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Abstract

Feedback is a key factor in improving the writing skills of students, but providing it at a large scale remains a signif-
icant challenge. Large Language Models (LLMs) emerge as a promising solution; however, the pedagogical quality
of the automatically generated feedback requires further investigation. This study examined how effective teachers
perceived feedback texts generated by an LLM when the prompts were designed to reflect different aspects of feedback
theory. To this end, 450 feedback texts were generated for 30 essays and evaluated by five teachers with varying
feedback literacy profiles. The results showed that teachers’ preferences for feedback models were strongly shaped
by their profiles, indicating that there was no single universally “best” feedback model. From a learning analytics
perspective, these findings demonstrate how combining theory-informed prompt design with evaluations from diverse
teacher profiles can generate actionable insights for the development of scalable, Al-powered feedback systems. The
study contributes to learning by showing that the effectiveness of LLM-based feedback depends on personalization
not only for students but also for teachers, highlighting new directions for designing adaptive, equitable, and context-
sensitive feedback analytics.
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Comparative Study on Teachers’ Evaluation of Feedback Models in Essay Writing. Revista Brasileira de
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1 Introduction

The skill of constructing argumentative texts that present clear ideas is an important competence in
contemporary professional contexts, and the quality of feedback provided to students is a critical
factor in the development of their writing skills (Oliveira et al., 2025). However, offering detailed
and personalized feedback in a large-scale scenario presents significant challenges, especially due
to the high student-to-teacher ratios and the time required for in-depth grading (Pimentel et al.,
2025; Shin et al., 2025; Watts et al., 2023).

To overcome the barriers of time and scale, Automated Essay Scoring (AES) systems emerged
as a promising solution (Mello et al., 2024). Recent Brazilian research has investigated AES for
essays written in Brazilian Portuguese, including ENEM-style corpora and competencies such as
textual cohesion (Monteiro & Barreto, 2022; Oliveira et al., 2023). AES employs computational
models that approximate human judgments of writing quality, providing consistent and efficient
assessments across large cohorts (Shermis & Burstein, 2003). The Learning Analytics (LA) com-
munity has explored approaches for AES. Recent LA studies illustrate both the contextualized
design of writing-analytics tools (e.g., AcaWriter) (Shibani et al., 2019) and new human—AlI col-
laborative frameworks that expand AES solutions, aiming to improve feedback quality, explain-
ability, and grader productivity (Xiao et al., 2025). In this context, feedback needs to offer action-
able guidance that goes beyond error correction, functioning as a process through which students
engage with information from multiple sources to refine their work and learning strategies (Hutt
et al., 2024).

Recent advancements in Large Language Models (LLMs), such as GPT and Gemini, have
expanded the capacity to generate instant, consistent, and personalized feedback, positioning these
models as valuable tools for LA (Shin et al., 2025). Empirical studies demonstrate that LLMs can
automate the grading process and augment the effectiveness and efficiency of human graders,
enabling productive human—Al collaboration (Xiao et al., 2025). These developments expand
AES to a scalable provider of timely and actionable feedback for learners beyond scoring, while
highlighting the continuing need to address issues of student trust, pedagogical alignment, and
model transparency (Alcock et al., 2024; Mello et al., 2024).

Despite its potential, simple automation does not guarantee the pedagogical quality of feed-
back (Cavalcanti et al., 2021). Riidian et al. (2025) demonstrated that students are often unable
to distinguish LLM-generated feedback from teacher-written feedback, although their perception
deteriorates once the artificial origin of the message is revealed. While this evidence clarifies how
the source of the feedback shapes its reception, it leaves unanswered the question of how the ped-
agogical structure of the message itself, that is, the feedback theory embedded in its generation,
influences its perceived effectiveness. In other words, prior work has compared who produces the
feedback (human versus Al), but not which theoretical model should guide the Al when produc-
ing it. For LA, this distinction matters because grounding Al-generated feedback in consolidated
educational theories (Hutt et al., 2024; Riidian et al., 2025) is what ensures that analytic outputs
are not only accurate but also pedagogically meaningful and trusted by learners.

Addressing the challenges of pedagogical quality in Al-powered feedback in LA requires
grounding design in established theoretical models such as those by Nicol and Macfarlane-Dick
(2006) and Hattie and Timperley (2007). Nicol and Macfarlane-Dick’s model (Nicol & Macfarlane-
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Dick, 2006) focuses on seven principles that promote self-regulated learning, while Hattie and
Timperley’s model (Hattie & Timperley, 2007) suggests structuring feedback around three key
questions that guide students in their development process. Both theories aim to transform feed-
back into a tool that empowers the student to understand their goals, evaluate their progress, and
identify the next steps (Dawson et al., 2023). Despite this, past research on feedback generation
has failed to include these theoretical considerations in how to instruct LLMs (Jansen et al., 2025;
Singh et al., 2024; Watts et al., 2023; Xavier et al., 2025). As a result, there is an empirical gap
regarding which feedback model is more likely to inform the generation of effective feedback
messages in the context of essay writing, a gap that complements source perception studies, such
as Riidian et al. (2025), but is not addressed by them, since here the source is kept constant (a
single LLM) and only the theoretical basis of the stimulus varies.

Therefore, the main objective of the current study was to examine the effectiveness of in-
corporating different feedback theories in the process of generating automatic feedback messages
aimed at improving students’ writing skills. To guide this investigation, we defined the following
primary research question:

RQ: 7o what extent does the incorporation of established feedback theories into
prompt design improve the perceived effectiveness of LLM-generated feedback mes-
sages for essay writing?

To answer the primary research question, we decomposed it into two secondary research
questions (SRQs) that, in a complementary manner, support the answer to the main problem:

SRQ1: 7o what extent does the inclusion of feedback theories in prompts improve the
perceived effectiveness of feedback messages?

SRQ2: To what extent does the perceived effectiveness of different feedback models
vary across evaluation criteria?

To do so, we compared teachers’ perceptions of three types of feedback generated by an
LLM: naive feedback with no theory associated; feedback structured according to the seven prin-
ciples of Nicol and Macfarlane-Dick (2006); and feedback based on the guiding questions of
Hattie and Timperley (2007). This comparison was designed to identify which approach could
be considered most promising for supporting student writing and to consider the implications of
embedding theoretically grounded frameworks into LLMs-based systems within LA.

The remainder of this article is organized as follows. Section 2 presents the theoretical
background on educational feedback, feedback literacy, and the use of LLMs to support feedback
practices. Section 3 describes the method, including the essay dataset, the feedback generation
procedure, the participating teachers, the assessment protocol, and the data analysis plan. Section
4 reports the results for each secondary research question, and Section 5 discusses their implica-
tions for the LA community. Finally, Section 6 presents the limitations of the study and directions
for future research.
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2 Theoretical Background

2.1 Educational Feedback

Feedback is an essential component of the teaching-learning process, conceptualized as “a process
through which students make sense of information from various sources and use it to enhance their
work or learning strategies” (Carless & Boud, 2018, p. 1315). In its formative function, feedback
aims to guide and support the student’s continuous development rather than merely certifying a
final result. As Hattie and Timperley (2007) highlights, effective feedback works to reduce the
discrepancy between the student’s current performance and the desired learning goal.

The literature distinguishes between different types of feedback, such as outcome feedback
(which only indicates whether the answer is correct or incorrect) and elaborative feedback (which
includes explanations, hints, and strategies) (Van Campenhout et al., 2024). Research shows
that elaborative feedback is more effective for learning, as it offers a path for correction and
improvement. However, providing elaborative and individualized feedback is a task that demands
significant time and effort from teachers, especially in large classes, which justifies the search for
technological solutions that can assist in this process (Dawson et al., 2023; Van Campenhout et al.,
2024).

One of the most influential theoretical approaches is that of Nicol and Macfarlane-Dick
(2006), who proposed seven principles of good feedback practices aimed at fostering self-regulated
learning. According to the authors, good feedback should: 1) help clarify what constitutes good
performance; 2) facilitate the development of self-assessment; 3) provide high-quality informa-
tion; 4) encourage dialog about learning; 5) encourage positive motivational beliefs and self-
esteem; 6) provide opportunities to close the gap between current and desired performance; and
7) provide teachers with information to shape instruction. These principles shift the focus from
simply transmitting information to a process that empowers students to reflect on their own learn-
ing and become active agents in their development (Nicol & Macfarlane-Dick, 2006; Watts et al.,
2023).

Another highly influential model is that of Hattie and Timperley (2007), which conceptual-
izes feedback as a tool for reducing the discrepancy between current understanding or performance
and the desired goal. The model is organized around three essential questions that the learner must
be able to answer: Where am I going? (Feed Up), which refers to the clarity of learning goals;
How am I doing? (Feed Back), which informs about progress toward these goals; and Where
am | going from here? (Feed Forward), which guides the next steps. Feedback, according to
the authors, can operate at four distinct levels: task, process, self-regulation, and personal (self).
As a result, this feedback model informs students’ learning experiences in terms of planning to
monitoring, including guidance from what to do (task) to self-improvement (personal).

2.2 Feedback Literacy

For feedback to be effective, both those who provide it and those who receive it need to develop
a set of competencies known as feedback literacy. For students, feedback literacy involves the
ability to interpret, process, and act on the information received to enhance their learning (Carless
& Boud, 2018). Likewise, the teacher’s feedback literacy is fundamental, as the development
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of the student’s literacy largely depends on how the teacher designs and conducts the feedback
process (Lee et al., 2023). Carless and Winstone (2023) define teacher feedback literacy as “the
knowledge, expertise, and dispositions to design feedback processes in ways which enable student
uptake of feedback and seed the development of student feedback literacy”.

Based on the concept of feedback literacy, Lee et al. (2023) developed and validated the
Feedback Literacy Scale (FLS) for writing teachers, which conceptualizes this competency in a
three-factor solution: Perceived Knowledge - the teacher’s understanding of feedback principles,
such as its sources (teacher, peers, self-assessment), effective strategies, and the role of clear
assessment criteria; Values - the teacher’s beliefs, attitudes, and goals regarding feedback, such as
viewing it as a shared responsibility between teacher and student, an incentive for revision, and a
continuous process aimed at fostering student autonomy; Perceived SKkills - the teacher’s ability to
put knowledge and values into practice, such as the skill of avoiding overloading students with too
much information, actively engaging them in the process, using technology to enhance practices,
and reflecting on their own feedback for continuous improvement.

2.3 LLMs to support Feedback Practice

The use of automated systems to provide feedback to students is a well-established research area,
aiming to offer scalable and immediate support for the learning process (Pardo et al., 2019). Some
studies have explored the impact and effectiveness of these tools in different knowledge domains,
with a growing interest in the application of LLMs to enhance the quality and personalization of
this feedback (Cavalcanti et al., 2021).

Previous work has examined how Al can be integrated with learners’ contributions to strengthen
the feedback process. Singh et al. (2024) investigates a hybrid model in which students and Al
collaborate to generate feedback. The study explores the dynamics of this partnership, analyzing
how combining Al-generated feedback (GPT-4) with student input (learnersourcing) can create a
richer and more effective feedback process. The results indicated that students who reviewed Al
prompts produced feedback with greater accuracy, specificity, and usefulness. Despite this, there
was no clear preference among students for working with Al support, as a lack of confidence in
LLMs and a desire for independent engagement were the main reasons for preferring autonomous
writing.

Another important focus in LA has been students’ preferences for Al versus human feed-
back, which shapes how these tools can be adopted at scale. The work of Shin et al. (2025)
investigates the preferences of 108 high school students between feedback generated by an LLM
(GPT-4) and that provided by peers in a formative peer assessment setting in a mathematics course.
The results reveal that the preference for Al feedback was higher in classes with lower engage-
ment and performance, while high-performing classes, which were more aware of Al’s potential
flaws, preferred human feedback. Individually, students with lower confidence in and perceived
value of mathematics also tended to prefer the Al-generated feedback. The study concludes that
Al acts as a promising supplement in assessment, especially in scenarios where human feedback
is insufficient. However, for it to be effective, its implementation must be carefully adapted to the
characteristics of the class and the individual dispositions of the students.

The study presented by Xavier et al. (2025) investigated the use of LLLMs to support feedback
generation in secondary school chemistry assessments, comparing messages produced exclusively
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by teachers with those co-created with a language model. The results indicated that students did
not perceive significant differences in the quality of the feedback received and, for the most part,
were unable to distinguish its origin. Moreover, the use of LLMs enabled the production of more
detailed messages without a substantial increase in grading time, and these messages were largely
accepted by teachers. These findings reinforce the potential of LLMs as support for teaching
practice, enhancing feedback personalization without compromising pedagogical effectiveness.

Recent studies have also investigated how multimodal evidence can be incorporated into LA
systems to broaden the scope of automated feedback. Nguyen and Park (2025) investigated the
use of Multimodal LLMs (MLLMs), such as GPT-40 and Claude, to provide automated feedback
on sixth-grade science assessments that combine text and graphics. MLLMs were found to be
viable for the task, achieving moderate to substantial agreement with human raters in the assess-
ment of scientific reasoning. The performance of the models improved when they were provided
with example answers and scores in a few-shot learning process. However, the analysis revealed
that the models can underestimate the depth of student responses, generate unsolicited details
(hallucinations), and exhibit incorrect numerical reasoning. The findings suggest the feasibility
of using MLLMs for real-time feedback but highlight the need for improvements to increase their
reliability.

The literature has further highlighted that the effectiveness of LA-driven feedback depends
on technical quality and on how learners perceive and engage with it. Another central aspect inves-
tigated in the literature is the perception and engagement of students with Al-generated feedback.
Riidian et al. (2025) conducted an experiment in which students could not distinguish feedback
generated by an LLM from that created by their teacher. However, the students’ perceptions
changed drastically to a negative view when they were informed that the feedback was automat-
ically generated, highlighting an emotional and social resistance to the absence of the human el-
ement. This finding is corroborated by Jansen et al. (2025), who, in a large-scale study, observed
high rates of student non-engagement with feedback (i.e., not making revisions), regardless of
whether its origin was human or artificial. This points to a deeper pedagogical challenge that
technology alone cannot solve.

In sum, the literature indicates that while LLMs offer the potential for automating feedback
at scale, their effective implementation depends on technical accuracy combined with pedagogical
structuring and integration into LA systems. For the LA community, the key opportunity lies in
human—AlI collaboration: using technology to optimize repetitive tasks and generate draft feed-
back while teachers validate, personalize, and sustain the motivational and relational dimensions
of assessment (Jansen et al., 2025; Yan et al., 2024).

3 Method

3.1 Context

This study focuses on analyzing feedback messages generated for essays written in the format
of the Brazilian National High School Exam (ENEM). ENEM is the examination used in the
selection process for higher education in Brazil, and its essay component is considered the most
significant element in the final evaluation (Carvalho et al., 2024). The exam requires participants
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to produce an argumentative—dissertative text on a socially, culturally, or scientifically relevant
topic. Essays are assessed by human graders across five competencies, each scored on a scale
from O to 200, in intervals of 40 points:

Competency 1 (C1): Demonstrate command of the formal written modality of the Portuguese
language.

Competency 2 (C2): Understand the essay’s purpose and apply concepts from various areas of
knowledge to develop the theme within the structural limits of the argumentative-dissertative
text in prose.

Competency 3 (C3): Select, relate, organize, and interpret information, facts, opinions, and ar-
guments in defense of a point of view.

Competency 4 (C4): Demonstrate knowledge of the linguistic mechanisms necessary for the
construction of argumentation.

Competency 5 (C5): Elaborate on an intervention proposal for the problem addressed, respecting
human rights.

Several studies have proposed solutions for automating the scoring of essays in the ENEM
format. For instance, prior research has examined indicators such as the inappropriate use of
connectives and excessive word repetition (Oliveira et al., 2025). Among the five ENEM com-
petencies, Competency 4, focused on textual cohesion, has received particular attention in LA
research, as it is both one of the most challenging areas for students and a key determinant of
clarity and logical progression in writing (Carvalho et al., 2024; Galhardi et al., 2024; Oliveira
et al., 2025). However, the provision of feedback to support student improvement is still a gap in
the literature.

3.2 Essay Dataset

The corpus used in this research was extracted from Essay-BR (Marinho et al., 2021), a well-
established and freely available corpus comprising 4,570 argumentative essays written by Brazil-
1an students in response to 86 distinct prompts (topics), each essay scored by human graders across
the five ENEM competencies. Each record in the dataset contains: i) the text of the essay produced
by the student; ii) the essay topic; and iii) the supporting text provided to the student as a basis for
their writing. This structure allowed the texts to be used to generate feedback.

For this study, we selected a sample of 30 essays through a random draw from the corpus.
Proficiency levels were operationalized using the total essay score available in the dataset (0—
1000), which corresponds to the sum of the five competency scores assigned by human graders.
After the random selection, we inspected the resulting score distribution to verify that the sample
was not concentrated at either extreme of the proficiency spectrum, which could bias the feedback
generation toward exclusively corrective or exclusively confirmatory messages. Figure 1 presents
the distribution of total scores in the final sample, which ranges from 0 to 860 points, with a
mean of 419.3 and a median of 440.0, indicating that the sample covers low, medium, and high-
proficiency essays. As a consequence of the random sampling procedure, the 30 essays were
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distributed across four topics: Traditional communities in Brazil (12), Artificial Intelligence (11),
Mental health (6), and Fake news (1). Topic representativeness was not a sampling criterion, since
the unit of analysis in this study is the feedback message generated for each competency of each
essay, rather than the essay topic itself.

==- Mean: 4193
= Median: 440.0

2

i
i
400

Total Grade

600 800
Figure 1: Distribution of the total scores (0—1000) of the 30 sampled essays..

200

Figure 2: Boxplot with the grades for each competence..

The average text length was 224.10 words, and the average overall grade was 419.3 (out of
1000). The average grades by competence (each with a maximum of 200) were: C1 = 77.33, C2
= 102.00, C3 = 80.67, C4 = 80.00, and C5 = 76.0. Figure 2 presents the box plot showing the
distribution of grades for each competence.

We also examined the relationship between essay length and writing performance in the
sample. The Pearson correlation between the number of words in the essay and the total score
was r =0.70 (p < 0.001), indicating a strong positive association: longer essays tended to receive
higher scores, consistent with prior evidence from automated essay scoring research (Kucia et al.,
2026; Shermis & Burstein, 2003). This association was not used as a sampling criterion.

3.3 Feedback Generation using LLM

The three prompts were developed through a structured, theory-driven procedure. First, the op-
erational instructions of the Nicol and Macfarlane-Dick and Hattie and Timperley prompts were
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derived directly from the constructs of each source theory: the seven principles of good feed-
back practice (Nicol & Macfarlane-Dick, 2006), from which the five principles most aligned with
essay-writing goals were retained, and the three guiding questions (Feed Up, Feed Back, Feed
Forward) of Hattie and Timperley (2007), respectively. Second, the initial versions of the three
prompts were piloted on a set of 10 essays not included in the final sample, in 4 refinement rounds.
These pilot rounds were used to (i) calibrate the instruction, limiting each competency’s feedback
to a maximum of three sentences, (ii) remove generic or repetitive formulations in the generated
messages, and (iii) ensure that the three approaches shared an identical base prompt and identical
stylistic constraints, so that the only systematic difference among them was the theoretical struc-
ture. The outputs of the pilot rounds were reviewed by the authors, and the final versions presented
below were frozen before the generation of the experimental corpus.

For each of the 30 selected essays, specific feedback was generated for all five ENEM com-
petencies. A single LLM (Gemini-2.5-flash) was used, but through prompt engineering, we de-
signed three distinct feedback approaches, resulting in 15 feedback texts per essay (5 competen-
cies times 3 approaches). Gemini-2.5-flash was chosen because previous research demonstrated
its efficacy for essay assessment tasks (Mello et al., 2025). Below, we present the English transla-
tions of the prompts used to generate the feedback messages. Each prompt began with the same
base text describing the ENEM competency assessment, which was then tailored according to the
feedback approach.

Evaluate the essay below according to the five criteria established by the ENEM (National
High School Exam). Then provide concise, non-generic feedback for each competency,
highlighting the overall revision of the essay in that competency. Consider the following
criteria used in the ENEM: Competency 1: Demonstrate mastery of the formal written
form of the Portuguese language. Competency 2: Understand the essay proposal and apply
concepts from various areas of knowledge to develop the topic, within the structural lim-
its of a dissertative-argumentative prose text. Competency 3: Select, relate, organize, and
interpret information, facts, opinions, and arguments in defense of a point of view. Compe-
tency 4: Demonstrate knowledge of the linguistic mechanisms necessary for constructing
an argument. Competency 5: Develop a proposal for intervention to address the problem
addressed, respecting human rights.

Naive Feedback: A direct prompt was used to function as a baseline. It asked the LLM to
generate corrective and succinct feedback, highlighting the student’s main successes and devia-
tions from the assessed competency.

ENEM BASE PROMPT

Use clear, objective, respectful, and non-generic language. Provide examples whenever
possible. The text for each competency should be limited to a maximum of 3 sentences.
Consider the steps step by step and clearly justify your choices.
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Nicol and Macfarlane-Dick-Based Feedback: The prompt was designed to instruct the
LLM to generate feedback incorporating five principles of the Nicol and Macfarlane-Dick (2006)
feedback model. These principles were more aligned with the goals of essay writing, such as
clarifying good performance, encouraging self-assessment, and providing opportunities to close
the learning gap.

ENEM BASE PROMPT

For each competency, provide objective and clear feedback, taking into account the fol-
lowing best feedback practices proposed by Nicol and McFarlane-Dick (2006): 1) Clarify
goals and criteria: Clearly explain what is expected for each competency. i1) Promote self-
assessment: Show where the text approaches or deviates from the criteria. 1ii) Provide
constructive feedback: Point out strengths/weaknesses and actions for improvement. iv)
Encourage self-esteem: Use encouraging language, recognizing achievements. v) Reduce
the performance gap: Practical suggestions for improvement for each competency. Use
clear, objective, respectful, and non-generic language. Provide examples whenever possi-
ble. The text for each competency should be limited to a maximum of 3 sentences. Think
through the steps step by step and clearly justify your choices.

Hattie and Timperley-Based Feedback: The prompt was structured so that the LLM gen-
erated feedback around the Hattie and Timperley (2007) feedback model’s three central questions:
Where am I going? (Feed Up), How am I doing? (Feed Back), and Where am I going from here?
(Feed Forward).

ENEM BASE PROMPT

For each competency, provide structured feedback based on the Hattie and Timperley
model: Feed-up: Where am I going? What does this competency require? (clear objec-
tive). Feedback: How am I doing? What did the student present in the text? (current
diagnosis). Feedback-forward: Where to go next? What can the student do to improve?
(next steps). Use clear, objective, respectful, and non-generic language. Provide examples
whenever possible. The text for each competency should be limited to a maximum of three
sentences. Think through the steps step by step and clearly justify your choices.

Figure 3 shows the distribution of text size for the three prompts used, and for each ENEM
competence. Even though the same instruction regarding text length was provided for all three
prompts: “The text for each competency should be limited to a maximum of 3 sentences”, there
was a noticeable difference in text length for each prompt used. The figure suggests that the
prompt based on the Hattie and Timperley (2007) feedback model generated longer texts. This
may be related to the questions in Hattie’s model, which aim to prompt students to reflect on where
they are today and how they should act in the next steps of their learning development.

The average text size (in words) generated by the prompts was: 57.06 for Naive, 62.34 for
Nicol and Macfarlane-Dick, and 74.78 for Hattie and Timperley. The average text size by compe-
tency was follows: C1=60.42, C2=66.48, C3=65.66, C4=65.94, and C5=65.13. Across all three
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Figure 3: Boxplot with the average text size for each feedback model and competences..

types of feedback, the average text length did not differ significantly between the competencies.
However, Figure 3 shows that competency C2 had longer texts for Hattie and Timperley’s feed-
back model, and we assume that this value was aligned with one of the objectives of C2: “apply
concepts from various areas of knowledge to develop the theme”.

Figure 3 also shows narrower interquartile ranges for competency C3, indicating lower vari-
ance in the length of the generated feedback. We hypothesize that this homogeneity is related to
the nature of C3, which assesses a single, well-delimited rhetorical operation, selecting, relating,
organizing, and interpreting arguments in defense of a point of view, leading the LLM to produce
structurally similar diagnoses across essays, regardless of the prompt strategy.

We further verified whether the length of the generated feedback was associated with the
quality of the essay being commented on. The correlation between the total number of words in
the feedback and the essay’s total score was negligible for the Naive (r = 0.09) and Nicol and
Macfarlane-Dick (r = 0.13) prompts, and weak for the Hattie and Timperley prompt (r = 0.31).
These results indicate that the amount of feedback produced was driven primarily by the structure
imposed by each prompt strategy rather than by the proficiency level of the essay, supporting the
comparability of the three conditions across the proficiency spectrum.

All feedback messages were generated in a single execution per essay—competency—prompt
combination, using the model’s default sampling configuration (temperature = 1.0, top-p = 0.95;
API snapshot of July/2025). We acknowledge that, given the stochastic nature of LLMs, different
executions could produce different surface realizations of the feedback; this design decision and
its implications are discussed in Section 6.

3.4 Teachers profile

Five teachers with experience in assessing ENEM essays were recruited for this study. Table 1
presents demographic information that is relevant for interpreting feedback literacy and evaluation
results, as it details the teachers’ experience.
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Table 1: Demographic Information of the Evaluators.

Characteristic T1 T2 T3 T4 TS

Age range 36-45 26-35 36-45 26-35 26-35
Education PhD Postgraduate PhD PhD Master
Teaching Level* 1,2 0 0,1,2,3 1,2 0,1
Years of Experience > 15 years > 5 years >15years >10years > 10 years
ENEM Grading Ex- Excellent Good (3) Good (3) Excellent Excellent
perience 4) 4) 4)

* (0) Elementary School - (1) High School - (2) Higher Education - (3) Postgraduate

To characterize the profile of the evaluator group and contextualize their choices, we admin-
istered the FLS to measure the feedback literacy of each participating teacher. The FLS (Lee et al.,
2023) uses a 0—4 Likert scale, where 0 indicates the lowest level of agreement and 4 indicates the
highest. Table 2 shows the descriptive statistics for the feedback literacy scale values for the five
teachers. The values show that, based on the FLS and taking into account all dimensions, teacher
TS5 had the highest feedback literacy, followed by teacher T2.

The FLS items were administered through the same online form used to collect the demo-
graphic information presented in Table 1; teachers self-reported their level of agreement with each
item, and the scores per dimension were computed automatically from these responses.

Table 2: Participating teachers’ (T1 - T5) feedback literacy according to the Feedback Literacy Scale (FLS). Values for each dimension range from
0 to 4, where data are shown as Mean (Standard Deviation)..

Dimension T1 T2 T3 T4 T5

Perceived Knowledge 3.60 (0.52) 3.60(0.52) 2.30(0.48) 3.50(0.53) 3.80(0.42)
Values 2.58 (0.67) 3.42(0.51) 2.75(0.45) 3.00(0.74) 3.83(0.39)
Perceived Skills 3.33(0.98) 3.67(0.78) 2.58(0.51) 3.67(0.49) 4.00 (0.0)
Average 3.11(0.84) 3.55(0.61) 2.61(0.49) 3.38(0.69) 3.85(0.36)

3.5 Feedback Assessment by Teachers

After the feedback was generated, it was sent to the five teachers for evaluation through an online
questionnaire. For each competency of each of the 30 essays, the three feedback texts (Naive,
Nicol and Macfarlane-Dick, and Hattie and Timperley) were presented anonymously. For each
set of three feedback texts, the teacher evaluators were asked to answer the following question:
“Which of these three feedback texts do you consider most effective for student development and
learning?” They were required to select only one option, and their choices were recorded for
subsequent quantitative analysis to identify the preferred model. Each teacher evaluated 450 feed-
back messages generated by the LLM, as we provided them with 30 essays that were assessed in
terms of five competencies (C1-C5), with each competency containing three different feedback
messages (Section 3.3). The only exception was teacher TS5, who was unable to complete six out
of his 150 assessments (i.e, < 1%) due to logistic issues. To address this issue, we applied litera-
ture suggestions for handling missing data, completing these six instances with the teacher’s most
frequently used answer (i.e., mode) (Robertson & Kaptein, 2016). Hence, our final evaluation set
has a total of 750 instances (150 evaluations per teacher times 5 teachers).
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We adopted a forced-choice design, in which teachers were required to select exactly one of
the three alternatives, without the option of indicating ties or rejecting all of them. Forced-choice
comparison has been validated as a reliable and efficient method for eliciting expert judgments
of quality, even when the alternatives are of comparable adequacy (Marcoci et al., 2024), and
we adopted it to maximize the discriminative power of the comparison by compelling evaluators
to weigh the alternatives against each other rather than rating them independently. The trade-off
of this design is that it cannot capture situations in which two or more feedback messages were
perceived as equally adequate, or in which none was considered satisfactory; the implications of
this choice for the interpretation of the agreement results are discussed in Sections 4.2 and 6.

3.6 Data Analysis

To address SRQI1 and SRQ2, we first conducted a preliminary assessment of inter-rater agree-
ment among the participating teachers regarding which feedback model they perceived as most
effective. Since more than two raters were involved, we employed Fleiss’ Kappa (Fleiss, 1971), a
widely used measure of agreement for categorical data. This step, recommended in methodolog-
ical research (Cole, 2024; Watson & Petrie, 2010), helped determine whether raters share similar
judgments or hold divergent views before analyzing the main research questions. Establishing this
level of agreement provided essential context for interpreting our results, clarifying whether raters
could be treated as a single combined source of judgment or whether their perspectives needed to
be examined separately.

A more granular analysis was conducted to explore patterns of agreement between specific
pairs of raters. For this purpose, we calculated Cohen’s Kappa (Cohen, 1960) for every possible
pair of teachers. Unlike Fleiss’ Kappa, which provides a single statistic for the entire group,
Cohen’s Kappa measures the agreement between two raters while correcting for the possibility
of agreement occurring by chance. This pairwise analysis allowed us to identify which teachers,
if any, shared similar evaluative criteria and which diverged, providing deeper insight into the
variability of the judgments observed in the overall agreement measure.

Building upon the preliminary analysis, we answered SRQ1 and SRQ?2 as follows. For
SRQ1, we analyzed the number of times each model (Hattie and Timperley, Nicol and Macfarlane-
Dick, Naive) was selected as the most effective across all competencies. Given that our data
consisted of nominal selections from multiple teachers, we employed frequency counts and Chi-
square tests to assess whether the observed differences in selections were statistically significant.
Additionally, to account for variability between teachers highlighted in our preliminary inter-rater
agreement analysis, we examined selections at both the aggregate level and the individual teacher
level. This approach ensured that we captured both overall trends and individual differences in
perceived model effectiveness.

For SRQ2, we conducted a competence-level analysis of feedback model selections. Sim-
ilarly, we used frequency counts and Chi-square tests of independence to test for associations
between the feedback model and competence. Furthermore, building on the preliminary inter-
rater agreement findings, we analyzed selections separately for each teacher across competences
to identify potential individual differences. This dual-level procedure allowed us to determine
both the overall influence of competence on teachers’ judgments and the consistency of individual
teacher preferences.
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All analyses were conducted using R! within the RStudio environment. We adopted the
conventional significance threshold of alpha = 0.05 and relied on base R functions to perform
Chi-square tests. The input for these tests consisted of the frequency tables of teachers’ selections
described above, both at the aggregate and individual teacher levels, ensuring a straightforward
and reproducible procedure in answering our SRQs.

4 Results

4.1 Distinctiveness of the Generated Feedback Messages

Before analyzing teachers’ choices, we verified whether the three prompt strategies produced tex-
tually distinguishable messages, since highly similar alternatives could make the identification of
a superior option harder and artificially depress agreement statistics. To this end, we computed
the pairwise lexical similarity (TF-IDF cosine) between the three feedback texts generated for
each of the 150 essay—competency combinations. The average similarity was 0.30 (SD = 0.08)
for the Naive—Nicol pair, 0.33 (SD = 0.08) for the Naive—Hattie pair, and 0.35 (SD = 0.09) for
the Nicol-Hattie pair, with maximum values not exceeding 0.68. Considering that the three mes-
sages in each set necessarily share diagnostic vocabulary, they comment on the same essay, for
the same competency, under identical stylistic constraints, these low-to-moderate values indicate
that the prompt strategies produced clearly distinct messages. Two secondary patterns are worth
noting: the two theory-grounded models (Nicol and Macfarlane-Dick and Hattie and Timperley)
were the most similar pair, as expected given their shared prescriptive structure, and competency
C2 presented the lowest similarities across all pairs, suggesting that its more open-ended nature
(applying concepts from multiple knowledge areas) gave the strategies greater room to diverge.
Therefore, the disagreement among teachers reported in the following section cannot be attributed
to the indistinguishability of the alternatives.

4.2 Concordance analysis between the teachers

We found Fleiss’ Kappa value of -0.0188 when considering all competences together as an overall
agreement among the five teachers. Similarly, even when we investigated the teachers’ agreement
for each competence, Fleiss’ Kappa values were essentially the same (i.e., C1: -0.0071; C2: -
0.0319; C3: 0.0064; C4: -0.0616; C5: -0.0648). These results suggest teachers’ evaluations
were different from each other, highlighting the importance of considering these perspectives in
answering our SRQs.

The heatmap graph in Figure 4 shows the agreement between pairs of teachers using Cohen’s
kappa coefficient. The graph confirms the significant disagreement between teachers in most
evaluations and shows reasonable agreement (Cohen’s Kappa of 0.36) (Landis & Koch, 1977)
between teachers T2 and T3, precisely the teachers who considered Nicol and Macfarlane-Dick’s
model to be the most effective.

To provide greater visual and interpretive clarity, Figure 5 breaks down the pairwise agree-
ment analysis by competency. The figure shows that the T2-T5 pair, precisely the two teach-

Uhttps://www.r-project.org/
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Figure 4: Heatmap of Agreement between Pairs of Teachers (Cohen’s Kappa).

ers with the highest feedback literacy scores, is the only one to exhibit above-chance agreement
across all five competencies, although its strength varies considerably, ranging from weak in C1
(xk=0.16) and C4 (x = 0.07) to substantial in C3 (xk = 0.78) and moderate in C2 and C5 (k = 0.45
in both). All remaining pairs fluctuate around chance level (between —0.16 and 0.19) in every
competency, indicating the absence of shared evaluative criteria outside the T2—T5 dyad. Notably,
C3 is both the competency with the highest T2-T5 agreement and the only one for which the
overall Fleiss” Kappa was positive, reinforcing that convergence, when it occurs, is concentrated
among high-literacy evaluators rather than being a general property of the panel.

Figure 5: Pairwise agreement between teachers (Cohen’s Kappa) for each ENEM competency (C1-C5)..

It is worth noting that the near-zero and negative Kappa values must be interpreted in light
of the forced-choice design. When evaluators perceive two or more alternatives as similarly ade-
quate, a plausible scenario given that all three messages were generated by the same LLLM under
identical stylistic constraints, the forced selection of a single option introduces variability that
depresses chance-corrected agreement statistics, even in the absence of fundamentally opposed
judgments. Therefore, the low agreement observed here should be read as evidence that no feed-
back model was unanimously superior, and that teachers’ choices were systematically shaped by
their individual profiles (as confirmed by the per-teacher analyses in Section 4.3 and Table 3),
rather than as evidence of unreliable data.
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4.3 SRQ1: Teachers’ Opinions on Most Effective Feedback Models

Figure 6 presents teachers’ overall evaluations of the most effective feedback models based on
LLM-generated feedback messages, considering all competencies together. The figure demon-
strates that Hattie’s model was selected the most effective 359 times (47.86%), whereas Nicol
and Macfarlane-Dick’s and Naive models were selected 269 (35.86%) and 122 (16.26%) times,
respectively. This difference was statistically significant according to the Chi-squared test (x> =
114.50, df = 2, p-value < 0.001). Hence, these results suggest LLM-generated feedback messages
based on Hattie and Timperley’s model were the most effective according to teachers.

Nicol Hattie
Feedback

Figure 6: Barplot with the number of times each feedback model was considered the most effective by teachers, including feedback messages for
all competences..

Importantly, our concordance analysis suggested that teachers’ perceptions were substan-
tially different (Section 4.2). Therefore, Figure 7 expands the previous analysis with insights from
each teacher’s choices. The figure shows that three of the five teachers considered Hattie and
Timperley’s model the most effective, although the strength of their preference (i.e., the percent-
age of times they selected Hattie and Timperley-based feedback) varied. Additionally, the figure
also highlights that teachers T2 and T5 diverged, selecting feedback messages based on Nicol
and Macfarlane-Dick’s model most often. The Chi-squared test of independence revealed a sta-
tistically significant association between the feedback model and teachers (xz =272.61, df =8,
p-value < 0.001). Thereby, whereas the finding that Hattie and Timperley’s model was considered
the most effective remained, we found that the degree of preference varied among teachers, with a
particular case in which Nicol and Macfarlane-Dick’s model was considered more effective than
that of Hattie and Timperley.

4.4 SRQ2: Competences’ Role on Teachers’ Opinions on Most Effective Feedback Models

Figure 8 presents teachers’ evaluations of the most effective feedback models, based on LLM-
generated feedback messages, for each competence individually. Similar to SRQ1’s initial find-
ings, the figure suggests that teachers considered feedback messages based on Hattie and Timper-
ley’s model to be the most effective. Accordingly, the Chi-squared test of independence revealed a
non-statistically significant association between the feedback model and competences (x> = 2.45,

1086



Cavalcanti et al. RBIE v.34 — 2026

Feedback
m Naive
s Nicol
120 - Hattie

Count

T3
Teacher

Figure 7: Barplot with the number of times each feedback model was considered the most effective by each teacher, including feedback messages
for all competences..
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Figure 8: Barplot with the number of times each feedback model was considered the most effective for each competence..

df =8, p-value = 0.964). Therefore, these findings suggest that teachers’ preference for Hattie and
Timperley’s model as the most effective did not vary across the assessment competencies.

Building upon the concordance analysis (Section 4.2) and the findings of SRQ1’s, we ex-
pand the previous analysis to compare each teacher’s selections within each competence. Table
3 presents the results of this analysis, which corroborate SRQ1’s findings. Across all competen-
cies, three of the five teachers (T1, T3, and T4) consistently considered LLM-generated feedback
based on Hattie and Timperley’s model to be the most effective, although the strength of their
preference varied. In contrast, teachers T2 and TS5 consistently favored feedback based on Nicol
and Macfarlane-Dick’s model. Accordingly, the Chi-square independence tests by competence
revealed statistically significant differences, further supporting the variation in counts presented
in Table 3. As a result, we have evidence that, even when comparing feedback models within each
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Table 3: Table of counts of the number of times each teacher selected each feedback model (Nai = Naive; Nic = Nicol; Hat = Hattie) for each
competence (C1 to C5). The last row concerns Chi-square independence tests (? test) for the association between the feedback model and teachers
for each competence..

Cl C2 C3 C4 C5
Teacher | Nai Nic Hat | Nai Nic Hat | Nai Nic Hat | Nai Nic Hat | Nai Nic Hat
T1 1 3 26 0 2 28 0 5 25 0 4 26 0 4 26
T2 8 20 2 9 19 2 11 15 4 11 14 5 7 19 4
T3 3 9 18 2 11 17 2 10 18 3 10 17 3 12 15
T4 10 5 15 8 6 16 4 2 24 5 4 21 5 3 22
T5 6 19 5 6 15 9 6 18 6 6 22 2 6 18 6
22 test | 12 - P _ P2 _ P2 - P2 -
60.714, p 55.666, p 58.680, p 64.441, p 53.008, p
< 0.001 < 0.001 < 0.001 < 0.001 < 0.001

competence, there is a statistically significant association between teacher and feedback choices.
It is important to highlight that the two teachers who differ from the others (i.e., T2 and TS5 com-
pared to T1, T3, and T4) are those with the highest feedback literacy (see Section 3.4). This shows
that the teacher feedback literacy was a much stronger predictor of feedback preference than the
nature of the task (i.e., the competency).

5 Discussion

The findings of this study highlight how LA contributes to elucidating the complex dynamics in
the perceived effectiveness of LLM-generated feedback. It was observed that the notion of “best
feedback” was strongly mediated by the feedback literacy of the evaluator. Three main findings
emerged: (1) although the model proposed by Hattie and Timperley (2007) was preferred by
the majority of teachers, there was no consensus on the most effective model; (2) the disagree-
ment among evaluators was statistically significant and, in some cases, worse than what would
be expected by chance; and (3) the preference for a feedback model was explained not by the
specific ENEM competence being analyzed, but rather by teachers’ feedback literacy (Carless &
Winstone, 2023). These findings reinforce the literature on the situated nature of feedback effec-
tiveness (Carless & Boud, 2018; Evans, 2013; Nicol & Macfarlane-Dick, 2006; Sadler, 1989) and
suggest that personalization must extend to both learners and educators.

Moreover, our findings suggest that LLM-generated feedback informed by Hattie and Tim-
perley (2007) was more frequently perceived as effective, corroborating previous studies that em-
phasize the value of structured and directive feedback frameworks (Evans, 2013; Gibbs & Simp-
son, 2005). Similar to the results of Shin et al. (2025), which showed that student preferences
for Al- or peer-generated feedback varied depending on the context, our analysis indicates that
effectiveness is not an intrinsic property of the feedback message but emerges from the interaction
between theoretical structure and evaluator interpretation. This aligns with research by Xavier
et al. (2025) and Riidian et al. (2025), who found that the perceived usefulness of feedback is
contingent on contextual and social factors. Thus, our results contribute to the growing body of
evidence that effective LLM-based feedback must integrate pedagogical theory (Carless & Boud,
2018; Hattie & Gan, 2011; Nicol & Macfarlane-Dick, 2006; Sadler, 1989) to ensure both clarity
and actionability.
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A key contribution of this study is the demonstration that feedback preferences were sys-
tematically related to teachers’ feedback literacy profiles. Teachers with higher literacy scores,
particularly in the “Values” and “Skills” dimensions, tended to prefer the model of Nicol and
Macfarlane-Dick (2006), which emphasizes student agency, dialog, and opportunities for self-
regulation. This resonates with findings by Lin et al. (2023), who demonstrated the benefits of
dialogic feedback for student engagement, and with studies highlighting the role of feedback lit-
eracy in mediating uptake (Carless & Winstone, 2023). Conversely, teachers with lower feedback
literacy were drawn to the more directive structure of Hattie and Timperley (2007), highlight-
ing prior evidence that prescriptive feedback can serve as a scaffold for both novice learners and
novice evaluators (Hattie & Gan, 2011). These patterns highlight that feedback literacy can be a
decisive factor in shaping how evaluators perceive LLM-generated feedback.

One relevant result emerging from this study is that there is no “best” feedback model,;
rather, effectiveness depends on the evaluator’s pedagogical profile. This mirrors findings in prior
LA research, where variability in engagement has been observed across both students and teachers
(Riidian et al., 2025; Shin et al., 2025; Xavier et al., 2025). The statistically significant disagree-
ment observed in our study shows the limitations of using a single “gold standard” when training
or benchmarking Al systems (Gwet, 2014). Instead, variability must be explicitly accounted for
(Yun et al., 2025).

From both a practical and theoretical perspective, these results suggest that personalization
in feedback systems must extend beyond students to include teachers. LA-based platforms could
incorporate mechanisms that allow educators to select or adapt feedback models aligned with
their feedback literacy profile (Carless & Boud, 2018; Yun et al., 2025). Such personalization is
consistent with recent research advocating for human—AlI collaboration in assessment (Hutt et al.,
2024; Xavier et al., 2025; Xiao et al., 2025). Theoretically, this reinforces calls to embed es-
tablished pedagogical frameworks in the design of Al-generated feedback (Hattie & Gan, 2011;
Hattie & Timperley, 2007; Nicol & Macfarlane-Dick, 2006; Sadler, 1989), ensuring that analytic
outputs are technically accurate and pedagogically meaningful. Practically, the findings indicate
that LLMs should serve as scaffolds that provide multiple theory-informed feedback options (Cav-
alcanti et al., 2019, 2020; Pardo et al., 2019), which teachers can validate and adapt. In doing so,
the LA community can move toward feedback ecosystems that are adaptive, and context-sensitive,
advancing both the scalability and quality of educational feedback.

6 Limitations and Future Direction for Research

Despite the methodological rigor employed, this study has limitations that should be considered
when interpreting the results, which also open avenues for future research. First, the sample of
evaluators was limited to five teachers. Although all were experts with extensive experience, this
context restricts the statistical generalization of the findings to the broader population of Por-
tuguese language teachers. The feedback literacy profiles and preferences observed in this group
may not be representative of the full diversity of existing pedagogical views.

A further limitation concerns the composition of the essay sample. As a consequence of the
random sampling procedure, the topic distribution was uneven, with a single essay on the Fake
News topic. Although the unit of analysis in this study was the feedback message generated per
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competency rather than the essay topic, future studies should adopt stratified sampling by topic to
support thematic representativeness analyses.

Second, the nature of the evaluation task consisted of a forced choice among three pre-
generated feedback options. This experimental design measures the evaluators’ perception of
effectiveness or preference, which is a valuable indicator; however, it does not directly measure the
actual impact of this feedback on the student’s learning process. Future studies could investigate
how students effectively use these different types of feedback to revise their texts, connecting the
expert’s perception with the learner’s practice.

The forced-choice protocol also imposes interpretive limitations on the agreement analysis.
Teachers could not indicate that more than one message was equally adequate, nor that none was
satisfactory, which may have introduced noise into the agreement statistics (Section 4.2) and pre-
vents conclusions about the absolute pedagogical quality of the generated feedback. The results
should therefore be interpreted as relative preferences among the three models. Future designs
could combine forced choice with rating scales and explicit “none of the above” options to disen-
tangle relative preference from absolute adequacy.

Furthermore, this study did not include a condition of written feedback by humans, nor
did it collect teachers’ qualitative perceptions of the usefulness and pedagogical accuracy of the
messages generated by the LLM. Comparing the theory-based LLM feedback with feedback pro-
duced by expert teachers, and supplementing the choice data with thought verbalization protocols
or interviews, would allow future research to assess whether the generated messages reach a ped-
agogical level comparable to that of experts and identify their main shortcomings.

A third limitation lies in the measurement of feedback literacy, which was based on a self-
report instrument (the FLS scale). As noted in the literature, teachers’ perceptions of their own
competencies may not perfectly align with their classroom practices (Lee et al., 2023). There-
fore, although the profiles drawn are fundamental to the analysis in this study, they represent the
participants’ self-assessment, not a direct observation of their feedback practices.

An additional limitation concerns the generation procedure: each feedback message was
produced through a single LLLM execution. Since LLMs are stochastic models, the same prompt
may yield different messages across runs, and a single execution may not capture the full distri-
bution of outputs of each prompt strategy. Although all three strategies were subject to the same
condition, which preserves the fairness of the comparison, future studies should generate multiple
completions per prompt and assess the stability of teachers’ preferences across executions.

Finally, the results are intrinsically linked to the specific LLM and the prompt engineering
used to generate the feedback. The quality, style, and accuracy of the generated texts can vary
significantly between different models (e.g., GPT-3.5, GPT-4, Llama) or with different prompt
strategies. Furthermore, LLMs have inherent limitations, such as the possibility of “hallucina-
tions” or the generation of false positives, which, although mitigated by expert evaluation in this
study, remain factors to consider in feedback automation. Thus, the findings reflect the perfor-
mance of a specific technological configuration and should not be generalized to all Al systems in
LA.
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