating un-
der stricter external frameworks. Furthermore, student anonymity is a critical concern,
particularly in school-based environments. While the BCJ/MBCJ system is a research
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prototype, it is being actively developed with usability in mind. Although it has ele-
ments of ‘pick-up-and-play’ functionality, some familiarity with open-source software
is beneficial. To support secure deployment, institutions would ideally host the web apps
locally, enabling full control over data storage and ensuring student anonymity. Collabor-
ationwith IT departments to provide the necessary infrastructurewill be key to successful
implementation, especially in contexts where safeguarding and data governance are para-
mount.

Additionally, for large sample sizes, the ranking process can be resource-heavy. There-
fore, depending on the specifications of themachines being used, the ranking process can
take some time. Still, the process for both standard andMBCJ for comparing and deciding
on the next pair to present to the assessor is relatively quick.

Considering the core elements of BCJ and MBCJ – pair selection, winner determina-
tion, and rank generation (as shown in Figure 2.3) – the pair selection and rank generation
steps are performed computationally. When scaling the method to a large number of
items, even with limited computational resources, pair selection remains efficient. For
example, on a standard desktop machine, selecting the next pair to present to the as-
sessor (based on maximum uncertainty) takes less than 10 milliseconds with 300 items:
an amount that could represent a large undergraduate cohort. To put this into context,
this is significantly faster than the recommended latency for interactive systems, which
is around 100 milliseconds [245].

If it is necessary to generate ranks after each comparison, a straightforward Monte
Carlo (MC) version of the probabilistic computation for BCJ [223] can be used. In this case,
with 300 items, the same machine can generate ranks within approximately 20 seconds.
For MBCJ [240], this scales linearly with the number of criteria. While this may be too
long for real-time interaction – given that acceptable response times for web applications
are typically reported to be between 10 and 15 seconds [245] – user experience is highly
context-dependent. Further user studies are needed to determine what constitutes a reas-
onable latency for BCJ and MBCJ in practice.

That said, more efficient computational alternatives to standard MC exist. The
simplest among them is quasi-Monte Carlo (QMC), which can improve performance by
up to an order of magnitude without significant loss of accuracy [246]. Future work
will explore faster numerical approaches to bring computation times to acceptable levels,
alongside user studies to establish reasonable response time expectations in this context.
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Additionally, while this study was conducted within a UK HE context, the found-
ational principles of CJ and BCJ, such as reducing subjectivity, improving transparency,
and enhancing consistency, are relevant across all educational levels. It is important to ac-
knowledge that the complexity of studentwork increaseswith educational level, meaning
that CJ at primary level may be quicker to perform than at secondary, further education,
or university level. Nonetheless, the core issues such as workload, assessment fairness,
and moderation—remain consistent across sectors. The focus on secondary education in
this chapter reflects the greater availability of statistical data in that context, but the im-
plications of BCJ and MBCJ are potentially transferable to other levels. Future research
should explore how these methods perform in school-based settings, particularly in rela-
tion to marking cultures, marking burden, and institutional moderation practices.

5.4 Conclusions

absolute marking is familiar but cognitively demanding and inconsistent. CJ-basedmeth-
ods offer amore structured, consistent, and fairer alternative that reduces subjectivity and
aligns well with educators’ practices. While BCJ enhances transparency for students and
assessors by making ranking distributions visible, MBCJ builds on this by breaking as-
sessments down by LOs, offering greater insight into specific performance areas. MBCJ
requires more cognitive effort due to its multidimensional nature, but our participants
found the added transparency and clarity worthwhile though standard BCJ remains a
viable option for those seeking a simpler approach.

However, both BCJ and MBCJ lack detailed feedback for students and work is needed
to integrate BCJ and MBCJ into large-scale assessments. This includes improving feed-
back mechanisms, supporting interpretability, and exploring how students respond to
transparency and uncertainty metrics. MBCJ’s structure presents opportunities to ad-
dress this by generating criterion-specific feedback, especially through automation.

For institutions or educators considering a pilot of MBCJ, several practical consid-
erations should be addressed. These include establishing infrastructure for pairwise
comparison (e.g. digital platforms), training staff in CJ principles, and integrating feed-
back mechanisms that align with existing assessment policies. Additionally, ensuring
transparency in the selection of comparison pairs and providing students with inter-
pretable outputs—such as radar plots or ranking distributions—can enhance trust and
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engagement. These steps are essential to support successful implementation and scalab-
ility across diverse educational settings.

Overall, structured CJ methods – particularly MBCJ – show strong potential to en-
hance educational assessment by improving transparency, consistency, and workload
efficiency, provided they are supported by further development and research.

The findings from these transparency-focused studies provide strong evidence of the
practical value of BCJ and MBCJ in enhancing fairness, usability, and trust in educa-
tional assessment. Having demonstrated the technical, practical, and perceptual benefits
of these frameworks across multiple studies, the next chapter concludes the thesis by
synthesising these insights and reflecting on their broader implications for transforming
assessment practices.

Chapter 6 also outlines clear directions for future research, bringing together the theor-
etical foundations, technical innovations, and empirical validations explored throughout
this thesis to highlight how BCJ and MBCJ can support a fairer, more transparent, and
efficient assessment landscape in education.
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Chapter 6

Conclusions and Future Work

Marking and assessment play a critical role in education, yet traditionalmethods are often
time-consuming and susceptible to inconsistencies. A significant challenge in assessment
is the difficulty of evaluating absolute quality, which can lead to variability in grading
outcomes. With the emergence of generative AI tools in education, new challenges and
opportunities are arising for assessment practices. CJ has emerged as a promising altern-
ative, addressingmany issues associatedwith traditional marking. Still, it also introduces
its own challenges, particularly in determining optimal comparison counts and maintain-
ing ranking stability.

This research has demonstrated that BCJ offers substantial improvements over stand-
ard CJ methods. The introduction of BCJ mitigates the rank deterioration issue observed
in traditional CJ, as accuracy improves with additional comparisons. Furthermore, the
transparency of assessment processes remains a critical concern. While CJ enhances reli-
ability in some respects, its opacity regarding rank generation can limit its acceptance as a
direct replacement for marking. In response, this study has developed BCJ with transpar-
ency at its core, enabling users to understandhow rankings are derived, allowing for input
into the grade determination process, and providing insight into model predictions. This
increased transparency makes BCJ a more viable alternative for educational assessment.

ExpandinguponBCJ, this studyhas also introduced anMBCJ approach, which further
refines assessment by evaluating student performance across individual learning object-
ives (LOs) while maintaining an overall ranking. This multi-criterion approach retains
the benefits of standard BCJ while providing a more granular and informative assess-
ment of student work. By integrating a weighted ensemble machine learning strategy

131



6. Conclusions and Future Work

with differential entropy pair-picking, MBCJ achieves comparable ranking performance
to single-criterion BCJ while offering greater transparency and deeper insights into stu-
dent strengths and weaknesses.

Despite these advancements, challenges remain in scaling BCJ and MBCJ for broader
educational use. The study has highlighted key considerations, such as the optimal num-
ber of comparisons required for stable rankings and the potential limitations of traditional
accuracy metrics like SSR in evaluating CJ-based models. Additionally, while BCJ and
MBCJ have demonstrated enhanced transparency and fairness, further research is needed
to refine feedbackmechanisms, ensuring that students receive not only their rankings but
also meaningful insights into their performance and areas for improvement.

The findings of this research suggest that while traditional marking remains the most
widely trusted method, it is also highly demanding and prone to inconsistencies. In con-
trast, BCJ and MBCJ provide structured assessment methods that reduce subjectivity,
improve reliability, and align more closely with rubric-based marking practices. Edu-
cators found MBCJ particularly valuable for preserving the depth of feedback typically
associated with rubrics while benefiting from the efficiency of CJ.

Future research will focus on integrating BCJ and MBCJ into real-world educational
settings, exploring their scalability for large-scale assessments, and further developing
feedback mechanisms to enhance student learning outcomes. Additionally, the potential
applications of BCJ in high-stakes assessments and its adaptability to AI-driven educa-
tional tools warrant further investigation. By addressing these considerations, BCJ and
MBCJ can be refined into robust, scalable, and transparent assessmentmethodologies that
improve fairness, reliability, and efficiency in educational evaluation.

Ultimately, this study supports the notion that structured CJ methods, particularly
BCJ and MBCJ, have the potential to transform assessment practices by making them
more transparent, fair, and informative while reducing the marking burden on assessors.
However, further refinements and adaptations will be necessary to facilitate widespread
adoption within classroom settings and beyond.

This thesis has explored the challenges and limitations of traditional assessment
methods in education, particularly their susceptibility to inconsistency and subjectivity.
Marking and assessment play a critical role in education, yet traditionalmethods are often
time-consuming and susceptible to inconsistencies. A significant challenge in assessment
is the difficulty of evaluating absolute quality, which can lead to variability in grading
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outcomes. With the emergence of generative AI tools in education, new challenges and
opportunities are arising for assessment practices. CJ has emerged as a promising altern-
ative, addressingmany issues associatedwith traditional marking. Still, it also introduces
its own challenges, particularly in determining optimal comparison counts and maintain-
ing ranking stability.

CJ has emerged as a promising alternative to conventional marking, addressing some
of these challenges by leveraging paired comparisons to establish rank order. However,
traditional CJ methods encounter issues related to model stability and transparency, par-
ticularly when the number of comparisons grows. This study has demonstrated that
standard CJ methods, particularly those using the BTM, struggle when scaling beyond
a certain threshold, leading to deteriorating rank accuracy. Our findings indicate that
while a recommendedminimum of comparisons is suggested, higher values are required
for improved reliability as the number of comparisons increases.

This research has demonstrated that BCJ offers substantial improvements over stand-
ard CJ methods. The introduction of BCJ mitigates the rank deterioration issue observed
in traditional CJ, as accuracy improves with additional comparisons. Furthermore, the
transparency of assessment processes remains a critical concern. While CJ enhances reli-
ability in some respects, its opacity regarding rank generation can limit its acceptance as a
direct replacement for marking. In response, this study has developed BCJ with transpar-
ency at its core, enabling users to understandhow rankings are derived, allowing for input
into the grade determination process, and providing insight into model predictions. This
increased transparency makes BCJ a more viable alternative for educational assessment.

ExpandinguponBCJ, this studyhas also introduced anMBCJ approach, which further
refines assessment by evaluating student performance across individual LOs while main-
taining an overall ranking. This multi-criterion approach retains the benefits of standard
BCJ while providing a more granular and informative assessment of student work. By
integrating aweighted ensemblemachine learning strategywith differential entropy pair-
picking, MBCJ achieves comparable ranking performance to single-criterion BCJ while
offering greater transparency and deeper insights into student strengths and weaknesses.

Despite these advancements, challenges remain in scaling BCJ and MBCJ for broader
educational use. The study has highlighted key considerations, such as the optimal num-
ber of comparisons required for stable rankings and the potential limitations of traditional
accuracy metrics like SSR in evaluating CJ-based models. Additionally, while BCJ and
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6. Conclusions and Future Work

MBCJ have demonstrated enhanced transparency and fairness, further research is needed
to refine feedbackmechanisms, ensuring that students receive not only their rankings but
also meaningful insights into their performance and areas for improvement.

Through real-world application and empirical evaluation, the research demonstrated
that BCJ and MBCJ improve the reliability, consistency, and transparency of student
ranking compared to traditional marking and standard CJ. The findings of this research
suggest that while traditional marking remains the most widely trusted method, it is
also highly demanding and prone to inconsistencies. In contrast, BCJ and MBCJ provide
structured assessment methods that reduce subjectivity, improve reliability, and align
more closely with rubric-based marking practices. Educators found MBCJ particularly
valuable for preserving the depth of feedback typically associated with rubrics while be-
nefiting from the efficiency of CJ. However, the study also identified the need for further
refinement, particularly in integrating detailed feedback mechanisms to support student
learning and making these approaches more accessible for large-scale adoption.

Future research will focus on integrating BCJ and MBCJ into real-world educational
settings, exploring their scalability for large-scale assessments, and further developing
feedback mechanisms to enhance student learning outcomes. Additionally, the potential
applications of BCJ in high-stakes assessments and its adaptability to AI-driven educa-
tional tools warrant further investigation. By addressing these considerations, BCJ and
MBCJ can be refined into robust, scalable, and transparent assessmentmethodologies that
improve fairness, reliability, and efficiency in educational evaluation.

It should be noted that both BCJ and multi-criteria BCJ are generalisable to a range
of applications. For instance, the work of [170] applied Comparative Judgement using a
Bayesian Bradley–Terry model to evaluate classifiers based on a single accuracy criterion.
A direct comparison with BCJ could be performed in this context.

This study supports the notion that structuredCJmethods, particularly BCJ andMBCJ,
have the potential to transform assessment practices by making them more transparent,
fair, and informative while reducing the marking burden on assessors. However, further
refinements and adaptations will be necessary to facilitate widespread adoption within
classroom settings and beyond.
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6.1. Future Work

6.1 Future Work

A common theme throughout this research is that assessment is an important element
in education. However, feedback is essential to enable students to grow and develop.
Therefore, future work on this research would be to expand the proposed BCJ and MBCJ
approaches to allow feedback to be presented, while ensuring that the core fundamentals
of CJ, which reduce marking burden, are not compromised or lost. Additionally, future
work would be to build on the open-sourced software packages we have made available
to make this accessible to even more people. To truly help disrupt and revolutionise the
marking experience for all assessors.

6.2 Final Reflections

This research began with a simple but persistent question: how can we assess student
work in a way that is both rigorous and human-centred? In answering this, the thesis has
shown that it is possible to combine probabilistic modelling, machine learning, and edu-
cational theory to build assessment systems that are not only statistically sound but also
pedagogically meaningful. Bayesian Comparative Judgement and its multi-criteria ex-
tension offer educators new tools—ones that reduce marking load, increase fairness, and
make the ranking process more transparent. Yet these tools are not just algorithms; they
are interventions in a long-standing challenge of education: how to balance efficiency,
trust, and feedback. This thesis has taken steps toward resolving that tension, and it is my
hope that these contributionswill serve not only as a technical foundation but as a concep-
tual shift in how we approach the design and delivery of assessment in the years ahead.
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Appendix A

HCI Questionnaire

Introduction

We are conducting this survey to understand your experiences with three different mark-
ing methods: Traditional Marking, Bayesian Comparative Judgement, and Bayesian
Comparative Judgement. Your feedback is valuable and will help us improve these meth-
ods. This survey should take about 10-15 minutes to complete.

Experience with Marking Methods

For each of the following sections, please rate your experience on a scale of 1 (Very Poor)
to 5 (Excellent).

Definitions:

• Transparent: The clarity and openness of the processes, criteria, and decisions in-
volved in evaluating students’ work. It ensures that students, teachers, and other
stakeholders understand how judgements are made, promoting fairness and trust
in the outcomes.

• Traditional absolute marking: Evaluating students’ work against a fixed set of cri-
teria or a predetermined mark scheme, where grades are awarded based on the
extent to which these criteria are met.
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A. HCI Questionnaire

• Bayesian Comparative Judgement (BCJ): Assessing students’ work by comparing
pairs of pieces and using a probabilistic model to estimate the quality of each, based
on the collective judgements made.

• Multi-criteria BCJ: Multi-criteria comparative judgement involves comparing pairs
of students’ work across multiple criteria or dimensions, allowing for a holistic eval-
uation that simultaneously considers various aspects of quality.

Traditional Marking

1. How would you rate the ease of use of Traditional Marking (1-5) and why?

2. How transparent do you find the process of Traditional Marking (1-5) and why?

3. How accurate do you find the results of Traditional Marking?

4. What were your initial impressions of the marking approach?

5. What do you think is happening when you use traditional marking methods?

6. Do you enjoy using this approach to mark the student’s work?

7. What alterations would you want to see to it?

8. Does this approach to marking work fit with how you think about student work?

Bayesian Comparative Judgement

9. How would you rate the ease of use of Bayesian Comparative Judgement (1-5) and
why?

10. How transparent do you find the process of Bayesian Comparative Judgement (1-5)
and why?

11. How confident are you in the ranks derived from the Bayesian Comparative Judge-
ment (1-5) and why?

12. What were your initial impressions of the marking approach?

13. What do you think is happening when you use Bayesian Comparative Judgement?
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14. Would you recommend this approach over traditional marking? Why?

15. What alterations would you want to see to it?

16. Does this approach to marking work fit with how you think about student work?

Multi-Criteria Bayesian Comparative Judgement

17. How would you rate the ease of use of the multi-criteria Bayesian Comparative
Judgement (1-5) and why?

18. How transparent do you find the process of themulti-criteria Bayesian Comparative
Judgement (1-5) and why?

19. How confident are you in the ranks derived by using the multi-criteria Bayesian
Comparative Judgement (1-5) and why?

20. What were your initial impressions of the marking approach?

21. What do you think is happening when you use multi-criteria Bayesian Comparative
Judgement?

22. Would you recommend this approach over traditional marking? Why?

23. What alterations would you want to see to it?

24. Does this approach to marking work fit with how you think about student work?

Additional Feedback

25. Which marking method did you prefer and why?

26. Which approach do you have the most confidence in their rankings of the work and
Why?

Thank you for your time and feedback!
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Appendix B

Workshop

1. Welcome and Introduction

• Recap the three marking methods: Traditional Marking, Bayesian Comparative
Judgement (BCJ), and Multi-criteria Bayesian Comparative Judgement (MDBCJ).

• Outline the objectives of the workshop:

– Explore participants’ experiences with the marking methods.

– Present marking outcomes, includingmetrics such as tau scores and rank com-
parisons.

– Discuss the implications of these outcomes on trust and transparency.

– Evaluate transparency and trustworthiness from a student perspective.

2. Assumptions and Processes

• Facilitate an exploration of participants’ assumptions about each method:

– What assumptions did you make about the marking processes?

– Did the results or tau scores challenge these assumptions?

– How do the results reflect fairness or accuracy in marking?

• Draw connections between assumptions, outcomes, and trust in the methods.
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B. Workshop

3. Group Reflection: Experiences with Marking Methods

• Divide participants into small groups to discuss:

– Howdoes your experiencewith themarkingmethods alignwith your perform-
ance outcomes?

– Which method do you feel most confident using, and why?

– Did the performance comparisons (tau scores) change your perceptions of the
methods?

• Summarise group discussions and share key insights.

4. Presentation of Marking Outcomes

• Present participants’ marking outcomes:

– Performance Metrics: Show how participants’ rankings align with the target
rank using the tau score.

– Compare individual ranks against each other.

• Facilitate discussion:

– What do these metrics reveal about the reliability of each method?

– How do the results align with your expectations?

– Does seeing the comparative performance affect your trust in the methods?

5. Trustworthiness and Transparency Discussion (30 minutes)

• Facilitate an open discussion using prompts:

– Which method do you trust the most after seeing the results? Why?

– From a student perspective:

∗ Which method best conveys fairness and transparency?

∗ Would knowing about tau scores or ranking comparisons build or under-
mine student trust?
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6. Reflection and Actionable Feedback

• Ask participants to reflect individually on:

– Key insights about the strengths and weaknesses of each method.

– Suggestions to improve usability, trust, or transparency.

– How seeing their performance outcomes impacts their overall views.

• Collect feedback using sticky notes or a shared digital board.

7. Closing and Next Steps

• Thank participants and recap key points discussed.

• Highlight how their feedback will shape future developments in marking practices.
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Appendix C

Expert Semi Structured Interview

Phase 1

First Element - Your CJ Practice

• Overview of your current CJ practice.

• Key methodologies and approaches used.

• Challenges faced in implementing CJ.

• Effectiveness of CJ in assessment.

• Potential improvements and refinements.

Second Element - Transparency and Reliability of CJ

All elements are considered from:

• Student perspective

• Educator perspective

Key aspects of transparency and reliability:

• Transparency of the mark derived – how rank informs the mark and how rank is
decided.

• How studentwork informs the rank that is derived – the elements of it that influence
it.
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C. Expert Semi Structured Interview

• Reliability of the markers doing the work and following the rules.

• Transparency of the comparison selection process (random vs. Bayesian).

Third Element - BCJ and MBCJ for Transparency

• Explanation of BCJ and its role in assessment.

• How BCJ enhances transparency in the judgement process.

• Introduction to Multi-Criteria BCJ and its advantages.

• Comparison of BCJ and Multi-Criteria BCJ in terms of reliability and fairness.

• Challenges and potential improvements in implementing BCJ-based systems.

Phase 2

Fourth Element - Presentation and Reflection on Results

Key considerations:

• Are the results convincing?

• Are the results comprehensible?

• Do they address the questions that the expert has about MBCJ?

Fifth Element - Future Design

What further data could be gathered to support the MBCJ concept?
Achieving transparency outside of research settings if ω scores cannot be used:

• Seeded judgments where the lead knows the answer.

• Identifying outlier marking.
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Appendix D

Open Source BCJ Python Library

As a result of the research carried out in this thesis, a Python open source project
has been created allowing users to carry out pair-wise comparisons using either BTM,
BCJ or MBCJ. The PYPI installation can be found here: https://pypi.org/project/
comparative-judgement/, while the GitHub repository can be found here: https://
github.com/codingWithAndy/comparative_judgement.
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Appendix E

BCJ Web App

The URL for the BCJ Web Application https://github.com/codingWithAndy/
BayesCJ-Web-App
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Appendix F

MBCJ Web App

The URL for the multi-criterion BCJ Web Application https://github.com/
codingWithAndy/BayesCJ-multi-dimensional-Web-App
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