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Abstract

Automated Essay Scoring (AES) aims to auto-
matically assign quality scores to written essays
and has been studied for several decades. De-
spite substantial methodological progress, little
attention has been given to how AES systems
are evaluated. In this position paper, we argue
that several common AES evaluation practices
are misaligned with broader machine learn-
ing evaluation standards. To examine current
practices, we systematically analyzed 101 AES
papers published in leading venues over the
past decade, focusing on experimental setup,
reproducibility, model development, and per-
formance reporting and analysis. Consequently,
we identify recurring shortcomings and high-
light ways for more rigorous and transparent
evaluation practices.

1 Introduction

Automated Essay Scoring (AES) is the task of auto-
matically assigning quality scores to written essays,
reducing time and cost, which is particularly valu-
able in large-scale assessments. AES encompasses
both holistic and trait-based scoring; holistic scor-
ing assigns a single overall quality score, whereas
trait-based scoring evaluates the essay across mul-
tiple writing dimensions, such as organization and
grammar. The development of AES systems typi-
cally follows two paradigms: prompt-specific and
cross-prompt.1 In prompt-specific setup, models
are trained and evaluated on essays responding to
the same prompt, allowing prompt specialization.
In contrast, cross-prompt models are trained on es-
says from a set of source prompts and evaluated
on unseen target prompts, aiming to improve gen-
eralization across different prompts. Approaches
to these tasks include feature-engineered models
built on traditional machine learning techniques
(Chen and He, 2013; Phandi et al., 2015; Sayed

1Prompt refers to the text describing an essay writing task.

et al., 2025), neural network–based models (Tay
et al., 2018; Xie et al., 2022), transformer-based
models (Wang et al., 2022; Albatarni et al., 2026),
and, more recently, large language model-based
approaches (Yoshida, 2025a).

Despite this considerable methodological
progress and long history (Page, 1966), the
field has rarely paused to question whether its
established practices are conceptually sound.
Instead, most studies prioritize performance gains,
often following established conventions, without
critically examining their validity. Among the
few exceptions, Beigman Klebanov and Madnani
(2020) revisited foundational research on AES,
showing that while human-rater agreement has
been largely achieved, critical challenges around
validity, fairness, and score interpretability remain
unresolved. More recently, Li and Ng (2024a)
broadened the discussion by calling for a shift in
perspective, urging the community to move beyond
aggregate metrics, diversify datasets, explore
trait-based and cross-prompt scoring, and consider
AES integration into educational contexts.

While those studies provide valuable reflections
on the current state and future directions of AES,
one key aspect that remains underexplored is eval-
uation. In this position paper, we critically ana-
lyze how AES systems are evaluated in practice,
identifying systematic issues in experimental de-
sign and performance reporting. We argue that
current AES evaluation paradigms are often mis-
aligned with broader machine learning evaluation
standards. To substantiate this claim, we present a
systematic analysis of a representative sample of
101 AES studies published over the past decade in
10 leading NLP and AI venues.

Our analysis is informed by broader critiques of
empirical practices in machine learning. In partic-
ular, Lones (2021) outlines common pitfalls and
best practices in experimental design and evalua-
tion. Likewise, Herrmann et al. (2024) calls for
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a reconsideration of established empirical conven-
tions. While these works address machine learn-
ing broadly, we apply their perspective specifically
to AES evaluation. Our contribution is four-fold:
(1) We analyze 10 years of AES research across 10
leading publication venues, focusing specifically
on evaluation practices. (2) We identify common
evaluation pitfalls and quantify their prevalence
through a systematic analysis of published papers.
(3) We provide concrete recommendations and best
practices to improve evaluation and reporting in
future AES research.2 To our knowledge, this is
the first AES-specific work to offer a structured
evaluation roadmap. (4) We make the annotations
of our analysis public for transparency.3

2 Study Design

Recently, evaluation practices in AES research
have raised concerns regarding their alignment with
established machine learning standards, risking pro-
ducing misleading conclusions and unreliable inter-
pretations of model performance. To systematically
examine these practices, we analyze a representa-
tive set of AES studies, focusing on how evaluation
setups are designed, datasets are used, reproducibil-
ity is supported, and model performance is reported.
Our study begins with the collection of relevant
papers from major NLP and AI venues (§2.1), fol-
lowed by an annotation process that captures key
aspects of their evaluation practices (§2.2).

2.1 Paper Collection

We conduct a systematic analysis of AES papers
published over the past decade (2016-2025 inclu-
sive) in 7 leading NLP and AI conferences, namely
ACL, EMNLP, NAACL, EACL, LREC, COLING,
and AAAI (covering main and findings tracks),
where many influential AES papers have been intro-
duced. We also include AES-relevant papers from
educational NLP/AI venues, specifically the AIED
and EDM conferences and the BEA Workshop.

Candidate papers were identified by searching
titles for the following keywords: ‘essay(s)’,
‘student(s)’, ‘trait(s)’, ‘rubric(s)’,
‘scoring’, ‘writing’, ‘written’ and
‘proficiency’, yielding 941 papers. We note that
our objective is not to provide an exhaustive survey

2We provide an AES evaluation checklist in Appendix C.
3Annotations and evaluation checklist is

available at https://gitlab.com/bigirqu/
aes-evaluation-practices/. For any annotation
errors or issues, please contact us.
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Figure 1: Distribution of reviewed AES papers.

of AES research, but rather to characterize evalua-
tion practices in a representative set of AES studies
published at influential NLP/AI venues. Accord-
ingly, while our keyword-based strategy aims to
maximize coverage, we do not claim complete re-
call of AES studies.

Next, we conducted a two-stage screening. In
the first stage, we excluded papers that were not
relevant to AES based on their titles (e.g., papers
on teacher-student training paradigms), reducing
the pool to 225 papers. In the second stage, we
manually examined each remaining paper to deter-
mine whether it included an empirical evaluation
of an AES system. We excluded conceptual papers
with no empirical evaluation (e.g., position papers),
papers focused on short-answer rather than essay
scoring, and papers that introduced new datasets
without benchmarking AES models. This resulted
in a final set of 101 papers included in our analysis.

Figure 1 shows the distribution of the final 101
papers across years and venues. It indicates that,
within our set, AES research has experienced a
sharp increase in interest in recent years, rising
from 11 papers in 2023 to 21 in 2024, and reaching
29 in 2025. Across venues, ACL emerged as the
leading venue (21 papers), followed by EMNLP
(18 papers), while EDM and EACL contributed rel-
atively fewer works (3 and 1 papers, respectively).

2.2 Paper Annotation

This section describes the annotation process and
the inter-annotator agreement analysis used to as-
sess its consistency and reliability.

Annotation Process Our annotation framework
focuses on 6 key evaluation aspects: language and
dataset coverage, model tuning, reproducibility,
evaluation measures, performance evaluation, and
performance analysis. We prepared an annotation
form (questionnaire) consisting of 23 questions
covering the 6 aspects, with each linked to a subset
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of questions (see Appendix A). The annotation pro-
cess was conducted by four annotators (coauthors
here) and consisted of three stages: pilot study,
main annotations, and disagreement resolution.

In the pilot study, each annotator independently
annotated two randomly selected papers, after
which the annotation questionnaire was refined to
address missing questions, clarify answer options,
determine question formats, and introduce a "not
applicable" option wherever necessary. This re-
sulted in the finalized annotation form. In the main
annotation phase, we adopted a double-annotation
procedure to ensure reliability; each paper was in-
dependently evaluated by two distinct annotators.
Annotators focused on the evaluation-related sec-
tions of their assigned papers to complete the ques-
tionnaire. Following that phase, annotators met
to resolve any disagreements. In cases where the
two could not reach agreement, a third annotator
was consulted to determine the final decision. This
structured process ensured rigor and reliability in
the resulting annotations.

Inter-Annotator Agreement We compute inter-
annotator agreement for each question using the
raw responses (before disagreement resolution).
We use Cohen’s Kappa κ (Cohen, 1960) for 16
questions with mutually exclusive answers, and
Jaccard similarity (Jaccard, 1912) for 7 multi-label
questions (Amigo and Delgado, 2022; Godbole and
Sarawagi, 2004). This resulted in an average Co-
hen’s κ of 0.709 across 16 questions, which is con-
sidered substantial agreement (Landis and Koch,
1977). For the 7 multi-label questions, Jaccard sim-
ilarity reaches an average of 0.83, indicating high
overlap between annotators’ responses. A detailed
breakdown of IAA is provided in Appendix B.

3 Current State and Pitfalls

Despite the growth of AES research in recent years,
several issues persist in how AES systems are eval-
uated. In this section, we discuss these issues, fo-
cusing on dataset and language coverage, model
tuning, reproducibility, evaluation measures, per-
formance evaluation, and the depth of analysis pro-
vided across studies. Together, these aspects pro-
vide a critical view of current evaluation practices
and highlight areas where they can be improved.

3.1 Language and Dataset Coverage

While our analysis reveals that the reviewed pa-
pers cover 14 different languages, it shows that
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Figure 2: Datasets used across the reviewed AES papers.

the field remains highly imbalanced in that regard.
Specifically, 82 of the 101 reviewed papers (81.2%)
study English AES, while the remaining investigate
other languages, e.g., Arabic (Qwaider et al., 2025),
Chinese (Song et al., 2020), Korean (Song et al.,
2025), and others. That dominance, illustrated
in Figure 2, is further reflected in the availabil-
ity of datasets, where English alone benefits from
25 AES datasets (including 6 private), compared
to only 24 datasets across the other 13 languages
combined (including 7 private). Our analysis fur-
ther reveals limited dataset creation efforts: just
13 non-English datasets have been introduced in
the past decade, averaging one per language. This
clearly highlights the overwhelming concentration
of both data resources and research efforts around
English AES. As a result, benchmarking and sys-
tematic experimentation in low-resource languages
remain limited, slowing progress toward advancing
state-of-the-art performance. Over time, this imbal-
ance risks biasing the AES research toward a single
linguistic context, limiting global generalizability,
and hindering broader innovation in the field.

An even more critical observation lies in the
over-reliance within English AES research on us-
ing ASAP4 dataset for holistic scoring, and its
extension ASAP++ (Mathias and Bhattacharyya,
2018) for trait-specific scoring, a concern previ-
ously noted by Li and Ng (2024a) and now rein-
forced and validated by our statistical evidence. As
shown in Figure 2, among 25 identified English
datasets, ASAP and ASAP++ are used in 60 of
the 82 English studies (73.2%). In contrast, stud-
ies using other English datasets, such as TOEFL11
(Yoshida, 2025a), ELLIPSE (Ding et al., 2024), and
PERSUADE (Lee et al., 2025), remain compara-
tively few. This heavy reliance on a single bench-
mark family (ASAP/ASAP++) introduces the risk
of overfitting, where models are implicitly opti-

4https://www.kaggle.com/c/asap-aes

44707

https://www.kaggle.com/c/asap-aes


mized toward ASAP-specific population character-
istics, rather than general representations of writing
proficiency. Consequently, systems may perform
well on ASAP/ASAP++, but fail to generalize to
essays with different prompts, scoring rubrics, or
characteristics. This is supported by Eltanbouly
et al. (2026), who show that cross-dataset evalua-
tion can substantially change AES model rankings.

Recommendations To promote a balanced and
robust AES research field, we recommend:
(R1) Prioritizing the development and public
release of datasets for low-resource languages
through dedicated data collection and annotation
efforts. This would address the current resource
gap, enable systematic benchmarking, and promote
linguistic diversity in AES research. For example,
recent efforts such QAES (Bashendy et al., 2024),
TAQEEM 2025 shared task (Bashendy et al., 2025),
and LAILA dataset (Bashendy et al., 2026) repre-
sent valuable steps toward supporting Arabic AES.
(R2) Breaking the self-reinforcing cycle of over-
reliance on ASAP/ASAP++ benchmark family.
While it served as a valuable resource in the com-
munity, greater attention should be directed toward
other well-established public resources, such as
ICLE++ (Li and Ng, 2024c) and ELLIPSE (Cross-
ley et al., 2023a) for both holistic and trait-specific
scoring, and PERSUADE (Crossley et al., 2023b)
for holistic scoring. Moving beyond ASAP dom-
inance mitigates the risk of benchmark-specific
overfitting, and enhances generalizability while un-
locking underexplored valuable resources.

3.2 Model Tuning
Reliable estimation and interpretation of model
performance rely on how models are optimized,
which depends on training and testing data splits,
and how hyperparameters are selected and tuned.

Data Splitting In current AES research, differ-
ent data splitting approaches are adopted depend-
ing on the task and dataset. Our analysis shows
that 60 (59.4%) of the surveyed papers employ
cross-validation (CV). For example, studies us-
ing ASAP/ASAP++ datasets, adopt the 5-fold CV
splits introduced by Taghipour and Ng (2016) for
prompt-specific setup (Kumar et al., 2022; Do et al.,
2024a), and leave-one-prompt-out CV for cross-
prompt setup (Ridley et al., 2021; Do et al., 2023).
Similarly, leave-one-prompt-out CV is used with
other datasets, such as ICLE++ (Li and Ng, 2024c)
and TOEFL11 (Jiang et al., 2023).

Although CV is intended to reduce overfitting
and provide reliable means for estimating model
performance, certain practices can introduce data
leakage. One such risk is sequential overfitting,
defined by Lones (2021), where multiple models or
configurations are evaluated in succession on the
same test set. As results of earlier evaluations in-
form later decisions, information about the test set
can leak into the training process. For example, se-
lecting the best hyperparameter configuration based
on average performance over all development folds,
then applying it to all test folds (He et al., 2022;
Jiang et al., 2023; Wang and Liu, 2025).

In contrast, 27 (26.7%) studies use fixed
train/dev/test splits, as provided with datasets such
as DREsS (Yoo et al., 2025). This approach avoids
sequential overfitting; however, it may limit the
generalizability of the results, as the model is op-
timized on a single (often small) fixed dev split.
A more rigorous alternative is to use CV on the
train/dev data with a held-out test set for final eval-
uation; however, this practice appears in only 2
papers (Doewes et al., 2022; Hwang, 2024).

Another practice observed in recent works is
evaluating models on a small subset of the test set.
This is particularly common in studies leveraging
large language models (LLMs) (Lee et al., 2024;
Jang et al., 2025), due to computational cost. While
this choice is justified, it limits comparability with
other studies that use the full test set.

Hyperparameter Tuning Our analysis reveals
that 74 (73.3%) of the reviewed papers do not ex-
plicitly report performing hyperparameter tuning.
Specifically, studies either present hyperparame-
ters as fixed configurations without justification
(Cummins et al., 2016; Chen et al., 2025), or adopt
them from prior work (Do et al., 2024b, 2023), re-
lying on the validation set only for early stopping.
While these studies may have conducted hyperpa-
rameter tuning without documenting it, the lack of
transparency raises questions about how hyperpa-
rameters were selected, whether the chosen config-
urations generalize to unseen data, and whether the
models overfit to a specific dataset. Eltanbouly et al.
(2026) show that hyperparameter tuning can alter
model rankings by tuning multiple popular cross-
prompt AES models, including PAES (Ridley et al.,
2020), CTS (Ridley et al., 2021), and ProTACT (Do
et al., 2023), which were originally evaluated using
fixed hyperparameter configurations.
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Recommendations To improve model optimiza-
tion and evaluation, we recommend: (R3) Per-
forming fold-independent hyperparameter tun-
ing when using CV, to ensure that no observations
from the test fold influence the training process.
This practice, though rarely adopted in AES, is
demonstrated by Li and Ng (2024b), where hyper-
parameter tuning is conducted independently for
each test fold. (R4) Reserving a held-out test
set for final evaluation that remains isolated from
all optimization and tuning decisions. However,
this may be challenging in AES research due to the
typically-small dataset size. (R5) When a held-out
test set is not feasible, adopt cross-dataset evalu-
ation. In this setup, a model trained on one dataset
is evaluated on an unseen dataset, as demonstrated
by Lee et al. (2025). This provides a more rigorous
assessment of generalization and better reflects real-
world conditions where AES systems must evaluate
essays from students with varying writing quality
and language proficiency. (R6) Avoidance of rely-
ing on fixed values of hyperparameters adopted
from prior work without validation, as optimal con-
figurations are often dataset- and task-dependent.

3.3 Reproducibility
Reproducibility is a key requirement for research
progress, ensuring that proposed methods can be
independently verified, extended, and importantly
evaluated. Achieving reproducibility spans 3 fac-
tors: availability of source code, completeness of
reported implementation details, and transparency
of documented hyperparameter values.

Source Code A key barrier to reproducibility
in AES research is the limited public availability
of source code. In our analysis, only 33 (32.7%)
studies provided working code repositories (Wang
et al., 2024; Chu et al., 2025), leaving more than
half of the surveyed studies with only the re-
implementation option using what is described in
the paper, which often omit crucial implementation
choices. This significantly limits the ability to ver-
ify reported results, reproduce experimental setups,
and reuse existing methods in subsequent works.

Implementation Details When code is unavail-
able, reproducibility relies heavily on the clarity
of reported implementation details. Encouragingly,
our analysis shows that 86 (85.1%) studies report
implementation details that support, to varying de-
grees, replication, such as model architecture (e.g.,
number of layers, hidden dimensions), training con-

figurations (e.g., optimizer, early stopping criteria),
data preprocessing, libraries, model size, and hard-
ware specifications. A good example is provided by
Eltanbouly et al. (2025), whose work, although not
accompanied by publicly released code, provides
sufficient details that enable replication.

Hyperparameter Values Hyperparameter set-
tings are also critical for ensuring reproducibility,
yet often under-reported. Our analysis shows that
only 27 (26.7%) studies perform hyperparameter
tuning, among these, 15 report the method used for
tuning, such as Bayesian Optimization (Alikaniotis
et al., 2016), and 16 share the search space of tested
hyperparameter values (Zeng et al., 2023). These
findings highlight that, although most studies re-
port the optimal hyperparameter values (21 out of
27), many omit essential details about the tuning
process, which significantly affect reproducibility.
Li and Ng (2024b) exemplifies good practice by
documenting hyperparameter values, optimization
tool, search space, and the best configurations.

Recommendations To strengthen reproducibil-
ity and enable fair comparison, we recommend:
(R7) Releasing complete source code in pub-
licly accessible repositories, along with setup in-
structions, preprocessing, training, and evaluation
scripts, and, when feasible, trained model check-
points. (R8) Reporting comprehensive imple-
mentation details, including model architecture,
libraries, and any method-specific choices. For
example, in LLM-based methods, we encourage
providing the prompts to support reproducibility.
(R9) Providing full hyperparameter informa-
tion, specifying the optimization method, search
space, and optimal configurations. Transparency
by following these 3 practices not only builds
trust but also accelerates innovation by providing
a clear starting point for future work. Li and Ng
(2025) demonstrates best practices in reproducibil-
ity providing the source code, sufficient implemen-
tation details, and complete hyperparameter values,
thereby strengthening transparency and credibility.

3.4 Evaluation Measures

The selection of the evaluation measure shapes how
performance is interpreted, guiding model develop-
ment, optimization, and research conclusions and
directions. Measures indeed are more than quanti-
tative figures; they encode assumptions about what
counts as “good” performance.
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Figure 3: Evaluation measures in the reviewed papers.

Figure 3 shows the frequency of reported mea-
sures across three main categories in the literature:
agreement, classification, and error measures, natu-
rally, with agreement measures dominating. Over-
all, Quadratic Weighted Kappa (QWK) dominates,
appearing in 87 papers (86.1%), followed by F1-
score in 13 (12.9%) and Pearson’s r in 10 (9.9%).

QWK measures the level of agreement between
two raters while penalizing disagreements accord-
ing to their squared distance, making it a natural
fit for ordinal scoring tasks such as essay grad-
ing. However, several studies have highlighted its
limitations. Brenner and Kliebsch (1996) showed
that QWK is sensitive to the number of scoring
categories, especially in the 2–5 range typical of
AES. Yannakoudakis and Cummins (2015) found
it performed poorly on criteria like robustness and
misclassification sensitivity. Albatarni and Elsayed
(2026) showed that QWK is particularly sensitive
to small datasets, while Loukina et al. (2020) high-
lighted its dependence on rater reliability, empha-
sizing the impact of reference human raters.

Our analysis shows the extent of the reliance on
QWK: 64 studies (63.3% of the reviewed papers)
report QWK as their sole measure. To provide a
practical point of comparison, we also look at de-
ployed AES systems from industry, e.g., ETS and
Duolingo. They typically report complementary
metrics such as F-score, Cohen’s Kappa, Spearman
correlation, and exact agreement (Naismith et al.,
2023; Farra et al., 2015). Some also include preci-
sion and recall (Burstein et al., 2010), providing a
more nuanced picture of model performance.

Recommendations To better present AES per-
formance, we recommend: (R10) Reporting
multiple evaluation measures rather than rely-
ing solely on QWK. This is a standard best prac-

tice in fields like machine learning, ensuring a more
complete and reliable assessment of system perfor-
mance (Lones, 2021). (R11) Choosing metrics
deliberately based on task characteristics and
potential limitations. Prior work has proposed
alternatives to QWK for AES. For example, Louk-
ina et al. (2020) recommends using PRMSE when
there are exactly two annotators whose annotations
are available and label noise is present. Several
studies have also recommended Gwet’s AC2 (Gwet,
2014) as an alternative to QWK. By reporting com-
plementary measures alongside a primary metric
aligned with the scoring objective, researchers can
provide a more informative evaluation.

3.5 Performance Evaluation
The way AES studies present performance results
is crucial to assessing progress in the field. Deci-
sions about reporting granularity, baselines, and
statistical testing shape the validity of comparisons
and the credibility of the findings.

Result Reporting Granularity A key aspect of
result presentation is granularity, which refers to
the level of detail at which performance is reported.
In AES studies, results may be broken down by
individual prompt and trait, or summarized into
broader averages. Fine-grained reporting is crucial
as it exposes the strengths and weaknesses that ag-
gregated scores can obscure, offering a more trans-
parent and comprehensive view of performance.
Yet, despite its importance, this practice remains un-
common; only 10 (22.2%) out of the 45 papers that
focus on trait-specific scoring report fine-grained
results for each trait across individual prompts
(Mathias and Bhattacharyya, 2018, 2020). Most
studies, however, rely on aggregated reporting: 35
(77.8%) of 45 studies report results as averages,
either per trait, per prompt, or both (Do et al., 2023;
Wang and Liu, 2025). While aggregation provides a
convenient overview, it reduces the number of data
points available for statistical analysis and hides
informative variations in model performance.

Baseline Selection Selecting suitable baselines
and clearly justifying their inclusion is essential
for positioning a new method within the existing
AES literature. However, our analysis shows that
this practice is often neglected. Among the 101
reviewed papers, 43 studies (42.6%) do not include
external baselines. Of these, 14 are dataset papers,
where the main contribution is typically resource
construction rather than model comparison. The re-
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maining 29 papers compare only against variants of
their own proposed method. In LLM-based work,
this pattern is often linked to resource constraints
(Yoshida, 2025a). Even when external baselines
are included, their selection is often insufficiently
justified. In fact, among the 58 papers that include
external baselines, 27 do not justify their choice.

Statistical Significance Using statistical tests
when comparing models is an important practice,
as numerical differences alone are not sufficient
to establish preference of one approach over an-
other (Dror et al., 2018). However, as discussed
earlier, the tendency to collapse results into aver-
ages reduces the number of comparable data points,
making statistical significance testing difficult to
achieve. Works like Mathias and Bhattacharyya
(2020) show how finer reporting granularity en-
ables this: by covering all ASAP++ prompts and
traits, sufficient data points are available to con-
duct reliable significance testing as a natural part
of evaluation. Despite this, 70 (69.3%) papers do
not report significance testing, and Figure 4 sug-
gests that this has become more prevalent during
the last three years. Even when datasets provide
sufficient data points, significance testing is often
neglected; for example, ELLIPSE dataset includes
44 prompts, yet none of the three papers using EL-
LIPSE reported statistical significance testing.

Generalizability Naturally, evaluating models
across multiple datasets is essential to ensure model
generalizability (Lones, 2021). In practice, how-
ever, only 22 (21.7%) studies evaluate across multi-
ple datasets. This is particularly evident in English
AES, where 44 of the 60 studies using ASAP or
ASAP++ (73.3%) evaluate on it exclusively.

Recommendations To improve performance
reporting in AES research, we recommend:
(R12) Reporting fine-grained performance pre-
sented per prompt and per trait, rather than col-

lapsed into averages. This not only improves
transparency, but makes significance testing more
feasible. (R13) Comparing with proper base-
lines wherever applicable. Baseline selection
should be rational and cover state-of-the-art sys-
tems with respect to task performance and ap-
proach. (R14) Conducting significance testing
to highlight statistically-meaningful differences be-
tween models. (R15) Evaluating on multiple
datasets whenever feasible, to improve the gener-
alizability of the reported findings.

3.6 Performance Analysis
Beyond reporting baseline comparisons and per-
formance scores, deeper analysis is essential to
understand why a model achieves its performance
and what resources are required to obtain it.

Model Analysis For each reviewed paper, we ex-
amine the types of analyses conducted after the
main experimental results. The most common
form is an ablation study, appearing in 63 papers
(62.4%). Other forms include failure analysis (24),
trait-based analysis (16), feature analysis (20), em-
bedding visualization (10), and qualitative analysis
(7). Additionally, 30 papers report other forms
of analysis tailored to their specific models, lan-
guages, or experimental settings, such as varying
the number of training prompts to assess its effect
(Cummins et al., 2016) or examining language sim-
ilarity in multilingual settings (He and Li, 2024).

Overall, only 4 papers report no additional anal-
ysis beyond the main results, reflecting a positive
common practice in AES research. However, the
strong dominance of ablation studies is concerning.
While they help identify which model components
contribute to overall performance, they provide lim-
ited insights into model behavior, such as failure
patterns, error types, or even success cases.

Model Efficiency Although educational settings
do not typically require instant scoring, a model
that matches state-of-the-art performance while be-
ing more efficient represents a stronger contribu-
tion. Efficiency encompasses both training time
(affecting resource allocation and reproducibility)
and inference time (indicating how a deployed sys-
tem can scale). Model size is closely related to both,
as larger models generally demand more memory,
longer training runs, and slower inference, particu-
larly for LLM-based methods, where essay scoring
can take seconds compared to milliseconds for non-
LLM approaches (Elbahnasawi et al., 2026). In
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practice, however, such reporting remains uncom-
mon: only 17 (17.3%) papers disclose training time
(Li and Pan, 2025) and only 7 (7.1%) report infer-
ence time (Eltanbouly et al., 2025), out of 98 papers
(excluding 3 not applicable cases). Similarly, only
27 (30.7%) papers report model size (excluding 13
not applicable cases). For papers studying LLM-
based models (28), the monetary cost of using pro-
prietary models is an additional relevant dimension,
yet only 3 of 21 (excluding the 7 studies that used
only open-source LLMs) such papers disclose it.
Understanding effectiveness-efficiency trade-offs
is important for assessing whether a proposed ap-
proach is practically viable.

Recommendations To address these shortcom-
ings, we recommend: (R16) Conducting perfor-
mance analysis beyond scoring effectiveness. A
single performance figure is not sufficient to un-
derstand a model’s behavior. Complementary anal-
yses, such as failure analysis or trait-level break-
downs, provide a deeper understanding of where a
model succeeds and where it falls short. (R17) Re-
porting efficiency and cost figures, including
training and inference time, model size, and mon-
etary cost. This directly affects the feasibility of
deployment in real-world or low-resource settings.

4 LLM-era Caveats

The recent adoption of LLMs in AES has grown
rapidly, with our analysis showing that 28 out of
61 papers (45.9%) published over the past 3 years
(2023-2025) used LLMs. This growing adoption
highlights the need to examine the evaluation con-
siderations specific to LLM-based AES systems.
Unlike conventional AES models, LLM-based sys-
tems introduce additional sources of variability
and uncertainty related to data contamination, non-
determinism, prompt sensitivity, reproducibility,
and computational cost. We therefore identify the
following LLM-specific caveats that should be con-
sidered when evaluating LLM-based AES systems.

Data Contamination Widely used benchmarks,
such as ASAP, have been publicly available for over
a decade, and may have appeared in LLM pretrain-
ing corpora, raising concerns about data contamina-
tion. Despite the increasing use of LLMs in AES,
few studies discuss contamination risks or evaluate
models on newer or less-accessible datasets.

Non-deterministic Output Unlike traditional
AES models, which produce deterministic predic-

tions once trained, LLM outputs may vary across
runs due to decoding randomness, API updates,
or configuration differences. While this variabil-
ity in open-source models can often be reduced
by controlling decoding parameters, reproducibil-
ity remains challenging for closed-source models,
which may change over time without transparent
versioning. Our analysis reveals that, out of the
28 (27.7%) papers that use LLMs, the majority
of them (20 papers; 71.4%) use at least one open-
source model (Lee et al., 2024). However, 8 of the
28 papers (28.6%) rely on closed-source models,
raising additional concerns regarding reproducibil-
ity and comparability of results across studies.

Prompt Sensitivity Small changes in prompt
wording, rubric structure, or few-shot examples
can substantially influence LLM scoring behavior.
This issue has been investigated in several AES
studies (Mansour et al., 2024; Yoshida, 2025b),
which show that even minor prompt modifications
can substantially affect scoring performance.

Cost and Efficiency Closed-source LLMs in-
troduce financial costs and API usage constraints
rarely reported in AES evaluations, with only 3 out
of 21 studies that used closed-source LLMs report-
ing cost figures (Mansour et al., 2024; Jang et al.,
2025; Chu et al., 2025). Moreover, for inference,
those models are tied to API speed and largely un-
controllable. In contrast, open-source models raise
concerns about in-house computational resources
and inference latency, as inference time depends
heavily on hardware specifications, model size, and
configurations like model quantization and batch
size. Nevertheless, only 3 out of 20 studies that use
open-source LLMs reported inference time.

Recommendations To address those caveats, we
recommend: (R18) Evaluating LLM-based sys-
tems on private or carefully controlled datasets
whenever possible to reduce the risk of data con-
tamination and improve the reliability of evaluation.
(R19) Repeating experiments and reporting av-
erage performance with standard deviation to pro-
vide more reliable estimates and account for output
variability. (R20) Reporting complete evaluation
setup, including exact prompts, few-shot examples,
decoding settings, and model versions. (R21) Vali-
dating methods with open-source LLMs to sup-
port independent verification of results. (R22) Re-
porting API costs and inference time, along with
hardware and model configurations.
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5 Roadmap

Considering the analysis of the reviewed studies,
observed pitfalls, and corresponding recommen-
dations, we outline a structured roadmap to guide
the AES community towards stronger evaluation
practices. We distinguish between essential rec-
ommendations (R3, R8–R17, R20–R21), which,
we believe, are necessary for rigorous and reliable
evaluation, and strongly recommended practices
(R1, R2, R4–R7, R18–R19, R22), which further
enhance evaluation robustness. To improve the
usability of the proposed recommendations, we
provide a checklist in Appendix C. The roadmap is
organized across three stages, each linked to rele-
vant recommendations.

Experimental Setup: In the first stage, several
decisions should be established to ensure a sound
evaluation setup: (1) Select multiple datasets
(R2, R5, R15, R18) to assess the generalizability
across different writing tasks, and learner popula-
tions. Multilingual evaluation is also encouraged,
with attention to low-resource languages. (2) Care-
fully define the data-split strategy (R3, R4) fol-
lowing established best practices, and when feasi-
ble, reserve a held-out test set for final evaluation.
(3) Define the system’s goal and align it with
the optimization measure (R11). For example,
real-time systems must balance predictive perfor-
mance with computational efficiency. (4) Choose
strong and relevant baselines (R13) before model
development to avoid biased selection and establish
clear performance target.

Model Development: In the second stage, re-
searchers should adopt practices that ensure both
effective tuning and transparency. In particular:
(5) Emphasize Hyperparameter tuning (R3,
R6), with efficient strategies such as Bayesian opti-
mization preferred over grid search. (6) Prioritize
transparency and reproducibility (R7, R8, R9,
R19–R21), with training and optimization process
clearly documented. Researchers should report all
relevant experimental details, including preprocess-
ing steps, hyperparameter configurations, model
size, and model-specific design choices.

Performance Reporting and Analysis: In the
final stage, performance should be presented in
a way that provides a comprehensive understand-
ing of the model’s behavior. (7) Report fine-
grained performance (R10, R11, R12, R14),
going beyond aggregated averages by providing

per-prompt and per-trait figures. Use multiple
measures to capture diverse dimensions of per-
formance. Improvements over baselines should
be supported by statistical significance testing,
while comparable performance with added effi-
ciency and interpretability should also be high-
lighted. (8) Conduct model analysis (R5, R16,
R17, R22) by reporting strengths and limitations of
the approach through ablation studies, failure analy-
sis, and method-specific investigations. Document
practical factors such as inference time, model
size, and financial cost, particularly for proprietary
LLM-based approaches. (9) Promote open re-
sources and community efforts (R1, R7) by re-
leasing useful resources, such as extracted features,
rationales, and well-documented code, to enable re-
producibility and accelerate progress. Shared tasks
should also be promoted to drive AES progress,
especially in low-resource languages.

6 Conclusion

This paper examined evaluation practices in AES
research by analyzing 101 representative papers
published over the past decade in 10 leading NLP
and AI venues. Across six evaluation dimensions,
we identified several recurring issues: heavy re-
liance on English and few benchmarks, limited
reproducibility, dependence on one evaluation mea-
sure, coarse performance reporting, poor baseline
justification, lack of statistical significance testing,
and insufficient analysis of results. Accordingly,
we provided practical recommendations to help ad-
dress these limitations. We further examined evalu-
ation considerations that arise from using LLMs in
AES. Finally, we outlined a roadmap that offers an
applicable starting point for improving evaluation
practices in future AES research.
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7 Limitations

This work has several methodological and imple-
mentation limitations that should be acknowledged.

First, our analysis focuses on papers published in
10 major NLP and AI venues over the past decade.
While this scope does not encompass all AES re-
search, it captures a representative body of work
from leading venues where many influential AES
methods are initially introduced and where broader
research directions in the field are often established.

Second, our paper collection relies on keyword
matching against paper titles, which may have
caused relevant papers to be missed if they did not
contain any of the specified terms. This introduces
a potential coverage gap in our analysis.

Third, our analysis is based solely on what is
explicitly reported in published papers. When ex-
perimental details are not clearly described, an-
notations reflect what could be inferred from the
text, which may not always align with the actual
practices followed by the authors.

Finally, this position paper focuses specifically
on evaluation practices in AES research. Other
important aspects of AES system development are
beyond its scope, but may also warrant critical ex-
amination in future research.
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A Annotated Questions

We provide the full annotated questions we used in
this study in Table 1.

B Inter-annotator Agreement Breakdown

This section presents the inter-annotator agreement
(IAA) for each question. Since our questionnaire
contains both mutually exclusive and multi-label
questions, different agreement measures are used
accordingly. For mutually exclusive questions, we
compute Cohen’s Kappa, a standard measure for
multi-class inter-annotator agreement. For multi-
label questions, Cohen’s Kappa is not directly ap-
plicable; therefore, following Amigo and Delgado
(2022); Godbole and Sarawagi (2004), we use Jac-
card similarity instead. In total, seven questions
were annotated as multi-label. Figures 5 and 6
summarize the IAA results across all questions.

For the mutually exclusive questions shown in
Figure 5, the average IAA is 0.71, which corre-
sponds to substantial agreement (Landis and Koch,
1977). However, Q15 achieved only fair agreement.
This question asked: “Do they provide implemen-
tation details?” The lower agreement stems from
the subjective nature of the question. For exam-
ple, some LLM-based papers lack detailed imple-
mentation descriptions; however, some annotators
considered simply including the prompt used as
sufficient to qualify as implementation details. To
ensure consistency, all disagreements for this and
other questions were discussed and resolved by the
annotators.

Beyond these, two questions achieved only mod-
erate agreement: Q6 (“If cross-validation is used,
is there a held-out test set?”) and Q16 (“Do they
use a hyperparameter tuning tool?”). For Q6, dis-
agreement mainly arose because the data-splitting
procedure was not always explicitly described,
making it difficult for annotators to determine
whether a separate test set was used. All remain-
ing questions achieved either substantial or almost
perfect agreement.

For the multi-label questions, all questions
achieved a Jaccard similarity above 0.75, except
for Q23 (“What analyses are performed?”). This
question was inherently more challenging, as, al-
though we attempted to cover common analysis
categories, many papers include method-specific
analyses that are difficult to fully capture in a pre-
defined set of labels. As a result, annotations were
more dependent on individual interpretation. Nev-
ertheless, all disagreements for this question were
ultimately resolved through discussion.

C Evaluation Checklist

This checklist is intended to support the evaluation
and reporting of automated essay scoring (AES)
systems.5 It summarizes common best practices
recommended to be adopted in AES research. For
a broader checklist on machine learning experi-
mentation and reproducibility, refer to REFORMS
checklist (Lones, 2021).6

Ideally, your answer should be “Yes” to all
questions; if not, you should clearly justify why
not in your paper.

C.1 Stage A: Experimental Setup
A1 Did you explicitly specify whether your

method is prompt-specific (trained and tested
on the same prompt) or cross-prompt (trained
on some prompts and evaluated on unseen
ones)?

A2 Did you evaluate your method on more than
one dataset (e.g., not only on ASAP)?

A3 If your method is not language-specific, did
you evaluate it on another language?

A4 Did you consider cross-dataset evaluation
(training a model on one dataset, and testing it

5The checklist is available at https://gitlab.com/
bigirqu/aes-evaluation-practices/

6https://reforms.cs.princeton.edu/checklist.
docx
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Aspect Q# Question Choices
L

an
gu

ag
e

an
d

D
at

as
et

C
ov

er
ag

e
1 Does the paper introduce a new

dataset? Yes; No

2 What are the supported lan-
guages? English; Other.

3 What is the dataset used? ASAP/ASAP++; TOEFL11; PERSUADE; ELLIPSE;
Private/Non-public dataset; Other.

M
od

el
Tu

ni
ng

4 Is hyperparameter tuning per-
formed? Yes (Other than early stopping, any hyperparameter tuning is considered); No.

5 What is the dataset split used in
the paper?

No split (e.g. Zero-shot); Cross-validation;
Cross-validation (on training and development) with fixed test;
Fixed split; Not clear

6 If cross-validation is used, is there
a held-out test set? Yes; No.

7
Does the paper perform cross-
dataset evaluation (training on
one, testing on another)?

Yes; No.

E
va

lu
at

io
n

M
ea

su
re

s

8 What is the reported evaluation
measure for scoring? QWK; MSE; Accuracy; F1-score; Pearson correlation; Recall; Other.

Pe
rf

or
m

an
ce

E
va

lu
at

io
n

9 What is the scoring focus? Holistic; Single-trait; Multi-trait

10

Do the authors perform statistical
significance testing when compar-
ing their method with existing ap-
proaches?

Yes; No.

11 What is the result reporting gran-
ularity?

Average per-prompt (average overall traits for each prompt);
Average per-trait (average overall prompts for each trait);
Per-prompt and per-trait (values for each prompt and for each trait);
Other.

12 Are they evaluating on multiple
datasets? Yes; No.

13 Is the selection of the baselines
justified?

Yes: The paper specify a justification for choosing their baselines;
No: The paper either lists the baselines or provide a description without a
justification or don’t even mention what baselines they will compare with and
just report them in their results table;
Not applicable:The paper does not compare with other studies.

R
ep

ro
du

ci
bi

lit
y

14 Is the code available?
Yes, there is a link in the paper, and the code is actually there;
No, there is a link in the paper, but the code is not there or the link is broken;
No, there is no link in the paper.

15 Do they provide implementation
details? Yes; No.

16 Do they use a hyperparameter tun-
ing tool?

Yes and they report the tool/method (e.g. grid search, random search, Optuna,
...); Yes, but they don’t report the tool/method; Not applicable.

17
If hyperparameter tuning is per-
formed, are they providing the hy-
perparameter list?

Yes (They provide the hyperparameter values they tried); No; Not applicable.

18
If hyperparameter tuning is per-
formed, are they mentioning the
best hyperparameters?

Yes; No; Not applicable.

19
For LLM-based methods, are they
using closed-source models or
open-source models?

Closed-source models; Open-source models; Both; Not applicable.

Pe
rf

or
m

an
ce

A
na

ly
si

s 20 Do they include their model size? Yes; No; Not applicable (e.g., traditional machine learning models such as
Random Forest, and closed-source LLM-based models).

21 If LLMs was used, do they report
financial cost?

Yes; No; Not applicable (either do not use LLMs or rely exclusively on open-
source LLMs).

22 Do they report the efficiency of
their model?

They report training time; They report inference time;
They do not report; Not applicable (e.g. reproducibility paper or used closed
source models only).

23 What are the analyses performed? Failure analysis (e.g., confusion matrix); Trait-based analysis;
Prompt-types analysis; Ablation study; None; Other.

Table 1: Annotated questions used in our analysis.
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Figure 5: Cohen’s Kappa for mutually exclusive questions.
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Figure 6: Jaccard similarity for multi-label questions.

on an unseen dataset)?

A5 Did you discuss the score distribution of your
dataset and how class imbalance (if any) was
handled?

A6 If your method is LLM-based, did you experi-
ment with open-source models?

A7 If your method is LLM-based and utilizes
closed-source models, did you evaluate your
method on a private dataset (to avoid data con-
tamination)?

A8 Did you explicitly describe your data-split strat-
egy?

A8.1 Did you specify how many prompts are
in the training, development, and test
splits?

A8.2 If you used few-shot learning, did you
specify how many and from which
prompts the examples were selected?

A8.3 If your method is LLM-based, are you
testing it on the entire test set?

A9 Did you reserve a held-out test set for final
evaluation (i.e., a completely unseen data used
only for testing and not used during model
optimization)?

A9.1 If a held-out test set was not possible, did
you consider cross-dataset evaluation?

A10 Did you choose an evaluation measure that
aligns with the system’s objective?

A10.1 Is the selected measure appropriate for
the characteristics of the dataset (e.g.,
QWK is not stable if applied on small
datasets)?

A10.2 Did you report a measure other than
QWK?

A10.3 When feasible, did you report inter-
annotator agreement as an upper-bound
reference for the evaluation measure?

A11 Did you choose strong and relevant baselines?

A11.1 Did you compare against multiple base-
lines rather than a single one?

A11.2 Did you include the current state-of-the-
art model(s) among the baselines?

A11.3 Are all baselines evaluated under the
same data splits, measures, and condi-
tions as your proposed method?

C.2 Stage B: Model Development

B1 Did you perform hyperparameter tuning?

B1.1 Is it performed on the development set?
B1.2 Did you document the list or ranges of

hyper-parameter values considered in the
tuning?

B1.3 Did you provide the optimal hyper-
parameter values used after tuning?

B2 Did you provide the model size (in terms of
number of parameters)?

B3 Did you report important implementation de-
tails?

B3.1 Did you report general implementation
details (e.g., hardware configuration, li-
braries, versions, etc.)?
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B3.2 Did you report method-specific imple-
mentation details (e.g., feature extraction
procedures, embedding strategies, etc.)?

B4 If the dataset has different prompt-specific or
trait-specific score ranges, did you describe
how scores were normalized or rescaled (if
any)?

B5 If your method utilizes engineered features, did
you discuss how the features were normalized?

B5.1 Did you ensure that normalization was
not applied at the dataset level (e.g., us-
ing global statistics across all prompts)
rather than per-prompt, which may intro-
duce data leakage across prompts?

B5.2 Did you specify how the features com-
puted on the test set were normalized?

B5.3 If feature selection was done, did you
clearly describe how it was performed?

B6 If your method is LLM-based, did you pro-
vide all related details? (e.g. model version,
checkpoint link if exists, prompts, and decod-
ing parameters)

D Stage C: Performance Reporting and
Analysis

C1 Did you report per-prompt and per-trait re-
sults?

C1.1 If your method predicts one trait, did you
report results per-prompt?

C1.2 If your method predicts multiple traits,
did you report results per-prompt for
each trait?

C2 Did you perform a statistical significance test
against the baselines?

C3 Did you report the computational efficiency of
your method?

C3.1 Did you report the average time taken to
score one essay?

C3.2 Did you report the average time taken to
train your model?

C4 If your method uses proprietary models, did
you report monetary cost?

C5 Did you conduct an analysis of your method?

C5.1 Did you conduct an ablation study to as-
sess the contribution of individual com-
ponents of your method?

C5.2 Did you analyze which prompt types
your method performs best and worst
on, and discuss why?

C5.3 Did you analyze failure cases to identify
recurring error patterns?

C5.4 Did you investigate whether your
method struggles with specific score lev-
els, and explain why?

C6 Will you make the code publicly available to
support reproducibility?
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