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Abstract
As a core 21st-century skill, critical thinking (CT) has garnered increasing attention in today’s information society.
Although growing interest has led to the development of various CT assessments and frameworks, research on
leveraging large language models (LLMs) for the automatic generation and validation of CT items remains limited.
To address this gap, this study examines AI-generated CT items developed based on MACAT’s PACIER framework.
We employed a human-in-the-loop evaluation approach, in which a human expert and four LLMs independently
rated each item on a three-point quality scale and conducted qualitative reviews to identify item-level issues. The
results demonstrate marked differences between the human and LLM evaluations. The human reviewer delivered
more discerning and variable evaluations, whereas the LLMs exhibited greater uniformity and consistency, but
tended to be permissive and generous in their judgments. Notably, the human expert identified subtle flaws that
the LLMs failed to detect, such as imprecise terminology, overly suggestive answer choices, and culturally biased
content, all of which pose threats to the validity of the assessment. These insights affirm the essential role of
human engagement in validating and optimizing the automatic item generation (AIG) process for complex latent
constructs such as CT.
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1. Introduction

In the rapid and continuous evolution of the information society, critical thinking (CT) has emerged
as an essential skill to effectively navigate and interpret the vast amount of information encountered
in daily life. Rather than passively consuming information, recent educational research underscores
the importance for young adults to critically analyze and evaluate the knowledge through structured
reflection and reasoning processes [1]. This emphasis has placed CT as a core competency of the
21st century [2], prompting extensive scholarly research into its effective cultivation [3, 4] and robust
assessment methods and practices [5, 6].

CT skills involve awareness of underlying assumptions, an understanding that what appears intuitive
may, in fact, be the opposite, and a recognition that conflicting assumptions require deeper reasoning
based on logical principles [7]. These skills require reflective and analytical thinking, the evaluation
of the credibility of information, and the ability to make sound inferential judgments [8]. In this
regard, CT goes beyond rote memorization or simple reading comprehension and is essential for sound
decision-making. However, CT is inherently difficult to evaluate and measure due to its nature as a
latent competency. Consequently, the growing interest in CT has driven extensive educational research,
along with concerted efforts to develop valid and reliable approaches to assess CT [9].

Recent advances in artificial intelligence (AI) and large language models (LLMs), offer promising
avenues for automating the generation and development of assessment items [10], especially those that
target complex cognitive competencies. In fact, a growing body of notable research has emerged that
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applies AI-driven methodologies within the domain of educational evaluation [11]. These include auto-
mated scoring systems [12, 13, 14], automatic short answer grading [15], assessment of the complexity
and quality of automatically generated questions [16], automatic item generation (AIG) [10, 17], and
automated translation of items for international large-scale assessments [18]. Collectively, these studies
illustrate the expanding role of AI and LLMs in scaling and refining educational assessment, while also
raising important considerations concerning the validity of their applications.

Traditionally, the validation of assessment items has depended heavily on expert judgment, guided
by rigorous standards established by professional testing organizations. Although these expert-led
procedures play a crucial role in ensuring the validity of the construct and the reliable assessment
[19], they require substantial time and resources, especially in large-scale testing environments. In
response, there has been growing interest in hybrid models that combine AIG with systematic human
review as a way to improve efficiency while ensuring the validity of the assessment. A notable example
is Duolingo’s Item Factory, which demonstrates how such an approach can effectively achieve both
scalability and psychometric rigor through human-AI collaboration [20].

Despite these advancements, ensuring the validity and psychometric soundness of AI-generated
items remains a challenge [21], particularly when assessing complex and latent competencies such as
CT. In addition, there remains a gap in research that explicitly examines whether LLMs can enable
automated assessment by identifying items that capture the multifaceted nature of CT and emulate
the rigor of human expert judgment to ensure a valid evaluation. Therefore, this study examines
both quantitative and qualitative differences between human- and LLM-based review on AI-generated
CT assessment items, in order to obtain insights that can inform the development of more valid
and collaborative human–AI frameworks for AIG. Consequently, this study aims to comprehensively
examine the following research questions.

1. What quantitative differences emerge between human and LLM evaluations of AI-generated
items?

2. From a qualitative point of view, are there aspects of human feedback that LLMs tend to overlook
or fail to capture on AI-generated items?

By addressing these research questions, this study aims to identify key factors that impede the
validity of items that are generated by LLMs within the context of AIG, and to offer practical insights
for enhancing the quality and validity of AIG applications.

2. Experimental Methodology

2.1. PACIER Framework

The CT items analyzed in this research are derived from MACAT’s CT assessment solutions. MACAT
specializes in developing CT learning materials and evaluating CT skills through sophisticated assess-
ment frameworks and educational resources [22]. MACAT has developed the PACIER framework that
encompasses six key sub-domains of CT: Problem solving, Analysis, Creative thinking, Interpretation,
Evaluation, and Reasoning [23]. In the item development process, MACAT has employed LLM-based
AIG to develop CT assessment items, and these items underwent rigorous human expert reviews prior
to administration [24]. Recent research performed psychometric analyses of the data from the pilot
study, demonstrating that these AIG items functioned properly and provided empirical support for their
construct validity and measurement reliability [25].

2.2. Data

The items analyzed in this study consist of multiple-choice questions (MCQs) that were designed to
assess CT competencies among 7th and 8th grade students. A total of 18 AI-generated MCQs were
selected, comprising 3 items for each of the 6 domains defined by the PACIER framework. Each item
consists of a passage and a corresponding question, followed by multiple-choice options designed to



Figure 1: An example of a CT assessment item. Figure 2: The item review tool interface.

evaluate the relevance of each statement. Although standard assessments typically employ 4 statement
options per MCQ, the items in this study were deliberately generated with 10 statement options to
facilitate more flexible and rigorous quality review and analysis. A representative example and structure
of these CT assessment items is shown in Figure 1.

2.3. Review Method

A subject matter expert in CT conducted a structured evaluation of the 18 items. For this study, a
custom-built item review platform, as illustrated in Figure 2, was developed to facilitate systematic
expert review. The human reviewer used the platform to review each component of the items (passage,
question, and statement options), using a three-point scale rating system. The items were assessed
according to their suitability for effective CT evaluation, according to the following scale.

• Dissatisfied: Items fundamentally flawed or inappropriate for use in CT assessments, necessitat-
ing immediate exclusion.

• Neutral: Items that require modification to improve clarity, relevance, or appropriate difficulty.
• Satisfied: Items suitable for immediate implementation or minor revisions only.

In addition to the ratings, the expert was asked to provide detailed qualitative feedback on the
components of individual items. For items rated as neutral (score 2) or satisfied (score 3), the reviewer
was additionally asked to offer concrete revision suggestions to guide subsequent improvement of the
components. For items rated as Dissatisfied (score 1), reviewer was only asked to provide evaluative
feedback, without specific suggestions for revision.

Concurrently, four distinct OpenAI’s language models (GPT-4o, GPT-4.5-preview, o1-mini, and o3-
mini) independently reviewed the same items leveraging a LLM-as-a-judge approach [26]. Although
LLM as a judge has shown close alignment with human judgments in a variety of tasks, particularly with
minimal tuning or refinement [27, 28], its effectiveness in evaluating complex cognitive processes or
assessing the quality of AIG targeting higher-order skills remains limited. Furthermore, to ensure that
both human and LLM reviewers perform independent evaluations based on identical criteria, all LLMs
were provided with the same evaluation guidelines as those given to a human expert, implemented in
the form of the standard prompt illustrated in Figure A.1 of Appendix A.

For the LLM review, we used the OpenAI API via the developer platform, setting the temperature
parameter to 0 and fixing the seed to ensure the reproducibility and consistency of the results. Moreover,
the prompts were designed to reflect the same context and information provided to human reviewers,
thus multiple prompt variations were not explored. The purpose of this approach was to investigate
how the LLM would generate reviews based solely on the context and information similar to that given
to human experts. In other words, this study prioritized aligning the experimental conditions as closely
as possible with those of the human reviewers.



Figure 3: Comparison of rating results across item components. Error bands represent the standard deviation
from the mean score.

Figure 4: Distribution of rating percentages for MC item reviews across four item components. Each bar
represents the proportion of responses in each rating category.

3. Results

3.1. Quantitative Comparison of Quality Ratings

An examination of review results across reviewers on 18 MCQs, as shown in Figure 3, highlights marked
differences in rating consistency. The human reviewer exhibited the highest variability across all review
areas. For Overall Quality, the human’s standard deviation (SD = 0.65) exceeded that of GPT-4.5-
preview (SD = 0.50) and o3-mini (SD = 0.39). A similar pattern is observed for Passage ratings, where
the human’s variability peaked (SD = 0.70), compared to GPT-4o (SD = 0.49) and GPT-4.5-preview
(SD = 0.43). The human reviewer assigned scores more strictly and variably, whereas certain LLMs,
particularly o3-mini, exhibited near-zero variance in specific components. For example, in the Choices
component, o3-mini recorded a zero standard deviation (SD = 0).

In addition, the results indicate that LLMs tended to assign consistently favorable scores with relatively
low dispersion. In contrast, the human rater applied the scale more flexibly and made near-exclusive use
of theminimum score 1, which corresponds toDissatisfied. This rating was rarely, if ever, assigned by any
LLM, a pattern that is clearly evident in Figure 4. The human expert’s scoring behavior suggests greater
sensitivity to qualitative distinctions and a stronger willingness to penalize perceived deficiencies.

Figure 4 shows that rating distributions for MCQs varied markedly across evaluators. LLMs exhibited
highly uniform scoring patterns across MCQs, with ratings predominantly clustered in the Satisfied
category and infrequent use of lower categories such as Dissatisfied. From the perspective of human
rater behavior, this pattern may reflect a form of leniency bias [29]. However, the human reviewer
made fuller use of the rating scale, including multiple instances of the lowest score (11% in several
components), indicating a more discriminating position that may better capture subtle variations in the
quality of the items. Although systematic leniency and low dispersion observed in LLM evaluations may
benefit consistency, these advantages come at the cost of reduced sensitivity. Therefore, integrating
human expert review, alongside the examination of detailed qualitative comments, may facilitate the
more nuanced and construct-aligned AIG system.



3.2. Analysis on Qualitative Feedback by Human

A qualitative analysis was conducted to gain deeper insight into the human expert’s evaluation of the
AIG items. Based on the expert’s feedback, we identified three key thematic categories, summarized in
Table 1. The expert provided detailed comments revealing factors that can undermine the validity of
the assessment that are often overlooked by LLM reviews.

Table 1
Thematic categorization of human expert’s feedback on AI-generated CT assessment items.

[1] Terminology that undermines test validity
– “(...) is a difficult formulation for not-so-strong readers.”

– “(...) is unnecessarily vague scientific jargon.”

– “The term (...) might be too technical for many students and may lead to incorrect interpretations.”

[2] Item content that reduces discriminative validity
– “Too simple and easy to see the answer.”

– “Answer appears verbatim in the passage.”

– “Item is too simple; the answer is too easy to infer.”

[3] Cultural bias that compromises item fairness
– “(...) portrayed in a one-sided positive light.”

– “The concept of the (...) varies by culture and perspective.”

– “(...) might be ideal in some contexts, while (...) may carry a clearer negative connotation.”

These thematic categories reveal several qualitative limitations in AIG based on LLM. First, the expert
identified instances of terminology that undermines test validity, noting that vague or overly technical
language can obscure item clarity and compromise construct validity. LLMs frequently overlooked such
subtleties and reduced their judgments to simplistic difficulty labels such as ‘easy’ or ‘hard’.

In addition, the expert pointed to the content of the item that reduces discriminative validity, including
unintentional clues and obvious answer choices. Such issues were considered to potentially weaken the
clarity of the item and reduce the diagnostic value of CT evaluation.

Furthermore, cultural bias that compromises item fairness emerged as a pertinent concern. The
human reviewer highlighted items that embedded ethnocentric assumptions or failed to reflect diverse
sociocultural contexts, raising potential concerns about equity and cross-cultural validity.

Taken together, these findings highlight the continued importance of expert human review in
detecting nuanced flaws that current LLMs may fail to recognize. Although the generous tendencies of
LLMs have been previously reported in automated scoring [30] research and question evaluation [31]
research, it is noteworthy that this study identifies specific threats to validity that are often overlooked
as a result of such tendencies, as well as key considerations that should be addressed in the application
of AIG. As AIG becomes more integrated into the development of various assessments, incorporating
human-in-the-loop mechanisms will be critical to safeguarding item validity and test reliability [21].
In the end, in the context of LLM-powered AIG, it is essential that factors compromising validity be
systematically incorporated into the item generation and self-review mechanisms of LLMs.

4. Conclusion & Discussion

4.1. Conclusion

This study compared the evaluation of AI-generated CT items by the human expert and four LLMs acting
as reviewers. Through both quantitative and qualitative reviews, the findings indicated that, while
LLMs demonstrated a high degree of internal consistency in their reviews, their critiques frequently
lacked depth and were often overly generous, failing to detect subtle factors that could compromise the



validity of the items. In contrast, the human expert provided more discerning critiques, identifying
pivotal issues that could compromise the validity of the item.

Consequently, discernible discrepancies observed between human and LLM reviewers underscore
the necessity of systematic and ongoing human involvement to ensure the validity of items generated
through AIG, especially when applied to measuring higher-order competencies such as CT. In this
regard, human evaluators would play an indispensable role in proactively identifying and addressing
potential threats to item validity throughout the AIG process. Accordingly, this study offers guidance
by articulating essential considerations that should be provided to human reviewers or incorporated
into AIG prompting, thereby informing future implementations and advancing research in AIG.

4.2. Discussion

One of the main implications of this study lies in identifying key considerations for the actual imple-
mentation of LLM-powered AIG. Although human involvement remains indispensable, strategically
optimizing human participation can enable maximal validation with minimal involvement. In fact,
leveraging the data collected in this study may offer a valuable pathway toward more efficient item
review. In particular, quantitative evaluations and direct revision suggestions from the human expert
provide feedback data for reinforcement learning from human feedback [32]. In addition, qualitative
feedback on nuanced issues can guide prompt optimization [33]. These insights may support the refine-
ment of LLM behavior and the development of more effective human-AI collaboration in educational
assessment practices [21]. These findings would also be adopted beyond CT, suggesting a broader
applicability of LLM-based AIG when evaluating various higher-order thinking skills. In this regard,
this research sets the stage for future investigations aimed at refining interactions between humans and
AI, thereby enhancing the validity of AI-generated items in various domains.

However, this research has several limitations that should be addressed in future studies. First, due
to practical constraints, this study involved only one human reviewer, which limits the generalizability
of the review process and raises concerns about potential bias resulting from the individual rater’s
severity. Future research should include multiple human reviewers to thoroughly examine inter-rater
agreement and evaluation consistency.

Second, this study did not involve advanced fine-tuning of the LLMs to better detect validity-
threatening factors, nor did it employ repeated measures to verify the consistency of review ratings.
Consequently, future studies should systematically explore adjustments of LLMs’ various parameters
and diverse prompt design strategies to clearly define and refine the role of LLMs as item reviewers.

Lastly, the amount of review data utilized in this study is insufficient to fully support the research
findings, which poses a limitation. Although the findings of this preliminary experiment are exploratory
in nature, future studies should secure a larger volume of data and involve multiple experts who review
a diverse set of items to improve the reliability of the results. Furthermore, it is necessary to verify
whether the instructions provided to LLM reviewers can consistently produce reliable evaluation results
for various types of items.

Despite these limitations, this study identified key considerations necessary for applying AIG to the
assessment of higher-order skills. By addressing the aforementioned findings and implications, future
research could further enhance the effectiveness of LLMs and contribute to the development of valid
assessments in the field of automated evaluation.
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A. Detailed Prompts for LLMs’ Item Review

The prompt given to the LLM is shown in Figure A.1. In addition to the content of the prompt, the
model was instructed to structure the review output in a CSV format.

Figure A.1: Prompts provided with detailed instructions and context for LLMs’ item review.
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