Predicting Initial Essay Quality Scores to Increase the Efficiency of
Comparative Judgment Assessments

Michiel De Vrindt '2¢
I KU Leuven

d Faculty of Arts

Abstract

Comparative judgment (CJ) is a method that
can be used to assess the writing quality of
student essays based on repeated pairwise com-
parisons by multiple assessors. Although the
assessment method is known to have high valid-
ity and reliability, it can be particularly ineffi-
cient, as assessors must make many judgments
before the scores become reliable. Prior re-
search has investigated methods to improve the
efficiency of CJ, yet these methods introduce
additional challenges, notably stemming from
the initial lack of information at the start of
the assessment, which is known as a cold-start
problem. This paper reports on a study in which
we predict the initial quality scores of essays to
establish a warm start for CJ. To achieve this,
we construct informative prior distributions for
the quality scores based on the predicted initial
quality scores. Through simulation studies, we
demonstrate that our approach increases the ef-
ficiency of CJ: On average, assessors need to
make 30% fewer judgments for each essay to
reach an overall reliability level of 0.70.

1 Introduction

The Comparative Judgment (CJ) method is utilized
in diverse educational assessments, and specifically,
some educational institutions employ it for the as-
sessment of student essays. As shown in Figure 1,
this approach involves presenting two essays in a
web-based tool, where assessors compare them to
determine the best one. After a sufficient number
of judgments, all pairwise comparisons are used to
calculate a quality score for each essay. In contrast
to rubric marking, CJ provides distinctive advan-
tages. Assessors can apply their expertise and expe-
rience flexibly, without strict adherence to rubrics
(Bloxham, 2009; Laming, 2003). Additionally, CJ
enhances the reliability and validity of scores by
incorporating multiple judgments from various as-
sessors (Lesterhuis et al., 2022; Verhavert et al.,
2019).
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Despite the advantages of CJ, it still requires
many judgments from assessors before quality
scores become reliable enough, typically requiring
between 10 and 14 judgments per essay to achieve
a reliability level of 0.70 (Verhavert et al., 2019),
rendering the assessment method rather inefficient
(McMahon and Jones, 2015). A cause of its ineffi-
ciency is that, at the start of the assessment, there
is no information about the quality scores, as no
judgments have been made yet. In adaptive learn-
ing systems, this problem is commonly referred to
as cold-start problem (Sun et al., 2022a; Pliakos
et al., 2019).

A solution to alleviating this cold-start problem,
and subsequently increasing the efficiency of CJ,
would be to introduce a ‘warm start’ in the as-
sessment by automatically predicting initial quality
scores for essays. Although the prediction of es-
say quality has already been extensively explored
in automated essay scoring (AES) (see a review
by Klebanov and Madnani, 2022), these studies
have mostly focused on what could be defined as
non-comparative, or absolute (Bouwer et al., 2023),
essay scoring, where each essay is scored as a stan-
dalone piece without comparison to other essays.
To the best of our knowledge, there have been few
to no studies that explored the automatic predic-
tion of essay quality scores obtained through CJ
assessments.

To address this research gap, we studied the ex-
tent to which essay quality scores, resulting from a
CJ assessment, can be automatically predicted and
used to alleviate the cold start of CJ with the goal of
increasing the efficiency of CJ for assessing essay
quality. We focused on Dutch essays written for ar-
gumentative assignments. Firstly, we conducted a
machine learning experiment in which deep learn-
ing models were trained on data collected from
CJ assessments to predict quality scores of essays.
Secondly, we ran simulations where we used the
predicted quality scores as initial quality scores to
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Kinderen krijgen, ja of nee?

Het is natuurlijk wel al wat vroeg om ons hier al zorgen over te maken maar helemaal
overbodig om hier eens aan te denken is het niet!

De dag van vandaag hebben mensen veel meer werk en veel minder tijd dan bv in de jaren
50, ons leven draait om werk, succes en geld. Vroeger was het zo dat meestal alleen mannen
gingen werken en vrouwen zorgen voor het huishouden. Tegenwoordig is dit een zeer
moeilijke combinatie, door ons nogal duure leventje is het niet evident om slechts 1persoon
in het gezin te laten werken. Stel je voor, dat er dan nog eens kindjes bijkomen?

Kinderen zijn een grote 'investering' zoals men zegt. Als je de uitgaven van een kind bekijkt
doorgaans je leven kon je er een mooi huis mee gekocht hebben! Maar er was geen andere
uitweg, de baby was er en moest geboren worden. Voor vele mensen is een kindje als een
geschenk, ze zullen het met liefde opvoeden en vertroetelen. Anderzijds heb je ook ouders
die dit eerder als 'last’ ondervinden: opstaan 's nachts, eten geven, oppassen, grote
uitgaven, een kinderkamer inrichten en noem maar op. Het grootste deel van deze mensen
zijn ofwel drukke werkmensen of mensen met een minder hoog inkomen. Toch kan een
kindje wonderen doen voor een relatie.

De komst van een kind voegt ook iets bijzonders toe aan je relatie. Voor 68% van de vaders is
deze zelfs beter geworden. " De baby heeft ons dichter bij elkaar gebracht' we doen nu meer
dingen samen.” Met andere woorden, het kan wonderen doen voor een relatie! Maar let op,

vele koppels zien dit als een noodzaak om gelukkig te zijn, maar ouders worden niet per
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Kinderen krijgen, ja of nee?

Het doel van elk wezen op aarde is zich voortplanten en de kennis die zij vergaren door te geven aan
hun kinderen. Dus ook mensen.

kinderen krijgen is voor mij vanzelf sprekend. ik zou later 2 kinderen willen. Kinderen geven je
plezier, ze geven je liefde terug. ik snap wel dat mensen kiezen om geen kinderen te maken omdat
een kind in onze maatschappij een dure bedoeling is maar je kit alles dubbel terug i liefde en
daarom moet je het doen. als je geen kinderen wilt omdat je geen kind lief hebber bent ook goed
niemand die jou verplicht om een kind te maken.

€en kind is ook goed voor de economie. Wij zijn nu de vergrijzing van de bevolking aan het
meemaken. Dus er zullen veel jobs binnen een paar jaar vrij komen en die zullen moet vervangingen
worden door een jongere generatie. Maar als men kiest om geen kinderen te maken zullen er te
weinig kinderen zijn en dus te weinig kanidaten om bepaalde jobs 'over te nemen’ wat zal leiden tot
een economisch probleem.

Volgens de Uitslag Vaders van Nu-quete voegt de komst van een kind iets bijzonders toe aan je
relatie. Ik vind persoonlijk dat een kind krijgen het top punt is van een relatie met je partner. Dus de
vraag van een kind krijgen of nietis duidelijk voor mij. Natuurlijk!

Welke tekst is beter qua argumentatie?
i How to compare

Figure 1: Screenshot of the Comproved web application (https://comproved.com), showcasing a comparative
judgment assessment. Here, two Dutch essays discussing the topic ‘Having children, yes or no?’ are randomly
chosen and presented to an assessor, who determines which essay showed the best argumentation.

alleviate the cold start of CJ. These steps were con-
ducted to answer the following research questions:

1. To what extent can current deep learning mod-
els automatically predict essay quality scores
that resemble quality scores obtained from CJ
assessments?

2. If these predicted scores are used as initial
quality scores within CJ, to what extent can
we decrease the number of comparative judg-
ments needed to obtain reliable scores?

2 Background

2.1 Comparative Judgment Assessments

Generally, CJ assessments consist of three steps
that are repeated. In a first step, a pair of two es-
says is selected and presented to one of the multiple
assessors. In a second step, the assessor is tasked
with comparing the two essays and determining
which is of a higher quality given the task descrip-
tion of the assignment, that is, the prompt. In a
third step, statistical models such as the Bradley-
Terry-Luce (BTL) model are used to model the
outcomes of all pairwise comparisons on a quality
scale (Bradley and Terry, 1952; Luce, 1959).
More formally, BTL model relates P(i > j), that
is the probability that essay ¢ is preferred over essay
J, to the difference in their estimated quality scores,
¢; and 0; (see Equation 1), withi € {1,...,n} and
i # j. The smaller the difference, the closer the
probability is to 0.50. The outcome of comparing

essay ¢ with essay j is denoted by Z;; € {0,1},
where Z;; = 1 in case essay i is preferred over
essay j, and O otherwise. Each quality is a logit
value ¢; € R where >_"" | 0; = 0.

0;—0;

Zi; ~ Bernoulli (P(i > j)) (2)

Different selection rules for CJ (step 1) have
been proposed to increase the efficiency of the as-
sessment. These selection rules rely on certain char-
acteristics of essays. Most notably, Pollitt (2012)
proposed to select pairs of essays adaptively based
on the closest estimated quality scores. The out-
comes of these judgments are the most uncertain
and, therefore, the most informative for the quality
scores in a statistical sense. However, there are two
drawbacks to adaptive selection: First, it cannot be
used at the start of the assessment, as quality scores
are still unknown, and second, during the assess-
ment, adaptive selection can lead to an overly opti-
mistic view of reliability, causing the assessment
to end prematurely (Bramley and Vitello, 2019;
Crompvoets et al., 2020). Alternatively, pairs of
essays can be selected based on the textual informa-
tion of essays. De Vrindt et al. (2022) proposed to
select pairs of essays that are semantically similar
during the initial phase of the CJ assessment. They
encoded the essay texts as numeric vectors using
doc2vec (Le and Mikolov, 2014) and selected the
pairs with the highest cosine similarity. However,
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the efficiency gain they observed was only limited.
Therefore, it is of interest to investigate other ways
of using textual information of essays to speed up
CJ assessments. We focus on the automatic predic-
tion of quality scores based on previously assessed
essay texts.

2.2 Automated Essay Scoring

In the field of AES, the automatic prediction of
scores has been extensively investigated with as
goal to reduce the workload of assessors. This
field has experienced significant advances driven
by deep learning (Ramesh and Sanampudi, 2022).
The proposed deep learning techniques depend on
the educational setting in which AES is used. In
scenarios where no previously scored essays are
available, the prediction relies solely on the es-
say text itself. This can be achieved, for example,
through unsupervised learning (Mim et al., 2019;
Wang et al., 2023). In AES research, it is typical
to have scored essays on hand. These scored es-
says help researchers understand the connection
between scores and essay content, enabling them
to predict essay scores more accurately. This can
be achieved through supervised learning (Alikan-
iotis et al., 2016; Taghipour and Ng, 2016; Yang
et al., 2020; Li et al., 2022). For supervised learn-
ing, essays that have been scored in the training set
can be written for a different assignment than the
essays in the test set for which scores are predicted.
In such a setting, the prompt for the assignments
is often considered to predict the essay scores in
addition to the essay texts (Li et al., 2020; Do et al.,
2023; Liu et al., 2019).

2.3 Cold-start Problem in Psychometry

The cold-start problem is most commonly termed
in the context of recommender systems to denote
the difficulty of proposing items to users when the
preferences of the users or the characteristics of
the items are unknown due to limited user interac-
tions. Using language models, this issue has been
addressed by extracting characteristics from item
texts (Penha and Hauff, 2020) or by generating
user preferences based on the textual description of
user historical preferences and items (Wang et al.,
2024).

Similarly, in computerized adaptive testing, the
cold-start problem persists. These systems select
test items so that the difficulty of the item matches
the test takers ability, but when responses for items
are lacking, inferring item difficulty becomes chal-

lenging. Therefore, to calibrate the characteristics
of the items, responses for the items need to be col-
lected during a pilot phase. To mitigate the need for
extensive piloting, Settles et al. (2020) extracted the
linguistic features of test items measuring their dif-
ficulty. Alternatively, McCarthy et al. (2021) used
pre-trained embeddings of test items to estimate
their difficulty and discriminatory power.

The cold-start problem for CJ is similar: quality
scores for essays are unknown at the start of an as-
sessment because assessors have not judged them,
requiring assessors to make many judgments dur-
ing the assessment. Analogously to recommender
systems and computerized adaptive testing, we ad-
dress the cold start of CJ by inferring the unknown
measures, namely the quality scores, from essay
texts.

3 Method

3.1 Data

This study was based on data gathered in a previous
study by Lesterhuis et al. (2022). The dataset, de-
scribed in Table 1, comprised three assignments in
which students around the age of 16 wrote argumen-
tative essays in Dutch. The topics for these essays
were: (1) having children, (2) organ donation, and
(3) stress experienced by students. Students were
provided with a prompt detailing the essay topic,
the task requirements, and the source texts they
were required to integrate in the essay.

Assignment Essays Tokens Tokens/Essay
N M+ SD

1. Children 135 42,349 316 (£ 93)

2. Organ 136 40,990 304 (£ 90)

3. Stress 35 11,286 322 (&£ 103)

Table 1: Overview of the argumentative writing tasks
gathered by Lesterhuis et al. (2022). Tokenization was
performed using the Dutch tokenizer from spaCy (Ex-
plosion, 2023), which splits the essay texts into mean-
ingful segments.

The essays were assessed by secondary edu-
cation assessors using a comparative judgment
method. Assessors were presented with pairs of
randomly selected essays and had to decide which
one was better in terms of argumentation, as illus-
trated in Figure 1. The number of assessors for
each assignment and the total of judgments per
essay are detailed in Table 2.
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Assignment Judgments/Essay Assessors

1. Children 18 55
2. Organ 13 52
3. Stress 27 42

Table 2: Overview of the number of comparative judg-
ments made per argumentative writing assignment

To study the predictability of initial essay quality
scores and their role in a warm start, it is of course
imperative to have quality scores for each essay.
For each of the three assignments separately, essay
quality scores were derived from the parameters of
a Bayesian BTL model with a cold-start condition.
These model parameters were estimated based on
all comparative judgments within the same assign-
ment. Since these parameters reflect the quality
scores estimated at the end of the CJ assessment,
we will refer to them as the ‘final quality scores’
throughout the remainder of this paper. Additional
details regarding this cold-start model will be pro-
vided in Section 3.5. The distributions of the qual-
ity score for each essay within each assignment
are shown in Figure 2. Given the large number of
comparative judgments per essay (Verhavert et al.,
2019) and the diverse panel of assessors responsi-
ble for these judgments (van Daal et al., 2016), we
can confidently affirm the reliability and validity of
these estimated scores.

Children s ——
Organ -’
Stress —_—
I I I I 1
-2 -1 0 1 2

True quality scores

Figure 2: Distributions of final quality scores estimated
from a Bayesian BTL model with a cold-start condition

3.2 Models

For predicting essay quality scores, we employed
various pre-trained language models and fine-tuned
them based on the final quality scores. While al-
ternative feature-based and classical NLP methods
exist for this purpose, we focused on fine-tuning
transformer models due to their demonstrated supe-
riority in AES research (Uto et al., 2020; Ormerod
et al., 2021). We specifically avoided multilin-

gual models, concentrating solely on Dutch mod-
els, as prior studies indicate that monolingual mod-
els tend to outperform on tasks involving Dutch
texts (de Vries et al., 2019; Delobelle et al., 2020).
We used three different pre-trained Dutch lan-
guage models, namely BERTje (base, uncased)
(de Vries et al., 2019), RobBERT (v2) (Delobelle
et al., 2022), and RobBERTje (non-shuffled) (De-
lobelle et al., 2021). BERT]e is built upon the
BERT architecture trained on 12GB of Dutch texts
containing 2.4B tokens. RobBERT on the other
hand, is based on the RoBERTa architecture, which
boosts BERT’s efficacy by pre-training in batches
on 36GB of Dutch texts containing 6.6B tokens.
RoBERTje employs a DistilBERT architecture, de-
rived from RobBERTje, while preserving compara-
ble efficacy with fewer parameters by using knowl-
edge distillation.

We conducted a machine learning experiment
with two model configurations: (a) fine-tuning the
model solely on the provided essay text as input,
and (b) fine-tuning the model on both the essay
text and the given prompt as input. The models
were imported with the Hugging Face library with
a Pytorch backend and implemented to perform a
regression task.

More details on the specific computing infras-
tructure can be found in Appendix A. For the final
regression layer, we employed a sigmoid activation
function as a way of bounding the scalar values to
enhance the training stability. These bounded val-
ues functioned as predicted quality scores. Consis-
tent with common practice in essay scoring (Alikan-
iotis et al., 2016; Yang et al., 2020; Li et al., 2022),
all quality scores were min-max normalized before
training. These normalized scores, along with the
predicted scores, were used to compute the mean
squared error, which functioned as the training loss.
After training, the predicted scores were reverted
to the original scale.

In the second configuration, the assignment
prompt was taken into account in addition to the
essay texts for the prediction of quality scores. We
hypothesized that prompt information would be
important for the prediction of quality scores, as
the essays in the training set and the test set were
written for different assignments. To incorporate
this information into the model, we encoded the
prompt using the same transformer model as for
the essay text (i.e., a shared encoder). Two addi-
tional cross-attention layers were added to model
the relationship between essays and prompts in
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both directions. This is similar to the configuration
proposed by Liu et al. (2019).

The hyperparameters are given in Appendix B.
These were selected based on preliminary results
on a held-out set, comprising 15% of essays ran-
domly selected from the training set, which were
omitted during training but used for model evalua-
tion.

3.3 Experimental Setup

To evaluate the reliability of the quality scores pre-
dicted by the fine-tuned models, we ran a machine
learning experiment with the following training
and test splits: {1,2} — 3, {1,3} — 2, and
{2,3} — 1. In each fold, the three pre-trained
models were fine-tuned on essays coming from
two assignments (e.g., 1 and 2) and were evaluated
on essays coming from the remaining assignment
(e.g., 3). We employed this setup to emulate a real-
world assessment scenario where we would have
an assignment for which we do not have any scores
yet (e.g., 3) and for which we need to predict initial
quality scores based on scores estimated for other
assignments (e.g., 1 and 2).

It is crucial to note that, despite the scores be-
ing logit values derived from distinct assignments,
there was no complication in joining them within
the training set. This was possible because the as-
signments were very similar, each assessing the
quality of argumentative writing.

3.4 Evaluation Metric

Because our objective was to establish the relia-
bility of predicted quality scores, we utilized the
squared Pearson correlation (Bi, 2003)

Varg«
2 0
Po “,0 Val‘gim't

to assess the reliability between the predicted ini-
tial quality scores 0" and final quality scores 60}
fori = {1,...,n} the essays in the test set. The
reliability can be interpreted as the proportion of
variance of the predicted initial quality scores that
is attributed to the final quality scores. The closer
this ratio is to one, the higher the reliability.

3.5 Efficiency Simulation Study

After having fine-tuning and evaluated pre-trained
models, we simulated the impact of integrating
model predictions as initial quality scores in CJ
assessments. For each train-test split, we selected
the model and its configuration (i.e., essay text with

or without prompt) that exhibited the highest reli-
ability. Subsequently, we conducted simulations
to compare CJ assessments under two conditions:
a warm-start BTL model (our experimental con-
dition, where initial quality scores were predicted
using the best model) and a cold-start BTL model
(our control condition, where initial quality scores
were absent).

While likelihood-based techniques (Hunter,
2004) are typically employed for parameter estima-
tion in the BTL model (Equation 1), we adopted
a Bayesian approach to simulate CJ assessments
with both cold-start and warm-start BTL models.
Within this framework, we could establish prior as-
sumptions about the distribution of quality scores.
Bayes’ theorem allowed us to integrate these priors
with judgments in the BTL model, resulting in pos-
terior distributions for all quality scores. Compared
to maximum likelihood estimation, Bayesian infer-
ence provides more stable estimates and a clearer
understanding of the associated uncertainty (Phelan
and Whelan, 2017).

3.5.1 Cold-Start Bayesian BTL Model

Under the cold-start condition, we formulated
for each quality score a normal prior distribution
(Equation 4) having a mean of 0 for all quality
scores.

0; ~ Normal (O, aiz) 4

This prior serves to regularize the distribution
of quality scores, rendering it weakly informa-
tive. The lack of specificity about the essays for
which quality scores are estimated characterizes
this Bayesian BTL model as having a ‘cold start’.
For the variance of each quality score, we spec-
ified a normal-truncated prior distribution (Equa-
tion 5), which is a common choice for 02 € (0, c0).

0-1.2 ~ Normalp,4ne (/LOa Ug) o)

The parameters of the distribution of o7 determined
the level of uncertainty of the prior quality scores:
the larger the location and scale parameters, the
greater the prior uncertainty of the quality scores.
Based on preliminary results, we chose to fix these
parameters for all quality scores: pg = 0.5 and
5=0.1
o5 =0.1.

3.5.2 Warm-Start Bayesian BTL Model

Under the warm-start condition, we formulated
prior distributions for the quality scores using the
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predicted quality scores. These priors are deemed
informative, as they incorporate information about
each essay’s quality score.

To construct informative priors, we assumed a
normal prior distribution for all quality scores 6;
for i = {1,...,n} with as mean their predicted
initial quality scores 6.

0; ~ Normal (0", 7) (6)
All predicted quality scores were first centered,
gt — S~ 0 to speed up convergence and
encourage y ., 6; ~ 0. As in the cold-start con-
dition, prior distributions were specified for the
variance of the quality scores, measuring the uncer-
tainty of the estimates (see Equation 5).

3.5.3 Sampling and Simulations

To estimate the posterior distribution of each 6; and
01-2, samples were drawn according to the Hamilto-
nian Monte Carlo algorithm using Stan (Gelman
et al., 2015), with 4 chains of 2000 steps of which
500 were warm-up steps. These were sufficient to
reach convergence as diagnosed by a r-hat value
of 1 (Vehtari et al., 2021). After convergence, the
averages of the posterior distributions were used as
point estimates.

To simulate a CJ assessment, we repeatedly es-
timated 6; and 02-2 using increasingly more judg-
ments; for an example of a simulated CJ assess-
ment, see Appendix C. To account for possible
effects of the order of judgments, we shuffled the
sequence of judgments twenty times, resulting in
twenty simulations of a CJ assessment. We re-
peated this process for each assessment, employing
both a cold and a warm start.

3.54

We assessed the gain in efficiency when introduc-
ing a warm start by observing the decrease in the
average number of judgments required per essay
to achieve a specific reliability level. The relia-
bility of the quality scores was determined by the
squared Pearson correlation (pg ¢+) between the fi-
nal quality scores 6%, estimated at the end of the
assessment, and the quality scores in a Bayesian
BTL model estimated at a certain point during the
assessment 6.

However, the use of this reliability metric
presents a practical challenge. In practice, the relia-
bility cannot be calculated during an assessment, as
the final quality scores that would be estimated at
the end of the assessment are still unknown. Hence,

Measuring Efficiency Gain

the reliability has to be approximated based on the
estimated quality scores, which can be achieved us-
ing the Scale Separation Reliability (SSRy). More
specifically, the SSRy estimates Vary« in Equa-
tion 3 by Varg —E 2; see Equation 7. For a detailed
derivation of the SSRy, please refer to Verhavert
et al. (2018). Note that we adjusted the reliabil-
ity of the estimated quality scores to account for
the reliability level of the final quality scores; see
Appendix D.

Varg — E,»

SSRy =
0 Varg

— pj ¢~ (7

4 Results

4.1 Machine Learning Experiment

Table 3 shows the results of the machine learn-
ing experiment. The findings indicate that all fine-
tuned language models effectively predicted qual-
ity scores for a completely new assignment, with
correlation coefficients significantly different from
zero. Notably, RobBERT consistently exhibited
the highest reliability in predicting quality scores,
aligning with its superior performance over other
Dutch transformer models in diverse tasks (Delo-
belle et al., 2022).

Furthermore, when integrating both essay and
prompt information, the RobBERT model consis-
tently achieved the highest reliability with true qual-
ity scores. This observation aligns with previous
AES research, emphasizing the predictive accuracy
of essay scores across various prompts (Li et al.,
2020; Do et al., 2023). As a result of these find-
ings, we opted for the RobBERT model incorporat-
ing additional prompt information to predict initial
quality scores in the simulation study.

It is crucial to note, however, that despite achiev-
ing high reliability, the fact that the reliability levels
did not surpass 0.70 underscores the importance of
assessor judgments to further improve the reliabil-
ity of essay quality scores.

4.2 Simulation of CJ Assessments

The simulation study results, shown in Figure 3,
highlight the comparison between CJ assessments
under warm-start and cold-start conditions. The
outcomes indicate that adopting a warm-start ap-
proach proved more efficient in terms of the num-
ber of judgments per essay needed to achieve a
reliability level of at least 0.70.

In both Assignment 1 (Figure 3.c) and Assign-
ment 3 (Figure 3.a), the desired reliability was
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Fold EsSAY TEXTS + PROMPT INFORMATION
BERTje RobBERT RobBERTje | BERTje RobBERT RobBERTje

{1,2} — 3| 0.56 0.61 0.54 0.60 0.63 0.52

{1,3} =2 | 0.51 0.55 0.43 0.50 0.59 0.45

{2,3} - 1043 0.56 0.16 0.42 0.57 0.17

Average 0.50 0.57 0.38 0.52 0.59 0.37

Table 3: Squared Pearson correlations computed on the test set, comparing final quality scores and scores predicted
by fine-tuned models, utilizing either only the essay texts or the prompts as well. Maximum scores are boldfaced.

(a){1,2}-3

(b) {1,3}-2

(c) {2,3}~-1
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Figure 3: Results of simulated CJ assessments with a warm and a cold start. The average reliability and the average
SSRy of the estimated quality scores are given in function of the average number of comparisons made per essay.
These scores are averaged over 20 different orders of comparative judgments used to simulate an assessment.

reached with fewer than six judgments per es-
say. Conversely, employing a cold-start method
required more than nine judgments per essay to
attain an equivalent reliability level. Consequently,
the warm-start approach resulted in efficiency gains
of 35% and 41%, respectively. For Assignment 2
(Figure 3.b), a reliability of 0.70 required less than
nine judgments per essay, while with a cold start at
least ten judgments per essay were needed, which
corresponds to an efficiency gain of 15%.

When exceeding ten judgments per essay, the dis-
parity in reliability between warm and cold starts
decreased across all assignments. This can be at-
tributed to the diminishing impact of prior distri-
butions on posterior distributions as the number of
judgments increases. Additionally, for assignments
2 and 3, the reliability with a warm start begins
to slightly trail behind that of the cold-start condi-
tion after ten judgments per essay. We posit that

this observed difference may be associated with
the choice to estimate final quality scores using a
Bayesian BTL model with a cold start.

In practical scenarios, reliability is not accessible
during assessments, making accurate measurement
with the SSRy crucial. As shown in Figure 3, the
SSRy demonstrated a faster approximation of relia-
bility when employing a warm start compared to a
cold start. Specifically, the SSRy reached the 0.70
reliability level for all assignments under a warm
start. In contrast, the SSRy approached reliability
at levels of 0.75 for Assignment 2 and 0.80 for
Assignments 1 and 3 under a cold start.

To examine the impact of warm-starting assess-
ments on individual quality scores, we compared
the progression of quality score rankings. For il-
lustration purposes, we show the results of one
simulated assessment for Assignment 3. Figure 4
demonstrates that adopting a warm start led to qual-
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Figure 4: Forest plots of quality scores with 94%-high density intervals estimated at different stages of the CJ
assessment of Assignment 3, with a cold-start condition (plots a—c above) and a warm-start condition (plots d—f
below). The bar plots at the bottom show ranking accuracy based on the absolute differences in rank order of
estimated and final quality scores, with darker shades indicating more incorrect rankings of estimated quality scores.

ity scores being more spread out, yielding a fairly
accurate ranking at the start of the assessment. In
contrast, quality scores under the cold-start condi-
tion clustered around the mean value, resulting in
less precise rankings. This highlights the efficacy
of informative priors in the warm-start condition in
discerning between quality scores. Even after ten
judgments per essay, the warm-start approach dis-
played a wider range of quality scores and a better
ranking compared to the cold-start method.

5 Discussion

Our findings underscore the ability of current deep
learning models, particularly transformer models,
to predict initial quality scores that provide valu-
able information on the argumentative writing qual-
ity of essays. Furthermore, incorporating the as-
signment prompts for fine-tuning enhances the re-

liability of predicted quality scores, which aligns
with prior research in AES (Li et al., 2020; Do et al.,
2023; Sun et al., 2022b). We posit that prompt in-
formation is especially important for the prediction
of initial quality score, since, in this study, the es-
says in the training set were written for different
assignments than the essays in the test set.

When warm-starting CJ assessments with these
predicted initial quality scores, the necessary num-
ber of comparative judgments to obtain reliable
quality scores decreases significantly. This sug-
gests that less effort from assessors is required
while upholding high levels of reliability of the
quality scores. Furthermore, our approach to in-
crease the efficiency of CJ avoids any undesirable
effects with respect to the reliability measures,
which have been noted when employing an adap-
tive selection rule (Bramley, 2015; Bramley and
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Vitello, 2019; Crompvoets et al., 2020). Addition-
ally, our method demonstrates a more substantial
improvement in efficiency compared to the ap-
proach of De Vrindt et al. (2022), who devised
a more efficient selection rule based on similarities
in essay texts.

6 Conclusion

We successfully improved the efficiency of CJ as-
sessments by introducing a warm start for the es-
timation of the quality scores. This involved pre-
dicting essay quality scores, which were then used
to form informative prior distributions within a
Bayesian BTL model. Through an extensive sim-
ulation study, we demonstrated that our approach
led to a reduction, ranging between 15% and 41%,
in the number of comparative judgments needed
to reach a reliability of 0.70 and produced more
accurate rankings of essays at the start of an as-
sessment. Furthermore, our findings indicate that
these efficiency gains can be measured in practical
settings, as the SSRy approximates the reliability
well.

7 Limitations

To fine-tune the transformer models for the pre-
diction of quality scores, we devised a training set
combining the quality scores from different CJ as-
sessments. This was feasible, as the quality scores
measured the same quality of argumentative writ-
ing. However, if the essays were written in different
text genres, such as informative writing, combining
the quality scores would become non-trivial, since
they measure a different kind of writing quality.
Therefore, we recommend that before combining
quality scores, they are first calibrated on a fixed
scale using, for example, the method of Fair Av-
erages (Linacre, 1989). Furthermore, differences
in the genre of essays in train and test could make
predicting the initial scores more difficult, causing
lower reliability.

In this study, we assumed that the quality scores
of essays written for other assignments were avail-
able to train a deep learning model for score pre-
diction. However, settings may arise where these
quality scores are unavailable, particularly in edu-
cational contexts where privacy concerns may pre-
vent the inclusion of students’ essays in a training
set. In such cases, alternative methods for predict-
ing scores must be explored. One approach is to
train a deep learning model on publicly available

AES datasets, such as the Automated Student As-
sessment Prize (ASAP) dataset published by the
Hewlett Foundation (Hamner et al., 2012). How-
ever, it should be noted that these essays are writ-
ten in English, prompting the need to evaluate how
well a model trained on these can predict scores for
Dutch essays. Alternatively, in case no essay scores
are available for training, unsupervised learning
approaches for AES could be considered (Ridley
et al., 2020; Zhang and Litman, 2021).

To simulate the CJ assessments, we chose to
repeatedly shuffle the order of judgments (see Ap-
pendix C). However, this approach may not re-
flect a realistic CJ assessment process, as, typically,
pairs of essays for judgment are selected in such
a way that each essay is compared (close to) the
same number of times. For example, if an essay is
compared 9 times and the others 10, that essay is
selected and paired with a randomly selected essay.
Based on preliminary results, we observed that our
choice to repeatedly shuffle judgments has a negli-
gible impact on the reliability results, as outlined
in this study.

The current study reports an increase in reliabil-
ity at the start of the assessment, but after more
judgments have been made, the difference in re-
liability between a cold and a warm start became
minimal (see Figure 3). For future research, we
recommend exploring methods that use essay texts
for the selection of pairs in a way that increases the
reliability toward the end of an assessment, while
avoiding the perverse effects that adaptive selec-
tion rules introduce (Bramley, 2015; Bramley and
Vitello, 2019; van Daal et al., 2017).
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A Computing Information

We implemented both transformer models for qual-
ity score prediction using Pytorch 2.1.0, Hugging
Face 4.32.1, and Python 3.9.12. We conducted the
experiments on a system running Ubuntu 22.04.2.

B Hyperparameters

The AdamW optimizer was used (Loshchilov and
Hutter, 2017), with a polynomial learning rate
scheduler and a starting learning rate of le — 5.
The warm-up ratio was set at 10% of the steps,
with a batch size of 5. The weight decay was set
to 0.09. Furthermore, a 5% dropout was used to
prevent overfitting. The transformer models were
fine-tuned for 40 epochs with the possibility of
early stopping based on the evaluation metric mea-
sured on the held-out set.

C Example of Simulated CJ Assessment

For the CJ assessment of Assignment 3, 27 judg-
ments were made for each essay, as detailed in
Table 2. This means that each essay was involved
in 27 pairwise comparisons. Given that there are
35 essays part of the assessment, assessors had to
make 35 x 27/2 ~ 473 judgments in total. To
simulate the CJ assessment of Assignment 3, all 6;
and 02-2 parameters in a Bayesian BTL model were
iteratively estimated using 1 to 473 judgments. Fol-
lowing each estimation, the SSRy and reliability
were computed. Recognizing that the order of judg-
ments selected could influence the estimates and
reliability levels, we shuffled the sequence of judg-
ments twenty times and repeated the procedure
mentioned above.

D Adjusting the Reliability Measure

In studies on the reliability of CJ, the ‘true qual-
ity scores’ are obtaining using a all-play-all design
(Bramley, 2015; Crompvoets et al., 2020), where
every pairwise combination essays has been judged.

Since the data in this study were not gathered us-
ing an all-play-all, we assume that the final quality
scores are, in fact, the true scores. However, these
final quality scores possess their own level of relia-
bility, as given by the SSR of the estimated quality
scores at the end of a CJ assessment: SSRy«. To
account for this, we adjusted the reliability of the
estimated quality scores, pgﬂ*, by multiplying it by
SSRy~. Consequently, SSRy converges to SSRy-,
when the estimated quality scores align with the
final quality scores at the end of the assessment
(i.e., when pgﬁ* ~ 1).
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