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Abstract

We introduce an evidence-centered, argument-
based framework for validating Al-generated
assessment items. The framework organizes
three claims—content comparability, construct
validity, and psychometric functioning—with
assumptions and evidence. Applying the frame-
work to critical thinking assessments, we com-
pared Al-generated and human-authored items
and identified distinct mechanisms underlying
the validity of Al-generated items.

1 Introduction

Amid the increasing adoption of generative artifi-
cial intelligence (Al) in education, the human-in-
the-loop (HITL) strategy has been emphasized to
address the inherent limitations of AI (Chen et al.,
2023). While early HITL research has focused
on human roles in monitoring and refining Al-
generated output (Memarian and Doleck, 2024), re-
cent discussion has expanded to a human-centered
Al perspective (Shneiderman, 2022) that centers
human judgment and agency throughout the pro-
cess of designing, developing, and implementing
generative Al systems (von Davier and Burstein,
2024). Accordingly, proactive human monitoring,
verification, and responsible use are considered
essential throughout the development and use of
Al-generated educational content to ensure peda-
gogical appropriateness, validity, and ethical safety
(Kowal et al., 2025; Miao and Holmes, 2023).
Among various applications of Al in education,
automated item generation (AIG) is a prominent
area of interest in educational measurement re-
search (Graf et al., 2026; von Davier, 2018). In
prior studies on AIG, a rigorous HITL process, par-
ticularly through expert engagement, is regarded
as essential to support the reliability and validity
of Al-generated items (Attali et al., 2022; Kim
et al., 2025b; Kowal et al., 2025). Moreover, re-
cent studies perform psychometric analysis to in-
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vestigate whether Al-generated items can demon-
strate psychometric properties comparable to those
of human-authored items (HAIs) (Bhandari et al.,
2024; Shin et al., 2025). Collectively, many studies
continue to use expert judgment and psychometric
evaluation, either separately or in combination, as
primary sources of validity evidence.

However, given the argument-based view of va-
lidity by Kane (1992, 2001, 2013), the validity of
Al-generated items cannot be justified solely on
the basis of human judgments or psychometric in-
dicators. Rather, we argue that the validity of Al-
generated items should be established through an
integrated framework that demonstrates their struc-
tural, content-related, and functional comparabil-
ity to rigorously validated HAIs within a coherent
chain of claims and supporting evidence.

Therefore, using a critical thinking (CT) assess-
ment as a case study, we propose an evidence-
centered, argument-based framework for evalu-
ating the validity of AIG systems through com-
parison with HAIs. By integrating three claims,
their corresponding assumptions, and supporting
evidence, the framework examines whether Al-
generated items can provide sufficient validity ev-
idence prior to operational administration. More
specifically, the three claims address content com-
parability, construct validity, and psychometric
functioning, and are operationalized through com-
putational linguistic analysis, qualitative expert re-
view, and quantitative psychometric analyses.

2 Theoretical Background
2.1 Validity Argument

Validity is not an inherent property of a test, but
a dimension of interpretation constructed through
argumentation (Cook et al., 2015; Kane, 1992; Mes-
sick, 1989). Validation, in turn, is the process of
rigorously substantiating a specific decision by ar-
ticulating claims and assumptions, and supporting
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them through an empirical evidence-based verifica-
tion process (Kane, 2013).

Specifically, Cook et al. (2015) comprehensively
reviewed Kane’s works and emphasized that valida-
tion requires an evaluation of coherence and com-
pleteness within an interpretive framework. They
argued that the four steps of scoring, generaliza-
tion, extrapolation, and implications can be sub-
stantiated through the inference and interpretation
of various forms of evidence (Cook et al., 2015).

As a notable example of applying a validity ar-
gument, Jin et al. (2024) proposed a systematic val-
idation framework for science learning progression
(LP), evaluating whether LPs can coherently align
curriculum, instruction, and assessment. Jin et al.
(2024) organized three claims about the LP itself,
the student’s proficiency measured by the LP, and
the instructional use of the LP and the associated
test. Each claim was linked to explicit assumptions
and evaluated using theoretical rationales and em-
pirical evidence. During the validation process, Jin
et al. (2024) revealed limitations in discriminating
high-performing students, highlighting that valida-
tion is not a one-time confirmation but an iterative
process of refinement.

Likewise, the validation process extends beyond
simple evidence-based verification to include in-
tegrative interpretations within broader analytical
processes (Kane, 2001, 2013), and such an ap-
proach also provides opportunities to strengthen va-
lidity by identifying critical limitations and sources
of misalignment (Jin et al., 2024). This perspective
has important implications for AIG research, sug-
gesting that the validity of Al-generated items must
be established through an argument-based frame-
work, wherein intended interpretations and uses
are articulated as explicit claims and systematically
supported by empirical evidence.

2.2 Validity Research in AI-Driven Evaluation

Van Moere and Downey (2016) noted that exist-
ing validity arguments should be extended to ad-
dress Al-driven assessments while accounting for
the distinctive properties of Al. With the rapid ad-
vancement of generative Al, these concerns have
emerged as a major agenda in Al-based educational
evaluation systems (Hao et al., 2024).

Notably, Burstein et al. (2022) extended tradi-
tional validity frameworks into digital contexts by
proposing the digitally-informed chain of infer-
ences (DCI) model. The DCI builds on the six-step
inferential chain including digital-specific layers,

thus facilitating traditional extrapolation methods
to address novel questions that are particularly rele-
vant to Al-driven assessment (Burstein et al., 2022).

Similarly, Care and Maddox (2021) broadened
the scope of validity arguments by emphasizing the
importance of test-taker experience. They noted
that rigid standardization, while often framed as
a guardrail of fairness, may unintentionally intro-
duce construct-irrelevant variance and dispropor-
tionately disadvantage diverse learners, especially
those with disabilities (Care and Maddox, 2021).

Although applications of validity arguments to
AIG itself remain limited, prior studies collec-
tively suggest the importance of establishing valid-
ity while considering the distinctive characteristics
of generative Al. Rather than being established in
isolation, the validity of Al-generated items needs
to be examined in comparison with HAIs, particu-
larly as recent approaches increasingly incorporate
HITL and human—AlI collaboration to leverage the
complementary strengths of humans and Al (Kim
et al., 2025b; Kowal et al., 2025). Such compari-
son, in turn, should be conducted through a system-
atic argumentation process that articulates validity
claims and the evidence supporting them. There-
fore, building on prior research, this study aims
to broaden current discussions on the validity of
Al-based evaluations by comparing Al-generated
items to HAIS.

3 Elements of the Validity Framework

Drawing on the validity argument approach (Kane,
1992, 2013), this study conceptualizes a framework
for evaluating the validity of Al-generated items
through a sequential, cumulative, and integrated
examination of their comparability with HAIs, as
illustrated in Figure 1. The framework consists of
three main claims, each supported by correspond-
ing assumptions and evidence.

Claim 1: Al-generated items should demon-
strate content comparability. The first claim
concerns whether Al-generated items exhibit con-
tent characteristics sufficiently comparable to those
of HAIs. Leveraging rigorously validated HAIs
as a benchmark, we assume that Al-generated
items do not exhibit significant differences in lin-
guistic characteristics (Assumption 1) and seman-
tic properties (Assumption 2) relative to HAIs.
The assumptions can be evaluated through the
quantitative analysis of computational linguistic
indices (Evidence 1), semantic similarity measures
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m | (Linguistic Dimension) Surface textual features are comparable to those of human-authored item.

m | (Semantic Dimension) Content of item remains semantically aligned with the intended domain.

I -{ Quantitative analysis of surface features (e.g., Readability, Coh-Matrix, Syntactic Complexity, ...) | :

B '{ Semantic similarity measures (e.g., cosine similarity with embeddings)

‘ Statistical comparisons to examine differences and similarities across author types (e.g., t-tests, MANOVA, ...)

Cc2 Al-generated items should achieve construct validity.

m | (Construct Perspectives) Expert evaluations confirm theoretical coherence and adequate coverage of the target construct.

m | (Fairness Perspectives) Content of item should avoid systematic bias and fairness concerns that undermine construct validity.

.

Qualitative expert reviews of content mapped to the construct, complemented by structured evaluation (e.g., quality rating, ...) |
Expert qualitative evaluations of fairness, emphasizing the identification of cultural or linguistic bias |

Al-generated items should exhibit reliable psychometric functioning.

m | In pilot testing, items function stably and comparably to human-authored items, as evidenced by data analysis. |

- -‘ Quantitative analysis of item functioning through data-driven evaluation (e.g., psychometrics, learning gains, ...) ‘

-{ Computational psychometric analysis of response processes (e.g., process data, response times, clickstream behaviors, ...) ‘

Figure 1: Proposed evidence-centered, argument-based validity framework for AIG systems.

(Evidence 2), and statistical comparisons between
Al-generated items and HAIs (Evidence 3).

Claim 2: Al-generated items should achieve
construct validity. The second claim concerns
whether Al-generated items adequately represent
the target construct. We assume that subject mat-
ter experts can verify that the items adequately
represent the intended measurement construct
(Assumption 3) and do not introduce structural bi-
ases that threaten validity (Assumption 4). These
assumptions can be examined through expert re-
views on the construct validity (Evidence 4), to-
gether with structured qualitative evaluations of
potential sources of bias (Evidence 5).

Claim 3: Al-generated items should exhibit reli-
able psychometric functioning. For this claim,
we assume that Al-generated items exhibit reliable
psychometric properties and support interpretations
comparable to those of HAIs through pilot testing
(Assumption 5). This can be examined through
psychometric modeling, specifically within an item
response theory (IRT) framework (Evidence 6),
or by directly analyzing the cognitive test-taking
processes of examinees (Evidence 7).

Overall, the validity of Al-generated items can
be articulated through an evidence-centered argu-
ment that evaluates their characteristics and func-
tioning relative to rigorously developed HAIs. With
this framework, we seek to not only illuminate the
distinct attributes of Al-generated items but also

examine whether they can function as effectively
as validated HAIs.

4 Research Methods

4.1 Dataset

To illustrate the practical application of the pro-
posed framework, we analyzed CT assessment data
from Shin et al. (2025), where CT items were de-
veloped by both human experts and Al. The data
comprised 96 items administered to over 700 sixth-
grade students, demonstrating high psychometric
reliability. For this study, we selected a subset of
48 multiple-selection items (24 human-authored,
24 Al-generated), in which examinees judge each
of four statements and responses are scored poly-
tomously. Items were deliberately selected to have
four human-authored and four Al-generated items
in each of the six PACIER sub-skills, ensuring bal-
anced comparison across development sources. An
example CT assessment item is shown in Figure 2.

=
rdd red

Critical thinking is the process of actively analyzing, interpreting, and
evaluating information to reach a reasoned conclusion. It involves questioning

assumptions, assessing evidence, and identifying biases to make well-
informed decisions.

Read a lot of books.

Askif the source of i s reliabl

Use social media

Figure 2: An illustrative example of a CT item.
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Table 1: Description of computational linguistic and semantic indices with their computation methods.

Feature

Description

Root Type—Token Ratio (RTTR)

Average Sentence Length (ASL)
Maximum Dependency Depth
(MDP)

Lexical Density

Dale—Chall Index

Flesch—Kincaid Grade Level
(FKGL)

Sentiment Score

Semantic Similarity

Lexical diversity measured as the number of distinct word types divided by the square
root of the total number of tokens (Guiraud, 1960), particularly useful for short texts.
Higher values indicate greater lexical diversity.

Average number of words per sentence (Kincaid et al., 1975). Higher values indicate
longer sentences.

Maximum depth of syntactic dependency trees, reflecting syntactic
complexity (Montani et al., 2023). Higher values indicate more complex structures.

Proportion of content words in a text (Biber, 1988). Higher values indicate denser
informational content.

Readability measure based on the proportion of unfamiliar words and average sentence
length (Chall and Dale, 1995). Higher scores correspond to greater reading difficulty
and to higher grade-level bands.

Readability index expressed as required grade level for comprehension (Kincaid et al.,
1975). Higher values indicate greater reading difficulty.

Overall sentiment polarity score ranging from —1 (negative) to +1 (positive),
computed using the VADER sentiment analyzer (Hutto and Gilbert, 2014).

Cosine similarity between sentence embeddings calculated using al1-MinilM-L6-v2
model, based on the Sentence-BERT framework, with higher values indicating greater
semantic alignment (Reimers and Gurevych, 2019).

Each item consisted of a passage, a question, and
four statements. Students were required to read the
passage and question and then apply their CT skills
to determine which statement represented the most
appropriate response. As the questions and options
are consistent across all items, only the passages
and statements were included in the analyses.

4.2 Linguistic and Semantic Feature Analysis

To systematically collect empirical evidence for
Claim 1, we computed the linguistic features of all
items. Building on prior research that employed
linguistic and semantic properties as criteria for
evaluating the quality of Al-generated items (Kim
et al., 2025b), we selected indicators that capture
surface-level linguistic structure and readability,
semantic aspects of content, and affective charac-
teristics. The descriptions of selected features are
summarized in Table 1.

Furthermore, statistical analyses were conducted
to compare these features with those of HAIs. Be-
cause linguistic features often exhibit non-normal
distributions and the number of items per group
was small, we employed the non-parametric two-
sample Kolmogorov—Smirnov (K-S) test which
provides a robust evaluation of group differences,
making it particularly suitable for linguistic fea-
tures that often exhibit non-normal distributions
(Massey, 1951).

4.3 Human Expert Review

To establish empirical grounding for Claim 2, we
conducted a rigorous qualitative evaluation involv-
ing two experts in CT. Consistent with prior re-
search emphasizing the importance of expert in-
volvement in AIG (von Davier and Burstein, 2024),
we requested experts to independently review the
Al-generated items using a structured rubric com-
prising three criteria adapted from Kim et al.
(2025a): (i) alignment with the intended PACIER
sub-skills, (ii) linguistic and content-related issues
that could threaten construct validity, and (iii) po-
tential cultural or linguistic biases that might un-
dermine test fairness.

4.4 Item Parameter Estimation

In order to evaluate Claim 3, we analyzed pilot-test
data with IRT models focusing on estimating item
discrimination parameters. A concurrent calibra-
tion (von Davier and von Davier, 2007) was con-
ducted for all 96 items using the Generalized Partial
Credit Model (Muraki, 1992) placing Al-generated
items and HAIs on a common scale and thereby en-
abling direct comparison of item parameters across
the two development sources. Although our analy-
sis focused on a subset of items (48 among the 96
items), scale comparability was ensured through
concurrent calibration of the full item set.
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4.5 Mixed-Effects Linear Modeling

To integrate the validity evidence gathered from
the content (Claim 1) and psychometric (Claim 3)
analyses, we employed generalized mixed-effects
linear models (Rabe-Hesketh et al., 2004) to ex-
amine how linguistic features of item content con-
tribute to item discrimination. The 48 items were
balanced across the six sub-skills of the PACIER
framework (8 items per sub-skill) (Shin et al.,
2025). As a baseline model, we specified author
type (human vs. Al) as a fixed effect and PACIER
sub-skills as a random intercept to account for do-
main clustering. We then estimated the intraclass
correlation coefficient (ICC) (Shrout and Fleiss,
1979), which provides an estimate of the propor-
tion of variance in item discrimination attributable
to differences among PACIER.

Next, we specified a more comprehensive multi-
level model as a main model in which item dis-
crimination was regressed on author type, a set
of linguistic predictors, and their interactions with
author type, while still accounting for PACIER
domain as a random effect. This specification en-
ables us to evaluate the main effects of linguistic
characteristics of item content and whether their as-
sociations with discrimination varied across author
types. This main model is given in Equation 1.

K

Disci; = fo + B1di + > _ BiXin
k=1

ey

K

+ Z BI(CA)(Az' X Xik) + uoj + €ij
k=1

where Disc;; denotes the discrimination parameter
of item 7 in PACIER domain j, A; indicates author
type (0 = Al, 1 = Human), and X, represents the
k-th linguistic feature. The coefficients 5y, 51, Bk,
and 6,(:1) denote the intercept, the main effect of
author type, the fixed effects of linguistic features,
and their interactions with author type, respectively.
Random intercepts for each PACIER domain are
denoted by ug;, and residual errors by &;;.

5 Results

5.1 Linguistic and Semantic Feature Analysis

To examine Claim 1, we compared the linguistic
features of Al-generated items and HAIs. First,
as summarized in Table 2, the K-S test results
revealed statistically significant differences at the
passage level in RTTR, MDP, and lexical density.

A similar pattern was observed in the statements
that Al-generated statements differed significantly
in RTTR, ASL, MDP, and lexical density.

Table 2: Results of K-S tests for linguistic features com-
paring HAIs (N=24) and Al-generated items (/N=24).

Level Feature D P Sig.

Passage ~ RTTR 0.6250 < .0001 ##*
ASL 0.2917  0.2469
MDP 0.4167 0.0129 *
Lexical Density 0.4583 0.0114 *
Dale—Chall Index  0.3333  0.1332
FKGL 0.1667 0.8525
Sentiment Score 0.3750 0.0638
Semantic Similarity 0.3333  0.1398

Statement RTTR 0.7917 < .0001 *%**
ASL 0.7500 < .0001 ***
MDP 0.5417 0.0005  #**
Lexical Density 0.4167 0.0299 *
Dale—Chall Index  0.2500 0.4490
FKGL 0.2917 0.2599
Sentiment Score 0.2917 0.2628
Semantic Similarity 0.2500  0.4490

Note. % p < .001; % p < .01;*p < .05;. p < .10.

Subsequent analysis focused on comparing the
values of linguistic features that exhibited statisti-
cally significant differences, as reported in Table 3.

Table 3: Descriptive statistics of linguistic features
showing significant differences by author type.

Level Feature Group M SD Min Max

RTTR Al 599 0.81 425 7.18
Human 5.01 092 333 6.87
MDP Al 6.79 1.72 4.00 12.00
Human 5.71 1.78 4.00 12.00
Lexical Density Al 0.50 0.05 041 0.58
Human 046 0.06 0.35 0.62

Statement RTTR Al 3.59 026 295 397

Human 293 032 245 3.61

ASL Al 14.04 224 8.75 17.50
Human 9.51 223 6.50 14.75

MDP Al 455 0.80 3.00 6.50
Human 3.69 0.76 2.50 5.50

Lexical Density Al 0.56 0.06 040 0.69
Human 0.53 0.09 0.38 0.70

Passage

Assumption 1 was only partially supported: the
results indicate that Al-generated items are not dis-
tributionally identical to HAIs across several lin-
guistic indices, showing higher lexical diversity,
longer sentences with complex grammatical struc-
ture, and higher lexical density. In contrast, As-
sumption 2 was supported, as no statistically sig-
nificant differences were found in semantic similar-
ity or readability indices.

Overall, for Claim 1, the results indicate that Al-
generated items exhibit stylistic differences from
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HAIs while maintaining comparable semantic con-
tent and grade-level readability. Thus, these fea-
tures should be viewed as structured stylistic ten-
dencies of Al-generated outputs, warranting further
evaluation as the argument progresses.

5.2 Construct Validity Review by Experts

Two subject matter experts in CT education evalu-
ated the Al-generated items based on the criteria of
Claim 2. While the expert review identified several
concerns, the reviewers concluded that the items
were suitable for use without substantial revision.

First, regarding Assumption 3, experts noted
that while the items generally mapped to the tar-
get construct, certain items sometimes exhibited
syntactic complexity that may exceed the intended
grade level. However, consistent with the findings
of Claim 1, these were interpreted as acceptable
stylistic tendencies rather than severe failures in
construct representation.

Second, with respect to Assumption 4, the re-
view confirmed that the majority of items were
free from critical bias or fairness concerns. Even
though experts noted that some passages tended to
emphasize a single perspective, this was deemed ac-
ceptable in the context of assessing CT, where the
focus lies on the critical and evaluative analysis of
the provided information. Overall, all Al-generated
items were found to adequately represent the in-
tended construct, thus supporting Claim 2. Note
that because the HAIs had been validated through
prior expert review and pilot testing (Shin et al.,
2025), Claim 2 in this case study rests on expert
judgment of the Al-generated items against that
established benchmark rather than on a parallel
within-study review.

5.3 Examining Item Functioning through
Empirical Data Analysis

For the examination of Claim 3, we fit a series of
mixed-effects linear models incorporating interac-
tions between author type and linguistic features.
To ensure model stability, several features were ex-
cluded due to multicollinearity (ASL for passage
and statements; MDP for statements).

We first analyzed a baseline model with author
type as the sole predictor and PACIER domain as a
random intercept. The low ICC (.093) and insignif-
icant fixed-effect of author type (b = —0.128,p =
.080) were identified, suggesting that author type
does not sufficiently explain variance in item dis-
crimination parameters regardless of PACIER sub-

skills. Given the small number of items, this result
indicates no detected difference in mean discrimi-
nation across author types.

We further analyzed the main model including
interactions with linguistic features. The PACIER
random-intercept variance was essentially zero, and
the model effectively reduced to a fixed-effects
model. Regarding fixed effects, the set of predic-
tors explained substantial variance (R?> = .73),
suggesting that the interaction between linguistic
properties and author type is a significant predictor
of item discrimination.

As shown in Table 4, the main interaction model
revealed that while both author types achieved sim-
ilar discrimination levels, they relied on distinct
mechanisms. For Al-generated items, higher lexi-
cal density (b = 0.138, p = .008) and Dale—Chall
scores (b = 0.093, p = .043) were associated with
greater item discrimination. In contrast, these re-
lationships were inverted in HAIs, particularly re-
garding lexical density (b = —0.191, p = .007) at
the passage level. This divergence suggests that lin-
guistic characteristics are associated with item dis-
crimination in different ways across author types.

These findings provide support for Claim 3
and Assumption 5 by showing that even when
Al-generated items diverge from human stylis-
tic norms, they exhibit psychometric performance
comparable to that of HAIs while exhibiting dis-
tinct linguistic—psychometric relationships. Over-
all, whereas the evidence for Claim 1 and Claim 2
alone would be insufficient to support the validity
of Al-generated items, the evidence for Claim 3
complements it by addressing their psychometric
functioning.

6 Discussion

6.1 Key Findings and Implications

As Woodworth and Solas (2026) argued, the use
of Al-generated items is fundamentally a measure-
ment problem rather than merely a technological
one. Despite this perspective, prior research on
AIG has largely relied on fragmented sources of
validity evidence such as expert judgments or psy-
chometric performance. While informative, these
indicators risk treating a limited set of “measurable
signals” (Woodworth and Solas, 2026) as sufficient
evidence of validity and may not, on their own,
provide sufficient justification for the intended in-
terpretations and uses of Al-generated items.
Alternatively, this study framed the comprehen-
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Table 4: Fixed effects estimates from the mixed-effects main model of item discrimination.

Predictor Estimate Std. Error t p Sig.
(Intercept) 0.667 0.065 10.29 < .001 #*=*
Human (vs. Al) -0.083 0.098 -0.84 405
RTTR 0.002 0.077 0.02 982
MDP 0.037 0.062 0.61 .548
Lexical Density 0.138 0.050 2.76 .008  **
Dale—Chall 0.112 0.066 1.69 .098
FKGL -0.050 0.057 -0.88 384
Sentiment Score -0.067 0.031 -2.20 032 *
Semantic Sim. (passage—statements) -0.100 0.050 -1.99 .053
RTTR (statement) -0.025 0.065 -0.39 701
Lexical Density (statement) -0.005 0.055 -0.10 923
Dale—Chall (statement) 0.093 0.045 2.08 043 *
FKGL (statement) 0.003 0.076  0.04 969
Sentiment Score (statement) 0.031 0.036  0.87 .390
Semantic Sim. (statement) -0.077 0.055 -1.41 .166
Human x RTTR (passage) -0.019 0.096 -0.20 .843
Human x MDP (passage) 0.019 0.079 0.24 815
Human x Lexical Density (passage) -0.191 0.068 -2.82 007 **
Human x Dale—Chall (passage) -0.070 0.076 -0.93 359
Human x FKGL (passage) -0.121 0.079 -1.54 131
Human x Sentiment Score (passage) 0.074 0.063 1.18 244
Human x Semantic Sim. (passage—statements) 0.060 0.065 0.93 .360
Human x RTTR (statement) 0.054 0.093  0.58 .566
Human X Lexical Density (statement) 0.038 0.067 0.57 574
Human x Dale—Chall (statement) -0.147 0.073 -2.01 .050
Human x FKGL (statement) 0.148 0.092  1.60 117
Human x Sentiment Score (statement) 0.002 0.063 0.04 972
Human x Semantic Sim. (statement) 0.116 0.066 1.76 .086

Note. ##* p < .001; ** p < .01; * p < .05;.p < .10

sive validation of AIG systems as an argumentation
process and introduced an evidence-centered valid-
ity framework that evaluates Al-generated items
in relation to so-called gold-standard HAIs. With
the framework, we examined whether Al-generated
items can establish sufficient validity evidence prior
to operational administration by integrating compu-
tational linguistic evidence, subject matter expert
judgments, and psychometric functioning indices
derived from pilot-test data.

The application of this framework led to two key
conclusions. First, Al-generated items exhibited
linguistic characteristics that differed from those of
HAIs. Although these linguistic differences might
have altered the test-taking experience, they did not
result in semantic divergence or introduce psycho-
metric instability into item performance. Specif-
ically, Al-generated items showed greater lexical
diversity, linguistic complexity, and lexical den-
sity, with lexical density positively associated with
item discrimination. In contrast, this positive as-
sociation was not observed for HAIs, suggesting
that Al-generated items may achieve comparable
psychometric functioning through different linguis-

tic—psychometric association patterns. One impli-
cation is that automated item parameter prediction
models trained on HAI pools may not transfer di-
rectly to Al-generated pools, which warrants in-
vestigation in future research. Relatedly, features
such as lexical density that are associated with item
discrimination could be treated as design targets
during generation rather than as characteristics to
be filtered out afterward.

Second, our findings underscore the need to
integrate multiple sources of validity evidence.
Although experts identified distinctive stylistic
tendencies and construct-related concerns in Al-
generated items, these characteristics were not nec-
essarily indicators of poor item quality, but were
associated with effective psychometric functioning.
This further suggests that systematic comparisons
with HAIs may provide a more informative basis
for establishing the validity of AIG systems.

In summary, rather than claiming that Al-
generated items are or can be valid, this study
addresses the fundamental question of how their
validity can be established, offering a rigorous
methodological framework for accumulating and
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integrating diverse validity evidence. From this
perspective, the validation of AIG systems must
move beyond superficial concerns regarding how
closely Al-generated items resemble traditionally
validated HAISs, or how extensively human experts
intervene in their generation pipeline. Instead, the
focus should be directed toward whether the re-
sulting items substantively support the intended
interpretations and operational uses of assessment
scores, thus strengthening the validity of AIG.
Overall, our findings suggest that establishing
the validity of Al-generated items through the
systematic accumulation and integration of evi-
dence represents an important step toward human-
centered Al, where human expertise is not merely
controlling Al outputs, but critically evaluating and
arguing their meanings in educational assessment.

6.2 Limitations and Future Directions

Despite the implications of this study, several lim-
itations should be acknowledged. First, the small
number of items restricts the extent to which the
findings can be generalized. Although nonpara-
metric methods were used to avoid distributional
assumptions, the small item pool limits statistical
power for group comparisons and means that the
main mixed-effects model should be regarded as
exploratory. Further validation of the framework
across assessment domains with larger item pools
would strengthen the evidence for each claim.

Additionally, evidence for Claim 2 in this
case study was qualitative and limited to the Al-
generated items, with the HAIs serving as a previ-
ously validated benchmark. Quantitative construct
validity evidence across author types would provide
stronger support for the construct and psychomet-
ric claims. In this regard, future work should also
examine other components of the framework not
addressed in this case study, including extrapola-
tion inferences and analyses using computational
psychometrics.

Furthermore, because the proposed framework
is applied to CT assessments as an illustrative case
study, it does not prescribe universal quantitative
thresholds, selection criteria, or rigid decision rules
for retaining or excluding Al-generated items. Con-
sequently, it would be interesting to further in-
vestigate how these proposed evidence-centered,
argument-based evaluations can be translated into
practical, domain-specific decision-making criteria
for operational assessment contexts across diverse
measurement constructs.

Similarly, our framework can be examined
across a broader range of measurement and evalu-
ation contexts. As Kane (1992, 2001, 2013) sug-
gested, the structure and supporting evidence of a
validity argument depend on the specific interpre-
tive and use claims being made. Therefore, future
research should explore how the framework can be
adapted to incorporate context-specific claims and
evidence, particularly regarding downstream issues
such as fairness, consequential validity, and opera-
tional performance in large-scale assessments.

Ultimately, the contribution of this study lies
in making the validation of AIG items and sys-
tems more actionable, shifting the focus from frag-
mented sources of validity evidence to their step-
wise integration within a coherent validity argu-
ment. We hope that the proposed framework will
continue to be refined, extended, and advanced,
while fostering both theoretical and practical efforts
to establish evidence-centered validity in Al-based
educational measurement and evaluation.
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