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Abstract

Automated essay scoring is useful when it is accurate, interpretable, and safe to route into human review. This paper
studies rubric-grounded scoring on the 2024 AES 2.0 labeled scoring file, which contains 17,307 student essays with
holistic scores from 1 to 6. The experiment uses a stratified 70/15/15 train, calibration, and test design, compares
constant, rubric-feature, TF-IDF, TF-IDF plus rubric, and compact DeBERTa-style ordinal models, and applies
calibration thresholds learned only on the calibration split. The strongest model, WordNgramRubric-Ridge, reaches a
test quadratic weighted kappa of 0.799, exact accuracy of 0.595, macro-F1 of 0.546, mean absolute error of 0.427, and
adjacent-score accuracy of 0.980. The feedback layer converts measurable rubric signals into concise LLM-style
comments about claim clarity, evidence, organization, elaboration, and conventions. The review trigger uses distance to
calibrated score boundaries, in the test simulation, routing 20% of essays to review increases final QWK from 0.799 to
0.847 and captures 13 of 51 large errors. The results show that strong lexical evidence, rubric-aligned features, and
calibration-aware review form a coherent scoring workflow for classroom-scale deployment.

Keywords: Automated essay scoring; compact DeBERTa-style encoder; rubric-grounded feedback; ordinal calibration;
quadratic weighted kappa, selective human review,; educational NLP.

Abstrak

Penilaian esai otomatis (Automated Essay Scoring/AES) bermanfaat apabila mampu memberikan hasil yang akurat,
mudah diinterpretasikan, serta aman untuk diintegrasikan dengan proses peninjauan oleh penilai manusia. Penelitian ini
mengkaji metode penilaian esai berbasis rubrik (rubric-grounded scoring) menggunakan dataset AES 2.0 Labeled Scoring
2024, yang terdiri atas 17.307 esai mahasiswa dengan skor holistik pada rentang 1 hingga 6. Eksperimen menerapkan
pembagian data secara stratified dengan rasio 70% data pelatihan, 15% data kalibrasi, dan 15% data pengujian. Penelitian
membandingkan beberapa pendekatan, yaitu model konstan, fitur berbasis rubrik, TF-IDF, kombinasi TF-IDF dan fitur
rubrik, serta model ordinal bergaya DeBERTa berukuran ringkas (compact DeBERTa-style). Seluruh ambang batas
kalibrasi ditentukan hanya berdasarkan data kalibrasi. Model terbaik, WordNgramRubric-Ridge, menghasilkan nilai
Quadratic Weighted Kappa (QWK) sebesar 0,799, akurasi tepat (Exact Accuracy) sebesar 0,595, Macro-F1 sebesar 0,546,
Mean Absolute Error (MAE) sebesar 0,427, serta akurasi skor berdekatan (Adjacent-Score Accuracy) sebesar 0,980 pada
data uji. Lapisan umpan balik (feedback layer) mengubah sinyal rubrik yang terukur menjadi komentar singkat bergaya
LLM mengenai kejelasan argumen, kualitas bukti, organisasi tulisan, elaborasi, dan kaidah kebahasaan. Mekanisme
review trigger memanfaatkan jarak terhadap batas skor hasil kalibrasi; pada simulasi data uji, pengalihan 20% esai ke
peninjauan manusia meningkatkan nilai QWK akhir dari 0,799 menjadi 0,847, sekaligus berhasil mengidentifikasi 13 dari
51 kesalahan penilaian yang signifikan. Hasil penelitian menunjukkan bahwa kombinasi bukti leksikal yang kuat, fitur
yang selaras dengan rubrik penilaian, serta mekanisme peninjauan berbasis kalibrasi membentuk alur kerja penilaian esai
yang efektif dan layak diterapkan pada skala pembelajaran di kelas.

Kata Kunci: Penilaian Esai Otomatis; Encoder Bergaya Deberta Ringkas; Umpan Balik Berbasis Rubrik; Kalibrasi
Ordinal; Quadratic Weighted Kappa; Peninjauan Selektif Oleh Manusia; NLP Pendidikan.

A.INTRODUCTION scale [1], [2], [3]. Later AES surveys and handbooks
emphasized that score validity depends on the alignment
among the assessment construct, model features, prompt
domain, and intended use of the scores [4], [5]. This study
follows that tradition by treating the score model as only
one part of an assessment workflow: the system must also
explain rubric evidence and decide when a human rater
should review a case.

Automated essay scoring (AES) has developed from early
computational scoring proposals into a practical
educational NLP area. Page framed the central goal as
predicting human judgments from observable writing
evidence, while Intelligent Essay Assessor and e-rater
demonstrated that linguistic features, discourse cues, and
statistical modeling can approximate holistic ratings at
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Recent AES research moved beyond surface feature counts
toward domain adaptation, neural representation learning,
and document-level attention. Phandi, Chai, and Ng
showed that prompt and domain shift matter for scoring
models [6]. Taghipour and Ng demonstrated a neural
scoring approach based on learned essay representations
[7]. Dong and Zhang studied automatically learned essay
features, and subsequent attention-based recurrent
convolutional models exploited local and long-range
dependencies in student writing [8], [9]. These lines of
work motivate a comparison between transparent rubric
signals and higher-capacity text encoders in the same
experimental split.

Transformer  language  models  expanded  the
representational toolkit for AES. The self-attention
architecture introduced by Vaswani et al. made it possible
to model long contextual dependencies without recurrent
computation [10]. BERT and RoBERTa established
masked language modeling and robust pretraining as
dominant NLP foundations [11], [12]. DeBERTa added
disentangled content and position attention and an
enhanced decoder, and DeBERTaV3 further improved
pretraining through gradient-disentangled embedding
sharing [13], [14]. The present experiment includes a
compact DeBERTa-style ordinal encoder trained on the
scoring file and contrasts it with sparse lexical baselines.
The compact encoder is not used as a label source; it is
evaluated as one model in the comparison table.

Representation choices should be compared under
bounded-data conditions rather than treated as a contest
between one feature family and another. A lightweight
medical foundation model provides a parameter-efficient
few-shot precedent [25], while language-guided feature
selection shows how explicit constraints can be retained in
a high-dimensional detector [26]. Numerical-reasoning
guardrails further illustrate the value of separating a model
output from a verifiable post-model control [27]. These
precedents support the present side-by-side evaluation of
rubric features, sparse lexical text, and a compact encoder.

AES also needs calibrated decisions. The official score
scale is ordinal, so a model that predicts 2 instead of 3
makes a smaller mistake than a model that predicts 6
instead of 3. Quadratic weighted kappa (QWK) captures
this ordered disagreement and remains a common AES
metric [15]. Ordinal categorical analysis also supports
threshold-based decision rules because adjacent categories
share structure [16]. Calibration research shows that model
scores and probabilities require post-hoc adjustment before
they are trusted operationally [17], [18], [19]. In
educational settings, uncertain cases should be directed to
human readers rather than forced through automation,
which connects AES to active learning, explanation, and
selective prediction [20], [21].

Calibration must be attached to the decision rule that will
actually be used. Macro-market fusion combines
heterogeneous signals while retaining forecast uncertainty
[28]. Biomedical vision-language classification likewise
evaluates confidence together with predictive performance

[29], while breast-ultrasound explanation cards show how
uncertainty can be exposed in a human-facing output [30].
In AES, the analogous design choice is to preserve a
continuous estimate, learn ordinal boundaries separately,
and route boundary-sensitive cases to review.

The feedback component is equally important. Large
language models have shown strong abilities to generate
text, follow instructions, and reason through intermediate
steps [22], [23], [24]. In assessment, open-ended generation
must be grounded in observable rubric evidence. The
feedback layer in this work therefore uses LLM-style
concise comments, but every comment is conditioned on
deterministic rubric flags derived from the essay text and
the score model. This design keeps feedback aligned with
the scoring evidence and avoids unsupported claims about
a student's writing. The study asks three questions: how
well do rubric and lexical models predict the holistic score,
what does calibration add to score decisions, and how much
human review is triggered by boundary uncertainty?

Evidence grounding is the complementary requirement for
generated or template-based feedback. Evidence-calibrated
RAG connects retrieval coverage to abstention [31],
scientific-search evidence cards expose ranking and
provenance cues [32], and trust-calibrated multilingual
RAG keeps confidence and evidence availability visible in
high-stakes information access [33]. The present feedback
layer therefore verbalizes only measured essay signals and
never supplies independent scoring evidence.

The communication layer also determines whether
evidence can be inspected efficiently. Explainable product-
recommendation cards pair recommendations with
bounded reasons [34], text-grounded design-rationale
interfaces connect metadata to explicit design choices [35],
and financial-risk dashboards use visual hierarchy to make
explanatory signals legible [36]. These patterns motivate an
AES output that pairs one score with a small number of
rubric-grounded strengths, one actionable next step, and a
clear review state.

A practical AES study must keep three goals in tension. The
first goal is agreement with human scoring, because scores
are used to summarize an assessment judgment. The second
goal is instructional usefulness, because students and
teachers need information about the writing features that
influenced the decision. The third goal is oversight, because
automated systems make boundary errors and must identify
cases that deserve human attention. A system that optimizes
only a single score metric does not satisfy all three goals.
The design in this paper treats QWK, rubric feedback, and
review routing as connected outputs rather than
independent add-ons [4], [15], [17].

For classroom use, AES should be evaluated as a decision-
support workflow rather than as an isolated predictor. A
recent rubric-grounded AES pipeline emphasizes auditable
score evidence and formative feedback [37]; calibrated
recruiter screening links probability calibration to selective
refusal [38]; and teacher-facing early-warning research
couples educational predictions to explanations and review
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actions [39]. Together, these studies motivate the joint
treatment here of score agreement, evidence-constrained
feedback, and selective human review.

Evaluation must also distinguish prediction quality from
policy value. Offline counterfactual evaluation estimates
the value of slot policies without online deployment [40],
privacy-robust uplift modeling separates incrementality
from raw response prediction [41], and constrained
budgeting connects forecasts to an auditable allocation
policy [42]. The analogous AES question is not only which
model predicts best, but how limited review capacity
should be allocated after calibration.

Rubric grounding is the link between score prediction and
feedback. A purely lexical model can rank essays well, but
its n-gram weights are not automatically useful for a
student. Conversely, a feedback generator that produces
fluent advice without evidence can sound plausible while
drifting away from the scoring construct. The system
therefore uses measured dimensions that map directly to
common writing rubrics: claim, evidence, organization,
elaboration, and conventions. These dimensions are simple
enough to audit and rich enough to produce a meaningful
first response. They also align with explanation research,
which argues that wusers need reasons that are
understandable in the local decision context [21].

Human-centered support systems caution against treating
fluent language as autonomous judgment. A therapist-
facing session copilot retains a professional decision point
[43], LLM-as-design-critic evaluation compares generated
feedback with human judgment [44], and dark-pattern
detection demonstrates that interface wording can itself be
audited as model input [45]. These precedents reinforce the
decision to make every AES feedback phrase traceable to a
deterministic feature condition.

Structured visual summaries provide a related interface
precedent. Advertising brief cards translate creative intent
into explicit design choices [46], designer-editable brief
interfaces retain a human revision point [47], and
accounting-aware agents separate retrieved evidence from
the language used to explain it [48]. The same separation is
used here: the scorer produces a numeric estimate, the
rubric layer exposes measured signals, and the renderer
verbalizes only those signals.

The study also separates model confidence from model
correctness. A calibrated score boundary is a point where a
small change in raw prediction changes the assigned
category. Essays near such boundaries are not necessarily
poor essays; they are uncertain scoring cases. This
distinction matters for school use. A high-quality response
near the score-5/score-6 threshold can deserve review just
as much as a low-quality response near the score-1/score-2
threshold. The review trigger is therefore independent of
score level and depends on distance to the closest calibrated
boundary.

The experimental setting is intentionally close to a teacher-
facing scoring workflow. The input is ordinary student
writing, the output score is a six-level holistic judgment,

and the feedback has to be short enough to be read quickly.
A separate calibration split is used because operational
decisions are not only about predicting a number; they are
about choosing the point at which an essay crosses from
one score category to the next. This is why the study reports
both prediction metrics and routing metrics instead of
treating model training as the complete system.

Privacy, integrity, and governance constraints further shape
trustworthy deployment. Federated topic-preference
learning studies personalization without centralizing raw
dialogue data [49], privacy and data-integrity risk cards
make prompt-injection and oversight risks explicit [50],
and multi-regulation RAG frames evidence retrieval as a
governance problem across legal regimes [51]. The present
experiment adopts the narrower auditable-design principle
that the score, feedback, threshold, and review decision
must be reconstructable from saved artifacts.

Operational feasibility includes both inference cost and
delivery to the reviewer. Few-shot workload forecasting
addresses new Al tenants with limited history [52], an
edge-deployable quality predictor illustrates the use of a
lightweight proxy when latency matters [53], and adaptive
volleyball-learning interfaces show why the presentation
layer must remain responsive to user needs [54]. These
studies support reporting the compact encoder as a
bounded-resource comparison rather than treating model
size as a proxy for educational value.

B. METHOD

The 2024 AES 2.0 scoring file contains 17,307 essays [55],
each with an essay identifier, the full essay text, and an
integer score from 1 to 6. The split is stratified by score:
12,114 essays are used for model fitting, 2,596 for
threshold calibration, and 2,597 for final test reporting. The
calibration split is not used for fitting feature weights. This
separation lets the scoring models learn from the training
portion while the ordinal thresholds and review routing are
tuned on a distinct labeled subset.

The feature layer contains two families of evidence. The
first family is a rubric-feature representation with 22
numeric signals: word count, character count, paragraph
count, sentence count, type-token ratio, average sentence
length, average word length, punctuation rates, quotation
and digit rates, transition markers, evidence markers, claim
markers, counterargument markers, conclusion markers,
elaboration markers, long-word ratio, repeated-word rate,
all-capital rate, and first-person rate. These signals are not
used as direct labels for quality; they are measurable
proxies for claim clarity, evidence use, organization,
elaboration, and conventions. The second family is lexical
TF-IDF evidence. Word unigrams and word unigrams plus
bigrams are fitted only on the training split with frequency
cutoffs and a maximum vocabulary size.

The  representation  comparison is  deliberately
heterogeneous. Calibration-light motor-imagery decoding
combines self-supervised pretraining with a Conformer to
reduce subject-specific setup [56], while GPU-memory
prediction provides a resource-focused sequence-model
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comparison [57]. These cross-domain precedents justify
reporting both predictive quality and practical constraints
while keeping the AES split and evaluation protocol fixed.

Six scoring models are trained. Constant-3 predicts the
median class for every essay. RubricFeatures-Ridge fits
ridge regression on standardized rubric features.
WordUnigramTFIDF-Ridge fits ridge regression on word
unigram TF-IDF. WordNgramTFIDF-Ridge uses word
unigram and bigram TF-IDF. WordNgramRubric-Ridge
concatenates word n-gram TF-IDF with standardized rubric
features and fits ridge regression. A compact DeBERTa-
style ordinal encoder is also trained from scratch for a
controlled neural comparison. It uses a 96-token head-tail
essay window, a 12,000-token vocabulary, 48-dimensional
embeddings, four attention heads, and one epoch of smooth
L1 regression. Its attention block includes a content-to-
position relative attention term to mirror the DeBERTa
principle of separating content and position evidence [13],
[14].

Continuous model outputs are converted into ordinal scores
by calibrated thresholds. The initial thresholds are 1.5, 2.5,
3.5, 45, and 5.5. A deterministic coordinate search
maximizes QWK on the calibration split and the resulting
five thresholds are then fixed for the test split. Rounded
predictions are also retained in the results table to show the
gain from ordinal calibration. Metrics include QWK, exact
accuracy, macro-F1, mean absolute error, and adjacent-
score accuracy. Adjacent-score accuracy is the proportion
of predictions within one score point of the reference label.

The ordinal and communication components are kept
separate from feature fitting. Spectral rank aggregation
offers a theoretical precedent for studying ordered
decisions directly [58], while evidence-linked counseling
recommendation cards show how a ranked result can be
packaged for human inspection without becoming the
underlying predictor [59]. Following the same principle,
the AES regressors output continuous scores first; ordinal
thresholds, feedback text, and review distances are
computed afterward.

The feedback module converts rubric flags into short
comments. The signals are grouped into five rubric
dimensions: central claim, specific evidence, paragraph
organization, reasoned elaboration, and conventions. A
dimension is marked as a strength when its operational
feature condition is met; otherwise it becomes a next-step
suggestion. For example, low paragraph organization
produces feedback about clearer paragraphing and
transitions, while high evidence-marker rates produce a
strength statement about support. The wording is
intentionally concise so that the feedback resembles an
LLM response while remaining traceable to observable
features [22], [23], [24].

Evidence acquisition and evidence presentation are also
separated in the implementation. Machine-learning
analysis of RAG retrieval quality retains explicit quality
features [60], offline financial-search reranking separates
query rewriting, retrieval, and listwise ranking [61], and

narrative-aware claim verification ranks supporting
material for scientific claims [62]. Here, the corresponding
artifacts are the saved rubric features, need flags, and
deterministic phrase templates.

Human review is triggered by calibrated boundary
uncertainty. For each test essay, the system computes the
minimum absolute distance between the raw prediction and
the five calibrated thresholds. Essays closest to a threshold
are the most likely to change score after a small model
perturbation, so they are routed first. Review rates from 0%
to 40% are evaluated. In the simulation, a reviewed essay
receives the reference score and an unreviewed essay keeps
the model score. This creates a concrete estimate of final
agreement under different review budgets.

The review trigger is treated as an operating policy rather
than a hidden change to the score model. Power-aware
infrastructure planning joins job-level forecasts to explicit
resource decisions [63], interpretable CloudTrail sequence
modeling preserves a transparent security audit trail [64],
and predictive DDoS mitigation couples detection to a
named downstream response [65]. Analogously, boundary
distance ranks essays for review but does not alter their
measured features or raw predictions.

Preprocessing is deliberately minimal. The lexical models
lowercase the text, strip accents, and fit vocabulary
statistics on training essays only. No external writing
corpus, prompt metadata, grammar checker, or pretrained
embedding file is used. For the word n-gram models, rare
terms are removed through minimum document-frequency
thresholds so that the model emphasizes recurring evidence
rather than idiosyncratic spelling strings. The rubric
features are computed with fixed regular expressions and
text counts. This makes the feature layer deterministic and
prevents the feedback module from depending on hidden
model states.

Ridge regression is used for the main sparse models
because it  handles  high-dimensional = TF-IDF
representations and produces continuous scores that are
easy to calibrate. The model is not constrained to output
integer labels during fitting. Instead, it learns a real-valued
estimate of the holistic score. This is appropriate for an
ordinal scale because the distance between adjacent labels
matters. The conversion from real-valued estimates to
categories is handled by calibration thresholds, so the
training objective and the operational decision rule are
separated.

The compact DeBERTa-style model is included to test a
neural attention encoder under the same split. The encoder
tokenizes essays with a fixed vocabulary learned from the
training split and keeps the first 64 tokens plus the last 32
tokens, preserving both introduction and conclusion
evidence. Its attention layer computes content-to-content
attention and adds a content-to-position relative term before
normalization. The final essay vector is a masked mean
pool followed by a regression head. This design captures
the central DeBERTa idea of separating position evidence
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from token content while remaining small enough to train
directly on the scoring file [13], [14].

The calibration search is also deterministic. For each
model, the system begins with five half-point thresholds
and then performs a coordinate search over bounded
ranges. Each candidate threshold set maps raw predictions
to integer scores, computes QWK on the calibration split,
and keeps the best setting. The final thresholds are stored
with the model outputs and applied once to the test split.
The same thresholds are used for score assignment,
feedback review notes, and boundary-distance review
routing, so calibration affects all downstream decisions in
a consistent way.

The review simulation is designed to answer an operational
question: how much agreement is gained when a limited
number of essays are read by humans? The evaluation sorts
test essays by boundary uncertainty and replaces the model
score with the reference score for the top fraction routed to
review. The remaining essays keep automatic scores. This
does not model rater time or adjudication disagreement; it
measures the scoring value of the uncertainty ranking itself.
A useful trigger should increase final QWK and also
increase the QWK of the essays left in the automatic
channel.

Implementation details are kept simple so that the reported
numbers remain tied to the scoring file. The scripts write
the split files, feature tables, predictions, thresholds,
confusion matrix, calibration bins, review trade-off table,
and figures as separate artifacts. The paper then reads those
artifacts when building tables and diagrams. This workflow
reduces transcription mistakes and keeps the narrative
synchronized with the empirical outputs. It also makes the
score, feedback, and review components inspectable
independently.

Cross-domain studies are used only as methodological
precedents, not as evidence about essay quality. DenseNet
cancer-image classification evaluates a specialized
representation against an explicit target [66], while
attention-enhanced autonomous-driving detection tests an
architectural change under a fixed task [67]. Their shared
experimental pattern—fixed data, held-out evaluation,
named metrics, and bounded downstream -claims—is
applied to the AES experiment.

Saved artifacts provide the evidence trace used in the
implementation. A retrieval-augmented DevOps copilot
adds command-safety evaluation to generated runbooks
[68], whereas incident-visualization cards turn distributed-
system logs into reviewable evidence [69]. In the AES
workflow, split assignments, feature matrices, raw
predictions, calibrated thresholds, review ranks, and
feedback flags are persisted so that every table entry and
example can be reconstructed.

Essay
17,307 scored essay:

text

Scoring models

Feature encoders
STT[PYF-IDF + rubric signal3 | Ridge + compact DeBER ordinal thresholds

Calibration

|

=
Outputs
score, feedback, review

Review trigger uses distance to calibrated score boundaries; feedback uses rubric flags.

Figure 1. System Architecture For Scoring, Feedback,
Calibration, And Review.

Table 1. Dataset Profile Computed From The Scoring

File.
metric value
essays 17,307
score_min 1.000
score_max 6.000
mean_score 2.948
median_score 3.000
mean_words 367.238
median_words 344.000
mean_characters | 2,071.617
median_characters | 1,924.000
mean_paragraphs 4.965

Table 2. Score Distribution In The Labeled Essays.

score | count | percent

1 1252 7.23%

2 4723 27.29%

3 6280 36.29%

4 3926 | 22.68%

5 970 5.60%

6 156 0.90%
Table 3. Stratified Train, Calibration, And Test Split Counts.
split n scolre scozre sco3re sco:e scosre sco6re
train 11241 876 3306 | 4396 | 2748 679 109
Ciilg:"‘ 229 188 | 708 | 942 | 589 | 145 | 24
test 239 188 709 942 589 146 23
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Table 4. Rubric Dimensions And Deterministic Feedback

Signals.
.R ubr{c Operational signals Feedback flag
dimension
claim markers,
Claim position verbs, strength_clear_claim /
clarity sufficient response needs_claim
length
example, article,
Evidence data, quotation, strength_evidence /
digit, and because needs_evidence
markers
o paragrap h count and strength_organization
Organization transition marker - L
. / needs_organization
density
causal and
. explanatory markers | strength_elaboration /
Elaboration with sentence-length needs_elaboration
support
. punctuation, strength_conventions /
Conventions | repeated-word, and - .
. . needs_conventions
all-capital proxies -
Table 5. Model Configurations.
Model Replzesent Learner Key settings
ation
constant
Constant-3 none score=3
score
RubricFeatures- 22 rubric Rldge. alphaZS.O,
. and length | regressio standardized
Ridge
features n features
WordUnigramTFI Word Rldge. max_features=
DF-Ridge unigram regressio 15000,
TF-IDF n alpha=4.0
word . max_features=
. Ridge by
WordNgramTFIDF unigram rearessi 20000,
-Ridge and bigram g E S10 min_df=5,
TF-IDF alpha=4.0
word n- 20000 n-gram
WordNgramRubric gram TE- Rldge. features +
. IDF + regressio .
-Ridge . rubric features,
rubric n alpha=4.0
features pha=s
disentan
96-token gled -
CompactDeBERTa compact attention (;/:():gb}: IaZ(;)O:(L,
Ordinal DeBERTa- ordinal » e 7S ’
. epochs=1
style regressio
n

C. RESULTS AND DISCUSSION

T The score distribution is imbalanced. Scores 2, 3, and 4
account for most essays, while score 6 is rare. This
distribution explains why exact accuracy alone is
insufficient: a model can appear strong by concentrating on
the middle of the scale. QWK and adjacent-score accuracy

provide more informative views because they reward
ordered agreement and distinguish near misses from severe
errors. The length distribution also shows a broad
relationship between score and writing volume, but length
is not equivalent to quality. High-scoring essays are
generally longer, yet each score band contains substantial
variation.

The model comparison shows a clear gain from combining
lexical and rubric evidence. The median baseline has QWK
0.000 because it cannot adapt to individual essays.
RubricFeatures-Ridge reaches test QWK 0.716, showing
that transparent feature signals carry meaningful scoring
information. WordUnigramTFIDF-Ridge reaches 0.740,
and WordNgramTFIDF-Ridge reaches 0.758. The
strongest system is WordNgramRubric-Ridge with test
QWK 0.799, exact accuracy 0.595, macro-F1 0.546, MAE
0.427, and adjacent accuracy 0.980. The hybrid result
indicates that lexical n-grams and rubric features contribute
complementary information: n-grams capture prompt-
specific wording patterns and feature signals capture
length, organization, and discourse evidence.

The compact DeBERTa-style model records QWK 0.386
after one epoch of CPU training from scratch. This result is
useful because it separates the architecture idea from the
effect of large-scale pretraining. DeBERTa's published
advantages are built on extensive pretraining and
disentangled attention [13], [14]. Under the bounded
training condition used here, sparse lexical evidence is
more sample-efficient than the compact neural encoder.
The result does not weaken the value of DeBERTa for
AES; it shows that a fair operational comparison must
distinguish pretrained DeBERTa fine-tuning from a small
from-scratch encoder.

Calibration improves the practical scoring decision. For
WordNgramRubric-Ridge, simple rounding reaches test
QWK 0.778 and exact accuracy 0.631. Calibrated ordinal
thresholds raise QWK to 0.799 while exact accuracy
becomes 0.595. This trade-off is expected because QWK
rewards ordered agreement rather than exact class
frequency alone. The calibrated thresholds move the class
boundaries away from uniform half-points, especially for
the highest score categories, reflecting the rarity of scores
5 and 6. The final threshold for score 6 is 5.0275, which
creates a more selective high-score decision than uniform
rounding.

This improvement should be interpreted as a decision-rule
result rather than as a claim that threshold learning changes
the underlying essay representation. Uncertainty
quantification = for  spectral  estimators  similarly
distinguishes a point estimate from its reliability [70];
macro-market fusion reports uncertainty-sensitive forecasts
[28]; and calibrated matching systems use uncertainty to
support selective refusal [38]. Here, learned boundaries
improve ordered agreement while boundary distance
remains a separate review signal.

Table 8 and Figure 5 show that errors concentrate near
adjacent scores. The best model correctly predicts 107 of
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188 score-1 essays, 417 of 709 score-2 essays, 561 of 942
score-3 essays, 359 of 589 score-4 essays, 89 of 146 score-
5 essays, and 11 of 23 score-6 essays. Only 51 0f 2,597 test
essays have an absolute error of two or more score points.
This is consistent with adjacent-score accuracy of 0.980.
The rare score-6 category remains difficult because it has
only 23 examples in the test split and 109 in the training
split.

Tables 9 and 10 show balanced behavior across the central
categories. MAE ranges from 0.390 for score 5 to 0.565 for
score 6. Exact accuracy is around 0.59 to 0.61 for scores 2
through 5, lower for score 6 because of scarcity, and 0.569
for score 1. The length-quartile analysis shows that the
longest essays have the highest QWK among quartiles but
also the largest MAE, which means long responses contain
stronger ranking evidence while still creating more
absolute-scoring variability. This finding supports the
feedback layer's emphasis on organization and elaboration
rather than length alone.

The review trigger produces a smooth trade-off between
automation and human oversight. With no review, final
QWK is 0.799. Routing 10% of essays to review raises final
QWK to 0.822 and catches 7 of 51 large errors. Routing
20% raises final QWK to 0.847 and catches 13 large errors.
Routing 40% raises final QWK to 0.893 and catches 26
large errors. The auto-only QWK also increases as
uncertain essays leave the automatic channel, indicating
that boundary distance is a meaningful uncertainty signal.
The result is operationally useful because institutions can
choose a review budget and know the expected effect on
final agreement.

The review curve is therefore an operating-policy analysis,
not an estimate of model accuracy after retraining. Profit-
aware GPU admission control connects prediction to a cost-
sensitive allocation rule [71], counterfactual bandit
evaluation estimates policy value from logged interactions
[40], and uplift modeling evaluates incremental decisions
under restricted identifiers [41]. The AES simulation
applies the same separation by holding the scorer fixed and
varying only the share of essays routed to human review.

Rubric feedback signals align with the score scale in
interpretable ways. The clear-claim strength rate rises from
0.550 at score 1 to 1.000 at score 6, and organization
strength rises from 0.604 to 0.962. The overall rubric
strength sum increases from 3.253 at score 1 to 4.249 at
score 5, with a small score-6 dip caused by elaboration and
convention flags. The evidence flag is high across all score
levels because many essays contain marker words such as
because, article, or example; this signal is therefore useful
as a feedback condition but less discriminative as a score
predictor. The correlations confirm this: claim clarity and
organization correlate more strongly with score than
evidence markers alone.

Table 14 illustrates the intended behavior. A mid-score
essay can receive a comment such as 'The essay shows a
central claim, specific evidence. Next step: strengthen
reasoned elaboration.' A high-score essay near a calibrated

boundary receives the same rubric-grounded next step plus
a review note. The comments are concise because the goal
is not to replace teacher feedback; the goal is to provide a
stable first response that identifies a strength and one
actionable revision target. This keeps the feedback
traceable to the model evidence and compatible with
human review.

The examples should likewise be read as bounded decision
support. Strategy-aware therapist imitation makes response
control an explicit modeling target [72], the therapist-
facing copilot retains a professional decision point [43], and
evidence-linked counseling cards expose the basis of a
recommendation [59]. In the AES setting, the teacher
remains the decision maker, and the generated comment is
limited to evidence already represented in the rubric
signals.

The comparison between rounded and calibrated
predictions clarifies why threshold learning is retained in
the pipeline. Rounding is intuitive and produces the highest
exact accuracy for the best model, but it assumes that every
score boundary sits halfway between two integers. The data
do not support that assumption. The learned thresholds
compress some middle categories and make the highest
category more selective, matching the empirical rarity of
score 6. As a result, calibrated WordNgramRubric-Ridge
sacrifices a small amount of exact accuracy while
improving the ordered-agreement metric that penalizes
large disagreements more heavily.

The compact DeBERTa-style row is informative even
though it is not the top model. It shows that an attention
encoder trained from scratch on 12,114 essays has less
labeled data than it needs to compete with regularized
lexical models. This pattern is consistent with the broader
transformer literature: transformer encoders are powerful
when their parameters are initialized from large-scale
pretraining, while sparse linear models remain strong when
labeled task data are moderate and the text domain is
narrow [10], [11], [12], [13], [14]. The result supports using
the hybrid ridge scorer for the present workflow and
retaining compact neural modeling as a documented
comparison rather than as the scoring engine.

The best model's errors have an interpretable structure.
Score-2 and score-3 essays are frequently confused with
each other, which is expected because the distribution is
densest around those categories. Score-5 essays are often
predicted as score 4 or 5, and the model rarely sends lower
scores into the top categories. Score-6 essays are split
between 5 and 6, reflecting the limited number of high-
score examples. This pattern is preferable to unstructured
error because it indicates that the model has learned the
ordinal direction of the scale. The low count of severe
errors is the main reason adjacent-score accuracy is high.

The review curve demonstrates a second form of
calibration value. At a 20% review rate, 519 essays are
routed to humans and 2,078 remain automatic. Final QWK
rises to 0.847, while auto-only QWK rises to 0.812. This
means the automatic channel becomes cleaner after
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uncertain essays are removed. The same table also reports
captured large errors; the 20% review queue captures 13 of
51 cases with error of two or more score points. The trigger
is not perfect, but it ranks uncertainty better than a random
queue because both final agreement and auto-only
agreement improve monotonically across the review rates.

Table 13 shows why rubric features are useful even when
they are not the sole scoring model. Claim clarity and
organization have the strongest positive correlations with
score among the binary rubric strengths. Evidence markers
have a weak correlation because almost all essays contain
at least some evidence-like words, but the same flag still
helps feedback because a missing evidence marker is
actionable. Elaboration is also not monotonic because the
simple marker rule captures causal words rather than depth
of reasoning. The feedback layer therefore uses these
signals as guidance statements, not as standalone score
explanations.

The architecture is designed for auditability. Every reported
number in the results tables comes from a saved prediction
file, and every feedback statement can be traced to a flag in
Table 4. The paper does not treat feedback fluency as
evidence of correctness. Instead, it treats feedback as a
constrained interface over measured writing properties.
This distinction is important in LLM-supported education:
the language can be natural and concise, but the content of
the comment must remain anchored to the essay and the
rubric [22], [23], [24].

The figures and tables tell a consistent story. Figures 2 and
3 show that the task is imbalanced and that length helps but
does not determine score. Table 6 and Figure 4 show that
the best agreement comes from combining n-gram evidence
with rubric features. Table 7 and Figure 6 show that
calibration changes category boundaries in a way that
improves ordered agreement. Table 11 and Figure 7 show
that selective review converts uncertainty into a concrete
quality-control mechanism. Table 12 and Figure 8 show
how feedback flags change across score levels. The same
evidence flow therefore supports scoring, feedback, and
review.

The final workflow can be summarized as a conservative
automation policy. Essays far from calibrated boundaries
receive an automatic score and a rubric-grounded
comment. Essays close to a boundary receive the same
comment plus a review trigger. The trigger is not a
punishment or a low-score label; it is a signal that the final
score is sensitive to the boundary location. This distinction
makes the review policy more acceptable in educational use
because it frames human attention as quality assurance
rather than model failure.

The best model also balances classroom practicality and
computational cost. Ridge regression on sparse n-gram and
rubric features trains quickly, produces stable continuous
scores, and allows direct inspection of thresholds and
feature groups. The compact DeBERTa-style model adds a
neural comparison, but the final workflow does not depend
on expensive inference. This matters for schools and

research teams that need repeatable scoring runs on
ordinary hardware while preserving enough transparency
for review.
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Figure 2. Score Distribution Across The 1-6 Scale.
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Figure 3. Essay Word Count By Holistic Score.
Table 6. Calibration And Test Performance By Model.

Cal Test
Test | Macr | MA | Adj.
Model QW QW Ace. o-F1 E Ace.
K K

WordNgramRubric- 0.80 0.79 | 0.59 0546 0.42 | 098
Ridge 8 9 5 ’ 7 0

WordNgramTFIDF- 0.77 0.75 | 0.56 0517 0.46 | 097
Ridge 9 8 6 ’ 6 0

WordUnigramTFIDF- | 0.76 0.74 | 0.52 0484 0.50 | 0.96
Ridge 0 0 9 ’ 9 2

. . 0.73 0.71 0.51 0.53 | 0.95
RubricFeatures-Ridge 9 5 9 0.443 5 5

CompactDeBERTaOr 0.43 038 | 034 0255 0.86 | 0.81
dinal 6 6 2 ’ 8 7

0.00 0.00 | 0.36 0.78 | 0.86
Constant-3 0 0 3 0.089 4 3

Table 7. Calibrated Ordinal Thresholds By Model.
Model t1 t2 t3 t4 t5
Constant-3 1.500 | 2.500 | 3.500 | 4.500 | 5.500
RubricFeatures-Ridge 1.931 | 2.657 | 3.310 | 4.163 | 4.600
WordUnigramTEIDE- 1 11 | 5 696 | 3374 | 3.982 | 4.600
Ridge

WordNgramTFIDF-Ridge | 1.845 | 2.626 | 3.329 | 3.886 | 4.600
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Model a @ 3 4 - Table 10. Error Analysis By Length Quartile.
WordNgramRubric-Ridge | 1.883 | 2.644 | 3.390 | 4.136 | 5.027 Length quartile n QWK | MAE | Exact | Adjacent
CompactDeBERTaOrdinal | 2.307 | 3.012 | 3.468 | 3.814 | 5.500 Q1_shortest 652 | 0.487 | 0.406 | 0.601 0.992

Test QWK by model Q2 647 0.558 | 0.385 0.623 0.992

‘WordNgramRubric-Ridge

Q3 653 0.544 | 0.418 | 0.597 0.985

WordNgramTFIDF-Ridge Q4 _longest 645 0.618 0.499 0.557 0.952

WordUnigramTFIDF-Ridge Calibration of raw score estimates

61 —e— calibration .
—— test -’
RubricFeatures-Ridge

CompactDeBERTaOrdinal

Constant-3

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Quadratic weighted kappa

Mean human score

Figure 4. Test QWK For All Calibrated Models.

Table 8. Confusion Matrix For Wordngramrubric-Ridge On The T 7 ] 2 p p
Test Spht Mean raw predicted score
st:(:lree pred_1 | pred 2 | pred_3 | pred_4 | pred_5 | pred_6 Figure 6. Calibration Curve For Raw Score Estimates.
Table 11. Calibration-Aware Human Review Trade-Off.
true_1 107 67 12 1 1 0
true 2 | 149 417 127 14 2 0 Review . Auto | Final | A% | Final | L2ree
— Reviewed only errors
rate scored | QWK QWK Acc. caught
true_3 8 210 561 156 7 0 8
0,
true_4 0 4 158 359 67 1 0% 0 2597 0.799 0.799 | 0.595 0
0,
true_5 0 0 0 39 39 13 5% 130 2467 0.810 0.801 0.619 2
0,
rue_6 0 0 0 1 11 1 10% 260 2337 0.822 0.804 | 0.645 7
Confusion matrix: WordNgramRubric-Ridge 15% 390 2207 0.834 0.807 0.672 9
500 20% 519 2078 0.847 0.812 | 0.698 13
00 30% 779 1818 0.870 0.823 | 0.745 18
40% 1039 1558 0.893 0.834 | 0.788 26

Calibration-aware review trade-off

True score

—e— final QWK
~#— auto-only QWK

o
%
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4
%
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Predicted score

._.
N
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IS
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o
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Figure 5. Confusion Matrix Heat Map For The Best Model.
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Table 9. Error Analysis By True Score.

0.80 1

. 0 5 10 15 20 25 30 35 40
Score n MAE | Exact | Adjacent Human review rate (%)

1 188 | 0.521 | 0.569 0.926
Figure 7. Review-Rate Trade-Off For QWK And Auto-Only

2 709 | 0.437 | 0.588 0.977 Agreement.

3 942 | 0.420 | 0.596 0.984

4 589 | 0.399 | 0.610 0.992

5 146 | 0.390 | 0.610 1.000

6 23 | 0.565 | 0.478 0.957
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Table 12. Rubric Need Flags And Strength Sum By True Score.

DI Needs Needs Needs Needs
Sco ds X 5 q . | Streng
. | eviden | organizat | elaborati | conventi
re clai y th sum
ce ion on ons
m
1 0'35 0.028 0.396 0.415 0.458 3.253
0.31
2 3 0.062 0.271 0.364 0.396 3.593
3 0'324 0.044 0.118 0.419 0.395 3.782
4 0';)9 0.028 0.076 0.423 0.347 4.029
5 0"?0 0.016 0.039 0.418 0.273 4.249
6 0'80 0.006 0.038 0.487 0.346 4.122

Table 13. Correlations Between Rubric Strength Signals And

0.51

0.44

4
w

Flag rate

o
N]

0.14

0.01

Holistic Score.

Rubric signal Correlation with score
strength_clear_claim 0.265
strength_evidence 0.049
strength_organization 0.258
strength_elaboration -0.034
strength_conventions 0.071
rubric_strength_sum 0.230

Rubric feedback need flags by score

—@— needs claim
needs evidence
~8— needs organization
~@- needs elaboration
~@- needs conventions

Figure

Holistic score

8. Rubric Feedback Need Flags By Score.

Table 14. Representative Rubric-Grounded Feedback Outputs.

True

Pred.

Review Feedback

Predicted score 1. The essay shows a
central claim, specific evidence. Next
step: strengthen controlled conventions.

False

Predicted score 2. The essay shows a
central claim, specific evidence. Next
step: strengthen reasoned elaboration.

False

Predicted score 3. The essay shows a
central claim, specific evidence. Next
step: strengthen reasoned elaboration.

False

True | Pred. | Review Feedback

Predicted score 4. The essay shows a
central claim, specific evidence. Next
step: strengthen controlled conventions.

False

Predicted score 5. The essay shows a
central claim, specific evidence. Next
step: strengthen reasoned elaboration,
controlled conventions.

False

Predicted score 6. The essay shows a
central claim, specific evidence. Next
step: strengthen reasoned elaboration,
controlled conventions. A human review
is triggered because the predicted score is
close to a score boundary.

True

D. CONCLUSION

This study developed and evaluated a rubric-grounded
automated essay scoring workflow that integrates score
prediction, evidence-constrained formative feedback,
ordinal calibration, and selective human review. Using the
2024 AES 2.0 dataset, the results showed that combining
word n-gram TF-IDF representations with transparent
rubric-aligned  features  produced the  strongest
performance, achieving a test QWK of 0.799, an MAE of
0.427, and an adjacent-score accuracy of 0.980. The
comparison with the compact DeBERTa-style encoder
further demonstrated that, under moderate-data and
limited-computing conditions, regularized lexical-rubric
models can provide greater sample efficiency and
operational practicality than a small transformer trained
from scratch. Beyond predictive performance, calibrated
ordinal thresholds improved ordered score agreement,
while distance to the nearest score boundary provided a
transparent signal for allocating human review. Routing
20% of the most uncertain essays to reviewers increased
final QWK to 0.847, illustrating how selective oversight
can improve reliability without eliminating the efficiency
of automated scoring. The rubric-grounded feedback
component also offered concise and auditable comments
based only on measurable writing signals rather than
unsupported language-model judgments. Future research
should evaluate cross-prompt generalization, demographic
fairness, pretrained transformer models, teacher and
student perceptions of feedback, and review policies that
account for rater disagreement, workload, and operational
cost. Overall, the findings support a conservative and
human-centered approach in which automated scoring
assists educational assessment while calibrated uncertainty
and evidence-grounded explanations preserve transparency
and meaningful human control.
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