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Abstract

Brazil’s ENEM, a high-stakes assessment de-
termining university admission for millions of
students annually, creates an immense eval-
uation burden where human raters process
hundreds of essays daily. Automated Essay
Scoring (AES) offers a potential solution, yet
Portuguese-language systems remain under-
studied due to fragmented datasets and the com-
plexity of ENEM’s multi-trait rubric. This work
investigated cross-prompt, trait-specific essay
scoring using a corpus of 385 essays across 38
prompts, where models evaluated essays on un-
seen prompts across five traits scored on a six-
point ordinal scale. We compared three model
classes: feature-based methods (72 features),
encoder-only transformers (109M-1.5B param-
eters), and decoder architectures (2.4B—671B
parameters) with fine-tuned and zero-shot con-
figurations. Experiments under varying infor-
mation access and rubric conditioning revealed
that no single approach serves all evaluation
needs: encoder models excel at mechanical
traits (fluency, cohesion) despite context limita-
tions; decoder models achieve superior perfor-
mance on argumentation (QWK 0.73) and writ-
ing style (QWK 0.60) when provided full con-
text; and language-specific pretraining benefits
only surface-level features without improving
complex reasoning. Best-performing models
achieved QWK scores of 0.60-0.73. Gaps to
oracle bounds ranged from 0.15 (argumenta-
tion) to 0.29 (writing style), with the largest
disparities in writing style and persuasiveness.

1 Introduction

Automatic Essay Scoring (AES) systems promise
to release educators from the burden of grad-
ing written assignments, scaling up the ability to
provide timely, consistent, and useful feedback
(Page, 1966). These systems have matured sig-
nificantly, evolving from feature engineering ap-
proaches (Page, 1966; Attali and Burstein, 2006;
Attali, 2013) to deep neural networks (Taghipour
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and Ng, 2016; Dong et al., 2017; Alikaniotis et al.,
2016) and, more recently, to architectures that
leverage Large Language Models (Rodriguez et al.,
2019; Mansour et al., 2024). However, the vast ma-
jority of this progress focuses on English corpora,
leaving Portuguese-language systems understud-
ied.

Brazil’s ENEM (Exame Nacional do Ensino Mé-
dio) exemplifies this challenge. The high-stakes
examination annually evaluates 3.9 million stu-
dents, serving as the primary gateway to higher
education. Human raters process 100-200 essays
daily under a 20-day evaluation window, with stu-
dents waiting up to 8 weeks for official results.'
Secondary schools face compounding difficulties:
class sizes of 30-50 students, limited faculty allo-
cation for essay review, and insufficient resources
for ENEM-style assessment. The consequences are
predictable: delayed feedback impedes learning,
and teacher burnout affects evaluation quality.

Developing AES systems to address these chal-
lenges faces its own obstacles. Existing datasets
suffer from parsing artifacts and lack data prove-
nance (Marinho et al., 2021). Prior empirical work
has been limited to feature-based methods or shal-
low neural networks (Amorim and Veloso, 2017;
Fonseca et al., 2018), with no systematic analysis
of modern transformer-based architectures. Addi-
tionally, most research focuses on single-prompt
scoring, which does not reflect realistic deployment
where systems must generalize to unseen topics.

This work addressed four research questions.
Firstly, what information do different traits require,
that is, do all traits benefit equally from access to
essay prompts and supporting texts? Secondly, how
does information access (prompt-blind vs. prompt-
aware) affect performance across the five ENEM
traits. Thirdly, do Portuguese-specific models out-
perform multilingual alternatives, and for which
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traits? Lastly, what are the practical trade-offs
between model architectures regarding accuracy,
computational cost, and inference latency?

We hypothesized that different traits require dif-
ferent computational approaches: mechanical traits
such as fluency and cohesion can be evaluated with
limited context, while argumentative quality re-
quires access to the essay prompt and supporting
materials. To address these questions, this work
provided an extensive empirical analysis compar-
ing 15 models spanning three paradigms: feature-
based methods (72 linguistic features), encoder-
only transformers (109M-1.5B parameters), and
decoder architectures (2.4B—-671B parameters) in-
cluding fine-tuned and zero-shot configurations.

The main contributions of this dissertation can
be outlined as follows:

1. A validated benchmark corpus of 385 essays
across 38 prompts with expert annotations
from two independent graders;

A systematic comparison of model architec-
tures under varying information access and
rubric conditioning;

A formal framework distinguishing prompt-
blind and prompt-aware scoring with three
rubric strategies (Student, Mixed, Grader);

Trait-specific analysis demonstrating that en-
coder models excel at mechanical traits de-
spite context limitations while decoder models
achieve superior performance on argumenta-
tion (QWK 0.73) and style (QWK 0.60) when
provided full context.

Open research artifacts including the anno-
tated corpus and evaluation scripts. The
dataset and models generated during this re-
search are available in https://tinyurl.
com/245mxct9. Experiments and code
used are available in https://github.com/
kamel-usp/jbcs2025.

This research resulted in three publications. The
first introduced a benchmark corpus of 385 essays
across 38 different topics (also called prompts) with
expert annotations from two independent graders,
establishing baseline performance with encoder
models (Silveira et al., 2024). The second investi-
gated the robustness of transformer-based scorers
against adversarial attacks, revealing vulnerabili-
ties in both encoder and decoder architectures (Sil-
veira et al., 2025). The third provided an extensive
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empirical analysis comparing 15 models across
three paradigms, achieving state-of-the-art results
with trait-specific QWK scores ranging from 0.60
to 0.73 (Barbosa et al., 2025).

The remainder of this extended abstract is or-
ganized as follows. Section 2 presents the con-
ceptual framework including ENEM traits and
information paradigms. Section 3 describes the
methodology and presents experimental results.
Section 4 concludes with practical implications
and future directions. The full thesis is available at:
https://tinyurl.com/mvk34d98

2 Concepts & Framework

The ENEM essay task assesses five traits that span
different dimensions of writing quality. Table 1
summarizes these traits according to the official
candidate guidelines. Traits C1 (Fluency) and C4
(Cohesion) evaluate surface-level linguistic fea-
tures: grammar, spelling, punctuation, and the use
of cohesive devices. These mechanical traits can
be assessed with limited contextual information, as
they depend primarily on the essay text itself. In
contrast, C2 (Writing Style), C3 (Argumentation),
and C5 (Persuasion) might require understanding
the relationship between the essay and its prompt.
Evaluating whether a student adequately addresses
the topic, constructs relevant arguments, or pro-
poses a viable intervention demands access to the
prompt and supporting materials that define the
task.

This work investigated cross-prompt, trait-
specific scoring. In such a setting, models must
evaluate essays on prompts not seen during train-
ing. Each trait is scored on a six-point ordinal
scale {0, 40,80, 120, 160,200}, with the holistic
(overall) score computed as the sum across all five
traits (0—1000). The cross-prompt setting tests
whether models learn transferable evaluation princi-
ples rather than prompt-specific patterns, reflecting
realistic deployment scenarios where systems must
generalize to new essay topics.

Two experimental dimensions systematically
vary the information available to scoring models.
The first dimension concerns information access:
prompt-blind models receive only the essay text,
while prompt-aware models receive the essay to-
gether with the prompt and supporting materials.
This distinction is critical because mechanical traits
(C1, C4) can theoretically be evaluated without
prompt access, whereas argumentative traits (C2,
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Code | Trait Label Description

Cl | Trait 1 Fluency Demonstrate command of the formal written modality of the Portuguese language.

C2 | Trait2 Writing Style Understand the writing prompt and apply concepts from various fields of knowledge to
develop the topic, within the structural limits of the argumentative-essay prose format.

C3 | Trait3 | Argumentation and Relevance to Prompt | Select, relate, organize, and interpret information, facts, opinions, and arguments in defense
of a point of view.

C4 | Trait4 Cohesion Demonstrate knowledge of the linguistic mechanisms necessary for building argumentation.

C5 | Trait5 Persuasion/Intervention Proposal Develop an intervention proposal for the issue addressed, while respecting human rights.

Table 1: Descriptions of the five ENEM essay scoring traits.
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Figure 1: Human inter-rater agreement (QWK) across
ENEM traits. Agreement between expert graders (A vs.
B) ranged from 0.45 to 0.69 QWK.

C3, and C5) require understanding the task con-
text. The second dimension concerns rubric condi-
tioning, applicable only to decoder models operat-
ing in a zero-shot setting. Three rubric strategies
were derived from official ENEM materials: Stu-
dent guidelines (high-level descriptions provided
to test-takers), Grader guidelines (detailed criteria
from the official handbook), and Mixed guidelines
(student-level descriptions with grader-level scor-
ing rubrics).

Performance is measured using Quadratic
Weighted Kappa (QWK), which quantifies ordinal
agreement while penalizing predictions proportion-
ally to their distance from ground truth (Cohen,
1960; de la Torre et al., 2018; Williamson et al.,
2012; Ramnarain-Seetohul et al., 2022; Doewes
et al., 2023). Standard bands classify QWK as poor
(< 0.40), fair-to-good (0.40-0.74), or excellent
(> 0.75) (Burrows et al., 2015; Fleiss et al., 2003),
though these thresholds are not universally reliable
(Bakeman et al., 1997). F1 Macro and F1 Weighted
complement QWK by capturing class-level accu-
racy (Mello et al., 2024). As shown in Figure 1,
human inter-rater agreement ranged from 0.45 to
0.69 QWK across traits, establishing a practical
ceiling for automated systems.

3 Results and Discussion

Experiments use the dataset introduced by Silveira
et al. (2024), comprising 385 essays across 38

45

prompts with independent annotations from two
expert graders. When graders disagree, any predic-
tion necessarily conflicts with at least one reference.
Oracle baselines contextualize this ceiling: Mean-
Grade (graders’ rounded arithmetic mean) serves
as the upper bound, while Ry (most frequent train-
ing score) provides a lower bound.

The investigation systematically compared 15
models spanning three paradigms: feature-based
methods using 72 linguistic features with Linear
Regression and Random Forest classifiers; encoder-
only transformers (109M-1.5B parameters) in-
cluding BERTimbau, Albertina, and multilingual
BERT; and decoder architectures divided into fine-
tuned small language models (2.4B—-14.7B parame-
ters) such as Tucano, Phi-3, Llama3, and Phi-4, and
zero-shot learners including GPT-40, Sabid3, and
DeepSeek-R1 (up to 671B parameters). Table 2
summarizes model characteristics.

Models
LR, RF
5 models
4 models
3 models

Training
Full
Full FT
LoRA
Zero-shot

Category Params
Feature-based
Encoder-only
Decoder (SLM)

Decoder (ZSL)

109M-1.5B
2.4B-14.7B
up to 671B

Table 2: Model categories evaluated. LR: Linear Re-
gression; RF: Random Forest; FT: Fine-tuning; SLM:
Small Language Models; ZSL: Zero-Shot Learners.

For decoder models, Figure 2 illustrates the
prompt engineering framework exploring three
dimensions: guideline source (Student, Grader,
or Mixed), context inclusion (prompt-blind vs.
prompt-aware), and response structuring via Chain-
of-Thought (Wei et al., 2022) reasoning. This de-
sign yields six experimental conditions per trait for
zero-shot evaluation.

Table 3 presents the best-performing configu-
ration for each model class across all five traits,
alongside feature-based baselines and oracle upper
bounds. A detailed analysis of these interactions
across all model configurations is provided in Bar-
bosa et al. (2025).

Several key findings emerge from these results.
Firstly, feature-based classifiers consistently under-



C1: Fluency | C2: Writing Style | C3: Argument | C4: Cohesion | CS: Persuasion
Model M W Q| M W Q M W QM W QM W Q
Rp (Baseline) 220 .00 | .11 .20 .00 .09 .17 .00 |.14 39 .00|.05 .05 .00
Linear Regressor 41 53 36 |.13 23 32 A7 27 26| .30 .57 45| .15 17 .03
Random Forest 32 56 41 .14 22 22 21 29 35|35 .64 48|.11 .15 .12
Best Encoder S5 71 .68 | .33 43 32 25 36 29|48 61 .60 |.29 37 .63
Best SLM 52 64 67| 42 52 .60 37 38 57|37 58 55| .44 49 59
Best ZSL 35 .66 .69 | .32 43 .53 44 47 73 | 37 .60 56| .37 43 .60
Best S5 71 .69 | 42 .52 .60 44 47 73| 48 64 .60 | 44 49 .63
MeanGrade (Oracle) | .71 .82 .85 | .55 .71 .89 62 65 88 | .66 .83 81 |.68 .68 .90

Table 3: Test-set performance across model classes. M: macro F1, W: weighted F1, Q: QWK. SLM: Small Language
Models (fine-tuned). ZSL: Zero-Shot Learners. MeanGrade represents the oracle upper bound.

Figure 2: Prompt engineering framework for zero-shot
essay scoring.

perform relative to neural approaches, with partic-
ularly poor results on Persuasion (C5). Secondly,
no single architecture dominates across all traits:
encoder models achieve the highest or comparable
performance for Cohesion (C4: QWK 0.60) and
Persuasion (C5: QWK 0.63); zero-shot learners ex-
cel at Argumentation (C3: QWK 0.73), likely due
to emergent reasoning capabilities; and fine-tuned
SLMs achieve the best results for Writing Style
(C2: QWK 0.60). All three architectures achieve
comparable results for Fluency (C1: QWK ranging
from 0.67-0.69).

The impact of information access varies substan-
tially across traits. For mechanical traits (C1, C4),
additional context provides minimal benefit or even
degrades performance, consistent with the “lost-in-
the-middle” phenomenon where models struggle to
retrieve information from extended sequences (Liu
et al., 2024). In contrast, argumentative traits (C2,
C3) show substantial gains when models receive
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the essay prompt and supporting materials.

Prompt engineering proves crucial for zero-shot
performance. Notably, Sabid3 (Abonizio et al.,
2025), the Portuguese-specific model, outperforms
multilingual alternatives only on Fluency (C1),
suggesting that monolingual pretraining benefits
surface-level linguistic assessment but confers min-
imal advantage for reasoning-intensive traits. A
detailed analysis of model variants, context effects,
and prompt engineering strategies is provided in
Barbosa et al. (2025).

Comparison with oracle bounds reveals varying
improvement potential across traits. Argumenta-
tion (C3: gap of 0.15) and Fluency (C1: gap of
0.16) approach human inter-rater agreement levels,
while Writing Style (C2: gap of 0.29), Persuasion
(C5: gap of 0.27), and Cohesion (C4: gap of 0.21)
exhibit substantial headroom for advancement.

4 Conclusion

This dissertation explored how well automated sys-
tems can assess ENEM essays across five distinct
traits. By systematically comparing 15 models
under varying information access paradigms and
rubric conditioning strategies, the research demon-
strates that model performance varies significantly
depending on which aspect of writing quality is
being evaluated and what information is available
to the model.

The findings demonstrate a striking pattern:
models can almost reach human inter-rater agree-
ment when evaluating mechanical aspects of writ-
ing, such as Fluency and Cohesion, as these fea-
tures manifest as identifiable patterns within the
text. However, significant disparities remain for
traits that require deeper semantic understanding,
including Writing Style, Argumentation, and Per-
suasion. This divergence indicates that current ap-
proaches are proficient at detecting linguistic indi-



cators but face challenges with tasks necessitating
genuine comprehension of meaning and rhetorical
effectiveness. Furthermore, no single configura-
tion or architecture optimizes performance across
all traits, which accounts for the consistent under-
performance of unified approaches compared to
specialized strategies.

Revisiting the research question, the evidence
indicates that current AES systems occupy a mid-
dle ground between pattern matching and authen-
tic evaluation. Evaluating whether arguments ad-
equately respond to prompts, whether stylistic
choices serve communicative goals, or whether
intervention proposals present viable solutions re-
quires reasoning capabilities beyond current sys-
tems. While these models detect surface-level qual-
ity markers, they do not engage with textual mean-
ing the way humans do. Whether AES systems
achieve genuine evaluation or merely sophisticated
pattern matching remains an open challenge.

Several directions remain for future investigation.
First, performance gaps for Writing Style (C2), Ar-
gumentation (C3), and Persuasion (C5) suggest
these traits should receive focused attention in sub-
sequent research. Second, encoder-only models
with extended context windows, such as Modern-
BERT (Warner et al., 2024), could address current
limitations of encoder-based approaches, though
no such models existed for Portuguese at the time
of this research. Third, exploring few-shot learning
strategies may bridge the gap toward human inter-
rater agreement levels beyond what context-limited
zero-shot approaches achieve. Fourth, leveraging
large language models for synthetic data generation
could expand dataset size while preserving annota-
tion consistency, enabling better performance for
fine-tuned smaller models. Fifth, incorporating
tool usage capabilities (Schick et al., 2023; Yao
et al., 2023) could enable models to selectively re-
trieve trait guidelines or supporting materials only
when needed, potentially mitigating the lost-in-the-
middle effects observed with full-context inputs.

Rather than pursuing full automation, the field
should embrace human-Al collaboration: auto-
mated systems handle mechanical evaluation while
human graders focus on semantic dimensions
where their understanding remains irreplaceable.
The question is not whether machines can replace
teachers, but how human and artificial intelligence
can deliver more frequent, detailed feedback than
either could provide alone.
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4.1 Publications

This dissertation resulted in three peer-reviewed
publications, summarized in Table 4.

Publication Type Year | Role
PROPOR (Silveira et al., 2024) | Conference | 2024 | Co-author
BRACIS (Silveira et al., 2025) | Conference | 2025 | Co-author
JBCS (Barbosa et al., 2025) Journal 2025 | First author

Table 4: Publications from this dissertation.
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