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Abstract
Evaluating automated feedback on pedagogical grounds requires more than a single holistic judgment. We
developed a multi-dimension 14-item rating instrument grounded in formative feedback theory and used it to
compare feedback from a multi-agent system, a single-agent system, and an instructor. Eighteen evaluators—
instructors and pre-service teachers—rated and ranked 54 feedback instances that were tied to adult English
language learner writing. Both automated conditions received scores that were more than 20 points higher than
human feedback, though this significant difference should be interpreted with caution, as the human feedback
originated from a real teaching context and was not produced for this study. The only significant difference
between the two automated conditions was on the supportive tone dimension, where the multi-agent condition
received higher ratings than the single-agent condition. These results show that a multidimensional approach
identifies differences in feedback quality that a single overall rating could miss.
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1. Introduction

Automated feedback is now widely used in education, but most evaluations of this feedback rely on a
single holistic rating or brief student surveys [1, 2]. This raises a practical question: are single holistic
ratings sufficient for evaluating the quality of automated feedback?

Research on formative feedback points to several qualities that matter for learning: feedback should
be trustworthy, tied to learning goals, specific, actionable, and supportive in tone [3, 4, 5]. These ideas
are well established theoretically but rarely used to evaluate automated feedback [6, 7].

Therefore, the present study argues for evaluating automated feedback across multiple theory-
grounded dimensions rather than relying on one overall judgment. We operationalised dimensions from
the formative feedback literature into 14 rating items and used them in a study comparing automated
and human-written feedback. We show that this approach surfaces differences in quality that a single
overall rating would miss.

2. Rating Dimensions and Items

To evaluate feedback, we operationalised the many dimensions of formative feedback [3, 4, 5] into
14 rating items, each scored on a five-point Likert scale. The items are grouped into 10 dimensions
(Table 1). To ensure consistency in scoring direction, negatively-worded items (discouraging, inaccurate,
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Table 1
Rating dimensions and items for evaluating student writing feedback, derived from formative feedback theory.

Dimension Item statement

Specific & Clear This feedback targets specific parts of the writing.
This feedback is clearly written.

Goal-Referenced This feedback explains how the writing meets the expected goals.

Actionable This feedback offers clear guidance the student can follow.
This feedback supports improvement in writing skills.

Supportive Tone This feedback maintains a positive tone.
This feedback is discouraging.[R]

Trustworthiness This feedback is inaccurate.[R]

Objective This feedback is based on evidence from the student’s writing.
This feedback focuses on student traits.[R]

Non-Threatening This feedback uses harsh language.[R]

Non-Revealing This feedback suggests alternative phrasing.

Conciseness This feedback avoids overly detailed elaboration.

Overall This feedback would be appropriate to share directly with a student.
[R] Reverse-scored item.

trait-focused, and harsh) were reverse-scored before summing so that the composite score (range 14–70)
consistently reflects higher perceived quality.

3. Study Design

3.1. Context and Feedback Conditions

We used the proposed instrument (Table 1) to compare three sources of feedback on adult English
language learner writing. The student texts originated from a prior study in the Language Instruction for
Newcomers to Canada programme [8], where learners completed three informal writing assignments
and received rubric-based instructor feedback. That instructor feedback served as the human condition.

Two automated conditions were generated using GPT-4.1 with few-shot prompting [9]:
• Single-agent: feedback produced in a single prompt step.
• Multi-agent: the same initial output was then revised by a sequence of six specialised agents

(verification, correction, subject-expert, pedagogy, tone, and formatting), each focused on a
different aspect of quality.

The multi-agent pipeline follows a fixed sequential order in which each agent receives the output of
the previous stage and refines it along a specific quality dimension [10]. Factual verification precedes
domain review, which precedes pedagogical evaluation, tone adjustment, and formatting. This ordering
is deliberate: downstream agents refine only verified content, and tone is adjusted after pedagogical
structure is in place to avoid concealing substantive weaknesses behind encouraging language. Both
automated conditions used the same foundation model and materials; the single-agent condition used a
single prompt, while the multi-agent condition extended this with six additional agent-specific prompts,
one per pipeline stage. Therefore, any differences in ratings reflect differences in how the feedback was
generated rather than differences in the underlying foundation model.

3.2. Raters and Procedure

Eighteen raters participated in the study (15 women, 2 men, 1 non-binary; mean age 25.9 years, SD =
6.3). All had relevant background: 94% had given feedback on writing, 89% had graded writing, and 78%



had pedagogy or assessment training. Each rater evaluated three student submissions, one per writing
task. For each submission, raters used the 14-item instrument to rate all three feedback versions and
then ranked them from most to least preferred. The feedback source was not disclosed to raters. The
study received research ethics board approval and all raters provided informed consent. Each study
session took approximately one hour, and raters were compensated with a $30 gift card or PayPal
transfer of equivalent value.

3.3. Analysis

Internal consistency of the 14 items was assessed using McDonald’s omega, which is more appropriate
than Cronbach’s alpha for ordinal rating data as it does not assume equal item contributions to the
composite score [11]. Composite scores were analysed with a linear mixed-effects model, with feedback
condition as a fixed effect and rater and submission as random intercepts [12]. Rankings were analysed
with a Bradley-Terry model [13]. All pairwise contrasts used Holm correction for multiple comparisons.

4. Results

4.1. Composite Scores

The 14 items demonstrated high internal consistency, with 𝜔 = 0.917 (95% CI [0.903, 0.931], boot-
strapped with 𝐵 = 2000 resamples), indicating that the items reliably measure a common underlying
construct [14, 15].

Composite scores (scaled to 0–100) were highest for multi-agent feedback (𝑀 = 87.0, 𝑆𝐷 = 11.2,
range: 54–100), followed by single-agent feedback (𝑀 = 84.5, 𝑆𝐷 = 12.6, range: 51–100), and human
feedback (𝑀 = 60.6, 𝑆𝐷 = 13.5, range: 40–91).

Table 2 shows the pairwise contrasts for composite feedback quality scores. Both automated feedback
conditions were rated substantially higher than the human feedback, with large effect sizes (Cohen’s
𝑑 > 1.7) [16]. No difference was found between the two automated feedback conditions.

Table 2
Pairwise contrasts for composite feedback quality scores (14-item instrument, scores rescaled to 0–100).

Comparison Diff 95% CI 𝑝𝑎𝑑𝑗 Cohen’s 𝑑

Multi-Agent vs. Single-Agent 2.46 [0.14, 4.78] .114 0.29
Multi-Agent vs. Human 26.38 [22.48, 30.27] < .001 1.85
Single-Agent vs. Human 23.92 [20.24, 27.59] < .001 1.78

4.2. Preference Rankings

The ranking analysis confirmed the same ordering (Table 3). Raters preferred the multi-agent feedback
over the single-agent feedback, and both automated conditions were strongly preferred over human
feedback.

Table 3
Pairwise preference probabilities from the Bradley-Terry model showing which feedback condition was preferred
in each head-to-head comparison.

Comparison 𝑃 (Top-ranked) 𝑝𝑎𝑑𝑗 𝑟

Multi-Agent vs Single-Agent .657 .015 0.31
Multi-Agent vs Human .957 < .001 0.91
Single-Agent vs Human .921 < .001 0.84



Table 4
Descriptive statistics by dimension and condition (scores rescaled to 0–100).

Human Single-Agent Multi-Agent

Dimension 𝑀 𝑆𝐷 𝑀 𝑆𝐷 𝑀 𝑆𝐷

Specific & Clear 71.5 20.7 88.2 20.8 90.7 17.6
Goal-Referenced 58.2 26.7 87.0 22.4 89.3 18.1
Actionable 44.4 21.9 85.7 18.5 87.8 17.8
Supportive Tone 58.0 20.5 87.4 15.3 92.0 12.0
Trustworthiness 64.8 29.8 87.4 19.9 90.0 18.5
Objective 72.2 12.5 75.0 13.8 74.1 13.5
Non-Threatening 74.4 24.4 88.2 19.2 92.2 15.3
Non-Revealing 35.2 23.0 81.1 23.8 84.4 22.2
Conciseness 78.9 25.3 79.6 20.0 83.7 22.0
Overall 44.4 27.1 87.0 16.6 88.5 14.9

4.3. Dimension-Level Results

The two automated feedback conditions scored similarly across all dimensions except supportive tone,
where the multi-agent condition received higher ratings (Δ = 4.63, 𝑝𝑎𝑑𝑗 = .049, 𝑑 = 0.31). Both the
single-agent and multi-agent feedback conditions scored higher than the human feedback on most
dimensions (see Table 4 for descriptive statistics), with the largest gaps on actionable, non-revealing,
and overall (all 𝑝 < .001). No measurable differences were observed on the conciseness and objective
dimensions across all three feedback conditions. Full dimension-level results are presented in the
supplementary materials.1

5. Discussion

5.1. The Value of Multidimensional Evaluation

When looking at composite scores alone, the two automated feedback conditions appear similar. The
dimension-level breakdown reveals more: the two conditions diverged only on supportive tone. This is
a good example of what multi-dimensional instruments can do. Here, they surface distinctions that a
single overall rating would hide [7].

The findings revealed a large gap between automated and human feedback across most dimensions,
with the notable exception of conciseness and objective, where scores were similar across all three
feedback conditions. These similarities may reflect a shared tendency among human instructors and
automated systems to ground feedback in the student’s work and focus on relevant aspects of the
writing [17].

The human feedback originated from a real teaching context and was not written for this comparison,
which limits how far we can push that interpretation. Still, the pattern fits with other work showing that
automatically generated feedback can hold up well against human feedback on certain qualities [1, 18].

5.2. Composite Scores Versus Preference Rankings

Composite scores did not help to distinguish the two automated conditions, but the ranking task did.
Raters noticed a difference that the composite score did not capture. This points to the value of collecting
both ratings and rankings when evaluating feedback quality, and it suggests that the qualities of the
feedback matter to evaluators even when the difference is subtle.

At the dimension level, the only difference between the two automated conditions was on supportive
tone, which is consistent with the multi-agent design, where a dedicated tone agent refines this quality

1https://bit.ly/4bPmBcF
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after pedagogical structure is in place.

5.3. Implications

Grounding evaluation items in feedback theory provides a clearer picture of where automated feedback
succeeds or falls short. Future work could examine whether these dimensions hold across different
subject areas and feedback contexts such as coding or mathematics, and whether individual items
could be turned into computable metrics. Future work should also examine how students perceive
and respond to automated feedback and whether rater-based quality judgments predict actual learning
outcomes or improvements in submitted student work. Meanwhile, this study constitutes a starting
point for building richer evaluation approaches for automatically-generated feedback.

6. Conclusion

We argued for evaluating automated feedback across multiple theory-grounded dimensions rather than
relying on a single overall rating. Using 14 items derived from formative feedback theory [3, 4, 5], we
compared automated and human-written feedback on adult writing. There were many differences in
the qualities of the human and the generated feedback, but only tone showed a difference between
the two automated approaches. It would not have been possible to identify these differences using a
single, global rating. Both automated conditions scored substantially higher than the human feedback,
though this comparison should be interpreted cautiously given the different contexts in which each was
produced. Moreover, the dimension breakdown identified supportive tone as the one area where the two
automated conditions differed. Importantly, while composite scores did not significantly differentiate
the two automated conditions, the ranking task reliably distinguished them, underscoring the value of
collecting preference judgments alongside rating scores.
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