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Abstract

Transparency in educational assessment has be-
come an increasingly pressing concern, particularly
in the aftermath of the pandemic, as institutions seek
more equitable, robust and defensible methods of
evaluating student work. Comparative judgement
(CJ) has gained traction as a promising alternative
to traditional rubric-based marking. However, despite
its potential, CJ has been criticised for its perceived
opacity, particularly in high-stakes contexts where
fairness, auditability and trust are paramount. This
paper investigates whether Bayesian comparative
judgement (BCJ), which applies Bayesian statistical
methods to CJ, can enhance transparency by mak-
ing the judgement process more structured, interpret-
able and accountable. BCJ introduces a probabilistic
framework that incorporates prior knowledge and
updates beliefs based on new evidence, allowing for
quantification of uncertainty and clearer justification
of ranking decisions. It enables greater insight into
the consistency of judgements and highlights areas
of disagreement among assessors. We also evaluate
a recent multi-criteria extension of BCJ that models
each learning outcome (LO) separately, mirroring the
structure of rubric-based assessment while retaining
the efficiency and comparative strengths of CJ. This
approach supports the generation of both outcome-
specific and holistic rankings, offering detailed feed-
back without sacrificing the coherence of the overall
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evaluation. Using real-world assessment data from
a UK higher education course involving experienced
professional markers, we demonstrate the applica-
tion of BCJ and multi-criteria BCJ in practice. Our
analysis highlights how these models can provide
rigorous, transparent insights into the reasoning be-
hind both individual and collective rankings. We also
discuss how BCJ supports external validation of as-
sessment outcomes. Finally, through semi-structured
discussions with participant markers and expert CJ
practitioners, we qualitatively assess the perceived
transparency and usefulness of BCJ in authentic set-
tings, particularly where high-stakes decisions are
made. We conclude by outlining the benefits and limi-
tations of BCJ and its relevance across varied educa-
tional contexts.

KEYWORDS

active learning, assessment, Bayesian statistics, comparative
judgement, higher education, machine learning, transparency

Context and implications

Rationale for this study: Bayesian Comparative Judgement (BCJ) and its multi-
criteria extension (MBCJ) enhance assessment transparency by explicitly quantify-
ing uncertainty and assessor disagreement within ranking outcomes.

Why the new findings matter: Quantitative analysis using real higher-education
assessment data demonstrates that BCJ and MBCJ produce interpretable and de-
fensible rankings when compared with traditional marking practices.

Implications: Perspectives from professional markers and assessment experts in-
dicate that BCJ supports fairness, trust, auditability and manageable workload in
authentic high-stakes assessment contexts.

INTRODUCTION

The transparency of assessment practices in education is a significant concern, particularly
in light of recent global shifts that underscore the need for fairer, more rigorous, and
accountable assessment systems (Knight et al., 2025; Nisbet & Shaw, 2020)—perhaps
more so following the COVID-19 pandemic (Crick, 2021; Watermeyer, Crick, et al., 2021),
and the inexorable rise and widespread impact of Al in education (Dwivedi et al., 2021,
2023; Swiecki et al., 2022). 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 (Department for Education, 2024; Morris et al., 2023). Time pressure
on marking can lead to inconsistencies, making fairness and transparency in educational
assessment paramount (Rasooli et al., 2018; Tierney, 2014).
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Teachers in England work an average of 50h per week, while school leaders work more
than 55, according to the UK Government's Department for Education (DfE)'s workload survey
(Department for Education, 2019) (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 un-
necessary tasks driven by an accountability regime contributes to the ongoing recruitment and
retention crisis without improving learning outcomes (LOs) (National Education Union, 2024).
Recognising this, the DfE has emphasised the need to reduce school workload, providing a
toolkit of practical resources to support reductions (Department for Education, 2022).

In 2019, the average self-reported working hours for all teachers and middle leaders
was 49.5h per week, a reduction of 4.9h from 2016. Primary teachers and middle leaders
reported working an average of 50 h per week in 2019, down from 55.5 in 2016, while sec-
ondary teachers and middle leaders reported a decrease from 53.5h to 49.1 (Department
for Education, 2019). However, primary teachers continue to work longer hours than their
secondary counterparts, though the gap has narrowed from 2h per week in 2016 to 0.9h 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 reported that
they spend too much time marking (Department for Education, 2019, 2024). 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
(Department for Education, 2024).

This marking workload leads to stress, poor wellbeing (Jerrim & Sims, 2021), and has also
been shown to be associated with systematic shifts in grading behaviour under repetitive
marking conditions (Erturk et al., 2022). As student numbers increase, absolute marking be-
comes increasingly difficult to sustain at scale, motivating interest in automated approaches
(Senanayake & Asanka, 2024). Furthermore, there is a disconnect between grading policy
and practice, as many teachers do not consistently use written criteria, often relying on holis-
tic rather than analytical judgements (Bloxham et al. 2011), which can contribute to variability
in grading outcomes across educational contexts (Hausdorff & Farr, 1965).

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 in-
tensifying institutional accountability demands, with the resulting impact on their health and
wellbeing (Hardman et al., 2022; McGaughey et al., 2022; Watermeyer, Shankar, et al., 2021).
As a result, HE staff operate under comparable marking pressures, with heavy workloads,
compressed timelines, and overlapping modular deadlines creating clear conditions for mark-
ing fatigue. These structural constraints are widely recognised as placing strain on the consis-
tency and quality of assessment (Norton et al., 2019; Raaper, 2016; Spencer & Horn, 2023).

These HE sector assessment transparency issues are compounded by structural sector-
wide issues in part arising from the COVID-19 pandemic (Watermeyer et al., 2022, 2025;
Watermeyer, Shankar, et al., 2021). Academic staff face increasing workload and thus mark-
ing burdens due to growing class sizes, diverse assessment formats, and institutional pres-
sure to provide detailed feedback within tight timeframes (Raaper, 2016; Siegel et al., 2021;
Spencer & Horn, 2023). The marking of more traditional assessments, such as essays, proj-
ect reports, and reflective pieces, requires considerable time investment, particularly when
attempting to apply complex rubrics consistently across a cohort. These challenges are in-
tensified in modular structures where assessments are frequent and staggered, leading to
multiple overlapping marking deadlines and feedback cycles throughout the academic year
(Norton et al., 2019). Under these conditions of cognitive fatigue and time pressure, the reli-
ability and fairness of assessment can potentially be compromised (Hasan & Jones, 2024).
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In UK HE, assessment transparency has become a core component of institutional ac-
countability, quality assurance, and external scrutiny (Norton & Hack, 2024). The Office
for Students (OfS), Quality Assurance Agency (QAA), and Advance HE all emphasise
the need for defensible, equitable assessment practices (Norton & Hack, 2024; Office for
Students, 2022; Quality Assurance Agency for Higher Education, 2018). These policy im-
peratives have intensified post-pandemic, as institutions recalibrate assessment models for
resilience, fairness, and transparency (Walker, 2025). Thus, despite sector-wide initiatives
to enhance and improve 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 re-
main a concern, particularly when assessments are distributed between multiple markers
(Ragolane et al., 2024). As the frequency and volume of marking increase, opportunities for
moderation and second marking become limited, further reducing transparency and per-
ceived fairness. These issues have prompted calls for new approaches that can reduce
marker burden while preserving or enhancing the validity and rigour of assessment pro-
cesses (Bloxham, 2009). However, new and innovative methods must be understood in re-
lation to these governance frameworks that shape their adoption and perceived legitimacy.

While rubric-based grading is widely used to promote transparency and consistency,
its effectiveness in addressing subjective inconsistencies and capturing nuanced student
performance depends heavily on design and implementation (Velasco-Martinez & Tojar-
Hurtado, 2019). Comparative judgement (CJ) has emerged as an alternative method with
the potential to overcome some of these limitations, offering a ranking system based on di-
rect—pairwise—comparisons of student work rather than pre-defined scoring criteria (Jones
& Davies, 2024). However, CJ has been described by some stakeholders as opaque, since
assessor decisions are aggregated statistically and individual rationales are not readily visi-
ble, raising questions about transparency (Holmes et al., 2020). To address these concerns,
we explore the application of Bayesian CJ (BCJ) to render the CJ process more transparent
and interpretable. This study thus situates itself squarely within the UK HE context, using
real-world assessment data from a postgraduate course to evaluate the applicability and im-
pact of BCJ and MBCJ in HE-specific assessment scenarios. While the broader motivation
draws from systemic concerns about assessment fairness and workload, the findings offer
targeted implications for academic staff and institutional policy in HE.

BCJ leverages a Bayesian probabilistic framework. Gray et al. (2024) demonstrate how
prior knowledge about each pairwise judgement can be elicited and how the posterior can
be updated as new evidence becomes available—specifically, when an assessor decides
the winner in a comparison between two pieces of student work (or items). The uncertainty
around pairwise comparisons can then be propagated to generate a distribution over the
rank order of individual items, which can subsequently be converted into letter grades using
the cumulative density associated with each item's rank distribution.

In their follow-up work, Gray et al. (2025) introduce methods for evaluating the reliability
and consistency of the ranking process using novel metrics. These include Rank Separation
Reliability (RSR), which assesses how effectively the ranking procedure differentiates
item ranks at a global level, and the Mode Agreement Percentage (MAP) and Expected
Agreement Percentage (EAP), which quantify agreement on a per-pair basis and help iden-
tify pairs that divide opinion among assessors—capturing both intra- and inter-assessor
consistency. Estimating MAP or EAP further enables straightforward identification of con-
tentious pairs, allowing a chief assessor to intervene and adjudicate where necessary.

Additionally, their work demonstrates how multiple criteria or learning outcomes (LOs)
can be incorporated into pairwise comparisons, yielding both LO-specific and overall rank
distributions for each item. This represents the first principled approach to multi-criteria
BCJ (MBCJ) where LO-specific weights are known. The framework enables detailed,
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criterion-specific assessment—covering dimensions such as critical thinking, technical
proficiency, and creativity—thereby producing granular insights similar to rubric-based as-
sessment, while preserving the efficiency of pairwise comparison. MBCJ also generates a
holistic overall ranking that synthesises information across LO models, aligning with multi-
criteria rubric-based approaches (Gray et al., 2025).

Both BCJ and MBCJ are adaptive frameworks that employ active-learning strategies
based on entropy, selecting at each step the pair with the greatest uncertainty— and there-
fore the most informative—for assessor judgement.

In contrast, traditional CJ derives item scores on a latent scale that may not correspond to
any interpretable or meaningful notion of a ‘true’ score. These scores are then used to rank
items, but under the standard frequentist maximume-likelihood Bradley—Terry Model (BTM),
only point-estimates are available. In Bayesian BTM (BBTM), a prior is imposed over item
scores and uncertainty is estimated using Markov Chain Monte Carlo (MCMC) methods,
which are computationally intensive and can be impractical for large item sets Wainer (2023).
Moreover, both BTM and BBTM suffer from limited transparency: the inferred scores may
not reflect meaningful values, and areas of assessor disagreement are obscured.

BCJ offers several advantages over standard CJ. First, BCJ exhibits superior conver-
gence properties compared with BTM (Gray et al., 2024): it achieves accurate rankings
using fewer comparisons and continues to improve as additional evidence accumulates,
whereas BTM performance may deteriorate beyond a certain threshold. Second, BCJ's
adaptive learning strategy provides consistent improvements over common pair-selection
methods such as random or round-robin selection. Gray et al. did not compare against
Pollitt's adaptive CJ (Pollitt, 2012) due to concerns about its reliability (Bramley, 2015). Third,
BCJ enhances transparency by enabling direct auditing of pairwise comparisons, visualising
uncertainty in decision-making, and quantifying agreement through EAP. In contrast, tradi-
tional CJ typically provides only a single maximume-likelihood estimate of the probability of a
winner per pair, which may be overconfident and fails to capture the full structure of assessor
disagreement under uncertainty—see, for instance, the mode agreement percentage (MAP)
metric proposed by Gray et al. (2025), which is essentially equivalent to this. BCJ's rank
distributions are directly interpretable as order statistics rather than latent-scale scores, and
EAP enables a chief assessor to retrospectively review and revise problematic decisions—
an innovation absent from traditional CJ. Crucially, BTM cannot accommodate multi-criteria
extensions, whereas MBCJ can.

For the first time, this paper demonstrates the effectiveness of BCJ in real-world edu-
cational settings by employing a genuine validation dataset comprising officially marked
assignments (via absolute value judgements) from a postgraduate course at a UK higher-
education institution. This dataset allows us to illustrate the practical implementation of BCJ
and MBCJ, and to evaluate their impact on transparency, fairness, and accountability in
assessment. By integrating quantitative analyses with qualitative insights from professional
markers and expert commentators, we assess the extent to which BCJ and MBCJ provide
clear and defensible rationales for both individual and aggregate judgements. Furthermore,
we examine their potential to identify ambiguity or conflict in assessment decisions, par-
ticularly in high-stakes contexts—such as national assessments—that require heightened
transparency (Holmes et al., 2020). Therefore, the main contributions of this study are as
follows:

¢ lllustration of the improvement in transparency BCJ offers over CJ by offering a structured
process that tracks and explains decision-making, and providing estimations of uncer-
tainty in rankings.

¢ Evaluation and comparison of traditional, BCJ and MBCJ to standard marking within a
real-world assessment context.
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¢ Analyses of insights from educators' experiences from a UK HE context—through a com-
bination of quantitative data analyses and discussions with professional markers and
experts in CJ showing how educators perceive these approaches in terms of fairness,
workload, and usefulness.

We review the literature and background in “Literature and background” section;
“Experimental settings” section looks at the experiment's setup and the methodologies
used; “Results and discussion” section looks at the results and discusses them; while in
“Conclusions” section, we make our conclusions about the study.

LITERATURE AND BACKGROUND

In this section, we explore the importance of assessments within education and the con-
cerns about traditional marking. Furthermore, we review the literature on the rapidly growing
approach to assessments called CJ. Finally, we explain the process of BCJ and we explore
the multi-criteria approach to BCJ or MBCJ.

Traditional educational assessment methods

Traditional marking where we assign a value or score to a piece of work under assess-
ment is the dominant form of grading in education. Teachers assign marks based on fixed
criteria or rubrics, aiming to gauge a student's performance in an absolute sense. Despite
widespread use, this approach has been critiqued for issues related to consistency, bias,
transparency, and, crucially, the cognitive demands it places on educators.

Biases—based on a student's previous performance, personality or even handwriting—
can affect marks. Scharaschkin and Baird (2000) highlights the ‘halo effect’, where a teach-
er's perception of a student's past achievements influences their grading of current work.
This can lead to an over- or underestimation of a student's true capabilities, which is particu-
larly problematic in high-stakes assessments. Even with a grading rubric, different teachers
can interpret the same criteria in varying ways, leading to discrepancies in scoring (de Moira
et al., 2002; Scharaschkin & Baird, 2000). Biases also stem from factors like teacher fatigue,
stress, and subjective preferences. Grading decisions are often influenced by non-academic
factors, even subconsciously. For example, assessors may give higher marks to work that
aligns more closely with their own views or personal standards (Willey & Gardner, 2010).
These undermine the fairness of assessments, affecting students' opportunities and their
trust in the educational system (Guskey, 2024; Read et al., 2005).

While anonymisation is often deemed as a definitive way to combat biases and im-
prove trust in the system, it may not necessarily be effective (see, for example, Pitt and
Winstone (2018)) and is not always feasible, for instance, for presentations. In CJ, since as-
sessors only view pairs in isolation and are less likely to let factors unrelated to quality, such
as familiarity with a topic or presentation style, sway their judgment (Mentzer et al., 2021).

Transparency in assessment refers to the clarity and openness with which grading criteria
and decisions are communicated to students and other stakeholders. Traditional marking
often lacks this transparency, as students may receive little feedback beyond an overall
numerical score or grade, leaving them unclear about the aspects of their work needing im-
provement. This hinders learning processes, as students cannot fully understand how they
are evaluated or how they can improve (Bamber, 2015).

Transparency is vital to ensuring trust in the assessment process, yet traditional mark-
ing methods often fall short in providing the necessary clarity (llahi et al., 2024). When
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grading is inconsistent or biased, students and parents may feel frustrated or sceptical about
the fairness of the assessment process. This lack of transparency is especially concerning
in high-stakes situations, where grades significantly impact future educational and career
opportunities.

Traditional marking is cognitively demanding for teachers. Drawing on cognitive load the-
ory, the mental resources required to assess large volumes of work accurately and consis-
tently can become depleted over time. Evidence suggests that such cognitive strain can
lead to marking fatigue, with grading quality deteriorating as assessors progress through a
sequence of assessments (Hasan & Jones, 2024). These risks are further exacerbated by
performance pressures and accountability demands within contemporary education sys-
tems (Grissom et al., 2015). This depletion is even more pronounced when teachers are
required to mark open-ended or complex tasks, as these assessments require continuous
decision-making and interpretation (Pollitt, 2012).

In terms of actual time spent, teachers would often spend hours outside of class re-
viewing and grading work in traditional marking (Morris et al., 2023). 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 (Jerrim &
Sims, 2021). Teachers operate under significant performance and accountability pressures
that constrain professional practice (Grissom et al., 2015). In assessment contexts, judge-
ment processes are known to rely on holistic impressions and implicit standards rather than
fully analytic evaluation (Bramley, 2015). Under such conditions, time pressure may increase
the likelihood that assessors draw on these judgement heuristics when grading. These
shortcuts, while understandable, compromise the reliability and validity of assessments.

Traditional absolute marking in education presents several challenges, including incon-
sistencies, bias (Magowan, 2023), a lack of transparency (Gonsalves & Lin, 2025), and the
negative impact on teachers' wellbeing (Jerrim & Sims, 2021). These issues highlight the
need for more reliable, transparent, and efficient assessment methods that support both
educators and students in the learning process.

Comparative judgement

CJ has emerged as a promising approach in educational assessment, offering an alterna-
tive to traditional scoring methods for evaluating complex, subjective tasks. Rather than
scoring individual pieces of work with a numerical grade or rubric, CJ relies on the collec-
tive judgements of experts who perform pairwise comparisons of student work and decide
which better represents the LO. CJ has demonstrated advantages such as reducing subjec-
tive bias and achieving higher reliability in assessments compared to traditional methods
(Crompvoets et al., 2022; Pollitt, 2012).

The conceptual roots of CJ date back to Thurstone's Law of CJ (Thurstone, 1927), which
posits that humans are more consistent in making comparative rather than absolute judge-
ments. In educational assessment, this model has been increasingly adopted because it
capitalises on humans' relative strength in making comparative rather than absolute judge-
ments, enabling more accurate evaluations without reliance on pre-defined criteria or ru-
brics (Bramley, 2015).

In fact, Laming et al. argued that all human judgements are fundamentally relative in
nature (Laming, 1984), a claim that is frequently cited as a key rationale for the use of
CJ. Moreover, people tend to make relative judgements more quickly (Mussweiler &
Epstude, 2009), and there is evidence that such judgements can reduce cognitive load
under certain conditions (Palisse et al., 2023). Assessors may also find it easier to decide
which of two pieces of work is better than to evaluate a single piece of work against a
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complex rubric (Goossens & De Maeyer, 2017). However, relative judgements are not uni-
versally superior: they do not always outperform absolute judgements, and their advantages
may depend on context (Kelly et al., 2022).

CJ as a structured method in education was popularised by Pollitt (2012), who introduced
a software platform allowing assessors to make pairwise comparisons systematically. This
enables the aggregation of judgements to produce a ranking order, where each student's
work is placed relative to others based on the majority of comparisons made by judges. This
method offers an innovative, user-friendly interface for assessors and facilitates faster and
more reliable marking of complex work.

The overall CJ process is summarised in Figure 1. We would start with all the items that
are to be ranked, and then select a pair of items that must be shown to the assessors for
determining the winner. We then deploy an appropriate statistical method to determine the
overall rank, which would be reported at the end of the process, once we go beyond a spec-
ified threshold for the number of pairs to be shown to the assessors.

The different variants of CJ considered in this paper vary in how pairs are selected, how
winners are determined, and how overall ranks are produced. In standard (non-adaptive) CJ,
the most common approach to pair selection is uniform random sampling from the set of all
possible pairs (Jones & Davies, 2024). While it is possible for an automated process (e.g., a
large language model (Gu et al., 2024)) to determine the winner in a paired comparison, in
our context we typically observe that one or more humans make this decision synchronously
or asynchronously. Once the winner is known and the current dataset is augmented with this
new information, we use a statistical method to derive the overall rank. In traditional CJ, we
use Bradley-Terry model (BTM) to generate the overall rank. In BTM, it is assumed that there
is a likelihood over the score of an individual item, and then some approach towards maxi-
mising the likelihoods across all items, for example, the minorisation—maximisation method
(Hunter, 2004), locates the optimal parameter set. The corresponding score to the optimal

Qo

Determine Winner

o

Select Pair

> @
Report Rank |

FIGURE 1 Flowchart depicting the CJ process. We start with a number of items to rank in Step 1. Then,
based on the budget on how many pairs we can show the assessors (Step 2), we firstly select a pair to show
using an appropriate method (Step 3). Then the assessor would pick the winner (Step 4), and the statistical
method in place would generate a rank for all the items in light of new evidence (Step 5). Once the budget is
exhausted, we would report the final rank to the assessment owner (Step 6). The green boxes are the core
elements of CJ that vary methodologically between distinct approaches (e.g., BTM, BCJ or MBCJ).
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parameter set can be used to rank the items, all the way from 1 to N, where the highest score
is ranked 1, and so on.

CJ has several advantages over traditional assessment methods. First, it has been
shown to increase inter-rater reliability, meaning different assessors are more likely to agree
on the ranking of work, even without detailed rubrics. For instance, literature has found
that CJ produced more reliable assessments for open-ended tasks, such as essays and
projects (Bramley & Vitello, 2019; Jones & Inglis, 2015), where defining a standard scoring
rubric is challenging (Steedle & Ferrara, 2016). Another potential benefit of CJ is improved
efficiency in assessment design and execution. Rather than developing and training asses-
sors to apply detailed analytic rubrics, CJ relies on relatively quick pairwise comparisons,
which can reduce assessor preparation and scoring complexity (Steedle & Ferrara, 2016).
Assessors often find it easier to determine which of two pieces of work is better than to
evaluate individual work against a complex rubric (Goossens & De Maeyer, 2017). Steedle
and Ferrara (2016) highlight this, showing that teachers assessing writing tasks were able
to reach reliable consensus more efficiently using CJ than through traditional rubric-based
approaches. Moreover, CJ has been shown to reduce the influence of individual rater biases
that can affect traditional scoring, as judgements are based on repeated pairwise compari-
sons and aggregated across assessors, limiting the impact of factors unrelated to the quality
of the work (Mentzer et al., 2021).

While CJ offers clear advantages, it has been noted that its outcomes can be less im-
mediately transparent to stakeholders than those produced through traditional grading ap-
proaches (Holmes et al., 2020). When used in isolation, CJ produces holistic judgements
rather than explicit criterion-level feedback, which can make it harder for students and
teachers to identify specific areas for improvement (Stuulen et al., 2024). This gap can be
addressed by MBCJ (Gray et al., 2025).

In CJ, the number of decisions that assessors can feasibly make is often small relative to
the total number of possible item pairs, since the latter grows combinatorially with the num-
ber of items N. The number of unique unordered pairs is

NN -1)
=T M

For example, when N=10, there are z=45 distinct pairs. If we follow the common heuris-
tic of collecting 10N=100 comparisons, this yields on average just over two decisions per
pair, with some pairs typically receiving more than others.

However, when N=100, the number of unique pairs increases dramatically to z=4950.
Under the same 10N heuristic (i.e., 1000 comparisons), the average number of decisions per
pair falls below one. Thus, as the number of items increases, the number of potential pairs
expands rapidly while the feasible number of comparisons remains modest.

For practical reasons—and informed by empirical reliability studies—it is often recom-
mended to conduct approximately 10N comparisons to avoid overburdening assessors while
still achieving high reliability, as supported by a meta-analysis of 101 CJ datasets (Kinnear
et al., 2025). Nonetheless, due to the combinatorial explosion in the number of pairs, this
fixed comparison budget provides progressively poorer coverage per pair as N grows.

In recent years, CJ has attracted attention as a tool for assessing complex competencies,
such as critical thinking and creativity, which are difficult to measure with standard tests
(Bramley & Vitello, 2019). Researchers are also exploring automated and semi-automated
CJ systems, which could reduce the burden on human assessors and enable more wide-
spread use (Christodoulou, 2025).

CJ offers a compelling alternative to traditional assessment methods, especially for eval-
uating complex, open-ended tasks. Although it poses some challenges in terms of feedback
and scalability, the method has demonstrated clear benefits in terms of reliability, efficiency,
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and fairness. As research and technology in this area advance, CJ is increasingly becom-
ing a valuable tool in the landscape of educational assessment, potentially reshaping how
teachers, students, and policymakers view assessment practices.

Mathematical formulation

In this section, we provide a brief description of the standard CJ process as modelled using
the BTM.

Consider a set of N items, | = {I1, .. IN} In BTM, each item is assomated with a /atent
(i.e., unobserved) positive score, represented by the vector y = (y1, ,yN) Under this
model, the probability that item /; is preferred over item J; is given by

Vi

Pli>j)=
! 7//+}’/

Assuming independence of pairwise outcomes, the log-likelihood of the performance
vector y is

N
L= 3 |o () =g (i)
j:
j#i

EMZ

where @i ] denotes the number of times item j won a pairwise comparison against item j. An
iterative minorisation—maximisation (MM) algorithm is then used to estimate the optimal param-

eter values for this model (Hunter, 2004).
Once the latent scores have been estimated, the expected rank for each item is obtained
by sorting y:

rier = (N +1) —argsort(y),

where rank 1 corresponds to the highest-scoring item. This corresponds to step 5 in the flow
chart presented in Figure 1.

It should be noted that ranks provide a more natural and intuitive interpretation of out-
comes derived from pairwise comparisons, especially when contrasted with latent scores
whose numerical values may bear little or no meaningful relationship to true score scales.

As discussed earlier, the pair-selection method in step 3 is typically either random or
round-robin (a.k.a. no-repeating pairs).

It should be noted that, in BTM-based CJ, the primary method for uncertainty estima-
tion is to compute the standard error (SE) of the estimated latent scores. These SEs are
then used to derive the reliability (often referred to as consistency) metric Scale Separation
Reliability (SSR) (Kinnear et al., 2025). A key limitation is that accurate SE estimation typ-
ically requires a substantial number of decisions—often many tens per item (Crompvoets
et al., 2022). From a practical standpoint, a rule of thumb of approximately 10 decisions per
item has been suggested (Kinnear et al., 2025).

It should also be noted that, in a Bayesian treatment of the BTM (BBTM), priors are
placed on the latent scores y, yielding posterior distributions over the same parameters
(Wainer, 2023). However, the resulting posterior has no closed-form solution, so computa-
tionally intensive MCMC methods are typically required to approximate these distributions.

d ‘2 '920¢ '€T996V0C

IPUOD Ue SW | 841 385 *[9202/90/TT] U0 ARIqIT2UIIUO AB|IM * UORULIOMU| AISIBAIUN BSSLBMS - SWR!|IM A101RS AQ 6YTOL'EMBI200T OT/I0pAL00 3| 1M

W00 A3 | I A

5501 SUOLLILIOD BAERI0 3[GEd 1k au) AQ PRLBAOB 3 I YO 98N JOSIINI 10} ARIGIT BUIUO K31 UO



RENDERING TRANSPARENCY TO RANKING IN EDUCATIONAL . .
ASSESSMENT VIA BCJ Review of Education | 110f47

Nonetheless, the Bayesian approach offers several advantages over standard frequen-
tist maximum-likelihood estimation: most importantly, it yields a posterior distribution rather
than a single point estimate. This enables more informative quantification of uncertainty
around item scores and can mitigate issues such as the removal of items that always lose
or always win against every opponent (Caron & Doucet, 2012). However, the interpretability
challenges associated with the latent score scale remain.

Bayesian comparative judgement

BCJ is a novel approach to assessment that leverages Bayesian statistical machine learning
methods to improve the reliability and transparency of CJ methods. Bayesian approaches
are an area of growing interest within CJ research, allowing for adaptive testing methods
that can optimise the number of comparisons required by prioritising pairs that will yield the
most useful information about relative performance (Gray et al., 2024). This approach has
shown promise in improving the efficiency and accuracy of CJ assessments, particularly in
education settings where resources are limited.

Firstly, we introduce intuitively how the Bayesian statistics work; interested readers should
consult Lambert (2018)'s book for an accessible treatment of the topic. BCJ starts by defin-
ing a model for a process under scrutiny. The model should have at least one parameter that
controls the behaviour of the model, but can have many parameters that can be changed.
We then impose, based on experience or knowledge of the system, some prior probability
density over the parameter(s). As we collect data, we update the belief in the light of evi-
dence, and produce an informed conclusion, that is, known as the posterior density over the
parameter(s). The more data we collect, the more accurate posterior density becomes, and
the uncertainty diminishes. The posterior is, at any point, our best guess given the data, and
we use that to make a judgement about the process model parameters, and consequently
about the process outcome.

This is best appreciated through an example of a biased coin. The model we can assume
is one which produces either heads (e.g., success/win) or tails (e.g., failure/loss) given a
certain probability, and can be controlled by a bias parameter that controls the probability
of observing heads. For example, if the bias is 0.3, that means we would observe heads
around 30% of the flips, and the rest would be tails. This type of biased-outcome parameter
is often termed as a Bernoulli (random) variable, and the posterior is known to be a Beta
density which can be readily updated via the Bayes' theorem. As we collect more data, the
posterior density becomes more confident, that is, the uncertainty in the density reduces,
and the most likely value starts to converge to the true bias. See Figure 2 for an example for
50 coin flips for a biased coin with weighting 0.3.

Unlike BBTM—where priors and posteriors are placed on latent scores y—Gray
et al. (2024) propose an alternative Bayesian approach to CJ: BCJ. In BCJ, each pairwise
comparison is modelled directly as a Bernoulli outcome (i.e., a bias towards one item over
another), making each comparison analogous to a coin flip and enabling Bayesian updating
at the pair level. Furthermore, this update is computationally efficient because Bernoulli
outcomes admit a conjugate Beta posterior, allowing closed-form Bayesian updating. This
captures uncertainty for each comparison explicitly and provides clearer insight into per-pair
agreement among judges. While BTM reports only a single point estimate of the pairwise
probability, which can be misleading with few observations, BCJ yields a full Beta posterior.
Its mode may coincide with the BTM estimate, but BCJ additionally quantifies the width (i.e.,
uncertainty) of the distribution—information absent from BTM's point output.

BCJ then derives probabilistic ranks for each item by aggregating the pairwise posteriors
across all item pairs (under an independence assumption for comparison outcomes). An
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FIGURE 2 lllustration of Bayesian updates for a biased coin. The model is a generator for coin flipping
outcomes: It will produce heads with the probability specified in the bias. Here, the bias is 0.3 (or 30% chance
of observing heads) and we collected data for 50 (simulated) coin flips and updated the prior belief to track the
posterior density. Without any observations, the horizontal line at 1 depicts the flat prior belief that the bias
could be anything. As we collect more data, the posterior density—a Beta distribution for the Bernoulli bias
variable—over the bias narrows, i.e., gets confident about the estimation, with a mode around 0.3; the lighter
colours are later estimates of the density. The illustration was inspired from the work of Sivia and Skilling (2006).
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FIGURE 3 An example of rank density for an item i post BCJ, given 6 items. Here, this item has the highest
probability (of around 50%) of being ranked 6, but the average (or expected) rank (shown in red dashed vertical
line) is around 5.37 due to the consideration of uncertainty arising from paucity of data. BCJ uses the expected
ranks (instead of scores in CJ) to determine the final ranks.

example rank-density distribution is shown in Figure 3, illustrating how an item is probabilis-
tically distinguished and how its expected rank contributes to the overall ordering. For pair
selection, Gray et al. (2024) introduce an entropy-based active-learning strategy: select the
pair with the highest posterior entropy (conceptually proportional to the posterior width in
Figure 2), that is, the pair whose outcome is most uncertain and therefore most informative.
Across synthetic and real datasets, they demonstrate that BCJ paired with entropy-based
active learning outperforms traditional BTM-based CJ in ranking accuracy, even when BTM
is given substantially more judgements. A notable advantage is thus interaction efficiency:
BCJ achieves higher accuracy with fewer comparisons, substantially reducing assessor
workload.

BCJ's uncertainty estimates also highlight contentious pairs—cases where the pos-
terior preference for i over j lies near 0.5 (e.g., within [0.25, 0.75]), indicating substan-
tial disagreement among judges. Using the Expected Agreement Percentage (EAP)

a ‘2 ‘9202 ‘ETI96V0C

wouy

IPUOD pue SIS | 34} 855 *[9202/90/TT] U ARIqITauIUO A1 * LoTewoju| KIS IBAIUN Basuens - swel| I A1d1RS AQ 65T0L'€A01/200T OT/I0P/W0 A 1A

fojm

5501 SUOLLILIOD BAERI0 3[GEd 1k au) AQ PRLBAOB 3 I YO 98N JOSIINI 10} ARIGIT BUIUO K31 UO



RENDERING TRANSPARENCY TO RANKING IN EDUCATIONAL . .
ASSESSMENT VIA BCJ Review of Education | 130f47

introduced by Gray et al. (2024), such pairs can be flagged for escalation to a more ex-
perienced assessor. This targeted adjudication supports more nuanced decisions where
traditional methods may struggle to separate items of similar quality, yielding results that
are both more accurate and more trustworthy for complex assessments such as essays
or project-based work.

In this context, BCJ's efficiency and adaptability make it feasible for applications in edu-
cation, where resources and time are often constrained (Gray et al., 2024), while also pro-
viding output rank distributions that are more interpretable than latent scores.

Despite its advantages, BCJ systems can be complex to set up and require computa-
tional resources to calculate Bayesian probabilities in real time. While this has not been a
barrier in experimental studies with a smaller number of items to compare, it could pose
challenges for schools or smaller educational institutions with limited technology support.
That is why a Monte Carlo (MC) version of the BCJ approach was also presented in Gray
et al. (2024); we expand on potential implementation considerations in “Implementing
BCJ” section.

Mathematical formulation

Following Gray et al. (2024), each pairwise decision is treated as a Bernoulli trial. For n com-
parisons of items j and j, with w wins for j and decisions x = (x1, ,xn)T where x, € {0, 1}
indicates whether i beat j, the likelihood for the win probability p is

Liplx)=p"(1-p)"~". 3)

Using the conjugate Beta prior p ~ B(aprior,ﬂprior) (uniform when apior = Bprior = 1), the
posterior after n comparisons is

®post = Xprior + W, Bpost = Pprior + (N — W),
so that the probability density function can be expressed as:

x(i>))=p |XNB(“post1 ﬂpost)'

This probability density, along with its update under new evidence, is illustrated with a toy
example in Figure 2.
Thus, the probability that item J; is preferred over item /; is

P(i>j)=P(p>0.5)=1-F;(0.5|apest, ﬂpost) @)

where F(-) denotes the cumulative distribution function of the Beta distribution.
Gray et al. (2024) also derive a discrete distribution P(r; = a) for the rank of item / (details
omitted, though an illustration is provided in Figure 3). The expected rank is then given by

and can be used to obtain the final output ranks:

ric; = (N +1)—argsort(E[r]).
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For pair selection (Step 3 in Figure 1), they adopt uncertainty sampling: choose the
pair with the highest entropy of its Beta posterior. The entropy of B(apost, ﬂpost) is (Lazo &
Rathie, 1978)

H[”(i >j)] =In B(“post’ ﬂpost) - (“post_ 1 )W(“post) - (ﬂpost_ 1 )‘l’(ﬁpost)
+ (apost"'ﬁpost_z)‘//(apost+ﬂpost)!

5)
where B(-, -) is the Beta function and y(-) the digamma function. This strategy outperforms
random and no-repeating-pairs baselines, and follows standard active learning principles
(Lewis, 1995).

With this, the pair to be shown can be formally identified as:

(i,j) < arg Vi,je{m?),(N}/\i;&jH [x( > ))].

Multi-criteria Bayesian comparative judgement

As discussed previously, CJ has been criticised for not considering multiple dimensions of com-
parisons: this reduces the richness of information for both students and assessors. Despite the
accuracy conferred by the approach, this is an important shortcoming to note. BCJ also suf-
fers from this; hence, traditional marking has a clear advantage in this aspect because judges
consider the different areas of the rubric with an overall grade derived as a weighted sum of
components, and thus, complete information is available and can be queried.

Gray et al. (2025) explored the idea of creating a multi-criteria version of BCJ for the first
time. In their approach, pairwise comparison is performed in each individual component
(or criterion) within a rubric, but at a time across all components for a pair that is being
evaluated. This allows component-specific estimation of ranks per item and the probability
densities therein. They then show how to combine them via weighted sum of the component
cumulative densities and produce an overall rank density. Like BCJ, the expected ranks of
items can be used to derive overall rankings. In addition, they also proposed an extension
to the pair selection method based on combined entropy—again an estimation of the max-
imum utility of the next pair to be shown to the participant assessors. An illustration of the
outcome expected ranks from the process is shown in Figure 4. Their experiments show
that MBCJ is equivalent to BCJ in performance, without the loss of rich component-wise
comparisons. In addition, they proposed a novel reliability measure for both BCJ and MBCJ.

Mathematical formulation

Considering D LOs and given the CDF of the preference distribution F,(i > j) for the dth LO,
the overall preference CDF for item j over item j can be expressed as a weighted mixture
Lindsay (Lindsay, 1995):
D
F(i>j)= " 4qFali>)),
©)

where 4, denotes the contribution of LO, to the overall mark. This mixture can then be used di-
rectly to compute the overall probability of preference between items (analogous to Equation (4)),
from which the rank distribution follows (Step 5 in Figure 1).

For pair selection (Step 3 in Figure 1), assuming independence across LOs, the total en-
tropy across all D LOs is computed as Korn and Korn (2000):
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LO1

FIGURE 4 Radar plot depicting an item's expected rank E[r] (5.75, 5.25, 5.25) performance across three
different LOs derived from component wise paired comparisons between 10 items. While conferring the same
level of transparency for overall rankings as BCJ, this provides a detailed look into the components and how an
individual item performs across the LOs. This helps educators identify areas where the candidate may require
personalised intervention.

D
H' [z >)] = Y Hzq(i>)). (7)
d=1

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

,.%\I}Ai;ejHl (= >D]. (8)

Context

Additionally, the dominance of transparency and accountability discourses in UK HE as-
sessment policy has shaped how standards are conceptualised and enacted. However, as
Hudson et al. (2017) argue, these discourses often produce a ‘conceptual acrobatics’ in
which assessors feel compelled to speak as though standards are explicit and stable, even
when their tacit and contextual nature is widely acknowledged in practice. Their study of ex-
ternal examiners highlights how quality assurance regimes encourage a reliance on codified
criteria, while suppressing recognition of the interpretive judgement at the heart of marking.
This tension is directly relevant to the uptake of innovative methods such as BCJ and MBCJ,
which foreground and systematise CJ as a transparent yet judgement-based approach for
assessment. By making visible the role of expert consensus in evaluative decisions, BCJ
and MBCJ may help reconcile these competing demands.

These debates are grounded in wider concerns about how assessment standards are es-
tablished and audited across the UK HE system. Under external examiner regimes and qual-
ity frameworks such as the QAA's UK Quality Code for Higher Education, there is pressure
to both codify and defend assessment decisions—sometimes at odds with the inherently
tacit nature of expert judgement (Strathern, 2000). BCJ and MBCJ challenge this dichot-
omy by formalising judgement while preserving its comparative, interpretive character. By
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surfacing rank probabilities and uncertainty measures, they offer an evidential bridge be-
tween professional judgement and institutional accountability.

Thus, in this paper, our goal is to evaluate BCJ and MBCJ in a real-world context with real
markers and experts in CJ and see how they fare against absolute marking. We start this
discourse with a description of the experimental setup in the next section.

EXPERIMENTAL SETTINGS

In this paper, we consider various factors to determine educators' opinions on conventional
grading, standard BCJ, and multi-criteria BCJ. We use coursework submissions that were
evaluated formally by the assessment team when the module was delivered.

Participants: Three trained marking assistants with experience in assessing work for this
module carried out traditional absolute marking, standard BCJ, and MBCJ. It should be
noted that the submissions used in this study were not originally marked by this cohort of
assistants; consequently, they encountered all submissions for the first time during the ex-
periment. The full procedure is described in “Research approach” section.

Sample size: The sample size (N=10) was intentionally chosen to reflect the scale of
a typical MSc-level cohort within a UK university context, rather than to emulate large-
scale or high-stakes assessment settings. While this necessarily limits the generalisabil-
ity of the findings, it supports a focused and ecologically valid comparison of assessment
approaches within a realistic postgraduate teaching scenario. The study is therefore posi-
tioned as an exploratory investigation of assessor experience, process and transparency at
a scale representative of routine practice, rather than as a definitive evaluation of system-
level performance.

Ground-truth scores and ranks: Benchmark scores were derived from the marks origi-
nally awarded to students when the assessment was undertaken in a previous academic
year. These marks had already been used for summative purposes and released to stu-
dents, providing a pragmatic and authentic reference grounded in established institutional
marking practices. Although this benchmark does not constitute an objective gold standard,
it reflects the outcomes of standard moderation and quality assurance processes typically
applied in UK higher education and is therefore appropriate for comparative analysis across
marking methods.

Time limit: We imposed a time limit on CJ but not on traditional absolute marking. This
decision reflects the structural differences between the two approaches. Traditional marking
requires a complete set of absolute judgements to produce a full mark profile and therefore
could not be meaningfully constrained without undermining the validity of the comparison.
In contrast, CJ allows assessors to continue making pairwise judgements indefinitely, albeit
with diminishing informational returns. To ensure comparability while maintaining ecolog-
ical validity, a two-hour stopping point was imposed for CJ. This duration aligns with the
common institutional assumption that markers typically spend approximately 10—-15min per
script when assessing extended work, meaning that two hours represents a realistic bound
for marking a comparable set of submissions. The imposed cap therefore reflects practical
marking constraints rather than an arbitrary experimental limitation.

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 “Research approach” section. We present the findings to industry experts who carry out
research within academia on CJ in an educational setting and people working within indus-
try 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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Dataset

We received marks for 30 pieces of work that were submitted at a master's level (UK
Level 7 taught-postgraduate) course from the lead lecturer, ‘Oracle’, where the prompt
was to critically review a recent research paper. The submissions were anonymised with
any identifying detail (e.g., student ID) removed. We used a distinct identifier with no
relationship with the student and a corresponding mark. We created three groups, each
with 10 pieces, for traditional rubric-based, BCJ and MBCJ marking, using a stratified
sampling approach (Neyman, 1992). The distributions of the marks (out of 20) is given in
Figure 5.

The dataset was chosen due to its relevance across educational levels: subjective as-
sessments involving open-ended tasks, such as essays, are common in HE and schools.
With a 1000 word limit, these submissions strike a useful middle ground: long enough to
allow for depth and complexity, as often required in HE, but not so lengthy as to be unrepre-
sentative of school tasks.

The assessment criteria for the critical review comprised five areas, with their relative
weights shown in brackets below:

Introduction and Summary (20%): A clear explanation of the topic and a concise summary
of the aims, main findings, and key arguments are evaluated.

Quality of Analysis and Evaluation (30%): The assessor looks for originality, a strong
evaluation of the paper's strengths and weaknesses, and the identification of any unique
aspects.

Conclusions (20%): Assesses the student's ability to summarise the perspectives pre-
sented and discuss potential future impact or work.

Writing Quality (20%): Focuses on organisation, structure, coherence, effective transi-
tions, and grammatical accuracy.

References (10%): Examines the student's ability to provide relevant sources and apply
correct formatting.

Each criterion is marked out of 100, weighted according to its respective weighting, and
combined to produce an overall mark out of 100. This is then converted to a mark out of 20
by rounding to the nearest whole number, which is the version used in this study.

30 Dataset 1 Dataset 2 Dataset 3

Frequency
= = N N
o w o w
! ! )

o
w»
|

0.0

8 10 12 14 16 12 12
Value Value Value

FIGURE 5 Histogram of marks for submissions in different groups: Candidates for traditional marking, BCJ
and MBCJ, entitled as Datasets 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. It should be noted that the
dataset contains three, four, and three pairs with equal marks in Datasets 1, 2, and 3, respectively, which may
make it challenging to recover a fully ordered ranking when only limited comparison data are available.
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The assignment brief, which explained the criteria and tasks, was made available to the
markers in advance for preparation prior to the experiment.

Web interface for experimentation

BCJ and MBCJ marking were done through web applications. The designs for the appli-
cations 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 6, 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 to make 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 (Jones & Davies, 2024).

When assessors want to view the ranking of the items, they can view the results page,
as demonstrated in Figure 7. 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 have
been compared. The ranks are calculated from the performance matrix using either BCJ or
MBCJ while navigating to the results page.

Figure 8 shows the comparison screen that the assessors view when making their pair-
wise comparisons. This screen is similar to the standard approach (see Figure 6), but has

Critical Review

CRITICALLY REVIEWING A PAPER

‘Table of Contents

FIGURE 6 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 button linked to the item they prefer, this will update the scores and then produce
two new items for the assessor to compare.
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FIGURE 7 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, 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 pairwise comparisons for BCJ.

2 Items

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, the LO1 button for item A, it
will light up to show it has been selected; if they were 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 preference
matrices are updated, which enables the differential beta entropy to select the next pair of
items to present to the assessor.

Figure 9 presents the results of a multi-criteria Bayesian CJ web app, showcasing trans-
parency 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 illus-
trating the frequency distribution of rankings for the item across all LOs (see Figure 10). 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 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 ho-
listic 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 met-
rics 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 8 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.
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FIGURE 9 Example that presents the results of a multi-criteria BCJ web app showcasing transparency in
expected rank E, 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.

Research approach

Three markers were recruited for this experiment. The markers were experienced assessors
who have been part of the module used in this experiment for a number of years. The mark-
ers were given as much time as needed to complete the traditional marking, and a maximum
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FIGURE 10 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.

of 2h to complete comparisons for each of the CJ methods. The markers did all three meth-
ods 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 question-
naire (see Appendix A) in isolation from the other markers. 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).

To further validate and contextualise the findings, three CJ experts were recruited for
in-depth interviews. These experts were selected based on their established publication
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 conducted in isolation to
ensure independent feedback, and the findings from these discussions were used to inform
the final analysis and discussion (see Appendix C).

Performance metrics

To evaluate the efficacy of a judgement method, two key psychometric properties must be
considered: reliability and validity (Carmines & Zeller, 1979).
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Reliability (or consistency) refers to the extent to which variability in observed scores re-
flects genuine differences rather than measurement error in the context of CJ (Andrich, 2011).
As outlined by Gray et al. (2025), reliability may be examined at two levels: global and local.
Global reliability concerns the stability of the overall item ranking, whereas local reliability
assesses the consistency with which individual item pairs are judged.

Global reliability can be quantified using Rank Separation Reliability (RSR), which is
closely related to the well-established Scale Separation Reliability (SSR) used in BTM-
based CJ. Unlike SSR, RSR operates directly on ranks rather than latent scale scores.
Conceptually, RSR measures the extent to which the variability in expected ranks across
items exceeds the average model-induced error in their estimation. Formally:

N 1 N
Var({E[r]}iLy ) -5 X Var(r)
RSR(R) = = , ©)

Var<{[E[ri]}ll'i1)

where R € RN*N is the rank-distribution matrix with Rij= P(r; =j), and Var(-) denotes the vari-

ance operator.

For local reliability, Gray et al. (2024) introduce two complementary measures of assessor
agreement at the pair level: mode agreement percentage (MAP) and expected agreement
percentage (EAP). MAP uses the mode of the Beta posterior for the pairwise preference
probability—equivalent to the MLE for a Bernoulli process—and therefore corresponds to
the point estimate produced by BTM. It is defined as:

| m(apost’ ﬂpost) -0.5]

10
0E x100%, (10)

MAP (aposh ﬁpost) =

where the mode is

¥post — 1

m(apost’ ﬂpost) Tpost + ﬁpost —2°

MAP is essentially a reflection of the ratio of wins to total outcomes for a pair, expressed
in terms of its distance from complete disagreement at p=0.5. As such, it does not fully cap-
ture the remaining uncertainty, which is particularly problematic when only a small number
of comparisons have been made for a given pair. Consequently, MAP can fluctuate substan-
tially from one outcome to the next in the early stages.

In contrast, EAP integrates over the full Beta posterior, smoothing across uncertainty and
providing a more stable, informative indicator of local reliability. It is defined as:

1

EAP(apost! ﬂpost) ZK/p91(1 -p)’2|p—0.5| dp, (11)
0

Iﬂ(“’posl + ﬂpost)
0.5T (atpost )T (Bpost)
of this integral is provided in Gray et al. (2025). Intuitively, EAP quantifies the degree of
disagreement and the extent to which the posterior distribution diverges from p=0.5 (the
point of complete disagreement). High EAP values indicate convergence towards

where k = X100, 01 = apst — 1, @nd 05 = Bost — 1. An analytical closed form
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consensus on a winning item, whereas values approaching zero signal persistent ambiguity
and consistent disagreement.

Validity concerns the extent to which a method accurately recovers the ‘true’ ordering of
items. Gray et al. (2024) focus on criterion-specific validity: given a known target ranking, how
well can the method reproduce it? In the CJ literature, this form of validity is sometimes referred
to as benchmark reliability (Crompvoets et al., 2022). Because BCJ and MBCJ produce ordinal
outcomes, Kendall's 7 is employed—following Gray et al. (2024) and Gray et al. (2025)—as it is
the appropriate measure of ordinal agreement and directly evaluates whether the method pre-
serves true pairwise relations. Validity in this form is conceptually aligned with accuracy, which
cannot be inferred from reliability alone. For example, a weighing scale that is consistently
miscalibrated may be highly reliable but inaccurate. Similarly, assessors in CJ may be perfectly
consistent while applying an incorrect internal criterion, yielding reliable but invalid rankings. For
instance, Leech et al. (2022) demonstrate that assessors were consistent yet incorrect when
judging the difficulty of science examination questions.

To quantify this, we compute the normalised Kendall = distance, which measures discrep-
ancies between two ranked lists. Distances range from 0 (perfect agreement) to 1 (complete
disagreement) (Fagin et al., 2003; Kendall, 1938). For example, a distance of 0.03 indicates
that only 3% of pairwise orderings differ. In this study, as each method progressed, we re-
corded the r distance after every paired comparison, enabling us to examine how quickly
each method converged towards the target ranking—serving as an indicator of benchmark
reliability or criterion-specific validity. The final ¢ distance reflects the accuracy, and there-
fore the validity, of the ranking produced by each methodology.

RESULTS AND DISCUSSION

Before scrutinising the results, it is important to acknowledge that the effectiveness and
validity of CJ have already been well established across educational levels—from primary
to HE (Bartholomew & Jones, 2021; Jones et al., 2019; Marshall et al., 2020)—particularly
in subjects requiring holistic or qualitative evaluation.

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

Nonetheless, we acknowledge that much of the contextual framing in the literature is
grounded in primary and secondary education, whereas our study applies BCJ and MBCJ
to a real dataset from HE. It is important to recognise key structural and cultural 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 implications 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.

In the remainder of this section, we first examine the performance of individual asses-
sors against the Oracle ground-truth ranks when using the three approaches—traditional
absolute marking (TAM), Bayesian comparative judgement (BCJ), and multi-criteria BCJ
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(MBCJ)—to evaluate both the comparative effectiveness of each method and the variability
in assessors' performance.

We then analyse the assessors' responses to our questionnaires, along with insights
gathered from the workshop session held with all assessors and from expert interviews. Our
focus is on whether, and in what ways, BCJ and MBCJ support transparency, as well as the
issues and considerations raised regarding their use in practice.

Quantitative performance

In Tables 1-3, we present the outputs from the three scoring methods for each marker:
traditional absolute marking (TAM), Bayesian CJ (BCJ), and multi-criteria BCJ (MBCJ). The
corresponding performance metrics are reported in Table 4, while the relative performance
between markers is summarised in Table 5. Throughout, we analyse performance using
the convention of reporting the mean accompanied by one standard deviation in the format
a+b, where a denotes the mean and b the standard deviation.

Temporal efficiency

For TAM, markers required on average 112+25min (1:52+00:25) to complete the task.
This aligns with expectations—given that extended-work marking is typically estimated
at 10—15min per item, a total of 100—150min for 10 items is reasonable. Marker 2 was
exceptionally fast, completing the task in just 86 min (1:26).

In contrast, under BCJ, markers required approximately 89 +29min (1:29 +00:29) before
either reaching the imposed two-hour cap (02:00) or voluntarily stopping once they felt they
could no longer make informative comparisons.

For MBCJ, markers required 104 + 20 min (1:44 + 00:20), again stopping either at the time
limit or due to fatigue. Interestingly, the marker who was the fastest under BCJ was the
slowest under MBCJ.

It is notable that each method had a different ‘fastest’ marker: Marker 2 for TAM, Marker 1
for BCJ, and Marker 3 for MBCJ. Because the methods were experienced in different orders
by each marker, this may suggest an influence of sequential exposure or learning effects.

Nonetheless, despite the ordering, BCJ was completed the fastest on average, followed
by MBCJ, and finally TAM. The standard deviations were similar across methods, indicating

TABLE 1 Scores by marker with item IDs using dataset 1.

Item Marker 1 Marker 2 Marker 3
1 1 14 12
2 10 14 13
3 15 14 14
4 13 8 13
5 13 14 16
6 12 12 15
7 13 10 15
8 7 8 12
9 1 10 12
10 16 18 13
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TABLE 2 BCJ output for all markers using dataset 2.

Marker Item Exp. SD P10 P50 P90
1 1 5.69 1.31 4 6 7
2 7.25 1.30 6 7 9
3 6.75 1.30 5 7 8
4 6.75 1.30 5 7 8
5 5.25 1.30 4 5 7
6 4.25 1.30 3 4 6
7 6.88 1.27 5 7 8
8 3.00 1.24 1 3 5
9 4.25 1.30 3 4 6
10 4.94 1.28 3 5 7
2 1 7.75 1.30 6 8 9
2 6.00 1.32 4 6 8
3 4.75 1.30 8 5 6
4 4.75 1.30 3 5) 6
5 7.25 1.30 6 7 9
6 4.25 1.30 3 4 6
7 5.00 1.32 3 5 7
8 3.25 1.30 2 3 5
9 5.25 1.30 4 5 7
10 6.75 1.30 5] 7 8
3 1 6.12 1.27 5 6 8
2 7.25 1.30 6 7 9
3 3.50 1.24 2 3 5
4 5.75 1.30 4 6 7
5 5.75 1.30 4 6 7
6 5.00 1.32 3 5 7
7 6.75 1.30 5 7 8
8 3.12 1.27 2 3 5
9 6.88 1.23 5 7 8
10 4.88 1.27 3 5 6

Note: We report the expected rank (Exp.) and standard deviation (SD) of each item's rank distribution, together with an 80%
high-confidence interval, showing the 10th percentile (P10), median (P50), and 90th percentile (P90) of the posterior rank
densities.

broadly comparable variability in marking times. Within the limits of this small sample, BCJ
appears to demonstrate the greatest temporal efficiency. Of course, the sample size is in-
sufficient to make strong statistical claims about significance.

Volume of work completed

Under TAM, each marker evaluated all 10 pieces of student work.
Under BCJ, markers completed approximately 48 +2 pairwise comparisons—slightly ex-
ceeding the total number of unique pairs (45, computed using Equation (1)). Consequently,
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TABLE 3 MBCJ output for all markers using dataset 3.

Marker Item Exp. SD P10 P50 P90
1 1 4.90 1.42 3 5 7
2 7.40 1.34 6 7 9
3 4.10 1.39 2 4 6
4 4.95 1.45 3 5 7
5 6.35 1.40 5 6 8
6 4.95 1.44 3 5 7
7 5.35 1.46 4 5 7
8 6.00 1.42 4 6 8
9 5.60 1.45 4 6 7
10 5.40 1.46 4 5 7
2 1 5.13 1.39 3 5 7
2 7.03 1.37 5) 7 9
3 3.48 1.31 2 3 5
4 4.75 1.39 3 5 7
5] 6.96 1.36 5] 7 9
6 5.20 1.46 3 5 7
7 5.10 1.47 3 5 7
8 5.92 1.44 4 6 8
9 5.30 1.48 3 5 7
10 6.14 1.44 4 6 8
3 1 4.96 1.44 3 5 7
2 7.70 1.31 6 8 9
3 4.45 1.43 3 4 6
4 5.48 1.43 4 5 7
5 6.69 1.38 5 7 8
6 5.55 1.43 4 6 7
7 4.58 1.41 3 5 6
8 3.95 1.38 2 4 6
9 5.57 1.45 4 6 7
10 6.07 1.42 4 6 8

Note: We report the expected rank (Exp.) and standard deviation (SD) of each item's rank distribution, together with an 80%
high-confidence interval, showing the 10th percentile (P10), median (P50), and 90th percentile (P90) of the posterior rank
densities.

some pairs were necessarily shown more than once. Interestingly, Markers 1 and 3 (not
Marker 2, who was the fastest in TAM) completed their BCJ comparisons substantially
faster, requiring 35min fewer or less to reach a similar number of comparisons.

For MBCJ, markers completed approximately 47 + 16 comparisons. Marker 3 required a
similar amount of time for both BCJ and MBCJ, completing three additional comparisons in
the latter. Marker 1, however, required nearly an hour longer to complete MBCJ and pro-
duced 12 fewer comparisons. In contrast, Marker 2 was more efficient in MBCJ than in BCJ,
completing 11 more comparisons in roughly the same amount of time.

Importantly, the two-hour limit ensured that, across markers, nearly every pair received at
least one comparison. Our review confirms that all pairs had at least one judgement in BCJ,
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TABLE 5 Relative performance of the markers under the three scoring methods—traditional absolute
marking (TAM), Bayesian CJ (BCJ) and multi-criteria BCJ (MBCJ).

TAM BCJ MBCJ

A A A A A
Marker Combined  Time| |A7] Time| |A7]| RSR] Time| |Az]| RSR]
1 2 00:51 0.4 00:53 0.33 0.01 00:11 0.11 0.72
1 8 00:23 0.4 00:15 0.29 0.02 00:38 0.24 0.92
2 3 00:28 0.49 00:38 0.27 0.01 00:27 0.18 0.2

Note: The absolute differences are shown to illustrate how markers varied in time taken and in the quality of the output ranks.

and nearly all pairs did so in MBCJ (with one marker completing eight fewer comparisons
than the full set).

If we assume that marking all items under TAM is equivalent to making a decision about
every possible pairwise comparison, then the markers effectively achieved full pairwise cov-
erage in BCJ and nearly full coverage in MBCJ. Combined with the earlier temporal analy-
sis, this suggests that BCJ offers greater consistency in the volume of work completed and
provides a clear temporal advantage in terms of informational gain per unit of assessor time.

Comparison with ground truth

We first examine the extent to which individual markers—and the aggregated results—
agree with the official marks (hereafter the Oracle) that were returned to students. While
there is no guarantee that this target ground-truth ranking is itself perfectly valid, it nev-
ertheless represents the established gold standard within UK higher education for this
assessment.

Under TAM, we compared each marker's raw scores with the Oracle using Pearson's
correlation coefficient. The correlations were extremely low (0.08, —0.08, and 0.07), which
initially appears concerning. However, Pearson correlation is not well suited to ordinal accu-
racy, so we also computed the Kendall = distance after converting scores to ranks. As shown
in Table 4, the markers' = distances were 0.36, 0.40, and 0.40. These correspond to 36%,
40%, and 40% of pairwise orderings being discordant relative to the Oracle. Put differently,
the markers correctly identified 64%, 60%, and 60% of the pairwise orderings—substan-
tially more reassuring than the Pearson results suggest.

Markers also disagreed considerably with each other: pairwise comparisons showed at
least 40% disagreement (i.e., roughly 18 out of 45 pairs). Surprisingly, when we averaged
the TAM scores across markers and re-ranked the submissions, the resulting = distance
increased to 0.49—meaning that approximately half of all pairs were incorrectly ordered.
Thus, while TAM is considered the gold-standard methodology, these results highlight that
subjective assessment of extended written work can vary substantially between assessors
even under traditional marking.

Under BCJ, the markers achieved much stronger agreement with the Oracle, with 7 dis-
tances of 0.16, 0.18, and 0.18. This nearly halves the proportion of discordant pairs relative
to TAM: for example, 0.18 corresponds to only about 8 misordered pairs out of 45. When
applying the standard BTM (rather than BCJ) to the same comparison data for each marker,
the BTM-based r distances rose (except for Marker 3, where they were tied), changing from
7 to 11 discordant pairs for Marker 1 and from 8 to 10 for Marker 2. This clearly indicates that,
given the same data, BCJ produces more accurate rankings than BTM.
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When comparisons from all markers were pooled and analysed jointly, performance im-
proved dramatically: the aggregate 7 distance fell to 0.02 under BCJ and 0.04 under BTM.
In absolute terms, BCJ misordered one pair and BTM misordered two pairs. The difference
is small, but BCJ remains marginally superior. More importantly, this demonstrates that CJ
performs extremely well when sufficient comparison data are available. It is also striking
that markers, who disagreed markedly under TAM, produced aggregate CJ outcomes that
aligned almost perfectly with the Oracle.

This alignment should also be interpreted in the context of inter-marker agreement
under BCJ: as reported in Table 5, pairwise r distances between markers decrease
by approximately 10% points (4—5 pairs out of 45) relative to TAM. This suggests that
BCJ not only improves alignment with the Oracle but also reduces divergence between
assessors.

Turning to SSR and RSR, SSR values for individual markers under BCJ are relatively
high and close to the recommended threshold of 0.7 (see Kinnear et al. 2025 for discussion).
However, SSR drops considerably when data are aggregated. This is surprising given the
substantial improvement in ranking accuracy, and raises questions about whether SSR reli-
ably reflects reductions in uncertainty in this context. By contrast, RSR values for individual
markers are low—reflecting the wide uncertainty in the rank distributions—but increase
meaningfully when aggregated, correctly capturing the reduction in variance of item-wise
rank distributions. This suggests that RSR may be a more faithful measure of reliability
within a probabilistic ranking framework such as BCJ.

It is also noteworthy that SSR and RSR remain broadly similar across markers when
treated independently. This indicates that these metrics primarily reflect the amount of avail-
able evidence rather than the accuracy of the derived orderings, reinforcing the argument
that validity measures (such as r distance) are essential alongside reliability metrics, when
available.

For MBCJ, Markers 1 and 2 improved their = distances, each correctly ordering an ad-
ditional one to two pairs. In contrast, Marker 3 performed considerably worse, misordering
approximately five additional pairs.

Interestingly, inter-marker agreement improved within the MBCJ cohort: Markers 1 and 3
disagreed on only 11 pairs which—although the weakest level of agreement within the MBCJ
group—still represents better alignment than any pairwise agreement observed under TAM
or BCJ. This suggests that explicit criteria may help assessors remain more consistent with
one another. However, whether these rankings are valid is more complex. Notably, the ag-
gregated MBCJ outcomes showed a substantially higher = distance (nine misordered pairs)
than BCJ (one misordered pair), indicating weaker overall alignment with the Oracle under
MBCJ. One possible explanation is the weaker performance of Marker 3 under MBCJ, who
also completed their task comparatively quickly.

Finally, RSR values for individual markers under MBCJ were negative. This arises be-
cause the variance of the item-wise rank variances exceeded the variance of the item-
wise rank means, indicating that uncertainty was too high to confidently distinguish between
items. Although the z distances suggest that mean ranks were still reasonable, the high
spread of individual rank distributions reflects genuine ambiguity in the pairwise compari-
sons. When aggregated, RSR improved substantially (to 0.35), though it remained modest;
meanwhile, the aggregate = distance remained relatively poor.

Overall, BCJ performed the best in recovering the ground-truth ranking: it was the fastest
method overall and misordered only a single pair. MBCJ performed less well, misordering
nine pairs, although it offers richer insight through criterion-specific ranks and associated
uncertainty distributions. TAM performed the worst, misordering approximately half of all
pairs, making it the least reliable.
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Limitations

We acknowledge several limitations in this study. Although we attempted to create represent-
ative sampling across TAM, BCJ, and MBCJ, qualitative differences in the scripts allocated
to each group may have influenced the observed outcomes. Furthermore, the experience of
the markers differs markedly from that of the Oracle: a substantial proportion of the Oracle's
marks were produced by the module leader, who designed the assignment and possesses
considerably more marking expertise than the markers in this study. This discrepancy may
partly explain the divergence between marker-level and Oracle-level rankings.

In addition, both the dataset and the number of markers were small—albeit broadly repre-
sentative of a typical taught Master's cohort—which necessarily limits the generalisability of
the findings. Nonetheless, these initial results indicate that BCJ and MBCJ hold significant
promise as viable approaches to assessment, and they provide a compelling rationale for
larger-scale studies involving more students and a broader pool of assessors.

Questionnaire results and analysis

Marker one rated traditional 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 compa-
rability between students. They were less confident in the accuracy of their marks (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 traditional marking, with them rating ease of use
as two. They struggled with the holistic nature of the comparisons, as they typically as-
sessed work LO by LO rather than as a whole. Transparency was also rated low (two), as the
process lacked clear justifications for the rankings beyond the final distribution. Their con-
fidence 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 traditional marking.

MBCJ was rated higher in ease of use (four), as LO-delineated comparisons aligned bet-
ter with their marking approach. They found it significantly more transparent (four), appreci-
ating the radar plot that visualised individual strengths and weaknesses. Their confidence in
the rankings was also rated four, as the structured approach reduced subjectivity. Although
initially cognitively demanding, they found it became easier over time while maintaining ob-
jectivity. They suggested adding an ‘unsure’ option for cases where two submissions were
indistinguishable.

Marker one preferred MBCJ over other methods, as it aligned with how they assessed
student work and provided clearer comparative insights. While traditional marking was famil-
iar 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 judgement. However, they
noted that traditional marking still offered more direct feedback to students, which they felt
could be integrated into MBCJ in the future.

Marker two found that traditional marking was the easiest and most transparent
method, rating both aspects a five. They appreciated the structured nature of the pro-
cess, which allowed for clear criteria-based assessment. They noted that providing feed-
back enhances transparency but mentioned that an even more detailed mark scheme
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would 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 acknowledged 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 pa-
pers of similar quality without standard criteria. Initially, they found the method to be ex-
hausting, particularly since it was the first they attempted. Transparency was rated between
four and five, as they appreciated the probability distributions but felt it remained somewhat
‘black boxy’. They were fairly confident in the ranking results, but noted that their lack of
understanding of the underlying algorithm reduced their confidence 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 compare work across LOs, which made it more
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 improvement.

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

Marker three found traditional 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 traditional marking clearly breaks down the reasoning
behind each score, though they acknowledged that consistency among markers is crucial.
They felt the process was somewhat accurate (three to four) but prone to variability based
on the marker's mood or level of fatigue. While they found the approach familiar and struc-
tured, 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 appreci-
ated the simplicity of pairwise comparisons, particularly when differences between submis-
sions 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 actionable feedback for
students. They were fairly confident (four) in the final rankings, as they aligned with their ex-
pectations, though they recognised that inconsistencies in marking could influence results.
Compared to traditional marking, 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 over-
all consistency. However, they noted that minor variations, such as differences in referenc-
ing, could lead to occasional inconsistencies.

When asked about preferences, the participant found BCJ to be the most straightforward
but preferred MBCJ for its ability to highlight strengths and weaknesses across LOs. They
believed MBCJ was a strong alternative to traditional marking, especially when multiple
markers were involved, as it could help moderate inconsistencies. Ultimately, they had the
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most confidence in either traditional marking or MBCJ, with traditional marking being the
safer, more familiar option but MBCJ offering potential advantages in efficiency and fair-
ness. 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 tradi-
tional marking was associated with high levels of trust and transparency. However, MBCJ
was perceived as offering greater transparency than BCJ, primarily because marking was
conducted according to each LO. This allowed markers to clearly understand how judge-
ments 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 contrast, BCJ
was sometimes perceived as cognitively demanding, particularly when markers encoun-
tered 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 traditional marking 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 transparency. Nevertheless,
traditional marking remained the method in which markers placed the greatest trust, partic-
ularly regarding final marks and rankings.

Both traditional marking and MBCJ were deemed more transparent than BCJ due to
the ability to see how marks were assigned to individual LOs. Markers noted that if tra-
ditional marking required only an overall score rather than LO-based marking, its trans-
parency would decrease, making the BCJ approach comparatively more acceptable. This
highlights 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 miti-
gate potential biases. In traditional marking, there is a risk that a marker may be overly harsh
or lenient in their initial assessments before adjusting their expectations after encountering
more responses. The CJ methods counteracted this by requiring markers to make direct
comparisons between two pieces of work at a time, thereby reducing inconsistencies arising
from fluctuating standards over the marking process.

Across all three interviews, participants generally found traditional marking to be the most
transparent but also the most time-consuming and cognitively demanding. While they rated
its transparency highly, due to the structured nature of criteria-based assessment, they were
less confident in its accuracy, citing concerns about subjectivity, inconsistency, and fatigue
over time. They appreciated the ability to provide direct feedback 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 differences,
others struggled with its holistic nature, as it did not align with their typical LO-based marking
approach. Transparency was rated lower than traditional marking, as the ranking process
felt more like a ‘black box’ with limited justification for individual scores. Confidence in rank-
ings varied, with some finding them reasonable but others feeling that the method increased
subjectivity. Participants also found BCJ more mentally demanding than expected, espe-
cially when comparing closely matched submissions. One participant suggested incorpo-
rating an ‘unsure’ option for cases where no clear distinction could be made between two
pieces of work.

MBCJ was consistently preferred over standard BCJ and, in some cases, over traditional
marking. Participants found it more transparent and easier to use than BCJ, as breaking
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down comparisons by LO aligned better with their marking approach. They appreciated the
radar plot visualisation, which provided clear insights into students' strengths and weak-
nesses. Confidence in the rankings was higher than in BCJ, as participants felt that evaluat-
ing 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 structured
comparisons and reduced subjectivity, but traditional marking remained valued for its trans-
parency and feedback. The key takeaway was that MBCJ had strong potential as an alter-
native assessment method, particularly if mechanisms for providing direct feedback were
integrated. Participants also suggested enhancements such as flagging close comparisons,
incorporating an ‘unsure’ option, and using multiple markers to improve consistency.

Workshop results and analysis

The three makers who took part in the experiment came together to discuss their experi-
ence as a group while undertaking the marking. At the start of the workshop, when the
participants were asked if they felt that the distribution of the samples was evenly distributed
between the three sub-samples, they all agreed they were.

The workshop began with a recap of the three marking methods: Traditional Marking,
BCJ, and MBCJ. Participants were invited to reflect on their initial assumptions about these
methods before reviewing their marking outcomes. Most expected traditional 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 inconsis-
tency, 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 methods,
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. Traditional marking had the highest level of inconsistency, with = 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 traditional 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, traditional 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 rankings, which
some participants argued could enhance trust in the system. A key challenge remained: how
to integrate meaningful feedback into CJ methods.

One of the major concerns was that BCJ and MBCJ, despite their improved consistency,
did not provide students with detailed feedback on how to improve. Some participants sug-
gested that automated feedback tools could be developed to provide comments based on
ranking decisions. Others proposed a hybrid approach, where BCJ or MBCJ could be used
for initial ranking, followed by targeted traditional marking for feedback. This could reduce
marking burden while maintaining transparency and student guidance.
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Participants also reflected on how marking scales over larger cohorts. Traditional
marking was seen as impractical for large groups, as it required significant time and ef-
fort to maintain consistency across multiple markers. They discussed how CJ could help
mitigate 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 perceived
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 inconsistencies would
then be corrected by the BCJ system's ranking abilities. This is an interesting point, as in
usual CJ implementations, this is how CJ is usually carried out, as it can be done with one
or multiple markers contributing together (Gray et al., 2022). However, this approach was
not implemented in this study.

By the end of the workshop, participants had significantly revised their views. Initially,
most had assumed that traditional 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 com-
parisons made it a strong alternative to traditional 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 sug-
gested that flagging difficult comparisons, incorporating an ‘unsure’ option, and integrating
structured feedback tools could make CJ more effective. They agreed that while traditional
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 traditional marking in many contexts, provided feedback mechanisms
were developed.

Expert interviews results and discussions

Three experts who research the CJ approach within assessment were interviewed for this
section. Two of the experts interviewed work within government educational institutions, with
one having previously worked for a UK exam awarding body while researching and imple-
menting 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 boundaries
rather than direct marking. They noted that CJ is valuable for maintaining transparency and
consistency because it focuses expert judgements on comparative quality rather than ab-
solute scores. However, they expressed caution about fully replacing traditional marking, as
CJ's holistic nature introduces new biases, such as influences from handwriting or skipped
questions, which do not affect absolute marking. Their organisation 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 appli-
cations sometimes overlapping. Their research focuses on CJ's use in mathematics education,
particularly to evaluate problem solving and conceptual understanding. Introduced 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
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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 current role,
their early work focused on standard maintenance rather than using CJ as an alternative to
traditional marking. Their initial experiences involved manually comparing physical scripts
to link standards between different exams, such as A-level Maths syllabi from different de-
cades. This process was slow and logistically complex, prompting them to explore rank-
ing multiple items instead of making only pairwise comparisons. However, they noted that
analysis still required converting rankings back into pairs, which could sometimes create a
misleading impression of reliability.

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 multi-
ple assessors are involved, in traditional marking, its reliability is comparable. Similarly, E2
noted that while some judges (students in particular) have slightly lower reliability, 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
adaptive models, where not all scripts are judged against a common set of comparisons.
This, along with potential issues such as expert bias and inadequate attention 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 transparency
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 em-
bedded 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.

Initial views on BCJ and MBCJ

All three experts acknowledged that BCJ builds on standard CJ through a more sophisti-
cated statistical model, but there was also consensus that it does not inherently improve
transparency. Both E1 and E2 independently noted that the Bayesian nature of BCJ is
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
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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 absence of explicit marking
criteria and a clear audit trail.

E1 also raised an ethical dimension, warning that the use of priors in BCJ could intro-
duce bias in high-stakes settings, though they were more accepting of their use in for-
mative assessments, where fairness is less critical and efficiency more important. Their
overall conclusion was that BCJ does not enhance transparency or decrease it but does
offer 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 outputs
would be without substantial training. They highlighted that while 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 recognising its success in
small-scale university settings.

All three experts viewed MBCJ 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 praised MBCJ for enhanc-
ing transparency, with E1 stating that the clearer structure reduces holistic subjectivity 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.

In terms of usability and marker experience, E1 referenced markers' feedback showing
that MBCJ was preferred over BCJ due to reduced cognitive load 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 better
supports educational assessment. E3 also saw value in its potential to mitigate snap judge-
ments by encouraging assessors to consider each criterion in turn.

However, E2 expressed reservations about interdependencies between criteria, arguing
that for research purposes, it is preferable to maintain independence across dimensions.
They emphasised the importance of context-sensitive assessment, suggesting 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 assess-
ment environments like national exams. They noted that while visualisations 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 ad-
vantages of reliability and efficiency but adds improved transparency and greater alignment
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 transparency remain unre-
solved challenges.
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Future directions

A key theme was the shift in perception after reviewing BCJ and MBCJ results. Initially,
traditional 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. Across the three interviews, there was
a shared view that MBCJ offers a strong foundation for future development, especially 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 particularly well
suited to educational contexts, though its role in research was more contested.

However, all three experts identified feedback and usability as priority areas for further
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, align-
ing with its multidimensional structure, while E3 flagged the challenge of providing meaning-
ful feedback more broadly in CJ-based models. E1 suggested any widespread adoption 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 cre-
ation 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 expressed similar inter-
est 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 reservations
about using it for research, due to potential interdependencies between criteria. They ad-
vocated for a flexible, pluralistic approach, where CJ, BCJ, and MBCJ are seen as com-
plementary tools, each suited to different contexts and purposes, rather than as a single
preferred standard. E3 called for more research into how judges process information 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. Initially,
traditional 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.

BCJ transparency in the assessment procedure

Initially, traditional marking was perceived as the most transparent because it provided a
structured, criteria-based approach with explicit marks and feedback. Participants felt that
transparency came from clearly defined assessment rubrics, where each score was justi-
fied based on LOs. However, they also acknowledged that traditional marking relied heav-
ily on the individual marker's judgement, which could introduce 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.
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BCJ was widely seen as less transparent than traditional marking, as it lacked explicit
justifications for ranking decisions. Participants found it difficult to determine why one sub-
mission was ranked higher than another, as the process was holistic and comparative 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 7),
apart from the transparency that the systems produce in displaying 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 rankings than traditional marking.

MBCJ, however, was seen as a step towards greater transparency (see Figures 9 and
10). 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 spe-
cific 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 maijor issue discussed was the role of feedback in transparency. Traditional marking
was still preferred in terms of transparency because it allowed markers to explicitly commu-
nicate reasoning to students. In contrast, BCJ and MBCJ, despite being more consistent 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 understand
why 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 rankings
across criteria. The consensus was that MBCJ had the potential to be a transparent and
fair alternative to traditional marking, but only if mechanisms for providing student feedback
were integrated into the process.

By using the BCJ or MBCJ approach, we can also display the transparency in the de-
cisions being made, by identifying instances of inter- or intra-marker discrepancy (see
Figure 11). If the markers agree about the outcome, the mode of the distribution will be close
to 1 or 0, depending on whether they prefer item a or b. However, if the mode is close to
0.5, this indicates disagreement between the markers—or possibly that a single marker is
inconsistent with themselves, with 0.5 indicating that 50% preferred item a, while 50% pre-
ferred item b. Ultimately, we believe this offers enhanced transparency and greater detail in
the presentation of results.

Gray et al. (2025) proposed new metrics to measures 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 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 11, where /=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, representing disagreements. For in-
stance, in Figure 11, where /=0 and j=6, disagreements between the markers is evident,
with a slight overall preference towards the item i with low agreement scores of an MAP
33.3% and an EAP of 37.5%. We can additionally create a heatmap that produces these
scores (see Figure 12) to visually identify the pairs that are dividing the crowd.
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FIGURE 11 This shows the transparency in the decisions being made. The closer the distribution 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 f value from the decisions made, while the blue line shows
the probability density function of the  distribution.

Expert two, when shown these outputs (Figures 11 and 12), found the insights informative
and suggested that these metrics could be a good alternative to measuring reliability com-
pared to the current approach of Scale Separation Reliability (SSR).

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

Additionally, we recognise that MBCJ could be integrated with more feedback-rich ap-
proaches, such as annotated exemplars or structured narrative comments, which would
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FIGURE 12 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 = to 50 shows that the agreement is outside
the 25th and 75th percent quantile ranges.

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
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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 through traceable judgement pathways, quantifiable uncertainty, and explicit rep-
resentations of disagreement. This shifts the focus from merely showing what was as-
sessed to how and why certain rankings emerge, foregrounding the epistemic processes
behind evaluation. It prompts us to question whether transparency should be rooted in
the 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 mod-
elling judgement as probabilistic and data-driven, it disrupts assumptions that expert con-
sensus 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 legitimacy
in marking practices. As Bloxham et al. (2016) note, moderation in HE often functions as
a ritualised process to satisfy regulatory optics rather than genuinely support standards.
The systematic audit trails and uncertainty metrics embedded in BCJ/MBCJ offer a more
substantive basis for moderation and review, aligning with contemporary policy demands for
transparency while preserving professional discretion.

To summarise, we believe BCJ and MBCJ render greater transparency in the following
manner:

e Pairwise uncertainty made explicit. Each pairwise decision is represented by a Beta
posterior distribution. With finite data, this distribution retains non-zero width, directly re-
flecting the remaining uncertainty in the preference between two items. These posteriors
support transparency in two ways:

1. they guide the adaptive, entropy-based selection of the next pair to compare and
2.they highlight pairs where assessors disagree, thereby supporting chief-assessor
adjudication when comparisons are difficult or contentious.

* Interpretable, uncertainty-aware rank outputs: Unlike standard CJ, which outputs latent
scores that may not correspond to interpretable marks, BCJ produces a predictive rank
distribution for each item, together with explicit uncertainty around that rank. These rank
distributions are directly interpretable and can be mapped to letter-grade categories via
the principled procedure described in Gray et al. (2024).

e Criterion-specific transparency through MBCJ: MBCJ extends BCJ by modelling each
criterion separately and then aggregating these criterion-level rank distributions into an
overall ranking. This enables assessors and stakeholders to inspect how rankings vary
across individual LOs, thereby adding a further layer of transparency to the decision
process.

* Visibility of the consequences of decisions: Taken together, BCJ and MBCJ provide trans-
parency not by simplifying the underlying computation, but by offering rich, interpretable
outputs that make the consequences of assessor decisions visible. Assessors can see
where uncertainty remains, where disagreements arise, and how individual comparisons
influence the overall ranking outcome.

Implementing BCJ

While the web apps used within this experiment are open-sourced and available on GitHub
(see “Conclusions” section for links), the documentation has been provided to make the
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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.

Additionally, for large sample sizes, the ranking process can be resource-heavy. Therefore,
depending on the specifications of the machines being used, the ranking process can take
some time. Still, the process for both standard and MBCJ 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 determination,
and rank generation (as shown in Figure 1)—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 assessor (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
(Attig et al., 2017).

If it is necessary to generate ranks after each comparison, a straightforward Monte Carlo
(MC) version of the probabilistic computation for BCJ (Gray et al., 2024) can be used. In this
case, with 300 items, the same machine can generate ranks within approximately 20s. For
MBCJ (Gray et al., 2025), 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 applica-
tions are typically reported to be between 10 and 15s (Attig et al., 2017)—user experience
is highly context-dependent. Further user studies are needed to determine what constitutes
a reasonable 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 (Caflisch, 1998). 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.

CONCLUSIONS

Traditional marking is familiar but cognitively demanding and inconsistent. CJ-based meth-
ods offer a more 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 assess-
ments 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 feedback
mechanisms, supporting interpretability and exploring how students respond to transpar-
ency and uncertainty metrics. MBCJ's structure presents opportunities to address this by
generating criterion-specific feedback, especially through automation.

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