
Proceedings of the Artificial Intelligence in Measurement and Education Conference (AIME-Con) – Volume 2: Works in Progress, pages 231–234
October 5-7, 2026 ©2026 National Council on Measurement in Education (NCME)

Composite Scores vs. Preference Rankings: Measuring Architecture Effects
in LLM Feedback

Harvey Ngoe Kolle1

kolle@ualberta.ca
Carrie Demmans Epp1,2

cdemmansepp@ualberta.ca

Amna Liaqat3

aliaqat@gmu.edu
Maria Cutumisu1,4,5

maria.cutumisu@mcgill.ca

1Department of Computing Science, University of Alberta, Edmonton, AB, Canada
2Alberta Machine Intelligence Institute (Amii), Edmonton, AB, Canada

3George Mason University, Fairfax, VA, United States
4Department of Educational and Counselling Psychology, McGill University, Montreal, QC, Canada

5Mila – Quebec Artificial Intelligence Institute, Montreal, QC, Canada

Abstract

AI-generated feedback is often judged by qual-
ity ratings or preference rankings but rarely
both. Comparing a multi-agent system, a
single-agent system, and human feedback on
student writing, we show that the two evalua-
tion approaches can support different reported
conclusions even when their underlying effects
are nearly identical. These differences have
consequences for how AI-generated feedback
should be evaluated.

1 Background

Good feedback helps learners understand how their
current performance compares with expected goals
and what they need to do to improve (Hattie and
Timperley, 2007; Shute, 2008). However, high
quality feedback is hard to produce and is often
sparse or delayed in practice (Gibbs and Simpson,
2005; Nicol and Macfarlane-Dick, 2006). Large
language models (LLMs) offer one way to generate
feedback at scale (Rüdian et al., 2025; Seßler et al.,
2025; Lu et al., 2025) but the approaches can differ
in quality. This creates a practical problem: how
should competing methods for generating feedback
be compared?

Most LLM systems generate feedback in a sin-
gle step: one prompt has the model assess accuracy,
pedagogical alignment, and tone all at once (Rü-
dian et al., 2025; Lu et al., 2025; Seßler et al., 2025),
even though the feedback literature treats these
as separate qualities (Hattie and Timperley, 2007;
Shute, 2008). An alternative is to split generation
into specialized agents, separating accuracy, ped-
agogical alignment, and tone (Kolle et al., 2026a;
Cao et al., 2025). Whether this added complexity is
worthwhile is an empirical question. It depends on

whether the multi-agent approach produces feed-
back that raters judge as better than a single-agent
system built from the same model and prompts,
and on whether the comparison can detect such a
difference at all.

However, whether such a difference can be de-
tected depends on how feedback quality is mea-
sured, and current practice has two weaknesses.
First, studies usually report either an aggregate
quality score or a preference ranking (Rüdian et al.,
2025; Weidlich et al., 2025) but rarely both, so
it is unclear whether the two would point to the
same answer. Second, the rating instruments of-
ten have unreported reliability (Nunnally, 1975;
Streiner, 2003), which weakens confidence in any
detected differences. Thus, choosing the better
approach is partly a question of what counts as ad-
equate evidence; the same concern that underlies
argument-based approaches to validation in edu-
cational measurement (Kane, 2013). The present
study addresses both problems using a 14-item,
theory-grounded instrument that captures ten di-
mensions of feedback quality (Kolle et al., 2026b).

2 Aims

This study investigates whether the two evaluation
approaches, composite quality scores and pairwise
preference rankings, consistently indicate which
feedback raters judge to be of higher quality. We
examine this with three feedback conditions for
adult English-language-learner writing: a multi-
agent system, a single-agent system using the same
base model, and human instructor feedback. The
question matters because the choice of measure
could determine whether one approach is better
than another.
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3 Sample

Eighteen raters (15 women, two men, and one non-
binary) participated in this study. These raters were
instructors and pre-service teachers with relevant
experience evaluating writing or providing feed-
back. Age was available for 11 raters and averaged
25.9 years (SD = 6.3, range 19–40). Most raters
reported prior experience with a teaching place-
ment (72%), giving writing feedback (94%), grad-
ing writing (89%), feedback training (72%), and
pedagogy or assessment training (78%). Fifteen
raters (83%) had used LLMs before.

Student writing was from a prior study with adult
English language learners from the Language In-
struction for Newcomers to Canada program (Li-
aqat et al., 2019). Each rater evaluated three sub-
missions and reviewed all three feedback versions
for each submission, yielding 54 rated feedback
instances. These 54 instances were drawn from 10
unique student submissions. Each submission was
rated by between 2 and 8 raters across the three
writing tasks.

4 Methods

We employed a within-subject design. The single-
agent and multi-agent conditions used the same
underlying language model (GPT-4.1) and task ma-
terials. Thus, the comparison isolated the effect
of architecture rather than that of the model or
task. The single-agent condition produced feed-
back in one step, using a single prompt that asked
the model to address accuracy, pedagogical align-
ment, and tone. The multi-agent condition took
that same initial output and passed it through a
linear pipeline of specialized agents, each with its
own prompt: successive agents checked grounding,
corrected unsupported content, aligned feedback
with task expectations, strengthened actionability,
adjusted tone, and formatted the result. Both con-
ditions shared the same base model and starting
feedback, and differed only on whether that feed-
back was further processed by the pipeline. Full
prompts and agent parameters are reported in the
companion paper (Kolle et al., 2026a). The human
condition used instructor-written comments from
the original rubric-based feedback. For each sub-
mission, a rater reviewed three feedback versions.
To reduce position effects, the version ordering was
randomized and the source concealed.

The rater assessed each version using a 14-item
instrument spanning ten dimensions of feedback

quality (Table 1) and then ranked the three versions
by overall preference. Composite scores, rescaled
to 0–100, were analyzed with a linear mixed-effects
model; condition was a fixed effect and rater and
submission were random intercepts (Baayen et al.,
2008). Preference rankings were analyzed with a
Bradley-Terry model (Bradley and Terry, 1952).
All pairwise comparisons were adjusted for mul-
tiple comparisons using Holm correction within
each outcome.

5 Results

The 14-item instrument had high internal consis-
tency, with ω = 0.917, 95% CI [0.903, 0.931],
bootstrapped with B = 2000 resamples (Kolle
et al., 2026b; McDonald, 2013), supporting its
use as a composite outcome measure. Compos-
ite scores were highest for multi-agent feedback,
followed by single-agent feedback and human feed-
back (Table 4). Both AI conditions scored higher
than human feedback. The composite-score differ-
ence between multi-agent and single-agent feed-
back did not survive Holm correction (Table 2).

The ranking analysis showed the same ordering
(Table 3): multi-agent feedback was preferred to
single-agent feedback, and both AI conditions were
preferred over human feedback. At the dimension
level, the only significant difference between the
multi-agent and single-agent conditions was on
supportive tone, with multi-agent feedback rated
higher (∆ = 4.63, padj = .049, d = 0.31).

For the multi-agent vs. single-agent contrast,
the two measures produced the same ordering and
only marginally different effect sizes (composite
d = 0.29, ranking r = .31); they differed only
in whether the contrast reached significance after
correction. A direct comparison confirmed that the
measures themselves did not differ: the two feed-
back versions were ranked in the same direction as
their composite scores on 72% of instances (95%
CI [0.62, 0.82]), and the standardized effects of the
two measures did not differ significantly (bootstrap
difference = 0.02, 95% CI [−0.32, 0.39]).

6 Discussion and Conclusions

Composite scores and preference rankings agreed
that both AI conditions were rated and ranked
above human feedback. For the multi-agent vs.
single-agent contrast, they agreed on ordering and
effect magnitude but differed on whether the con-
trast reached significance. This difference in signif-
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Table 1: The 14-item instrument used to rate feedback quality, grouped into ten dimensions. Items marked [R] are
reverse-scored before summing so that the composite consistently reflects higher perceived quality.

Dimension Item

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.

Table 2: Pairwise contrasts for composite feedback quality scores. 95% CIs are unadjusted; padj values are Holm-
corrected.

Comparison Diff 95% CI padj 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

Table 3: Pairwise preference probabilities from the Bradley-Terry model.

Comparison P (preferred) padj r

Multi-Agent vs. Single-Agent .657 .015 .31
Multi-Agent vs. Human .957 < .001 .91
Single-Agent vs. Human .921 < .001 .84

Table 4: Descriptive statistics for composite scores by
condition (rescaled to 0–100).

Condition M SD Range

Multi-Agent 87.0 11.2 54–100
Single-Agent 84.5 12.6 51–100
Human 60.6 13.5 40–91

icance is not itself evidence that the measures differ
(Gelman and Stern, 2006), and a direct comparison
found no significant difference between them.

The pattern of both AI conditions outperforming
human feedback is consistent with prior reports
that LLM-generated feedback can compare favor-
ably with human feedback on some dimensions
(Rüdian et al., 2025; Weidlich et al., 2025). How-
ever, the human feedback in this study was drawn
from a prior instructional context, so the observed

difference should be interpreted cautiously.

The split in significance between the two AI con-
ditions may reflect that a difference concentrated in
one dimension (i.e., tone) is diluted once combined
into a 14-item composite (Nunnally, 1975). How-
ever, with 18 raters, it may reflect that the ranking
analysis was better powered to detect small effects.
A larger-sample replication is planned to tease apart
these explanations. If the tone difference persists, it
would be consistent with the multi-agent pipeline’s
design that uses a dedicated tone agent to revise
feedback after its content and pedagogical structure
have already been refined (Kolle et al., 2026a).

These results suggest that the choice between
aggregate scores and preference rankings is not
just a reporting detail: it can determine whether
a difference between AI systems is detected at
all. More broadly, this implies that conclusions
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about AI-generated feedback are partly an artifact
of how feedback quality is measured, not just of
the systems themselves. As these tools become
more common, evaluations that only report one out-
come measure run the risk of over- or under-stating
real differences between systems. Therefore, com-
parisons of AI systems should report both where
possible.
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