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Comparative judgment (CJ) is an assessment method commonly used for assessing essay quality, where assessors 
compare pairs of essays and judge which essays are superior in quality. A psychometric model is used to convert 
judgments into quality scores. Although CJ yields reliable and valid scores, its widespread implementation in 
educational practice is hindered by its inefficiency and limited feedback capabilities. This conceptual study 
explores how Natural Language Processing (NLP) can address these limitations, drawing upon existing NLP 
techniques and the very limited research on their integration within CJ. More specifically, we argue that, at the 
start of the assessment, initial essay quality scores could be predicted from essay texts using NLP, mitigating the 
cold-start problem of CJ. During the CJ assessment, selection rules could be constructed using NLP to efficiently 
increase the reliability of the scores while supporting assessors by not letting them make too difficult comparisons. 
After the CJ assessment, NLP could automate feedback, helping to better understand how assessors arrived at their 
judgments and explaining the scores to assessees (students). To support future research, we overview appropriate 
methods based on existing research and highlight important considerations for each opportunity. Ultimately, we 
contend that integrating NLP into CJ can significantly improve the efficiency and transparency of the assessment 
method, all while preserving the crucial role of human assessors in evaluating writing quality.

1. Introduction

Comparative judgment (CJ) (Thurstone, 1927a, 1927b), also known 
as paired comparison or comparative assessment, is an assessment 
method used to assess and rank a set of objects based on their rel
ative traits or qualities. In the field of educational measurement, the 
method has often been applied to reliably assess the writing quality 
of student-written essays by comparing them in pairs (van Daal et al., 
2016; Steedle & Ferrara, 2016; Baniya et al., 2019). The assessment of 
machine-generated essays using CJ has not been studied to date. Be
yond measuring the quality of essays, CJ has also been applied to a 
variety of other educational assessments, including conceptual under
standing (Jones et al., 2019), problem-solving skills in mathematics 
(Jones & Inglis, 2015), geography (Pollitt & Whitehouse, 2012), design 
portfolios (Newhouse, 2014), formative assessments (Potter et al., 2017; 
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Bartholomew et al., 2019), and comparison of assessment standards be
tween examination boards (Bramley, 2007; D’Arcy, 1997).

The CJ assessment process proceeds as follows. First, a pair of two es
says is selected and presented to an assessor. Then, the assessor is tasked 
with comparing the two essays and determining which has the higher 
quality. Based on their judgment, the quality scores of all essays are es
timated. This is an iterative process which involves a group of assessors, 
each judging a series of (different) pairs of essays. Psychometric mod
els such as the Bradley-Terry-Luce (BTL) model (Bradley & Terry, 1952; 
Luce, 1959) are used to relate the quality scores of essays to the asses
sors’ judgments. More specifically, the BTL model links the probability 
of one essay being preferred over another in a pair to the difference in 
their quality scores. The higher the quality score of the first essay with 
respect to that of the second essay in a pair, the higher the probabil
ity that the first essay wins that comparison. In practice, the simplest 
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Fig. 1. Screenshot of the Comproved web application (https://comproved.com) used for conducting CJ assessments online. The assessor is repeatedly presented with 
a pair of essays and asked to select the one with superior writing quality.

specification of the BTL model is often adopted, where ties are not al
lowed and dependencies between judgments are disregarded (Bramley, 
2007). The CJ assessment concludes once sufficient comparisons have 
been made, typically when each essay has been judged enough to yield 
reliable quality scores. Practically, this occurs after each essay has been 
involved in multiple comparisons, often around 10 to 14, resulting in 
quality scores of acceptable reliability of 0.7 (Verhavert et al., 2019). 
An example of a web platform where assessors have to compare pairs of 
essays is shown in Fig. 1.

CJ offers several advantages over rubric-based grading, where es
says are evaluated according to specific criteria or dimensions relevant 
to the assessment’s learning objectives. Firstly, CJ assessments are gen
erally less tedious for assessors, as they are not required to evaluate 
how well essays adhere to detailed rubrics (Bloxham, 2009). Instead, 
assessors can use their expertise and experience when comparing essays 
(Lesterhuis et al., 2022), which is a more natural approach to assessment 
(Laming, 2003). Secondly, CJ assessments yield valid scores that reflect 
a consensus among assessors on what the assessed quality comprises 
(Bouwer et al., 2023; Wheadon et al., 2019; Jones & Inglis, 2015), even 
when assessors have varying conceptualizations of the assessed quality 
(van Daal et al., 2016). Finally, CJ assessments tend to produce reliable 
scores because they aggregate numerous judgments made by multiple 
assessors (Heldsinger & Humphry, 2010; Verhavert et al., 2019; Bouwer 
et al., 2023).

Despite the advantages of CJ in terms of validity and reliability, the 
assessment method still faces practical challenges at different stages, 
impeding the efficiency and transparency of the assessment. These prac
tical challenges, along with goals, are depicted in Fig. 2.

At the start of a CJ assessment, the quality scores of essays are still 
unknown because no judgments have been made yet. As the quality 
scores are initially unknown, assessors have to make numerous judg
ments throughout the assessment before the quality scores become re
liable, making CJ a rather inefficient assessment method. This issue, 
stemming from the lack of initial information on the quality scores of 
essays, is referred to as a ‘cold-start’ problem (De Vrindt et al., 2022, 
2024).

During a CJ assessment, pairs of essays are selected according to a 
selection rule. However, existing selection rules are either inefficient or 
cause unintended effects. A random selection rule is inefficient (Ver
havert et al., 2019), as it can select essays that are not very informative 
to compare, such as a high-quality and a low-quality essay. As a result, 
assessors have to make many judgments before the quality scores are re
liable. Bramley et al. (1998) denoted the inefficiency of CJ as the most 
salient difficulty of the assessment method in practice. To address this 
inefficiency issue, Pollitt (2012b) proposed to adaptively select pairs 
of essays based on minimal differences in the current estimates of the 
quality scores, as these are statistically the most informative to judge. 
However, adaptive selection rules tend to systematically overestimate 
the reliability of the estimated quality scores (Bramley, 2015; Bramley 
& Vitello, 2019; Crompvoets et al., 2020), leading to a biased view of 
reliability. Furthermore, pairing essays of similar quality makes it more 
difficult to judge them (Gijsen et al., 2021; van Daal et al., 2017), re
quiring more time from assessors and thus decreasing the efficiency of 
the assessment.

After the CJ assessment is completed, there is a lack of feedback op
portunities for both assessors and assessees. This issue arises because 
the scores are derived from holistic judgments (Steedle & Ferrara, 2016; 
Kelly et al., 2022), which lacks the transparency found when using de
tailed rubric marking (Jonsson, 2014; Mortier et al., 2015). The lack of 
transparency in quality scores also complicates the evaluation of the va
lidity of the judgments made by assessors (Kelly et al., 2022). Although 
assessors could provide feedback comments when making judgments, 
doing so extensively would be time-consuming and reduce assessment 
efficiency. Furthermore, writing numerous comments to individual es
says can lead assessors to adopt a more analytical approach (Verhavert 
et al., 2019), which conflicts with the holistic nature of CJ assessments 
(van Daal et al., 2016).

To tackle the challenges of CJ while maintaining its validity and re
liability, we argue that natural language processing (NLP) could be used 
at different stages of the CJ assessment. NLP involves various computa
tional techniques designed to automatically analyze human languages, 
both written and spoken (Chowdhary, 2020). A key objective in lan
guage analysis is the development of techniques to extract and model 
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Fig. 2. Diagram depicted CJ assessment as it is currently commonly conducted with challenges faced at different stages of the assessment along with assessment 
goals.

the syntax and semantics of language. Because NLP enables the extrac
tion and modeling of textual information from essay texts, it could be 
leveraged to enhance the efficiency and transparency of CJ assessments 
when assessing essays. Although NLP has demonstrated success in auto
mated essay scoring (AES) research (Taghipour & Ng, 2016; Dong et al., 
2017; Xue et al., 2021; Wang et al., 2022), its integration into CJ assess
ments has received little attention. Therefore, in this conceptual study, 
we explore the potential of NLP to address key practical challenges of 
CJ assessments based on existing NLP methods and the little empirical 
research available on their integration for CJ assessments. More specif
ically, this study identifies key opportunities for integrating NLP at the 
start, during, and after the CJ assessment process and outlines crucial 
considerations for future research. Additionally, we discuss the nature 
of automation introduced by integrating NLP into CJ, focusing on the 
dynamic between assessors and the’AI system’ (i.e., the automation in
troduced with NLP).

2. NLP at the start of the assessment

At the start of the assessment process, there is a lack of information 
about the quality of the essays, as assessors are yet to make judgments. 
Hence, many judgments are required before the estimates of quality 
scores are reliable. De Vrindt et al. (2022) found this problem to be 
similar to the ‘cold-start’ problem encountered in adaptive learning sys
tems (Sun et al., 2022a; Pliakos et al., 2019), where the characteristics 
of test items are unknown and need to be calibrated accordingly, as well 
as in recommender systems (Schein et al., 2002), where historical user 
interactions with items are needed for the calibration of item character
istics. To mitigate the need for extensive calibration of adaptive learning 
systems and recommender systems, linguistic features of test items can 
be automatically extracted with NLP and used to infer unknown char
acteristics of items (Settles et al., 2020; McCarthy et al., 2021; Penha & 
Hauff, 2020).

Similar to mitigating the cold start in adaptive learning systems and 
recommender systems, we argue that the cold start of CJ can be miti
gated by predicting the unknown quality scores from essay texts using 
NLP. More specifically, these predicted quality scores could function as 
initial quality scores of essays at the start of the assessment. Then, dur
ing the assessment, the initial quality scores could be further refined 
based on the judgments made by assessors in the BTL model (see Sec
tion 3). The specific NLP methods and the reliability of these initial 
scores are contingent on the available data to predict the initial quality 
scores. Hence, for predicting initial scores, we can distinguish between 
two educational settings: Setting A, where no assessed essays are avail

able, and Setting B, where assessed essays from previous assessments are 
available. Both settings and their opportunities are illustrated in Fig. 3.

2.1. Alleviating the cold start based on inherent linguistic features of essays

When no prior assessments are available, quality scores could be pre
dicted directly from the essay texts themselves. This is what we denoted 
as Setting A. In AES research, weakly supervised learning techniques 
are commonly used to predict essay scores when no assessed essays are 
available (Zhang & Litman, 2021; Wang et al., 2023; Mim et al., 2019; 
Song et al., 2020). These techniques rely on inferring weak signals from 
data and then using them for supervised learning. To infer the quality 
of essays from their texts, weak signals of essay quality could be ob
tained by measuring the linguistic features of essay texts, such as the 
number of grammatical errors, usage of words and pronouns, style, or
ganization, and relevance to the assignment prompt (Ke & Ng, 2019; 
Zesch et al., 2015). Essays scoring high or low on these features are 
likely to be of high or low quality. Based on these weak signals for es
say quality, a machine learning model could be trained to predict essay 
scores as a regression task. Neural networks are commonly applied for 
supervised learning on these weak signals (Zhang & Litman, 2021; Mim 
et al., 2019). However, Wang et al. (2023) proposed an alternative ap
proach by formulating score prediction as a ranking problem. In this 
method, the ranking of essays is first predicted for various linguistic 
features, which are then aggregated to determine final essay scores. A 
recent study by Mizumoto and Eguchi (2023) used a large language 
model to predict essay scores through zero-shot prompting. The model 
was instructed to generate scores based on a description of the rubrics. 
They then combined the model’s output with a set of linguistic features 
related to complexity and cohesion to train a regression model to predict 
the essay scores.

Following a weakly-supervised learning approach for AES, initial 
quality scores could be predicted at the start of a CJ assessment without 
requiring scores of assessed essays. However, note that machine learn
ing models that only rely on essay texts generally produce poorer score 
predictions compared to settings where human assessments are avail
able for training (Wang et al., 2023), highlighting the importance of 
using human assessments for training automated scoring systems.

2.2. Alleviating the cold start based on available assessed essays

In a more practical assessment setting, previously assessed essays 
that were part of other assessments could be available. This is what we 
denoted as Setting B. These assessments could be essays written for the 
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Fig. 3. Diagram depicting the opportunities of NLP to predict initial quality scores from essay texts at the start of the CJ assessment, thus alleviating its cold start. 
Opportunities are outlined for two settings: Setting A, where no assessed essays are available, in which case initial quality scores can be predicted based on inherent 
linguistic features of the essays, and Setting B, where previously assessed essays from other assessments are available, allowing initial quality scores to be predicted 
based on the quality scores of those assessed essays.

same assignment but at a different time, for instance, when an exam is 
retaken or when essays are written for a different assignment. In this 
setting, quality scores do not need to be inferred from the inherent 
linguistic features of essays; instead, they could be predicted based on 
the relationship between available essay texts and their quality scores. 
This setting is most commonly assumed for AES (Ramesh & Sanampudi, 
2022).

Traditionally, machine learning models are used that rely on lin
guistic features of essay texts to predict scores (Phandi et al., 2015; 
Zesch et al., 2015). However, in recent years, there has been a shift 
toward adopting deep-learning models for AES (Ramesh & Sanampudi, 
2022; Uto, 2021). Rather than using specific linguistic features of essays, 
deep-learning models typically use transfer learning, which maps essay 
texts to numerical representations by leveraging knowledge acquired 
from pre-training on large volumes of corpora. The numerical represen
tations, often termed as ‘embeddings’ (Pilehvar & Camacho-Collados, 
2020), can be further fine-tuned for various tasks, such as predicting 
essay scores (Uto, 2021). Fine-tuned deep-learning models, particularly 
transformers (Vaswani et al., 2017), predict essay scores that show a 
high agreement with the scores given by human assessors by adding 
a regression layer to the final layer of the model (Taghipour & Ng, 
2016; Dong et al., 2017; Xue et al., 2021; Wang et al., 2022). Nonethe
less, deep-learning models come with certain drawbacks (Yaneva & von 
Davier, 2023); for example, training or fine-tuning deep-learning models 
require significant computational resources and deep-learning models 
operate as black-box systems, making their predictions not directly in
terpretable, while feature-based essay-scoring models are interpretable. 
For an overview of deep-learning architectures for AES, see Ramesh and 
Sanampudi (2022).

In a recent empirical study, De Vrindt et al. (2024) showed the po
tential of mitigating the cold start of CJ by predicting initial quality 
scores based on quality scores of assessed essays written for other assign
ments. They addressed the cold start of CJ by predicting initial quality 
scores and using them as prior belief in a Bayesian BTL model. First, 
they fine-tuned a transformer model with a regression layer on quality 
scores of essays from available CJ assessments to predict initial qual
ity scores of essays at the start of a new assessment. Then, they used 
the predicted initial quality scores to construct informative prior dis
tributions in a Bayesian BTL model, which are continuously updated 
during an assessment based on assessors’ judgments. Through a simula
tion study, De Vrindt et al. (2024) showed that their approach improved 
the efficiency, as the number of judgments needed to reach a reliability 

of 0.70 dropped from 15% to 41%. Even though the scope of the study 
was limited, they showed promising results to alleviate the cold-start CJ 
for Setting B.

2.3. Considerations

For future research on predicting initial quality scores to alleviate the 
cold start of CJ, it is important to recognize that CJ uses different evalua
tion metrics compared to AES. Typically in AES research, the agreement 
between predicted scores and ‘true scores’ of essays, which are the scores 
given by (multiple) assessors, is evaluated with the quadratic weighted 
Kappa (Cohen, 1960; Ke & Ng, 2019). The goal is to maximize the 
overlap between the predicted and true scores as discrete values. In
stead of focusing on agreement, in CJ assessments, the reliability of the 
quality scores is evaluated to indicate the consistency among assessors’ 
judgments (Wheadon et al., 2019). The higher the reliability, the fewer 
judgments assessors need to make. Following classical test theory, reli
ability can be measured using the squared Pearson correlation between 
the estimated quality scores and the true quality scores, representing the 
proportion of variance of quality qualities explained by the true quality 
scores (Kim, 2012; Brennan, 2010). In CJ, the true scores are assumed 
to be the scores that accurately reflect the quality of essays. Although 
impracticable, these true quality scores could be obtained by letting as
sessors compare all essays with each other, using an all-play-all design 
(Bramley, 2015; Bramley & Vitello, 2019; Crompvoets et al., 2020).

A potential challenge in this prediction task arises when the assign
ment of the essays used for training differs from the assignment of the 
essays for which quality scores are predicted. To account for such dif
ferences, assignment information, such as prompt or source material, 
could be added as contextual information to essay texts when training 
essay-scoring models (Do et al., 2023; Sun et al., 2022b; Li et al., 2020). 
However, if the essays were written in different text genres, combin
ing the quality scores in a training dataset could be inappropriate since 
they measure different kinds of writing quality and represent different 
scales. To accommodate for this, the scores of each assessment could 
be first calibrated on a scale with a fixed range using, for example, the 
method of Fair Averages (Linacre, 1989). Another challenge may arise 
when longer-form essays are involved since many transform-based mod
els have token length limitations. To train on longer-form essays, they 
could be split into smaller chunks, sometimes with overlapping sections, 
to retain the context of the entire essay (Dong et al., 2023). This chunk
ing strategy ensures that models can effectively capture global and local 
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features of longer texts without losing critical information for predicting 
essay scores. Considering this contextual information of the assessment, 
such as the assignment, scale of scores, and type of essays, is essential to 
ensure that predicted initial scores are as reliable and valid as possible.

3. NLP during the CJ assessment

During the CJ assessment process, assessors repeatedly judge pairs of 
essays and choose which essay is better. Subsequently, the quality scores 
are estimated based on the judgments of assessors (see Fig. 2). These 
quality scores are logit values in a BTL model and are estimated based on 
the number of times essays won comparisons and the essays with which 
they were compared. Generally, the reliability of the estimated quality 
scores increases as the number of comparisons increases (Verhavert et 
al., 2019).

As mentioned above, the reliability of the estimated quality scores 
is calculated relative to the true quality scores (Kim, 2012; Verhavert 
et al., 2018). However, in practice, the true quality scores of essays are 
unknown during an assessment. Therefore, the reliability cannot be di
rectly calculated. Instead, in practical assessments, the scale separation 
reliability (SSR) is calculated to approximate the reliability of the esti
mated quality scores (Brennan, 2010; Bi, 2003). The SSR only depends 
on the spread and uncertainty of the estimated quality scores. For a 
derivation and interpretations of the SSR as a reliability measure, refer 
to Verhavert et al. (2018).

The algorithm or rule that determines which pairs of essays are se
lected affects how fast the SSR increases. The faster the SSR increases, 
the fewer judgments the assessors need to make and the more efficient 
the assessment becomes. Different selection rules exhibit different levels 
of efficiency. When pairs of essays are randomly selected, assessors are 
required to make many judgments: between 10 and 14 judgments per 
essay for an SSR of 0.70 and between 26 and 37 judgments per essay for 
an SSR of 0.90 (Verhavert et al., 2019). In contrast, when using adap
tive selection based on the closest estimated quality scores, the number 
of judgments that assessors need to make can be reduced to 11 judg
ments per essay for an SSR of 0.9 (Pollitt, 2012b). However, adaptive 
selection has two major limitations during the CJ assessment: firstly, it 
leads to selecting pairs that are difficult for assessors to compare (Gi
jsen et al., 2021; van Daal et al., 2017), and secondly, it causes the SSR 
to artificially inflate with respect to the actual reliability as given by 
the squared Pearson correlation coefficient (Bramley, 2015; Bramley & 
Vitello, 2019; Crompvoets et al., 2020).

When using NLP on essay texts, a selection rule is not limited solely 
to using the estimated quality scores. There is the opportunity to lever
age information from essay texts in a selection rule for CJ. We contend 
that by integrating the essay texts, pairs of essays can be selected more 
efficiently in two respects (see Fig. 4): first, by selecting the set of pairs 
of essays that are not overly time-consuming to judge, as they are not 
too difficult to compare, and second, by selecting pairs of essays from 
this set to minimize the number of judgments needed to obtain reliable 
quality scores without artificially inflating the SSR.

3.1. Avoiding the selection of pairs difficult to judge

Not all pairs of essays pose the same difficulty for assessors to judge. 
Specifically, judging pairs of essays with a similar quality score, selected 
with an adaptive selection rule, is difficult for assessors (van Daal et al., 
2017). In an eye-tracking study by Gijsen et al. (2021), they found that 
assessors perceive it to be more difficult to judge pairs of essays with 
small differences in qualities, leading to more inconsistent judgments. 
Hence, the more difficult it is to judge pairs of essays, the more time 
it takes for assessors, and thus, the more inefficient the CJ assessment 
becomes. Besides time inefficiency, the increased difficulty also leads 
to more inconsistency in the judgments assessors make, which has a 
negative impact on the reliability of the quality scores.

To avoid the selection of pairs that are difficult to judge, heuristic 
rules have been proposed that prevent the selection of pairs of essays 
with the closest estimated quality scores. For instance, Rangel-Smith 
and Lynch (2018) selected pairs of essays with quality scores using the 
BTL model of at least a difference between 1.50 and 2.50, depending 
on the variance of the quality scores. Similarly, Pollitt (2012a) only se
lected pairs of essays where the probability of winning, as given by the 
BTL model, is close to 0.33 or 0.67. Although smaller differences in esti
mated quality scores coincide with more difficult judgments (van Daal et 
al., 2017), this may not always be the case. As van Daal (2020) argued, 
similarity in quality only partially explains the difficulty of judging. The 
relationship between the similarity in quality scores and judging diffi
culty could be more nuanced. A pair of essays could very well be of 
different quality levels but still be difficult to compare, such as when 
comparing a well-structured essay with many spelling mistakes with a 
poorly structured essay with few spelling mistakes. However, the impact 
of the content or features of essays in a pair on the difficulty of judging 
them has not been explored. By using NLP, pairs of essays that are dif
ficult to judge could be identified based on their texts and subsequently 
be avoided in a selection rule.

More specifically, the similarity between essay texts could be used 
to devise a selection rule that avoids difficult judgments. Then, a set 
of pairs of essays that are not difficult to judge could be selected, as 
shown in Fig. 4. In the context of AES, scores from assessors need to 
be collected for training machine learning models. To facilitate easier 
scoring for assessors, a common approach is to cluster essays based on 
their similarity so that assessors can assess a batch of essays simultane
ously and identify common errors (Basu et al., 2013; Brooks et al., 2014; 
Weegar & Idestam-Almquist, 2023). Nevertheless, techniques following 
this approach were mainly developed to quickly grade short-form es
says, which are generally easier to compare than regular or long-form 
essays (van Daal, 2020). As essays can contain a lot of information, align
ing them and differentiating between them can be difficult for assessors 
when comparing them pairwise. To avoid difficult judgments, a selec
tion rule could help focus the attention of assessors. When using NLP, 
essay pairs could be selected that are similar with respect to unimportant 
aspects of text quality, such as language conventions and usage (Lester
huis et al., 2022). By matching unimportant aspects of text quality of 
essays, assessors could focus more on differences in critical higher-order 
aspects, such as organization, argumentation, or source integration, 
which are more decisive when assessing them with CJ (Lesterhuis et 
al., 2022; Lesterhuis, 2018). This approach could help assessors to bet
ter structurally align essays when comparing them, which could reduce 
their cognitive load (Posten & Mussweiler, 2017; Medin et al., 1995), 
making comparing them less difficult. For instance, essays of widely dif
ferent lengths would not be selected to be compared as they are difficult 
to structurally align with each other. This approach of aligning essays 
based on unimportant features is likely most beneficial for regular or 
long-form essays, as they contain more information, which makes com
paring them easier. However, even for short-form essays, this could also 
result in less difficult judgments for assessors, though the impact could 
be smaller as they are already easier to align.

In AES research using feature-based models, sets of linguistic features 
are often employed to measure aspects of text quality, such as readabil
ity (Zesch et al., 2015), argument strength (Ghosh et al., 2016), prompt 
relevance (Beigman Klebanov et al., 2016), discourse features (Soma
sundaran et al., 2014), and language complexity (Latifi & Gierl, 2021). 
Using the features, similarity metrics could be calculated to measure 
whether essay pairs are dissimilar with respect to higher-order aspects, 
which are most important when judging, and more similar with respect 
to lower-order aspects, which are less unimportant. However, the dis
tinction between important and unimportant aspects of text quality is 
not always clear and could depend on the assignment or the quality of 
the essays that are compared. For instance, assessors take into account 
lower-order aspects more so when comparing lower-quality essays than 
when comparing higher-quality essays (Humphry & Heldsinger, 2019). 
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Fig. 4. Diagram depicting the opportunities of NLP during the CJ assessment to select essay pairs based on essay texts, aiming to enhance the efficiency of the 
assessment. To achieve this, first, a subset of essay pairs that are not difficult to judge could be selected. Then, from the subset of essay pairs, pairs could be selected 
that increase the reliability when judged without inflating the SSR.

However, in general, higher-order features are most important when 
judging (Lesterhuis et al., 2022).

3.2. Increasing the reliability of CJ without inflating the SSR

Besides the difficulty of judging essays, the number of judgments 
assessors have to make determines the efficiency of a CJ assessment. CJ 
assessments typically require numerous judgments before the estimated 
quality scores are reliable (Verhavert et al., 2019). Proposals to reduce 
the number of judgments with adaptive selection are often ineffective, 
as they artificially increase reliability when it is measured using the SSR 
(Bramley, 2015; Bramley & Vitello, 2019; Crompvoets et al., 2020), and 
increase the difficulty of judging (van Daal et al., 2017), as mentioned 
previously. A cause for the inflation of the SSR with adaptive selection 
is its sensitivity to inconsistent judgments, especially at the start of the 
assessment (Bramley, 2015; Bramley & Vitello, 2019). When assessors 
make inconsistent judgments at the start of the assessment, the essays 
are incorrectly placed on the scale. When pairs are selected adaptively 
based on the most similar estimated quality scores, the judgment of these 
pairs seems informative as the SSR increases. However, in reality, the 
true quality scores of the essays are not as similar as their estimates 
indicate, and the actual reliability does not increase as much as the SSR. 
As a result, when using adaptive selection, SSR gives an overly optimistic 
view of the reliability of the estimated quality scores.

Several solutions have been proposed to mitigate the inflation of the 
SSR caused by adaptive selection. For instance, Bramley (2015) pro
posed first selecting a smaller subset of essays as a calibration set, where 
all possible comparisons of essays are judged. Subsequently, adaptive se
lection is used to pair the remaining essays with those in the calibration 
set. Verhavert et al. (2022) tested this approach empirically, affirming 
that this approach does not inflate the SSR. Nevertheless, we contend 
that such an adaptive selection rule is often inefficient since construct
ing a reliable calibration set requires many judgments (McGrane et al., 
2018). However, this approach could be efficient when a set of assessed 
essays for the same assignment are readily available, and new essays 
have to be placed on the same scale (Verhavert et al., 2022), for in
stance, when an exam has to be retaken later. Moreover, Rangel-Smith 
and Lynch (2018) proposed an adaptive selection rule that pairs essays 
with estimated quality scores that differ by at least 1.50. They observed 
that introducing this constraint for adaptive selection helps mitigate the 
inflation of the SSR. Nevertheless, we argue that this selection rule is 
not highly efficient as it prevents the selection of pairs that are very in
formative to compare, given that pairs of essays with similar estimated 
quality scores are never selected.

De Vrindt et al. (2022) incorporated information from essay texts 
into a selection rule using NLP. They selected initial pairs of essays with 

the most similar texts based on the cosine similarity of their doc2vec 
embeddings (Le & Mikolov, 2014). Subsequent pairs were selected adap
tively based on the estimated quality scores. Although they were able to 
prevent the SSR from inflating, the efficiency gain with respect to ran
dom selection was limited. As of the time of writing this article, NLP can 
be used to prevent inflation of the SSR, but improving the assessment’s 
efficiency remains a challenge.

There is the opportunity to use the essay texts to devise a more ef
ficient selection rule with NLP. More specifically, the information in 
essay texts can be used in a selection rule for the exploration of the ex
ploitation of the quality scores of essays. The strategies of exploration 
and exploitation can be seen as a trade-off that needs to be made to op
timize an objective efficiently, in this case, maximizing the reliability 
efficiently through the selection of pairs of essays. This trade-off is cen
tral to decision-making processes (Berger-Tal et al., 2014) and active 
learning (Mosqueira-Rey et al., 2023). In the context of CJ, we discuss 
strategies to use essay text for exploration and exploitation in a selection 
rule to increase the reliability of the quality scores in as few judgments 
as possible.

A selection rule for CJ could exploit the uncertainty in predicted ini
tial quality scores (see Section 2). A common approach used in AES to 
minimize the number of scores assessors need to give to train a scoring 
model involves selecting essays for which the model’s highest uncer
tainty, as these are the most informative to score (Horbach & Palmer, 
2016; Dronen et al., 2015; Hastings et al., 2018). Hastings et al. (2018) 
achieved comparable accuracy by training the model on only 30% of the 
original training data. In the same way, for CJ, a selection rule could be 
constructed to select pairs of essays with the most similar predicted ini
tial quality scores (refer to Section 2), as these are the most uncertain. 
The predicted initial quality scores could be more reliable than the esti
mated quality scores, particularly in the early stages of the assessment 
when few or no judgments have been made yet.

Besides using predicted initial quality scores, a selection rule could 
also use the representations of essays, either through their linguistic 
features (see Section 2.1) or their (fine-tuned) embeddings (see Sec
tion 2.2). The embeddings of essays could be especially informative, 
as the geometric relationships between embeddings represent seman
tic and syntactic relationships (Liu et al., 2017). For instance, pairs of 
essays could be selected with the most similar representations of essay 
texts, as they are similar with respect to relevant aspects of quality.

To explore the quality of essays based on their texts, selection rules 
that ensure diversity in selecting pairs of essays could be constructed. 
Firoozi et al. (2023) and Dronen et al. (2015) selected essays that were 
dissimilar from previously assessed ones to train essay-scoring models, 
as similar essays provide less information for the model. Similarly, for 
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CJ, a selection rule could select pairs of essays that are dissimilar from 
previously assessed pairs, as judging these helps explore the quality of 
essays. This exploration strategy could be combined with an exploita
tion strategy by selecting essays with the closest embeddings while be
ing dissimilar from the embeddings of previously assessed essay pairs. 
However, as mentioned previously, if the essays in a pair are too simi
lar, judging them may be difficult for assessors. Therefore, it could be 
preferable to first select essays that are not too difficult to judge be
fore selecting pairs of essays that increase the reliability efficiently (see 
Fig. 4).

3.3. Considerations

To construct an efficient selection rule for CJ, it has to avoid selecting 
pairs that are difficult for assessors to judge. Additionally, when these 
pairs are compared, the reliability has to increase without inflating the 
SSR. The importance of both factors within a selection rule could depend 
on various assessment conditions, such as the spread of quality scores 
or the level of expertise of assessors (Verhavert et al., 2019). Neglecting 
these assessment conditions could render the selection rules ineffective 
in practice. For example, if assessors are experts, avoiding difficult pairs 
to judge could be trivial since assessors are more able to judge diffi
cult pairs correctly (Gijsen et al., 2021). Alternatively, if assessors are 
novices, avoiding the selection of difficult pairs could be very impor
tant. Furthermore, when the spread of the quality scores of the essays 
is small, it is generally more difficult for assessors to discriminate be
tween the essays according to their qualities (van Daal et al., 2017). On 
the contrary, when the spread in the quality scores of essays is large, 
discriminating between essays is generally easier for assessors. Before 
starting the assessment, such assessment conditions could be estimated 
by experts, such as lead assessors or instructors, given that they have 
knowledge of the difficulty of the assessment and the expertise of asses
sors.

4. NLP after the CJ assessment

When the assessors have completed a sufficient number of judg
ments, and the estimated quality scores are reliable, the CJ assessment 
typically concludes. After the assessment, feedback can be provided to 
the assessees and assessors. Assesses receive feedback comments written 
by assessors when making judgments, as well as the rank order of the 
other assessed essays (Coenen et al., 2018). Assessors, on the other hand, 
receive feedback in the form of assessment statistics, such as misfit in
formation for individual essays or assessors, average response duration, 
and SSR of the final quality scores, i.e., the quality scores estimated at 
the end of the assessment. This feedback serves to help assessors evalu
ate the reliability and validity of the conducted assessment. Van Gasse 
et al. (2017) found that these types of feedback for CJ are generally ac
cepted by assessors and assessees, which is the most important precursor 
for the feedback being effective (Anseel & Lievens, 2009).

Despite the acceptance of existing feedback for CJ, they have several 
practical limitations. Firstly, writing feedback comments when making 
judgments is time-consuming for assessors, making CJ assessments less 
efficient. Furthermore, letting assessors write feedback comments could 
lead to them making more analytical judgments rather than holistic 
(Verhavert et al., 2019), which could harm the validity of the assess
ment. Secondly, the final scores obtained with CJ could be uninforma
tive to assessees as the judgments from which the scores are derived 
are non-transparent regarding the assessors’ decision-making processes 
(Steedle & Ferrara, 2016; Kelly et al., 2022; Mortier et al., 2015). Fur
thermore, the lack of transparency makes it challenging for assessors 
to evaluate the validity of quality scores. To gain insight into how as
sessors formed their judgments, assessors can write decision statements 
about how they judged the essays (Lesterhuis et al., 2022; van Daal et 
al., 2016; Landrieu et al., 2022). However, this is impractical as it re

quires more effort from the assessors and could potentially encourage 
more analytical judgments instead of holistic ones.

4.1. Automated feedback opportunities for CJ

To improve the lack of feedback opportunities for CJ and enhance 
its transparency, essay texts could be used to automate feedback for 
CJ. Based on the literature on automated feedback for AES, we discern 
two opportunities for extending the feedback opportunities for CJ. Both 
of these opportunities allow assessees to obtain feedback by comparing 
feedback for their essays with that for higher-quality essays.

Firstly, the final quality scores can be explained based on aspects of 
text quality displayed in essays (see Fig. 5). To automate feedback for 
AES, Kumar and Boulanger (2020) explained the predicted essay scores 
based on a set of higher- and lower-order linguistic features measuring 
relevant aspects of text quality, such as organization, style, and mechan
ics. To achieve this, they compared different SHapley Additive Explana
tions (SHAP) models which measure the marginal contributions of the 
aspects for each individual predicted score. In a subsequent study, Ku
mar and Boulanger (2021) performed feature selection for each aspect of 
text quality, making the explanations more accurate. Similarly, to auto
mate feedback after CJ assessments, explanations of final quality could 
be provided by scoring essays on aspects of text quality measured with 
linguistic features. Especially, scores on higher-order aspects for text 
quality, such as argumentation and organization, could be informative, 
as they typically carry more weight when making pairwise comparisons 
(Lesterhuis et al., 2022; Lesterhuis, 2018). However, lower-order aspects 
could still be of importance, as for judgments of lower-quality essays, 
assessors still focus on those aspects (Humphry & Heldsinger, 2019). 
In practice, it is advised not to show the scores on different aspects of 
text quality on their own. Instead, assessors should compare their scores 
on these aspects to those of a better essay while also comparing the 
essay texts themselves. This could be done by displaying a chart with 
scores on aspects of quality for two essays. By letting students directly 
compare feedback, they better internalize the goals needed to improve 
their performance. Following the model of internal feedback proposed 
by Nicol (2021), feedback by making comparisons enables higher-order 
thinking of recipients (Rittle-Johnson & Star, 2011) and ultimately en
hances feedback effectiveness. As a result of automating feedback that 
is more effective, we anticipate that assessors will not need to write 
as many feedback comments during assessments. This could save them 
time during the assessment and prevent them from making too analyti
cal judgments. In addition, explanations of the final quality scores based 
on aspects of text quality could provide assessors and assessees with in
sight into the aspects of the assessed writing quality without requiring 
decision statements from them. However, the scores on linguistic fea
tures may not entirely explain the quality scores, as writing quality is 
a complex construct (Sadler, 1989). Therefore, an additional form of 
automated feedback should be provided as well.

Secondly, the final quality scores could be explained by highlighting 
the most important differences between their essay text and a better one. 
Showing exemplars of higher quality could be more instructive feedback 
than comments or scores on aspects of text quality (Sadler, 2014), as it is 
a more feed-forward form of feedback. Previously, Parekh et al. (2020) 
automatically highlighted the most salient text segments for predicting 
essay scores using the integrated gradient method. As CJ assessments 
consist of comparing essays in pairs, there is the opportunity to high
light the text segments in the pairs of essays in which they differ the 
most with respect to their quality (see Fig. 5). When highlighting text 
segments, the assessees can more easily compare differences in qual
ity between two essay texts. In practice, the highlighted text segments 
could be shown together with scores on aspects of text quality for two 
essays. For instance, if an essay is found lacking in organization com
pared to a higher-quality essay, the feedback report would explicitly 
highlight where and how the organization differs, offering clear guid
ance for improvement. As a result, this feedback opportunity could make 



Computers and Education: Artificial Intelligence 8 (2025) 100414

8

M. De Vrindt, A. Tack, W. Van den Noortgate et al. 

Fig. 5. Diagram depicting the opportunities of NLP after the CJ assessment to automate feedback based on essay texts, aiming to provide additional feedback for CJ. 
The automated feedback could include scores on aspects of text quality and highlighted differences between essay texts.

the judgments more transparent regarding assessors’ decision-making 
and also prevent assessors from writing as many feedback comments 
during the assessment.

The explanations for the predicted scores, whether based on aspects 
of text quality (Boulanger & Kumar, 2020; Kumar & Boulanger, 2020, 
2021) or highlighted text segments in essay texts (Parekh et al., 2020) 
could be obtained using explainable AI models. Such models produce 
explanations for each individual prediction of machine learning models 
(Letzgus et al., 2022), making them generally more suitable to explain 
predictions than statistical regression models. The most popular explain
able AI models are SHAP (Lundberg & Lee, 2017) and LIME (Local 
Interpretable Model-agnostic Explanations) (Ribeiro et al., 2016), which 
explain the predictions of a machine learning model by evaluating the 
change in predictions when removing or perturbing input features for 
the model. Both SHAP and LIME are versatile, as they are applicable 
regardless of the essay scoring model for which they generate the expla
nations. However, since quality scores are interpreted based on different 
types of inputs, including aspects of text quality and individual texts or 
tokens, different essay-scoring models must be trained. A feature-based 
model is necessary to explain quality scores in terms of specific aspects 
of text quality (see Section 2.1), while a transformer-based model is re
quired to interpret quality scores based on essay texts (see Section 2.2).

4.2. Considerations

For automated feedback after a CJ assessment to be effective, the 
feedback needs to be accepted by assessors and assessees (Anseel & 
Lievens, 2009). To measure the level of acceptance of feedback, asses
sors and assessees can be surveyed with respect to the level of trust 
they have in the system, as well as how accurate and comprehensible 
they perceive automated feedback to be (Conijn et al., 2023; Wilson 
et al., 2021). Furthermore, to ensure the effectiveness of automated 
feedback, we argue that it should align with existing feedback, serving 
a complementary role. Discrepancies between automated and human
written feedback, for example, when scores on specific features or the 
highlighted text segments in essays contradict the feedback comments 
assessors wrote, should be avoided. Achieving alignment in feedback 
could be challenging, as Dikli and Bleyle (2014) noted that AES sys
tems show large discrepancies between human-written and automated 
feedback.

To evaluate the transparency introduced by feedback, we propose 
assessing the effectiveness of automated feedback. Instead of focusing 
on a social-constructivist model or the model of Hattie and Timperley 
(2007), we suggest using the broader model proposed by Winstone and 
Nash (2023). This model conceptualizes effective feedback across mul
tiple dimensions, including the desire to receive feedback, attention to 

feedback, appraisal of feedback, elaboration on feedback, revisitation of 
feedback, and its integration into learning. In practice, these aspects of 
feedback effectiveness could be evaluated using a mixed-methods ap
proach grounded in psychological science, incorporating diverse data 
sources such as log data, survey responses, and interviews to provide a 
comprehensive understanding of these aspects of feedback effectiveness.

5. Discussion

Assessing writing quality with CJ is regarded as both valid and re
liable (van Daal et al., 2016; Verhavert et al., 2019; Wheadon et al., 
2019; Jones & Inglis, 2015). However, its broader application for assess
ing writing quality is hindered by several practical limitations present 
during different stages of the assessment process. At the start of an as
sessment, there is no information about the quality scores of essays, as 
no judgments have been made yet, resulting in a cold start. During CJ as
sessments, assessors must make numerous judgments before the scores 
become reliable. Although adaptive selection rules have been proposed 
to address this problem, they result in marginal efficiency gains (Rangel
Smith & Lynch, 2018; Pollitt, 2012a; De Vrindt et al., 2022) or cause 
unintended consequences, such as selecting pairs of essays that are dif
ficult for assessors to judge (van Daal et al., 2017; Gijsen et al., 2021) or 
inflating the reliability of the estimated quality scores (Bramley, 2015; 
Bramley & Vitello, 2019; Crompvoets et al., 2020). When the assessment 
is completed, there is a lack of feedback opportunities for assessees and 
assessors. Providing additional feedback opportunities is crucial due to 
the lack of transparency of the final quality scores as they are derived 
from pairwise judgments (Kelly et al., 2022; Steedle & Ferrara, 2016).

Based on relevant literature on NLP, we identified opportunities of 
using NLP at different stages of the CJ assessment. This includes appro
priate methods that could be used, the overarching objectives pursued, 
and the key considerations to take into account. We recapitulate the 
discussed opportunities of NLP in Table 1. To alleviate the cold start 
problem at the start of the CJ assessment, we considered literature on 
AES. Our approach involved predicting initial quality scores based on 
the essay texts, both in settings where no scores of essays from other as
sessments are available and when they are. During the CJ assessment, 
we proposed to first select pairs of essays with similar unimportant fea
tures, as judging them could be easier for assessors. Then, from the pairs, 
exploration and exploitation strategies could be used to devise selection 
rules that increase the reliability of the estimated quality scores without 
inflating the SSR. After the assessment process, we refer to explainable 
AI models, such as SHAP models, to provide additional feedback oppor
tunities for CJ, thereby enhancing the transparency of the final quality 
scores.



Computers and Education: Artificial Intelligence 8 (2025) 100414

9

M. De Vrindt, A. Tack, W. Van den Noortgate et al. 

Table 1
Overview of opportunities of NLP for different stages of the CJ assessment, including methods that can be used with reference to prior research, the overarching 
objectives pursued, and key considerations to take into account.

Stage in CJ assessment Opportunity of NLP Method Prior research Objective Considerations

At the start (see 
Section 2)

Alleviating the cold start Predicting initial quality 
scores based on inherent 
linguistic features of 
essays1 or based on sets 
of assessed essays2

(Zhang & Litman, 2021; 
Wang et al., 2023; Mim 
et al., 2019; Song et al., 
2020)1 (De Vrindt et al., 
2024; Dong et al., 2017; 
Xue et al., 2021; Wang 
et al., 2022)2

Decreasing the number 
of judgments assessors 
have to make

Ability to predict quality 
scores of essays written 
for different assignments 
and for essays of 
different lengths

During the assessment 
(see Section 3)

Selecting pairs that are 
not difficult to judge

Selecting essays with 
similar unimportant 
aspects of text quality to 
focus assessors’ attention 
on important aspects

(Basu et al., 2013; 
Brooks et al., 2014; 
Weegar & 
Idestam-Almquist, 2023)

Decreasing the time 
needed to make 
judgments

Efficiency gain could be 
subject to assessment 
conditions

Selecting pairs of essays 
that increase the 
reliability of scores 
without inflating the SSR

Selecting pairs based on 
essay texts using 
exploration and 
exploitation strategies

(Horbach & Palmer, 
2016; Dronen et al., 
2015; Hastings et al., 
2018; Firoozi et al., 
2023)

Decreases the required 
number of judgments for 
obtaining reliable scores

Efficiency gain could be 
subject to assessment 
conditions

After the assessment (see 
Section 4)

Providing additional 
feedback opportunities

Explaining the final 
quality scores based on 
linguistic features of 
essays and highlighted 
differences between 
pairs of essay texts

(Kumar & Boulanger, 
2020, 2021; Parekh et 
al., 2020)

Improving transparency 
of assessment & 
Reducing effort required 
from assessors to 
provide feedback

Potential discrepancy 
between human-written 
and automated feedback

1 Opportunities of NLP in Setting A where no assessed essays are available.
2 Opportunities of NLP in Setting B where assessed essays are available.

5.1. Relationship of assessors with AI system

When developing any AI systems to support educational assessment, 
it is important to consider the relationship that assessors have with the 
system (Molenaar, 2022). Instead of aiming to replace assessors with 
these systems, the prevailing view has shifted more toward supporting 
teachers and students. This point of view, also known as the augmenta
tion perspective (Mavrikis et al., 2021), emphasizes that these systems 
should have the ability to support teaching or learning activities by 
leveraging human strengths while mitigating their weaknesses (Akata 
et al., 2020). The opportunities of NLP we put forward to improve CJ 
assessments align with this viewpoint, as we seek to harness the hu
man ability to assess the writing quality of essays by letting them make 
judgments while minimizing their efforts through the use of NLP. The 
assessors’ judgments are still important to enforce the reliability and va
lidity of the scores.

The degree of automation in the assessment can be further defined 
based on the six levels of automation model proposed by Molenaar 
(2022). We view applying NLP for CJ as partial automation, where 
assessors and the system have distinct responsibilities: the system alle
viates the cold start, efficiently allocates pairs of essays, and automates 
feedback, while the assessor makes judgments and writes feedback com
ments, just as in existing CJ assessments. By embracing partial automa
tion, assessors retain a significant level of control over assessments, as 
they ultimately determine the quality scores of essays by making judg
ments. This allows for more control over the scores and a lesser degree 
of automation than is typically the case with AES systems, where the 
systems function as a replacement of one of the multiple assessors (Yan 
& Bridgeman, 2020).

Moreover, by choosing partial automation, we mitigate the risk of 
the essay model overfitting on specific writing genres or types of as
signments in the training set. The initial predictions of quality scoring 
serve only as a starting point and are iteratively updated during the as
sessments. As more judgments are made by assessors, the impact of the 
initial quality scores decreases. As explained in Section 2.2, De Vrindt 
et al. (2024) constructed informative priors for the quality scores based 
on the predicted initial quality scores, which are then updated using the 
judgments made by assessors. A possible consequence of this process of 
updating the initial quality scores based on judgments is that it helps to 

correct systematic biases of the predictive model, while biases from as
sessors are also identifiable as misfits (Pollitt, 2012b). Importantly, the 
assessors are not reliant on the predicted quality scores when making 
their judgments, as they do not have access to them. However, these 
scores can still support the assessors during the assessment by reducing 
the total number of judgments required and preventing the selection of 
pairs that are difficult to judge.

From a privacy perspective, the essay-scoring models do not have 
access to any personally identifiable information to make predictions, 
safeguarding students’ privacy. This approach extends to the selection 
rule as well, which operates solely based on the content of the essays, 
rather than any personal data. Assessors also do not have knowledge 
of the initial predicted quality scores used to alleviate the cold start. 
This approach extends to the selection rule as well; assessors have no 
knowledge of which essay belongs to whom and what initial quality 
scores were predicted. Additionally, the automation of feedback with 
explainable NLP techniques could enhance the transparency of the as
sessment. Both assessors and assessees can see how the final quality 
scores are derived by examining the scores on relevant aspects of text 
quality and observing highlighted differences between essay texts. This 
level of transparency not only clarifies the quality construct being mea
sured but also provides a basis for ensuring the fairness of the assessment 
process.

5.2. Practical implications

It is important to recognize that NLP can serve goals beyond improv
ing the efficiency and transparency of CJ. AI applications in education 
often focus on enhancing personalized learning experiences (AlShaikh & 
Hewahi, 2021). In the context of CJ, NLP could be used to tailor feedback 
based on assessees’ prior performances or individual characteristics. For 
instance, a pair selection rule could also be personalized to assessors to 
enhance their learning by making comparisons as in formative assess
ments (Bartholomew et al., 2019). In formative CJ assessments, it is less 
important to achieve high efficiency by minimizing the number of judg
ments and the time needed to make judgments. Instead, the goal is to 
help assessors learn by making judgments of essay pairs. In line with 
variation theory by Guo et al. (2012), a selection rule could be devel
oped using NLP that selects pairs of essays that differ in features not yet 
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mastered by an assessor while being similar in features an assessor has 
already mastered.

Additionally, there is an opportunity to enhance the large-scale as
sessments of essay writing, especially in contexts where there are vast 
numbers of students and assessors involved. For instance, CJ is already 
used for large-scale assessments in the UK, involving over 50,000 stu
dents and more than 12,000 assessors (Wheadon et al., 2019). Wheadon 
et al. (2019) concluded that CJ is highly suitable for high-stakes as
sessments as it produces reliable and valid scores. Integrating NLP into 
large-scale assessments with CJ could increase the efficiency of the as
sessment, and therefore, reduce costs. Specifically, as discussed in this 
study, NLP could alleviate the cold-start problem and help develop a 
more efficient selection, which reduces the number of judgments asses
sors have to make while avoiding difficult comparisons. Furthermore, 
for recurring assessments, scores from previous years could serve as 
valuable training data for essay-scoring models and result in more reli
able predicted initial quality scores. This, in turn, would make conduct
ing the large-scale assessments with CJ more efficient.

6. Conclusion

In this conceptual study, we explored multiple opportunities of NLP 
to mitigate key challenges present at different stages of CJ assessments, 
with the aim of broadening the use of CJ for assessing writing quality 
of essays. A conceptual paper is necessary, given the little available re
search in this field. We argued that NLP can be used at the start of an 
assessment to alleviate the cold start by predicting the quality based 
on essay texts. During the assessment process, we discussed how NLP 
could be used to select pairs of essays based on essay texts, ensuring 
that the pair is not overly difficult to judge and, when judged, increases 
the reliability without inflating the SSR. Consequently, we anticipate 
that the assessment process will become more efficient than current CJ 
assessments. After the assessment, we argued that NLP could be used to 
explain quality scores by displaying scores on the most relevant essay 
features and highlighting important differences between pairs of essay 
texts. By automating feedback with NLP, we anticipate that more effec
tive feedback will be provided to assessors and assessees than currently 
available, thereby enhancing the transparency of the scores. Ultimately, 
the opportunities of NLP to improve CJ are designed to support assessors 
when conducting CJ assessments. At the same time, they retain control 
over the assessment as they still have to make judgments on the qual
ity of essays. We presented a framework of opportunities for integrating 
NLP into CJ assessments, intended to guide future empirical research. 
The validation of these NLP applications remains a subject for further 
investigation.
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