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Abstract
Quadratic Weighted Kappa (QWK) has been the standard evaluation metric in Automated Essay Scoring (AES)
research for over two decades. Despite repeated criticisms highlighting its limitations, the community has largely
continued to rely on QWK without adopting alternative metrics. This study aims to encourage a shift toward more
suitable evaluation practices by systematically examining QWK’s behavior under three key conditions: dataset size,
class imbalance, and score range. Using both a publicly available AES dataset and carefully synthesized datasets,
we demonstrate scenarios where QWK produces unstable or misleading results. Our findings highlight the need
for more robust evaluation practices and point to alternative metrics, particularly variants of Gwet’'s AC2, that offer

greater reliability across a variety of conditions.
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1. Introduction

Automated Essay Scoring (AES) has been an ac-
tive area of research for over six decades, with
the goal of automatically assessing writing profi-
ciency (Page, 1966). While AES systems have
advanced significantly, one critical aspect has of-
ten been overlooked: the choice of evaluation met-
rics. The ASAP' dataset, the most-widely used
benchmark for AES, was introduced through a Kag-
gle competition that adopted Quadratic Weighted
Kappa (QWK) (Cohen, 1968) as its official eval-
uation measure. Since then, QWK has become
the de facto standard for comparing AES systems.
However, this widespread adoption has led to an
unintended consequence: QWK is now routinely
applied across diverse contexts: different datasets,
languages, and assessment , without sufficiently
studying its suitability for the different setups.

While QWK is a statistically sound metric for
agreement, its dominance has overshadowed other
meaningful performance indicators, particularly in
constrained environments. Indeed, this particular
problem has been brought up by multiple studies
(Yannakoudakis and Cummins, 2015; Brenner and
Kliebsch, 1996). Yet, modern AES research con-
tinues relying on QWK as the sole metric.

AES systems are typically evaluated under two
settings: prompt-specific (training and testing on
the same prompt) and cross-prompt (training and
testing on different prompts)?. A critical factor in
both settings is the number of essays available for
evaluation. For instance, the ASAP dataset con-
tains an average of 1,600 essays across 8 prompts.

"nttps://www.kaggle.com/c/asap-aes
2A prompt refers to a distinct writing task or question.

In prompt-specific evaluation, the standard 5-fold
cross-validation setup uses roughly 320 essays
per fold, per prompt, for testing (Taghipour and Ng,
2016), while cross-prompt evaluation tests on all
essays from a held-out prompt (~1,600 essays)
(Ridley et al., 2021). While such large-scale eval-
uation is feasible for English (thanks to ASAP), it
becomes impractical for low-resource languages,
where datasets may comprise only 200 essays per
prompt (Bashendy et al., 2024). In such cases,
a 5-fold prompt-specific evaluation would test on
just 40 essays per fold, a scenario where QWK’s
reliability is questionable.

This limitation motivates the present study to ad-
dress a central question: How robust are evaluation
metrics in AES? Robustness is defined as the sta-
bility of a metric’s system rankings across varying
evaluation conditions (Sakai, 2021). To investigate
this, we evaluate seven metrics, including QWK and
others less commonly reported, under controlled
variations in the data. We divide the main question
into three research questions, each targeting a spe-
cific condition: (RQ1) How do the metrics behave
under different dataset sizes? (RQ2) How does
the score range of essays affect metric behavior?
(RQ3) How are the metrics influenced by skewed
score distributions?

Our contributions are as follows:

+ We systematically evaluate the robustness of
seven common AES metrics under three con-
ditions: limited dataset size, varying score
ranges, and different score distributions.

» We analyze the metrics across these condi-
tions and offer practical recommendations on
which metrics to use under specific constraints.
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» We make our code and data publicly available
to ensure reproducibility.®

We examine AES metrics and prior evaluation
studies in §2, outline our evaluation methodology in
§3, present results addressing the three research
questions in §4, discuss the findings and implica-
tions in §5, and conclude in §6.

2. Related Work and Background

In this section, we review the evaluation metrics
commonly reported in AES research (§2.1) and
prior studies evaluating QWK (§2.2).

2.1. AES Metrics Background

QWK is favored in AES as it accounts for both
agreement and the ordinal nature of scores. It pe-
nalizes larger disagreements more heavily than
smaller ones. It also adjusts for chance agreement,
making it more informative than raw accuracy. Be-
cause of these properties, QWK has been adopted
as the standard evaluation metric in many AES
shared tasks and benchmarks.

Pearson and Spearman correlations are com-
monly used in AES to measure the relationship
between predicted scores and human scores (Yan-
nakoudakis et al., 2011; Algahtani and Al-Saif,
2020; Yannakoudakis and Briscoe, 2012). Pear-
son captures linear correlation, while Spearman
measures monotonic relationships. These metrics
indicate how well the system ranks essays, not
whether the predicted scores match true scores.
Indeed, a system could achieve a high correlation
while consistently over- or under-predicting scores
(Yannakoudakis and Cummins, 2015).

Root Mean Square Error (RMSE) has also been
employed to evaluate AES systems (Hirao et al.,
2020; Bashendy et al., 2024). It measures the aver-
age squared difference between predicted and true
scores, penalizing large errors more strongly. How-
ever, it assumes continuous intervals, overlooks the
ordinal and discrete nature of essay scores, and is
insensitive to score distribution differences.

Accuracy, defined as the percentage of predic-
tions that exactly match human scores, has also
been reported in some studies (Algahtani and Al-
Saif, 2020; Attali and Burstein, 2004). Although in-
tuitive, it ignores the magnitude and order of errors
and is highly affected by class imbalance, allowing
models to achieve high scores by overpredicting
the majority class.

Proportional Reduction in Mean-Squared Error
(PRMSE) has been proposed as an alternative AES

Shttps://github.com/salbatarni/
LREC2026_QWK_for_AES

evaluation metric (Casabianca et al., 2023; Louk-
ina et al., 2020). It reflects how automated scores
reduce prediction error relative to the average hu-
man score. However, it requires scores from two
human raters to adjust for measurement error, lim-
iting its applicability when only one rater’s scores
are available.

2.2. Evaluating Evaluation Measures for
AES

Studying evaluation measures has been a long-
standing focus in Information Retrieval (IR)
(Buckley and Voorhees, 2017), leading to well-
established standards (Sakai, 2021). In contrast,
AES lacks comparable standardization. Although
several studies have questioned the use of QWK
as the main evaluation metric (Brenner and Klieb-
sch, 1996; Yannakoudakis and Cummins, 2015;
Doewes et al., 2023), it remains widely adopted,
highlighting the need to reexamine its suitability.

Brenner and Kliebsch (1996) demonstrated that
QWK is sensitive to the number of scoring cate-
gories. They systematically varied the number of
categories from 2 to 8 and found that QWK scores
consistently increased with more categories. This
trend was especially noticeable within the range
of 2 to 5 categories, which is commonly used in
practical AES applications. Yannakoudakis and
Cummins (2015) provided a broader evaluation
of different agreement measures. They proposed
four essential criteria for assessing AES metrics: ro-
bustness to trait prevalence, marginal homogeneity,
score range, and sensitivity to the magnitude of mis-
classification. Their study compared several met-
rics, including QWK, linearly weighted kappa and
Gwet's AC2. They found that QWK performed the
worst, while the AC2 measure, particularly AC with
quadratic weights, is more reliable. Notably, they
explicitly advised against using Cohen’s Kappa.
More recently, Doewes et al. (2023) revisited the
shortcomings of QWK, reinforcing concerns raised
in previous work. Although they proposed Krippen-
dorff’s alpha as an alternative, they did not system-
atically show how it overcomes QWK’s limitations.

Loukina et al. (2020) highlighted QWK'’s sensitiv-
ity to rater reliability. They demonstrated, through
simulation experiments, that QWK is highly influ-
enced by the specific set of human raters used
as reference. The same automated system can
receive significantly different performance scores
depending solely on the variability in human-human
agreement, emphasizing the need to consider rater
quality when interpreting evaluation results.

The efforts of prior studies, particularly Yan-
nakoudakis and Cummins (2015) and Loukina et al.
(2020), provide a solid foundation for questioning
the continued use of QWK in AES. However, they
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fall short of offering a complete picture. Most re-
search focuses on statistical properties, theoretical
limitations, or changes in metric values, but do not
assess whether changes in dataset characteristics
lead to meaningful shifts in system rankings. In this
work, we address this gap by examining how sys-
tem rankings are are influenced by varying dataset
properties: size, number of categories, and data
skewness through systematic experimentation.

3. Evaluation Methodology

In this work, we examine how specific dataset con-
ditions affect the ranking of AES systems produced
by evaluation metrics. This analysis centers on
the concept of robustness, which refers to the sta-
bility of system rankings when the evaluation con-
ditions change (Sakai, 2021). In practice, robust-
ness is critical; it determines whether we can trust
the reported ranking of systems. A robust metric
should consistently indicate that one system outper-
forms another, even when the evaluation dataset
is slightly altered.

We define the problem as follows: given a set of
AES systems S = {s1,s2,...,5n5}, and an eval-
uation metric M, how robust is the ranking of
these systems under different dataset conditions
C? Specifically, we ask whether changes in C will
lead to meaningful changes in the system ranking
produced by M. Formally, RS, denotes the ranking
of systems according to metric M under condition
¢, and RS, denotes the ranking under a different
condition C’. We quantify the consistency between
these rankings using Kendall’s 7 correlation coeffi-
cient (Kendall, 1938):

(ne — na)
T= T o o~ 1

IN(N —1) A
where n. and ny are the number of concordant
and discordant pairs across the two rankings, re-
spectively. High 7 would indicate that the metric M
is robust regardless of the change in condition C.
Hence, metric M system ranking is trustworthy.

3.1.

To evaluate the robustness of evaluation metrics
under controlled conditions, we construct a set of
50 synthetic AES systems; each is defined by a
target accuracy value, ranging from 0 to 0.98 in
increments of 0.02. Accuracy here is measured
as the proportion of essays over all prompts that
are assigned the correct (i.e., human-annotated)
score.

For each system, we generate its predicted
scores by randomly sampling a proportion of es-
says equal to the target accuracy and assign them
their true scores. For the remaining essays (i.e.,

Synthetic Systems

the inaccurate predictions), we randomly assign an
incorrect score selected uniformly from the valid
score range of the corresponding prompt, ensuring
that it differs from the true score. This distinction
is essential, as ranking consistency depends on
variation in system-level scores.

3.2. Metrics

We establish a set of criteria for selecting evaluation
metrics based on their popularity in the literature
and recommendations from prior research. Rather
than identifying a single “best” metric for all scenar-
ios, we aim to determine which metrics are most
appropriate to report in specific contexts. Since
different metrics capture distinct aspects of system
performance, we also investigate whether their be-
havior is influenced by underlying or hidden factors.
With these considerations, we select seven widely
used and previously recommended metrics in AES:

* Quadratic Weighted Kappa (QWK) (Cohen,
1968) measures the agreement between two
raters while penalizing larger disagreements
more heavily. It is sensitive to the ordinal na-
ture of the scores, making it suitable for evalu-
ating systems that predict ordered categories.

» Pearson’s r is a correlation coefficient that
quantifies the linear relationship between pre-
dicted and true scores. Despite its limitations
(Carroll, 1961), it is still used for AES (Algah-
tani and Al-Saif, 2020).

Weighted Agreement Coefficient (AC2) (Gwet,
2014) is a chance-corrected agreement mea-
sure designed to be less sensitive to preva-
lence and marginal distributions. Yan-
nakoudakis and Cummins (2015) recom-
mended quadratic AC2, hereafter AC2-¢q, over
QWK.

Linear AC2 (Gwet, 2014) is a variant of AC2
using linear weights, hereafter AC2-1, instead
of quadratic, resulting in less severe penalties
for disagreements.

Krippendorff (Krippendorff, 1970) is a
general-purpose reliability coefficient that
supports different data types, including
nominal, ordinal, and interval. Doewes et al.
(2023) suggested it as an alternative to QWK.
However, they did not evaluate its reliability,
which we aim to investigate.

Root Mean Squared Error (RMSE) captures
the average magnitude of prediction errors.

Accuracy computes the proportion of exact
matches between predicted and true labels.
Although limited in AES, it is sometimes used

4449



as a secondary metric (Rupp et al., 2019;
Ormerod, 2025).

4. Experimental Evaluation

4.1.

In our experiments, we use scikit-learn for comput-
ing QWK, RMSE, and Accuracy. To compute AC2,
we use the Python library irrCAC,* which is the of-
ficial Python implementation corresponding to the
author’s R library (Gwet, 2014). For Krippendorff's
alpha, we use the Fast Krippendorff library (Castro,
2017), with the level of measurement set to interval.

Experimental Environment

4.2. Effect of Dataset Size (RQ1)

While it is generally accepted that evaluating on
larger datasets leads to more reliable and stable re-
sults, this consideration is often overlooked in AES
research, particularly for languages other than En-
glish. The majority of existing studies focus on
English, where large-scale datasets are more read-
ily available. As a result, the implications of small
dataset sizes on evaluation metrics remain underex-
plored. Notably, several works have applied cross-
validation on datasets with very limited samples,
sometimes with test sets containing fewer than 50
essays (Bashendy et al., 2024; Algahtani and Al-
Saif, 2020; Hirao et al., 2020). This raises con-
cerns about the reliability of evaluation results in
low-resource settings and highlights the need to
systematically examine how dataset size influences
metric behavior and system ranking.

Dataset For this study, we elect to use a real
dataset rather than a synthetic one, as our goal is
to investigate how variations in dataset size affect
evaluation metrics in practical real-world conditions.
We selected two widely used datasets: the Auto-
mated Student Assessment Prize (ASAP)® and EL-
LIPSE (Crossley et al., 2023). ASAP contains es-
says from eight prompts with distinct score ranges,
each annotated with a holistic score and several
trait-specific scores; on average, each prompt in-
cludes about 1,600 essays. ELLIPSE consists of
44 prompts with scores ranging from 1 to 5in 0.5
increments, with roughly 150 essays per prompt.
In this work, we focus on the holistic scores for both
datasets. The scores of ELLIPSE are multiplied
by 2 to obtain integer values; this transformation is
applied in all subsequent experiments.

Experimental Settings For each prompt in both
ASAP and ELLIPSE, we first evaluate the perfor-
mance of all synthetic systems using the full set

“https://github.com/afergadis/irrCAC
Shttps://www.kaggle.com/c/asap-aes
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(b) ELLIPSE: Results averaged across 17 prompts.

Figure 1: Robustness of metrics under varying
dataset sizes, measured by Kendall’'s T between
system rankings using all data and subsets of dif-
ferent sizes.

of essays using each evaluation metric M. This
yields the baseline system ranking R%,. Next, we
systematically reduce the dataset size by randomly
sampling subsets of essays of varying sizes. For
ASAP, subset sizes range from 10 to 100 essays in
increments of 10, and then from 100 to 1,500 es-
says in increments of 100. Since Prompt 8 contains
only 723 essays, it is omitted from this particular
experiment. For ELLIPSE, we limit subsets to a
maximum of 100 essays, resulting in 17 prompts
used for this analysis. In all cases, the baseline
ranking R%  is computed using the full dataset for
each prompt. For each subset size z, we evaluate
all systems again using metric M, obtaining new
rankings R3, based on the reduced data. For miti-
gating the effects of random sampling, we repeat it
50 times per subset size z. This overall procedure
is repeated independently for each prompt.

We quantify the robustness of metric M by com-
paring the baseline ranking R% ; with each reduced-
data ranking R3, using Kendall’'s 7. This allows to
assess how system rankings change as a function
of dataset size for each evaluation metric. Kendall’s
T values of R3, are then averaged across repeti-
tions and prompts to provide a robust estimate of
ranking stability under dataset size variation.

Results Figure 1 presents the robustness results
of seven different evaluation metrics as measured
by Kendall’s + across varying dataset sizes.
Generally, metrics are consistent across the two
datasets and there are clear differences in metric
robustness under reduced data conditions. We
note that the most robust metrics for both datasets
were Accuracy and AC2-I. These metrics main-
tained relatively high Kendall's 7 values even with
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smaller subsets of essays. Conversely, QWK, Pear-
son’s r, and Krippendorff exhibited the lowest ro-
bustness, with Kendall’s = values dropping signifi-
cantly as dataset size decreased. For ASAP, their
robustness persisted only above roughly 200 es-
says, while for ELLIPSE, rankings began to de-
cline after about 50 essays. This finding raises
concerns about task-specific AES on prompts of
small number of essays. In fact, in many AES
studies, researchers employ the common 5-fold
cross-validation splits, resulting in test sets of small
sizes that might be below the suggested minimum
for reliable metric use.

Fortunately, metrics such as AC2-1, AC2-¢q, Ac-
curacy, and RMSE exhibited greater robustness.
While their Kendall’s 7 values declined as dataset
sizes dropped below 200 for ASAP and 50 for EL-
LIPSE, they generally remained above 0.6 and
0.9, respectively, indicating relatively stable sys-
tem rankings.

Messages These findings lead to several impor-
tant takeaways. First, while it is acceptable to use
QWK, researchers must be cautious about the size
of the evaluation data, whether it is development
or test data. Second, accuracy proved to be one of
the most robust metrics. It offers a straightforward
interpretation of how often a system predicts the cor-
rect score. However, it is not designed to capture
inter-rater agreement and may overestimate perfor-
mance when score distributions are skewed. Thus,
while it can be informative, it should be used delib-
erately and in conjunction with other metrics. Third,
AC2-] and AC2-q demonstrated strong robustness
across dataset sizes, supporting prior recommen-
dations for their use as reliable agreement-based
metrics (Yannakoudakis and Cummins, 2015).
Finally, while collecting large annotated essay
sets is resource-intensive, our results highlight the
need for careful metric selection rather than relying
on popular defaults. As it directly affects the relia-
bility of AES conclusions, especially with the small
datasets common in low-resource languages.

4.3. Effect of Score Range (RQ2)

The score range for essays can vary significantly
depending on the writing trait being assessed, pro-
ficiency level of the students, or the type of assess-
ment. As a result, different writing assessment
tasks often use different numbers of scoring cate-
gories. Prior studies have noted that QWK is sen-
sitive to the number of score categories, where the
increase of the score range results in increase in
QWK (Yannakoudakis and Cummins, 2015; Bren-
ner and Kliebsch, 1996; Doewes et al., 2023). How-
ever, these findings focus on absolute metric val-
ues rather than the consistency of system rankings
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Figure 2: Robustness of metrics under varying
score ranges, measured by Kendall’'s = between
system rankings using the original score range and
reduced category settings.

across varying score ranges. In this section, we
address a different, but practically important, ques-
tion: Does the number of scoring categories affect
the robustness of evaluation metrics?

4.3.1.

ASAP and ELLIPSE datasets are used for this ex-
periment as well, allowing us to study diverse set
of prompts across varying score ranges. To as-
sess the effect of score range, we progressively re-
duce the number of scoring categories within each
dataset, till having 2 categories. This is done by
rescaling all (true and predicted) scores. We then
observe how these transformations affect system
rankings under each evaluation metric.

For ELLIPSE, we include all 44 prompts each
with nine categories (score range [2, 10]). For ASAP,
we organize prompts into two groups based on their
original score ranges:

Dataset and Experimental Settings

» Group 1 includes prompts 2, 3, 4, 5, and 6,
which we normalize to a range of 5 categories;
all scores are scaled to the range [0, 4], except
for prompts 3 and 4, which naturally fall within
[0, 3] and are left unchanged.

» Group 2 includes prompts 1, 7, and 8, which
we normalize to a wider scale with 9 categories,
mapping their scores to the range [2, 10].

Similar to the dataset size experiment, our base-
line ranking is defined as the system ranking ob-
tained using the group’s original score range. For
each reduced category setting, we then compute
the new ranking and evaluate its consistency with
the baseline using Kendall’s .
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Figure 3: Effect of the interaction between dataset size and number of categories on metric robustness.
Kendall's 7 is computed between system rankings based on subsets of varying size (x-axis) and the full
dataset ranking. Each curve corresponds to a different number of categories.

4.3.2. Varying Score Ranges

We plot Kendall’s = against the number of scoring
categories in Figure 2. The most notable observa-
tion is that Kendall's 7 remains consistently high
across all category settings in both datasets, not
falling below 0.97. This suggests that the number
of categories does not substantially affect system
rankings, even though it may influence the absolute
values of some metrics, as noted in Yannakoudakis
and Cummins (2015). In other words, while metric
scores may shift depending on the score range, the
relative ranking of systems remains stable.

In terms of metric behavior, Group 1 from ASAP,
exhibits minimal ranking variation across all metrics.
Most metrics show a drop of only around 0.01 in
Kendall’s 7, with Krippendorff showing the smallest
decline of just 0.3 points. The largest drop is ob-
served with AC2-¢, though the decline remains neg-
ligible overall. Group 2 from ASAP and ELLIPSE
dataset follows a similar trend, although the effects
of score range changes are more pronounced due
to the wider initial scale. QWK, Pearson’s r, and
Krippendorff show the largest drops, up to 2 points
in Kendall’s 7. In contrast, accuracy and AC2-i re-

main highly stable, with 7 values above 0.99. Nev-
ertheless, this experiment indicates that system
comparisons are reliable regardless of the number
of scoring categories.

4.3.3. Varying Dataset Size & Score Range

While the previous experiments addressed the inde-
pendent effects of dataset size and scoring range,
a natural follow-up question arises: How do these
two factors interact? To explore this, we extend the
dataset size robustness experiment by including
variations in the number of categories. We focus on
Group 2 prompts from ASAP and ELLIPSE dataset
due to their wider original scoring range.

We follow the same setup as before: system
rankings are computed using subsets of increas-
ing sizes, ranging from 10 to 200 and 100 es-
says per prompt (in increments of 10) for ASAP
and ELLIPSE, respectively. For each score range,
Kendall’s T is computed with respect to the full
dataset ranking. For ASAP, based on earlier ob-
servations from RQ1, we restrict the analysis to
subsets below 200 essays, where most metric in-
stability occurs. Each configuration is repeated
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50 times to account for variability due to random
sampling.

Figure 3 shows the results of the seven metrics.
The first clear observation is that both datasets re-
sults are consistent. Second, score ranges with
only 2 categories achieve stable rankings with rela-
tively few essays compared to other metrics. Specif-
ically, accuracy was the metric needed the least
number of essays on 5 out of the 7 metrics, namely
all but accuracy and AC2-/ for ASAP dataset and
ELLIPSE datasets. Beyond this, the metrics exhibit
different behaviors with respect to the number of
categories. For example, on ASAP, QWK shows
higher robustness with nine categories (r = 0.75 at
20 essays) than with four (r = 0.69 at 20 essays).
More categories amplify small quality differences,
leading to wider score gaps and more distinct sys-
tem rankings which makes the evaluation more
stable. However, this trend is not universal, each
metric responds differently based on its underlying
calculation. Accuracy, in particular, shows the oppo-
site pattern: as the number of categories increases,
fewer essays are needed for stable rankings. This
is because finer-grained scoring reduces ties, mak-
ing accuracy more discriminative and allowing even
small improvements to translate more reliably into
ranking changes.

Another pattern is the varying sensitivity of met-
rics to number of categories, visible in the spac-
ing between curves in Figure 3. Metrics like AC2-
[ show tightly grouped curves, indicating consis-
tent robustness across different category numbers.
In contrast, Pearson’s » and QWK exhibit a wider
spread, suggesting that its stability depends more
heavily on number of categories. Overall, AC2-]
consistently shows the highest robustness. It main-
tains a Kendall's 7 > 0.8 across both datasets in
nearly all settings, dropping below this threshold
only when fewer than 20 essays are used. RMSE,
AC2-¢q, and accuracy also demonstrate strong sta-
bility across different category settings.

4.3.4. Messages

Requiring only a small number of essays to eval-
uate models on datasets with 2 categories is an
important observation. Although such scales are
not very common, they can be useful for assessing
writing traits like relevance, where essays are sim-
ply classified as relevant or not. In such cases, even
less reliable metrics may tolerate small dataset
sizes. However, AC2-1, still proves the most robust
metric.

4.4. Effect of Dataset Distribution (RQ3)

The final question we address is how the dataset
distribution affects metric robustness. This issue
has been discussed in prior work, notably by Yan-
nakoudakis and Cummins (2015) who showed that
the absolute value of QWK is highly sensitive to
data distribution. However, our focus here is dif-
ferent; rather than examining changes in metric
values, we consider the relative performance of
systems. In other words, could a lower-performing
system “appear better” than a stronger one purely
due to distributional shifts?

4.4.1. Dataset and Experimental Settings

Our goal is to investigate how changes in score dis-
tribution, from uniform to highly skewed, affect the
robustness of evaluation metrics. We first fix the
score range to 1-5, yielding five categories and and
set the number of samples to 1,000. We consider
the uniform distribution, where all score categories
are equally represented, as the ideal or reference
case, which produces the baseline system rank-
ing RY,. Starting from this reference, we gradually
alter the distribution by lowering its entropy, effec-
tively moving from balanced to increasingly skewed
datasets each associated with a ranking R3,. To
achieve this, we discretize the probability space
using a fixed 5% step size and enumerate all possi-
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ble combinations of category proportions that sum
to 100%. This procedure yields a comprehensive
set of 3,876 distributions covering a broad range
of entropy levels, allowing us to analyze how met-
ric robustness changes as the dataset becomes
more or less balanced. For each of these 3,876
distributions, we generate system predictions as
described in §3.1, repeating the process 50 times
per distribution to account for randomness in sys-
tem predictions, and report the average Kendall’'s
T across repetitions.

4.4.2. Results

The Kendall’s 7 correlations between system rank-
ings across different entropies are shown in Fig-
ure 4. We note that accuracy is not part of these
because it remains unchanged across all condi-
tions (r = 1), as it is the fixed parameter used to
control system performance.

Overall, AC2 variants and RMSE exhibit very
high correlations, consistently above 0.95, indicat-
ing that these metrics are highly robust to changes
in score distribution. In contrast, QWK, Pearson’s r,
and Krippendorff show lower correlations in some
cases, with 7 occasionally dropping below 0.95.

The spread of points at the same entropy reveals
additional insights. For a given entropy level, all
distributions share the same proportions but differ
in which score dominate. AC2 and RMSE produce
tightly clustered points, suggesting that their sys-
tem rankings are largely unaffected by which scores
dominate. Conversely, QWK, Pearson, and Krip-
pendorff exhibit wider spreads, indicating that the
dominance of particular score levels can influence
system rankings even when overall entropy is fixed.

4.4.3. Messages

Despite these variations, kendall’s tau remains gen-
erally high across all metrics (above 0.9), showing
that the relative system rankings are fairly robust
to changes in dataset distribution. This comple-
ments prior studies that focused on absolute met-
ric values (Yannakoudakis and Cummins, 2015),
showing that, even though absolute scores may
change under different distributions, the relative
system rankings remain largely robust.

5. Discussion and Recommendations

Why does this matter? In recent AES research,
system performance is usually compared to base-
lines under fixed conditions, with modest gains (of-
ten under 10 points) and no statistical significance
testing. Such improvements should therefore be
interpreted cautiously. Our findings indicate that
these small differences may not reflect true per-
formance gaps but rather arise from uncontrolled

factors like dataset size, score range, or class im-
balance. Dataset size is a particularly common
issue. In many cases, datasets with around 1,000
essays are small from a machine learning point-
of-view, leading researchers to use 10-fold cross-
validation. This leaves only about 100 essays per
test fold, which our results show is insufficient for
stable rankings under several metrics, especially
QWK, and more so when score distributions are
skewed or mid-range scoring conditions. Based
on our three research questions, we suggest the
following recommendations:

Avoid QWK with small datasets: When work-
ing with small datasets (fewer than 200 essays in
evaluation data), avoid using QWK, Pearson’s r,
and Krippendorff, as these metrics show high in-
stability in system rankings. Instead, prefer metrics
like AC2-1, AC2-q or RMSE, which demonstrate
stronger robustness under small dataset settings.

Consider the scoring scale: Metrics behave dif-
ferently depending on the number of score cate-
gories. In particular, metrics such as QWK and
Pearson’s r become less reliable when mid-range
scoring scales (e.g., 4 categories) are used in small
datasets. Choose metrics that remain consistent
across scales, AC2 is a strong candidate.

Account for label distribution: Our experiments
show that skewed distributions can affect ranking
stability. When working with imbalanced data, use
metrics that are less sensitive to distributional shifts,
again, AC2-[ performs best in this regard.

Report multiple metrics: To gain a more com-
prehensive view of model performance, report a
diverse set of metrics rather than relying on a sin-
gle value. Including RMSE or accuracy alongside
agreement-based metrics provides a more com-
plete picture of system behavior.

6. Conclusion and Future Work

This paper contributes to the growing body of work
questioning the reliability of commonly used eval-
uation metrics, such as QWK, in AES research.
Through a series of controlled experiments, we
show that QWK, in particular, is not robust under
small sample sizes, and its behavior is strongly
influenced by score distribution and, to a lesser
extent, by the number of score categories. Our
findings highlight the need for more careful metric
selection and reporting practices in AES research.
Metrics such as AC2-I, AC2-q and RMSE consis-
tently demonstrate higher robustness across a wide
range of experimental conditions, making them
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more suitable for fair and trustworthy evaluation,
especially when working with limited or imbalanced
data.

For future work, it would be valuable to gather
available AES datasets across different languages,
assessment types (e.g., argumentative, persua-
sive), and writing traits (e.g., organization), and
examine how their underlying characteristics affect
the robustness of evaluation metrics. Moreover,
training state-of-the-art AES systems under varying
dataset conditions could help determine whether
their rankings remain consistent when evaluated
using more robust metrics such as AC2.
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