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Abstract

As LLMs increasingly streamline item gener-
ation, ensuring the quality of their outputs re-
mains a critical challenge. This study exam-
ines whether a multi-agent system can serve as
an automated judge to detect and revise flaws
in Al-generated educational assessment items,
such as ambiguity, bias, or content misalign-
ment.

1 Introduction

Generating educational content has become easier
and more accessible through the use of large lan-
guage models (LLMs), which can produce human-
like output via chat-based interfaces with little or
no programming expertise required (Kasneci et al.,
2023; Brown et al., 2020). Among their educational
applications, automatic item generation (AIG) has
emerged as a prominent approach for developing
assessment materials, with recent surveys suggest-
ing that a substantial proportion of teachers use
LLMs to support assessment development (Attard
and Dingli, 2024; Hargrave et al., 2025). Although
AIG can generate large numbers of assessment
items rapidly, the quality of the generated items
varies substantially, necessitating evaluation and
revision before they can be deployed in real-world
learning and assessment settings. Therefore, the
primary promise of AIG (i.e., improving the effi-
ciency of item development) is constrained by the
continued need for rigorous quality evaluation and
validation of generated items (Gorgun and Bulut,
2024a).

To address this challenge, we conducted a proof-
of-concept study that leverages a centralized multi-
agent system to generate, evaluate, and revise ed-
ucational questions for a graduate-level statistics
course. The system consists of an orchestrator that
selects the final set of generated items and three
specialized sub-agents responsible for item gen-
eration, item evaluation, and item revision. Us-

ing this framework, we investigated the extent to
which LLMs can generate graduate-level statistics
multiple-choice items that adhere to predefined re-
quirements and evaluate the quality of their own
generated content.

2 Related Work

To date, AIG has largely adopted a generate-then-
evaluate approach, in which assessment items are
first produced automatically, and their quality is
assessed only after generation (e.g., Mostow et al.,
2017; Gierl et al., 2024; Gorgun and Bulut, 2024a).
As LLMs have made AIG more accessible to educa-
tors, the evaluation of generated items has become
increasingly important for ensuring that assessment
items are of sufficient quality to support valid and
reliable use in learning and assessment settings
(Gorgun et al., 2025). However, existing AIG eval-
uation practices rely heavily on human evaluators
to assess the quality of each generated item individ-
ually, creating a substantial bottleneck that limits
the scalability and deployment of generated items
(Gorgun and Bulut, 2024a, 2025).

Furthermore, AIG research has focused exclu-
sively on improving the grammaticality, fluency,
and relevance of generated items because pre-LLM
AIG systems often relied on NLP-based preprocess-
ing techniques (e.g., syntactic parsing) and gener-
ated questions from predefined semantic or syntac-
tic patterns. As a result, the generated items fre-
quently exhibited rigid or template-based wording
that lacked the fluency and naturalness of human-
authored assessment items (Gorgun and Bulut,
2024b). LLM-based AIG has largely overcome this
limitation by generating fluent, grammatically ac-
curate, and human-like assessment questions. How-
ever, existing AIG evaluation frameworks remain
limited in their ability to assess LLM-generated
items because they were primarily developed for
pre-LLM item generation approaches (Gorgun and
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Bulut, 2024a; Kurdi et al., 2020; Flor, 2025). There-
fore, LLM-generated items should be evaluated
using fine-grained criteria that mirror the quality-
assurance processes applied to human-authored
questions, including the detection of item-writing
flaws that may threaten validity and reliability (e.g.,
Haladyna et al., 2002; Breakall et al., 2019).

In addition to adopting more comprehensive
evaluation criteria, AIG systems should con-
sider the subject domain of the generated ques-
tions, as evaluating item quality may require
domain-specific standards and expertise (Mulla and
Gharpure, 2023). For example, the evaluation of
mathematics word problems should account for the
correctness of the underlying equations and solu-
tions (Wang et al., 2021), whereas the evaluation of
medical assessment items should consider the ac-
curacy and appropriateness of domain-specific ter-
minology and clinical content (Wang et al., 2007).

2.1 Current Study

These limitations in AIG highlight the need for
evaluation approaches that move beyond traditional
generate-then-evaluate workflows and support the
automated evaluation and refinement of generated
items (Gorgun and Bulut, 2024b). As LLMs in-
creasingly produce fluent and human-like assess-
ment questions, evaluation frameworks must be ca-
pable of identifying subtle item-writing flaws and
applying domain-specific quality standards that are
typically used in human review processes. Such
approaches have the potential to reduce the reliance
on human evaluators while improving the scalabil-
ity of AIG systems.

As an initial proof-of-concept, this study ex-
plored the potential of a multi-agent system for gen-
erating, evaluating, and revising assessment items.
The system consists of an item-generation agent,
an item-evaluation agent, an item-revision agent,
and an orchestrator agent responsible for coordi-
nating the workflow and selecting the final set of
items. Unlike conventional AIG pipelines, which
treat generation and evaluation as separate stages,
the proposed framework employs specialized LLM
agents that assume distinct roles within the item-
development process. By integrating generation,
evaluation, and revision into a unified workflow,
the system enables iterative improvement of assess-
ment items prior to deployment. Specifically, the
study was guided by the following research ques-
tions:

RQ1. To what extent do the evaluations produced

by the multi-agent system align with human
judgments of item quality?

RQ2. To what extent can a multi-agent revision pro-

cess improve the quality of generated assess-
ment items?

3 Methods

3.1 Study Design

This study investigated the feasibility of using a
multi-agent system to generate, evaluate, and re-
vise assessment items for a graduate-level statistics
course. The system was designed to emulate the
stages of a conventional item-development work-
flow by assigning distinct responsibilities to spe-
cialized LLM agents. To evaluate the consistency
of the system’s outputs, the complete generation
pipeline was executed three times, producing a to-
tal of 60 assessment items (20 items per run). At
the end of each iteration, a complete version his-
tory was maintained, including the original item
generated, the number of revision cycles, the items
generated in each cycle, the outcome of each qual-
ity criterion evaluated by the system for each gener-
ation cycle, the text chunk used for generating the
item, and the final version of the item selected by
the orchestrator for inclusion in the question bank.

3.2 Multi-Agent System Architecture

The proposed AIG systems (Figure 1) used a cen-
tralized multi-agent framework and consisted of
three sub-agents and an orchestrator powered by
Claude Opus 4.6, accessed through the API call. Al-
though all agents used the same underlying model,
each agent was assigned a distinct role through
specialized prompting.

The item-generation agent produced questions
based on predefined topics, difficulty (i.e., easy,
medium, or hard), and question-type specifications
(i.e., calculation, interpretation, conceptual, or ap-
plication). The item-evaluation agent reviewed
the generated items using a structured evaluation
rubric and provided diagnostic feedback to the item-
revision agent. The item-revision agent revised
questions based on evaluation feedback and fed
the revised questions to the item-evaluation agent
for another cycle of evaluation-revision. Finally,
the orchestrator agent coordinated the workflow,
managed information exchange among agents, and
selected the final version of each item.

285



o -
Orchestrator » $=
- ]

Version

histo

Finalitem
bank

A4

Generator

v

Bias free?

Content
aligned?

Stem
clarity?

LLM Free from
clues?

A4

Revisor

Plausible
distractor?

Math
accuracy?

o — o —

v = o=
» %

Correct
response?

Figure 1: Workflow of the proposed multi-agent AIG framework.

3.2.1 Item-Generation Agent

We used a real-world example of a graduate-level
statistics course taught at a university in the South-
ern United States. Using the course materials, syl-
labus, and learning outcomes, we developed a test
blueprint covering the major topics (N = 20) in-
cluded in the graduate-level statistics course. These
topics included levels of measurement, sampling
distribution, the central limit theorem, univariate
and bivariate analysis, significance testing, Type I
and Type II errors, effect sizes, confidence inter-
vals, correlation, linear regression, #-test, analysis
of variance (ANOVA), and chi-square analysis. We
generated 20 items using the test blueprint and re-
peated this process three times, resulting in a total
of 60 items. Item generation was guided by prede-
fined specifications, including topic (e.g., levels of
measurement), difficulty level (easy, medium, or
hard), and question type (conceptual, application,
interpretation, or calculation).

As previous studies highlighted the superior
performance of a retrieval-augmented generation
(RAG) architecture for content alignment and ques-
tion quality (Gorgun and Lindner, 2026), we em-
ployed a RAG-based prompting approach during
item generation. Specifically, all learning materials
were indexed using a vector database, and relevant
instructional content was retrieved and incorpo-
rated into the generation prompt before question
generation. As our initial exploratory prompt tri-
als revealed that the keyed response tended to be
longer than the distractors, we explicitly instructed

the Item-Generator to create response options that
were comparable in length and informational con-
tent. Furthermore, these initial prompt iterations
revealed the need to explicitly instruct the Item-
Generator to verify the accuracy of all mathemat-
ical operations. In the absence of this instruction,
the Item-Evaluator sometimes struggled to evaluate
the generated items, particularly when mathemati-
cal calculations contained errors. After incorporat-
ing an explicit instruction to verify mathematical
operations into the generation prompt, we found
that all generated items were successfully evaluated
and that the Item-Evaluator correctly identified the
keyed response in every case.

3.2.2 Item-Evaluation Agent

Generated items were evaluated using a 10-
criterion rubric adapted from established item-
writing guidelines (Haladyna et al., 2002; Breakall
et al., 2019; Gierl and Lai, 2016; Moore et al.,
2023). The evaluation rubric assessed 10 common
item-writing flaws, including content alignment,
stem clarity, correctness of the keyed response,
avoidance of extra information in the keyed re-
sponse, absence of all/none of the response options,
avoidance of absolute terms (e.g., all, always, every,
only), absence of verbal clues, distractor plausibil-
ity, absence of bias, and grammatical correctness.
In addition to these domain-agnostic evaluation cri-
teria, we included a domain-specific criterion for
evaluating the accuracy of mathematical operations,
as our initial prompt iterations suggested that the
Item-Evaluator had difficulty assessing the quality
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of questions involving mathematical calculations
(e.g., calculating the mean or sum of squares from a
given table). Finally, each item received an overall
quality rating of Accept, Minor Revision, Major
Revision, or Reject. Except for the overall quality
rating, each criterion (N = 11) was evaluated using
a binary scale indicating the presence or absence of
a flaw. Criteria were coded as 0 when no flaw was
identified and 1 when a flaw was present. The Item-
Evaluator summed the scores for each criterion,
with a total score of 0 indicating that the item satis-
fied all evaluation criteria. Items with a total score
greater than O were classified as requiring revision.
In addition to assigning scores, the Item-Evaluator
was instructed to provide concise, actionable, and
diagnostic feedback, identifying the specific flaws
detected and describing what needed to be changed
to address them. This feedback was then passed
to the Item-Revisor and used to guide the iterative
revision of the item. Thus, the evaluation process
served not only to determine whether an item met
the specified quality criteria but also to provide
targeted guidance for correcting identified issues.

3.2.3 Item-Revision Agent

After evaluation, the revision agent received the
evaluator’s feedback, structured scores for each cri-
terion, the original RAG context, and the current
question text. By addressing issues mentioned in
the evaluator’s feedback and preserving the topic
and intended question type provided to the gen-
erator, the revisor generated a revised version of
the item. The orchestrator continued the evaluate—
revise cycle for up to two revision rounds before
selecting the final version for inclusion in the ques-
tion bank.

3.3 Human Evaluation

To assess the quality of the automated evaluations,
both the original and final versions of the generated
items were independently reviewed by a human
subject-matter expert. The reviewer was the in-
structor responsible for teaching the graduate-level
statistics course and therefore possessed expertise
in both the course content and assessment devel-
opment. The expert evaluated each item using the
same rubric employed by the multi-agent system.
These ratings were subsequently compared with the
system-generated evaluations to determine the de-
gree of agreement between automated and human
judgments of item quality.

3.4 Data Analysis

To address RQ1, we compared the evaluations pro-
duced by the multi-agent system with evaluations
provided by a human expert. Agreement between
the Item-Evaluator and the human expert was ex-
amined at two levels: the individual evaluation-
criterion level, focusing on item-writing flaws (e.g.,
content alignment, distractor plausibility, or math-
ematical accuracy), and the overall item quality
rating (i.e., accept, revise, or reject).

To answer RQ?2, the effectiveness of the revision
process was assessed by comparing item-quality
ratings before and after revision. Descriptive statis-
tics were used to summarize changes in rubric
scores, frequencies of identified item-writing flaws,
and overall item ratings across revision cycles.

4 Results

4.1 Alignment between Human Expert and
Item Evaluator

Of the 60 generated items, the human expert rated
46 (77%) items as acceptable, 8 (13%) items as
requiring minor revision, and 6 (10%) items as re-
quiring major revision. Item Evaluator rated 39
(65%) items as acceptable, 14 (23%) items as re-
quiring minor revision, and 7 (12%) items as re-
quiring major revision. Neither the human expert
nor the evaluation agent assigned a reject rating to
any item.

When we compared the interrater reliability
between the human expert and Item Evaluator,
we found a percent agreement rate of 80% and
Quadratic Weighted Kappa (QWK) value of .68,
which indicated substantial agreement between the
human expert and the Item-Evaluator (Landis and
Koch, 1977).

We further examined the item-writing flaws iden-
tified by the human expert. The most common
reason for requiring revision was the inclusion of
extra information in the keyed response (n = 10),
followed by implausible distractors (n = 5), the
use of absolute terms (e.g., always, all, and only)
(n = 3), clues in the response options (n = 2), and
errors in the keyed response (n = 1).

Similar to the human expert, the Item-Evaluator
identified the extra information in the keyed re-
sponse as the most common reason items required
revision (n = 21). Additional issues identified
by the Item-Evaluator included the use of absolute
terms (n = 4), implausible distractors (n = 1),
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verbal clues (n = 1), mathematical inaccuracy
(n = 1), and errors in the keyed response (n = 1).

4.2 Effectiveness of Item Revisor for
Improving Item Quality

Of those 60 items generated, 21 (35%) items were
accepted as is without requiring any revisions. Dur-
ing the revision process, 10 (17%) items underwent
one revision cycle, whereas 29 (48%) items under-
went two revision cycles. Of these 29 items going
through the second revision process, 8 (13%) were
ultimately accepted by the orchestrator after satis-
fying all evaluation criteria. However, 21 (35%)
items still required revision after the second revi-
sion process.

We further analyzed the item-writing flaws iden-
tified during evaluation and examined whether the
Item-Revisor was able to improve item quality by
addressing these issues. Among the 18 items ac-
cepted after the first or second revision, the most
frequently addressed issue was extra information
in the keyed response (n = 14), followed by
mathematical accuracy (n = 7), issues with the
keyed response (n = 5), the use of absolute terms
(n = 3), verbal clues (n = 3), implausible distrac-
tors (n = 2), and stem issues (n = 1).

An analysis of the items that remained in
need of revision after two rounds of the evalua-
tion—feedback-revision cycle showed that the Item-
Revisor particularly struggled with items contain-
ing unnecessary information in the keyed response.
Specifically, unnecessary information in the keyed
response remained a persistent issue in 20 of the
21 items that required further revision. At the same
time, the generation—evaluation—feedback-revision
process showed that the Item-Revisor was capa-
ble of addressing other types of item-writing flaws,
including mathematical inaccuracies, implausible
distractors, verbal clues, absolute terms, and incor-
rect keyed responses. Further analysis of the items
involving unnecessary information in the keyed
response suggested that, in these cases, the Item-
Evaluator applied a more stringent standard than
the human expert, resulting in generated questions
being flagged for revision more frequently or more
severely than they would have been by the human
expert. This suggested that the Item-Evaluator was
more conservative than the human expert in evalu-
ating the quality of the generated items.

5 Discussion

This study investigated whether a centralized multi-
agent system can support the automated generation,
evaluation, and revision of graduate-level statistics
assessment items. The findings suggest that a struc-
tured multi-agent workflow can achieve substantial
alignment with human expert judgment while en-
abling iterative, partially automated improvement
of generated items. Furthermore, the findings high-
light important design considerations for LLM-
based assessment systems, particularly the need for
well-specified evaluation rubrics, a combination of
domain-agnostic and domain-specific criteria, and
sufficiently explicit agent instructions.

With respect to RQ1, the substantial agreement
between the Item-Evaluator and the human expert
suggests that LLM-based evaluation can approxi-
mate expert judgment when guided by a structured
rubric. Both identified overlapping item-writing
flaws, with extra information in the keyed response
emerging as the most frequently flagged issue for
each. This convergence indicates that explicitly
operationalizing item-writing principles within a
rubric helps LLM-based evaluators consistently
identify common sources of item-quality problems,
supporting rubric-constrained prompting as a way
of translating item-writing guidelines into system-
atically applicable criteria.

Effective automated evaluation, however, re-
quired more than generic criteria. General princi-
ples, such as avoiding verbal clues, absolute terms,
implausible distractors, and unnecessary informa-
tion, applied across subject areas, but other aspects
of quality required domain sensitivity. Mathemat-
ical accuracy was added as a domain-specific cri-
terion after initial trials revealed difficulty evalu-
ating items involving statistical calculations; its
inclusion let the evaluator explicitly check compu-
tational correctness rather than relying on general
principles alone. This highlights that evaluation
rubrics for LLM-based systems should combine
domain-agnostic item-writing criteria with criteria
specific to the subject area.

The comparison between the human expert
and Item-Evaluator also revealed that the Item-
Evaluator tended to be more conservative than the
human expert, flagging unnecessary information
in keyed responses substantially more often. This
indicates that strong agreement at the overall rat-
ing level does not guarantee agreement on which
specific flaws are present: the evaluator sometimes

288



relied on surface-level lexical or structural patterns,
such as response length or the presence of terms
like always or all, rather than contextual judgment,
which in turn routed some items through unneces-
sary revision cycles. This stresses the importance
of examining not just overall agreement but the
direction and source of disagreement between au-
tomated and human judgments.

The results for RQ2 demonstrate both the
promise and limits of LLM-based iterative revision.
Of the 39 items that went through the revision pro-
cess, 18 were accepted after one or two cycles, and
the Item-Revisor successfully addressed mathemat-
ical inaccuracies, implausible distractors, verbal
clues, absolute terms, and issues with keyed re-
sponses, indicating that revision is effective when
a flaw is explicit and feedback is directly action-
able. Extra information in keyed responses was the
clear exception, persisting in 20 of the 21 items
still needing revision after two cycles. Given the
evaluator’s conservative treatment of this criterion,
this points to an interaction between evaluation
and revision, a bottleneck in the feedback interface
rather than a limitation of revision alone. Because
the system capped revision at two cycles, future
research should examine whether additional cycles
improve resolution of such persistent issues.

These findings suggest that prompt and rubric de-
sign are central components of system design rather
than implementation details. Structured rubrics that
explicitly define each criterion, specify what consti-
tutes a flaw, and require actionable feedback create
a clearer interface between the Item-Evaluator and
Item-Revisor, reducing ambiguity and making revi-
sion more effective. In general, decomposing au-
tomated assessment development into specialized
agent roles allows each agent to perform a focused
function and creates an iterative quality-assurance
process, but the pipeline’s effectiveness depends on
how these components interact. That is, an overly
sensitive evaluator increases the number of items
routed for revision, while insufficiently specific
feedback limits what the revisor can address.

Overall, these findings also imply that treating
automated assessment development as a structured
process (i.e., generation, evaluation, diagnostic
feedback, and revision) that supports rather than
replaces expert involvement. Human expertise re-
mains essential for setting quality standards and in-
terpreting nuanced cases, while LLM-based agents
offer scalable mechanisms for generating candidate
items, systematically checking their quality against

predefined criteria, and performing targeted revi-
sions based on diagnostic feedback. Future work
should investigate how human oversight can be
strategically integrated into such workflows, partic-
ularly in cases where automated evaluators apply
more stringent standards than human experts.

6 Conclusion

This study presented a proof-of-concept multi-
agent framework for automated generation, evalua-
tion, and revision of assessment items. LLM-based
agents, organized into specialized roles and guided
by a formal rubric, achieved substantial agreement
with human expert judgments and supported mean-
ingful improvements in item quality through iter-
ative revision. Overall, centralized multi-agent ar-
chitectures show promise for scalable automated
assessment development, though their effectiveness
depends on careful design of rubrics, instructions,
and feedback mechanisms. Such systems are best
understood as decision-support tools that reduce
the burden of item development while preserving
human oversight for nuanced quality judgments.
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